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Abstract

Clinical Natural Language Processing (NLP)
integrates large language models (LLMs) to
extract biomedical insights from unstructured
clinical text. Most named entity recognition
(NER) and relation extraction (RE) datasets
rely on manual annotation, which is costly and
difficult to scale. Many biomedical knowledge
graphs (KG) suffer from underspecified rela-
tions, conflate causal and correlational claims,
and edges lack evidence for reasoning. This
dissertation presents a semantic stability frame-
work for constructing explainable KGs, high-
lighting stable extraction as fundamental for
scalable NER and RE, and essential for graph
structure. We applied this to Substance Use
Disorders (SUD) and Social Determinants of
Health (SDOH) from PubMed corpus and NER
and RE annotation guide. Multiple LLMs per-
form extraction under shared semantic con-
straints, with disagreements resolved through
Human-in-the-Loop (HITL) validation. We de-
fine semantic stability through NER and RE
metrics, using stabilized gold data for model
training and evaluation. We then develop a
claim-centered KG, where edges represent evi-
dence, provenance, relation type, directionality,
polarity, and stability indicators. This bench-
mark and pipeline supports multi-hop reason-
ing, triadic SUD-SDOH-SUD mediation pat-
terns, and feedback loop analysis. This will
advance etiological inquiries and data-driven
health policy analysis.

1 Introduction

Substance use disorders (SUDs) are closely inter-
twined with social determinants of health (SDOH),
forming a complex web of behavioral, structural,
and medical factors that amplify negative outcomes
(Brown and Elliot, 2021). Research shows how
socioeconomic instability, discrimination, trauma
exposure, and housing insecurity exacerbate sub-
stance use and obstruct recovery (Peacock et al.,

2014). Understanding the temporal and bidirec-
tional interactions between these domains is essen-
tial for developing equitable, data-driven public
health interventions (Calman et al., 2012; Tomines
et al., 2013).

Electronic health records (EHRs) and biomed-
ical literature contain detailed accounts of these
interdependencies in unstructured narratives (Nash-
wan and Abujaber, 2023). Conventional analytical
methods using structured fields fail to capture nu-
anced relationships between SUD and SDOH (Gue-
vara et al., 2024; Nashwan and Abujaber, 2023).
Recent advances in LLMs fine-tuned with domain-
specific objectives have shown promise in extract-
ing insights from text (Doumanas et al., 2025; Gu
et al., 2025).

Despite their potential, LL.Ms face significant
challenges in clinical and public health contexts.
Unstructured clinical data on SDOH and SUDs
are often scarce and context-sensitive, risking mis-
interpretation (Deferio et al., 2019; Gu et al,,
2025). These limitations are critical for the de-
ployment of LLMs in sensitive applications. With-
out proper data curation and bias mitigation, mod-
els can reinforce the disparities they aim to ad-
dress (Arora et al., 2023; Giuffre and Shung, 2023;
Liu et al., 2024). Clinical utility requires robust
NLP pipelines that incorporate fairness-aware mod-
eling and transparent interpretability (Luschi et
al., 2023).

2 Contributions

This dissertation introduces semantic stability and
claim-level explainability as principles for extract-
ing behavioral health knowledge and constructing
interpretable KGs. We argue that the challenges in
robustness, interpretability, and downstream appli-
cations for SUD-SDOH NLP systems stem from
vague semantic definitions and inadequately spec-
ified relational representations rather than model
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Figure 1: Overview of the Semantic-Stability-Aware pipeline.

limitations. While prior studies focused on robust-
ness from a model perspective, they often fail to en-
sure extracted knowledge is explainable, auditable,
or ready for analysis. However, this dissertation ar-
gues that in behavioral health NLP, true explainabil-
ity requires making semantic commitments explicit
at entity, relation, and claim levels, rather than just
clarifying model mechanisms.

This study presents a semantically grounded
SUD-SDOH corpus sourced from biomedical lit-
erature, along with stability-aware evaluation pro-
tocols for NER and RE. It also introduces a multi-
LLM-assisted annotation framework that incorpo-
rates selective human adjudication and a claim-
focused knowledge graph that applies these con-
cepts. A key methodological innovation of this dis-
sertation is a stability-aware evaluation approach
that augments token-level metrics with paraphrase-
based invariance tests, revealing failure modes
that traditional accuracy metrics overlook. To our
knowledge, this study is among the first to address
semantic stability and claim-level explainability as
integrated design goals across annotation, extrac-
tion, evaluation, and knowledge graph construction
in the field of behavioral health NLP.

