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Abstract

Background: People share health experiences online as stories, not isolated facts. Most computational systems reduce
these narratives to keywords or claims, overlooking the agency, causality, and interpretation that determine whether health
information is safe or potentially harmful to act on. Content can use medically accurate terminology while describing unsafe
behavior, rendering it invisible to fact-checking and keyword approaches. This limitation, which we term narrative blindness,
constrains the ability of computational systems to extract, represent, and reason over narratives as coherent wholes.

Objective: This study introduces the Narrative Builder, a computational framework that reconstructs unstructured online
health stories into machine-readable agent-action-outcome (AAQ) narrative graphs, preserving structural, causal, and
interpretive dimensions. We formalize narrative blindness as a measurable property of natural language processing systems and
evaluate whether theory-grounded reconstruction can address it.

Methods: We operationalized Labov and Waletzky’s sociolinguistic narrative theory within a computational AAO schema,
enriched with interpretive dimensions from psychological and clinical communication frameworks. From 5386 Reddit health
threads (spanning February 2019 to November 2024), 2 domain experts (a biomedical researcher and a physician) annotated
a gold-standard dataset of 2000 segments from 704 threads, with interrater reliability (Krippendorff o) of 0.75 to 0.82 across
all annotated tasks (0.78-0.81 for the 4 interpretive classification tasks). A dual-model architecture combining BioBERT
(Bidirectional Encoder Representations From Transformers for Biomedical Text Mining) with a conditional random field
(CRF) layer for AAO extraction and multitask DistilBERT for interpretive classification was evaluated using 5-fold grouped
cross-validation, grouped on the annotation-level key to prevent data leakage, with a separate held-out test set and a McNemar
test against term frequency—inverse document frequency (TF-IDF) and BioBERT-without-CRF baselines.

Results: The Narrative Builder achieved a span-level Fi-score of 0.850 for AAO extraction on the held-out test set, with
per-type F; of 0.90 (action), 0.83 (agent), and 0.77 (outcome), outperforming the TF-IDF baseline (0.781; P<.001). Labovian
stage classification reached macro-F; of 0.501, and interpretive dimensions reached macro-F; values of 0.466 (emotion),
0.528 (stance), and 0.465 (tone). Clinical-value extraction achieved a precision of 0.90, and Unified Medical Language System
concept normalization reached 100% coverage across 12,101 queries. A rule-based causal direction classifier identified 17.3%
of segments as candidate outcome-to-action (inverted) patterns, though validation showed limited precision (0.277), and this
distribution is reported as exploratory. Single-rater expert review of generated graphs indicated narrative coherence (mean
0.89, SD 0.08) and medical plausibility (mean 0.91, SD 0.07).

Conclusions: The Narrative Builder reads health stories as coherent wholes rather than isolated facts, producing AAO
narrative graphs that retain the agents, actions, outcomes, and emotional framing that determine how individuals interpret and
act on health information. By formalizing narrative blindness as a measurable property and reconstructing narrative structure
with strong extraction performance, this work establishes narrative reconstruction as a feasible complement to fact-based
health informatics, providing structured input for downstream credibility assessment.
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Introduction

Background

People rarely describe their health experiences online as
isolated facts; they tell stories. Consider a Reddit post: “I just
turned 27 and they told me my blood pressure is danger-
ously high. I don’t understand how this is happening to
me.” In this brief account, the narrative conveys a medi-
cal finding (hypertension), an emotional response (fear), an
implicit expectation violation (too young for chronic disease),
and an unspoken plea for guidance. Traditional fact-check-
ers might verify “high blood pressure exists” yet remain
blind to the fear, youth confronting chronic disease, and
contextual meaning shaping interpretation and action. This
gap between what computational systems extract and what
humans understand represents a growing challenge for digital
health.

The digital transformation of health information has
changed how people navigate illness, with search engines
and social media functioning as de facto triage tools [1-3].
On Reddit, which hosts over 444 million weekly active users
and 116 million daily unique visitors as of late 2025, health
information manifests predominantly as personal stories
interweaving symptoms, actions, and outcomes through lived
experience [4-6]. These stories leverage “narrative trans-
portation,” making them more memorable and persuasive
than statistical presentations [7-9]. Our prior survey reveals
that while users acknowledge misinformation concerns, peer
narrative relatability often supersedes institutional source
reliability [10,11]. Users match symptoms to stories, adopt
diagnoses from the narrator, and make treatment decisions
based on anecdotes, with no indication that this behavior
will cease. Thus, the goal cannot be preventing this behav-
ior but ensuring the information encountered is credible and
trustworthy.

While health misinformation is often evaluated at the level
of isolated factual claims, much of the health information
shared online takes the form of personal stories. We define
narrative blindness as the systematic inability of computa-
tional systems to extract, represent, and reason over narrative
structure and meaning as coherent wholes [12,13]. Existing
systems exhibit this limitation by failing to read health
information as stories, which can obscure clinically harmful
behaviors embedded within otherwise plausible or factually
accurate narratives. Our previous work demonstrated that
TF-IDF baselines achieved only 12% recall for misinforma-
tion detection [14], while an integrated knowledge graph-
large language model (LLM) approach reached 72% recall
[15]. Even state-of-the-art biomedical transformers such
as BioBERT (Bidirectional Encoder Representations From
Transformers for Biomedical Text Mining) [16], PubMed-
BERT [17], and ClinicalBERT [18], which excel at entity
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recognition in formal clinical text, are not designed to read
online stories, that is, to track events, actors, and temporal
progression as integrated, meaning-bearing narratives.

Recent multitask learning approaches in clinical natu-
ral language processing (NLP) show promise for joint
entity extraction and relation classification yet remain
focused on formal electronic health records rather than
informal, experience-driven health discourse online. Graph-
based representations of medical events capture local
entity relationships but lack explicit causal directionality
and interpretive framing, both essential for understand-
ing narrative intent and credibility. Health misinformation
detection systems [19] achieve high accuracy on fact-ver-
ification benchmarks but operate at the level of isolated
claims, rendering them incapable of distinguishing safe from
harmful narratives built from otherwise accurate informa-
tion. Systems excelling at detecting key phrases or discrete
entities fail to capture the causal structure of who did what
and what resulted, producing “context-collapsed” output that
loses narrator identity, relationship to events, and emotional
framing. Traditional bag-of-words features and sentence-level
classifiers cannot encode temporally ordered agent-action-
outcome sequences.

The danger becomes concrete when examining actual
discussions. A substantial portion of genuinely risky
content uses medically accurate terminology while describing
clinically harmful behaviors, for example, “Keeping blood
sugar stable matters. I'm on a regular 20 units insulin
schedule, but I’ve started spacing out doses on days I feel fine
because the cost adds up.” Every keyword checks out “blood
sugar,” “insulin,” “20 units,” yet this narrative describes
potentially fatal self-medication that could precipitate diabetic
ketoacidosis. Binary fact-checking systems verify the medical
terminology and classify the content as accurate. Narrative-
aware systems see a patient rationalizing harmful decision-
making wrapped in relatable health care cost concerns. This
represents a particularly risky category of health misinforma-
tion, content that is largely invisible to keyword-based and
semantic similarity approaches because individual facts are
correct even as narrative logic is lethal.

This paper introduces the Narrative Builder, which
reconstructs unstructured health text into structured agent-
action-outcome (AAQO) narrative graphs enriched with
emotion, stance, and tone metadata. By reconstructing
causal experiences embedded in stories, the approach
produces machine-readable representations that preserve
contextual meaning humans use to interpret health infor-
mation. Unlike neural event-chain models [20,21] that
learn sequences through unsupervised mining, we operation-
alize established sociolinguistic and psychological theory.
Where event-chain models represent events as verb argu-
ment structures, the AAO schema distinguishes agents,
actions, and outcomes with explicit causal directionality and
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interpretive dimensions, producing structured graphs suitable
for downstream medical verification.

Study Objectives

This study addresses these challenges through integrated
theoretical and empirical contributions with 3 specific aims.
First, we formalize narrative blindness as a measurable
property of NLP systems, defining 5 measurable dimen-
sions that build on the research gaps surveyed by Ranade
et al [12]. Second, we develop a dual-model extraction
pipeline integrating Labov and Waletzky’s sociolinguistic
narrative theory [13] with biomedical transformers and
established interpretive frameworks from psychology [22,
23] and clinical communication [24,25], creating a system
that reconstructs unstructured health text into AAO nar-
rative graphs enriched with interpretive dimensions (emo-
tion, stance, and tone). Third, through rigorous empirical
validation using 5386 Reddit health threads with expert
annotation, we demonstrate that theory-grounded architec-
tures produce coherent, medically plausible outputs suitable
for downstream credibility assessment. We introduce AAO
narrative graphs as a novel representation format bridging
computational models with human narrative understanding.
We examine whether multitask learning across narrative
dimensions provides performance benefits over single-task
approaches and whether explicit causal direction detection
improves representation of health decision-making compared
with linear event models.

