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Patients often receive care from multiple hospitals, where laboratory tests are commonly represented using
institution-specific names, units, and reporting conventions. This heterogeneity limits semantic interoper-
ability across Electronic Medical Record systems. This study proposes LabAlignAgent, a LOINC-enriched
ontology-guided agent for cross-hospital semantic alignment of EMR laboratory tests. The approach com-
bines domain ontology construction, LOINC-based ontology enrichment, exact and fuzzy matching, GPT-
assisted semantic verification, and rule-based alignment to harmonize heterogeneous laboratory test cata-
logs. The evaluation used real-world laboratory test data from two Saudi hospitals: 136 alignable tests from
King Fahad Specialist Hospital (KFSH) and 126 alignable tests from Saudi German Hospital (SGH). In the
hospital-to-LOINC normalization task, 202 out of 262 tests, representing 77.1%, were successfully mapped
and enriched with standardized LOINC concepts, including 67 additional mappings recovered through
GPT-assisted reasoning beyond lexical matching alone. In the cross-hospital alignment task, 17,136 possi-
ble KFSH–SGH pairs were reduced to 4,509 semantically plausible candidate pairs using ontology-derived
constraints on unit and sample type. The full LabAlignAgent workflow produced 224 high-confidence cross-
hospital semantic matches, compared with 67 matches obtained by the baseline prompt-based alignment
without ontology enrichment. The accepted mappings were validated by a clinical pathologist, who as-
sessed clinical equivalence using analyte, specimen, unit, method, and reference-interpretation criteria.
The results show that LOINC-enriched ontology guidance and contextual semantic reasoning substantially
improve laboratory test harmonization across hospitals and support more interoperable EMR integration.
All datasets, ontologies, lab test names, and alignment results for each strategy are publicly available in
our GitHub repository at https://github.com/SarahayadAOU/LabAlignAgent.

Povzetek: LabAlignAgent z uporabo ontologij, standarda LOINC in GPT izboljša usklajevanje laboratori-
jskih preiskav med bolnišnicami.

1 Introduction

In Saudi Arabia, patients often visit multiple healthcare
providers across public and private hospitals. However,
each institution typically uses its own EMR system, with
differing naming conventions, data formats, and clinical
terminologies. This lack of standardization leads to frag-
mented medical records, where critical patient information
is scattered across isolated systems. As a result, clinicians
may not have access to a patient’s full history during con-
sultations, and patients themselves are unable to view or
manage a unified medical record.
The problem of EMR fragmentation is not unique to

Saudi Arabia, but its effects are magnified in regions with
large, distributed healthcare networks. One of the key bar-
riers is the inconsistent representation of clinical concepts
such as lab tests, diagnoses, and procedures. For example,
the same lab test may be recorded as “Hemoglobin A1c”
in one hospital and “HbA1c” in another, or as “Complete
Blood Count” in one system and “CBC” in another. Al-

though these labels refer to the same clinical test, differ-
ences in naming conventions, units, and reference ranges
make automated integration difficult. These inconsisten-
cies prevent national-scale health analytics, increase the
likelihood of redundant testing, and limit the effectiveness
of AI-driven clinical decision support systems.

Beyond clinical decision-making, semantic fragmenta-
tion of EMR data has important economic and operational
consequences, particularly for health insurance providers.
When laboratory tests are recorded using incompatible ter-
minologies, insurers are often unable to reliably identify
equivalent tests performed at different hospitals. This fre-
quently leads to unnecessary re-testing, delayed claim pro-
cessing, and increased healthcare costs. In addition, the
lack of semantic consistency limits insurers’ ability to per-
form accurate utilization analysis, and fraud detection. Mo-
tivated by these challenges, this work aims to provide a se-
mantic alignment solution that enables reliable reuse and
comparison of laboratory results across institutions, sup-
porting both clinical continuity of care and cost-efficient
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insurance workflows.
To address the challenges of semantic fragmentation in

medical records, many countries have adopted standard-
ized clinical ontologies. In the United States, the Centers
for Disease Control and Prevention (CDC) recommends the
use of LOINC as the national standard for laboratory test
reporting, and SNOMED CT is widely used across fed-
eral health systems including the Veterans Affairs (VA) and
Medicare programs [12, 13]. The United Kingdom has
mandated SNOMED CT across the entire National Health
Service (NHS), where it is used as the core clinical termi-
nology for documenting diagnoses, symptoms, and proce-
dures [14]. Similarly, Canada has adopted both SNOMED
CT and LOINC as part of its pan-Canadian standards for
health information exchange, supported by Canada Health
Infoway [15]. In Australia, both ontologies are integral to
the national electronic health infrastructure and are used in
theMyHealth Record system for standardizing clinical data
exchange [5].
Recent advances in Artificial Intelligence, particularly

in large-scale foundation models, have opened new possi-
bilities for semantic alignment across heterogeneous clin-
ical vocabularies [22, 23]. Techniques such as dynamic
prompting when combined with ontology-aware reason-
ing can guide these models in performing context-sensitive
concept alignment [24, 25]. Early results from materials
science have demonstrated the potential of such models for
structured concept mapping [26].
In this paper, we introduce an ontology-guided semantic

alignment agent that harmonizes EMR lab tests from mul-
tiple hospitals by using LOINC-enriched dynamic prompt-
ing. Rather than aligning local terms directly to LOINC,
we use these ontologies as semantic enrichment resources
to construct context-rich representations for each hospital-
specific term. These enriched profiles are used by the agent
to unify equivalent terms under a single, standardized con-
cept. The proposed approach is evaluated on real-world
EMR datasets from King Fahad Specialist Hospital and
Saudi German Hospital, and validated via an expert review.
To guide the design and evaluation of LabAlignAgent,

this study addresses the following explicit research ques-
tions:

– RQ1: Does ontology-guided enrichment with LOINC
metadata improve the accuracy and coverage of se-
mantic alignment between laboratory test records from
heterogeneous EMR systems, compared to a baseline
lexical and prompt-based approach without enrich-
ment?

– RQ2: Among the metadata dimensions used in the
alignment pipeline, including measurement unit, sam-
ple type, test method, and LOINC-based attributes,
which contribute most to achieving high-confidence
semantic matches across institutional boundaries?

These research questions directly shape the evalua-
tion in Section 6, where we compare a baseline prompt-

based alignment strategy (no ontology enrichment, 67 cor-
rect mappings) against the full LabAlignAgent pipeline
(LOINC enrichment + rule-based reasoning, 224 correct
mappings).