2.1 Semantic Stability as a Unifying Principle:

We introduce semantic stability, defined as the con-
sistency of extracted entities and relations across
meaning preserving paraphrases. From this per-
spective, instability reflects semantic underspecifi-
cation rather than model error, motivating evalua-
tion beyond token-level accuracy.

2.2 A Semantically Grounded SUD-SDOH
Corpus:

We created a specialized corpus using PubMed ab-
stracts and full-text articles based on the Diagnostic
and Statistical Manual of Mental Disorders (DSM-
5) and Medical Subject Headings (MeSH). We es-
tablished a formal annotation guide for NER and
RE, detailing semantic definitions, boundary rules,
criteria for inclusion and exclusion, and providing
contrastive examples. This framework facilitates
reproducible annotations and allows for systematic
identification and analysis of semantic ambiguity.

2.3 Multi-LLM Assisted Annotation with
Human Adjudication:

We propose a stability-aware annotation framework
in which multiple LLMs act as semantic annota-
tors under identical guidelines. Cross-model and
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cross-paraphrase disagreements serve as diagnostic
signals for semantic ambiguity rather than being
resolved through majority voting. PhD-level anno-
tators adjudicate flagged cases, making semantic
commitments or labeling instances as ambiguous,
and refine guidelines when needed. This process
yields semantically consistent gold-standard anno-
tations.

2.4 Stability-Aware NER Evaluation under
Paraphrasing:

Using gold-standard data, we will evaluate NER
through standard precision, recall, and F1 metrics,
while also incorporating paraphrase-based seman-
tic stability measures. These evaluations examine
the consistency of entity presence, type, and bound-
ary assignment across meaning-equivalent expres-
sions, revealing failure modes that token-level ac-
curacy alone does not capture.

2.5 Evidence-Grounded Relation Extraction
for Linguistic Claims:

For sentences with SUD and SDOH entities, we
will frame RE as the identification of explicit se-
mantic claims based on sentence evidence. Each
relation encodes type, directionality, and polarity,
justified through cited evidence spans and linguistic
cues in the prompt schema. This framing distin-
guishes correlational, causal, and feedback state-
ments and supports stable interpretation under para-
phrasing.

2.6 Benchmarking and Explainable
Knowledge-Graph Reasoning:

We will fine-tune LLLMs for NER and RE and
benchmark against PubMedBERT, Clinical BERT,
and BioBERT for accuracy and semantic stabil-
ity. Stable, evidence-grounded claims will be inte-
grated into a claim-centered, explainable KG sup-
porting stability-aware querying and analysis of
higher-order structures, such as mediation chains
and feedback loops, rather than unrestricted infer-
ence. All datasets, models, and evaluation tools
will be publicly released on Hugging Face.

The main objective of this thesis is to answer the
following questions:

¢ RQ1 (Semantic Stability in NER): How can
semantic stability be defined, operationalized,
and evaluated for NER of SUD and SDOH
concepts under paraphrasing, and how does

this perspective expose failure modes not cap-
tured by token-level accuracy metrics?

* RQ2 (Evidence-Grounded Relation Extrac-
tion): How can the relationship between
SUDs and SDOHs be represented as evidence-
grounded semantic claims with explicit re-
lation type, directionality, and polarity, and
what mechanisms ensure their stability under
meaning-preserving paraphrases?

* RQ3 (Explainable Knowledge-Graph Rea-
soning): How can semantically stable enti-
ties and relations be composed into an inter-
pretable KG that supports reliable multi-hop
analysis of directional and feedback patterns
in SUD-SDOH interactions?

3 Related Work

3.1 Named Entity Recognition for SUD and
SDOH

NER refers to the task of identifying the names of
all people, organizations, and geographic locations
in a given text (Munnangi, 2024). RE is a task that
focuses on identifying and extracting the intricate
relationships between different entities mentioned
in textual content (Diaz-Garcia and Lopez, 2024).

NER is a foundational task in biomedical and
clinical natural language processing that enables
downstream tasks, such as RE and KG creation.
In SUD-SDOH NER, a major challenge is the de-
pendence on manual annotation by domain experts
or trained annotators. Although crucial for qual-
ity, this process is labor-intensive, expensive, and
difficult to scale, especially for social entities with
high linguistic variability, leading to small datasets
that fail to represent paraphrastic and contextual
diversity (Ralevski et al., 2024).