Clark & Joshi

Methods
Study Design

Overview

This study uses a mixed methods research design integrat-
ing qualitative narrative theory with quantitative natural
language processing [26]. Building on the research gaps
surveyed by Ranade et al [12], we define and operational-
ize narrative blindness as 5 measurable dimensions formal-
ized for health discourse in this work: structural blindness
(missing story organization), agentive blindness (entities
without narrative roles), causal blindness (correlation without
causation), temporal blindness (sequence without temporal
meaning), and interpretive blindness (facts without framing).
The Narrative Builder operationalizes all 5 dimensions within
the health domain.

Figure 1 provides the theoretical foundation, mapping
Labov and Waletzky’s narrative components to the com-
putational AAO schema and indicating where interpretive
dimensions (emotion, stance, and tone) are most promi-
nently expressed. The overall system architecture is illustra-
ted in Figure 2, showing the dual-transformer pipeline that
processes narrative text through interpretive classification
(DistilBERT) and structural extraction (BioBERT) to produce
AAO narrative graphs.

Figure 1. Mapping Labovian narrative structure to agent-action-outcome (AAO) schema. Conceptual diagram showing how Labov and Waletzky’s
6 narrative components [13,27] (abstract, orientation, complicating action, evaluation, resolution, and coda) correspond to AAO triplets. Solid arrows
indicate which stages contain agents, actions, and outcomes. Dashed arrows show where interpretive dimensions (emotion, stance, and tone) from the
evaluation stage enrich all AAO components. CUI: concept unique identifier; UMLS: Unified Medical Language System.

Labov and Waletzky (1967)

Six narrative stages

AAO schema

Computational triplets

Abstract
Summary overview

"Let me tell you about..."

Orientation

Agent
Who performed/experienced?
Patient, clinician, caregiver
Extracted from: orientation

Context: who, when, where
Age, condition, medication context

Complicating action
Core events: what happened

Action

What intervention/behavior?
Treatment, test, decision
Extracted from: complicating action

Changed treatment behavior

Evaluation
Meaning and emotion
Emotional response to events 7

Outcome
What resulted/changed?
Improvement, side effect, status

Extracted from: resolution

Health outcome changed

Emotion « stance « tone

Coda
Return to present

Current behavior, lessons learned

Abstract and coda
Provide narrative framing and return to present
context. Used for coherence scoring
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Enriches all components
with interpretive metadata:

Evaluation AAQ triplet

T = (Agent, Action, Outcome)
+ @(emotion, stance, tone)

+ Y(UMLS CUI, confidence)
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Figure 2. Dual-transformer Narrative Builder architecture. Two-stage pipeline: (1) Multitask DistilBERT classifying Labovian stage, emotion,
stance, and tone; (2) BioBERT (Bidirectional Encoder Representations From Transformers for Biomedical Text Mining) performing BIO (beginning-
inside-outside) tagging for agent-action-outcome (AAO) extraction with UMLS normalization. Outputs combine into AAO triplets with causal
direction detection (action-to-outcome vs outcome-to-action) and clinical quantifier extraction. Addresses five narrative blindness dimensions:
structural, agentive, causal, temporal, and interpretive. CRF: conditional random field; UMLS: Unified Medical Language System.

Classification Extraction Normalization

Graph output

Input: health narrative text
(Tokenized sequences)

Shared transformer backbone
[CLS] token + contextual embeddings

Model 1: DistilBERT
Multitask classifier

Emotion Stance Tone
5 classes 5 classes 5 classes

Labov

stage
6 classes

Hybrid UMLS normalizer
Exact match + fuzzy match (Ratcliff-Obershelp 20.7)
+ semantic match (cosine 20.6)

100% UMLS coverage

Model 2: BioBERT
AAO sequence tagger
BIO tagging + CRF layer

B-AGT | I-AGT = B-ACT | I-ACT

rrout [0}

PubMed pretraining (4.5B words)

B-OUT

Causal direction

Action->outcome (51.8%)
Outcome->action (17.3%)

Output: AAO narrative graph
G=(V,E ¢ )
Nodes: agents, actions, outcomes, quantifiers
Edges: PERFORMS, RESULTS_IN, TRIGGERS, HAS_VALUE
+ interpretive metadata (emotion, stance, tone, Labov stage)

Formalizing Narrative Blindness

In this study, narrative blindness is formally defined as
the systematic inability of computational systems to extract,
represent, and reason over the structural, causal, and
interpretive dimensions of narratives, resulting in context-col-
lapsed outputs that lose narrator identity, relationships to
events, and emotional framing.

We operationalize narrative blindness through 5 measura-
ble gaps, each corresponding to specific evaluation met-
rics. Structural blindness reflects the inability to segment
narratives into functional components such as abstract,
orientation, complicating action, evaluation, resolution, and
coda. Agentive blindness occurs when systems extract
entities without distinguishing narrative roles, failing to
identify who performs actions vs who experiences out-
comes. Causal blindness manifests as recognition of co-
occurrence without directionality, preventing determination
of whether actions cause outcomes or outcomes trigger
actions. Temporal blindness involves ordering events without
representing temporal meaning, conflating sequence with
causation. Interpretive blindness processes factual content
without capturing emotional framing, stance, or persuasive
intent.

https://ai.jmir.org/2026/1/e83496

Theoretical Framework

Overview

The framework is grounded in Labov and Waletzky’s
sociolinguistic theory of oral narratives [13,27], which
identifies 6 structural components: abstract, orientation,
complicating action, evaluation, resolution, and coda. How
these components align with AAO extraction and where
interpretive dimensions are most prominently expressed are
shown in Figure 1.

This framework is well suited to health narratives,
where evaluation stages often reveal how clinical events are
framed as emotionally meaningful experiences that influence
decision-making, while orientation establishes participant
roles and situational context affecting causal interpretation.
For example, narratives describing “reducing insulin” differ
substantially depending on whether the agent is newly
diagnosed or managing long-term complications.

Labov’s framework was selected over alternatives
such as Rhetorical Structure Theory (RST) [28] because
health narratives are predominantly experiential rather than
argumentative. Labov explicitly models evaluation, capturing
emotional framing central to credibility assessment, whereas
RST focuses on document-level coherence relations more
appropriate for argumentative text.
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Emotion categories (fear, hope, frustration, relief, anger)
were adapted from Plutchik’s psychoevolutionary theory
[22,23]. Stance categories (compliant, resistant, questioning,
advocating, neutral) were drawn from medical adherence
literature [24,29], and tone categories (clinical, anxious,
confident, supportive, skeptical) from clinical communication
research [25,30]. Full operational definitions are provided in
Multimedia Appendix 1.

Agent-Action-Outcome Schema

Narrative understanding is operationalized through AAO
triplets, extending event extraction paradigms [20,21] with
explicit causal structure. Each narrative event is encoded
as T = (agent, action, outcome), where the agent initiates
or experiences an action, the action represents an interven-
tion or behavior, and the outcome denotes the observable
result. Unlike Abstract Meaning Representation (AMR) [31]

Table 1. Corpus characteristics and annotated subset.”

Clark & Joshi

or PropBank [32], the AAO schema explicitly encodes causal
directionality and medical outcome attribution, distinguishing
action-to-outcome patterns from outcome-to-action patterns
critical for health risk assessment. Figure 1 illustrates the
theoretical alignment between Labovian stages and AAO
components.

Data Collection

Reddit was selected based on established criteria for social
media health research [5,33]. The platform’s pseudony-
mous structure encourages candid health disclosure, and
its long-form conversational style supports narrative-rich
content, with a mean post length of 238.6 (SD 182.4) tokens
(Table 1). Community-based moderation provides baseline
quality control, and publicly accessible data via the official
API enables compliant data collection.

Characteristic Full corpus Annotated subset
Threads 5386 threads 704 threads
Comments 185,181 comments 2000 segments

Text volume 2,295,242 words
34.4 (47.2)

238.6 (182.4)

Average comments/thread, mean (SD)
Average post length (tokens), mean (SD)

Date range

Interrater reliability (ct) _b

February 2019-November 2024

82,826 annotated tokens
34.1 (45.8)
241.2 (179.1)

Stratified sample
0.75-0.82

#Descriptive statistics for 5386 Reddit health threads (February 2019-November 2024) and 2000 expert-annotated narrative segments. Interrater
reliability (Krippendorff a) ranged from 0.75 to 0.82 across all annotated tasks (0.78 to 0.81 for the 4 interpretive classification tasks). In the
annotated subset column, threads, average comments/thread, and average post length describe the 704 source threads; the comments row reports the
2000 annotated segments, and the token total covers annotated segments only.

bNot applicable.

