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Artificial intelligence (AI) and digital health technologies are now integrated into clinical care 
at scale, from ambient AI scribes that listen to the visit to secure messaging and patient portals 
that move clinical conversations outside the exam room. Whether these tools succeed depends 
largely on how they fit the social and organizational settings where care happens. This session 
brings together work that combines computational methods with ethnographic and human-
centered approaches to study how technologies reshape clinical workflow, patient–clinician 
communication, care delivery, and evaluation practices that conventional metrics miss. Across 
three themes, the studies draw on diverse multimodal data, including encounter recordings, 
clinical notes, EHR audit logs, messaging, imaging, stakeholder interviews, and text from many 
sources (e.g., social media, biomedical literature) to: (1) observe clinical encounters through 
multimodal data, (2) characterize communication and coordination beyond the exam room, and 
(3) question whose perspectives and forms of performance count. The session concludes by
introducing the Observer Consortium, a federated effort to support shared standards,
governance, and collaboration around multimodal clinical data for sociotechnical AI research.

Keywords: sociotechnical systems, ethnography, multimodal data, ambient AI, clinical communication, 
digital traces, value sensitive design 

1. Introduction
Health information technology has long been understood as part of sociotechnical systems, not a set of

standalone tools. Its effects arise from the interactions among software, people, workflows, organizational 
policies, and the physical environment (Berg, 1999; Sittig and Singh, 2010). Ethnographic and qualitative 
studies have repeatedly shown that technologies that perform well in isolation can have unintended 
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consequences when used in practice. Examples include fragmenting clinical communication, shifting work 
between roles, and changing what gets recorded and what gets lost (Ash, Berg and Coiera, 2004). These 
insights have mostly come from fieldwork that is detailed and rich in context but hard to scale. 
Two developments make sociotechnical ethnography more pressing and, at the same time, open new 
avenues for addressing it. First, AI is moving into the center of the clinical encounter. Ambient AI scribes 
using large-language models (LLMs) now listen to patient–clinician conversations and generate visit 
summaries (Tierney et al., 2024). Second, digital infrastructure now produces fine-grained “breadcrumbs” 
detailing clinical activities. EHR audit logs, secure messaging metadata, and multimodal recordings of 
encounters can give passive, scalable views of the activities that ethnographers previously needed to 
observe directly (Rule, Chiang and Hribar, 2020; Johnson et al., 2026). Together, these developments call 
for methods that pair computational scale with the contextual sensitivity of ethnography, so that we can see 
how technology changes care, assess who benefits or is left out, and propose new or different innovations 
to further improve clinical interactions and outcomes. 

This session at the 2027 Pacific Symposium on Biocomputing (PSB), titled “Sociotechnical 
Ethnography in Health Informatics: Bridging Technology, Practice, and Human Experience,” brings 
together research at the intersection of computational and ethnographic approaches. The accepted papers 
fall into three themes: (1) observing the clinical encounter through multimodal data, (2) communication 
and coordination beyond the exam room, and (3) whose voice and whose performance counts in the data 
and metrics that shape clinical AI. The session also describes the Observer Consortium, an initiative to 
build a federated network of scientists and multimodal clinical datasets from partner institutions across the 
United States and possibly worldwide. Our goal is to encourage dialogue among computer scientists, 
informaticians, social scientists, and clinicians toward technologies that are technically robust, fairly 
implemented, and grounded in the realities of clinical practice. 

2. Sociotechnical Ethnography in Health Informatics

2.1. Observing the Clinical Encounter Through Multimodal Data
The clinical visit is where many of the most consequential sociotechnical changes are now taking place. 

Two papers in this session use the Observer repository, a dataset of recorded primary care encounters, to 
study how technology shapes what happens in the room and to demonstrate the multimodal insights made 
possible by richly captured visit data (Johnson et al., 2026). 

Alasaly et al. (K. Johnson, co-author with COI*) apply multimodal observation to ambient AI scribes. 
Their framework measures patient–physician communication and engagement using physician- and patient-
worn first-person (egocentric) video, room audio, timestamped transcripts, and post-visit surveys. Each 
measure is mapped to the pathways Street et al. (2009) proposed for how communication affects health 
outcomes. The pipeline uses object detection to classify each frame of the physician’s video by gaze target 
(person, computer, both, or neither). It also uses LLM-assisted labeling of visit phases and transcript-
derived measures of device use, talk time, silence, and laughter. The authors applied the framework to 35 
primary care encounters: 14 with documented ambient scribe use and 21 without. Comparing encounters 
with and without the scribe, physicians gazing at the computer made up 11% versus 28% of physician video 
frames, the amount of silence time was 12.8% versus 15.8%, and the physician laughter rate was 0.44 versus 
0.21 laughs per minute. The LLM’s phase labels matched clinician consensus on 65.7% of utterances 
(Cohen’s kappa κ = 0.53). While the results are descriptive and do not establish causality, they show that 
multimodal data from recorded visits can capture shifts in attention and rapport that surveys and EHR 
metrics miss (Alasaly et al., 2027).  
Raj et al. (A. Hartzler co-author with COI*) ask a related question about documentation: do the feelings 
expressed in a clinical conversation carry into the clinical note? Using 89 outpatient visits from the 
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Observer repository, they apply TRACE, a sentiment method that scores text on five dimensions of how 
people perceive one another (sociability, morality, agency, ability, and status), each with a positive and 
negative valence. They score provider speech, patient speech, and the matching note separately. Note 
sentiment tracked provider speech on seven of the ten dimensions (Spearman correlation coefficient rₛ ≈ 
0.25–0.39, Benjamini–Hochberg adjusted p < 0.05), most strongly for morality, agency, and ability. 
However, note sentiment was not significantly associated with patient speech on any dimension. Sentiment 
language was also used more broadly in conversation than in documentation: 17.4% of lexicon terms 
appeared in transcripts versus 11.6% in notes. These findings suggest the note is a provider-framed record 
that largely omits the patient’s emotional voice, a gap that becomes more pronounced as ambient AI scribes 
take over documentation (Raj et al., 2027).  

Together, these papers show that multimodal encounter data can turn ethnographic concepts such as 
attentional availability, rapport, and the translation from conversation to documentation into measures that 
are reproducible and grounded in theory. The same data sources that make ambient documentation possible 
can also support systematic evaluation of how these systems reshape clinical attention, communication, and 
representation in the medical record. 

2.2. Communication and Coordination Beyond the Exam Room 
A growing share of clinical communication happens asynchronously among clinicians via secure 

messaging and through patient portal messaging between patients and clinicians. Two papers examine this 
less visible layer of care from two directions: large-scale analysis of digital traces and in-depth elicitation 
of clinicians’ values. 

Osweiler et al. move from individual clinicians’ EHR use to care team coordination. They combine 
EHR audit logs, secure chat messaging metadata, and other clinical data (ADT events, patient 
demographics, billing codes) to characterize team communication across 6,737 inpatient hospitalizations at 
12 hospitals. Using relational event models fit to each patient’s care team, they find that team messaging is 
strongly reciprocal. A clinician was 171 times more likely to reply to someone who had recently messaged 
them (median hazard 171.84), while repeat messages to the same recipient were 66% less likely. A one-
standard-deviation increase in team reciprocity was associated with a 3% shorter length of stay. “Turn-
receiving” patterns, in which a message recipient immediately messages a third person, were associated 
with a 4% longer stay. Repeated messaging was associated with about 1% more team EHR time per day. 
These findings show that fine-grained digital traces can reveal coordination behaviors linked to patient 
throughput and clinician workload that cannot otherwise be observed at scale (Osweiler et al., 2027).  

Slater et al. study a high-stakes form of asynchronous communication: patient portal messages that 
disclose suicidal thoughts or behaviors. Using value-sensitive design (VSD), they interviewed 16 healthcare 
professionals, most of whom were nurses, from five clinics at an academic medical center. They analyzed 
the interviews with open coding to identify barriers and facilitators in the current system, and with coding 
guided by VSD and the Systems Engineering Initiative for Patient Safety (SEIPS) 2.0 human factors 
framework (Holden et al., 2013). Participants described a complex sociotechnical system spanning nurses, 
call-center staff, family members, mobile crisis teams, and police. Messages of concern were most often 
“cryptic” (vague hopelessness) rather than explicit, so assessment depended on follow-up to establish 
additional context for response. Patients also had no way to mark a message as urgent, so they used subjects 
such as “depression” instead. The values participants endorsed most were safety, collaboration, therapeutic 
alliance, personalized risk assessment, and timeliness/urgency. From these, the authors derive design 
features, such as automated acknowledgments that quickly hand off to a human. Notably, no participant 
was comfortable with LLM-generated automated responses. The work shows how eliciting stakeholder 
values can ground the design of tools for sensitive clinical communication (Slater et al., 2027).  

Read together, these papers are complementary. Digital traces show the structure and rhythm of 
communication across thousands of care episodes, while value-elicitation interviews bring out the tacit 
judgment, relational work, and competing obligations that no log records. 
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2.3. Whose Voice and Whose Performance Counts 
A central insight of sociotechnical research is that data and metrics reflect the settings in which they 

were produced and the choices of those who built them. Two papers apply this lens to the evidence and 
evaluation practices behind clinical AI.  

Ma et al. examine how the setting in which text is produced shapes the evidence for adverse drug events 
(ADEs). They compare six text corpora: patient forum narratives, multilingual social media posts, medical 
case reports, clinical notes (2 sources), and biomedical literature. A shared topic analysis of 6,713 drug-
masked, ADE-positive texts found that patient forum narratives brought out experiences such as suicidal or 
panic-related thoughts, night sweats, vivid dreams, and memory difficulties. The other corpora were 
dominated by a generic medication, sleep, and fatigue theme (51.7–64.6% of instances). Linking drug 
mentions to the curated SIDER knowledge base exposed large gaps: exact-match coverage was only 9.5% 
for patient forum narratives but 91.0% for biomedical literature. In detection experiments, a QLoRA fine-
tuned Llama-3.2-3B scored the best micro-averaged F1 scores (0.80–0.91) on the three corpora with the 
most training data, and SIDER-grounded retrieval with Llama-3.1-405B performed best on Dutch clinical 
notes (F1=0.95) and literature (F1=0.91). The work shows that who produces the evidence, and why, shapes 
what pharmacovigilance can see, and that curated knowledge bases can underrepresent patients’ own 
language (Ma et al., 2027).  

Narayan et al. focus on how clinical AI is evaluated. They present EchoStature, a model for pediatric 
left ventricular ejection fraction that turns patient demographic attributes into a synthetic echocardiogram 
clip and combines it with the real scan through a learned gate. On the EchoNet-Pediatric benchmark, 
EchoStature reaches a mean absolute error (MAE) of 4.40, compared with 4.52 for a video-only reference 
model, and its predictions change by at most 0.06 percentage points when demographic inputs are zeroed 
or shuffled. The authors’ main finding, however, is about evaluation rather than architecture. Error varies 
more than ten times as much across pediatric age groups as between the two models: infants aged 0–1 year 
reach 5.23 MAE, compared with 3.90 for children aged 2–5. A model reported with an overall MAE of 
4.40 therefore, has an MAE of 5.23 for the youngest patients, for whom echocardiography is often the only 
available measure of heart function. The work shows how pooled benchmarks can hide the patients a system 
serves worst and argues for making subgroup results standard in reporting (Narayan et al., 2027).  

Both papers make a point that echoes ethnographic findings: the way a technology’s evidence is 
gathered and its performance measured decides whose experience counts. Patient-reported harms that 
knowledge bases cannot match and infants whose errors are averaged away are both largely invisible in 
pooled data. 

3. Conclusion 
The papers in this session show a field learning to study technology in practice at scale without losing 

the context that gives observation its meaning. Three themes stand out. First, multimodal and trace data can 
operationalize ethnographic concepts such as attention, rapport, reciprocity, and voice, making them 
measurable across many encounters and teams. Second, computational scale and qualitative depth 
complement each other rather than compete: logs and recordings show patterns, while interviews and 
observations explain them. Third, every data source and metric reflects the setting that produced it, so 
representing patients’ experience requires deliberately auditing what our records, knowledge bases, and 
benchmarks leave out. 

These themes motivate the Observer Consortium, which this session launches. Building on the 
Observer repository of multimodal primary care encounters (Johnson et al., 2026), the Consortium aims to 
create a federated network of scientists and multimodal clinical datasets from partner institutions, with 
shared standards for capture, de-identification, provenance, and governance. Several papers here already 
show what such data make possible and why careful documentation of where data comes from matters. We 
invite computer scientists, informaticians, social scientists, clinicians, and others to join in building 
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technologies that are technically robust, fairly implemented, and grounded in the realities of clinical 
practice.  
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Abstract: Ambient artificial intelligence (AI) scribes can listen to a conversation between a 
clinician and patient and automatically generate a clinical document. Early evaluations have largely 
relied on surveys and electronic health record-derived metrics, which may not fully capture how 
these tools affect in-room communication, attention, and engagement. We evaluated video-
recorded and professionally transcribed primary care encounters from a primary care network in 
the Philadelphia area. Through structured group consensus, we defined communication and 
engagement metrics that could be operationalized from multimodal encounter data, including 
physician egocentric field-of-view categories, speaking-time distribution, silence, device use, visit 
flow, and expressive utterances, such as laughter. We then assessed these metrics in a pilot sample 
of encounters with and without documented ambient AI scribe use. The pilot sample included 35 
primary care encounters: 14 with ambient AI scribe use and 21 without ambient AI scribe use. The 
pipeline generated encounter-level measures from available audiovisual recordings and transcripts, 
including speaking-time distribution, silence, laughter, transcript-labeled phone, tablet, or computer 
use, visit-phase classifications, and physician egocentric video frame categories. Comparing 
encounters with versus without documented ambient AI scribe use, PCP speaking time was 53.0% 
versus 49.8% of analyzed audio time, patient speaking time was similar (34.2% in both groups), 
silence 12.2% versus 15.2%, PCP laughter 0.44 versus 0.21 laughs/min, PCP phone and computer 
use 26.3% versus 29.4%, plan/counseling time 39.1% versus 42.8%, and computer-only physician 
egocentric frames 11% versus 28%. These measures were summarized descriptively by ambient AI 
scribe use status without inferential testing. Multimodal audiovisual encounter data can support 
descriptive measurement of patient-physician communication and engagement during ambulatory 
visits. This proof-of-concept framework may complement surveys and electronic health record-
derived metrics in future evaluations of ambient AI scribes; the pilot was not designed to estimate a 
causal effect of ambient-scribe use. 

Keywords: Ambient Artificial Intelligence; AI Scribe; Patient-Physician Communication; 
Multimodal Data; Audiovisual Analysis; Primary Care. 
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1. Introduction 

Ambient artificial intelligence (AI) scribes listen to the conversation between a patient and 
clinician and generate clinical documentation [1]. Initial evaluations of ambient AI tools have used 
surveys to assess burnout, cognitive load, and documentation burden - largely finding sustained 
improvements in these domains- and EHR efficiency metrics to measure clinician documentation 
time, with mixed findings trending towards mild time savings [2-8]. Reducing documentation 
demands during patient encounters may alter the style and flow of visits by changing how 
clinicians divide attention between patients, computers, and other clinical tasks [9-11]. However, 
prior evaluations of ambient AI, relying on surveys and EHR data, are limited in their ability to 
objectively assess patient-physician communication and engagement during the encounter. 

Better patient-physician communication can improve quality of care [12]. Nearly a third of 
patient encounters may contain contextual errors – failures to identify or adapt the care plan to a 
patient's relevant life circumstances – representing missed opportunities for prevention and 
chronic disease management [13, 14]. Since the implementation of EHRs, clinicians’ capacity for 
undivided attention on their patients has been replaced by multitasking and frequent task-
switching, limiting the ability for deep work and sustained focus and raising risk for these errors 
[15, 16]. Untethering clinicians from documentation and EHR review with AI scribes could 
improve attention and ability to address contextual factors in real time. 

In addition to its impact on the quality of care, patient satisfaction is directly related to patient-
clinician communication, through improved attention to patients’ social and emotional needs [17]. 
Eye contact and gaze patterns are a primary channel through which this attentiveness is conveyed 
and perceived by patients [18, 19]; conversely, physicians who devote more visual attention to the 
EHR screen during visits exhibit reduced patient-directed gaze and are rated as less attentive, 
independent of the clinical content delivered [20]. In addition to improving rates of clinical 
effectiveness through increased medication adherence [21], improved engagement between 
patients and physicians can have positive consequences for health systems such as reduced 
malpractice risk for primary care physicians (PCPs) who use humor and laughter [22]. AI scribes 
have been associated with improvements on standardized patient satisfaction surveys [23], and 
qualitative studies have described clinician-perceived changes in patient engagement [24], but 
quantitative evaluations of non-verbal markers of engagement with ambient AI scribe use remain 
limited. 

Assessments linking patient-physician communication and engagement to quality, adherence, 
and satisfaction often rely on patient encounters obtained through direct observation by 
independent researchers, recorded visit audio or video with post hoc analysis [25], or standardized 
patients. While these methods are essential to objectively study engagement and communication, 
there are also significant practical challenges in data collection. First, patients desire privacy and 
institutions must comply with federal, state, and local privacy statutes and best practices. 
Additionally, introducing observers into a busy ambulatory workflow can cause disruptive delays, 
compromising operational efficiency. There also may be bias from direct observation by a third 
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party (e.g., the Hawthorne effect) [26]. Lastly, there are technical limitations, especially with large 
volumes of frame-by-frame video data. 

These impediments have contributed to the underuse of recorded visit data in clinical AI 
evaluation [27, 28]. As a result, published assessments of recent health AI solutions, including 
ambient AI scribes, have relied largely on post-visit surveys, clinician-reported outcomes, or 
secondary data from electronic health records rather than direct audiovisual observation. Although 
these studies have helped shape the conversation about documentation burden and clinician 
burnout, they leave important questions unanswered about how ambient AI affects patient-
clinician communication, patient engagement, visit dynamics, and the downstream health and 
financial consequences of these changes. Prior studies used video recordings to examine the early 
impact of EHRs on visit flow and generated practical recommendations for exam room design, 
including optimal computer placement [27, 29, 30]. Extending this approach to ambient AI scribe 
research would provide a more complete understanding of how these tools affect the patient-
physician relationship and the clinical encounter itself. Prior observational and recorded-visit 
research has demonstrated the value of direct audiovisual analysis for characterizing patient-
physician communication and clinical workflow [25, 27]. Our framework extends this approach 
by integrating audiovisual, transcript-derived, and survey measures within a common 
communication framework for ambient AI scribe evaluation. 

In this study, we proposed a multimodal framework to quantify patient-physician 
communication and engagement during primary care encounters. We assessed whether recorded 
visits could support reproducible measurement of visual-attention proxies, speaking-time 
distribution, silence, device use, visit flow, rapport, and laughter. We applied the framework to 
encounters with and without documented ambient AI scribe use to illustrate how multimodal 
encounter data can complement surveys and EHR-derived metrics. This descriptive pilot was not 
designed to estimate the causal effect of ambient-scribe use. 

2. Methods 

2.1 Study setting and data source 

This study leveraged the Observer repository, a multimodal dataset of primary care visits collected 
at Penn Medicine [27]. As part of the study, PCPs and patients wore egocentric (first-person 
perspective) video cameras during their visit, capturing each party's field of view during the 
clinical encounter. A third camera provided a view of the room. 

All patients and clinicians included in this analysis provided written informed consent and 
authorization for the collection and research use of encounter audiovisual and associated data. This 
secondary analysis was conducted by authorized REDUCE study personnel within Penn-approved 
secure computing environments. Recordings involving family members or caregivers were 
handled in accordance with the protocol's consent/release and deidentification requirements. 
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2.2 Patient-physician engagement framework 

After reviewing audiovisual data from primary care encounters, as well as existing literature on 
sociotechnical ethnography [28-31], we organized the audiovisual and survey measures in this 
study using the pathways framework proposed by Street and colleagues [32]. In this framework, 
communication processes including nonverbal behavior, affect, and attentional availability link to 
proximal outcomes (e.g., rapport and trust) and reflect the immediate relational products of 
communication. Proximal outcomes link to intermediate outcomes (e.g., trust in system and 
commitment to treatment) and to health outcomes (survival, functional status). 

Our audiovisual measures operationalize communication and proximal outcomes across 
verbal, nonverbal, and attentional channels, while our post-visit surveys capture intermediate 
outcomes. This structure allows encounter-level audiovisual differences to be interpreted as 
candidate pathways through which ambient-scribe use may relate to intermediate outcomes, 
including patient satisfaction and clinician experience. It does not establish that ambient-scribe use 
caused those outcomes. Table 1 displays the metrics in the patient-physician engagement 
framework and maps each metric to its corresponding Street pathway category and communication 
channel. 

To operationalize the parameters in Table 1, we constructed a software pipeline to process 
audio and video data from each encounter in the Observer repository. Each pipeline component 
maps to one or more Street pathway categories in Table 1: transcript-derived speaking time and 
visit-phase segmentation to information exchange and to making decisions and enabling self-
management; laughter and affect labels to fostering the healing relationship and to responding to 
emotions; silence to managing uncertainty; and physician egocentric field-of-view categories and 
device use to nonverbal immediacy and attentional availability. Figure 1 summarizes the 
multimodal processing framework.  

2.3 Transcript-derived measures and visit-phase classification 

Encounter recordings were professionally reviewed and transcribed by Datagain Inc. (Parkland, 
FL, USA), a professional transcription vendor with authorized access to the audiovisual 
recordings. Transcript files included timestamps, speaker-role identification, affect labels 
including laughter, and manually coded indicators of concurrent phone, tablet, or computer use. 
For each encounter, we calculated speaking time for the patient, PCP, and other participants, along 
with total silence time. Speaking-time and silence percentages were calculated for each encounter 
as a proportion of total analyzed audio time, defined as the sum of PCP, patient, and other 
speaking time and silence, so that the four categories sum to 100% within each encounter. Total 
analyzed audio time was used as the denominator rather than recording length because utterances 
sharing a start timestamp with the following utterance were assigned a minimum duration of 0.5 
seconds, which caused summed speaking and silence time to slightly exceed recording length. 
Device-use percentages and laughter rates used total encounter duration as the denominator 
because these measures can overlap with speaking time. 
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Table 1. Patient-physician engagement framework mapped to the Street et al. (2009) communication pathways, operationalized measures, and multimodal data 
sources. 

Framework element Data source 

Street 
pathway/category 

Communication 
parameter 

Operationalized 
metric 

Physician 
egocentric 

video 

Patient 
egocentric 

video 

Room 
video 

Visit 
audio Transcript Encounter 

Note* 

EHR 
Audit 

log 
Survey 

Information 
exchange 

Visit flow; 
conversational 
balance 

Visit phase 
segmentation; 
PCP/patient/other 
speaking-time 
distribution 

  ○ ● ●  ○  

Fostering the 
healing relationship Rapport; laughter/joy 

Rapport-building 
utterances; PCP and 
patient laughter rate 

○ ○  ○ ●    

Responding to 
emotions 

Affect; silence; 
laughter 

Affect labels; 
laughter events; 
silence distribution 

○ ○  ● ●    

Making decisions 
and enabling self-
management 

Patient participation 
Plan/counseling time; 
patient speaking 
proportion 

   ● ● ○   

Managing 
uncertainty 

Visit pacing; 
deliberation/task-
switching 

Plan/counseling time; 
silence time 

   ● ●  ○  

Nonverbal 
immediacy and 
attentional 
availability 

Physician field-of-
view categories 
(visual-attention 
proxy); patient 
attention 

Person only, 
computer only, both, 
neither; PCP/patient 
device use 

● ○ ○  ●  ○  

Proximal 
interaction 
outcomes 

Patient and clinician-
reported experience 

Patient satisfaction, 
clarity, listening; PCP 
visit goals and patient 
engagement 

○ ○      ● 

 

● Operationalized in this pilot. 
○ Available in the Observer repository and relevant to the parameter but not used for it in this pilot (e.g., physician egocentric video was used for field-of-view 
categories but not to detect laughter or affect). Blank cells indicate modality-parameter pairings not identified as primary measurement sources. 
* The signed encounter note was used in this pilot to ascertain ambient AI scribe exposure status via the standardized ambient-technology footnote.
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Figure. 1. Multimodal processing framework for encounter-level measurement of patient-physician 

communication and engagement. 

2.3.1 Visit Segmentation 

Transcript utterances were classified into visit phases using OpenAI GPT-4-32k-0613 through the 
Penn Databricks environment in April 2025. Only deidentified transcript content was submitted 
for language-model processing. Categories included history taking, physical examination, 
medication reconciliation, plan/counseling, rapport building, and other. Transcripts were 
segmented into chunks of approximately 50 consecutive utterances for classification, preserving 
local conversational context within each segment. Visit-phase duration was calculated from the 
time attributed to each classified phase and divided by total encounter duration; because each point 
in the encounter timeline was attributed to one of the six visit phases, the phase percentages sum 
to 100%. Model parameters included temperature = 0 and top_p = 0.95. Two clinician reviewers 
independently labeled 854 utterances from three transcripts to assess concordance with automated 
classification (Appendix A7). 