2 Related work

The semantic interoperability of healthcare data remains a
critical challenge in modern healthcare systems, where pa-
tients frequently receive care across multiple institutions,
each employing distinct electronic medical record (EMR)
systems with heterogeneous terminologies and coding con-
ventions. This literature review synthesizes recent ad-
vances in semantic interoperability and ontology alignment
across four key research areas: (1) semantic interoper-
ability and clinical terminology alignment, (2) ontology-
basedmapping and biomedical concept alignment, (3) large
language model (LLM)-based semantic alignment and (4)
agent-based semantic mapping systems.
In Semantic Interoperability and Clinical Terminology

Alignment, Clinical terminology standardization has fo-
cused heavily on mapping local, institution-specific terms
to reference terminologies. Park et al. [40] developed an
automated SNOMED CT mapping tool that achieved top-5
accuracy rates of 98.67% for diagnostic terms and 99.19%
for surgical procedural terms across four major hospital net-
works in South Korea. However, ambiguous terms, gran-
ularity gaps, and abbreviation resolution remain signifi-
cant challenges. Rodrigues et al. [41] addressed semantic
alignment between ICD-11 and SNOMED CT, combining
axiom-based and rule-based approaches to handle funda-
mental differences in design and editorial policies between
these two widely used terminologies. Their preliminary re-
sults covered more than half the domain of the draft ICD-
11, highlighting both the feasibility and the complexity of
aligning terminologies with different conceptual founda-
tions.
In specialized clinical domains, terminology alignment

faces additional challenges. Naliyatthaliyazchayil et al.
[42] focused on harmonizing LOINC codes and units in
real-world oncology data, noting that existing studies show
6% to 19% of laboratory tests cannot be accurately mapped
to LOINC. Their method addressed the challenge that exist-
ing systems often depend on source data strings and input
features that may be absent, null, or incorrect, underscoring
the need for robust, scalable approaches.
On the other hand, Biomedical ontology alignment has

benefited from systematic evaluation through the OAEI
benchmark datasets, particularly the Large Biomedical
(LargeBio) track involving ontologies such as FMA (Foun-
dational Model of Anatomy), SNOMED CT, and NCI The-
saurus [49], [50]. Diallo’s ServOMap system achieved F-
measures of 85.5% (precision 99%) for the FMA-NCI small
task and 82.8% (precision 93.3%) for the large task [51]. A
subsequent version, ServOMap_V4, improved to 89.4% F-
measure (precision 94.3%). The main limitation identified
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was low recall for ontologies with poor lexical descriptions,
as the system relied heavily on lexical similarity computing.
Moreover, Yamamoto et al. [59] addressed context-

based refinement of mappings in evolving life science on-
tologies, recognizing that ontologies are not static artifacts
but evolve over time. Their approach refined existing map-
pings based on contextual information, improving align-
ment quality as ontologies change.
The application of large language models to ontology

alignment represents a recent but rapidly evolving research
direction. He et al. [61] conducted an early exploration
of LLMs for ontology alignment using challenging subsets
from the OAEI Bio-ML track. They found that Flan-T5-
XXLwith threshold tuning achieved an F-score of 0.721 on
NCIT-DOID, outperforming BERTMap by 0.093, though
it lagged on SNOMED-FMA. Notably, GPT-3.5-turbo per-
formed poorly, with F-scores of 0.313 on NCIT-DOID and
0.132 on SNOMED-FMA. A significant limitation iden-
tified was the computational demand of LLMs, making
full deployment challenging without smaller, representa-
tive datasets.
Other Studies in this area, exploited Agent-Based LLM

Systems achieving results very close to long-standing best
performance on simple ontology matching tasks and signif-
icantly improving performance on complex and few-shot
tasks [63], [64]. Despite promising results, LLM-based ap-
proaches face several persistent challenges. Computational
cost remains a significant barrier, with inference times and
resource requirements often exceeding those of traditional
methods [69], [70]. Hallucination the generation of plausi-
ble but incorrect information poses risks in high-stakes do-
mains like healthcare [71], [72]. Consistency across differ-
ent prompts and contexts is not guaranteed, and the black-
box nature of LLMs complicates debugging and validation
[73], [74].
Agent-based approaches to semantic mapping distribute

the alignment task across autonomous agents that negotiate
and collaborate. Li et al. [75] developed an agent-based
framework for ontology mapping and integration, demon-
strating flexibility and practicality through a prototype ap-
plied to beer ontologies. Santos et al. proposed using co-
operative agent negotiation for ontology mapping, evalu-
ating their approach on four groups of ontologies includ-
ing Google and Yahoo web directories, product schemas,
course university catalogs, and company profiles [76]. At
the end, Agent-based semantic mapping systems face sev-
eral challenges. Communication overhead can become sig-
nificant as the number of agents and the complexity of
negotiations increase [83], [84]. Ensuring convergence
to high-quality alignments while maintaining reasonable
computational costs requires careful design of negotiation
protocols and conflict resolution mechanisms [85], [86].
Scalability remains a concern, particularly in highly dy-
namic environments where ontologies evolve frequently
[87], [88].
Recent advances in LLMs have enabled new forms of

semi-autonomous agents capable of semantic reasoning,

contextual interpretation, and ontology-aware mapping.
One notable approach is MapperGPT [7], which uses GPT-
4 to refine candidate ontology mappings generated by tradi-
tional matchers. The agent acts as a post-alignment evalu-
ator that classifies mappings “EXACT_MATCH, DIFFER-
ENT” based on structured prompts containing class defi-
nitions, labels, and ontological relationships. MapperGPT
significantly improves alignment precision, particularly in
ambiguous or lexically similar concept pairs, by producing
justifications and confidence scores for each decision.
Complementary to this is the work of SCHEMA Miner