Using PRAW v7.6.0, we collected 5386 threads spanning
February 2019 through November 2024, comprising 185,181
comments and 2,295,242 words. The collection used 2
strategies. First, 2000 high-engagement threads were retrieved
by keyword search (diabetes, obesity, hypertension, ivermec-
tin, and high blood pressure) across r/AskDocs, r/Corona-
virus, r/COVID19, r/health, r/medicine, r/nutrition, and r/
science; within this batch, the collection keywords were
distributed as diabetes 29.0%, obesity 24.9%, hypertension
21.9%, ivermectin 16.6%, and high blood pressure 7.7%.
Second, 1185 threads were collected directly from r/dia-
betes, r/fitness, r/health, r/hypertension, and r/nutrition. A
further 2201 threads with extended narrative content were
drawn from the same health-focused sources; subreddit-level
provenance was not retained for this batch. These keyword
proportions describe the first collection batch only and are
not a topic-model classification of the full corpus. Table 1
summarizes corpus characteristics.

Annotation Protocol

Annotators and Training

Two domain experts conducted annotations: a biomedical
researcher (PhD, neuroimmunology, 25 years pharmaceutical
research, and drug development) and a medical doctor (18
y clinical practice). Training included a calibration phase

https://ai.jmir.org/2026/1/e83496

(n=100 segments) with iterative guideline refinement and
adjudication sessions to harmonize boundary decisions.

Procedure

A 2-stage protocol was applied. In stage 1, annotators
assigned Labovian stage labels at the sentence level. In stage
2, annotators labeled AAO spans using beginning-inside-
outside (BIO) tagging, linking spans to maintain narrative
continuity. Ambiguous agency defaulted to the most plausible
actor, and mixed emotional content was resolved by selecting
the dominant emotion. Full guidelines are provided in
Multimedia Appendix 1.

Reliability

Interrater reliability (Krippendorff a) was 0.81 for Labovian
stages, 0.79 for emotion, 0.78 for stance, and 0.78 for
tone, exceeding accepted thresholds [34]. Disagreements in
246 out of 2000 (12.3%) segments were resolved through
adjudication. The 2000 annotated segments were drawn
from 704 annotated narratives, each corresponding to one
thread in the annotation lineage (hereafter, threads). Each
thread’s narrative was segmented, and up to 3 most informa-
tive segments per thread were retained for annotation: 643
narratives contributed 3 segments, 10 contributed 2, and 51
contributed 1, totaling 2000. The grouping field used for
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cross-validation, comment_id, partitions the 2000 annotated
segments into 704 disjoint groups (mean 2.84, SD 0.53
segments per group); no group is shared across the held-out
split or any of the 5 cross-validation folds. Of these segments,
1992 out of 2000 (99.6%) yielded at least one AAO span,

Clark & Joshi

and 1625 out of 2000 (81.2%) contained complete AAO
structures. Narrative graphs are generated at the thread level,
with each of the 704 threads aggregating the AAO triplets
from its constituent segments. Figure 3 presents the data flow
from collection through annotation to evaluation.

Figure 3. Data flow diagram. Pipeline from 5386 collected threads through expert annotation (2000 segments from 704 threads), grouped splitting
on the annotation-level key (GroupKFold on comment_id, zero leakage), dual-model processing (BioBERT+CRF span-F=0.850; DistilBERT
macro-£1=0.501), and graph construction (4975 AAO triplets, 704 narrative graphs, 99.6% segment AAO coverage). AAO: Agent-Action-Outcome;
BIO: beginning-inside-outside (tagging scheme); BioBERT: Bidirectional Encoder Representations From Transformers for Biomedical Text Mining;
CRF: conditional random field; CV: cross-validation; UMLS: Unified Medical Language System.

Data collection

~

5386 threads via Reddit APl (PRAW v7.6.0)

l

Full corpus

185,181 comments, 2,295,242 words (February 2019-November 2024)

b

4

l

Expert annotation
2000 segments from 704 threads (mean 2.84 seg/thread)
Labov stages, BIO tags, emotion, stance, tone (a 0.75-0.82)

1992/2000 (99.6%)
have = 1 AAO span

l

Thread-level data splitting (GroupKFold)
Zero thread-level leakage (data_splitting.py)

l

286 segments, 100 unseen threads

|

Held-out test set ‘

5-fold grouped CV
~1371 train/~343 val per fold

BioBERT + CRF

AAO span extraction (BIO tagging)
Span-F1: 0.850 test/0.851 CV

!

DistilBERT multitask

Labov, emotion, stance, tone
Labov macro-F1: 0.501 +/- 0.043

AAO narrative graph construction
4975 triplets, 383 quantifiers, 1613 orphans recovered
UMLS normalization: 12,101 queries, 100% coverage

|

704 narrative graphs (one per thread)
Mean 7.1 triplets/graph, 99.6% segment AAO coverage

Dual-Model Architecture

The Narrative Builder uses 2 transformers in sequence:
DistilBERT for multitask narrative classification and
BioBERT for medically grounded entity extraction. Figure
2 presents the complete architecture.

Multitask Narrative Classification

DistilBERT predicts Labovian stages, emotion, stance,
and tone from shared representations [35]. Loss weights
were assigned manually to modestly upweight the primary
Labovian-stage task (Labov 1.0; emotion, stance, and tone
0.8 each; Multimedia Appendix 2, Table A2.3); no automated
search over loss weights was performed. Multitask learning
enables shared representations to capture interdependencies

https://ai.jmir.org/2026/1/e83496

between narrative dimensions, such as emotional language
clustering in evaluation segments.

Entity Extraction and Medical Grounding

The second stage uses BioBERT to extract structural triplets
through BIO sequence tagging, identifying which text spans
represent agents, actions, and outcomes [12]. BioBERT’s
extensive pretraining on 4.5 billion words of biomedical
literature provides robust recognition of medical terminology
even in informal, colloquial language patients use online. A
conditional random field (CRF) layer atop BioBERT enforces
logical constraints on tag sequences, preventing impossible
patterns like isolated “inside-entity” tags appearing without
corresponding “beginning-entity” markers [36].
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Medical Concept Normalization

Extracted spans are normalized to standardized medical
concepts using the UMLS 2024AA Metathesaurus [37]
through a 3-stage cascade: exact string matching, fuzzy string
matching (Ratcliff-Obershelp similarity =0.7, difflib.Sequen-
ceMatcher), and BioBERT embedding cosine similarity
(threshold =0.6). This architecture achieved 100% concept
coverage across 12,101 normalization queries in the canonical
pipeline run.

Clark & Joshi

Causal Direction Detection

Explicit causal directionality is detected to distinguish
action-to-outcome from outcome-to-action narratives. Signals
include linguistic markers, temporal ordering, emergency
indicators, and the co-occurrence of an emergency indicator
with a critical clinical value [38]. Implementation details are
provided in Multimedia Appendix 3. Directional modeling
ensures that narrative graphs represent causal logic accu-
rately, as illustrated in Figure 4.

Figure 4. Example agent-action-outcome (AAO) narrative graph for emergency hypoglycemia. Graph representation of a paraphrased Reddit
health narrative describing dangerously low blood sugar prompting emergency medical care. Nodes show Unified Medical Language System
(UMLS)-mapped entities (agent, outcome, action, quantifier, and temporal); edges show relationships (EXPERIENCES, PERFORMS, TRIGGERS,
HAS_VALUE, and FREQUENCY). Panels report the narrative metadata with classifier confidence scores and the UMLS concept mappings. The
TRIGGERS edge marks an emergency response (outcome-to-action), as distinct from treatment progression (action-to-outcome).

Source narrative

"My blood sugar dropped to 2.4 mmol/L and | ended up in the emergency room twice.” Reddit r/diabetes

Agent

Narrator
(patient)

2P

Outcome
Blood sugar
€0005802

HAS_VALUE

Quantifier
2.4 mmol/L

@ Agent @ Outcome @ Action [l Quantifier

Narrative metadata

Labov stage: evaluation
Emotion: fear (0.89)

Stance: neutral (0.76)

Tone: anxious (0.82)

Causal direction: outcome->action

Clinical Quantifier Extraction

Clinical quantifiers (eg, blood glucose, blood pressure, Ajc,
and medication dosages) are extracted and linked to out-
comes via HAS_VALUE edges, enabling verification against
clinical thresholds. Figure 4 demonstrates this linkage in a
complete narrative graph.

Implicit Relationship Recovery

Implicit causal relationships are recovered using proximity-
based heuristics, reflecting pragmatic causal inference in
informal discourse [39]. Outcomes not linked to an agent-
action pair are assigned to the narrator by default and linked
to the nearest action by token distance, in either direction,
within a 100-token window; clinical quantifiers are linked to
the nearest outcome within 25 tokens.

https://ai.jmir.org/2026/1/e83496

Action
Rushed to
hospital

\L FREQUENCY
Temporal
Twice

B Temporal

UMLS concept mapping

Blood sugar > C0005802
Blood glucose [chemical/ingredient]

Rushed > C0443052
Emergency room visit [health care activity]

Hospital - C0019994
Hospital [health care facility]

AAO Narrative Graph Construction

AAOQ triplets are assembled into narrative graphs with
nodes, representing UMLS-mapped entities and edges
encoding PERFORMS, RESULTS_IN, TRIGGERS, and
HAS_VALUE relationships. Each node retains interpretive
metadata. Figure 4 presents a complete example.