Progress in biomedical NER has been driven by
domain-specific pretrained language models, such
as ClinicalBERT (Huang et al., 2019), BioBERT
(Lee et al., 2020), and PubMedBERT (Gu et al.,
2021), which excel at identifying biomedical en-
tities at the span level. Most NER systems focus
on precision, recall, and F1 scores, assuming con-
sistent annotation boundaries and semantic scopes.
These assumptions often fail with SDOH entities,
such as housing instability or financial stress, which
are implicit, context-sensitive, and expressed in var-
ied ways.

Approaches using prompts and large language
models, such as PromptNER (Ashok and Lipton,
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2023), reduce annotation costs and enable zero or
few-shot extraction. However, they struggle with
unstable span boundaries and inconsistent semantic
types. Recent models on SDOH trained through
careful corpus selection or weak supervision (Gue-
vara et al., 2024) have improved coverage. How-
ever, they still treat NER as a single-pass predic-
tion task without formalizing the annotation logic
or evaluating the robustness to paraphrasing and
contextual variation.

3.2 Relation Extraction and Structured
Modeling of SUD-SDOH Interactions

RE discerns semantic connections between enti-
ties in text (Lybarger et al., 2023). In biomedical
NLP, RE has focused on molecular and clinical re-
lationships, such as interactions between drugs or
genes and diseases, with transformer-based and
span-based architectures showing strong perfor-
mance on benchmarks. However, these methods ex-
tract undirected or weakly typed relations, limiting
interpretability beyond surface-level associations.

In the SUD and SDOH literature, research has
mainly focused on extracting entity or event infor-
mation. Richie et al. (2023) suggested the use of
multitask transformer models to identify substance-
use events and attributes, whereas Lybarger et al.
(2023) presented joint entity—relation architectures
(mSpERT) for extracting structured social history.
These approaches capture event internal structure
but do not address directionality, causal language,
or interactions between substance use and SDOH.

LLMs have been used to extract relationships
from clinical and social narratives through prompt-
ing or weak supervision. Although these systems
can detect associations in text, they often confuse
correlational and causal terminology and rarely
base relationships on clear evidence spans. These
shortcomings are not entirely due to the models,
most biomedical RE datasets and evaluation pro-
tocols do not incorporate directionality, polarity,
confidence, or causal language as primary relation
attributes, making it difficult to learn or evaluate
these distinctions.

3.3 Knowledge Graph Construction and
Reasoning in Behavioral Health

KGs are extensively utilized to structure extracted
biomedical information and facilitate tasks such as
information retrieval, link prediction, and question
answering. Large-scale biomedical KGs are de-
signed to maximize coverage by treating extracted

relationships as unqualified assertions. In clini-
cal NLP workflows, KG construction incorporates
NER and RE outputs without re-evaluating up-
stream annotation ambiguities, extraction incon-
sistencies, or evidential uncertainties.

Frameworks focused on event-centric and struc-
tured extraction, such as those utilizing the Social
History Annotation Corpus (SHAC), represent sig-
nificant advancements toward more comprehensive
representations of clinical narratives (Lybarger et
al., 2020). These approaches enhance the model-
ing of triggers and arguments but do not extend to
multi-hop reasoning, causal interpretation or feed-
back modeling across domains. The SOcial De-
terminAnts (SODA) framework (Yu et al., 2024)
exemplifies ongoing research on fairness and demo-
graphic bias in SDOH extraction, highlighting the
critical need for interpretable and accountable rep-
resentations. However, it falls short of addressing
the reasoning process for the extracted knowledge.

Recent studies on methods for constructing
knowledge graphs highlight extraction, learning,
and evaluation as distinct phases, incorporating
LLM-enhanced pipelines and considerations for in-
terpretability (Choi and Jung, 2025). Nevertheless,
this focus on pipelines tends to neglect how issues
like annotation ambiguity, linguistic variability, and
extraction instability affect subsequent reasoning
processes. Consequently, current biomedical KGs
are not well equipped to address why-oriented in-
quiries, such as why job loss leads to substance
relapse in some people but not in others.