[8], which introduces an agent-based framework that
grounds raw schema fields (e.g., spreadsheet column head-
ers) to formal ontology concepts. The agent operates
in a perception, reasoning and action loop: it perceives
metadata, interprets schema elements using external on-
tologies “QUDT, CHEBI”, and generates semantic map-
pings through LLM-generated prompts. SCHEMA Miner
is ontology-aware, unit-sensitive, and capable of producing
explainable annotations in OWL/SSSOM format.
Both systems exemplify the growing trend toward LLM-

powered semantic agents, where alignment is not a static
lexical task but a dynamic, contextual process guided by ex-
ternal knowledge. Our work extends this paradigm by de-
signing LabAlignAgent, a semantic alignment agent. Un-
like MapperGPT, which evaluates predefined mappings,
LabAlignAgent constructs mappings from scratch using
dynamically enriched prompts derived fromLOINC and lo-
cal EMR metadata. And unlike SCHEMA Miner, which
targets generic schema elements, our agent focuses specif-
ically on laboratory test harmonization a domain with rich
ontological structures, measurement units, and coding sys-
tems.
This work is related to earlier studies on medical concept

alignment [9], LAGC-based integration [10], and the use of
LLMs in ontology reasoning [11]. By connecting these re-
search areas, our approach presents a practical and scalable
way to support semantic integration at the EMR level.
Our method is also inspired by previous studies that used

large language models with ontologies. In [2], LLMs were
used to map unstructured text to ontology concepts, show-
ing that ontology-guided prompting can produce clear and
structured mappings. In [3], dynamic prompts improved
semantic quality and interpretability in structured tasks.
In [4], combining ontologies with LLM reasoning helped
achieve reliable semantic alignment across heterogeneous
datasets. These works support the design of LabAlignA-
gent, which applies the same idea to harmonize laboratory
tests across different EMR systems.
To provide a broader view of the field, the appendix in-

cludes a summary table of related studies on semantic inter-
operability, ontology alignment, LLM-based matching, and
agent-based semantic mapping systems. This table cov-
ers the studies discussed here as well as additional relevant
work, and compares 28 studies with our proposed LabAlig-
nAgent.
To summarize, LabAlignAgent represents a recent ad-
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Table 1: Comparison of semantic alignment agents

Aspect MapperGPT SCHEMAMiner LabAlignAgent
Agent Role Post-matching refiner Schema grounding agent Full-cycle alignment agent (per-

ceive → interpret → map → adapt)
Input Candidate ontology

mappings
Raw schema fields (e.g.,
“Temp”, “pH”)

Hospital-specific lab test records

Target Do-
main

Biomedical ontologies
(e.g., ZFA, MONDO)

Scientific schema (e.g.,
QUDT, CHEBI)

Clinical EMR lab test harmoniza-
tion

Prompting
Strategy

Compare two ontology
concepts

Ground schema using
units and values

Dynamically enrich prompt with
EMR metadata and LOINC seman-
tics

Ontology Us-
age

Used for definitions and
hierarchy

Used for grounding field
metadata

Used for both semantic enrichment
and contextual interpretation

Mapping Ac-
tion

Refine or reject mapping Generate new mapping
from schema field

Suggest unified term with category,
explanation, and confidence

Output For-
mat

SSSOM with explana-
tion

OWL/SSSOM with jus-
tification

OWL mappings with explainable
triples

Feedback
Loop

Manual review sup-
ported

Not described Includes feedback and score thresh-
olding

vancement that bridges agent-based reasoning with LLM-
powered semantic enrichment for EMR lab test harmo-
nization, achieving 224 high-confidence mappings across
two Saudi Arabian hospitals a threefold improvement over
baseline prompt-based approaches. Unlike earlier multi-
agent negotiation frameworks that distribute alignment
tasks across multiple autonomous agents [75, 76, 78], La-
bAlignAgent operates as a single cognitive agent follow-
ing a perceive-reason-act loop, leveraging LOINC ontol-
ogy as a semantic enrichment layer rather than a direct
mapping target. This design addresses limitations observed
in both traditional agent-based systems and recent LLM-
based alignment approaches which struggle with domain-
specific context. By combining ontology-guided enrich-
ment with rule-based heuristics and dynamic prompting,
LabAlignAgent demonstrates how agent architectures can
effectively operationalize LLMs for specialized clinical
alignment tasks, though its evaluation on a relatively small
dataset and focus on a single clinical laboratory tests sug-
gest that scalability to broader healthcare interoperability
challenges remains an open question.

3 Our approach

We propose a modular, ontology-guided agent called La-
bAlignAgent. This agent semantically aligns and uni-
fies heterogeneous lab test instances into a standardized,
machine-readable representation using LOINC enriched
contextual reasoning and rule-based validation.
LabAlignAgent integrates semantic enrichment, dy-

namic prompting, and rule-based decision-making into a
coherent, automated workflow. It functions as a multi-
module alignment agent that transforms raw hospital

records into a unified OWL ontology containing equiva-
lence links across institutions.
The LabAlignAgent is composed of two interdependent

functional modules:

1. Ontology Enrichment Module
This module transforms raw lab test records from hos-
pital specific Excel sheets or pdf files into structured
OWL ontologies. Each record is instantiated as a
LabTest individual and enriched with domain-specific
semantics derived from the LOINC ontology. Proper-
ties such as sample type, measurement unit, method,
and reference range are formalized, and LOINC-based
descriptors (e.g., component, system, scale) are at-
tached to each instance. The output is a LOINC-
enriched domain ontology for each hospital. All de-
tails are explained in Section 4.
The Logical Observation Identifiers Names and Codes
(LOINC) ontology is a widely adopted international
standard for identifying laboratory tests and clinical
observations. Developed by the Regenstrief Institute,
LOINC provides unique identifiers for tests based on
a structured description of the analyte, measured prop-
erty, timing, biological sample, scale, and method.
This detailed structure enables consistent representa-
tion and exchange of laboratory results across institu-
tions and information systems [27].

2. Rule-Based Semantic Alignment Module
This module exploits a dynamic prompt engine to se-
mantically compare lab test pairs using GPT-4, applies
a scoring mechanism to interpret LLM output, and ex-
ecutes rule-based decisions. Based on configurable
thresholds, it either accepts the match, triggers a re-
finement strategy via data and object properties traver-
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sal or refuse it. All accepted mappings are stored in
OWL using skos:exactMatch. Complete details are
provided in Section 5.

Figure 1 presents LabAlignAgent as an agent that works
in a closed loop: perceive→ reason→ act. In the perceive
step, the agent observes heterogeneous laboratory test de-
scriptions coming from two hospitals. These inputs may
be stored in different formats and may use different local
names, abbreviations, or reporting conventions. The agent
therefore does not treat the input as plain text only; in-
stead, it organizes what it sees into LOINC-enriched on-
tology representations so that each test is associated with
meaningful clinical context such as measurement unit and
specimen/sample type. In the reason step, the agent uses
this perceived context to decide whether two tests are truly
comparable and potentially equivalent. Reasoning here
is not a single action; it is a combination of (i) dynamic
prompts that provide GPT-4 with the ontology-derived at-
tributes of the candidate tests, and (ii) rule-based scoring
that checks semantic compatibility and produces a confi-
dence level for each candidate match. Finally, in the act
step, the agent commits its decision by generating an ex-
plicit alignment output, expressed as an equivalence link
(e.g., skos:exactMatch) between the matched hospital
test concepts. This agent perspective emphasizes that La-
bAlignAgent is not only generating text: it perceives struc-
tured evidence, reasons under semantic constraints, and
then acts by writing machine-readable mappings that can
be reused in the unified ontology.