2.4 Physician egocentric video analysis 

Encounters were recorded using a room camera and first-person perspective cameras worn by the 
PCP and patient. An automated, publicly available object-detection algorithm (Ultralytics 
YOLO11 [33]) was applied to images from the PCP camera within Penn-approved secure 
computing infrastructure. Detection focused on person and computer object classes, with computer 
represented by laptop and monitor-related model categories. Frames were classified into four 
mutually exclusive field-of-view categories: person only, computer only, both person and 
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computer, or neither. Frame counts were divided by the total frames to estimate the proportion of 
each encounter represented by each category. These egocentric field-of-view categories were 
treated as proxies for visual attention rather than direct eye-tracking measures. The pretrained 
object-detection model was used without task-specific retraining; formal frame-level validation 
against manually annotated physician egocentric video was not performed in this proof-of-concept 
analysis. Appendix A provides additional details (Supplementary Material, 
https://doi.org/10.5281/zenodo.23048887). 

2.5 Post-visit surveys and documented ambient AI scribe use 

Patients completed surveys asking about their satisfaction with the visit, and whether their PCP 
communicated clearly and listened to them. PCPs completed surveys assessing their satisfaction 
with achieving visit goals and with patient engagement/comprehension of the medical concepts 
discussed. The full surveys are available from the corresponding author on request. 

Encounter-level ambient AI scribe use was manually ascertained by BA through review of the 
signed Epic encounter note for the standardized footnote documenting use of ambient technology. 
Encounters containing the footnote were categorized as having documented ambient-scribe use; 
encounters without the footnote were categorized as not having documented use. Three PCPs at a 
single academic health system contributed encounters both with and without documented ambient-
scribe use, and the sample was limited to these PCPs. Ambient-scribe access and use occurred 
through routine institutional practice and were not assigned by the study team. Encounters took 
place between April 9, 2024, and February 13, 2025. This design supported a descriptive 
comparison of encounters with and without documented use but not a randomized or causal 
analysis. 

2.6 Statistical analysis 

For continuous audio-, video-, transcript-, and survey-derived variables, encounter-level means 
and standard deviations were calculated by documented ambient AI scribe use status. The analysis 
was descriptive; no inferential statistical testing or causal estimation was performed. 

3. Results 

The pilot sample included 35 unique patient-PCP dyads, including 14 encounters with ambient AI 
scribe use and 21 without ambient AI scribe use. These encounters were conducted by 3 PCPs 
who each had visits with and without ambient AI scribe use in the Observer repository. For two 
encounters without ambient AI scribe use, audio-only data were available due to technical 
challenges with video recording. The average age of patients in this sample was 54 years and 
patients had a range of responses across self-reported health status, race/ethnicity and educational 
backgrounds (Supplementary Table 1).  

The pipeline successfully generated encounter-level measures from the available audiovisual 
recordings, supporting the feasibility of applying automated processing methods to multimodal 
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primary care encounter data. Table 2 presents encounter-level measures organized by patient-
physician engagement framework element. The PCP speaking time was 53.0% of analyzed audio 
time in visits with ambient AI scribe use and 49.8% in visits without ambient AI scribe use (Table 
2). The amount of silence time was 12.2% with ambient AI scribe use and 15.2% in visits without 
ambient AI scribe use. Patient speaking time was 34.2% both with and without ambient AI scribe 
use. 

PCP laughter rate was 0.44 laughs per minute with ambient AI scribe use compared to 0.21 
without ambient AI scribe use. Patient laughter rate was 0.15 laughs per minute in encounters with 
ambient AI scribe use and 0.19 without ambient AI scribe use. Patient cell phone usage was 20.3 
seconds (1.8%) in encounters without ambient AI scribe use compared to 0.4 seconds (<0.1%) in 
encounters with ambient AI scribe use. PCP computer usage was 352 seconds (29.1%) in 
encounters without ambient AI scribe use compared to 328 seconds (25.0%) in encounters with 
ambient AI scribe use. 

For visit-phase classification, agreement between the two clinician reviewers was 78.0% 
(Cohen's κ = 0.70). Restricted to the 665 utterances on which both clinician reviewers agreed, 
LLM-assigned labels matched the reviewer consensus in 65.7% of utterances (κ = 0.53) 
(Appendix A7). Time attributed to history taking was 27.2% with ambient AI scribe use compared 
to 28.2% without ambient AI scribe use (Table 2). Plan and counseling was 39.1% with ambient 
AI scribe use vs. 42.8% without ambient AI scribe use. Time spent building rapport was 18.6% 
with ambient AI scribe use vs. 16.2% without ambient AI scribe use. Time spent on physical 
examination was 6.5% with ambient AI scribe use vs. 3.6% without ambient AI scribe use. 

Computer-only frames constituted 28% of physician egocentric video in encounters without 
documented ambient AI scribe use and 11% in encounters with documented use (Table 2). Person-
only frames constituted 38% with documented ambient AI scribe use and 28% without 
documented use. Frames containing both a person and computer constituted 44% with 
documented use and 40% without documented use. These categories represent automated 
estimates of the physician camera's field of view and should not be interpreted as direct eye-
tracking measures. 

Patient satisfaction was rated at 9.4 (SD: 0.7) in encounters with ambient AI scribe use, 
compared to 8.9 (SD: 1.5) in encounters without ambient AI scribe use. PCP satisfaction with 
achieving visit goals was rated at 8.5 (SD: 0.7) in encounters with ambient AI scribe use compared 
to 8.2 (SD: 1.1) in encounters without ambient AI scribe use. 
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Table 2. Encounter-level communication and engagement measures in primary care encounters with and without ambient AI scribe use, mapped to patient-
physician engagement framework elements. 

Operationalized metric 
Street pathway/category With 

ambient AI 
scribe use, 
mean (SD) 

Without 
ambient AI 
scribe use, 
mean (SD) 

Information 
exchange 

Fostering the 
healing 

relationship 

Responding 
to emotions 

Making decisions and 
enabling self-
management 

Managing 
uncertainty 

Nonverbal immediacy 
and attentional 

availability 

Proximal 
interaction 
outcomes 

PCP speaking time (% of analyzed audio) ●       53.0 (9.5) 49.8 (10.3) 

Patient speaking time (% of analyzed audio) ●   ●    34.2 (8.1) 34.2 (7.7) 

Other speaking time (% of analyzed audio) ●       <1 (1.3) <1 (2.5) 

Silence time (% of analyzed audio)   ●  ●   12.2 (2.3) 15.2 (6.7) 

History taking (% of encounter) * ●       27.2 28.2 

Plan/counseling (% of encounter) *    ● ●   39.1 42.8 

Rapport (% of encounter) *  ●      18.6 16.2 

Medication reconciliation (% of encounter)* ●       8.4 7.4 

Physical examination (% of encounter)* ●       6.5 3.6 

Other visit phase (% of encounter) * ●       0.2 1.8 

PCP laughter rate (laughs/min)  ● ●     0.44 (0.33) 0.21 (0.21) 

Patient laughter rate (laughs/min)  ● ●     0.15 (0.13) 0.19 (0.29) 

PCP cell phone use (% of encounter)      ●  1.3 (1.6) 0.3 (0.8) 

PCP computer use (% of encounter)      ●  25.0 (11.7) 29.1 (12.4) 

Patient cell phone use (% of encounter)      ●  <0.1 (0.1) 1.8 (3.1) 

Patient computer use (% of encounter)      ●  0.5 (1.3) 0.1 (0.2) 

Person-only frames (% of physician egocentric 
video) 

     ●  38 (24.7) 28 (12.3) 

Computer-only frames (% of physician egocentric 
video) 

     ●  11 (15.9) 28 (19.0) 

Both person and computer frames (% of physician 
egocentric video) 

     ●  44 (31.0) 40 (18.6) 

Neither person nor computer in frame (% of 
physician egocentric video) 

     ●  7 (16.1) 3 (3.8) 

Patient satisfaction (1-10 scale)       ● 9.4 (0.7) 8.9 (1.5) 

PCP satisfaction with achieving visit goals (1-10 
scale) 

      ● 8.5 (0.7) 8.2 (1.1) 

● indicates the framework element(s) in Table 1 to which each metric maps. 
* Mean % of encounter time, reported without SD; the six visit phases sum to 100%. Silence was calculated separately and may overlap visit phases. 
Note: Video measures reflect 33 encounters (14 with, 19 without; two audio-only); all others reflect 35. Speaking and silence are % of analyzed audio and sum to 
100%.

Pacific Symposium on Biocomputing 2027

605



4. Discussion 

This study developed and piloted a multimodal framework for quantifying patient-physician 
communication and engagement during primary care encounters. In this proof-of-concept analysis, 
an automated audiovisual processing pipeline generated encounter-level measures of egocentric 
field of view, speaking-time distribution, silence, device use, visit segmentation, rapport, and 
laughter, each mapped to a Street pathway category (Table 1 and Table 2). The findings support 
the technical feasibility of extracting these communication parameters from multimodal encounter 
data; they do not establish a causal effect of ambient-scribe use. 

This proof-of-concept analysis complements prior survey-based and qualitative studies 
suggesting that ambient AI scribes may reduce cognitive burden and improve perceived patient 
engagement [4, 24]. In this pilot sample, the framework summarized computer-only frame time, 
person-only frame time, speaking-time distribution, silence, device use, visit-phase segmentation, 
and laughter rate across encounters with and without ambient AI scribe use, demonstrating how 
multimodal audiovisual data can characterize field-of-view-based proxies for visual attention and 
clinician affect across encounter types. The ability to build strong patient relationships is a 
commonly cited reason for entering medicine, particularly in ambulatory specialties [34], yet since 
the advent of the EHR era, clinicians spend less time with their patients and more effort 
multitasking on a computer screen. 

Clinician burnout is a public health crisis with many root causes including EHR design [35], 
documentation burden [36], understaffing, increasing patient workload and complexity, and 
decreasing reimbursement [9, 37, 38]. While much has been written about drivers of burnout, there 
have been few sustained interventions that provide meaningful burnout reduction. In randomized 
studies, ambient AI scribes have shown notable improvements in burnout across multiple 
institutions [4, 39, 40]. However, these burnout improvements have not always been accompanied 
by reductions in EHR efficiency metrics, suggesting that ambient AI may reduce burnout through 
mechanisms beyond decreased EHR engagement alone [5]. It is important to understand the 
potential mechanisms of this reduction both to assist in the iterative design of ambient AI scribes 
and to facilitate other simultaneous burnout interventions. Objective measures of in-room 
communication may help clarify whether changes in documentation burden are accompanied by 
changes in patient-facing attention, silence, or visit flow.  

Video data can help characterize physician field-of-view context and candidate proxies for 
visual attention during clinical encounters. Reviewing video of primary care visits from patient 
and physician perspectives by the study team shows many aspects of care delivery that are never 
captured through traditional evaluation – the patient watching their doctor type away on their 
computer who then pulls out their phone to occupy themselves. As more healthcare physical 
spaces are equipped with video cameras, these data can be used to improve patient and clinician 
experience with careful balance of clinician and patient agency, privacy, and data security [41, 
42]. 
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Audio data can similarly help quantify encounter dynamics. In this pilot sample, the 
framework summarized silence time and patient speaking time across encounters with and without 
documented ambient AI scribe use. Silence may occur during typing, EHR interaction, reflection, 
physical examination, or other activities; this pilot did not directly attribute each silent interval to a 
specific activity. Future work should assess, at larger scale and with aligned behavioral or EHR 
data, how silence and speaking-time distribution relate to care quality and patient experience. 

The impact of ambient AI on primary care encounter dynamics is unknown and likely 
evolving [1]. EHRs changed the flow of a typical primary care visit by allowing for pre-visit 
longitudinal chart review and concurrent history-taking and order entry [43]. Ambient AI scribes 
may lead to a similar shift in clinician workflows and present another opportunity to shape those 
workflows in service of the patient. Although our work is preliminary, the framework summarized 
time attributed to building rapport and physical examination, elements of the visit requiring human 
interaction that may improve the quality of the physician-patient relationship [44]. As AI tools 
become increasingly integrated into primary care workflows including triage, history-taking, and 
post-encounter summarization, the balance between care delivery activities performed by human 
clinicians  may continue to shift [45, 46]. PCP time is likely most valuable in uniquely human 
activities including those requiring physical contact and discussions with nuanced risks and 
benefits or requiring elicitation of patient values. 

These pilot results have several important limitations. The analysis included only 35 
encounters from three PCPs at one academic health system, and clinicians received ambient-scribe 
licenses through routine institutional practice rather than random assignment. The two encounter 
groups differed in patient and visit characteristics, and no inferential statistical testing was 
performed; observed differences should therefore be treated as descriptive and not causal. 
Ambient-scribe status was derived from a standardized signed-note footnote, so absent or 
inconsistent documentation could produce exposure misclassification. The same pilot sample 
contributed to development and assessment of parts of the analytical workflow and therefore does 
not constitute an independent validation cohort. Automated audio, transcript, and video processing 
may introduce measurement error. Language-model concordance was assessed in only three 
transcripts; agreement with the individual clinician labels was moderate (κ = 0.42 and 0.48), and 
agreement with consensus labels on reviewer-agreed utterances was κ = 0.53, with the weakest 
concordance in the "other" category; visit-phase percentages should therefore be interpreted as 
approximate. Formal frame-level validation of the YOLO classifications against a manually 
annotated reference set was beyond the scope of this pilot and should be performed before these 
measures are used for definitive comparative or causal evaluation. Two encounters also lacked 
video data. 

A last important caveat to this work is that ambient AI technology is still early in development. 
As ambient AI scribes shift into a clinical intelligence layer that can assist with orders, diagnosis 
entry, coding, and decision support, more time may shift away from physicians interacting with 
their computer towards patient-facing activities. Because the encounters took place between April 
9, 2024, and February 13, 2025, at an early-adopting institution, the findings should be interpreted 
in the context of rapidly evolving ambient AI technology. 
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Future work should incorporate EHR audit-log data to compare audiovisual measures of 
patient and computer engagement with keystroke-level evidence of concurrent EHR use. 
Additional analyses should also consider pre- and post-encounter activities and the roles of nurses, 
medical assistants, family members, and other participants in the primary-care team. Applying the 
framework to larger and more diverse encounter samples will be necessary to assess reliability, 
refine measurement, and evaluate how well observations generalize across clinical settings and 
workflows. 

5. Conclusion 

This study developed and piloted a multimodal framework for the sociotechnical analysis of 
patient-physician communication and engagement during ambient AI scribe evaluations, mapping 
each measure to a Street et al. communication pathway so that encounter-level observations can be 
interpreted as candidate mechanisms rather than isolated metrics. In a pilot of 35 primary care 
encounters, an automated pipeline generated measures of physician egocentric field of view, 
speaking-time distribution, silence, device use, visit flow, rapport, and laughter, supporting the 
feasibility of reproducible, encounter-level measurement of in-room interaction from recorded 
visits. These findings are descriptive and establish technical feasibility rather than a causal effect 
of ambient-scribe use. Applied to larger and more diverse samples alongside surveys and EHR 
audit-log data, this approach can help clarify how ambient AI scribes and other clinical 
technologies reshape the encounter itself. 
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Sentiment in clinical conversations may reflect aspects of patient experience relevant to care. Clinical 

notes compress these rich conversations into brief records, and prior work shows that important 

aspects of the provider-patient visit, such as patient life context, are often left out. The extent to 

which the affective content of the conversation is preserved in the note remains unknown. We 

investigated document fidelity by comparing sentiment in 89 clinical conversations from the 

Observer repository with sentiment in the corresponding notes using TRACE, a sentiment analysis 

pipeline built on Doc2Vec that scores text along five dimensions (sociability, morality, agency, 

ability, and status), each with positive and negative valence, for ten dimensions in total. TRACE also 

reports the lexicon terms contributing to each score, letting us inspect the vocabulary behind each 

measure. We computed Spearman correlations between transcript and note sentiment and compared 

which lexicon terms appeared in each source. Note sentiment correlated with provider speech on 

seven of the ten measures (rs ≈ 0.25 to 0.39, adjusted p < 0.05), most strongly for morality, agency, 

and ability, but showed no significant correlation with patient speech on any measure. Lexicon 

coverage was higher in provider segmented transcripts than in notes across all sentiment dimensions, 

with 17.4% of sentiment lexicon terms appearing in transcripts versus 11.6% in notes. Negative 

ability was the most distinctive sentiment dimension across both sources, characterized by terms such 

as “slow,” “confused,” and “unable.” These results suggest that clinical conversations hold affective 

richness, especially sentiment expressed in provider speech, that is only partly preserved in the note 

and largely absent for patient speech. As ambient AI scribe systems increasingly mediate 

documentation, understanding which interpersonal and affective elements are retained or omitted 

may help guide the development of documentation systems that better preserve clinically meaningful 

context. 

Keywords: Sentiment Analysis; Word Embeddings; Clinical Communication; EHR 

1.  Introduction 

The clinical note is the enduring record of a clinical encounter (i.e., "visit"). While the conversation 

between provider and patient is transient, the note persists as the primary reference for downstream 

clinical and administrative systems. Because notes are selective summaries, their authors, whether 

human providers or, increasingly, artificial intelligence (AI) systems with a human in the loop, 
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determine which elements of the encounter are preserved and which are excluded. These judgments 

occur under substantial time pressure: a time and motion study in ambulatory care found providers 

spent nearly half of their work day on electronic health record (EHR) and desk work, compared with 

only about a quarter in direct patient care.1 Ambient AI scribes can now perform much of this work 

automatically, generating draft notes directly from the visit conversation2,3 while reducing provider 

documentation time.4 Whether notes drafted by AI preserve more, less, or simply different encounter 

content than notes written by providers remains an open empirical question. What is certain is that 

every note, regardless of its author, is the product of selection. This raises a question that grows 

more urgent as AI scribes scale: what does the note keep from the conversation, and what does it 

leave behind? Among the content at risk is sentiment, the affective meaning conveyed in language, 

which is the focus of this study.  

Prior work establishes three findings that motivate this study. First, much of the clinical 

conversation never reaches the note,5 and the loss is not evenly distributed between speakers: a study 

of 49 visits across 11 providers found that psychosocial issues voiced by patients reached the note 

less than half the time, while issues voiced by providers were preserved at much higher rates.6 

Documentation loss therefore carries a speaker asymmetry that falls disproportionately on the 

patient voice. Second, affective content is clinically consequential, so its loss would matter. 

Sentiment, the affective meaning conveyed in language about people, conditions, and events,7 

shapes care beyond the clinical facts a note records. Affective information conveyed during the visit 

can improve downstream care and patient engagement, promoting better health outcomes.8 

Conversely, negative descriptors in notes, such as expressions of disbelief, disapproval, or 

uncooperativeness,9,10 have been shown to shift subsequent providers’ attitudes and management 

decisions.11 Sentiment measured in notes also varies with patient outcomes and demographic 

characteristics.12 Third, sentiment is measurable on both sides of the transformation: prior research 

has quantified sentiment within clinical notes,12 and other work applies language models to patient 

and provider speech to capture the emotional context of the interaction.13 Because sentiment is 

consequential and can be measured in both transcripts and notes, the open question is whether the 

sentiment expressed in the conversation is reflected in the resulting note, particularly for the patient 

voice that prior work shows is most often lost. 

Recent analyses of how providers edit notes drafted by AI begin to characterize the conversation 

to note transformation, including explicit edits that filter content related to empathy and rapport.14 

Little research, however, has examined the affective dimension of this transformation or the extent 

to which sentiment is preserved, altered, or lost. This study is an exploratory empirical analysis of 

how affective and interpersonal language expressed during clinical encounters is preserved in 

clinical documentation. Our first aim measures the association of five sentiments (i.e., sociability, 

morality/trust, ability, agency, and status), each with positive and negative valences, between the 

conversational transcript and the note for a sample of outpatient visits. Because prior work shows 

that omission falls unevenly across speakers, we analyze provider speech and patient speech as 

separate segments of the conversation, allowing us to test whether note sentiment tracks each voice 

differently. These five sentiments derive from the well-established dimensions of warmth and 

competence in social perception.15,16,17 Warmth is associated with sociability and morality (akin to 

trust), while competence is associated with ability, agency, and status.17,18 We measure the five 
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individual sentiments rather than the two broad dimensions because they are more specific, and each 

has a validated dictionary suitable for automated text analysis.18 Our second aim identifies the 

specific terms that contribute to sentiment scores in notes and transcripts by speaker role. Together, 

the two aims reveal what sentiment relationships exist between note and transcript, whether those 

relationships differ for the patient and provider voice, and how the underlying terms drive the 

observed scores. This study lays the groundwork for tracing documentation fidelity with respect to 

affective communication in clinical encounters and associated notes.  

2.  Methods 

2.1.  Study design 

We conducted a descriptive characterization of expressed sentiment in clinical transcripts and notes 

in a sample of real-world clinical visits from the Observer Repository.20 For each visit, we compared 

the sentiment expressed in conversation with the sentiment documented in the note. To measure 

sentiment, we applied TRACE, a Doc2Vec pipeline19 that scores clinical text along validated 

sentiment dimensions and links each score to the terms that drive it. Across visits, we evaluate the 

association of sentiments between transcript and notes using correlation and then inspected terms 

driving those correlations. Figure 1 summarizes the study design. 

Fig 1. Schematic of study design. Clinical visit transcripts and associated notes were sampled from the 

Observer Repository. Notes and transcripts were extracted, provider and patient speech were separated, and 

then TRACE was applied to each of the three sources of clinical text to quantify scores across positive and 

negative valences of five sentiments: sociability, morality, agency, ability, and status. Spearman correlations 

were then computed between sentiment scores of speaker-segmented transcripts and clinical notes. 

Pacific Symposium on Biocomputing 2027

615



 

 

2.2.  Dataset and visit data extraction 

The sample was drawn from the Observer Repository20 and comprised two sources for each clinical 

visit: a transcript of the recorded encounter and the corresponding primary clinical progress note. 

Transcripts were generated using WhisperX and de-identified with a local instance of PHIlter known 

as MedVidDeID.21 We restricted the sample to visits with a primary progress note and excluded 

ancillary encounter documentation, including patient instructions, medical assistant notes, and notes 

limited to vitals or vaccine administration. Annual wellness visits and pre-operative examinations 

were also excluded because of their limited non-templated content. Visits were matched to 

transcripts using visit IDs, yielding 89 visits with paired conversation transcripts and notes. 

Transcripts were then segmented by speaker role, with provider and patient speech analyzed 

separately, resulting in three data sources per visit: provider speech, patient speech, and the 

associated clinical note. Speech attributed to other provider-associated roles captured in transcripts 

(e.g., medical residents or other care team members) was excluded from the primary analysis. 

Restricting analyses to a single speaker role was intended to characterize expressed sentiment from 

each speaker. However, because clinical notes may be collaboratively authored or partially drafted 

by team members, note authorship may not perfectly align with the speaker-role segmentation used 

in the transcript analysis. Before sentiment scoring, phrases appearing repetitively across a large 

fraction of documents (e.g., “Pt Name Verified”) were identified as template text and removed. This 

preprocessing step was included because language shared broadly across documents, such as 

templated notes or recurring conversational structure, can artificially inflate apparent document 

similarity. 

2.3.  TRACE sentiment analysis 

To analyze sentiment, we applied TRACE, which uses the stereotype content dictionaries of 

Nicolas, Bai, and Fiske18 for five dimensions: sociability, morality, ability, agency, and status. Each 

dictionary marks terms in a positive and negative valence, yielding 10 sentiment scores in total. 

TRACE, our Doc2Vec-based word embedding model,19 uses this previously validated social 

perception lexicon as a sentiment measurement framework for clinical text (e.g. transcripts, notes). 

TRACE embeds each document and the sentiment lexicon word lists in a shared vector space, then 

scores every document by its cosine similarity to each sentiment’s vocabulary. Because each of the 

five sentiments (Table 1) have separate positive and negative lists, each document receives ten 

sentiment scores, ranging from −1 to 1, where higher values indicate stronger semantic alignment. 

To obtain stable and reproducible scores, each sentiment dimension vector was computed as the 

average of 20 independent inference runs, a fixed random seed was used for model training, and 

training was restricted to a single thread so that results were reproducible across runs.22, 23 
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Table 1. TRACE Sentiment, associated attributes, and representative language. 

Sentiment Attributes 
Examples of Positive 

Language 

Examples of Negative 

Language 

Sociability 
Captures perceptions of 

friendliness 
Outgoing, Friendly Frosty, Withdrawn 

Morality 
Captures perceptions of 

trust 
Sincere, Fair Abuse, Unkind 

Agency 

Captures perceptions of 

competence, and 

assertiveness  

Determined, Autonomous Cautious, Inactive 

Ability 
Captures perceptions of 

skill and capability 
Educated, Alert Slow, Clumsy 

Status 
Captures perceptions of 

social ranking, power 
Privilege, affluent Hardship, Exclude 

2.4.  Sentiment correlation between notes and transcripts  

The three data sources (i.e., patient speech, provider speech, and clinical notes) were analyzed using 

the same Doc2Vec modeling framework but embedded in separate vector spaces; therefore, raw 

scores were not directly comparable across sources. Consistent with this, score distributions 

occupied different ranges: median scores ranged from 0.30 to 0.54 in notes, 0.36 to 0.44 in patient 

speech, and 0.13 to 0.23 in provider speech. Within each source, however, distributions were 

approximately symmetric across all dimensions (absolute skewness ≤ 0.53). To facilitate descriptive 

comparison across sources, each TRACE dimension was standardized within source to a mean of 0 

and standard deviation of 1 (z-score transformation); these standardized values are reported in Table 

2. Because z-score standardization is a monotonic linear transformation within a data source, it 

preserves the rank ordering of visits and therefore does not affect the Spearman correlations reported 

below. Accordingly, we evaluated concordance between speaker role in transcript and notes, using 

Spearman rank correlations, which assess agreement in relative ordering rather than raw magnitude 

and do not require scores to share a common scale.24 For each TRACE dimension, we computed a 

Spearman correlation between note-based and conversation transcript-based sentiment scores across 

the 89 visits, yielding 10 correlation coefficients. Because these analyses were exploratory and the 

TRACE dimensions are conceptually related, p-values were adjusted using the Benjamini–

Hochberg false discovery rate procedure rather than the more conservative Bonferroni correction, 

which assumes independent tests.25,26 

2.5.  Inspection of terms underlying sentiment scores 

TRACE is built on Doc2Vec embeddings, which allow sentiment dimensions to capture 

semantically related terms beyond those explicitly included in the lexicon. Directly examining the 

learned embedding space would most faithfully characterize what the model captures. However, for 

this combination of model and corpus size, the learned dimension vectors were dominated by 

document topics and generalized language rather than sentiment-discernable content. We therefore 

focused inspection on how the pre-defined sentiment lexicons appeared within the transcript and 

note corpora. 