Evaluation Framework

Five-fold grouped cross-validation (GroupKFold on
comment_id) was used to prevent data leakage across
grouping values, ensuring no segments sharing a group-
ing value appear in both training and evaluation parti-
tions. Metrics included precision, recall, and macro-F; for
span extraction and per-task macro-F| for the interpretive
classification tasks. Cross-validation figures are reported as
the mean and SD across the 5 grouped folds. Statistical
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comparisons used McNemar test with continuity correction,
applied at the entity-span level on a shared grouped held-out
test set (286 segments from 100 unseen threads) [40].

Baseline comparisons included TF-IDF with logistic
regression and single-task BERT. ClinicalBERT and
PubMedBERT were not treated as baselines because they
function as interchangeable encoders within the proposed
framework rather than standalone narrative reconstruction
systems.

Expert validation involved 2 domain experts rating 100
generated graphs on anchored O to 1 continuous scales.
The biomedical researcher rated narrative coherence only
and the physician rated medical plausibility only; each
rated all 100 graphs independently, without consultation.
Rating materials and rubrics are provided in Multimedia
Appendix 4.

Ethical Considerations

This study used publicly available Reddit data collected via
Reddit’s official API in compliance with Reddit’s terms of
service and established guidelines for social media research
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ethics. No personally identifiable information was collected.
The study was determined exempt from institutional review
board review under 45 CFR 46.104(d)(4), consistent with
research involving publicly available data, which covers
secondary research use of publicly available information. All
narrative examples in this manuscript have been paraphrased
to prevent reidentification. This approach follows established
ethical guidelines for social media health research [33,41].

Results

AAOQO Extraction Performance

The Narrative Builder achieved span-F; of 0.850 on the
grouped held-out test set (mean 0.851, SD 0.007 across
5-fold grouped cross-validation; population SD across folds,
ddof=0), significantly outperforming the TF-IDF baseline at
0.781 (P<.001; McNemar test). The CRF layer provided a
modest, nonsignificant improvement over BioBERT without
CRF (0.841; P=.27), with its primary value being structural
enforcement of valid BIO transition constraints through a
learned transition matrix (Table 2).

Table 2. Comparative performance of agent-action-outcome (AAQ) extraction models.?

Model Span-F McNemar P (vs CREP)
TF-IDF® + logistic regression 0.781 <.001

BioBERTY (no CRF) 0.841 27

BioBERT + CRF (proposed) 0.850 Reference

2Three systems compared on the same grouped held-out test set (286 segments, 100 unseen threads, 2138 gold entity spans). P values from the
McNemar test with continuity correction. Gold span counts differ across systems because tokenization differs; the TF-IDF pipeline is scored against
2267 gold spans, and the 2 transformer systems against 2138. McNemar tests operate on the 2138 aligned spans.

PCREF: conditional random field.
“TF-IDF: term frequency-inverse document frequency.

9BioBERT: Bidirectional Encoder Representations From Transformers for Biomedical Text Mining.

Component-level performance varied: action spans achieved
the highest F'| (0.90; precision=0.947; recall=0.857), followed
by agent (0.83; precision=0.890; recall=0.787) and outcome
(0.77; precision=0.790; recall=0.750). Agent detection was

challenged by implicit self-reference where patients omit
pronouns, while outcome extraction was the most difficult
component, reflecting the diverse linguistic forms outcomes
take in informal health discourse (Table 3).

Table 3. Per-type span-level precision, recall, and Fj-score of BioBERT with a conditional random field layer on the grouped held-out test set (286

segments from 100 unseen threads; 2138 gold entity spans).

Type Precision Recall Fy

Action 0.947 0.857 0.900
Agent 0.890 0.787 0.835
Outcome 0.790 0.750 0.770
Micro 0.892 0.812 0.850

Together, these results correspond to performance across
the 5 operational dimensions of narrative blindness—
structural, agentive, causal, temporal, and interpretive,
providing empirical coverage of the full framework defined
in Methods.

Narrative Stage Classification

Labovian stage classification achieved mean macro-F; of
0.501 (SD 0.043) across 5-fold grouped cross-validation
(Table 4). Performance varied across stages, with complicat-
ing action and resolution achieving the strongest classification

https://ai.jmir.org/2026/1/e83496

due to distinctive lexical markers. Orientation leveraged
temporal and spatial cues. Abstract and coda exhibited greater
variability, often blending with adjacent stages in informal
health discourse. Abstracts frequently merged with orienta-
tions when narratives began with contextualizing statements
rather than explicit summaries. Codas were often absent
in Reddit comments, which typically end with questions
rather than formal narrative closure. The moderate overall
performance reflects the inherent difficulty of classifying
informal online discourse into Labovian categories originally
developed for oral narrative.
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Table 4. Multitask DistilBERT classification performance
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Task

Macro-F, mean (SD)

Micro-F|, mean (SD)

Labov stage 0.501 (0.043)

Stance 0.528 (0.036)
Emotion 0.466 (0.032)
Tone 0.465 (0.023)

0.609 (0.028)
0.655 (0.032)

0.578 (0.016)
0.589 (0.027)

8Task-level macro-F for Labovian stage classification and 3 interpretive dimensions, evaluated on 2000 annotated segments using 5-fold grouped

cross-validation (GroupKFold on comment_id).

Interpretive Dimension Classification

Interpretive classification achieved the following perform-
ance across 5-fold grouped cross-validation: emotion (mean
macro-F; 0466, SD 0.032), stance (mean macro-F 0.528,
SD 0.036), tone (mean macro-F; 0.465, SD 0.023).

Emotion classification was the most challenging interpre-
tive dimension (mean macro-Fq 0.466, SD 0.032), reflecting
the difficulty of distinguishing emotional states in informal
text where multiple emotions co-occur and markers overlap
(eg, frustration and anger in health care complaints). Stance
classification achieved the highest interpretive performance
(mean macro-F;| 0.528, SD 0.036), with the classifier better
able to distinguish compliance and resistance markers that
carry distinctive lexical signals. Tone classification (mean
macro-Fy 0.465, SD 0.023) proved similarly challenging,

Table 5. Single-task vs multitask DistilBERT comparison.?

with overlapping markers where uncertainty and conviction
coexist in health narratives.

Multitask Learning Ablation Study

We compared single-task and multitask DistilBERT
configurations across the 4 classification tasks (Table 5).
The single-task configuration achieved higher macro-F;| on
3 of 4 tasks compared to multitask training. We therefore
do not claim a multitask performance benefit; the shared
encoder architecture is retained for computational efficiency
(one forward pass for 4 tasks) rather than for performance
gains. The interpretive dimensions (emotion, stance, and tone)
provide contextual metadata that enriches the AAO graph
with narrative framing, independent of whether joint training
improves individual task performance.

Task Multitask F'; Single-Task F Delta 95% CI (A) Paired ¢ test, 7 (df); P value
Labov 0.493 0.516 -0.023 —-0.060 to +0.013 -1.75 (4); .15

Emotion 0.493 0.487 +0.005 —-0.066 to +0.077 0.20 (4); .85

Tone 0.490 0.507 -0.017 —-0.081 to +0.047 -0.73 (4); .50

Stance 0.549 0.572 -0.024 —-0.057 to +0.010 -1.98 (4); .12

4Matched-fold paired comparison using identical encoder, hyperparameters, and grouped folds. Single-task trains one model per task; multitask trains
all 4 heads jointly. No significant multitask benefit on any task (all P=.12). 95% Cls are paired ¢ intervals on the mean per-fold delta (multitask minus
single-task, 5 grouped folds); every interval includes zero. All t tests are 2-tailed paired # tests (df=4).