4 Module I: ontology enrichment
module

The first module of LabAlignAgent is responsible for trans-
forming raw laboratory records into a semantically struc-
tured ontology enriched with standard clinical context.

4.1 Ontology design and structure
We designed a domain-specific ontology capable of mod-
eling the essential features of lab test data. The ontology
includes core classes such as:

LabTest: the central entity representing each medical
test.
SampleType, MeasurementUnit, TestMethod, : domain
entities linked to each test.
Semantic relationships are modeled using object prop-

erties such as usesSampleType and usesTestMethod.
Simple attributes like hasUnit, hasNormalRange, and
requiresFasting are modeled via data properties.
We implemented an automated population routine using

Python and the Owlready2 library, similar to our work
[2], where we investigated ontology population using GPT-
3.5 and a recursive zero-shot prompting strategy to gen-
erate instance-level knowledge and formalize the outputs

as OWL axioms, showing the potential of LLMs for semi-
automating ontology enrichment. Hospital lab test records
originally stored in structured Excel files were loaded into
pandas DataFrames. Each row was converted into a
unique instance of the LabTest class, with associated prop-
erties populated using values from columns such as Sample
Type, Unit, Test Method, and Reference Range.

Listing 1: Ontology mapping of a lab test row.
# Example: Mapping a single row into ontology
with onto:

lab_test = LabTest(f"LT_{row['Test ID']}")
lab_test.hasName = [row['Test Name']]
lab_test.hasUnit = [row['Unit']]
lab_test.requiresFasting = [

row['Fasting'].lower() == 'yes'
]
lab_test.hasNormalRange = [

f"{row['Low']}-{row['High']}"
]

sample_type = SampleType(
row['Sample Type'].replace(" ", "_")

)
test_method = TestMethod(

row['Test Method'].replace(" ", "_")
)

lab_test.usesSampleType = [sample_type]
lab_test.usesTestMethod = [test_method]

The SGH laboratory test data was originally provided as
a PDF document containing reference ranges and clinical
information. Wemanually extracted the relevant fields such
as test names, specimen types, units, and reference intervals
into the ontology shown in details in Figure 2.
The result of this module is two fully populated, seman-

tically enriched ontologies.

4.2 LOINC-based ontology enrichment
After populating the domain ontologywith hospital specific
lab test instances, the second phase of Module 1 focuses on
enriching these instances with standardized clinical seman-
tics from the LOINC ontology. The goal of this phase is
not to perform cross hospital alignment but to provide each
local lab test with an ontology-grounded semantic context.
This context serves as a foundation for more accurate, ex-
plainable, and clinically meaningful alignment in the sub-
sequent module.
Recent advances in prompt engineering have demon-

strated that supplying large language models with rich,
structured, and domain specific context significantly im-
proves semantic precision and factual consistency [16, 17,
18].
The enrichment process operates independently on each

hospital ontology and transforms it into a LOINC-enriched
domain ontology. For each individual of the LabTest class,
we construct a structured semantic context by extracting
all relevant object and data property assertions from the
ontology. Concretely, we used an OWL instance extrac-
tion routine (implemented with Owlready2) that iterates
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Figure 1: LabAlignAgent: Ontology guided semantic alignement workflow

Figure 2: Transformation of raw EMR lab data into OWL-based ontologies
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over each LabTest individual and retrieves: (i) all data
property assertions attached to the instance (e.g., hasUnit,
hasNormalRange, requiresFasting), and (ii) all ob-
ject property assertions that link the test to other ontol-
ogy individuals (e.g., usesSampleType → SampleType,
usesTestMethod → TestMethod). For object properties,
the extractor follows the link and records the label/name of
the linked individual as part of the semantic context.
The ontology-derived attributes used in this study in-

clude the test label and identifier (test name), unit of
measure through the hasUnit property, sample type (e.g.,
Serum, Plasma, or Urine), analytical method (e.g., Im-
munoassay or Spectrophotometry), as well as the reference
range and fasting requirement.
The enrichment proceeds in three stages:

1. Exact Match: Direct lookup of lab test labels against
LOINC names.

2. Fuzzy Match: Approximate string matching to iden-
tify lexical candidates.

3. Prompt-Based Matching: If no match is found, a
structured prompt is generated using the ontology-
derived context and sent to an LLM to infer the closest
LOINC concept.

This prompt integrates structured metadata extracted
from the ontology and is designed to elicit a grounded map-
ping decision from the model, see Figure 3.

Listing 2: Dynamic prompt template used for LOINC en-
richment
You are a clinical laboratory expert. A local lab

test is described using the structured
metadata below:

- Test Label: {label}
- Description: {description}
- Sample Type: {sample_type}
- Unit of Measure: {unit}
- Reference Range: {reference_range}
- Hospital Source: {hospital_id}

Task:
Identify the single most appropriate LOINC

concept that best matches this test.

Return ONLY:
LOINC Code: <code>
Long Common Name: <name>

The model’s response is parsed to extract the top-ranked
LOINC concept and its corresponding semantic attributes.
These include component, property, system, scale, and
method, which are then attached to the LabTest instance
using dedicated OWL object and data properties.
At the end of this module, each hospital-specific on-

tology is transformed into a LOINC-enriched domain on-
tology, where local lab test instances are semantically

grounded in a shared clinical vocabulary. These enriched
ontologies serve as the sole input to the subsequent La-
bAlignAgent, which performs cross-hospital alignment.
Consider a laboratory test extracted from a hospital EMR

with the label ``Fasting Blood Sugar''. The test is
performed on a serum sample, reported in mg/dL, using an
enzymatic colorimetric method, with a reference range of
70--100. Although this test is clinically common, its lo-
cal naming does not directly correspond to a standardized
ontology label.
During the first enrichment step, the system attempts

an exact match against LOINC terminology but fails due
to lexical variation. A fuzzy matching step identifies
LOINC:1558-6 (“Glucose [Mass/volume] in Serum or
Plasma – Fasting”) as a strong candidate based on string
similarity. To confirm the semantic validity of this match,
a structured prompt is generated using ontology-derived
metadata, including the sample type, unit of measure, clin-
ical intent (fasting), and reference range.
The language model confirms LOINC:1558-6 as the

most appropriate standardized concept, assigning a confi-
dence score of 0.94. Based on this decision, the local lab
test instance is semantically enriched and linked to LOINC
using skos:exactMatch, expressing concept-level equiva-
lence between the institutional test entry and the LOINC
standard concept.