Pacific Symposium on Biocomputing 2027

617



 

 

To characterize sentiment expression across conversation transcripts and visit notes, lexicon 

terms were normalized using the same preprocessing pipeline applied to both document types. 

Because highly frequent terms provide limited discriminative value and may reflect habitual or 

structural language rather than clinical evaluative meaning, we excluded lexicon terms appearing in 

more than 60% of documents, applying the filter separately to transcripts and notes.27 In 

conversational speech, habitual language included common discourse fillers or interactional terms 

(e.g., “right,” “good,” “know,” “well”) that occur frequently independent of sentiment. In clinical 

notes, structural language referred to recurring documentation or template-related terms (e.g., 

“visit,” “date,” “name”) that inflate dictionary matches without conveying interpersonal evaluation. 

Thresholds from 40% to 100% document frequency were examined, and 60% was selected because 

it removed predominantly structural or habitual language while preserving clinically and 

contextually meaningful sentiment terms.28 After filtering, we quantified sentiment lexicon 

representation for each dimension by calculating (1) the proportion of lexicon terms observed in the 

corpus (provider-speech segmented transcripts and notes), (2) document frequency, defined as the 

number of documents containing each term at least once, and (3) collection frequency, defined as 

the total number of occurrences across all documents. 

3.  Results 

3.1.  Visit characteristics and sentiment score distributions  

The final dataset comprised 89 visits contributed by 88 unique patients and 9 providers, with one 

patient contributing two visits. Visit length averaged 30.5 minutes (SD=14.1; range =8.68-79.75 

min). Providers had a mean age of 45.4 years (SD =10.7; range =34-62 years)) and were 

predominantly men (77.8%) and White (55.6%), with no provider identifying as Hispanic or Latino. 

Patients were substantially older, with a mean age of 58.5 years (SD=16.8; range= 24-89 years), and 

were close to evenly divided by gender (46 women, 52.3%). Patient race and ethnicity differed 

substantially from the provider group: 43 patients identified as Black or African American (48.9%) 

and 34 as White (38.6%), and 5 identified as Hispanic or Latino (5.7%). Race was not reported for 

8 patients (9.1%) and 1 provider (11.1%). 

After within-dataset standardization using Z-score normalization, TRACE sentiment score 

distributions were approximately symmetric across all 10 dimensions (absolute skewness ≤ 0.53), 

with no evidence of extreme outliers (Table 2). Standardized score ranges were broadly similar 

across notes, patient speech, and provider speech (median standardized score range –0.18 to 0.34), 

supporting the use of Spearman rank correlations to evaluate transcript and note concordance. 

 
Table 2. Standardized (z-score) sentiment score distributions by TRACE dimension and source 

across 89 visits (values expressed in standard deviation units). 

Sentiment Dimension Dataset Median Min Max Range 

Positive Sociability notes 0.337 -2.209 1.507 3.716 

 patient 0.019 -2.655 2.299 4.955 

  provider 0.125 -2.169 1.928 4.097 
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Negative Sociability notes 0.028 -2.209 1.712 3.921 

 patient -0.072 -2.327 2.285 4.612 

  provider 0.155 -2.298 2.474 4.772 

Positive Morality notes 0.063 -2.25 2.053 4.303 

 patient -0.037 -2.452 2.265 4.717 

  provider -0.136 -2.050 2.604 4.654 

Negative Morality notes -0.176 -1.887 2.423 4.309 

 patient -0.034 -2.262 1.806 4.069 

  provider 0.053 -2.734 2.296 5.030 

Positive Agency notes 0.235 -2.242 1.753 3.994 

 patient 0.102 -2.446 1.734 4.180 

  provider 0.128 -2.536 1.877 4.412 

Negative Agency notes 0.255 -2.185 1.715 3.900 

 patient -0.023 -2.016 2.434 4.451 

  provider 0.041 -2.147 2.720 4.866 

Positive Ability notes 0.134 -1.988 1.945 3.933 

 patient 0.068 -2.017 2.438 4.454 

  provider -0.017 -1.820 2.852 4.672 

Negative Ability notes 0.152 -2.234 2.539 4.773 

 patient -0.031 -2.739 2.320 5.059 

  provider 0.021 -3.090 2.211 5.301 

Positive Status notes 0.005 -1.880 2.232 4.112 

 patient 0.045 -2.566 2.069 4.635 

  provider 0.140 -2.473 1.964 4.437 

Negative Status notes 0.210 -2.106 1.651 3.757 

 patient -0.085 -2.273 2.605 4.878 

  provider -0.011 -2.556 3.041 5.597 

3.2.  Sentiment concordance between note and conversation 

Table 3 shows correlations between sentiment scores in visit notes and sentiment scores computed 

separately for provider speech and patient speech from transcripts for the same visits. Provider 

speech showed weak to moderate positive associations with the corresponding note in 7 of 10 

sentiment dimensions. Strength of associations among significant sentiment dimensions were 

modest (rs = 0.25 to 0.39), with the strongest associations evident for positive and negative ability, 

morality, and agency. Patient speech showed no measurable association with note sentiment on any 

dimension. Therefore, subsequent lexicon coverage and term-inspection analyses were limited to 

provider speech and visit notes. 
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Table 3.  Spearman correlations (rs) between note and transcript sentiment scores by speaker role 

(N = 89 visits). *p.adj (adjusted p value) < 0.05 after Benjamini–Hochberg correction. 

 Provider speech vs. note Patient speech vs. note 

Dimension rs p.adj. rs p.adj. 

Positive sociability 0.148 0.185 0.064 0.791 

Negative sociability 0.304 0.010* 0.026 0.898 

Positive morality 0.387 0.001* −0.130 0.622 

Negative morality 0.250 0.026* −0.124 0.622 

Positive agency 0.358 0.001* 0.189 0.622 

Negative agency 0.270 0.018* 0.155 0.622 

Positive ability 0.387 0.001* 0.037 0.898 

Negative ability 0.393 0.001* 0.007 0.948 

Positive status 0.198 0.079 0.068 0.791 

Negative status 0.056 0.605 −0.068 0.791 

3.3.  Lexicon coverage and term level inspection 

Table 4 shows the number of sentiment lexicon coverage in provider-speech segmented transcripts 

and notes. Only a minority of each lexicon's terms occurred in transcripts and notes, however lexicon 

coverage was higher in transcripts than in visit notes for all ten dimensions. In total, 17.4% of lexicon 

terms appeared in transcripts versus 11.6% in notes, and per-sentiment dimension coverage ranged 

from 11.9% to 28.6 in transcripts and from 6.0% to 21.2% in notes. Among the seven sentiment 

dimensions with significant provider-speech associations, the transcript–note coverage gap was 

largest for positive ability (+7.4 pp) and smallest for negative agency (+1.1 pp). 

Table 4. Sentiment lexicon coverage by document type for sentiment dimensions. Number of lexicon terms 

appearing at least once in the corpus (N = 89 patient visits). Note. pp = percentage points. Coverage is 

higher in transcripts than in visit notes for all dimensions. 

Dimension 
Lexicon 

terms 

Transcripts 

(Provider-Speech) n (%) 

Visit notes 

n (%) 

Difference 

(pp) 

Pos. Sociability 497 105 (21.1%) 64 (12.9%) +8.2 

Neg. Sociability 429 55 (12.8%) 33 (7.7%) +5.1 

Pos. Morality 470 75 (16.0%) 50 (10.6%) +5.4 

Neg. Morality 1841 219 (11.9%) 123 (6.7%) +5.2 

Pos. Agency 447 108 (24.2%) 85 (19.0%) +5.2 

Neg. Agency 270 41 (15.2%) 38 (14.1%) +1.1 

Pos. Ability 604 173 (28.6%) 128 (21.2%) +7.4 

Neg. Ability 300 37 (12.3%) 18 (6.0%) +6.3 

Pos. Status 289 86 (29.8%) 56 (19.4%) +10.4 

Neg. Status 190 31 (16.3%) 24 (12.6%) +3.7 

All dimensions 5337 930 (17.4%) 619 (11.6%) +5.8 
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 Table 5 shows the top 5 terms by sentiment type in provider-speech segmented transcripts and 

notes. The most frequent terms were generic (e.g., "set", "sense", "back") but differed in character 

between  the two sources: conversational vocabulary dominated the transcripts (e.g., "wow", "best", 

"bad"), whereas clinical vocabulary dominated the notes (e.g., "care", "blood", "risk"). Negative 

ability was the clear exception: the top terms in both sources were specific to this sentiment 

dimension (e.g., "slow", "confused", "inability"). However, it was also the sparsest sentiment 

dimension, with no term exceeding 20% document frequency. On the other hand, our simple filter 

for high-frequency terms excluded words likely to be attributed to speech mannerisms for visit 

transcripts (e.g., “right”, “know”, “see”) and templated language for clinical notes (e.g., “date”, 

“name”, “visit”). 

Table 5. Top 5 terms per significant sentiment lexicon and document type. Terms are ranked by document 

frequency within each dimension (N = 89). Note. DF = document frequency, the number of visits whose text 

contains the term at least once. CF = collection frequency, the total number of occurrences across all visits. 

 Transcripts (Provider-Speech) Visit notes 

Dimension Rank Term DF n (%) CF Term DF n (%) CF 

Negative sociability 1 bad 49 (55.1) 98 negative 38 (42.7) 141 

2 turn 32 (36.0) 60 rash 19 (21.3) 25 

3 feet 21 (23.6) 36 shortness 18 (20.2) 26 

4 love 18 (20.2) 32 feet 18 (20.2) 20 

5 alone 15 (16.9) 20 acid 14 (15.7) 16 

Positive morality 1 best 46 (51.7) 84 blood 43 (48.3) 109 

2 sense 43 (48.3) 90 care 40 (44.9) 96 

3 helpful 39 (43.8) 88 right 36 (40.4) 85 

4 real 38 (42.7) 66 good 27 (30.3) 57 

5 sit 36 (40.4) 50 present 25 (28.1) 28 

Negative morality 1 set 51 (57.3) 84 weight 45 (50.6) 83 

2 bad 49 (55.1) 98 drug 45 (50.6) 50 

3 using 47 (52.8) 98 blood 43 (48.3) 109 

4 four 47 (52.8) 135 mass 42 (47.2) 51 

5 worse 42 (47.2) 84 male 41 (46.1) 64 

Positive agency 1 set 51 (57.3) 84 risk 48 (53.9) 106 

2 hard 49 (55.1) 117 taking 46 (51.7) 82 

3 working 47 (52.8) 93 active 38 (42.7) 41 

4 risk 38 (42.7) 92 work 30 (33.7) 53 

5 life 37 (41.6) 77 low 25 (28.1) 55 

Negative agency 1 follow 44 (49.4) 89 follow 41 (46.1) 72 

2 patient 37 (41.6) 116 needs 34 (38.2) 65 

3 needs 26 (29.2) 33 soft 25 (28.1) 28 

4 safe 23 (25.8) 38 anxiety 20 (22.5) 57 

5 feet 21 (23.6) 36 help 18 (20.2) 24 
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Positive ability 1 set 51 (57.3) 84 see 36 (40.4) 72 

2 order 50 (56.2) 116 start 31 (34.8) 43 

3 thought 46 (51.7) 88 able 31 (34.8) 98 

4 reason 43 (48.3) 83 good 27 (30.3) 57 

5 sense 43 (48.3) 90 hearing 26 (29.2) 55 

Negative ability 1 slow 15 (16.9) 17 mental 18 (20.2) 25 

2 mental 11 (12.4) 21 unable 12 (13.5) 22 

3 green 9 (10.1) 14 rigidity 7 (7.9) 8 

4 ignore 8 (9.0) 8 slow 5 (5.6) 5 

5 confused 7 (7.9) 9 inability 4 (4.5) 7 

4.  Discussion 

This study examined how sentiment expressed during clinical conversations was reflected in the 

corresponding clinical note. Using TRACE to score sentiment in clinical notes and transcripts across 

visits, we found that provider speech showed modest but significant associations with note sentiment 

across seven of ten dimensions, particularly morality, agency, and ability, whereas patient speech 

showed no measurable association with note sentiment on any dimension. Lexicon coverage was 

also consistently higher in transcripts than in visit notes, indicating that clinical conversations 

contain a broader range of sentiment-related language than is retained in notes. The observed 

asymmetry between provider and patient sentiment may partly reflect communication-related 

factors not captured by correlation, including differences in talk-time distribution and shorter length 

patient speech that may reduce sensitivity to sentiment associations. The asymmetry may also reflect 

the function and authorship of the clinical note itself. Visit notes are provider-authored documents 

designed to support clinical reasoning, care coordination, billing, and regulatory requirements29, 

rather than to reproduce the encounter. As a result, documentation may preferentially preserve 

provider framing, assessment, and decision-making language while compressing or omitting aspects 

of patient emotional expression and interpersonal exchange.14 This interpretation is consistent with 

prior work demonstrating that clinically relevant contextual and socioemotional information is often 

excluded from documentation, contributing to contextual errors in care.5,30 Under this framing, 

patterns of concordance and divergence between conversation and note may help characterize which 

affective elements, such as sentiment, and clinical elements are carried forward into documentation 

and which remain primarily embedded within the spoken encounter. More broadly, sentiment-based 

measures may offer a scalable way to study how loss of socioemotional context in documentation 

relates to downstream outcomes such as diagnostic accuracy, care quality, or patient safety. 

The absence of detectable patient-sentiment transfer extends prior work5,6 showing that patient 

concerns are incompletely represented in clinical documentation. Our findings suggest that this 

selective loss may involve not only patient-reported experience, but also affective content. At the 

same time, the modest effect sizes observed for provider-note concordance (rs approximately 0.25-

0.39) indicate that even provider sentiment is only partially preserved in documentation. These 

findings support the view of the clinical note as a condensed5 and task-oriented representation31 of 

a substantially richer interaction. 
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TRACE also addresses a comparability problem: because sentiment scores depend on the 

representation and scoring approach used,5,7 sentiment measured in conversations and sentiment 

measured in notes are not directly comparable unless the same instrument is applied to both. By 

evaluating conversations and notes using the same social-perception sentiment dimensions and s 

linking scores back to the underlying lexicon terms, TRACE provides a shared and interpretable 

framework for comparing affective language across modalities. Inspection of high-frequency terms 

suggested that some TRACE sentiment dimensions captured not only affective meaning but also 

broader clinical topicality, including biomedical and documentation-related language. At the same 

time, affective meaning in clinical communication is often embedded within biomedical framing 

rather than expressed through overt emotional vocabulary alone. Consistent with this, term-level 

inspection revealed substantial variability across dimensions. Some dimensions, particularly 

negative ability, were characterized by interpretable evaluative terms such as ‘slow,’ ‘confused,’ 

and ‘unable,’ whereas others were dominated by more general clinical vocabulary including ‘blood,’ 

‘weight,’ and ‘risk.’ Accordingly, TRACE-derived scores should be interpreted as exploratory 

measures of affective-semantic concordance rather than definitive sentiment estimates, highlighting 

the need for future methods that better distinguish interpersonal sentiment from biomedical context.7 

Interpretation of these findings should consider the study population and dataset characteristics. 

This study was conducted in a single academic clinic with a small sample of nine providers, and 

because providers were aware that visits were being recorded, communication and documentation 

behaviors may have differed from those in other clinical settings, limiting generalizability. As 

communication, affective expression, and documentation practices may vary across demographic 

and sociocultural contexts, the observed patterns may reflect this specific sample and clinical 

environment. Future work should expand this study to larger and more diverse datasets, including 

analyses across patient-provider demographic combinations, talk-time distribution, and institutional 

settings to better understand sentiment manifestation in conversation and documentation. Additional 

methodological work could assess large language and contextual embedding approaches, validate 

TRACE-derived sentiment dimension terms against human ratings or communication frameworks 

such as RIAS,32 and examine how ambient documentation systems preserve, alter, or omit affective 

and interpersonal content during automated summarization. 

5.  Conclusion 

We present a descriptive analysis of how sentiment is preserved from the clinical conversation to 

the clinical note documented in a sample of visits, using TRACE to score both sources along 

validated social perception sentiment dimensions and to link each score back to its underlying 

language. Provider-expressed sentiment corresponded modestly but reliably with the note on the 

morality, agency, and ability sentiments, while patient-expressed sentiment showed no measurable 

relationship to the note, supporting that the written record functions as a provider-framed rendering 

of the visit rather than a balanced account of both speakers. These findings lay the groundwork for 

future research to explore representation of patient narratives in context of care outcomes, and on 

how ambient scribe systems may leverage meaningful conversational participation representation 

from both the patient and provider. 

Pacific Symposium on Biocomputing 2027

623



 

 

6.  Acknowledgments 

This study was supported by the Observer Pilot Award from University of Pennsylvania and the 

Institute for Medical Data Science (IMDS) Pilot Award from the University of Washington. We 

wish to thank our advisory board, Drs. Trevor Cohen, Janice Sabin, Wanda Pratt, and Brian Wood, 

Priscilla Lui, and the invaluable efforts of all team members who contributed to the richness of our 

analysis. 

References 

1. Sinsky CA, Colligan L, Li L, et al. Allocation of physician time in ambulatory practice: a time 

and motion study in 4 specialties. Ann Intern Med. 2016;165(11):753-60.  

2. Haberle T, Cleveland C, Snow GL, Barber C, Stookey N, Thornock C, et al. The impact of 

nuance DAX ambient listening AI documentation: a cohort study. J Am Med Inform Assoc. 

2024;31(4):975-9. doi:10.1093/jamia/ocae022. 

3. Duggan MJ, Gervase J, Schoenbaum A, Hanson W, Howell JT 3rd, Sheinberg M, et al. 

Clinician experiences with ambient scribe technology to assist with documentation burden 

and efficiency. JAMA Netw Open. 2025;8(2):e2460637. 

doi:10.1001/jamanetworkopen.2024.60637. 

4. Rotenstein LS, Holmgren AJ, Thombley R, Sriram A, Dbouk RH, Jost M, et al. Changes in 

clinician time expenditure and visit quantity with adoption of artificial intelligence-powered 

scribes: a multisite study. JAMA. 2026;335(16):1408-17. doi:10.1001/jama.2026.2253. 

5. Weiner SJ, Wang S, Kelly B, Sharma G, Schwartz A. How accurate is the medical record? A 

comparison of the physician's note with a concealed audio recording in unannounced 

standardized patient encounters. J Am Med Inform Assoc. 2020;27(5):770-5. 

doi:10.1093/jamia/ocaa027. 

6. Weiner M, Flanagan ME, Ernst K, Cottingham AH, Rattray NA, Franks Z, et al. Accuracy, 

thoroughness, and quality of outpatient primary care documentation in the U.S. Department 

of Veterans Affairs. BMC Prim Care. 2024;25(1):262. doi:10.1186/s12875-024-02501-6. 

7. Denecke K, Deng Y. Sentiment analysis in medical settings: new opportunities and 

challenges. Artif Intell Med. 2015;64(1):17-27. doi:10.1016/j.artmed.2015.03.006. 

8. Street RL Jr, Makoul G, Arora NK, Epstein RM. How does communication heal? Pathways 

linking clinician-patient communication to health outcomes. Patient Educ Couns. 

2009;74(3):295-301. 

9. Park J, Saha S, Chee B, Taylor J, Beach MC. Physician use of stigmatizing language in patient 

medical records. JAMA Netw Open. 2021;4(7):e2117052. 

doi:10.1001/jamanetworkopen.2021.17052. 

10. Beach MC, Saha S, Park J, Taylor J, Drew P, Plank E, et al. Testimonial injustice: linguistic 

bias in the medical records of Black patients and women. J Gen Intern Med. 2021;36(6):1708-

14. doi:10.1007/s11606-021-06682-z. 

11. Goddu AP, O'Conor KJ, Lanzkron S, Saheed MO, Saha S, Peek ME, et al. Do words matter? 

Stigmatizing language and the transmission of bias in the medical record. J Gen Intern Med. 

2018;33(5):685-91. doi:10.1007/s11606-017-4289-2. 

Pacific Symposium on Biocomputing 2027

624



 

 

12. Ghassemi MM, Mark RG, Nemati S. A visualization of evolving clinical sentiment using 

vector representations of clinical notes. Comput Cardiol (2010). 2015;2015:629-32. 

doi:10.1109/CIC.2015.7410989. 

13. Chatzimina ME, Papadaki HA, Pontikoglou C, Tsiknakis M. A comparative sentiment 

analysis of Greek clinical conversations using BERT, RoBERTa, GPT-2, and XLNet. 

Bioengineering (Basel). 2024;11(6):521. doi:10.3390/bioengineering11060521. 

14. Guo Y, Hu D, Yang Z, Kim S, Tran B, Lee J, et al. What do clinicians edit in ambient AI-

drafted clinical documentation? A qualitative content analysis. J Am Med Inform Assoc. 

2026:ocag073. doi:10.1093/jamia/ocag073. Epub ahead of print. 

15. Fiske ST, Cuddy AJC, Glick P, Xu J. A model of (often mixed) stereotype content: 

competence and warmth respectively follow from perceived status and competition. J Pers 

Soc Psychol. 2002;82(6):878-902. 

16. Fiske ST. Stereotype content: warmth and competence endure. Curr Dir Psychol Sci. 

2018;27(2):67-73. 

17. Koch A, Imhoff R, Unkelbach C, Nicolas G, Fiske S, Terache J, et al. Groups' warmth is a 

personal matter: understanding consensus on stereotype dimensions reconciles adversarial 

models of social evaluation. J Exp Soc Psychol. 2020;89:103995. 

doi:10.1016/j.jesp.2020.103995. 

18. Nicolas G, Bai X, Fiske ST. Comprehensive stereotype content dictionaries using a semi-

automated method. Eur J Soc Psychol. 2021;51(1):178-96. 

19. Le Q, Mikolov T. Distributed representations of sentences and documents. In: Proceedings of 

the 31st International Conference on Machine Learning (ICML); 2014 Jun 21-26; Beijing, 

China. PMLR; 2014. p. 1188-96. 

20. Johnson KB, Alasaly B, Jang KJ, Eaton E, Mopidevi S, Koppel R. Observer: creation of a 

novel multimodal dataset for outpatient care research. J Am Med Inform Assoc. 

2026;33(2):424-33. doi:10.1093/jamia/ocaf182. 

21. Mopidevi S, Jang KJ, Alasaly B, Pugh S, Park J, Batugo A, et al. MedVidDeID: protecting 

privacy in clinical encounter video recordings. J Biomed Inform. 2025;170:104901. 

doi:10.1016/j.jbi.2025.104901. 

22. Antoniak M, Mimno D. Evaluating the stability of embedding-based word similarities. Trans 

Assoc Comput Linguist. 2018;6:107-19. doi:10.1162/tacl_a_00008. 

23. Lau JH, Baldwin T. An empirical evaluation of doc2vec with practical insights into document 

embedding generation. In: Proceedings of the 1st Workshop on Representation Learning for 

NLP; 2016 Aug 11; Berlin, Germany. Stroudsburg (PA): Association for Computational 

Linguistics; 2016. p. 78-86. 

24. Schober P, Boer C, Schwarte LA. Correlation coefficients: appropriate use and interpretation. 

Anesth Analg. 2018;126(5):1763-8. doi:10.1213/ANE.0000000000002864. 

25. Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful 

approach to multiple testing. J R Stat Soc Series B Stat Methodol. 1995;57(1):289-300. 

26. Curtin F, Schulz P. Multiple correlations and Bonferroni's correction. Biol Psychiatry. 

1998;44(8):775-7. doi:10.1016/S0006-3223(98)00043-2. 

Pacific Symposium on Biocomputing 2027

625



 

 

27. Luhn HP. The automatic creation of literature abstracts. IBM J Res Dev. 1958;2(2):159-65. 

doi:10.1147/rd.22.0159. 

28. Manning CD, Raghavan P, Schutze H. Introduction to information retrieval. Cambridge: 

Cambridge University Press; 2008. 

29. Colicchio TK, Cimino JJ. Clinicians' reasoning as reflected in electronic clinical note entry 

and reading/retrieval: a systematic review and qualitative synthesis. JAMIA. 2019;26(2):172–

184. 

30. Weiner SJ, Schwartz A, Weaver F, Goldberg J, Yudkowsky R, Sharma G, et al. Contextual 

errors and failures in individualizing patient care: a multicenter study. Ann Intern Med. 2010 

Jul 20;153(2):69–75. doi: 10.7326/0003-4819-153-2-201007200-00002. PMID: 20643988. 