4 Proposed Methodology

4.1 Motivation

Despite advances in biomedical NER, event ex-
traction, and relation modeling, most approaches
continue to treat SDOH and SUD as separate mod-
eling problems. This separation leads to persistent
limitations, including unstable entity definitions,
neglected cross-domain interactions, fragmented
behavioral health representations, and limited sup-
port for interpretable or inferential reasoning. In
practice, however, these domains are deeply in-
terconnected for example, job loss may increase
alcohol use, which in turn disrupts treatment en-
gagement and contributes to housing instability
through multi-step, context-dependent pathways.
To address these gaps, we introduce a stability-
aware, reasoning-oriented framework for extracting
and modeling interactions among SUD and SDOH
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factors from biomedical literature. Using a curated
corpus of PubMed abstracts and full-text articles
retrieved via DSM-5 diagnostic criteria and MeSH
terms, we will extract semantically consistent enti-
ties spanning substances, social conditions, clinical
states, and behavioral factors, along with evidence-
grounded relationships. Each relation will be mod-
eled as an explicit claim annotated with a semantic
type (e.g., causal or correlational), directionality,
polarity, confidence, and textual provenance. These
claims will be organized into a typed, directed,
and attributed KG designed to support multi-hop,
context-aware, and interpretable reasoning across
intertwined behavioral health pathways (see Fig-
ure 1).

4.2 Dataset creation and Pre-processing

Several reasons favor the use of the PubMed corpus
over clinical databases such as MIMIC-III/IV or
social media platforms such as Reddit. PubMed
offers peer-reviewed and scientifically validated
content aligned with the DSM-5 and MeSH ontolo-
gies (see Table 2). It provides detailed causal and
correlation narratives showing interactions between
SUD and SDOH, which are often limited in health
records and user-generated content. PubMed en-
sures ethical transparency through publicly acces-
sible anonymized content suitable for reproducible
benchmarks. Its organized narrative style and pre-
cise language are ideal for extracting semantically
stable entities and evidence-based relationships us-
ing LLMs.

We constructed a corpus of Substance-Related
and Addictive Disorders using DSM-5 diagnostic
terms and MeSH vocabularies from PubMed and
PMC. After deduplication and exclusion of invalid
records, the dataset spanned 2021-2025 and com-
prised 531,203 documents, including abstracts and
full texts. From this corpus, we extracted entity cat-
egories based on DSM-5 definitions (see Table 1).

4.3 Annotation Guidelines and Semantic Con-
straints

We created a comprehensive annotation guide that
outlined entity definitions, boundary rules, inclu-
sion and exclusion criteria, and contrastive positive
and negative examples for SUD and SDOH con-
cepts. The guidelines are based on DSM-5 and
MeSH to ensure domain validity. Crucially, these
guidelines were implemented as explicit decision
rules rather than descriptive definitions, allowing
for consistent application across models and anno-
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Disorder Category PubMed + PMC
Substance Abuse / Addictive Disorder 57,724
Alcohol-Related Disorders 155,158
Caffeine-Related Disorders 24,697
Cannabis-Related Disorders 28,620
Hallucinogen-Related Disorders 22,083
Inhalant-Related Disorders 42,770
Opioid-Related Disorders 31,412
Sedative, Hypnotic, or Anxiolytic Use 37,529
Disorder

Stimulant-Related Disorders 17,066
Tobacco-Related Disorders 91,345
Non-Substance-Related Disorders (be- 22,799

havioral addictions)

Table 1: Substance Use Disorder categories extracted
from PubMed and PMC.

tators.
4.4 Multi-LLM Annotation Pipeline

During the annotation phase, several LLMs, such
as GPT-5, Claude 4 Sonnet, Gemini 2.5, and
DeepSeek-V2, act as independent semantic anno-
tators. Each LLM annotates the same text using
identical prompts and guidelines. At this stage, no
model training or fine-tuning was performed. The
goal is not to identify the best-performing model
but to assess whether the annotation guide yields
consistent semantic decisions across various model
architectures and reasoning styles. Each model will
perform two coordinated tasks:

* Named Entity Recognition (NER): NER
will be used to detect and label entities un-
der the categories — substance use, SDOH,
behavioral, and population. Prompts will in-
corporate exemplar spans and contextual cues
to ensure consistent and domain-specific tag-

ging.

Relation Extraction (RE): For each sentence
that includes at least one Substance Use and
one SDOH entity, the model will infer the
relation type (causal, correlational, or bidirec-
tional), direction, and polarity. The prompts
will explicitly define relation schemas and re-
quest accompanying evidence spans and lin-
guistic cues to justify each prediction.