Production Pipeline Statistics

Pipeline execution across 5386 threads generated 4975 AAO
triplets from 704 threads (mean 7.1, SD 3.1 triplets per
thread). UMLS normalization achieved 100% coverage across
12,101 normalization queries, resolved through a 3-stage
cascade: SQLite exact matching (7769/12,101, 64.2%),
SQLite fuzzy matching (3185/12,101, 26.3%), and Bio-
BERT semantic matching (1147/12,101, 9.5%; mean cosine
similarity 0.9499, SD 0.0182). Causal direction analysis
at the segment level (N=2000) identified 1035 (51.8%)
action-to-outcome patterns, 346 (17.3%) candidate outcome-
to-action patterns, 155 (7.8%) bidirectional relationships, and
464 (23.2%) undetermined. A targeted validation on 143
hand-labeled segments found the rule-based causal classifier
achieved overall accuracy of 0.371 (53/143), with outcome-
to-action precision of 0.277 (13/47; 95% CI 0.149-0.404).
Clinical quantifier extraction identified 383 measurements
from 64 narratives, including 2 emergency-level critical
values. Validation on a stratified sample yielded precision
of 0.900 (108/120; 95% CI 0.842-0.950) and recall of 0.604
(29/48; 95% CI 0.458-0.729). Clinical severity thresholds
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follow published clinical guidelines: glucose and HbA.
thresholds are based on the American Diabetes Association
Standards of Care in Diabetes-2024 [42] (glucose: severe
hypoglycemia <2.8 mmol/L, set below the ADA level 2
threshold of 3.0 mmol/L, hyperglycemia >11.1 mmol/L;
HbA|.: diabetes =6.5%), and blood-pressure severity tiers
follow the 2017 ACC/AHA hypertension guideline [43]
(hypertensive crisis 2180/120 mm Hg, stage 2 =140/90, stage
1 =130/80, elevated =120 systolic). These enable verifica-
tion against clinical thresholds, distinguishing qualitative
descriptions from verifiable assertions (Figure 4).

Expert Validation of Narrative Graphs

Two domain experts independently evaluated 100 randomly
selected narrative graphs using anchored 0 to 1 continu-
ous scales. The biomedical researcher assessed narrative
coherence, rating whether graphs preserved logical flow
and causal relationships of original narratives. The practic-
ing physician assessed medical plausibility, rating whether
extracted entities and relationships aligned with clinical
knowledge.
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Narrative coherence achieved mean rating of 0.89 (SD
0.08), indicating that the majority of generated graphs
successfully preserved narrative structure. Medical plausibil-
ity achieved mean rating of 0.91 (SD 0.07), indicating strong
alignment with clinical knowledge (see Limitations regarding
potential confirmation bias). The 2 dimensions were assessed
independently by raters with distinct expertise; because the
raters scored different constructs (coherence vs plausibility),
no cross-rater agreement statistic is defined or reported.

Qualitative analysis of the 9 lowest-scoring graphs
revealed 2 primary failure modes. The first involved incorrect
causal direction assignment in narratives containing ambigu-
ous temporal markers where the relationship between events
could not be definitively established from linguistic con-
text alone. For example, “My blood sugar reading was
very low so I grabbed some glucose right away” could
represent either emergency response (outcome-to-action) or
preventive action (action-to-outcome) depending on implicit
context. The second failure mode consisted of missed implicit
agent references in passive constructions where the subject
performing the action was grammatically omitted, such as
“Was prescribed metformin” without clear indication whether
the narrator or another patient was the recipient. These failure
modes represent targets for future refinement of the causal
direction detector and orphan recovery algorithms.

Discussion

Principal Findings

The results of this study help explain why online health
misinformation remains difficult to detect despite advances
in language modeling and biomedical knowledge integration.
Our findings indicate that the primary limitation is not one of
insufficient accuracy or domain knowledge but of represen-
tational scope. Systems optimized for identifying isolated
claims or entities struggle to interpret health information
expressed as coherent narratives, where meaning emerges
from relationships among actors, actions, outcomes, and
emotional framing rather than from individual facts alone.
From an information systems perspective, this reflects a
mismatch between how health information is produced and
how it is computationally assessed: users communicate health
experiences through stories that encode causality, interpre-
tation, and affect, whereas most automated systems decom-
pose these stories into decontextualized features. Our results
indicate that reducing narratives to claims or entities alone is
insufficient for credibility assessment in health contexts.

Within this representational gap, our findings clarify
why clinically harmful content may evade existing detec-
tion approaches. We observed that narratives describing
unsafe health behaviors can use correct medical terminology
and align superficially with clinical language yet convey
risky decision-making when interpreted in context. When
narrative structure and causal directionality are not explic-
itly modeled, such content may appear benign to fact-cen-
tric systems despite posing genuine health risks. These
observations provide empirical grounding for the concept of
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narrative blindness and motivate the need for narrative-aware
computational representations.

We further demonstrate that theory-grounded transformer
architectures can overcome narrative blindness through
structured reconstruction of health narratives. By formalizing
narrative blindness, building on the research gaps surveyed
by Ranade et al [12], and integrating Labov’s sociolinguistic
theory [13,27] with interpretive frameworks from psychology
[22,23] and clinical communication [24,25], we achieved
3 findings aligned with our study objectives. First, narra-
tive blindness was formalized as a measurable construct
through 5 operational gaps, enabling systematic evaluation
of how existing systems fail to capture narrative dimensions.
Second, the dual-model Narrative Builder achieved span-
F1=0.850 for AAO extraction, outperforming the TF-IDF
baseline (span-F1=0.781; P<.001; McNemar test). Labovian
stage classification reached macro-F1=0.501, reflecting the
inherent difficulty of categorizing informal online discourse
into sociolinguistic stages. Third, independent expert review
confirmed that generated narrative graphs preserve narrative
coherence (mean 0.89, SD 0.08) and medical plausibility
(mean 0.91, SD 0.07), supporting suitability for downstream
credibility assessment.

The multitask architecture provides computational
efficiency through shared representations, though single-
task configurations achieved comparable or higher per-
formance on individual classification tasks. Performance
across narrative dimensions demonstrated the feasibility
of structured narrative reconstruction, including structural
(AAO span-F1=0.850), agentive (AGENT span-F1=0.835),
and causal direction detection (51.8% action-to-outcome,
17.3% candidate outcome-to-action, with measured limita-
tions in causal classification accuracy). Interpretive dimen-
sions achieved moderate performance (emotion 0.466; stance
0.528; tone 0.465), establishing baselines for future refine-
ment. The pipeline identified 17.3% of segments as candi-
date inverted causality patterns (outcome triggering action),
though validation indicated limited precision for this heuristic
(precision=0.277). Nevertheless, the structural capability to
represent bidirectional causality in AAO graphs, as demon-
strated qualitatively in Figure 4, addresses a representational
gap absent from existing event-chain models.

Comparison With Existing Approaches

These findings provide an empirical instantiation of the
narrative-understanding gaps surveyed by Ranade et al [12]
through computational implementation, demonstrating that
bag-of-words and sequence models fail to capture narrative
meaning when evaluated against structured narrative criteria.
The significant improvement over the TF-IDF baseline
(span-F1 0.850 vs 0.781; P<.001) indicates that narrative
reconstruction benefits from contextual language models
capable of capturing relationships across longer spans, though
the CRF contribution beyond BioBERT alone was modest
(P=27).

The AAO schema advances beyond existing semantic
representation frameworks by explicitly encoding causal

JMIR AI 2026 | vol. 5 1e83496 | p. 10
(page number not for citation purposes)


https://ai.jmir.org/2026/1/e83496

JMIR Al

directionality essential for health risk assessment. AMR [31]
and PropBank [32] capture general semantic and verb-argu-
ment structure but do not distinguish action-to-outcome from
outcome-to-action patterns. This limitation is relevant to our
corpus, where the pipeline identified 17.3% of segments
as candidate emergency-response patterns. For example,
interpreting “My blood sugar was 2.4 mmol/L so I rushed
to the hospital” requires recognizing that a harmful outcome
triggered action, rather than the reverse. AMR and PropBank
lack mechanisms for encoding this clinically meaningful
causal attribution.

Biomedical NLP systems such as BioBERT [16],
PubMedBERT [17], and ClinicalBERT [18] achieve strong
performance on entity extraction from formal clinical text
but are not designed to reconstruct narrative structure in
informal online discourse. These models excel at recognizing
medical terminology yet lack representations for narrative
progression, agency, and contextual meaning embedded in
lived experience. Our framework complements biomedical
encoders by providing narrative scaffolding that situates
extracted entities within causally structured patient stories.
BioBERT serves as the entity extraction backbone precisely
because of its clinical strength, while the Narrative Builder
extends it with Labovian stage modeling, multitask interpre-
tive dimensions, and explicit causal reasoning.

Event-chain models [20,21] learn probabilistic event
sequences through unsupervised mining, representing events
as verb-argument structures without narrative role differentia-
tion. While effective for identifying common event patterns,
these approaches assume linear temporal progression, lack
bidirectional causality modeling, omit interpretive dimen-
sions, and operate without clinical grounding. In contrast,
our theory-grounded framework integrates structural, causal,
and interpretive dimensions within graph-based representa-
tions normalized to medical ontologies, enabling systematic
verification and narrative-level reasoning.

Health misinformation detection research has largely
focused on binary classification of isolated claims [19,
44]. Although such systems perform well on fact-verifica-
tion benchmarks, they lack mechanisms for contextual risk
assessment. Approaches trained on COVID-19 misinforma-
tion datasets [44,45] detect false claims but cannot distinguish
safe from harmful uses of accurate information. A statement
such as “insulin affects blood sugar” is classified as accurate
regardless of whether it appears in clinical guidance or in
a narrative advocating unsafe self-medication. Knowledge
graph-LLM hybrids [15] improve entity-level verification but
still treat health information as collections of facts rather
than causally structured narratives. Our framework differs
by preserving narrative context, AAO relationships, and
emotional framing that determine whether accurate informa-
tion is presented safely or harmfully.