31. Rosenbloom ST, Denny JC, Xu H, Lorenzi N, Stead WW, Johnson KB. Data from clinical 

notes: a perspective on the tension between structure and flexible documentation. J Am Med 

Inform Assoc. 2011;18(2):181-6. doi:10.1136/jamia.2010.007237 

32. Roter D, Larson S. The Roter interaction analysis system (RIAS): utility and flexibility for 

analysis of medical interactions. Patient Educ Couns. 2002;46(4):243-51. doi:10.1016/s0738-

3991(02)00012-5 

 

 

Pacific Symposium on Biocomputing 2027

626



© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and 

distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0 

License. 

Using Multimodal Digital Traces to Characterize Healthcare Team Communication 

Behaviors  

 
Bailey W. Osweiler† 

Division of Computational & Data Sciences, Washington University in St Louis, Saint Louis, USA 

Email: b.osweiler@wustl.edu 

Laura R. Baratta  
Division of Biology and Biomedical Sciences, Washington University School of Medicine in St. Louis, Saint Louis, 

USA 

Email: barattalaurar@wustl.edu 

 

Daphne Lew 
Institute for Informatics, Data Science and Biostatistics (I2DB), Washington University School of Medicine in St. 

Louis, Saint Louis, USA 

Email: daphne.lew@wustl.edu 

 

Sunny S. Lou and Thomas Kannampallil 
Department of Anesthesiology, Washington University School of Medicine in St. Louis, Saint Louis, USA 

Email: slou@wustl.edu, thomas.k@wustl.edu 

Jasmine Wu 
Department of Communication Studies, Moody College of Communication, University of Texas at Austin, Austin, USA 

Email: jasminewu@austin.utexas.edu 

Background: Secure messaging and the electronic health record (EHR) are two digital tools that are 

regularly used in healthcare delivery. Objective: This study used multimodal behavioral data to 

investigate patterns of secure chat messaging use, and to determine whether those patterns are 

associated with patient or team outcomes. Methods: Relational event modeling (REM) was used to 
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professional after receiving a message (i.e., “turn receiving”, AB-BY pattern) were associated with 

longer LOS, although results were not significant in sensitivity analysis. Message repetition was 

associated with more EHR time per day. Conclusion: While not causal, these results suggest that 

healthcare team secure messaging patterns are associated with patient and team outcomes. 
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1.  Introduction 

1.1.  Background 

Healthcare professionals spend increasing amounts of time performing digital tasks1 such as 

documentation, order entry, and chart review on the electronic health record (EHR), making their 

digital activities increasingly relevant to understanding healthcare delivery. Primary care physicians, 

for example, spend half of their overall clinical time on EHR-based activities2, demonstrating that 

EHR tasks are an integral part of modern clinical work.  

EHR audit logs, digital traces of EHR actions primarily recorded for security purposes, provide 

a powerful opportunity to track EHR activities.3,4 They can be aggregated to derive measures such 

as team collaboration5–7 and EHR workload8–10. EHR audit log-derived workload measures have 

been consistently associated with other measures of healthcare professionals’ workload.2,8,11 

Although audit log-based measures provide a valuable approximation of digital activities, their 

ability to capture other foundational activities, such as team communication, is limited. Studying 

such behaviors requires complementary data and novel methods.  

Healthcare professionals increasingly communicate through secure messaging platforms12, 

allowing them to asynchronously share information, ask questions, or clarify details of patient care. 

Different types of secure messaging applications are now widely used across clinical settings13, 

demonstrating their growing adoption. Prior work has associated messaging volume at the 

individual healthcare professional-level to outcomes such as decreased patient length of stay 

(LOS)14, increased cognitive load,9 and increased clinician workload.9  

By studying multiple digital behaviors together, researchers may be able to gather a more 

comprehensive understanding of clinical digital activities than by studying only one dataset (audit 

logs or secure messaging) alone. For example, while EHR audit log data provides an ethnographic 

view of individual-level EHR workload, secure messaging data may allow an investigation at the 

team-level, as communication is inherently team-based. Clinical team measures have been 

extensively researched for their associations with patient outcomes; for example, fragmented and 

discontinuous physician care teams are associated with longer LOS15,16, while multidisciplinary 

collaboration is associated with reduced in-hospital mortality17 but inconclusive results with 

LOS18,19. Team secure messaging behaviors may similarly be associated with patient outcomes. 

Since healthcare communication involves multiple parties, an individual’s secure messaging habits 

may additionally be related to their teammates’ secure messaging habits and other digital behaviors. 

Using multimodal digital datasets can begin to reveal the complex relationships between team secure 

messaging, EHR workload, and patient outcomes. 

1.2.  Objective 

This study aimed to investigate how patterns of team secure messaging are associated with both 

patient- and clinical team-based outcomes for inpatient hospitalizations, by merging multiple 

observational digital datasets. Identifying patterns of messages associated with relevant outcomes 
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may direct future research towards identifying communication inefficiencies and ultimately, 

improving team collaboration. The research question was: what characteristics of secure messaging 

interactions among clinicians are associated with patient LOS and team-based EHR workload?  

2.  Methods 

2.1.  Study population 

All inpatient hospitalizations between January 1, 2023 and April 30, 2023 (4 months) at 12 hospitals 

affiliated with Washington University School of Medicine and BJC Health System were included. 

Adult patients (18 years or older) admitted to an inpatient medicine clinical service with a hospital 

LOS 3 days or longer were included. If a patient had multiple encounters meeting these criteria 

during the study period, only their first encounter was considered. These criteria limited 

heterogeneity across clinical units and excluded patients who were quickly discharged, who would 

likely have less variability in secure messaging use, team structure, and EHR time. Medicare’s 3-

day rule also informed the 3-day cutoff20. All hospitals in the system used the same Epic EHR 

(Verona, WI). 

2.2.  Data 

This study incorporated multiple data sources to capture healthcare professional digital behaviors. 

The primary behavioral data sources were secure messaging data (model inputs) and EHR audit logs 

(as a secondary outcome). Additional datasets to identify inclusion criteria and covariates included 

admission/discharge/transfer (ADT) events, and patient characteristics such as demographics, 

diagnoses, and discharge disposition. All data were secondary and retrieved from Epic EHR’s 

Clarity database.  

Data analysis was conducted from November 2025 to August 2026. This study received 

approval under a waiver of informed consent from the Institutional Review Board of Washington 

University School of Medicine (IRB#202305074). 

2.2.1.  Secure messaging data 

The primary data source was the secure messaging data, which included all chat conversations when 

the chat was linked to a patient identifier corresponding to the patients included in the study sample. 

Secure messaging in our health system is available through both mobile and desktop applications, 

and both messaging versions were included in this study. Secure messaging conversations were 

filtered to only those that were dyadic (i.e., excluding group messages that involved multiple 

healthcare professionals due to less clear response expectations to group messages). All messages 

associated with included conversations between the patient’s admission and discharge times were 

included. We included messages from and to all healthcare professional roles because this study 

was exploratory and we did not have role-specific hypotheses; rather, we wanted to measure 

messaging patterns across the entire care team. Relevant data elements that were retrieved included 

the conversation ID, patient ID, sender ID, receiver ID, and timestamp. Sender and receiver IDs 
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were included regardless of the user’s clinical role (e.g. nurse, physician, administrative support, 

technician, etc) or setting (inpatient or outpatient). 

2.2.2.  EHR audit logs 

EHR audit logs were extracted from the access logs table (ACCESS_LOG) in the Epic Clarity 

database. Audit logs included the action description, timestamp, patient ID, encounter ID, healthcare 

professional ID, healthcare professional role, and action ID. Audit logs were extracted for all 

healthcare professionals that interacted with eligible patients’ EHR between admit and discharge. 

2.2.3.  Admission, discharge, and transfer events 

The ADT events were used to identify hospitalizations admitted to a medicine service. Patients could 

be admitted through emergency medicine, adult emergency medicine, or pediatric emergency 

medicine specialties so long as they were transferred to a hospitalist or medical specialty in any of 

the hospitals affiliated with the health system. 

2.2.4.  Patient characteristics 

Demographic information for patients seen in eligible hospitalizations was captured, including 

documented patient sex, race, age, and insurance status. All billing ICD-10 diagnoses associated 

with the encounter were recorded. Diagnosis-related groups (DRGs) represented the primary billed 

reason for hospitalization. 

2.3.  Measures 

2.3.1.  Length of stay in hours (outcome) 

The primary outcome was patient LOS, calculated as the time difference between admission and 

discharge times, in hours. LOS is reported as median and interquartile range [Q1, Q3].  

2.3.2.  EHR time per day in minutes (outcome) 

Total time on the EHR was used as a proxy for EHR workload, similar to prior research21,22. For 

each healthcare professional interacting with each patient’s chart, the time delta between subsequent 

EHR audit log actions was calculated and summed across all actions to determine total EHR time. 

Any time deltas greater than 5 minutes were removed, representing a 5-minute timeout period of 

inactivity, as has been used in previous research10,23,24. Total EHR time for all healthcare 

professionals for each patient were aggregated to represent the total EHR time across the entire 

encounter (in minutes). EHR time was divided by the patient’s LOS (in hours) so that the variable 

is an estimate of relative EHR workload rather than primarily an artifact of the patient’s LOS.  

2.3.3.  Covariates 

Additional covariates included patient demographics of age, sex (male, female), race (White, Black 

or African American, or other), and insurance (Medicare, Medicaid, Managed Care, Commercial, 
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Worker’s Comp, Multiple insurance types, or missing). Clinical characteristics controlled for 

treatment setting and patient clinical complexity, which were hypothesized to be related with clinical 

workload; treatment setting variables included the hospital name and a binary indicator of whether 

they spent any time in the intensive care unit (ICU). Clinical complexity was operationalized as the 

DRG and unweighted Elixhauser comorbidity score. All billed ICD-10 codes were aggregated into 

an unweighted Elixhauser comorbidity score25, which counts the chronic co-occurring conditions 

billed out of a list of 38 conditions, and represents overall sickness. 

2.4.  Data pre-processing 

Age, Elixhauser score, messaging volume, and care team size were coded as continuous variables. 

Log transformation was used for LOS, EHR time per day, care team size, and messaging volume, 

which were all right-skewed. All other variables were categorical with the majority group used as 

the reference group (ref; White race, Medicare insurance, female sex, no ICU).  

 
Fig. 1.  Methodology to identify secure messaging patterns associations with patient and team outcomes. 

For each patient, we measured secure messaging patterns of: reciprocity (Rec), repetition (Rep), and four 

turn-switching behaviors (AB-BY, AB-XB, AB-AY, AB-XA). We investigated associations of each 

standardized term with outcomes of LOS and EHR time. 

2.5.  Statistical Approach  

The analysis followed three steps (Figure 1). First, relational event modeling (REM) was used to 

identify patterns in secure messaging use at the patient-level. Second, REM estimates were 

standardized across all patients to derive how messaging patterns compared to the average. Finally, 

these standardized terms were investigated for associations with the outcomes using mixed effects 

linear regression. Details on each step are below and in Figure 1. 
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2.5.1.  Relational event modeling 

Our analytical approach applied REM to identify patterns of secure messaging for each patient 

(Figure 1- Step 1). A growing body of literature in social science has used relational events or 

similar frameworks to analyze timestamped networked communicative events in various settings26–

29. REMs identify patterns of communication by user attribute, dyadic attributes, team attributes, or 

participation switching. REMs fit a set of survival models to identify the rate of certain 

communication patterns occurring. They consistently reveal well-understood social network 

patterns such as reciprocity, triadic closure, and more in varied communication settings26–29. 

  An REM was fit for each patient separately to identify their team’s messaging patterns. The 

REM effects included an intercept for baseline messaging hazard, repetition, reciprocity, and 

participation shifts for turn switching30.  Definitions of each pattern are summarized in Table 1.  

We exponentiated effect estimates to calculate the hazard ratio (HR), which represents the rate 

of each pattern occurring relative to all other patterns, as has been done in other research29. For 

instance, a higher reciprocity HR means the patient’s healthcare team responded at a higher rate 

(more frequently and/or more rapidly). HRs are interpreted relative to a null of 1: a pattern with HR 

greater than 1 occurred at a greater rate, while a pattern with HR less than 1 occurred at a lower rate. 

Estimates were capped at the largest value the computer could store – exp(709) – where predictive 

power was near-perfect and exponentiated HR became too large. Results are reported as median, 

quartile 1 (Q1) and quartile 3 (Q3). 

2.5.2.  Standardization 

The resulting (un-exponentiated) REM effect estimates (intercept, repetition, reciprocity, four 

participation shifts) were standardized across all patients in the cohort. This transformed each 

estimate to have a mean of zero and a standard deviation of one (“z-score”), allowing us to assess 

how a patient’s team’s secure messaging habits differ from the rest (Figure 1-Step 2). Patients with 

a positive z-score have “high” reciprocity, for example, if their team’s secure messaging patterns 

revealed higher-than-average rate of response. They have “low” repetition, for example, if their 

Table 1.  relational event model participation shift patterns 

Term Definition 

REM intercept 
baseline “hazard” to message, beyond all specified messaging patterns  

Reciprocity likelihood for any person “A” to message person “B”, given the recency that “B” 

has messaged person “A”. 

Repetition likelihood for any person “A” to message person “B”, given the recency that “A” 

has messaged person “B”.  

Turn continuing 

(AB-AY) 

likelihood that the sender, “A”, of a given message will be the sender to a third 

person, “Y”, in the very next event. 

Turn receiving 

(AB-BY) 

likelihood that the receiver, “B”, of a given message will be the sender to a third 

person, “Y”, in the very next event. 

Turn usurping  

(AB-XA) 

 likelihood that the sender, “A”, will be the receiver of the next message by 

someone who they did not just message. 

Turn usurping  

(AB-XB) 

likelihood that the receiver, “B”, will be the receiver of two subsequent 

messages from two different senders. 
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team’s secure messaging patterns revealed a negative standardized repetition term, indicating a 

lower-than-average rate of messaging the same recipient repeatedly. 

2.5.3.  Mixed effects linear regression  

Finally, two linear regressions investigated the association of messaging patterns with dependent 

variables of LOS (hours) and EHR time per day (minutes; Figure 1-Step 3). The independent 

variables were the standardized REM estimates (repetition, reciprocity, participation shifts). 

Covariate fixed effects included demographics (race, sex, age, insurance) and clinical variables (ICU 

and Elixhauser comorbidity score). Random effects included the hospital at which the patient was 

treated and their DRG. Results are reported as beta coefficients and 95% confidence intervals (CI). 

2.5.4.   Sensitivity analysis 

Several secondary analyses investigated robustness of the results to model specification. Results are 

presented as stepwise analyses (models 1-4) to demonstrate how effect estimates change with the 

inclusion of subsequent terms. First, models included only reciprocity, repetition, and REM 

intercept (model 1), then added the four participation shifts (model 2). Then, models were modified 

to include fixed effects for the messaging volume (number of messages, model 3) and care team 

size (number of unique secure messaging users, model 4). This analysis was intended to investigate 

whether associations between REM patterns and outcomes were explainable by messaging volume 

and care team size, or if the micro-patterns of messaging, independent of volume and care team size, 

explain the relationships. Second, the patient cohort was filtered to only those with at least three 

unique secure messaging users, since teams with only two users will not demonstrate any 

participation shifting behaviors from which the model can learn. Although REMs have been proven 

to produce reliable explanatory estimates even with small risk sets31, this sensitivity analysis reduced 

the uncertainty of REM estimates by filtering to patients with more data on which to train. 

2.5.5.  Software 

Audit log, secure messaging, and ADT data preprocessing was done using Python version 3.10.6. 

Statistical analysis was done using R version 4.4.0 and packages relevent32 for REM, lme433 and  

lmerTest34 for mixed-effects linear models, and sjPlot35 for summary tables.   

3.  Results 

3.1.  Summary statistics 

6,737 hospitalizations met inclusion criteria and had at least one dyadic secure message during their 

encounter, which constituted our final analytic sample. Patients had a median LOS of 136 [Q1 96.6, 

Q3 202] hours and median EHR time per day of 327 [272, 400] minutes. The median secure 

messages per patient during their hospitalization was 29 [14, 60] messages across 8 [4, 14] 

conversations and a care team of size 10 [6, 16] healthcare professionals involved in messaging. 

3,643 (54.1%) patients were female, 4,276 (63.5%) were White, 4,468 (66.3%) had Medicare 

insurance, and the median age was 67 [56, 78] years. 856 patients (12.7%) had any amount of time 
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in the ICU during their hospitalization and median Elixhauser score was 5 [4, 7]. The most common 

DRGs were “septicemia or severe sepsis without MV >96 hours with major complication and 

comorbidity (MCC)” (n=509, 7.6%), “heart failure and shock with MCC” (n=365, 5.4%), and 

“respiratory infections and inflammations with MCC” (n=243, 3.6%).  

 

Fig. 2.  Possible participation shifts after an observed A-B message (solid black line), where rate of 

unobserved events (dashed grey lines) is indicated by line thickness and median hazard ratios (HR). 

3.2.  REM model descriptive statistics 

On average, patients’ care teams were highly likely to message those who had messaged them 

(Figure 2; reciprocity median HR=171.84, Q1=21.95, Q3=3664.93). A secure messaging user was 

171 times more likely to respond to a person who had recently messaged them than they were to 

message a different person. Care teams were less likely to message those they had already 

messaged (repetition, median HR=0.34, Q1=0.011, Q3=1.53). Of participation shift patterns, turn 

continuing (AB-AY) was most likely (median HR = 0.65, Q1=<0.00001, Q3=2.04). Both turn 

usurping patterns were similarly likely (AB-XB median HR=0.166, Q1=<0.00001, Q3=0.98; AB-

XA median HR=0.18, Q1=<0.00001, Q3=0.92). Turn receiving (AB-BY) was least likely (median 

HR=0.14, Q1=<0.00001, Q3=1.69). 

3.3.  Associations of REM model estimates with LOS  

Reciprocity was robustly associated with shorter LOS and turn receiving (AB-BY) was robustly 

associated with longer LOS. In other words, a one-standard-deviation increase in a patient’s care 

team’s reciprocity was associated with a 3% shorter LOS (exp(-0.02894) - 1; Table 2, column 2:  
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estimate = -0.02894, CI=-0.04805, -0.00983). A one-standard-deviation increase in turn receiving 

was associated with a 5% longer LOS (exp(0.04262)-1; Table 2, column 2: estimate = 0.04262, 

CI=0.02320, 0.06203). Repetition, turn continuing, and turn usurping (AB-XB) were associated 

with longer LOS (Table 2, column 2) but the association was no longer significant after controlling 

for care team size or messaging volume (Table 2, columns 3-4).  

 

3.4.  Associations of REM model estimates with team EHR time 

Repetition was associated with less EHR time. In other words, a one-standard deviation increase in 

repetition was associated with a 1% increase in EHR time per day (exp(0.01099) – 1, Table 3, 

column 2: estimate = 0.01099, CI=0.00106, 0.02091). This suggests that patient care teams who 

were more likely to repeatedly message the same people had higher EHR time, but the association 

is at least partially explained by higher overall messaging volume. No other participation shifts were 

consistently associated with EHR time (Table 3, columns 2-4). 

3.5.  Sensitivity analysis 

When including fixed effects for messaging volume and care team size, some communication 

patterns remain significantly associated with LOS and EHR time. Reciprocity remains significantly 

associated with shorter LOS when controlling for messaging volume (Table 2, column 3), and care 

team size (Table 2, column 4). Similarly, turn receiving remains significantly associated with 

Table 2.  Association between secure messaging patterns and log-LOS: results 

of multiple stepwise model specifications 

Predictor 
1. Reciprocity + 

repetition 

2. + participation 

shifts 

3. + messaging 

volume 

4. + care team  

size 

REM intercept 0.04836 

(0.03620, 0.06051) 

-0.02526 

(-0.04376, -0.00675) 

-0.04949 

(-0.06634, -0.03263) 

-0.02507 

(-0.04111, -0.00903) 

Reciprocity -0.03931 

(-0.06142, -0.01719) 

-0.02894 

(-0.04805, -0.00983) 

-0.02054 

(-0.03791, -0.00318) 

-0.01835 

(-0.03491, -0.00179) 

Repetition 0.04338 

(0.02105, 0.06572) 

0.04530 

(0.02564, 0.06497) 

-0.00024 

(-0.01826, 0.01777) 

-0.01294 

(-0.03015, 0.00426) 

Turn continuing 

(AB-AY) 

 0.02256 

(0.00324, 0.04188) 

0.01390 

(-0.00366, 0.03145) 

0.00070 

(-0.01606, 0.01746) 

Turn receiving  

(AB-BY) 

 0.04262 

(0.02320, 0.06203) 

0.01944 

(0.00178, 0.03711) 

0.02077 

(0.00394, 0.03760) 

Turn usurping 

(AB-XA) 

 0.01323 

(-0.00709, 0.03356) 

-0.00175 

(-0.02023, 0.01672) 

0.00332 

(-0.01429, 0.02093) 

Turn usurping 

(AB-XB) 

 0.02080 

(0.00095, 0.04064) 

0.01099 

(-0.00704, 0.02903) 

0.00806 

(-0.00915, 0.02526) 

Messaging volume   0.23824 

(0.22607, 0.25040) 

 

 Care team size    0.41992 

(0.40289, 0.43696) 

Significant findings at a significance level of 0.05 are indicated in bold in the table. Covariates that 

remain significant across all models are indicated by “Sig” in this legend. All models additionally 

adjusted for sex, race, insurance, age, Elixhauser (Sig), and ICU (Sig). Random effects were included 

for hospital and DRG. 
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longer LOS when controlling for messaging volume (Table 2, column 3) and care team size (Table 

2, column 4). Repetition’s association with EHR time per day is marginally significant (p<0.1) 

when controlling for care team size (Table 3, column 4), but is not significant when controlling for 

messaging volume (Table 3, column 3).  

When filtering the dataset to only patients with care team size greater than or equal to three, the 

results are in the same direction for both outcomes, but not consistently significant. N=6,359 (94%) 

patients had a messaging care team of at least three. Reciprocity’s association with LOS is 

significant for two step-wise models (model 1: estimate = 0.04403, CI =0.02142, 0.06665); model 

2: 0.0342, CI=0.01486, 0.05355); it is marginally significant (p<0.1) when including messaging 

volume (model 3: -0.01035, CI=-0.02793, 0.00723) or care team size (model 4: -0.01654, CI=-

0.03316, 0.00009). Similarly, turn receiving is significantly associated with longer LOS for the base 

model (model 2: 0.04986, CI=0.03002, 0.06970) but is not significant after controlling for 

messaging volume (model 3: 0.00582, CI=-0.01219, 0.02384) nor when controlling for care team 

size (model 4: 0.00606, CI=-0.01094, 0.02307). Repetition’s association with EHR time is 

significant and positive (model 1: 0.01157, CI=0.00025, 0.02289) but no longer significant when 

controlling for participation shifts (model 2: 0.008, CI=-0.00175, 0.01776), messaging volume 

(model 3: 0.00522, CI=-0.00460, 0.01504), or care team size (model 4: 0. 0.00853, CI=-0.00129, 

0.01835).   

Table 3.  Association between secure messaging patterns and log-EHR time per 

day: results of multiple stepwise model specifications 

Predictor 
1. Reciprocity + 

repetition 

2. + participation 

shifts 

3. + messaging 

volume 

4. + care team  

size 

REM intercept 0.01553 

(0.00942, 0.02163) 

0.00776 

(-0.00159, 0.01711) 

0.00558 

(-0.00378, 0.01493) 

0.00775 

(-0.00160, 0.01710) 

Reciprocity -0.01116 

(-0.02226, -0.00006) 

-0.00834 

(-0.01799, 0.00130) 

-0.00763 

(-0.01725, 0.00200) 

-0.00815 

(-0.01780, 0.00150) 

Repetition 0.01218 

(0.00096, 0.02340) 

0.01099 

(0.00106, 0.02091) 

0.00696 

(-0.00302, 0.01695) 

0.00987 

(-0.00015, 0.01989) 

Turn continuing 

(AB-AY) 

 -0.00079 

(-0.01054, 0.00895) 

-0.00156 

(-0.01129, 0.00817) 

-0.00122 

(-0.01098, 0.00854) 

Turn receiving  

(AB-BY) 

 0.00748 

(-0.00230, 0.01726) 

0.00536 

(-0.00442, 0.01513) 

0.00704 

(-0.00275, 0.01683) 

Turn usurping 

(AB-XA) 

 0.00275 

(-0.00750, 0.01301) 

0.00135 

(-0.00889, 0.01159) 

0.00254 

(-0.00772, 0.01280) 

Turn usurping 

(AB-XB) 

 -0.00047 

(-0.01049, 0.00955) 

-0.00128 

(-0.01128, 0.00872) 

-0.00070 

(-0.01072. 0.00932) 

Messaging volume   0.02119 

(0.01445, 0.02793) 

 

Care team size    0.00809 

(-0.00181, 0.01799) 

Significant findings at a significance level of 0.05 are indicated in bold in the table. Covariates that 

remain significant across all models are indicated by “Sig” in this legend. All models additionally 

adjusted for sex, race (Sig), insurance (Sig), age (Sig), Elixhauser (Sig), and ICU (Sig). Random effects 

were included for hospital and DRG. 
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4.  Discussion 

This study used multimodal data consisting of secure messaging metadata, EHR audit logs, and 

clinical data to ascertain the association between hospital team communication and both patient and 

team outcomes. There were four main findings: 1) secure messages were consistently responded to 

in inpatient medicine (high reciprocity). 2) Reciprocity was associated with shorter patient LOS, 

suggesting that care teams that consistently responded to messages may have more efficient patient 

throughput. 3) In contrast, messaging repetition was associated with more patient care-related EHR 

time per day (for the team), which may represent complexity of patient care or needing to “nudge” 

the recipient for responses. 4) Meanwhile, care teams that were more likely than average to follow 

turn receiving patterns were associated with longer LOS. This may suggest that teams whose 

message recipient involves a third person in communication represent task dependencies, or that 

complex information is communicated over text-based messages. Patterns of repetition and all four 

turn switching behaviors vary widely across patients, as demonstrated by the CIs crossing 1. These 

results can inform future research on the directionality of efficient team communication: studying 

the dynamics of reciprocity, repetition, and turn receiving in medical settings may enable more 

efficient patient throughput and reduce unnecessary workload. Alternatively, it may reveal that 

certain messaging patterns are not the cause of high LOS and high workload, but they are effects of 

patient care. This could enable better resource allocation if hospital systems can anticipate that 

certain patients will require more intensive communication and EHR workload needs.   