5 Module II: rule-based semantic
Alignment

Following the enrichment of each hospital ontology
with LOINC semantic descriptors, This module performs
concept-level alignment between hospital-specific lab tests.
LabAlignAgent performs this task through a combina-

tion of rule-based heuristics, dynamic prompt-based rea-
soning, and ontology-level reasoning.
The module consists of the following functional subcom-

ponents: An Ontology Instance Extractor that retrieves en-
riched LabTest individuals and their Object and data prop-
erties (e.g., LOINC code, label, unit, sample type, method).
A test Pairing Engine that generates candidate test pairs

across ontologies using LOINC code overlap or lexical
proximity. Immediately accepts pairs that satisfy exact la-
bel match or share the same LOINC code.

Rule 1: LOINC code equivalence If two lab tests share
the same LOINC code, they are deemed semantically
equivalent:

LOINC(e1) = LOINC(e2) ⇒ e1 ≡ e2 (1)

where e1 and e2 are laboratory test instances from SGH
and KFSH, respectively.
For unmatched pairs, constructs context-rich dynamic

prompts to assess semantic similarity and at the end,
it creates a cross hospital object property assertion
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Figure 3: LOINC-based semantic enrichment of populated domain ontologies

Figure 4: LabAlignAgent: Semantic alignment module with confidence-based decision logic
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skos:exactMacth to link the two matched lab tests individ-
uals and stores the mapping metadata.

Listing 3: Dynamic prompt used for cross-hospital lab test
alignment
You are a clinical laboratory specialist with

expertise in lab test naming conventions,
specimen types, units, and reference ranges.
Given two lab test instances from different
hospitals, assess whether they represent the
same clinical test.

Use the following information:

Hospital A Test:
- Name: {test_A_label}
- Sample Type: {test_A_sample}
- Unit: {test_A_unit}
- Method: {test_A_method}
- Reference Range: {test_A_range}

Hospital B Test:
- Name: {test_B_label}
- Sample Type: {test_B_sample}
- Unit: {test_B_unit}
- Method: {test_B_method}
- Reference Range: {test_B_range}

Your task:
1. Decide if these two tests are semantically

equivalent.
2. Return one of: Same, Different, or Uncertain.
3. Provide a brief explanation (max 2 sentences).
4. Give a confidence score between 0.0 and 1.0.

Output Format:
Decision: Same
Explanation: Both tests measure fasting glucose

in serum using the same unit and method.
Confidence: 0.94

Rule 2: Context-enriched similarity scoring Before
any alignment decision is made, LabAlignAgent computes
a continuous semantic similarity score between two lab test
entities. This score represents the evidential strength of a
potential match and combines both lexical similarity and
ontology-derived contextual similarity.

Sim(e1, e2) = α·NameSim(e1, e2)+β·ContextSim(e1, e2)
(2)

Where:

– NameSim(e1, e2) denotes the cosine similarity be-
tween the textual labels and synonyms of the two lab
test entities.

– ContextSim(e1, e2) captures semantic overlap de-
rived from ontology assertions, including sample type,
measurement unit, test method, and LOINC-based at-
tributes.

– α and β are weighting coefficients such thatα+β = 1,
empirically set to α = 0.4 and β = 0.6 to prioritize
contextual semantics over surface lexical similarity.

This rule does not determine equivalence on its own;
rather, it provides a structured, explainable similarity mea-
sure that serves as input evidence for subsequent decision
rules.
In practice, Sim(e1, e2) is used as a pre-filter to (i) rank

candidate pairs and (ii) avoid calling the LLM for clearly
unrelated pairs (e.g., Sim < τ ). The final equivalence de-
cision is made by Rule 3 using the LLM confidence.

Rule 3: Confidence-based decision and refinement logic
After gathering semantic evidence from ontology-derived
attributes and prompt-based reasoning, LabAlignAgent ap-
plies a confidence-based decision rule to determine whether
two lab test entities should be aligned, refined, or rejected.

Confidence(e1, e2) ≥ 0.70 ⇒ e1 ≡ e2 (3)

where Confidence(e_1, e_2) denotes the confidence
score returned by the language model for the proposed
alignment between entities e1 and e2.
If the confidence score is at least 0.70, the two entities

are considered semantically equivalent and are aligned in
the ontology. If the confidence score falls between 0.50
and 0.70, LabAlignAgent does not immediately reject the
candidate pair, but instead triggers a refinement cycle by
reconstructing the prompt with additional semantic context,
such as test description, synonyms, clinical interpretation,
or category information. If the confidence score is below
0.50, the mapping is rejected automatically, and no equiv-
alence relation is created.
The acceptance threshold of 0.70 was selected after a

small pilot calibration on a subset of candidate pairs re-
viewed by domain experts. Several cutoffs, including 0.60,
0.70, and 0.80, were tested, and 0.70 was retained because
it reduced false positives while preserving a high number
of correct matches.

5.1 Technical parameters and
implementation details

To ensure full reproducibility of the LabAlignAgent
pipeline, we document all technical parameters used in
the implementation below Table ??. Additional imple-
mentation details, including LOINC candidate retrieval set-
tings, similarity metrics, pre-filtering thresholds, accep-
tance threshold calibration, and repository resources, are
provided in the Appendix.

6 Results
We applied LabAlignAgent to real-world laboratory test
datasets obtained from two major hospitals in Saudi Ara-
bia: King Fahad Specialist Hospital (KFSH) and Saudi
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Table 2: LLM configuration used in the LabAlignAgent pipeline

Parameter Value
Model for pairwise comparison GPT-4 (gpt-4-0613)
Model for LOINC batch prompting GPT-4 Turbo (gpt-4-turbo-2024-04-09)
Temperature 0.0 (deterministic, no sampling)
Seed 42 (fixed for reproducibility)
Max tokens (LOINC alignment) 512
Max tokens (pairwise comparison) 256

German Hospital (SGH). The evaluation was conducted in
two stages. The first stage focused on Hospital-to-LOINC
normalization, where we assessed the ability of the hybrid
alignment approach, combining exact matching, fuzzy sim-
ilarity, and LLM-assisted reasoning, to map individual hos-
pital laboratory tests to standard LOINC codes. This stage
was performed independently for KFSH and SGH andmea-
sured the coverage and accuracy of LOINC enrichment. Its
output was a set of LOINC-enriched hospital ontologies.
The second stage focused on cross-hospital equivalence

alignment. Here, we evaluated the ability of the rule-based
alignment agent to identify semantically equivalent labora-
tory tests across hospitals by leveraging the LOINC meta-
data added during the first stage. We compared two condi-
tions. The baseline condition, which relied on direct LLM-
based pairwise comparison without ontology enrichment,
produced 67 correct alignments. In contrast, the full La-
bAlignAgent pipeline, which combined rule-based reason-
ing with LLM-assisted comparison over LOINC-enriched
ontologies, produced 224 correct alignments.