4.5 Chain-of-Thought Reasoning

To enhance interpretability and support future re-
search on explainability, each model will be tasked
with producing chain-of-thought (CoT) rationales
that outline its reasoning process, explaining why a
specific entity or causal or correlational connection
was deduced (Lee et al., 2022).



4.6 Human-in-the-Loop (HITL) Validation

We will use an iterative human-in-the-loop (HITL)
validation process to convert the model outputs into
a gold standard benchmark (Mosqueira-Rey et al.,
2022). Instances showing cross-model or cross-
paraphrase disagreement will be escalated to PhD-
level annotators for adjudication. Disagreements
will not be resolved by majority vote. Instead, an-
notators will assess whether source text supports se-
mantic commitment under current guidelines. Each
case will receive one outcome: (1) confirmation of
entity annotation, (2) rejection of annotation, or (3)
explicit labeling as semantically ambiguous due to
insufficient evidence. Disagreements that expose
underspecified guideline criteria will trigger tar-
geted revisions (e.g., refined definitions, boundary
rules, or examples). The ambiguity intrinsic to the
text will be preserved rather than coerced into a
definitive label, ensuring the benchmark reflects
semantic uncertainty rather than bias.

4.7 Role of Semantic Stability Beyond Annota-
tion

Semantic stability will be initially employed diag-
nostically during annotation, and later will be used
as an evaluation metric for trained models and a
structural constraint in KG construction. In the an-
notation phase discussed here, however, stability is
solely a tool for semantic validation and ambigu-
ity detection, ensuring that subsequent modeling
and reasoning are based on a dependable semantic
foundation.

4.8 Knowledge Graph Construction

All validated relational claims will be instantiated
in a heterogeneous, directed knowledge graph im-
plemented using the Neo4j framework (Chaudhary,
Vyas, Arora, and D’Mello, 2024). Only relations
that satisfy predefined stability and evidence crite-
ria are promoted to graph edges, whereas uncertain
claims are retained with confidence metadata.

* Nodes: Semantically normalized entities
typed as SUD, Substance, SDOH, Clinical
Condition, Behavioral Factor, Population Con-
text.

* Edges: Directed, evidence-grounded edges
representing explicit relational claims be-
tween entities. Edges are labeled with re-
lation semantics (e.g., causal, correlational,
or feedback-oriented), directionality, polarity
and sentence-level source evidence.

* Schema: A typed and attributed schema de-
signed to represent SUD-SDOH interactions,
including multi-hop pathways and cyclic
structures reflecting reinforcing or mitigating
feedback loops.

Multiple extractions referring to the same en-
tity pairs will be aggregated across documents and
models to compute edge-level stability and confi-
dence indicators, where confidence reflects consis-
tency under semantic constraints and evidentiary
support. This aggregation allows the graph to retain
heterogeneous relations, such as differing relation
types, directionality, and polarity, while explicitly
preserving uncertainty. The resulting structure sup-
ports graph traversal and analytic queries that trace
multi-step pathways (e.g., stress — substance use
— employment disruption) and examine how so-
cial and behavioral factors propagate across inter-
connected entities. This design aligns with recent
work emphasizing the role of structured knowledge
graphs in downstream analytical tasks in biomedi-
cal research (Shao et al., 2024) and extends prior
approaches by incorporating semantic stability and
explicit evidence at the point of graph instantiation.

4.9 Evaluation

Extraction Accuracy:

We will evaluate NER using both standard per-
formance metrics and semantic stability metrics
designed to assess consistency under meaning-
preserving paraphrases. Standard NER Metrics
like span-level precision, recall, and F1, will be
computed against gold annotations. These metrics
measure whether the model can correctly identify
entity spans and labels under conventional evalua-
tion assumptions (Richie et al., 2023).

We propose a stability-based evaluation con-
ducted over paraphrase clusters, where each cluster
comprises multiple sentences conveying the same
meaning. For each entity in a canonical sentence,
we assess: Entity Semantic Stability (ESS), which
is the proportion of paraphrases where the same
entity is extracted.

Relation Extraction (RE): We evaluate RE
using standard precision, recall, and F1 score, com-
puted against gold-standard relation annotations.
A predicted relation is considered correct only if
both participating entities are correctly identified
and the predicted relation semantics match the gold
annotation (Richie et al., 2023).