4.1.  Implications 

The finding that reciprocity was the most likely communication pattern is intuitive and consistent 

with previous research that shows secure messages have a short time-to response (median=2.4 

minutes), with most conversations including at least one response36. In many communication 

settings, it is both required and a social norm to respond to those who communicate with you. 

However, it is important to note that the reciprocity hazard may overrepresent the likelihood of a 

response37; the results should be interpreted for their direction and not for their magnitude. 

Nonetheless, reciprocity is the most likely pattern of secure use messaging, representing a strong 

propensity for secure messaging users to respond to messages they receive. In contrast, healthcare 

professionals were less likely to message the same person again than to message another person. 

This represents that secure messaging communication networks were distributed across teams for 

the typical patient, rather than confined to dyadic communication. Overall, team secure messaging 

use patterns appear to matter more for efficiency (as measured by patient LOS) than for workload 

(as measured by EHR time), given that multiple patterns are associated with LOS. 

Further, the importance of reciprocity to LOS has potential implications for communication 

efficiency in clinical coordination. Higher secure messaging reciprocity was associated with shorter 

LOS. This suggests that teams who more consistently and quickly respond to secure messages treat 

patients who are discharged quicker. One possible explanation is that high reciprocity represents 

better visibility into action progress (through a response or confirmation of completed actions), 

which in turn may enable better coordination. Interestingly, this relationship was still significant in 

the base model (model 2) when filtering to teams of at least three users, but only marginally 
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significant after both filtering and controlling for team size or messaging volume. This suggests that 

the relationship with LOS was partially driven by patients with small care teams (only two people 

messaging), whose reciprocity was smaller and who had short LOS. When excluding these patients, 

the remaining relationship with LOS is primarily explained by messaging volume and/or by care 

team size, although reciprocity remains nearly significant. Reciprocal communication may 

contribute to more efficient clinical workflows and positively impact patient outcomes, but more 

work is needed on ways to differentiate messaging volume and care team size from reciprocity.  

On the other hand, repetition of secure messages was associated with higher entire-team EHR 

time, which is a proxy for EHR workload. This may represent healthcare professionals needing to 

follow-up or “nudge” message recipients to gather information. Rather than being a causal 

relationship, it may represent that more clinically complex patients require both additional 

clarification through repeated messaging and require more EHR workload to read prior notes, 

manage comorbidities, or document care. The relationship between higher patient complexity and 

greater EHR workload has been demonstrated in prior studies8. Alternatively, if the recipient is 

extremely busy managing the patient’s care (with high EHR workload), a second secure message 

may be necessary to remind them to respond during periods of high cognitive burden. Multiple 

messages sent sequentially to communicate the same idea would contribute to the repetition terms 

in these models. Without message content, it is difficult to say with certainty whether two messages 

are a meaningful repetition, or if they are due to sender messaging preference. Nonetheless, the 

results suggest that this pattern is associated with team workload, thus the pattern may be 

interruptive even if repeated messages communicate the same thought. 

Beyond dyadic patterns, turn receiving (AB-BY) was associated with LOS. This pattern 

represents a specific kind of coordination where someone who is asked a question or requested to 

perform an action must first get clarification from another person. This pattern is associated with 

longer LOS. It is possible that this is due to delayed dependencies: for example, if a nurse messages 

a physician to ask about a symptom a patient is experiencing, and the physician must message 

another physician (perhaps the patient’s primary care doctor) before they prescribe a medication, 

there may be delays between each interaction. These delays could prolong the patient’s overall LOS 

if severity of condition worsens or if required care is delayed while waiting. Alternatively, these 

relationships could represent secure messaging requests which require clarification, and act as a 

proxy for more complex patient care. However, turn receiving is no longer associated with LOS in 

the filtered sensitivity analysis when controlling for team size or messaging volume. Turn receiving 

cannot be observed in teams of two; nonetheless, these patients had higher average AB-BY values 

representing higher likelihood of this pattern occurring (potentially due to less training data). 

Patients with small care teams additionally had a lower average LOS, which contributed to the 

overall relationship. Although exploratory, these results may suggest team coordination in two-

person care teams is substantially different from coordination in larger care teams. More work is 

needed to understand the nature of these differences.  

Methodologically, this analysis makes possible an ethnographic study of healthcare professional 

communication patterns and how they relate to important patient and health system outcomes. Other 

studies could apply these methods to specific healthcare specialties or patient populations to 

understand conversational patterns in those settings.  
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4.2.  Limitations 

These results should be interpreted in the context of a few important limitations. First, we did 

not have data on the content of these secure messages. While reciprocity may indicate a “response” 

to a message, it cannot conclusively be determined that the reciprocal message pattern indicated a 

response to the same topic. Message length or topic may contribute differentially to the association 

with LOS or EHR workload, and natural language processing of message content would help with 

understanding differences in the complexity or urgency of messages. Second, this was a single site, 

single specialty study, limiting generalizability of results. Third, there may be residual confounding; 

for example, specific inpatient medicine units who work more closely face-to-face may use secure 

messaging less, and also treat patients who have different clinical presentations, leading to inherent 

differences in LOS. We attempted to control for this by limiting the setting to one specialty only, 

controlling for Elixhauser comorbidity, and using random effects for hospitals and DRGs; however, 

some unit-level, team-level, or severity-level variation may remain. Finally, some results were no 

longer significant in sensitivity analysis after filtering to patients with larger care teams, and results 

changed slightly when controlling for care team size or messaging volume. Additional analysis is 

needed to better understand these patients with smaller care teams and how they may contribute to 

the overall relationships between reciprocity, turn receiving, repetition, and both outcomes. 

4.3.  Future work 

Future work could include only healthcare professionals determined to be in the patient’s core care 

team, as defined by a previously validated algorithm38, to investigate whether the messaging patterns 

differed within the primary care team versus the wider team of collaborating healthcare 

professionals. It could alternatively assess EHR workload changes for only these individuals, or for 

the individuals involved in messaging. Replicating these results in other healthcare systems, 

settings, and specialties would reveal whether secure messaging patterns are local or shared across 

many clinical settings. As mentioned above, additional analysis into REM accuracy for patients who 

have few messages or smaller care teams would help answer an open question in REM research as 

to the minimum required risk set for reliable REM estimates. Finally, future work could explore 

interaction terms between healthcare roles and patterns of secure chat messages to investigate 

whether communication patterns, and their associations with outcomes, differ by professional role 

(e.g. nurse, physician). 

4.4.  Conclusion 

This study used multimodal observational datasets to derive patterns of team digital communication. 

Secure messaging logs and EHR audit logs capture communication and clinical workload attributes 

that otherwise could not be measured at-scale. Moreover, measuring them together in a multimodal 

analysis enables researchers to understand how two common digital activities are related and reflect 

clinical behaviors. These messaging behaviors were associated with both patient (LOS) and team 

(EHR workload) outcomes, demonstrating the importance of measuring secure messaging use 

patterns at the team-level and providing insight into care coordination efficiency. 
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Despite significant amounts of research on the widespread adoption of patient portals, research has 
been limited with respect to how healthcare professionals (HCPs) respond to portal messages 
communicating suicidality. This project interviews HCPs who respond to patient messages to learn 
current practice and concerns in handling suicide risk asynchronously. There are many values 
endorsed by HCPs in the assessment and intervention of suicidality in an asynchronous setting.  

Keywords: Suicide; Patient Portals; Value Sensitive Design; Ethnography 

1. Introduction

Suicide is one of the leading causes of death in the United States with rates increasing over time1 
and more than 720,000 people die worldwide from suicide2.  Suicide is preventable3, but prevention 
requires identification of risk in time to intervene.  

Currently, identifying individuals at high risk for suicide has limitations with respect to 
individual self-reporting.  Confidential resources, such as the 988 suicide and crisis line4, can be 
helpful short-term, but it makes long-term monitoring of health outcomes and progress difficult. In 
contrast, individuals in clinical settings do not have the perceived anonymity afforded by resources 
like 988 and thus individuals may be more hesitant to self-report due to self-stigma5–7 and/or fear of 
stigmatizing responses, unwanted treatment, and/or loss of privacy and autonomy8,9. Newer research 
shows that suicidal thoughts or behaviors (STB) are dynamic phenomenon and individuals who are 
not currently feeling suicidal might not disclose STB at a routine visit8,10, suggesting that suicide 
interventions may benefit from “just-in-time adaptive interventions”10.  

We have reported that people who have experienced suicidal thoughts and behaviors (STB) send 
messages in the patient portal (PPM)11, however research has been limited with respect to how 
people use PPMs to communicate STB12. Clinics have a duty to identify and intervene upon 
messages communicating STB. To our knowledge, there is no comprehensive system that is 
automatically tracking and intervening upon PPM messages communicating STB13. Without such a 
system, there are people who may be reaching out for help and not receiving it in a timely manner. 
Little work has been conducted to know how to identify STB in asynchronous formats such as portal 
messages13. An exception is a study that suggests those who have moderate to severe symptoms are 
more likely to respond asynchronously when given the option of responding synchronously vs 
asynchronously14. These results underscore that patients may be likely to self-report STB via PPM. 
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The subsequent challenge to identifying these concerning messages is acting on them. Assuming 
correct identification, there must be a clear procedure for acting on the messages, both with the 
patient and within the healthcare team. Previous research has focused on alerting the provider, 
however outcomes were not reported14. We have only been able to identify one study reporting the 
perspectives of individuals who respond to messages related to suicidality. The study participants 
consisted of volunteer counselors in a large online support platform and found that many of them 
wanted more support and preparation for conversations with people experiencing STB15. It is 
unknown how healthcare professionals (HCPs) assess and intervene on messages communicating 
STB, how to best support HCPs in this assessment and intervention, and what values HCPs hold 
regarding the assessment and intervention of patients experiencing STB. This project reports the 
perspectives of HCPs who respond to patient messages. We sought to learn current practice and 
their concerns in handling suicide risk asynchronously. These HCPs are direct stakeholders16 in the 
design of any technological solution. Our goal was to understand what HCPs find most useful in 
assessing and intervening in an asynchronous communication environment. Understanding HCP 
narrative accounts can help demonstrate patterns and values invisible to metrics alone17.  

 
2.  Methods  

2.1 Sampling strategy and recruitment  

Interviews were conducted at an academic medical center in the mid-south of the United States. 
This study was approved by the Vanderbilt University Medical Center Institutional Review Board. 
Participants were recruited via purposive and snowball sampling to identify HCPs primarily from 
three outpatient clinics: primary care, neurology, and psychiatry. For recruitment we combined 
visiting the clinics in person and emailing flyers. The goal was to have approximately five interviews 
from each clinic conducted as saturation is not necessarily expected due to possible heterogeneity. 

2.2 Semi-structured Interviews 

The interview guide was developed through iterative process focused on what helps and hinders 
HCPs in responding to messages, and HCPs’ desiderata for the design of a system to help with 
assessment and intervention. Embedded in these questions, we hoped to uncover themes and values 
to help us understand what is most important when HCPs are using the PPM for care related to 
suicidality using some known heuristics for interviewing stakeholders18. We also hope to identify 
the features of what might be considered a “message of concern”. Two practice interviews were 
conducted prior to recruitment to refine questions and were not included in the analysis. Interviews 
were conducted virtually via Microsoft Teams19 and in-person. Participants were not compensated.  

2.3 Analysis 

The participants were characterized using descriptive statistics on their roles, age, training 
backgrounds, and clinic they are representing.  Interviews were transcribed using automated 
Microsoft Teams transcript19 and Apple voice memo transcript20 and manually validated.  
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We used Dedoose software21 employing an open coding approach to help identify themes, 
including barriers and facilitators22, using reflexive thematic analysis procedures23. Transcripts were 
also coded using the Systems Engineering Initiative for Patient Safety (SEIPS) 2.024 and value 
sensitive design (VSD) frameworks18. For SEIPS, focus was primarily focused on the work system, 
processes, and outcome codes. For VSD, a hybrid coding approach was adopted combining codes 
from previous VSD literature18 and building upon their existing definitions of values and open 
coding for new values identified. Consensus through discussion was used for agreement on codes, 
but coding was primarily conducted by a single coder. After coding, analysis focused on describing 
the current system, facilitators and barriers in the current system, values highlighted by stakeholders, 
and identifying design features of tools and workflows that incorporate stakeholder values. 

3.  Findings 

3.1 Recruitment and participants 

Recruitment was November 2025-May 2026 with all interviews conducted January-May 2026. We 
interviewed 16 HCPs from five different clinics. We interviewed five HCPs from primary care, four 
from neurology, four from psychiatry, two from the discharge care center, and one from the trauma, 
burn, and surgical specialties. Most HCPs interviewed were nurses (7 RNs, 2 LPNs, 2 clinical nurse 
managers, 1 psychiatric-mental health nurse practitioner). There were two psychiatrists, one 
outpatient psychologist, and one medical social worker represented in the interviews. Median age 
was 36.5 years with 23-45 years old age range. Participants had been in their current roles for a 
median of 4 years with a 1–16-year range. Four HCPs had just an associate’s degree, four had just 
a bachelor's degree, and eight with formal training beyond a bachelor's degree (ex. MD, PhD, MSN, 
MS, residency, fellowship, internship, postdoctoral training). Additionally, some of the participants 
had research expertise and some were co-authors of the organizational policy for response to STB. 

3.2 Current system 

3.2.1 Actors and environment 

Participants described a complex sociotechnical system outlined in Figure 1. Patients are the primary 
actors in the system, initiating contact and communicating STB. Sometimes they initiate contact and 
then do not wish to share or answer questions. Patient avoidance of questions often elevates HCP’s 
concern, resulting in increased intervention and sometimes diminished patient autonomy.  

Nurses are the primary actors responding to the patient, via both telephone and PPM. Messages 
can be forwarded to the primary care physician (PCP) and/or psychiatrist for follow-up or referral.  

When a patient calls the clinic via telephone, a centralized call center (access center) receives 
the call. The access center is primarily focused on scheduling tasks. Clinical concerns are assessed 
and triaged to nurses via the message basket, which can contain both access center-initiated call 
messages and direct PPM messages from patients. The access center marks calls involving STB or 
other distressing symptoms with a red exclamation mark in the message basket. Nurses reported 
prioritizing calls over messages. All patient-initiated messages are unmarked for acuity.  
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The discharge care center is a completely virtual clinic consisting of nurses, social workers, and 
other clinical staff. Their focus is to reduce hospital readmissions 30 days after hospital discharge. 
Due to rising calls related to STB since the COVID-19 pandemic, they have been tasked with 
responding to calls communicating STB outside of clinic hours.  

Family and friends also play an important role in helping patients experiencing STB. Parents 
can help communicate concern for their child. Spouses can help communicate concern and remove 
lethal means (even if the patient does not directly communicate). If HCP reaches out and a patient 
does not respond, there is a potentially complex classification of family and friends to navigate 
including emergency contacts, people designated as “trusted adults”, and a “communication for 
family and others” contact, depending on what kind of information release the patient has approved.   

In calls with patients exhibiting STB, the presence of children can escalate the situation through 
limiting what the patient will discuss and introducing the risk of imminent danger to the children. 
When a language translator is needed, HCPs reported a preference for professional translators over 
family and friends to ensure the integrity of the translation.  

Mobile crisis is a behavioral safety net throughout the state. Individuals can call or text and 
receive telephone services or an in-person or telehealth assessment. Their counselors can visit 
patients where they are, but the nurses lamented the delays in this service, resulting in a resource 
intensive experience for the nurse, who must stay on the line with the patient.  

Police are also very important actors as they can detain and transport patients. They can transport 
for voluntary hospitalization if the patient has no other mode of transport but are often used for 
involuntary hospitalization under state law. All other options are usually exhausted before this.  

3.2.2 Assessment and triage 

Messages of concern take many forms. Explicit messages, suggesting self-awareness from the 
patient and a desire for help, are less common. For example, “I want to kill myself” (P4) or “I'm on 
a medicine that makes me feel this way. This has happened before. I don't have a plan. I've got 
everything locked up.” (P14). When people are no longer scared of the situation, it becomes 
particularly concerning to the HCPs. The most common type of concerning message is cryptic, 
conveying some sort of hopelessness, finality, or unsettling vagueness. Some examples of these are 
“I’m feeling more sad than usual. I just feel like a failure” (P4), “I wish I could go to sleep and not 
wake up” (P3), or “I feel kind of blah. I feel unmotivated. I've been taking the same mood medicine 
for a long time. It used to seem like it worked better” (P3). Participants reported that with cryptic 
messages, the HCP needs to get information from the patient to understand what is going on. The 
message might not even be something they say but actions they take, like hysterically crying on 
phone, cancelling appointments after positive biopsy results, calling HCPs with flat affect and then 
withholding information when HCP is inquiring (e.g., “there’s nothing else to talk about”). Other 
concerning messages are multifactorial, such as sending “goodbye and thank you” (P1) to multiple 
HCPs, sending pictures of lethal means, or subtle shifts in tone from previous messages that are 
difficult to detect. Patients cannot flag messages as urgent but can use subjects such as “depression”.  

Somewhat related to messages of concern are threats. Sometimes they are for attention, and 
sometimes they are because a patient is frustrated or feels hopeless due to treatment-resistant chronic 
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illness. Some examples that might be threats for attention are “if I don't get X, I'm going to hurt 
myself” (P3) or “if I don't get some relief soon, I'm going to have to do something” (P7). To the 
HCPs, this is one of the reasons listening and validating the patient is so important.  

Messages of concern warrant an immediate phone call from the HCP (multiple if unanswered). 
If the patient does not respond, the HCP must assess the risk and determine the next step. Depending 
on their estimation of the risk, they may message the patient back with resources, call the patient’s 
family/friends, or call the police for a welfare check. If the patient responds, HCPs reported being 
more reluctant to call the police. They reported asking the patient’s location and screening using  
the Columbia-suicide severity rating scale (C-SSRS25). Depending on the score, the patient will be 
assigned yellow (elevated risk), orange (moderate risk), or red (high risk) which will help determine 
next steps for intervention. HCPs noted that while the C-SSRS is a tool that can help, it does not 
replace their clinical judgement. Participants agreed that high and lower risk patients are easier to 
identify. Patients in the moderate category can sometimes be more difficult. Above all, the HCPs 
make sure to document everything. This protects both themselves and the organization. Figure 1 
below outlines some of the workflow for assessment and intervention described thus far. 

Figure 1. The actors, environment, tools, and interventions involved in management of a message or call 
from patient communicating distress compose a complex sociotechnical system  

3.2.3 Interventions 

The main purpose of interventions is patient safety. Can the patient safety plan and maintain safety 
if they encounter a suicidal crisis? Do they know what resources are available to them, how to access 
them, and feel comfortable accessing them? Figure 1 shows how interventions fit in with the system. 

For yellow (elevated risk) patients, it seems the most common intervention is to let the patient 
know about the resources available to them such as local mental health resources, like the psychiatric 
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assessment service (PAS), and crisis lines (like 988). For specific issues such as postpartum 
depression or alcoholism, they can suggest specific resources for them such as rehabilitation 
programs. HCPs make a safety plan with the patient, with the most common usually being a Stanley-
Brown Safety plan26. They can also connect the patient with clinic resources such as their PCP or 
psychiatrist or a referral to behavioral health. Primary care usually becomes the catch-all if they 
never go to behavioral health (which can sometimes be hard to get in). If patients are already on 
medication, they may need to change their dose and/or they can be recommended to seek 
psychotherapy, although this is sometimes difficult due to availability. 

For orange (moderate risk), HCPs are advised to stay with the patient. They should request help 
from their fellow HCPs to connect the patient to an immediate assessment by an HCP (preferably 
specializing in mental health). For example, they may write on a note “call 911” so they can stay on 
the phone with the patient. They stay on the phone with the patient until mobile crisis arrives.  

For red (high risk) patients, it is a similar process, except it is recommended the patient go to the 
emergency room. If there is concern of imminent danger, another HCP should call local law 
enforcement to the patient’s physical location for an urgent welfare check and communicate that the 
patient may be an imminent danger to themselves. HCPs can notify their emergency contacts, and 
this is often when state law is utilized to detain the patient. 

Another theme highlighted with each of the interventions is that of continuity and 
timeliness/urgency. The orange and red workflows attempted to avoid patients being left alone to 
figure out what to do next and with limited people knowing what was going on.  

The workflows above represented clinics outside of psychiatry. For those in psychiatry, there 
was a very strong sense of therapeutic alliance27, trust and rapport building, honesty, and avoiding 
stigma that must happen for patients to be willing to disclose STB. Making sure the patient feels 
heard and understood is paramount. Participants described it variously as, “Just being near and 
sitting with a patient and acknowledging like that you’re on the same team and that you want to 
continue to help them and work with them,” (P11) and “Sitting with them in the fear and in their 
sadness” (P8). One participant stated, “Effectiveness means maintaining safety. I mean, that's the 
most effective thing. The second most effective thing I think is candor. It's just trust, like therapeutic 
alliance.” (P1) They use the Stanley-Brown26 to “game plan suicidal crises” (P8). Participants also 
focus on removing lethal means because as one stated, “people have a preferred method of 
attempting suicide and if you can help them avoid that, they're not going to be a sort of readily 
accessing another method” (P8). Overall, the participants from psychiatry backgrounds 
communicated more comfort with uncertainty and patient autonomy than the other clinics. They 
recognized the limitations of their role, with one participant summarizing it this way: “Even the 
best, the best clinicians have lost patients to suicide, and I think it’s prideful to think that anything 
I could do as a clinician would prevent all my patients from ever attempting suicide. So, I think 
there’s a real humility about this.” (P8). 

3.2.4 Facilitators 

A frequently cited facilitator was the recently implemented organizational policy for suicidal 
ideation (SI) response and accompanying annual online training. For many of the HCPs (particularly 
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those outside of psychiatry), this policy helped them feel more comfortable helping patients who 
endorse STB because it gave them a clear workflow and script that they can read word for word. 
Some wished that the associated training was more in depth and/or hands-on, but overall, there was 
positive reception. Additionally, this policy appears to have been a resource for standardization, as 
the assessment and interventions across all the clinics were very similar. However, the policy was 
not mentioned by any of the participants from the psychiatry department, suggesting it might be less 
relevant to them because they rely more heavily on their clinical expertise and training. Overall, the 
workflows described by the participants were closely aligned with the published policy. 

In addition to the policy, there were many tools and technologies that participants found helpful 
for assessment and intervention, including the C-SSRS25 for assessment and the Stanley-Brown 
safety plan26 for intervention. Both are available in the electronic health record (EHR), although 
many of the HCPs reported that they like to keep physical copies in a folder for ready access. Many 
participants used smart phrases to document SI in the note, with some customized for specific 
locations. During a nurse’s call with a patient, a nurse triage function is available that produces the 
C-SSRS and other educational resources to help assist the patient. Participants described the need 
for a smart phrase to send patient educational resources through the PPM, and some HCPs maintain 
their own list of resources. Another physical resource available to the HCPs are “badge buddies,” 
or cards that are attached to their ID badges that have the assessment and intervention workflows 
outlined. In the discharge care center, they have physical SI crisis packets with hard copies of 
educational tools and C-SSRS. Additionally, there is an intranet website that has “tip sheets” with 
quick and easy explanations of the policy (and other resources) as some of the HCPs complained 
that the policy can sometimes be too bulky and complicated to make sense of in real time. Another 
less mentioned tool is the ability to send the patient an automated message to check on them to see 
how they are doing. Nurses cannot send these, but the physicians can. Many of the HCPs highlighted 
how tools are helpful, but they do not replace their clinical judgement. They still need to pay 
attention to clues beyond what the patient is saying like their tone or withholding of information. 