6.1 Dataset overview

The KFSH dataset comprised 159 unique laboratory tests
extracted from the hospital’s internal laboratory informa-
tion system, while the SGH dataset contained 112 distinct
laboratory tests obtained from the hospital’s official labo-
ratory reference range documentation. Both datasets are
publicly available through our project’s GitHub repository
to ensure transparency and reproducibility.
A manual inspection of the two datasets revealed that

the laboratory tests span multiple clinical departments, in-
cluding Chemistry (e.g., General, Infectious, Protein, Dia-
betic, Fertility, Therapeutic), Hematology and Coagulation,
Microbiology and Clinical Microscopy, Immunology and
Serology, Molecular Infectious Diseases, Special Chem-
istry and Send Out, as well as Blood Bank and Point-of-
Care Testing.
Before alignment, we cleaned and standardized the

raw records to build an alignable test set. We (i) re-
moved administrative items and incomplete records miss-
ing key ontology-derived attributes (e.g., measurement unit
or specimen/sample type), (ii) merged duplicates and panel
aliases after label normalization, and (iii) split panel/multi-

analyte records into analyte-level tests when needed. After
this step, we obtained 136 alignable KFSH tests and 126
alignable SGH tests, forming 136 × 126 = 17,136 candi-
date KFSH–SGH pairs. Next, we filtered pairs to keep only
semantically plausible matches that share the same mea-
surement unit and sample type, which reduced the search
space to 4,509 plausible candidates (Strategy 2).

6.2 Stage 1: Hospital-to-LOINC
normalization — ontology-enriched
LOINC alignment using exact, fuzzy,
and LLM-based matching

To semantically align laboratory test ontologies from two
major hospitals with the LOINC standard, we applied a
multi-phase mapping pipeline combining: (i) exact string
matching; (ii) fuzzy string similarity; and (iii) GPT-4-
assisted semantic reasoning.
Each laboratory test in the source ontologies is repre-

sented as an owl:NamedIndividual of type LabTest.
These individuals were matched to LOINC entries and en-
riched with standard metadata such as LOINC code, name,
class, method, and units.
In the first phase, we aligned laboratory test names

against the LONG_COMMON_NAME field in the LOINC
database using both case-insensitive exact matching and
fuzzy string similarity with a threshold of 90%. Matches
above the threshold were labeled accordingly and added to
the results.
For the unmatched hospital laboratory tests, we con-

structed dynamic prompts that integrated the test name, the
descriptions of the top-K fuzzy LOINC candidates, and rel-
evant LOINCmetadata such as class, method, and example
units. Each prompt was formulated to ask the GPT model
whether a specific LOINC test semantically matched the
hospital test, accompanied by a justification. The model
responses were then automatically tagged into one of three
categories: accepted (confirmed semantic match), rejected
(confirmed mismatch), and unknown/review (ambiguous or
inconclusive).
We extended both ontologies with two new annotation

properties: hasLOINCCode and hasLOINCName.
The hybrid approach successfully aligned 202 out of 262

laboratory tests, corresponding to 77.1% coverage. The use
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of LLM-based reasoning recovered 67 additional matches
that would have been missed by lexical techniques alone,
demonstrating significant value in resolving abbreviation
mismatches, spelling variants, and semantically complex
alignments.

Table 3: Matching summary by hospital and strategy

Src. Total Exact GPT Match. Enrich. Unmatch.
KFSH 136 112 10 122 122 14
SGH 126 23 57 80 80 46
Total 262 135 67 202 202 60

Validation of LOINC assignment accuracy (error prop-
agation assessment) Because Rule 1 (LOINC Code
Equivalence) hard-accepts two tests as cross-hospital
equivalents if they share the same LOINC code, any er-
ror in Stage 1 LOINC assignment may propagate directly
into Stage 2 alignment decisions. To quantify this risk, we
conducted a manual validation of a random sample of 100
LOINC-matched laboratory tests, including 50 from KFSH
and 50 from SGH, independently reviewed by two clinical
domain experts. Each expert assessed whether the assigned
LOINC code accurately represented the intended labora-
tory test based on the test name, sample type, measurement
unit, and available clinical context. Inter-rater agreement
was high, with Cohen’s κ = 0.89, and the overall preci-
sion of LOINC assignments reached 94% (94/100 correct
matches). The six incorrect assignments were primarily due
to ambiguous test names, such as “Glucose” without spec-
ifying fasting versus random, or due to missing metadata
fields.
To mitigate error propagation into Stage 2, we applied

a confidence threshold: only LOINC matches with LLM-
reported confidence ≥ 0.80 were used to trigger Rule 1.
Lower-confidence LOINC matches were flagged for man-
ual review and excluded from automatic Rule 1 firing. This
threshold was calibrated to balance coverage and precision
in Stage 1, thereby reducing the risk of false-positive cross-
hospital alignments caused by incorrect LOINC code as-
signments.
We acknowledge that a 6% error rate in LOINC assign-

ment may still propagate to cross-hospital alignment in
edge cases. Future work will integrate active learning and
expert-in-the-loop validation to iteratively refine LOINC
assignments and further reduce error propagation.

6.3 Stage 2: Cross-hospital equivalence
alignment

Following the enrichment of both KFSH and SGH do-
main ontologies with LOINC metadata, we implemented
the rule-based alignment agent module. whereas Stage 1
normalizes each hospital’s tests to the LOINC standard in-
dependently, Stage 2 uses those normalized representations
to identify equivalent tests across the two hospitals.