While the multitask architecture did not yield statisti-
cally significant performance improvements over single-task
configurations, the shared encoder provides computational
efficiency and produces the interpretive metadata (emotion,
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stance, tone) that enriches AAOQO graphs with narrative
context.

Limitations

This study has several limitations that should inform
interpretation of the findings.

First, the dataset is restricted to English-language Reddit
discussions. Reddit’s long-form conversational style differs
from short-form platforms such as Twitter, multimedia-heavy
platforms like TikTok, and social network sites like Face-
book. Cross-platform generalization will require valida-
tion and platform-specific adaptation. Second, the current
implementation is optimized for single-narrator accounts with
relatively unambiguous agency. Multiparty dialogues and
threaded conversations present challenges requiring discourse
modeling and coreference resolution beyond the present
scope. Third, although interrater reliability was acceptable
(0=0.75-0.82 across all annotated tasks), annotation involves
subjective judgments regarding narrative stages and emo-
tional intensity, with 246 out of 2000 (12.3%) segments
requiring adjudication. Fourth, the rule-based causal direction
classifier achieved limited accuracy (0.371 overall, with
outcome-to-action precision of 0.277). The causal direction
distribution reported in Results should be interpreted as
candidate detections from an exploratory heuristic rather
than validated classifications. Fifth, the interpretive dimen-
sion classifiers achieved moderate performance (macro-F
ranging 0.47-0.53), reflecting the inherent subjectivity of
these dimensions in informal online discourse. These results
establish baselines rather than production-ready classification.
Sixth, while 99.6% of the 2000 annotated segments yielded
at least one AAO span, brief questions, single-word replies,
and purely factual exchanges may produce sparse graphs with
limited analytical value. Seventh, upstream Reddit submis-
sion identifiers were not retained in the annotation file; the
grouping key, comment_id, is a reindexed integer key (values
0-703) assigned when the annotation file was constructed.
Each grouping value corresponds to one annotated narrative
in the annotation lineage, with up to the 3 most informa-
tive segments retained per narrative under the segmentation
protocol, but the correspondence between grouping values
and original Reddit submissions cannot be reverified against
platform identifiers; the zero-leakage guarantees therefore
hold at the level of this grouping key. Finally, the expert
validation of narrative graphs was conducted by the same
domain experts who created the gold-standard annotations.
While their domain expertise was necessary for evaluating
medical plausibility, this overlap may introduce confirmation
bias. Each dimension was additionally assessed by a single
rater rather than by multiple raters, so no reliability estimate
is available for either coherence or plausibility.

Future work should address these limitations through four
priorities: (1) independent expert validation with reviewers
who did not participate in annotation, (2) a learned causal
direction model leveraging the AAO graph structure, (3)
larger annotated datasets and few-shot approaches to improve
interpretive classification, and (4) cross-platform validation
on short-form and multimedia health content.
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Conclusions

This work demonstrates that limitations in health misinforma-
tion detection are not solely attributable to insufficient data or
model capacity but to how health information is represented
and reasoned over computationally. When systems lack the
ability to interpret narrative structure and causal relationships,
clinically important context may be lost, constraining the
effectiveness of existing mitigation approaches.

This study formalizes narrative blindness as a measura-
ble limitation of current computational systems and demon-
strates that theory-grounded transformer architectures can
address it through structured narrative reconstruction. By
integrating sociolinguistic narrative theory with interpretive
frameworks from psychology and clinical communication,
the Narrative Builder preserves contextual relationships,
causal logic, and emotional significance that are essential
for evaluating the credibility of health information shared
as lived experience rather than isolated factual claims. The
resulting AAO graphs provide machine-readable representa-
tions suitable for downstream verification systems, ena-
bling context-aware credibility assessment beyond traditional
fact-checking approaches.

The significant improvement in AAO extraction over
the TF-IDF baseline (span-F{ 0.850 vs 0.781), together
with expert validation of narrative coherence and medi-
cal plausibility, indicates that computational systems can
reconstruct structured narrative representations from informal
health discourse. Explicit modeling of causal directionality,

Clark & Joshi

while requiring further refinement of the rule-based classi-
fier, addresses a representational gap in existing approaches,
particularly in narratives where outcomes precipitate
subsequent actions.

Importantly, these findings have implications beyond
technical performance. Online health misinformation
frequently manifests as personal stories that embed clinically
relevant decisions within emotionally persuasive and causally
structured narratives. Systems that are unable to interpret
such narratives as coherent wholes risk overlooking harmful
content that appears medically plausible at the claim level
while conveying unsafe behaviors in context. As a result,
narrative blindness may contribute to the persistence of health
misinformation that evades existing detection mechanisms,
limiting the effectiveness of current public health monitoring
and intervention strategies.

By supporting narrative-centered rather than fact-centric
analysis, the proposed framework enables more nuanced
interpretation of public health discourse and provides a
foundation for assessing credibility in ways that better reflect
how individuals consume and act upon health information
online. While further validation across health domains,
populations, and platforms is required, these results suggest
that operationalizing narrative structure is a feasible and
valuable complement to existing public health text analysis
methods, with potential to enhance risk-aware information
assessment in real-world settings.

Acknowledgments

The authors thank Dr K Gardner and Dr E Sedenu, the clinical domain experts who contributed to annotation development and

validation of narrative graphs.

Generative Al Use

Portions of the manuscript were condensed and reorganized for clarity and length during manuscript review using a generative
language model (Claude, Anthropic; Pro version in incognito mode). All scientific content, analyses, and interpretations
were authored and verified by the human authors. The authors reviewed and approved all Al-assisted edits and take full
responsibility for the content.

Funding

This work was supported by the National Science Foundation (NSF number 2310844), the Industry-University Cooperative
Research Centers (IUCRC) Center for Accelerated Real-Time Analytics (CARTA), and the University of Maryland, Baltimore
County Cybersecurity Graduate Fellows program. The funders had no role in study design, data collection and analysis,
decision to publish, or preparation of the manuscript.

Data Availability

The raw Reddit data analyzed during this study are not publicly available due to Reddit’s terms of service and user privacy
considerations. The anonymized annotations, agent-action-outcome graph outputs, Narrative Builder code, grouping-key and
leakage verification output (thread_grouping_verification.txt, generated by verify_thread_grouping.py), and grouped-splitting
module (data_splitting.py) are available in the Zenodo repository [46].

Authors’ Contributions
Conceptualization: OC, KPJ
Data curation: OC

Formal analysis: OC
Investigation: OC
Methodology: OC

Project administration: KPJ

https://ai.jmir.org/2026/1/e83496 IJMIR AI 2026 | vol. 51e83496 | p. 12

(page number not for citation purposes)


https://ai.jmir.org/2026/1/e83496

JMIR Al Clark & Joshi

Resources: KPJ

Software: OC

Supervision: KPJ

Validation: OC

Visualization: OC

Writing — original draft: OC

Writing — review & editing: OC, KPJ

Conflicts of Interest
None declared.

Multimedia Appendix 1

Annotation guidelines and theoretical grounding.
[PDF File (Adobe File), 266 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Model hyperparameters, per-type extraction performance, single-task vs multitask comparison, McNemar test results, heuristic
component validation (orphan recovery, clinical-value regex, causal direction), and UMLS normalization cascade statistics.
[PDF File (Adobe File), 202 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Production implementations, reproduced verbatim from the deposited pipeline with source line ranges, of causal direction
detection, clinical quantifier extraction and classification, and entity linking with orphan recovery.
[PDF File (Adobe File), 159 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Expert validation rubric with rating scale anchors and independent single-rater coherence and plausibility assessments.
[PDF File (Adobe File), 209 KB-Multimedia Appendix 4]

References

1.  De Choudhury M, De S. Mental health discourse on Reddit: self-disclosure, social support, and anonymity. Proc Int
AAAI Conf Web Soc Media. 2014;8(1):71-80. [doi: 10.1609/icwsm.v8il.14526]

2. Robertson N, Polonsky M, McQuilken L. Are my symptoms serious Dr Google? A resource-based typology of value co-
destruction in online self-diagnosis. Australas Mark J. Aug 2014;22(3):246-256. [doi: 10.1016/j.ausmj.2014.08.009]

3.  Anawade PA, Sharma D, Gahane S. Connecting health and technology: a comprehensive review of social media and
online communities in healthcare. Cureus. Mar 2024;16(3):e55361. [doi: 10.7759/cureus.55361] [Medline: 38562335]

4. Britt RK, Franco CL, Jones N. Trends and challenges within Reddit and health communication research: a systematic
review. Commun Public. Dec 2023;8(4):402-417. [doi: 10.1177/20570473231209075]