In addition to organizational resources, participants described facilitators for assessment learned 
through their experience and training. Most commonly cited was the idea of personalizing the 
assessment of risk by really knowing and understanding the patient. Examples included knowing 
what is going on in the patient’s life, e.g. a recent death of family member or pet. Knowing the 
patient’s usual disposition helped them identify changes. HCPs in psychiatry were often concerned 
with comorbid psychiatric diagnoses and understanding how they may interplay with patients’ 
disclosure of STB, and if it is expected symptom of another diagnosis. If someone has chronic 
suicidality, and/or this is a marked change from their baseline, understanding what or why that has 
happened and personalizing the assessment to the patient is very important. The psychiatric HCPs 
highlighted the distinctions between passive vs active, chronic vs acute, and static vs variable risk 
factors, all of which rely heavily on personalizing the assessment of risk and understanding the 
nuance based on their previous training. To them, this assessment is not black and white; there are 
many shades of gray. Their extensive previous training and experience also seems to make them 
more comfortable with helping patients endorsing STB. Additionally, because the patient is not 
physically present, non-verbal clues such as background noise were highlighted. One HCP described 
how “one of [the patient’s] plans was to jump in front of a bus. Well, then I hear that he is, there's 
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a car is behind him and he tells me that he's, you know, somewhere on the street and I'm like, okay, 
well now that's elevated the situation” (P15). For most of the participants, the goal was to focus on 
building rapport and trust with the patient to strengthen the therapeutic relationship. They desired 
to remain calm (and keep the patient calm) through deep breaths, and they sought to keep the patient 
talking. The HCPs also worked hard to avoid stigma by normalizing and validating the patient for 
being vulnerable with them and making sure the patient felt understood. For those who help train 
other HCPs in this, they found it is helpful for HCPs less experienced with this to think of this as 
any other medical diagnosis. “It’s treating it like you would any other medical condition that you're 
making it to where they can speak up and share and feel like they're going to be treated just the 
same way they would if they were experiencing heart attack or stroke symptoms because there's 
always been this stigma with depression and suicidality… I think it helps us provide more 
compassionate care when we put it in a lens of I'm asking you these questions because this is how 
we treat this condition.” (P14). Another HCP mentioned that some patients prefer messaging over 
calling due to the perceived anonymity of it. They felt like they received more open and honest 
answers when messaging with patients. 

There were fewer facilitators mentioned for intervention than assessment, but a lot of this seems 
to be due to the strong focus on establishing the therapeutic alliance as the primary focus in the 
initial assessment. The HCPs described how they work together with the patient to figure out what 
they are going to do next, “not being paternalistic” (P12) and gaining agreement of the patient. This 
largely helps with patient buy-in and follow-through. For example, one of the other facilitators is 
helping the patient know the resources available to them, especially local resources. It is important 
to make sure that the patient feels comfortable accessing those resources and if not, helping them 
access them. For example, one patient’s suicidal ideation involved using her car, so they made sure 
she had transportation to the next steps of her treatment plan.  

3.2.5 Barriers 

There are many barriers to responding to PPM messages that are not specific to suicidality. For 
example, there is nothing for a patient to do to establish the acuity of a message. The patient decides 
the subject line, but many of the HCPs go through the messages in chronological order. Another 
HCP or calls from the access center can mark messages as “urgent” but the patient cannot. This is 
one of the biggest concerns expressed by the HCPs, made worse by the fact that patients can send 
messages outside of work hours and concerning messages may be missed.  

Overall, the non-psychiatry HCPs desired more training and/or knowledge of response to STB 
and the tools and technologies available to them. They also expressed a need for access to more 
mental health professionals to refer patients to, particularly outside the emergency room or the 
psychiatric hospital, as these settings carry stigma or can be far away for some patients.  

There were many barriers to assessment addressed through the interviews. One of the most 
commonly expressed barriers is the discomfort of the subject due to the gravity of the topic. They 
want to respond appropriately and in a personalized way. HCPs highlighted how frameworks and 
tools can be helpful, but they are never going to be appliable to every situation, and one must still 
use their clinical judgment. Another commonly expressed barrier was the idea that the “onus is on 
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the patient” for disclosure. The patient takes the lead on how much they wish to disclose/not 
disclose. One participant put it this way: “that person is help seeking because if they weren't help 
seeking, they probably could attempt at home and never tell anyone, right?” (P1). For most clinics, 
many of the standardized assessments are only conducted at patient intake so if the patient does not 
bring it up on their own or it is a known ongoing issue, it may not be a topic of discussion. Because 
of this, it is important to make patients feel safe enough to disclose, further highlighting the 
importance of the therapeutic alliance, building rapport and trust, and avoiding stigma with the 
patient. Several HCPs mentioned how often a patient will reach out and express distress, but when 
directly asked what is going on, they may withhold information or stop responding/hang up which 
raises concern by the HCPs and they feel they must “drag it out of the patient”. One participant 
described how all she knew about a patient was his occupation and the city he worked in. The patient 
got disconnected and they were able to call the police with the little information she had, and the 
police found the patient. The HCPs care deeply about their patients, and it is frustrating to them 
when they do not want to communicate what is going on so they can receive help. To this end, it is 
also frustrating to many of the HCPs that they do not have a lot of the usual non-verbal 
communication that they have in person, so there is a lot of uncertainty about the patient’s situation 
and they have to ask more basic questions like where the patient is and who they are with.   

Stigma remains a major challenge to assessment. Overall, the HCPs expressed this seems to be 
getting better and they are actively working to help avoid stigma by normalizing and validating the 
patient, but this stigma still exists. Along with this stigma, both patients and HCPs worry about the 
laws related to their external environment. Some patients seem worried about disclosure due to fear 
of losing autonomy due to laws that allow people to be detained for involuntarily hospitalization. 
Additionally, HCPs are very concerned about not doing enough for a patient for fear something bad 
will happen to the patient and they will be held liable, so they focus a lot on “covering themselves” 
by documenting everything thoroughly, including when the patient refuses to answer or denies help.  

In addition to barriers to assessment, there are many barriers to intervention. First and foremost, 
HCPs are nervous and unclear on what the risk level is of a message that has been sitting for a long 
time. For this reason, they call the patient as soon as possible. If the patient does not respond, it is 
also difficult to know how to respond. This is coupled with the fact that most HCPs outside of 
psychiatry do not know what the outcome was of their previous interventions, as most of the 
interventions are very immediate as opposed to longer-term, making it more difficult to learn. 

3.3 Value sensitive design 

3.3.1 Values highlighted  

Value Sensitive Design (VSD)-based interviews are useful for eliciting HCP values that would be 
difficult to ascertain by using EHR data, video, or observations. Many of the values were elicited 
through dialogue. Table 1 below outlines some of the values expressed in the interviews with 
definition and examples. Overall, the most endorsed values were safety, collaboration (both with 
the patient and other parties such as HCPs, police, and family), therapeutic alliance, personalized 
assessment of risk, timeliness/urgency, human welfare, calmness, trust, and the desire to do better. 
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Table 1. Values and definition with examples of value 
Value Definition with examples 

Therapeutic alliance Building rapport and trust with the patient so they feel heard and understood; this relationship helps the patient desire to 
be more honest and forthcoming; establishing that the patient and the HCP be on the "same team" and will attack this 
together; sitting with the hurt with the patient and not being scared 

Clinician care HCPs care deeply about their patients; they wonder if they did the best they could do even once they leave work or if 
they followed all the company protocols 

Personalized 
assessment of risk 

Understanding how circumstances past and present affect patient's current state; understanding the patient on an 
individual level 

Safety Concern for the patient's immediate safety and ability to keep themselves safe 
Human welfare "Refers to people’s physical, material, and psychological wellbeing"18; this is more specifically related to their current 

physical well-being than safety 
Timeliness/ 
urgency 

Doing something while it is still relevant or useful; oftentimes there is need for quick action by HCPs 

Avoiding stigma Normalizing and validating the patient; thanking them for sharing and being vulnerable 
Collaboration Not being paternalistic with the patient and working together; working together with nurses, family/friends, police, and 

doctors to help the patient 
Trust "Refers to expectations that exist between people who can experience good will, extend good will toward others, feel 

vulnerable, and experience betrayal "18; this is related to establishing therapeutic alliance, but focuses more on the initial 
process of building rapport and maintaining relationship with genuine candor and honesty so the patient is willing to 
disclose STB 

Informed consent "Refers to garnering people’s agreement, encompassing criteria of disclosure and comprehension (for “informed”) and 
voluntariness, competence, and agreement (for “consent”)"18; HCPs will often outline explicitly what they expect the 
patient to do next (sometimes with a timeline) and confirm with the patient if that is acceptable to them 

Accountability "Refers to the properties that ensures that the actions of a person, people, or institution may be traced uniquely to the 
person, people, or institution"18; each role has their own responsibilities and outcomes they are responsible for; patients 
are held accountable even if they stop responding or hang up 

Privacy "Refers to a claim, an entitlement, or a right of an individual to determine what information about himself or herself can 
be communicated to others"18; patients do not have to disclose STB; limited information can be shared with 
family/friends 

Autonomy "Refers to people’s ability to decide, plan, and act in ways that they believe will help them to achieve their goals"18; 
patients have the right to decide how to disclose STB and if cooperative, they can collaborate to design their treatment 
plan 

Necessary loss of 
autonomy 

If patient is a true danger to themselves or others, they lose the agency to deny help and can be legally detained for 
involuntary hospitalization 

Continuity Making sure the patient has clear next steps and is not forgotten 
Calmness "Refers to a peaceful and composed psychological state"18; oftentimes HCPs focus on maintaining calm both for 

themselves and the patient 
Identity "Refers to people’s understanding of who they are over time, embracing both continuity and discontinuity over time"18; 

HCPs often have strong identity as someone who helps people 
Freedom from bias  "Refers to systematic unfairness perpetrated on individuals or groups, including pre-existing social bias, technical bias, 

and emergent social bias"18; regardless of any other factors, all patients will be assessed and treated as needed 
Universal usability "Refers to making all people successful users of information technology"18; making sure the assessment and intervention 

fits the particular patient 
Legal protection Making sure to document everything to protect yourself and the institution 
Desire to do better Recognizing the current system is not perfect; desiring to do best with what resources are available 

3.3.2 Toward a value sensitive design technical framework 

Based on the values endorsed by the HCPs, Table 2 outlines some of the design features of a system 
that helps with assessment and intervention of STB in PPM. Participants were skeptical that the 
personalized nature of risk assessment would make the identification of messages of concern 
difficult for an automated system. What is considered risky for one individual might not be risky for 
another. Additionally, there was some concern that patients might react negatively to automated 
responses, but overall, HCPs were more concerned about safety than the patient’s immediate 
feelings. They recognize the patient is likely in a heightened state so treating this delicately is 
important. Because of this heightened state, it is also interesting to note that none of the HCPs were 
comfortable with a large language model (LLM) automated response. Automation was discussed in 
terms of a pre-scripted response, not a chatbot. Usually, these pre-scripted responses began with 
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establishing the therapeutic relationship by thanking them for sharing and trying to connect them to 
a human as soon as possible.  
 

Table 2. Design features, their practical advantages, and the values they support 
Design feature Practical advantage(s) Value(s) endorsed 

Automated message response based on 
automated identification 

Responded to right away Timeliness/urgency; continuity 

Automated message that must be 
"humanized" right away 

Can receive needed care immediately by 
human. Allows patient to be heard and 
understood 

Therapeutic alliance; timeliness/urgency; 
collaboration; continuity; personalized 
assessment of risk; accountability; legal 
protection 

Having dedicated team to respond to 
patient messages outside of normal clinic 
hours 

Patient can immediately connect with a 
person to feel cared for  

Therapeutic alliance; clinician care; 
timeliness/urgency; collaboration; accountability; 
continuity; universal usability 

Having automated feature that allows 
concerning messages to be marked as 
urgent for HCPs 

Reduces cognitive burden on HCPs and 
improves timeliness  

Timeliness 

Content of message not saying outright 
that it is a message related to STB. Calling 
it a "concerning" message 

Does not scare the patient if they were just 
saying it as a threat but also doesn't further 
escalate or heighten situation if being 
serious 

Human welfare; calmness; avoiding stigma 

Not immediately calling police or mobile 
crisis if STB message is received. Gives 
patient option if they would like to 
themselves 

Does not scare the patient if they were just 
saying it as a threat but also does not 
diminish patient's autonomy 

Personalized assessment of risk; avoiding stigma; 
autonomy; calmness; privacy 

Content of message explicitly stating that 
it is an automated message, and someone 
might not respond to their message right 
now 

Informs patient of situation so they can 
decide how to proceed 

Informed consent; trust; legal protection 

Content of message thanking patient for 
their message and being vulnerable with 
them. We are not scared by the content 
shared 

Acknowledges the patient for being 
vulnerable with them 

Therapeutic alliance; trust; avoiding stigma; 
calmness 

Content of message giving patient easy to 
access resources they can access right now 

Patient may be in heightened state with 
limited capacity to think rationally or 
complete complicated tasks 

Personalized assessment of risk; human welfare; 
timeliness/urgency; collaboration; informed 
consent; autonomy; safety 

Content of message explicitly asking 
patient if they are suicidal and making 
response simple "yes"/"no" 

Sometimes messages communicating STB 
are threats for attention. This will 
distinguish if serious and the simple 
usability will help with likely heightened 
state if being serious 

Freedom from bias; universal usability 

Content of message making options for 
them to contact their PCP later that day 

Makes patient feel heard and understood 
and that they will be taken care of 

Therapeutic alliance; clinician care; 
timeliness/urgency; continuity; autonomy 

Making it clear that response is 
mandatory, but giving them multiple easy 
options to select from  

Help HCPs know what is going on and 
what steps the patent chose to take while 
still acknowledging the likely heightened 
state of the patient 

Clinician care; autonomy; universal usability 

Urgent care psychiatric evaluations Can receive needed care immediately Therapeutic alliance; timeliness/urgency; 
continuity 

Information-gathering tool to help HCPs 
better understand the patient 

Reduce cognitive burden and improve 
response time 

Timeliness/urgency; personalized assessment of 
risk 

4 Discussion 

This study explored assessment and intervention of STB in patients over the phone and through 
PPM by examining perspectives on this work of HCPs at a large academic medical center. We found 
that there are multiple types of “messages of concern”, but most common was a vague or cryptic 
message that demands a personalized and nuanced assessment of the patient to clarify the risk. This 
corroborates other studies finding that effective natural language processing tools will require more 
nuanced and context-specific approaches to ascertain suicide risk28. HCPs often must engage the 
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patient, asking difficult questions, to understand the situation. This is a similar finding to another 
study looking at primary care experiences with PPM messages29. Based on the patient's responses, 
there are actors in a variety of roles facilitating assistance for a patient communicating distress. 
Through interviews, we elicited the values held by HCPs carrying out assessment and intervention. 
Using these values, we developed design features of a possible framework to help HCPs in the 
future. Many of the values and design features described in our study are similar to those 
recommended by the Coalition for Health AI for crisis and severe distress handling30. Another study 
of informatics solutions in suicide prevention, specifically a postvention tool facilitating follow-up 
on patients at risk for suicide, found similar design solutions31.  

Some limitations of this work include this was a single-center study with a limited number of 
participants. Participants represented only a few clinics with various prevalences of STB at each 
clinic. Patient and caregiver’s perspectives were not explored. Future studies could explore if these 
results validate in another external clinic system or different setting (such as volunteer crisis 
counselors) and explore patient and caregiver perspectives.  

Future research should also explore building a value conscious model32, or specifying an ethical 
theory to be deliberately designed with, for assessing suicide risk from portal messages. Using 
classifications prior work on values in technology design, specifically in healthcare33, we primarily 
identified values relevant to “professional or individual practice” (trust, autonomy, privacy) and  
“societal values that span many sociotechnical systems” (safety and well-being). There was minimal 
focus on “organizational values” (stewardship, employee well-being, fair competition). This echoes 
what has been reported in the scant value sensitive design literature in healthcare informatics33. We 
acknowledge that values can inherently conflict with one another. For example, many of the 
interviewees noted how they limit their work in the messages to clinic hours for their own mental 
health/wellbeing, and this can conflict with their desire for the well-being and safety of a patient. 
Another analysis of mental health across the care continuum found that safety, privacy, and equity 
were important, but in cases of suicide “the clinician retains diagnostic and treatment authority at 
all times”34. Another analysis of values important in mental health focused on safety, equity, 
evidence, and clinical accountability35. Another analysis focused on “equity, replicability, privacy, 
efficacy, and engagement” and highlights these have remained relatively unchanged over the years, 
but with the advent of LLMs, the sense of urgency has become heightened36. A study focused on 
youth mental health and digital technology using VSD found that “personalization, empowerment, 
and autonomy” to be most important37. Currently, there does not seem to be clear consensus on what 
values should be consciously included in a mental health model based on literature, so further 
exploring ethical frameworks for this conscious design is necessary, especially as found through our 
study, there are many values endorsed by HCPs in this assessment and intervention of patients in 
crisis, and sometimes these can be dynamic, conflicting, and emergent. It is doubtful that current 
technologies can, without human oversight and involvement, participate effectively in this very 
human task of responding to patients in crisis while supporting the values endorsed by HCPs. 
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Adverse drug event (ADE) evidence is produced across patient-generated, clinical, and
scientific settings that differ in language, documentation purpose, terminology, and de-
gree of standardization. These differences shape both which adverse experiences become
visible to pharmacovigilance systems and how readily they can be linked to curated drug-
safety knowledge. We examine these relationships across six corpora representing distinct
data-production settings: ADE Corpus V2 (medical case reports), SMM4H-2026 Task 1
(multilingual user-generated health content), CADEC V2 (patient-forum narratives), the
Dutch ADE Corpus and KronosRX (EHR clinical notes), TwiMed-PubMed (biomedical
literature). A shared BERTopic analysis of ADE-positive texts concerning antidepressants
and antihypertensives across the four English-language corpora identified nine interpretable
topics. CADEC V2 contained a more differentiated distribution of symptom-specific themes,
including sexual effects, suicidal or panic-related thoughts, vivid dreams, and memory dif-
ficulties, whereas SMM4H-2026, TwiMed-PubMed, and ADE Corpus V2 were dominated
by a broader medication, sleep, tiredness, and pain theme. These patterns indicate that
data-production context shapes what adverse experiences are expressed and standardized,
with patient-generated narratives surfacing subjective, symptom-specific experience largely
absent from clinical and scientific sources.

We further examine how data-production context affects alignment with curated phar-
macovigilance knowledge using SIDER 4.1. Retrieval coverage varied sharply across sources,
from 9.5% in CADEC V2 to 91.0% in TwiMed-PubMed, while KronosRX showed high task-
specific lexical coverage (91.7% cardiotoxicity; 81.7% neurotoxicity).

We compare corpus-specific QLoRA fine-tuning of Llama-3.2-3B with SIDER-grounded
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inference using Llama-3.1-70B/405B. Among the evaluated configurations, QLoRA obtained
the highest observed macro-F1 on ADE Corpus V2 (0.91), CADEC V2 (0.88), and SMM4H-
2026 (0.80), whereas Llama-3.1-405B RAG-SIDER obtained the highest observed macro-F1
on Dutch ADE (0.95) and TwiMed-PubMed (0.91). In KronosRX, toxicity-specific RAG
improved macro-F1 from 0.54 to 0.75 for cardiotoxicity and from 0.58 to 0.64 for neurotox-
icity. Together, these findings suggest that ADE representation, knowledge-base alignment,
and detection performance vary substantially across data-production contexts, supporting
the use of source-sensitive supervision and knowledge grounding.

Keywords: Adverse drug event detection; pharmacovigilance; large language models;
retrieval-augmented generation.

1. Introduction

Adverse drug events (ADEs) are harmful or unintended outcomes associated with medication
use, including adverse reactions, medication errors, and other drug-related injuries.1,2 They
remain a major patient-safety concern and are associated with increased mortality, prolonged
hospitalization, elevated healthcare costs, disability, and death.3,4 Although clinical trials and
spontaneous reporting systems provide important safety evidence, many ADEs are underre-
ported or documented only indirectly in electronic health records (EHRs), patient-generated
posts, medical forums, case reports, and biomedical literature.5,6 Automated methods can
support earlier identification of such signals, though their effectiveness depends on how well
they account for the representational differences across these sources.7–9

These sources are not interchangeable representations of the same pharmacovigilance evi-
dence. They are produced for different audiences and purposes and vary in terminology, lan-
guage, documentation practices, and degree of standardization. Clinical and scientific sources
may explicitly describe drug–outcome relations using specialized terminology, whereas social-
media posts and patient-forum narratives often contain misspellings, slang, multilingual ex-
pressions, implicit symptom descriptions, and extended accounts of lived experience.10 In this
study, we use the term data-production context to capture these differences. Through cross-
source topic modeling, we examine how such contexts shape which adverse experiences are
expressed and how they are framed, and how readily the resulting drug mentions can be
linked to standardized pharmacovigilance knowledge. We complement this analysis with ADE
detection experiments, using them as a lens to further probe how source-specific supervi-
sion, pretrained model knowledge, and external evidence interact with these representational
differences, rather than as an end in themselves.

Prior discourse-oriented work has largely examined patient narratives within a single plat-
form or population,11,12 with relatively little attention to how ADE expression and framing
compare across patient-generated, clinical, and scientific sources within a shared analytic
frame. A related open question is the form of knowledge on which downstream detection
systems rely.13 Fine-tuning learns from corpus-specific labeled examples, whereas retrieval-

© 2026 The Authors. Open Access chapter published by World Scientific Publishing Company and
distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC)
4.0 License.
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augmented generation (RAG) introduces external evidence at inference time. In this study,
retrieval is grounded in SIDER, a curated resource containing standardized drug–adverse-effect
associations derived primarily from drug labels and clinical-trial information.14 Although such
knowledge can support ADE detection, SIDER’s predominantly English, standardized vocab-
ulary may align unevenly with brand names, misspellings, colloquial forms, and language-
specific drug mentions found in real-world text. Prior work has shown that SIDER-grounded
RAG can improve drug–side-effect question answering on a single benchmark;15 however, its
coverage across heterogeneous data-production contexts remains unclear. Recent LLM-based
ADE detection work using zero- and few-shot prompting, parameter-efficient fine-tuning, and
structured knowledge construction16–18 has likewise been evaluated largely on a single corpus
or a small number of closely related sources,19,20 with limited attention to how data-production
context shapes both ADE expression and model performance.

Taken together, these gaps motivate three research questions: (1) how ADE discourse dif-
fers across patient-generated, clinical, and scientific sources; (2) how well drug mentions from
these settings can be linked to SIDER; and (3) how corpus-specific fine-tuning, prompting,
and SIDER-grounded inference perform across different data-production contexts, as a means
of probing the downstream consequences of (1) and (2).

Figure 1 summarizes the study design. As shown in Panel 1, we analyze six corpora repre-
senting distinct data-production contexts: ADE Corpus V2 medical case reports,21 SMM4H-
2026 Task 1 multilingual user-generated health content,22 CADEC V2 patient-forum narra-
tives,23 the KronosRX and Dutch ADE Corpus EHR clinical notes,24 and TwiMed-PubMed
biomedical literature.25 Panel 2 presents the shared BERTopic analysis26 of ADE-positive
English-language texts concerning antidepressants and antihypertensives from four corpora,
which we use to examine how adverse experiences differ across data-production contexts and
how they relate to SIDER coverage. Panel 3 presents the ADE detection approaches, includ-
ing corpus-specific QLoRA fine-tuning of Llama-3.2-3B27 and SIDER-grounded inference with
Llama-3.1-70B and Llama-3.1-405B, alongside zero- and few-shot prompting baselines, which
together let us assess how readily real-world drug mentions from each corpus can be linked
to the standardized external knowledge resource and how this alignment relates to detection
outcomes.

Our results reveal corpus-dependent differences in ADE discourse, knowledge-base align-
ment, and detection performance. The topic analysis shows that patient-generated, clinical,
and scientific sources differ in the adverse experiences they foreground and in the level of
thematic specificity with which those experiences are described. The retrieval analysis reveals
uneven alignment between real-world drug mentions and SIDER’s standardized vocabulary,
with coverage ranging from 9.5% in patient-forum narratives to 91.0% in biomedical litera-
ture. Detection performance also varies by corpus, with no single configuration dominating
across all six settings (Section 4.1). Together, these findings demonstrate that data-production
context shapes what ADE evidence is expressed, how it is framed and standardized, and how
readily it can be retrieved and computationally detected.
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2. Background and Related Work

This section reviews two areas relevant to this study: variation in pharmacovigilance evi-
dence across data-production contexts, and computational approaches—detection models and
knowledge-grounded retrieval—that depend on corpus-specific supervision or structured phar-
macovigilance knowledge.

ADE Evidence Across Data-Production Contexts. Pharmacovigilance increasingly
draws on evidence from patient-generated content, electronic health records (EHRs), medical
case reports, biomedical literature, and curated drug-safety resources. These sources are com-
plementary but not interchangeable. Patient forums and social media platforms provide direct
accounts of medication use and adverse experiences, often expressed in colloquial, subjective,
and multilingual language. Comparative reviews suggest that patient-generated sources can
supplement spontaneous reports, product labels, and clinical literature by contributing timely
or unexpected adverse-event evidence and information about how adverse experiences affect
patients’ daily lives.9 At the same time, such data exhibit substantial linguistic variability, in-
complete context, and platform-specific biases. Clinical notes contain longitudinal observations
and documentation of suspected ADEs, but relevant evidence is often expressed indirectly in
unstructured text and varies across institutions and documentation practices.9 Medical case
reports and biomedical publications generally use more formal terminology and more explicit
drug–outcome relations, but they are also shaped by clinical selection and scientific reporting
practices.21,25 Consequently, each data-production context makes different aspects of drug-
related harm visible and available for computational analysis.

Computational content analysis has been used to study patient discussions of health experi-
ences and medication use. Wexler et al. identified recurring concerns in online patient forums,11

while Chen et al. showed that combining adverse-effect extraction, signal detection, and topic
modeling can reveal contextual information beyond event extraction alone.12 BERTopic further
enables semantically related documents to be organized in a shared topic space.26 However,
prior work has largely focused on single platforms, populations, or medications, with limited
cross-source analysis of ADE discourse and its relationship to pharmacovigilance knowledge
alignment and detection performance.