To evaluate robustness against variations that

792



Social Determinants of Health (SDOH)

Entity Type Example Mentions / Phrases

Economic Status
Employment Status
Housing Stability
Education Level

Social Isolation

Stigma & Discrimination
Violence & Trauma
Insurance Status

poverty, low income, food insecurity, financial hardship, economic strain

unemployment, job loss, underemployment, unstable work, occupational stress

homelessness, housing instability, eviction, overcrowding, insecure housing

low education, literacy, school dropout, educational attainment, academic stress

loneliness, lack of social support, community disconnection, social exclusion

stigma, discrimination, racism, bias, marginalization, prejudice

interpersonal violence, abuse, trauma, domestic violence, adverse childhood experiences (ACEs)
insurance coverage, Medicaid, out-of-pocket costs, lack of insurance, underinsurance

Substance Use Disorders (DSM-5 / MeSH)

Entity Type

Example Mentions / Phrases

Substance Abuse / Addictive Disorder

Alcohol-Related Disorders

Caffeine-Related Disorders
Cannabis-Related Disorders
Hallucinogen-Related Disorders

Inhalant-Related Disorders
Opioid-Related Disorders

Sedative, Hypnotic, or Anxiolytic Use Disorder
Stimulant-Related Disorders
Tobacco-Related Disorders

Non-Substance-Related Disorders (Behavioral Addictions)

substance use disorder, substance dependence, substance abuse,
substance-induced disorder

alcohol use disorder, binge drinking, alcohol dependence,
chronic alcohol use, alcohol intoxication, alcohol withdrawal,
alcohol abuse

caffeine intoxication, caffeine withdrawal, excessive caffeine
use, energy drink abuse, caffeine dependence

cannabis use disorder, marijuana abuse, THC intoxication,
cannabis dependence, chronic cannabis use

LSD abuse, hallucinogen intoxication, psilocybin use, PCP
abuse, hallucinogen use disorder

inhalant abuse, solvent use, aerosol misuse, inhalant intoxication
opioid use disorder, heroin dependence, prescription opioid mis-
use, fentanyl overdose, opioid withdrawal

benzodiazepine misuse, sedative abuse, anxiolytic dependence,
sleeping pill addiction, Xanax withdrawal

stimulant use disorder, cocaine dependence, methamphetamine
abuse, crack addiction, stimulant-induced psychosis

nicotine dependence, tobacco use disorder, vaping addiction,
smoking relapse, withdrawal craving

gambling disorder, internet gaming disorder, compulsive shop-
ping, sex addiction, social media addiction, behavioral addiction

Table 2: Social Determinants of Health (SDOH) and Substance Use Disorder (SUD) entity types with representative
examples derived from DSM-5 and MeSH vocabularies.

preserve meaning, we introduce Relation Semantic
Stability (RSS). For each relation identified in a
reference sentence within a paraphrase cluster, RSS
calculates the proportion of paraphrases in which
the relation’s semantic attributes such as relation
type (causal vs. correlational), directionality and
polarity remain consistent.

Graph Integrity : We will evaluate extracted
claims against a gold standard using precision, re-
call, and F1, following established practice in large-
scale fact extraction and knowledge graph refine-
ment (Dong et al., 2014; Paulheim, 2016). A pre-
diction is considered correct only if it matches the
reference on relation family, argument roles, direc-
tionality and polarity.

We will evaluate support for interpretable multi-
hop analysis using structured queries correspond-
ing to known or hypothesized SUD-SDOH path-
ways (e.g., SDOH — SUD — outcome). The met-

rics include path validity, path coherence, and cov-
erage of literature-supported pathways. This evalu-
ation strategy is aligned with established bench-
marks for multi-hop reasoning over biomedical
knowledge graphs, which systematically assess rea-
soning across 1-hop and 2-hop graph tasks (Kim et
al., 2025).

Conclusion

This dissertation introduces a framework centered
on semantic stability for the extraction, evaluation,
and representation of behavioral health knowledge
from unstructured biomedical texts, specifically
targeting SUDs and SDOHs. Moving away from
model-focused ideas of robustness, this study rein-
terprets instability in NER and RE as an indica-
tion of vague semantics rather than a failure of the
model, asserting that dependable downstream rea-
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Minimal Viable Study: Phased Plan and Research Questions

standard dataset.