Table 4: Selected GPT-aided laboratory test mappings

Hospital Test LOINC Name Code
bilirubin, conjugated Bilirubin.direct [Mass/volume] in

Serum or Plasma
1968-7

bloodglucosetest Glucose [Mass/volume] in Blood 2339-0
aPTT aPTT in Blood by Coagulation as-

say
3173-2

Choriogonadotropin
(pregnancy test)

Choriogonadotropin beta subunit
[Presence] in Serum

2110-5

Haptoglobyn Haptoglobin [Mass/volume] in
Serum or Plasma

4542-7

The alignment process was structured in three rule-
driven phases. First, tests with a shared LOINC code were
immediately accepted as semantically equivalent (Rule 1).
Second, tests were filtered based on their metadata to retain
only semantically plausible pairs, specifically those shar-
ing both the same measurement unit and the same sample
type. This conjunctive filter ensures that only candidate
pairs with compatible clinical semantics are evaluated by
the LLM, thereby reducing the risk of false-positive align-
ments due to superficial lexical similarity. For example,
“Hemoglobin” measured in g/dL from whole blood and
“Hemoglobin A1c” measured in percentage from whole
blood would be excluded because they differ in measure-
ment unit, even though both involve hemoglobin and the
same sample type. This filtering process reduced the poten-
tial alignment space from 136×126 = 17,136KFSH–SGH
pairs to 4,509 plausible candidates.
In the third phase, we applied contextual prompt engi-

neering to these 4,509 filtered pairs. For each candidate
alignment, we constructed a rich input prompt describing
both the source and target laboratory tests in terms of their
name, unit, biological sample, normal range, method, fast-
ing requirement, and clinical category. These prompts were
submitted to GPT-4 Turbo using batch processing, and the
model was asked whether the source and target tests were
semantically equivalent, together with a justification for its
decision.

6.4 Impact of ontology enrichment on
semantic alignment accuracy

We first evaluated a baseline cross-hospital alignment set-
ting in which GPT was prompted without ontology enrich-
ment. In this baseline, the model received only limited in-
formation, mainly the laboratory test name, coarse class la-
bel, and example units. Using this minimal context, we ob-
tained 67 valid cross-hospital alignments in total, includ-
ing 10 involving KFSH tests and 57 involving SGH tests.
Although this approach was fast, it remained largely lex-
ical and often failed when the same clinical test was ex-
pressed using different naming conventions, abbreviations,
or reporting styles. In addition, missing context about mea-
surement units, specimen types, and analytical methods fre-
quently led to rejected or uncertain decisions.
Next, we introduced ontology-enriched prompting,
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where each candidate pair was described using ontology-
derived attributes including unit, specimen or sample type,
method, fasting requirement, reference range, and cate-
gory. Expert review confirmed that the accepted map-
pings were clinically coherent and that no hallucinated
alignments were produced. However, ontology-enriched
prompting alone still aligned only about 32% of the over-
all test space. This percentage corresponds to the baseline
yield (67 alignments) relative to the total number of cross-
hospital alignments produced by the complete pipeline (224
alignments).
Finally, the proposed rule-based semantic agent in-

creased alignment coverage by combining LOINC enrich-
ment with ontology constraints and confidence-based GPT
verification. Overall, the complete agent produced 224
clinically valid alignments, representing an additional 70%
increase over the baseline. This gain is explained by the
richer semantic evidence introduced by LOINC codes and
ontology assertions, enabling GPT to reason over clinical
intent and measurement constraints rather than relying only
on surface-level lexical similarity.
To illustrate the effectiveness of the prompt-based rea-

soning phase, Table ?? presents a sample of successful
alignments generated by GPT for previously unmatched
tests. These examples demonstrate the model’s ability to
recognize semantic equivalence despite lexical, syntactic,
or abbreviation differences.

6.5 Expert validation of mappings
To verify the clinical soundness of the semantic alignments
produced by LabAlignAgent, we performed manual val-
idation with a certified clinical pathologist. The expert
reviewed a representative set of matched laboratory test
pairs covering all alignmentmechanisms in our pipeline, in-
cluding: (i) direct LOINC-based matches obtained through
exact and fuzzy name matching; (ii) GPT-aided LOINC
assignments inferred through context-aware prompts; and
(iii) cross-hospital equivalence links asserted by the rule-
based semantic agent.
For each candidate mapping, the expert assessed whether

the paired tests were clinically equivalent at the analyte
level, that is, whether they measured the same biomarker
and supported the same diagnostic or monitoring intent.
The review considered core laboratory attributes that deter-
mine interchangeability, including specimen matrix (serum
vs. plasma vs. whole blood), measurement unit and scale
(including UCUM compatibility), analytical principle (im-
munoassay, spectrophotometry, HPLC), and reference in-
terval interpretation (normal range and fasting require-
ment). When the mapping originated from GPT-based ver-
ification, the expert also inspected the model-generated ra-
tionale to ensure that the justification reflected valid labo-
ratory reasoning rather than lexical coincidence.
The validation instrument used a three-point rating

scheme:

– Accept: The mapping is clinically valid, meaning the

same analyte and comparable test intent under com-
patible specimen, unit, and method constraints.

– Reject: The mapping is clinically invalid or poten-
tially misleading.

– Uncertain: The available metadata is insufficient
to confirm equivalence, and additional context is re-
quired, such as assay principle, specimen details, or
reporting unit.

The clinical pathologist confirmed the correctness of all
reviewed mappings produced by LabAlignAgent, report-
ing no clinically incorrect or misleading equivalence as-
sertions. In addition, the expert indicated that the remain-
ing unmatched tests primarily reflect true non-overlap be-
tween institutional laboratory catalogs, such as specialized
panels, locally defined assays, or department-specific offer-
ings that do not have a clear counterpart in the other hospi-
tal. This outcome supports the conclusion that the proposed
ontology-enriched and rule-based strategy achieves clini-
cally meaningful harmonization while appropriately leav-
ing non-comparable tests unaligned.
The full expert validation report is avail-

able in the project GitHub repository at
https://github.com/SarahayadAOU/LabAlignAgent.

6.6 Ontology-enriched LOINC alignment
using exact, fuzzy, and LLM-based
matching

Example 1: glucose (fasting)

Listing 4: Ontology mapping summary for Glu-
coseTest_KFSH
Initial Label: Glucose (Fasting)
Exact Match: LOINC Code: 1558-6
Mapped LOINC Name: Glucose [Mass/volume] in Serum

or Plasma --Fasting

Enriched Metadata:
- hasMethod: Hexokinase
- belongsToCategory: CHEM
- hasExampleUnit: mg/dL
- hasUCUMUnit: mg/dL
- hasStatus: ACTIVE
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Table 5: Selected GPT-aided lab test mappings

Hospital Test LOINC Name LOINCCode
bilirubin.conjugated Bilirubin.direct [Mass/volume] in Serum or

Plasma
1968-7

bloodglucosetest Glucose [Mass/volume] in Blood 2339-0
aPTT aPTT in Blood by Coagulation assay 3173-2
Choriogonadotropin
(pregnancy test)

Choriogonadotropin.beta subunit [Presence] in
Serum

2110-5

Haptoglobyn Haptoglobin [Mass/volume] in Serum or Plasma 4542-7

Table 6: Matching summary by hospital and strategy

Source Total Exact GPT-
aided
LOINC
mappings

Matched Enriched Unmatched

KFSH 136 112 10 122 122 14
SGH 126 23 57 80 80 46
Total 262 135 67 202 202 60

Listing 5: OWL individual for GlucoseTest_KFSH
:GlucoseTest_KFSH a :LabTest ;

:hasName "Glucose (Fasting)" ;
:hasLOINCCode "1558-6" ;
:hasMethod "Hexokinase" ;
:belongsToCategory "CHEM" ;
:hasExampleUnit "mg/dL" ;
:hasUCUMUnit "mg/dL" ;
:hasStatus "ACTIVE" .