Computational Approaches to Detection and Knowledge Grounding. ADE de-
tection has progressed from conventional classifiers such as support vector machines28,29 to
transformer-based models, including BERT,30 Bio-ClinicalBERT,31 and RoBERTa,32 and more
recently to LLMs adapted through prompting, fine-tuning, and data augmentation.10,17,33

Domain-adapted models often perform well when trained and evaluated within a single cor-
pus,34,35 but Dai et al. showed through the MultiADE benchmark that models trained on
one ADE domain did not generalize reliably to unseen text types,23 underscoring the influ-
ence of source language, annotation practices, and task formulation. Most LLM-based studies,
however, remain limited to one or two source types and rarely examine source-specific super-
vision and structured external knowledge within the same cross-source analysis—a gap we
address by evaluating prompting, QLoRA fine-tuning, and SIDER-grounded inference across
six heterogeneous corpora.

Two adaptation strategies dominate this space and rely on different sources of pharma-
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covigilance evidence. Parameter-efficient fine-tuning methods such as LoRA and QLoRA freeze
most pretrained parameters and update only low-rank weights, enabling corpus-specific adap-
tation with reduced memory requirements.36 Prior work shows that QLoRA can approach full
fine-tuning performance in clinical summarization and bilingual primary-care notes while using
far fewer trainable parameters.27,36 RAG, by contrast, grounds inference in external evidence
without updating model parameters, making performance dependent on the coverage and
terminology of the retrieved resource. Examples include MALADE, which uses drug labels,
biomedical literature, and FDA resources for drug–outcome extraction;37 SIDER-based dense
retrieval for drug–side-effect queries;15 and AskFDALabel, which retrieves FDA labeling for
adverse-event annotation.13 These approaches demonstrate the value of external pharmacovig-
ilance knowledge, but primarily target querying or structured association extraction rather
than ADE detection across heterogeneous text sources. We therefore compare local supervision
and external knowledge grounding across multiple data-production contexts, with particular
attention to how SIDER coverage relates to detection performance.

3. Methods

We combine cross-source discourse analysis with ADE detection experiments to examine
how data-production context shapes both the expression of adverse drug events and the
performance of computational detection methods. Figure 1 summarizes the overall study
design. Panel 1 introduces the six ADE corpora, which represent distinct languages and
data-production settings, and shows their preprocessing into a common binary ADE de-
tection task. Panel 2 presents a cross-source analysis of how adverse drug experiences are
discussed in patient-generated text, medical case reports, clinical notes, and biomedical litera-
ture. Panel 3 evaluates corpus-specific QLoRA fine-tuning, zero- and few-shot prompting, and
SIDER-grounded retrieval-augmented inference for ADE detection, together with instance-
level SIDER retrieval coverage as a measure of how well real-world drug mentions align with
standardized pharmacovigilance knowledge.

3.1. Data Sources and Task Construction

We use six expert-annotated ADE corpora spanning patient-generated, clinical, and scien-
tific data-production contexts. Because the corpora differ in annotation schemes and units of
analysis (sentence-, document-, and relation-level), we map their outputs to a shared binary
label space (ADE, Not-ADE) while retaining corpus-specific operational criteria. Performance is
therefore evaluated within each corpus.

ADE Corpus V2 comprises medical case reports with sentence-level ADE annotations
(17,637 train, 5,879 test). Following reports of cross-split duplication,19 we normalize case and
whitespace and remove exact train–test duplicates.

SMM4H-2026 Task 1 addresses document-level ADE detection in multilingual user-
generated health content (German, French, Russian, English, Mandarin, Japanese), using
predefined training, validation, and test splits with normalized formatting.

CADEC V2 extends the AskAPatient corpus with drug and adverse-reaction annotations.
We convert brat annotations to sentence-level binary labels and construct document-level
splits to prevent sentences from the same review appearing across partitions.
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Fig. 1: Overview of the study design. Six ADE corpora spanning distinct data-production
settings are standardized for binary ADE detection. We analyze cross-source discourse with
BERTopic and compare source-specific fine-tuning with SIDER-grounded retrieval-augmented
inference across documentation settings.

Dutch ADE Corpus consists of ICU clinical notes annotated with drug–disorder rela-
tions. We map adverse drug events to ADE and indications to Not-ADE, and split the 102 notes
at the note level (70/15/15) to prevent leakage.

TwiMed contains PubMed sentences and Twitter posts annotated for drugs and out-
comes; we use the PubMed subset only. Sentences containing at least one outcome-negative
relation are labeled ADE, and we construct a stratified 80/20 train–test split.

KronosRX is a non-public, physician-adjudicated EHR benchmark derived from Cedars-
Sinai clinical data, with cohorts for medication-related cardiotoxicity and seizure-related neu-
rotoxicity. Model predictions are made at the note level and aggregated to encounters using an
any-positive rule. The cardiotoxicity cohort contains 583 encounters from 533 patients, split
into 404/92/87 train/development/test encounters; the test set contains 22 ADE-positive and
65 Not-ADE encounters. The neurotoxicity cohort contains 88 encounters from 80 patients
(12 ADE-positive, 76 Not-ADE) and is evaluated as a single external cohort.

3.2. Cross-Genre ADE Discourse via Topic Modelling

To examine how ADE discourse varies across data-production contexts, we focus on antihy-
pertensives and antidepressants, two widely used drug classes associated with diverse adverse
effects and represented across multiple corpora. The analysis includes ADE-positive English-
language texts from ADE Corpus V2, CADEC V2, TwiMed-PubMed, and the English subset
of SMM4H-2026 Task 1.

Drug mentions are obtained from gold-standard entity annotations for CADEC V2 and
TwiMed-PubMed. Because ADE Corpus V2 and SMM4H-2026 do not provide complete drug-
entity annotations for the classification instances, mentions are extracted using Llama-3.1-
405B and verified against the original text. The Dutch ADE Corpus is excluded from this
analysis because its Dutch-language texts are not directly comparable within the shared
English-language topic space and provide limited representation of the selected drug classes;
it remains included in the SIDER-coverage and ADE-detection analyses.
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ADE-positive instances mentioning either drug class are pooled across the four corpora.
To reduce clustering by medication identity, extracted drug mentions are replaced with a
generic placeholder before embedding. A single BERTopic model26 is fitted to the combined
drug-masked texts, using sentence embeddings, UMAP, HDBSCAN, and class-based TF-IDF
to derive topics in a shared space. Topics are labeled from their highest-weighted terms and
representative sentences. Topic prevalence is calculated within each corpus as the proportion of
qualifying instances assigned to each topic, and prevalence, terms, and representative examples
are compared across sources to identify shared and source-specific themes. Because corpus
sizes differ substantially, prevalence is interpreted comparatively rather than as a population-
frequency estimate.

3.3. Adverse Drug Event Detection Approaches

We evaluate three ADE detection settings: zero- and few-shot prompting, corpus-specific
QLoRA fine-tuning, and SIDER-grounded retrieval-augmented inference. All configurations
use corpus-specific instructions reflecting the unit of analysis and operational ADE criteria.

Zero- and Few-Shot Inference. Llama-3.2-3B-Instruct, Llama-3.3-70B-Instruct, and
Llama-3.1-405B-Instruct are evaluated under zero-shot prompting. Each prompt includes the
corpus-specific task definition, the input (sentence, document, or drug–disorder context), and
an instruction to return one of two labels: ADE or Not-ADE. Llama-3.3-70B-Instruct and Llama-
3.1-405B-Instruct are additionally evaluated under few-shot prompting with labeled demon-
strations. These baselines do not include retrieved SIDER evidence.

QLoRA Fine-Tuning. We fine-tune a separate Llama-3.2-3B-Instruct model for each
corpus using Quantized Low-Rank Adaptation (QLoRA).38 The base model is loaded with
4-bit NormalFloat quantization (double quantization), with computation in bfloat16 pre-
cision. Following standard LoRA parameterization, low-rank adapters (rank r = 16, scaling
α = 32, dropout 0.05) are applied to all linear layers; base-model parameters remain frozen
and only adapter weights are updated. Each training instance is formatted as a corpus-specific
instruction-following exchange using the Llama chat template, where the system message de-
fines the task, the user message contains the input, and the assistant message provides the gold
label (ADE or Not-ADE). Models are trained with a causal language-modeling objective using
a paged 8-bit AdamW optimizer, cosine learning-rate schedule, and gradient checkpointing.38

At inference, the assistant response is omitted, greedy decoding is applied, and outputs are
mapped to the binary label space.

SIDER-Grounded Retrieval-Augmented Inference . Our retrieval-augmented con-
figuration introduces external pharmacovigilance evidence without task-specific parameter up-
dates. Llama-3.3-70B-Instruct and Llama-3.1-405B-Instruct are served with vLLM and remain
frozen during inference. Each input is augmented with evidence from SIDER 4.1, a curated
resource containing drug–adverse-effect associations derived primarily from drug labels and
clinical-trial information, with adverse effects standardized using MedDRA terminology.14

We constructed a knowledgebase mapping canonical drug names from SIDER and syn-
onyms to lists of associated adverse effects (restricted to MedDRA Preferred Terms), retaining
up to ten effects per entry to limit prompt length. Very short drug names are excluded from
the lexical index to reduce ambiguity.
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Fig. 2: Extracted drug mentions are matched lexically and se-
mantically against a SIDER-based knowledge base, with a se-
quential lexical-first branch for Dutch ADE notes and a parallel
lexical+semantic branch for English and multilingual corpora. Re-
trieved evidence is inserted into a corpus-specific prompt, and a
frozen Llama model predicts a binary ADE/Not-ADE label under
deterministic decoding.

Retrieval combines ex-
act lexical matching with
embedding-based semantic
retrieval and is adapted to
the language and annota-
tion structure of each cor-
pus. For English-language
inputs, lexical matching is
applied to extracted drug
mentions M(x), while se-
mantic retrieval uses the
full input text as a query.
The two evidence sources are
merged, prioritizing exact
matches when duplicates oc-
cur. Semantic retrieval uses
BAAI/bge-large-en-v1.5 for
English inputs and paraphrase-
multilingual-MiniLM-L12-v2

for cross-lingual inputs, re-
taining the top k = 3 entries
above corpus-specific similarity thresholds (τen = 0.80, τnl = 0.62).

For the Dutch ADE Corpus, retrieval follows a sequential strategy: the target drug en-
tity is first normalized using rule-based transformations to approximate English forms (e.g.,
-ine→-in, -ole→-ol), and lexical matching is attempted before falling back to cross-lingual
semantic retrieval if needed. The SMM4H corpus uses the English retrieval branch for English-
language instances and the cross-lingual branch otherwise.

Retrieved evidence is inserted into a corpus-specific prompt containing the original input
and any available drug or disorder. The model is instructed to use the retrieved information
as supporting evidence and to generate ADE or Not-ADE. Inference uses deterministic decoding
(temperature 0), and outputs are normalized and mapped to the binary label space. We eval-
uate both exact-match-only and hybrid lexical–semantic retrieval settings where applicable.

4. Results

SIDER Coverage Across Data-Production Contexts. Table 1 summarizes SIDER re-
trieval coverage across the corpora. For the original five datasets, exact coverage denotes
lexical matching to a SIDER drug name or synonym, while semantic-only coverage denotes
embedding-based retrieval when lexical matching fails. KronosRX uses task-specific lexical
retrieval only, with coverage measured at the note level.

Coverage varied substantially across data-production settings. TwiMed-PubMed showed
the highest coverage among the original corpora (91.0%), consistent with the standardized
medication terminology common in biomedical literature. KronosRX also showed high lexical

Pacific Symposium on Biocomputing 2027

665



Table 1: SIDER retrieval coverage across corpora. Semantic-only denotes embedding-based
retrieval after lexical matching fails; KronosRX uses task-specific lexical retrieval only.

Corpus Exact (%) Semantic-only (%) Total (%)

ADE Corpus V2 52.0 0.0 52.0
SMM4H-2026 4.7 58.3 63.0
Dutch ADE 28.2 2.5 30.6
CADEC V2 9.5 0.0 9.5
TwiMed-PubMed 91.0 0.0 91.0

KronosRX-Cardio 91.7 N/A 91.7
KronosRX-Neuro 81.7 N/A 81.7

coverage, reaching 91.7% for cardiotoxicity and 81.7% for neurotoxicity. In contrast, SMM4H-
2026 had very low exact coverage (4.7%), but semantic retrieval increased total coverage to
63.0%, highlighting the value of embedding-based retrieval for multilingual and linguistically
variable user-generated content.

ADE Corpus V2 and Dutch ADE showed intermediate coverage (52.0% and 30.6%, respec-
tively), whereas CADEC V2 remained lowest at 9.5%. The low coverage in CADEC reflects
mismatches such as brand names, spelling variation, abbreviations, and colloquial drug ref-
erences. Overall, these patterns indicate that the usefulness of curated pharmacovigilance
resources depends strongly on the terminology and documentation practices of the source,
which helps explain why retrieval-based configurations are more competitive in some corpora
than others.

Cross-Genre Patterns in ADE Discourse. Figures 3 and 4 summarize the pooled
BERTopic analysis of 6,713 drug-masked, ADE-positive instances from the four English-
language corpora, comprising 6,001 instances from CADEC V2, 466 from SMM4H-2026, 181
from ADE Corpus V2, and 65 from TwiMed-PubMed. The model identifies nine interpretable
topics in addition to an outlier cluster. Sexual side effects, neurological symptoms, and swelling
or localized pain appear across multiple corpora, whereas suicidal or panic-related thoughts,
night sweats, vivid dreams, and memory difficulties are concentrated in CADEC V2. These
patterns suggest that long-form patient narratives provide greater visibility into emotionally
salient and highly specific experiences that are rarely represented in shorter or more formally
structured sources.

Medication/Sleep/Tired is the largest topic in the pooled corpus and dominates SMM4H-
2026, TwiMed-PubMed, and ADE Corpus V2, accounting for 50.4%, 66.2%, and 66.9% of
their qualifying instances, respectively. In CADEC V2, Weight/Nausea/Loss (18.7%) and
Medication/Sleep/Tired (18.2%) are similarly prevalent, with the remaining instances dis-
tributed across a broader range of symptom-specific topics and outliers. Because CADEC
V2 contributes most of the pooled instances, prevalence estimates for ADE Corpus V2 and
TwiMed-PubMed should be interpreted descriptively rather than as precise frequency esti-
mates. Consistent with this pattern, Figure 4 shows that topics with more distinctive vo-
cabularies form relatively compact clusters, whereas the two largest and more general topics
occupy more diffuse regions of the embedding space.
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Fig. 3: Cross-genre ADE discourse topics identified by BERTopic (antihypertensive + antide-
pressant case study, CADEC V2, SMM4H-2026, TwiMed, ADE Corpus V2).

0_medication_sleep_tired

1_weight_nausea_loss

2_zaps_brain_headaches

3_orgasm_sex_libido

4_suicidal_panic_thoughts

5_sweating_sweats_night

6_swelling_pain_ankles

7_dreams_vivid_nightmares

8_memory_concentrate_term

Documents and Topics

D1

D2

Fig. 4: UMAP projection of drug-masked ADE-positive instances colored by BERTopic
topic assignment. Gray points denote outliers. Topics with distinctive vocabularies form
tight clusters, whereas the two largest, more generic topics (Medication/Sleep/Tired and
Weight/Nausea/Loss) occupy a more diffuse region of the embedding space.

Topic prevalence is broadly similar across antidepressant- and antihypertensive-related
instances, supporting their representation within a shared topic space. The most notable
differences are clinically plausible: swelling and ankle pain are more prevalent among
antihypertensive-related instances, whereas sexual side effects are more prevalent among
antidepressant-related instances. Overall, the findings indicate that patient forums provide
non-redundant pharmacovigilance evidence, particularly for subjective, psychologically salient,
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and highly specific adverse experiences that are less visible in social-media posts, medical case
reports, and biomedical literature. From a sociotechnical perspective, these differences reflect
how platform structure, documentation purpose, intended audience, and opportunities for ex-
tended narration shape which adverse experiences become visible for computational analysis.

Detection Performance Across Corpora. Table 2 compares zero-shot, few-shot,
QLoRA, and RAG-SIDER configurations across the five corpora. Because the datasets are
generally imbalanced toward Not-ADE, we report F1macro together with ADE-class precision
and recall to distinguish overall classification performance from performance on the clinically
relevant ADE class. Among the evaluated configurations, QLoRA-Llama-3.2-3B obtained the
highest observed F1macro on ADE Corpus V2, SMM4H-2026, and CADEC V2 (0.91, 0.80,
and 0.88, respectively). These three corpora provide more labeled training examples than the
Dutch ADE Corpus and TwiMed-PubMed, suggesting that corpus-specific fine-tuning may be
particularly effective when sufficient in-domain supervision is available. Under these evalua-
tion settings, the compact QLoRA-adapted model performed comparably to or better than
the substantially larger inference-only models evaluated in this study.

RAG-SIDER with Llama-3.1-405B attains the highest F1macro on the Dutch ADE Corpus
and TwiMed-PubMed (0.95 and 0.91), and on the Dutch ADE Corpus achieves an ADE-class
recall of 0.95, indicating high sensitivity to positive ADE instances. Few-shot prompting yields
inconsistent changes relative to zero-shot prompting across corpora, with clear improvements
in some settings and minimal or no benefit in others.

KronosRX external EHR evaluation. Table 3 shows a similar pattern in long-form
English EHR data. On the cardiotoxicity test set, zero-shot Llama-3.1-405B achieved perfect
ADE recall but produced substantial overprediction (PADE = 0.35). Few-shot prompting in-
creased F1macro from 0.54 to 0.68, while the cardiac-specific RAG-SIDER configuration further
increased it to 0.75 and improved PADE to 0.54, with recall remaining 0.86. For neurotoxicity,
seizure-specific RAG-SIDER increased F1macro from 0.58 to 0.64 and precision from 0.27 to
0.31, while recall decreased from 1.00 to 0.92. In KronosRX, the toxicity-specific RAG con-
figurations therefore reduced false-positive predictions while maintaining high sensitivity in
encounter-level EHR evaluation.

Table 2: ADE detection performance across five corpora. Each cell reports F1macro/PADE/RADE.
Results are single-run descriptive estimates. Comparisons across model families and configu-
rations are not statistically controlled because model size, supervision, and retrieval evidence
differ.

Model Configuration ADE Corpus V2 SMM4H-2026 Dutch ADE CADEC V2 TwiMed-PubMed

Llama-3.2-3B Zero-shot 0.51/0.40/0.80 0.55/0.15/0.20 0.62/0.72/0.28 0.65/0.58/0.48 0.70/0.64/0.90

Llama-3.2-3B QLoRA 0.91/0.85/0.82 0.80/0.76/0.53 0.87/0.94/0.75 0.88/0.87/0.83 0.85/0.75/0.77

Llama-3.3-70B Zero-shot 0.67/0.40/0.95 0.73/0.39/0.79 0.83/0.95/0.61 0.70/0.66/0.82 0.88/0.76/0.90

Llama-3.3-70B Few-shot 0.73/0.49/0.86 0.74/0.41/0.80 0.88/0.90/0.70 0.71/0.66/0.80 0.87/0.73/0.89

Llama-3.3-70B RAG-SIDER 0.74/0.50/0.86 0.75/0.42/0.80 0.91/0.87/0.80 0.73/0.66/0.85 0.89/0.78/0.89

Llama-3.1-405B Zero-shot 0.70/0.34/0.97 0.75/0.40/0.85 0.92/0.90/0.89 0.77/0.69/0.87 0.89/0.78/0.89

Llama-3.1-405B Few-shot 0.76/0.49/0.85 0.77/0.45/0.76 0.92/0.89/0.85 0.77/0.69/0.80 0.89/0.78/0.90

Llama-3.1-405B RAG-SIDER 0.78/0.52/0.93 0.78/0.48/0.80 0.95/0.89/0.95 0.80/0.68/0.74 0.91/0.82/0.89

Pacific Symposium on Biocomputing 2027

668



Table 3: Encounter-level KronosRX results (F1macro/PADE/RADE).

Cohort Zero-shot Few-shot RAG-SIDER

Cardiotoxicity (n = 87) 0.54/0.35/1.00 0.68/0.45/0.95 0.75/0.54/0.86
Neurotoxicity (n = 88) 0.58/0.27/1.00 – 0.64/0.31/0.92

Across corpora, the strongest configuration is source-dependent: QLoRA performs best
in several corpora with stronger task-specific supervision, whereas large-model RAG-SIDER
is more competitive when external pharmacovigilance knowledge aligns well with the source
and task. These patterns should not be interpreted as a controlled comparison of adaptation
strategies, because the configurations differ in model scale, supervision, and retrieval evidence.
Direct comparison with prior work is also limited by differences in task formulation and splits
(for example, our ADE Corpus V2 experiments use a leakage-corrected split, and the Dutch
ADE Corpus and CADEC V2 lack established binary baselines). We therefore emphasize
comparisons among configurations evaluated on the same held-out test set within each corpus.

5. Discussion and Limitations

Our results show that data-production context strongly shapes how adverse drug experiences
are expressed and how well they align with curated pharmacovigilance resources. Patient fo-
rums, social media, case reports, EHR notes, and biomedical literature are therefore not inter-
changeable sources of ADE evidence. SIDER coverage varies substantially across corpora, from
91.0% exact matches in TwiMed-PubMed to 9.5% in CADEC V2, reflecting its stronger align-
ment with standardized biomedical terminology than with patient-generated or multilingual
language. Topic analysis similarly shows that CADEC V2 foregrounds subjective and psy-
chologically salient experiences, whereas other sources emphasize broader medication-, sleep-,
tiredness-, and pain-related themes. Model performance reflects these differences. QLoRA-
Llama-3.2-3B performs well when sufficient in-domain supervision is available, whereas RAG-
SIDER with Llama-3.1-405B is more competitive when external drug knowledge aligns with
the source. The KronosRX EHR evaluation shows a related pattern: toxicity-specific RAG
reduced false-positive encounter predictions while maintaining high recall. Together, these
findings suggest that no single adaptation strategy is optimal across data sources; model
design should account for both available supervision and knowledge-base alignment.

Several limitations remain. Comparisons confound model scale and training-set size, use
binary ADE detection and single-run evaluations, and rely on LLM-assisted drug-mention
extraction for some corpora. Repeated runs and confidence intervals were not available; there-
fore, the reported performance differences should be interpreted as descriptive observations
rather than statistically significant differences. Topic estimates are also influenced by the
larger CADEC V2 corpus, while KronosRX was evaluated only with 405B inference configu-
rations rather than a matched 3B fine-tuned model. Future work should use matched model
scales, repeated runs, joint extraction, and long-EHR training strategies such as evidence-
preserving chunking or encounter-aware objectives. More broadly, combining source-sensitive
models with knowledge-grounded retrieval and coverage auditing may help pharmacovigilance
systems capture both documented harms and patient-expressed adverse experiences.
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Left ventricular ejection fraction (EF) is the principal measure of systolic function in pedi-
atric echocardiography, and deep video models now estimate it at accuracy comparable to
expert readers. Pediatric cohorts nonetheless span an order of magnitude in body size, and
reported accuracy is pooled across that range. Body size, rather than age or sex, governs
pediatric cardiac dimensions, and it acts on echocardiograms through geometry rather than
as a scalar offset, yet demographic conditioning in EF regression conventionally encodes it
as a low-dimensional vector combined after spatial pooling.

We present EchoStature, which uses gated fusion to integrate real echocardiograms
with demographically conditioned 3D reconstructions while limiting reconstruction ar-
tifacts. A hierarchical contrastive objective further organizes the latent space by EF
and demographic subgroup. On EchoNet-Pediatric, EchoStature matches the video-
only reference model in overall MAE (4.49) and remains stable when demographic at-
tributes are ablated at inference. However, subgroup analysis reveals substantially higher
error in infants than in children aged 2-5 years (5.79 vs. 3.89 MAE), highlighting age-
dependent performance disparities that are obscured by pooled metrics. Pooled accuracy
therefore conceals clinically meaningful variation, particularly among the youngest pa-
tients, for whom echocardiography is often the only available assessment of ventricular
function. Accordingly, we report subgroup-stratified error for every configuration and ar-
gue that such reporting should be standard in pediatric EF regression. Code availability:
https://github.com/KosarajuBioAI/EchoStature

Keywords: Pediatric echocardiography; Ejection fraction regression; Subgroup performance;
Demographic conditioning; Gated feature fusion; Conditional video generation; Counterfac-
tual analysis; Explainable AI.
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1. Introduction

Left ventricular ejection fraction (EF) anchors systolic assessment, guiding cardiomyopathy
diagnosis, heart-failure staging, and therapy timing. Echocardiography, the frontline cardiac
test in children, is the primary route to EF because it is fast, portable, and free of ionizing
radiation,1,2 but manual estimates are imprecise and vary substantially between readers.1

Pediatric cardiac structure changes rapidly with age, and EchoNet-Pediatric spans this range
with 4,467 studies from 1,958 patients aged 0–18 years.2

EchoNet-Dynamic reached expert-level accuracy (mean absolute error [MAE] 4.1%) by
regressing EF with factorized spatiotemporal convolutions,1,3 and later models refined frame
selection,4 anatomical grounding,5,6 and temporal aggregation.7 Pediatric retraining outper-
formed an adult model (P < .001; MAE 3.66% with two views), yet pooled accuracy hides
subgroup variation: 86% of EchoNet-Pediatric studies have EF ≥55%, and sex, age, and body
habitus are unevenly represented.2 Imbalanced training degrades performance on underrep-
resented groups in classification and cardiac segmentation,8,9 and chest radiograph classifiers
reportedly underdiagnose under-served subgroups,10 though this was later contested. Pediatric
EF regression therefore demands subgroup-stratified reporting.