5.  Proferes N, Jones N, Gilbert S, Fiesler C, Zimmer M. Studying Reddit: a systematic overview of disciplines, approaches,
methods, and ethics. Soc Media Soc. Apr 2021;7(2):1-14. [doi: 10.1177/20563051211019004]

6. Reddit announces third quarter 2025 results. Reddit, Inc; 2025. URL: https://s203.q4cdn.com/380862485/files/doc
financials/2025/q3/Q3-25-Earnings-Press-Release.pdf [Accessed 2026-01-10]

7.  Green MC, Brock TC. The role of transportation in the persuasiveness of public narratives. J Pers Soc Psychol. Nov
2000;79(5):701-721. [doi: 10.1037//0022-3514.79.5.701] [Medline: 11079236]

8.  van Laer T, de Ruyter K, Visconti LM, Wetzels M. The extended transportation-imagery model: a meta-analysis of the

antecedents and consequences of consumers’ narrative transportation. J Consum Res. Feb 1,2014;40(5):797-817. [doi:
10.1086/673383]

9.  Dahlstrom MF. Using narratives and storytelling to communicate science with nonexpert audiences. Proc Natl Acad Sci
US A. Sep 16,2014;111(Suppl 4):13614-13620. [doi: 10.1073/pnas.1320645111] [Medline: 25225368]

10. Clark O, Joshi KP, Reynolds TL. Global relevance of online health information sources: a case study of experiences and
perceptions of Nigerians. AMIA Annu Symp Proc. 2024;2024:300-308. [Medline: 40417517]

11. Clark O, Reynolds TL, Ugwuabonyi EC, Joshi KP. SaT-CPS ’24: Proceedings of the 2024 ACM Workshop on Secure

and Trustworthy Cyber-Physical Systems. Association for Computing Machinery; 2024:61-70. [doi: 10.1145/3643650.
3658611] ISBN: 979-8-4007-0555-7

12. Ranade P, Dey S, Joshi A, Finin T. Computational understanding of narratives: a survey. IEEE Access.
2022;10:101575-101594. [doi: 10.1109/ACCESS .2022.3205314]

13.  Labov W, Waletzky J. Narrative analysis: oral versions of personal experience. In: Helm J, editor. Essays on the Verbal
and Visual Arts. University of Washington Press; 1967:12-44. ISBN: 9780295740058

https://ai.jmir.org/2026/1/e83496 IJMIR AI 2026 | vol. 51e83496 1 p. 13
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=ai_v5i1e83496_app1.pdf
https://jmir.org/api/download?alt_name=ai_v5i1e83496_app1.pdf
https://jmir.org/api/download?alt_name=ai_v5i1e83496_app2.pdf
https://jmir.org/api/download?alt_name=ai_v5i1e83496_app2.pdf
https://jmir.org/api/download?alt_name=ai_v5i1e83496_app3.pdf
https://jmir.org/api/download?alt_name=ai_v5i1e83496_app3.pdf
https://jmir.org/api/download?alt_name=ai_v5i1e83496_app4.pdf
https://jmir.org/api/download?alt_name=ai_v5i1e83496_app4.pdf
https://doi.org/10.1609/icwsm.v8i1.14526
https://doi.org/10.1016/j.ausmj.2014.08.009
https://doi.org/10.7759/cureus.55361
http://www.ncbi.nlm.nih.gov/pubmed/38562335
https://doi.org/10.1177/20570473231209075
https://doi.org/10.1177/20563051211019004
https://s203.q4cdn.com/380862485/files/doc_financials/2025/q3/Q3-25-Earnings-Press-Release.pdf
https://s203.q4cdn.com/380862485/files/doc_financials/2025/q3/Q3-25-Earnings-Press-Release.pdf
https://doi.org/10.1037//0022-3514.79.5.701
http://www.ncbi.nlm.nih.gov/pubmed/11079236
https://doi.org/10.1086/673383
https://doi.org/10.1073/pnas.1320645111
http://www.ncbi.nlm.nih.gov/pubmed/25225368
http://www.ncbi.nlm.nih.gov/pubmed/40417517
https://doi.org/10.1145/3643650.3658611
https://doi.org/10.1145/3643650.3658611
https://doi.org/10.1109/ACCESS.2022.3205314
https://ai.jmir.org/2026/1/e83496

JMIR Al Clark & Joshi

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Clark O, Joshi KP. Evaluating causal Al techniques for health misinformation detection. In: 2025 IEEE International
Conference on Pervasive Computing and Communications Workshops and Other Affiliated Events (PerCom
Workshops). IEEE; 2025:50-55. [doi: 10.1109/PerComWorkshops65533.2025.00040] ISBN: 979-8-3315-3553-7
Clark O, Joshi KP. Real-time detection of online health misinformation using an integrated knowledgegraph-LLM
approach. In: 2025 IEEE International Conference on Digital Health (ICDH). IEEE; 2025:111-120. [doi: 10.1109/
ICDH67620.2025.00024] ISBN: 979-8-3315-5561-0

Lee J, Yoon W, Kim S, et al. BioBERT: a pre-trained biomedical language representation model for biomedical text
mining. Bioinformatics. Feb 15, 2020;36(4):1234-1240. [doi: 10.1093/bioinformatics/btz682] [Medline: 31501885]

Gu Y, Tinn R, Cheng H, et al. Domain-specific language model pretraining for biomedical natural language processing.
ACM Trans Comput Healthcare. Jan 31, 2022;3(1):1-23. [doi: 10.1145/3458754]

Alsentzer E, Murphy JR, Boag W, et al. Publicly available clinical BERT embeddings. In: Rumshisky A, Roberts K,
Bethard S, Naumann T, editors. Proceedings of the 2nd Clinical Natural Language Processing Workshop. Association for
Computational Linguistics (ACL); 2019:72-78. [doi: 10.18653/v1/W19-1909]

Suarez-Lledo V, Alvarez-Galvez J. Prevalence of health misinformation on social media: systematic review. ] Med
Internet Res. Jan 20, 2021;23(1):e17187. [doi: 10.2196/17187] [Medline: 33470931]

Chambers N, Jurafsky D. Unsupervised learning of narrative event chains. In: Moore JD, Teufel S, Allan J, Furui S,
editors. Proceedings of ACL-08: HLT. Association for Computational Linguistics; 2008:789-797. URL: https://
aclanthology.org/P08-1090.pdf [Accessed 2026-10-13]

Pichotta K, Mooney RIJ. Statistical script learning with multi-argument events. Proc Conf Eur Chapter Assoc Comput
Linguist. 2014:220-229. [doi: 10.3115/v1/E14-1024]

Plutchik R. Emotion: A Psychoevolutionary Synthesis. Harper & Row; 1980. ISBN: 9780060452353

Plutchik R. A general psychoevolutionary theory of emotion. In: Kellerman H, Plutchik R, editors. Emotion: Theory,
Research, and Experience Volume 1: Theories of Emotion. Academic Press; 1980:3-33. [doi: 10.1016/B978-0-12-
558701-3.50007-7]

Horne R, Weinman J. Patients’ beliefs about prescribed medicines and their role in adherence to treatment in chronic
physical illness. J Psychosom Res. Dec 1999;47(6):555-567. [doi: 10.1016/s0022-3999(99)00057-4] [Medline:
10661603]

Street RL Jr, Makoul G, Arora NK, Epstein RM. How does communication heal? Pathways linking clinician-patient
communication to health outcomes. Patient Educ Couns. Mar 2009;74(3):295-301. [doi: 10.1016/j.pec.2008.11.015]
[Medline: 19150199]

Creswell JW, Plano Clark VL. Designing and Conducting Mixed Methods Research. 3rd ed. SAGE Publications; 2017.
ISBN: 9781506394671

Labov W. The transformation of experience in narrative syntax. In: Language in the Inner City: Studies in the Black
English Vernacular. University of Pennsylvania Press; 1972:354-396. ISBN: 9780812276589

Mann WC, Thompson SA. Rhetorical structure theory: toward a functional theory of text organization. Text.
1988;8(3):243-281. [doi: 10.1515/text.1.1988.8.3.243]

DiMatteo MR. Variations in patients’ adherence to medical recommendations: a quantitative review of 50 years of
research. Med Care. Mar 2004;42(3):200-209. [doi: 10.1097/01.mlr.0000114908.90348 9] [Medline: 15076819]
Epstein RM, Street RL Jr. Patient-centered communication in cancer care: promoting healing and reducing suffering.
National Cancer Institute, National Institutes of Health, US Department of Health and Human Services; 2007. URL:
https://cancercontrol.cancer.gov/sites/default/files/2020-06/pcc_monograph.pdf [Accessed 2026-10-13]