Phase Scope, Progress, and Deliverables
Phase 1: Corpus & NER Bench- | Progress: Completed / In Progress.
mark (RQ1) Completed: Curated a DSM-5 and MeSH grounded SUD-SDOH corpus and developed

a rule-based NER annotation guide.
In progress: Multi-LLM NER annotation with HITL adjudication to produce a gold-

Planned: Fine-tuning and semantic stability evaluation.

Phase 2: Relation Extraction
Benchmark (RQ2)

Progress: Planned.

Develop RE annotation guidelines, perform multi-LLM annotation with HITL adjudica-
tion, fine-tune RE models, and evaluate Relation Semantic Stability (RSS).

Phase 3: Knowledge Graph
Construction (RQ3)

Progress: Planned.

Construct a claim-centered SUD-SDOH knowledge graph with evidence, directionality,
polarity, and stability indicators; evaluate multi-hop pathways.

Table 3: Minimal viable study design showing completed, ongoing, and planned phases mapped to Research

Questions RQ1-RQ3.

soning necessitates clear semantic commitments in
annotation, extraction, and representation.

This study creates a semantically based
SUD-SDOH corpus by integrating multi-
LLM-assisted annotation with human adjudication
and introduces stability-aware evaluation metrics
to measure consistency in meaning-preserving
paraphrases. These assessments highlight the
shortcomings of traditional token-level accuracy
and encourage the development of stabilized gold
standards for training and evaluating extraction
models in the future. Building on these find-
ings, this dissertation enhances evidence-based
relation extraction by considering relations as
linguistic assertions annotated with semantic type,
directionality, polarity, provenance, and stability
indicators.

The claim-centered knowledge graph developed
here surpasses simple associative connections by
enabling interpretable multi-step reasoning, medi-
ation sequences, and feedback loops, which are
crucial for understanding the causes of behavioral
health issues. By making all data, annotation
guides, evaluation tools, and trained models ac-
cessible to the public through Hugging Face, this
study lays a transparent and reproducible ground-
work for future studies. In a broader sense, this
highlights that achieving explainability in clinical
NLP goes beyond merely clarifying models, it ne-
cessitates the development of semantically stable
and auditable representations that effectively con-
nect language, evidence, and reasoning for research
on data-driven health policies and interventions.

Furthermore, the use of HITL and CoT mecha-
nisms in our method will help in mitigating one of
the major challenges in applying Al to this research.

the tendency of LLMs to produce spurious entities
and relationships during extraction which may lead
to distorted causal pathways between SUD and
SDOH, potentially misguiding policy and deep-
ening disparities. These methods will iteratively
refine outputs, reducing hallucinations and improv-
ing graph integrity.

This initiative will allow the research commu-
nity to replicate, expand, and utilize our framework
with new datasets and domains, thereby accelerat-
ing advancements in explainable and socially aware
clinical NLP. This thesis makes a significant contri-
bution by offering not only a new methodological
framework, but also a strategic plan for utilizing
Al to unravel the intricate social-behavioral aspects
of health. It establishes a basis for creating fair,
transparent, and context-sensitive clinical decision
support tools and paves the way for future research
on multimodal integration, longitudinal analysis,
and real-time public health surveillance. The mini-
mal viable study design is shown in Table 3.

Limitations

The dataset used in this study was derived from
PubMed abstracts and PMC full-text articles and
did not include electronic health record (EHR) data,
such as MIMIC-IIT or MIMIC-1V, or real-world pa-
tient records. As a result, clinical narrative charac-
teristics, including abbreviations, fragmented syn-
tax, shorthand expressions, and implicit entity men-
tions common in EHRs, were underrepresented.
This study focuses on unstructured textual data and
does not incorporate complementary modalities
such as medical imaging, structured EHR fields, or
clinical coding systems (e.g., International Classifi-
cation of Diseases [ICD] and Current Procedural
Terminology [CPT]), which limits multimodal and
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longitudinal modeling.

The knowledge graph is constructed from a static
snapshot of the literature and does not support con-
tinual learning or updates, limiting its ability to
adapt to new evidence or to evolving clinical knowl-
edge. The claim-centered graph representation
with edges annotated with textual evidence, prove-
nance, semantic type, directionality, polarity, and
stability indicators adds computational and stor-
age overhead compared to conventional knowledge
graphs, which may limit scalability in large-scale
or real-time deployment settings.
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