Body size governs pediatric cardiac dimensions more strongly than age or sex,11 and it
acts spatially, altering chamber size, sector geometry, and the apparent scale of ventricular
motion. Existing fusion does not preserve this: demographic vectors join video features only
after pooling has discarded spatial structure,12 and broadcast vectors stay spatially uniform. In
semantic synthesis, such uniform conditioning washes out with depth, unlike spatially varying
conditioning.13 Feature-wise modulation is a partial remedy but also acts uniformly across
positions,14 and short metadata-to-label routes invite shortcut learning.15

Conditional generation can instead express attributes as image structure,16 in video
through three-dimensional convolutions17 and in echocardiography through D’ARTAGNAN,
which alters EF while preserving patient anatomy and imaging style.18 Generated data, how-
ever, mislead when realism substitutes for utility,19 and generator artifacts inject spurious
correlations,20 so their influence must be limited. Contrastive objectives structure imbalanced
latent spaces,21,22 and Grad-CAM and counterfactual probes test whether predictions rely on
cardiac evidence rather than metadata shortcuts.23–26

These threads converge on design requirements: demographics should reach the encoder as
spatial structure rather than a scalar offset, any generated stream should stay subordinate to
the real acquisition, and the latent space should be organized by both EF and demographic
subgroup. Evaluation should pair parameter-sensitive attribution with controlled demographic
perturbation and report error by subgroup.

2. Methodology

2.1. Overview

EchoStature estimates pediatric EF from an echocardiographic clip, its demographic at-
tributes, and a demographically rendered synthetic clip. The real clip and the synthetic ren-
dering pass through a shared frame encoder, and a learned gate combines their frame-level
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Fig. 1: Overview of the proposed ECHOSTATURE model. The benchmark model estimates
ejection fraction (EF) from a real echocardiography video and demographic embedding,
whereas ECHOSTATURE additionally incorporates a paired synthetic reconstruction through
gated feature fusion to supply a rendered demographic stream.

embeddings before temporal aggregation. Demographic attributes additionally enter as a low-
dimensional embedding concatenated with the pooled video representation, following standard
practice in multimodal EF regression.12 Weight sharing across the two streams keeps them in
a common embedding space and confines the additional parameters to the gating network.
Figure 1 summarizes the architecture.

2.2. Feature representation

Each echocardiographic clip is resized to 128 × 128 pixels, uniformly sampled or zero-padded
to a fixed length of T = 32 frames, and normalized to [0, 1]. Demographic attributes supply
contextual information that the clip does not directly reveal, since acquisition geometry and
chamber scale depend on body size.11 Sex, age bin, and BMI category are encoded as an
11-dimensional one-hot vector comprising two sex categories, five age bins, and four BMI
categories,

d ∈ {0, 1}11, (1)

e = ψ(d) ∈ R32, (2)

Here, d denotes the demographic attribute vector, ψ(·) denotes a lightweight multilayer
perceptron, and e denotes the resulting 32-dimensional demographic embedding. The same de-
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mographic vector conditions the C3DGAN generator, which produces a paired reconstruction
of the real echocardiographic clip, as described below.

C3DGAN. The synthetic clip used by EchoStature is produced by a conditional 3D
reconstruction GAN (C3DGAN). The generator receives the real echocardiographic clip xreal
together with its 11-dimensional demographic vector d, and produces a paired reconstruction

xsyn = G(xreal, d). (3)

The generator therefore reconstructs the observed clip under its matched demographic condi-
tion rather than sampling a clip from latent noise. It operates on grayscale clips of 16 frames
at 64 × 64 and preserves the temporal axis throughout. After generation, each stored recon-
struction is resampled with its paired real clip to T = 32 frames at 128× 128 for EF training.
The checkpoint used here corresponds to epoch 183. EchoStature does not call G during
EF training: it loads the precomputed paired clip and inherits the EF label of xreal.

Generator. G is a 3D U-Net with four encoder levels of 64, 128, 256, and 512 channels. The
demographic vector is mapped by a small MLP to a 128-dimensional embedding and fused
into the video features by projection, broadcast, and 1 × 1 × 1 convolution at the first three
encoder levels and at the bottleneck. Spatial downsampling is used in the encoder while the
temporal length is kept fixed. Residual blocks use 3 × 3 × 3 convolutions with squeeze-and-
excitation channel attention. The decoder uses transposed convolutions, U-Net skips, and a
final tanh to emit a single-channel clip. The saved generator contains approximately 1.07×108

parameters.

Discriminator. The discriminator is a spectral-normalized 3D PatchGAN that scores real
versus reconstructed video and does not take d as a direct input. Four spatial downsampling
stages use 64, 128, 256, and 512 channels; a convolutional head produces patch-level real/fake
scores, and an auxiliary head maps a pooled 512-dimensional representation to an 11-way
demographic prediction. The saved discriminator contains approximately 2.90×106 parameters.

Training and use in EchoStature. Generator and discriminator were trained with Adam at
learning rate 10−4 and β = (0.5, 0.999). The checkpoint stores a single combined loss value and
does not retain the individual loss terms or their weights, so those coefficients are not reported
here. After training, one reconstruction was written for each real clip used by EchoStature;
the EF model therefore sees a fixed paired rendered stream rather than an on-the-fly sample
from G. This stream is the spatiotemporal demographic pathway that the gate in Section 2.3
can admit or suppress; it is complementary to the post-pooling embedding e = ψ(d), which
remains a low-dimensional scalar pathway.

2.3. Architecture and training

Let ϕ(·) denote the frame encoder, comprising a 2D convolutional backbone followed by a
linear projection to dimension df which is the frame-embedding dimension. The same encoder
is applied to corresponding frames of both streams,
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rt = ϕ
(
xrealt

)
∈ Rdf , (4)

r̃t = ϕ(xsynt ) ∈ Rdf , (5)

for t = 1, . . . , T . Frame-wise encoding admits a gate that operates at every time step,
allowing the model to vary its reliance on the rendered stream across the cardiac cycle.

A gating network γ(·) estimates the per-dimension contribution of each stream at every
frame,

ct = [rt; r̃t] ∈ R2df , (6)

gt = σ(γ(ct)) ∈ [0, 1]df , (7)

ft = gt ⊙ rt + (1− gt)⊙ r̃t, (8)

where ⊙ denotes element-wise multiplication and σ(·) denotes the element-wise sigmoid.
Here, rt and r̃t denote the frame-level representations of the real and synthetic streams, re-
spectively, ct is their concatenated representation, gt is the learned gate, and ft is the resulting
fused representation at time step t. The convex form bounds the synthetic contribution and
allows the network to suppress the rendered stream entirely as gt → 1, which limits the prop-
agation of reconstruction artifacts.19

A recurrent temporal encoder τ(·), instantiated as a bidirectional long short-term memory
network with hidden dimension dh per direction, models the dynamics of the fused sequence.
Temporal attention then aggregates the resulting states into a single video representation,

zt = τ
(
ft | {fk}Tk=1

)
∈ R2dh , (9)

at =
exp(w⊤zt)∑T
k=1 exp(w

⊤zk)
, (10)

p =

T∑
t=1

atzt, (11)

where w ∈ R2dh is a learnable attention vector shared across time steps, zt is the bidirec-
tional temporal state at frame t, at is its attention weight, and p is the temporally pooled video
representation. The pooled representation is concatenated with the demographic embedding,
u = [p; e], and passed through a regression head ρ(·) with sigmoid activation,

ŷ = σ(ρ(u)) ∈ [0, 1], ÊF = 100 ŷ. (12)

Here, y is the ground-truth EF divided by 100, so y ∈ [0, 1], and ŷ is the predicted value
on that same scale. ÊF = 100 ŷ is the prediction in percentage points. Training combines
supervised regression with a hierarchical contrastive objective. The regression loss balances
robustness against squared-error optimization,

LEF = (1− wr)Lδ(ŷ, y) + wr ∥ŷ − y∥22, (13)

where Lδ denotes the Huber loss and wr ∈ [0, 1] sets the balance between the two terms.
The contrastive objective operates on the projected video embedding and proceeds in two

Pacific Symposium on Biocomputing 2027

677



Table 1: Summary statistics of the EchoNet-Pediatric cohort.

Characteristic Train Validation

Number of clips 6,227 1,558
EF (%, mean ± SD) 61.1± 10.5 61.4± 9.7
Sex (F/M/O) 2661 / 3561 / 5 653 / 905 / 0
View (A4C/PSAX) 2657 / 3570 613 / 945

F: female; M: male; O: other; A4C: apical four-chamber; PSAX: parasternal short-axis.

stages. The first stage, LH1, treats samples sharing an EF-derived task label as positives,
following supervised contrastive learning.22 The second stage, LH2, refines the representation
by treating samples sharing a demographic subgroup as positives within each EF group, which
counteracts the concentration of pediatric labels in the normal range.2 The combined auxiliary
loss is

LHCL = LH1 + λH2(ϵ)LH2, (14)

where λH2(ϵ) increases with epoch ϵ, so that EF structure forms before subgroup structure
is imposed. The overall objective is

L = LEF + αLHCL, (15)

where α controls the contribution of the hierarchical contrastive objective, LEF is the
supervised regression loss, Lδ is the Huber loss, LH1 is the EF-based supervised contrastive
loss, and LH2 is the demographic hierarchical contrastive loss. The parameter λH2 controls the
contribution of the second contrastive stage and varies with training epoch ϵ. The model is
optimized with AdamW under cosine learning-rate scheduling.

2.4. Benchmark and implementation

We evaluate on EchoNet-Pediatric, which comprises 7,643 apical four-chamber and paraster-
nal short-axis clips drawn from 4,467 studies across 1,958 patients aged 0 to 18 years.2 As a
benchmark reference we train a video-only regression model that shares the frame encoder,
temporal encoder, attention module, and regression head of EchoStature. The two models
do not receive the same input. The reference model observes the echocardiographic clip alone,
whereas EchoStature additionally observes the demographic vector and the synthetic clip
rendered from it. The comparison therefore evaluates supplying demographic context in both
scalar and rendered form against a video-only reference; it does not isolate either form individ-
ually, and under the multi-seed protocol reported in Section 3.2 it does not establish a pooled
accuracy gain. Both models use AdamW, learning rate 3× 10−4, a cosine schedule, batch size
8, the same number of epochs, and the same clip-level split. The contrastive weight is 0.04
for the video-only model and 0.025 for EchoStature, and EchoStature adds the gating
network, so this comparison is not a single-component ablation.
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3. Experiments and results

3.1. Dataset and experimental setup

We evaluate on EchoNet-Pediatric, predicting left ventricular ejection fraction from pediatric
echocardiography videos.2 Each sample comprises a processed grayscale clip acquired in the
apical four-chamber (A4C) or parasternal short-axis (PSAX) view, together with the corre-
sponding EF, sex, age band (0–1, 2–5, 6–10, 11–15, and 16–18 years), and BMI category.
BMI categories are derived from fixed body-mass-index thresholds rather than age- and sex-
specific pediatric percentiles, since percentile references are undefined below two years of age
and the cohort spans patients from birth. The resulting categories stratify patients by raw
body mass index and do not correspond to clinical weight-status definitions. After prepro-
cessing and quality filtering, the cohort contains 7,785 labeled clips, partitioned at the clip
level into 6,227 training and 1,558 validation clips. The validation set is an internal valida-
tion set rather than an external cohort. Because the partition is performed at the clip level,
multiple clips from the same patient may potentially occur across the training and valida-
tion sets. Therefore, the reported validation results should not be interpreted as evidence of
patient-disjoint generalization. Table 1 summarizes the partitions, and all reported results are
obtained on the validation set. Each clip is resized to 128 × 128 pixels, uniformly sampled
to T = 32 frames, and normalized to [0, 1]. EchoStature additionally receives one demo-
graphically rendered synthetic clip for each real clip. The synthetic clip is paired with its real
counterpart and shares the counterpart’s EF label and demographic attributes; it is therefore
treated as demographic-conditioned visual context rather than as an independently labeled
clinical observation, while the video-only reference model observes the echocardiographic clip
alone. Each paired clip was compared with its source clip by structural similarity and peak
signal-to-noise ratio. Across the 7,785 clips used for training and validation, mean structural
similarity is 0.995 and mean peak signal-to-noise ratio is 49.0 dB. This comparison measures
agreement with the source when the generator receives that source and its own demographic
vector. It does not test whether a different demographic vector would change the clip, and it
does not establish clinical realism or clinical validity.

3.2. Overall performance

Table 2 reports regression performance on the validation set. Under seven matched 100-epoch
seeds, EchoStature reaches 4.49 ± 0.04 MAE, 6.17 ± 0.07 RMSE, and R2 = 0.587 ± 0.010,
compared with 4.49±0.05, 6.17±0.06, and 0.588±0.008 for the video-only reference. The pooled
difference is therefore negligible under this protocol. The subgroup analysis that follows shows
that age-group variation remains far larger than this pooled architecture gap.

3.3. Subgroup performance

Table 4 reports MAE (mean ± SD over seven seeds) across sex, age, and body-mass subgroups,
and the variation it reveals exceeds every architectural effect measured in this work. Infants
aged 0-1 years reach 5.79 ± 0.20 MAE against 3.89 ± 0.14 for the 2-5 year group. That differ-
ence of about 1.9 percentage points is far larger than the negligible pooled margin between
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EchoStature and the video-only reference. Where a patient falls in the pediatric age range
therefore affects expected error far more than which model estimates it.

The observed performance gap may reflect characteristics of infant echocardiography, in-
cluding differences in heart rate, chamber size, and the amount of anatomical information
represented at the fixed spatial and temporal resolution used in this study. For example,
higher infant heart rates could cause a fixed 32-frame sample to represent a different portion
of the cardiac cycle than in older patients, while smaller chamber dimensions could occupy
fewer pixels at the fixed input resolution. These factors are plausible explanations for the
observed subgroup difference, but their individual contributions were not directly tested in
the present analysis.

Differences across sex and body-mass strata are smaller than the age gap. Female patients
reach 4.23 ± 0.07 MAE against 4.68 ± 0.07 for male patients, and the underweight stratum
reaches 4.38 ± 0.11 against 5.17 ± 0.15 for overweight. Subgroup counts are unequal, so per-
subgroup estimates carry correspondingly different precision, and the smaller strata warrant
cautious interpretation.

The practical implication is that pooled accuracy misrepresents pediatric performance. A
model reported near 4.49 MAE overall still performs near 5.8 MAE for the youngest patients,
who are also those for whom echocardiography is most often the only available assessment of
ventricular function.2

Reporting a single pooled figure conceals this variation entirely, and it conceals it for the
subgroup least able to tolerate error. Pediatric EF regression therefore warrants subgroup-
stratified reporting as standard practice, independently of the architecture under evaluation.

3.4. Ablation studies

Gated fusion. Table 3 compares variants trained under a matched 100-epoch budget without
the contrastive objective. The three rows share that 100-epoch budget, AdamW, learning rate
3× 10−4, a cosine schedule, batch size 8, the same clip-level split, and a contrastive weight of
zero, and are reported as mean ± SD over five seeds. The real-only and rendered-only rows
use the same video-only network and differ in which clips are supplied. The real-plus-rendered
row uses the EchoStature network, including the gate. Under five matched 100-epoch seeds
without the contrastive objective (Table 3), real-only reaches 4.44 ± 0.07 MAE, real-plus-
rendered reaches 4.46±0.15, and rendered-only reaches 4.66±0.03. The gated stream therefore
does not improve pooled MAE over real-only under this protocol, while rendered-only remains
worse than real video, indicating that the rendered clips retain EF-relevant structure but are
not a substitute for real acquisitions.
Contrastive objective. Under the same 100-epoch budget, the five-seed no-contrastive real-
plus-rendered model reaches 4.46 ± 0.15 MAE (Table 3), compared with 4.49 ± 0.04 for the
seven-seed full EchoStature configuration (Table 2). Because the seed counts differ and
several components change together, these figures do not isolate the contrastive term. The ob-
jective remains part of the full training configuration, and its contribution is not independently
established.
Demographics-only control. Replacing the learned video representation entering the re-
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gression head with zeros, while retaining the demographic embedding, degrades performance
substantially: on a representative checkpoint from the seven-seed protocol in Table 2, MAE
rises from about 4.49 to 7.61 for the video-only reference and from about 4.49 to 10.69 for
EchoStature. This control does not retrain either model. At inference, the pooled video
vector is set to zero and the demographic embedding is left unchanged. Both models therefore
rely predominantly on cardiac video rather than on demographic metadata.
Demographic conditioning.

Table 5 reports inference-time perturbation of the demographic vector with the video
inputs held fixed. Across seven seeds, zeroing the vector raises MAE from 4.49 ± 0.04 to
4.53± 0.04, and shuffling leaves MAE at 4.49± 0.04, so the change is at most about 0.04 MAE.
This perturbation affects only the scalar demographic pathway, since the synthetic clip is
rendered before inference and is unchanged by the manipulation, so the result bounds the
contribution of the post-pooling embedding rather than that of the rendered stream.

3.5. Rendered-stream chamber structure

Pixel-level agreement alone does not establish a coherent beating cavity in the rendered stream.
On 100 random validation pairs, a classical dark-cavity connected-component check detects a
cavity in all 32 frames of every real and rendered clip. Relative area change is 0.65±0.11 (real)
vs. 0.61 ± 0.12 (rendered; Kolmogorov–Smirnov p = 0.054), with associated within-pair ranks
(Spearman ρ = 0.72). Figure 2 summarizes the check. We treat this as image-analysis evidence
of a detectable cavity under paired reconstruction, not as clinical left-ventricle segmentation.

3.6. Model interpretation

Representation structure. Figure 3b(ii) presents UMAP projections of the regressor input
representation, colored by sex, age bin, and body-mass stratum. Partial separation is visible
for sex and age bin. Body-mass strata remain largely intermixed in this projection even when
points are colored by the true weight/height BMI categories, which is consistent with the
coarse threshold-based encoding described in Section 3.1. We present these projections as a
qualitative description rather than as evidence of a learned effect, since demographic attributes
are partly inferable from echocardiograms directly24 and since UMAP geometry depends on
the chosen neighborhood parameters.
Attribution and counterfactual stability.Grad-CAMmaps from both models concentrate
on the imaging sector over cardiac structures rather than off-sector background.25 Figure 3b
shows predictions under controlled perturbation of sex, age bin, and BMI with the video held
fixed. Predicted EF shifts only marginally, consistent with Table 5, while attribution maps
can still change under the same perturbations.

4. Discussion

The dominant source of error variation in pediatric EF regression is the patient, not the
architecture. The difference between the best and worst age subgroups in our experiments is
far larger than the negligible pooled difference between the two models, and infants incur the
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Fig. 2: Chamber structure in paired real and C3DGAN-rendered validation clips used by
EchoStature. (a, b) Dark-cavity area over 32 frames for 100 real clips and their rendered
pairs (thin curves: random subset; black: mean). (c) Radial brightness profile from the cavity
centre. (d) Relative area change versus mean cavity circularity.

Table 2: Overall EF regression on the val-
idation set (mean ± SD over 7 seeds, 100
epochs).

Model MAE↓ RMSE↓ R2 ↑

Video-only 4.49± 0.05 6.17± 0.06 0.588± 0.008
EchoStature 4.49± 0.04 6.17± 0.07 0.587± 0.010

Table 3: Input ablation under a matched 100-
epoch schedule without the contrastive objec-
tive (mean ± SD over 5 seeds).

Input streams Fusion MAE↓ RMSE↓ R2 ↑

Real + rendered ✓ 4.46± 0.15 6.15± 0.28 0.590± 0.037
Real only — 4.44± 0.07 6.07± 0.10 0.601± 0.013
Rendered only — 4.66± 0.03 6.38± 0.07 0.564± 0.010

highest error of any subgroup. Architectural comparison on pooled metrics therefore optimizes
a quantity that obscures the failure mode most relevant to deployment, since a model deployed
across a pediatric service encounters the full age range and performs measurably worse at
one end of it. We report subgroup-stratified error for every configuration in this work and
recommend the practice generally.

Under five matched 100-epoch seeds without the contrastive objective (Table 3), real-plus-
rendered reaches 4.46±0.15 MAE against 4.44±0.07 for real-only, so the gated stream does not
confer a pooled MAE gain in that ablation; rendered-only remains worse at 4.66 ± 0.03. Un-
der seven matched seeds with the full training objective, the pooled MAE of EchoStature
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(a) Grad-CAM comparison.

(b) Counterfactual analysis.

Fig. 3: Interpretability analyses. (a) Grad-CAM attribution maps from the video-only reference
model and EchoStature on subgroup-matched validation clips. (b) Counterfactual analysis
of demographic conditioning. (i) Grad-CAM maps under controlled perturbation of sex, age
bin, and BMI category while the echocardiographic video is held fixed. (ii) UMAP projections
of the learned regressor representation colored by sex, age bin, and BMI category. Sex and
age show partial separation, whereas BMI categories remain largely intermixed.

and the video-only reference are both 4.49, so a pooled architectural advantage is not estab-
lished there either. The convex gate is therefore best read as a mechanism that can admit
complementary rendered information without treating rendered video as a substitute for real
echocardiography, rather than as a source of a confirmed pooled gain.

Demographic attributes contribute auxiliary context rather than dominant signal. Zeroing
the video representation while retaining the demographic embedding raises MAE from about
4.49 to 10.69 on a representative checkpoint, and perturbing the demographic vector at infer-
ence changes MAE by at most about 0.04 across seven seeds. Predictions consequently remain
stable under controlled demographic perturbation, indicating that the model does not sub-
stitute metadata for visual evidence of ventricular mechanics. Attribution maps nonetheless
shift under the same perturbations, so demographic context influences which spatial evidence
the model weights without appreciably altering the resulting estimate. This dissociation be-
tween attribution sensitivity and prediction stability merits closer study, since attribution
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Table 4: Subgroup MAE for EchoStature on the validation set (mean ± SD over 7 seeds).

Subgroup MAE↓ Count

Sex: female 4.23± 0.07 653
Sex: male 4.68± 0.07 905
Age: 0–1 5.79± 0.20 132
Age: 2–5 3.89± 0.14 220
Age: 6–10 3.94± 0.13 394
Age: 11–15 4.53± 0.06 480
Age: 16–18 4.97± 0.12 332
BMI: underweight 4.38± 0.11 749
BMI: normal 4.44± 0.06 543
BMI: overweight 5.17± 0.15 159
BMI: obese 4.51± 0.20 107

Table 5: Demographic conditioning ablation for
EchoStature (mean ± SD over 7 seeds).

Mode MAE↓ MSE↓ RMSE↓ R2 ↑

Normal 4.49± 0.04 38.12± 0.91 6.17± 0.07 0.587± 0.010
Zero 4.53± 0.04 39.09± 1.04 6.25± 0.08 0.576± 0.011
Shuffle 4.49± 0.04 37.98± 0.84 6.16± 0.07 0.589± 0.009

alone would suggest a stronger demographic dependence than the predictions exhibit.
Several limitations constrain these conclusions. Evaluation uses a fixed clip-level partition

that does not guarantee patient-disjoint generalization, and model selection uses the same vali-
dation set. Main-model and demographic-perturbation results are reported as mean ± SD over
seven seeds, and the matched no-contrastive input ablation as mean ± SD over five seeds, all on
a single cohort; generalization across acquisition protocols remains untested. The comparison
contrasts demographic-aware gated fusion against video-only regression, and it therefore does
not isolate the contribution of the rendered stream from that of the demographic embedding.
A no-contrastive configuration was trained under the same 100-epoch budget and summarized
over five seeds, but because that protocol still differs from the seven-seed full model in more
than the contrastive weight alone, the contribution of that objective remains unisolated. BMI
categories rely on fixed thresholds rather than pediatric percentiles, which limits the granular-
ity of body-size conditioning, and a percentile-based or continuous body-surface-area encoding
would likely provide a stronger signal.11 Grad-CAM and counterfactual analyses probe behav-
ior without establishing clinical reliability, and expert evaluation and uncertainty estimation
remain necessary. The dark-cavity connected-component check on real–rendered pairs likewise
remains an image-analysis measurement rather than clinical left-ventricle segmentation.

The most consequential direction is to reduce error where it is largest. The higher in-
fant error may be related to fixed-length, fixed-resolution encoding applied to a population
with high heart rates and small chambers, but those mechanisms were not directly tested.
Adaptive temporal sampling or resolution scaled to body size is therefore a hypothesis for
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later experiments, rather than an established remedy. Whether accuracy and demographic
independence trade off in pediatric EF regression is a second open question, and answering it
requires perturbation analyses applied across architectures rather than to a single model.

Future evaluation should use patient-disjoint training, validation, and test partitions, so
that performance reflects generalization to patients not seen in training. Validation on larger
external cohorts, preferably from more than one center and acquired under different proto-
cols, is also needed to determine whether the age-group error pattern and the gated-fusion
comparison hold beyond EchoNet-Pediatric.

5. Conclusion

We presented EchoStature, a pediatric EF regression model that fuses each real acquisition
with a paired demographic-conditioned reconstruction through a learned gate. Under multi-
seed evaluation the pooled difference from the video-only reference is negligible, and predic-
tions remain stable under controlled demographic perturbation. Subgroup-stratified evaluation
reveals larger variation across pediatric age groups than between architectures, with infants
incurring the highest error. Pediatric EF regression therefore warrants subgroup-stratified re-
porting as standard practice, since pooled accuracy conceals precisely the population for which
echocardiography is most often the only available assessment of ventricular function.
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