Banarescu L, Bonial C, Cai S, et al. Abstract meaning representation for sembanking. In: Pareja-Lora A, Liakata M,
Dipper S, editors. 7th Linguistic Annotation Workshop and Interoperability with Discourse. Association for
Computational Linguistics (ACL); 2013:178-186. URL.: https://aclanthology.org/W13-2322 .pdf [Accessed 2026-10-13]
Palmer M, Gildea D, Kingsbury P. The Proposition Bank: an annotated corpus of semantic roles. Comput Linguist. Mar
2005;31(1):71-106. [doi: 10.1162/0891201053630264]

Eysenbach G, Till JE. Ethical issues in qualitative research on internet communities. BMJ. Nov 10,
2001;323(7321):1103-1105. [doi: 10.1136/bmj.323.7321.1103] [Medline: 11701577]

Krippendorff K. Content Analysis: An Introduction to Its Methodology. 4th ed. SAGE Publications; 2018. [doi: 10.4135/
9781071878781]

Sanh V, Debut L, Chaumond J, Wolf T. DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter.
arXiv. Preprint posted online on Oct 2, 2019. [doi: 10.48550/arXiv.1910.01108]

Lafferty JD, McCallum A, Pereira FCN. Conditional random fields: probabilistic models for segmenting and labeling
sequence data. In: Brodley CE, Danyluk AP, editors. ICML ’01: Proceedings of the Eighteenth International Conference
on Machine Learning. Morgan Kaufmann Publishers; 2001:282-289. ISBN: 9781558607781

https://ai.jmir.org/2026/1/e83496 IJMIR AI 2026 | vol. 51e83496 | p. 14

(page number not for citation purposes)


https://doi.org/10.1109/PerComWorkshops65533.2025.00040
https://doi.org/10.1109/ICDH67620.2025.00024
https://doi.org/10.1109/ICDH67620.2025.00024
https://doi.org/10.1093/bioinformatics/btz682
http://www.ncbi.nlm.nih.gov/pubmed/31501885
https://doi.org/10.1145/3458754
https://doi.org/10.18653/v1/W19-1909
https://doi.org/10.2196/17187
http://www.ncbi.nlm.nih.gov/pubmed/33470931
https://aclanthology.org/P08-1090.pdf
https://aclanthology.org/P08-1090.pdf
https://doi.org/10.3115/v1/E14-1024
https://doi.org/10.1016/B978-0-12-558701-3.50007-7
https://doi.org/10.1016/B978-0-12-558701-3.50007-7
https://doi.org/10.1016/s0022-3999(99)00057-4
http://www.ncbi.nlm.nih.gov/pubmed/10661603
https://doi.org/10.1016/j.pec.2008.11.015
http://www.ncbi.nlm.nih.gov/pubmed/19150199
https://doi.org/10.1515/text.1.1988.8.3.243
https://doi.org/10.1097/01.mlr.0000114908.90348.f9
http://www.ncbi.nlm.nih.gov/pubmed/15076819
https://cancercontrol.cancer.gov/sites/default/files/2020-06/pcc_monograph.pdf
https://aclanthology.org/W13-2322.pdf
https://doi.org/10.1162/0891201053630264
https://doi.org/10.1136/bmj.323.7321.1103
http://www.ncbi.nlm.nih.gov/pubmed/11701577
https://doi.org/10.4135/9781071878781
https://doi.org/10.4135/9781071878781
https://doi.org/10.48550/arXiv.1910.01108
https://ai.jmir.org/2026/1/e83496

JMIR Al Clark & Joshi

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

Bodenreider O. The Unified Medical Language System (UMLS): integrating biomedical terminology. Nucleic Acids
Res. Jan 1, 2004;32(Database issue):D267-D270. [doi: 10.1093/nar/gkh061] [Medline: 14681409]

Mirza P. Extracting temporal and causal relations between events. Proc ACL 2014 Stud Res Workshop. 2014:10-17.
[doi: 10.3115/v1/P14-3002]

Grice HP. Logic and conversation. In: Cole P, Morgan JL, editors. Syntax and Semantics. Volume 3: Speech Acts.
Academic Press; 1975:41-58. ISBN: 9789004368811

Dror R, Baumer G, Shlomov S, Reichart R. The hitchhiker’s guide to testing statistical significance in natural language
processing. Proc 56th Annu Meet Assoc Comput Linguist. 2018:1383-1392. [doi: 10.18653/v1/P18-1128]

Fiesler C, Proferes N. “Participant” perceptions of Twitter research ethics. Soc Media Soc. 2018;4(1):1-14. [doi: 10.
1177/2056305118763366]

American Diabetes Association Professional Practice Committee. Standards of Care in Diabetes-2024. Diabetes Care.
2024;47(Suppl 1):S1-S321.

Whelton PK, Carey RM, Aronow WS, et al. 2017 ACC/AHA/AAPA/ABC/ACPM/AGS/APhA/ASH/ASPC/NMA/
PCNA guideline for the prevention, detection, evaluation, and management of high blood pressure in adults: a report of
the American College of Cardiology/American Heart Association Task Force on Clinical Practice Guidelines.
Hypertension. Jun 2018;71(6):e13-e115. [doi: 10.1161/HYP.0000000000000065] [Medline: 29133356]

Gabarron E, Oyeyemi SO, Wynn R. COVID-19-related misinformation on social media: a systematic review. Bull World
Health Organ. Jun 1, 2021;99(6):455-463A. [doi: 10.2471/BLT.20.276782] [Medline: 34108756]

Islam MS, Sarkar T, Khan SH, et al. COVID-19-related infodemic and its impact on public health: a global social media
analysis. Am J Trop Med Hyg. Oct 2020;103(4):1621-1629. [doi: 10.4269/ajtmh.20-0812] [Medline: 32783794]

Clark O, Joshi KP. Narrative Builder: code and annotation data for agent-action-outcome reconstruction of online health
narratives. Zenodo. 2026. [doi: 10.5281/zenod0.23466454]

Abbreviations

AAQO: agent-action-outcome

AMR: Abstract Meaning Representation

BIO: beginning-inside-outside (tagging scheme)
BioBERT: Bidirectional Encoder Representations From Transformers for Biomedical Text Mining
CREF: conditional random field

CUI: concept unique identifier

LLM: large language model

NLP: natural language processing

RST: Rhetorical Structure Theory

TF-IDF: term frequency—inverse document frequency
UMLS: Unified Medical Language System

Edited by Andrew Coristine; peer-reviewed by Lal Khan, Nan Hu, Wan Nur Asyura Wan Adnan; submitted 03.Sep.2025;
final revised version received 16.Sep.2026; accepted 23.Sep.2026, published 13 .Nov.2026

Please cite as:

Clark O, Joshi KP

Al-Driven Reconstruction of Online Health Narratives Using Agent-Action-Outcome Modeling: Algorithm Development and
Validation

JMIR Al 2026,5:¢83496

URL: hitps://ai jmir.org/2026/1/e83496

doi: 10.2196/83496

© Ommo Clark, Karuna Pande Joshi. Originally published in JMIR Al (https://ai.jmir.org), 13.Nov.2026. This is an open-
access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licen-
ses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first
published in JMIR Al, is properly cited. The complete bibliographic information, a link to the original publication on https://
www.ai.jmir.org/, as well as this copyright and license information must be included.

https://ai.jmir.org/2026/1/e83496 IJMIR AI 2026 | vol. 5 1e83496 | p. 15

(page number not for citation purposes)


https://doi.org/10.1093/nar/gkh061
http://www.ncbi.nlm.nih.gov/pubmed/14681409
https://doi.org/10.3115/v1/P14-3002
https://doi.org/10.18653/v1/P18-1128
https://doi.org/10.1177/2056305118763366
https://doi.org/10.1177/2056305118763366
https://doi.org/10.1161/HYP.0000000000000065
http://www.ncbi.nlm.nih.gov/pubmed/29133356
https://doi.org/10.2471/BLT.20.276782
http://www.ncbi.nlm.nih.gov/pubmed/34108756
https://doi.org/10.4269/ajtmh.20-0812
http://www.ncbi.nlm.nih.gov/pubmed/32783794
https://doi.org/10.5281/zenodo.23466454
https://ai.jmir.org/2026/1/e83496
https://doi.org/10.2196/83496
https://ai.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.ai.jmir.org/
https://www.ai.jmir.org/
https://ai.jmir.org/2026/1/e83496

	AI-Driven Reconstruction of Online Health Narratives Using Agent-Action-Outcome Modeling: Algorithm Development and Validation
	Introduction
	Background
	Study Objectives

	Methods
	Study Design
	Theoretical Framework
	Data Collection
	Annotation Protocol
	Dual-Model Architecture
	AAO Narrative Graph Construction
	Evaluation Framework
	Ethical Considerations

	Results
	AAO Extraction Performance
	Narrative Stage Classification
	Interpretive Dimension Classification
	Multitask Learning Ablation Study
	Production Pipeline Statistics
	Expert Validation of Narrative Graphs

	Discussion
	Principal Findings
	Comparison With Existing Approaches
	Limitations
	Conclusions