Listing 6: Ontology mapping summary for
HbA1cTest_SGH
Initial Label: Glycated Hemoglobin
Fuzzy Match: 92% similarity → LOINC Code: 4548-4
Mapped LOINC Name: Hemoglobin A1c/Hemoglobin.

total in Blood by HPLC

Enriched Metadata:
- hasMethod: HPLC
- belongsToCategory: HEM/BC
- hasExampleUnit: %
- hasUCUMUnit: %
- hasStatus: ACTIVE

Listing 7: OWL individual for HbA1cTest_SGH
:HbA1cTest_SGH a :LabTest ;

:hasName "Glycated Hemoglobin" ;
:hasLOINCCode "4548-4" ;
:hasMethod "HPLC" ;
:belongsToCategory "HEM/BC" ;
:hasExampleUnit "%" ;
:hasUCUMUnit "%" ;
:hasStatus "ACTIVE" .

Table 7: Final match totals by strategy

Source S1 S2 S3 Total
KFSH 112 10 11 133
SGH 23 57 17 97
Total 135 67 22 224

7 Discussion
LabAlignAgent addresses a narrower, clinically grounded
task cross-hospital lab-test equivalence compared to the
generic ontology matching pursued by systems like
LogMap, AML, orMapperGPT [7]. Because datasets differ
across studies (LabAlignAgent uses real-world EMR data
from two Saudi Arabian hospitals, while traditional match-
ers are evaluated on OAEI benchmarks), direct perfor-
mance comparisons would be inappropriate, and we do not
claim superiority over these systems in their respective do-
mains. Unlike prior systems that use ontologies as match-
ing targets (e.g., BioPortal matchers aligning to SNOMED
or ICD), LabAlignAgent uses LOINC as a semantic en-
richment layer, attaching structured attributes component,
property, system, scale, and method to locally defined lab
test instances before alignment. This enables context-aware
reasoning rather than pure label matching, allowing the
system to disambiguate tests that share similar names but
differ in specimen type, measurement unit, or analytical
method [89]. The pipeline is fully automated end-to-end:
from raw EMR ingestion and OWL ontology construction,
through LOINC enrichment via exact, fuzzy, and prompt-
based matching, candidate pair filtering using a compos-
ite similarity score, dynamic GPT-4 prompting with struc-
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turedmetadata, confidence-threshold decision logic (accept
≥0.70, refine 0.50–0.70, reject <0.50), to final owl:sameAs
output. This represents a higher degree of integration than
prior agent-based systems such as Li et al. [75] or Santos et
al. [76], which rely on negotiation protocols or manual in-
tervention at key decision points. Results were reviewed
by a certified clinical pathologist using a 3-point rating
scheme (Accept, Reject, Uncertain), with all reviewedmap-
pings confirmed correct a stronger form of validation than
the benchmark-only evaluation used by most prior systems
(e.g., OAEI-based evaluations of AML or LogMap). The
baseline prompt-only approach (no enrichment) produced
67 mappings, while the full enriched pipeline produced
224—a 3× gain [89]. The most helpful attributes for disam-
biguation are specimen/sample type (which disambiguates
serum vs. plasma), measurement unit (which catches unit
mismatches), and analytical method (which distinguishes
method-specific assays). Enrichment fails or is insufficient
when tests use local abbreviations with no LOINC coun-
terpart, when panel tests have not been split into analyte-
level records, or when specialized institutional assays sim-
ply have no equivalent in the other hospital’s catalog (60 un-
matched tests). Error modes observed include abbreviation
variation (e.g., ’FBS’ vs. ’Fasting Blood Sugar’ vs. ’Glu-
cose Fasting’), which caused mismatches in lexical-only
approaches; serum/plasma ambiguity, which was partially
resolved by the system attribute but remained a source of
uncertainty in borderline cases; unit mismatch, which was
flagged by the confidence scorer but not always resolvable;
method-specific assays (e.g., enzymatic vs. colorimetric
glucose), which required method attribute disambiguation;
and panel vs. analyte confusion, which was addressed by
a pre-processing splitting step but residual cases persisted.
These limitations suggest that future work should incorpo-
rate more granular LOINC method codes and specimen-
type hierarchies to further reduce ambiguity and improve
coverage.

8 Conclusion

In this study, we introduced LabAlignAgent, a semantic
alignment agent designed to match laboratory tests from
different hospitals using ontology enrichment, dynamic
prompting, and rule-based reasoning. Our goal was to im-
prove the interoperability of electronic medical records by
aligning hospital-specific lab test names and formats with a
shared, standard representation based on the LOINC ontol-
ogy.
We applied LabAlignAgent to real-world lab test data

from twomajor hospitals in Saudi Arabia: King Fahad Spe-
cialist Hospital (KFSH) and Saudi GermanHospital (SGH).
First, we built custom ontologies for each hospital by trans-
forming their lab test records into OWL format and enrich-
ing them with clinical metadata such as units, sample types,
and test methods. Then, we used a combination of exact
match, fuzzy string similarity, and GPT-4-assisted prompts

to map these tests to LOINC codes and identify equivalent
tests across hospitals.
Our results showed that out of 262 lab tests, 202 were

successfully matched and enriched with LOINC concepts.
The remaining unmatched tests were mostly due to differ-
ences in hospital departments or the use of specialized tests
that did not exist in both datasets. An expert in clinical lab-
oratory medicine validated all aligned mappings and con-
firmed that they were clinically accurate and meaningful.
All ontology-level equivalence links are expressed using

skos:exactMatch, which accurately captures concept-level
equivalence between institutional catalog entries without
asserting identity of the underlying information artifacts.
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