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Abstract

Understanding heterogeneity in disease pro-
gression from longitudinal electronic health
records (EHRs) remains challenging due to ir-
regular temporal sampling, missing data, and
unstructured clinical narratives. We present
an empirical framework that integrates QA-
based abstraction of clinical notes with mul-
timodal temporal representation learning to
study progression-aware patient representa-
tions. By aligning structured physiologi-
cal measurements and interpretable seman-
tic signals derived from clinical narratives,
the framework induces admission-level tra-
jectory representations under temporal irreg-
ularity. Using a sepsis cohort from MIMIC-
III, we analyze latent trajectory groupings in
the learned representation space and charac-
terize their progression patterns, outcomes,
and early predictability. Our findings sug-
gest that QA-based abstraction of clinical text,
when combined with temporal multimodal
modeling, yields more coherent and clinically
aligned trajectory representations than exist-
ing baselines. The code and data are available
at https://github.com/anonymous-2344/
clinical_trajectory_phenotype.

1 Introduction

In healthcare, the shift toward personalized and
evidence-based care has underscored the impor-
tance of understanding heterogeneity in clinical
trajectories among patients with the same diagno-
sis during hospitalization (Johnson et al., 2021;
Wang et al., 2021). Characterizing such clinical
trajectories is essential for capturing heterogeneity
in disease progression, enabling early risk strat-
ification, and supporting interpretable modeling
of disease dynamics that can inform prognosis,
treatment strategies, and timely intervention. The
widespread adoption of electronic health records
(EHRs) provides rich longitudinal data capturing
patient evolution through both structured physio-

logical measurements and unstructured clinical nar-
ratives (Cheng et al., 2016; Alaboud et al., 2023;
Jana et al., 2022a). However, modeling disease
progression from EHRs remains challenging due to
irregular temporal sampling, pervasive missingness,
and the complex interactions between numerical
signals and free-text documentation (Kim et al.,
2023). Effectively characterizing clinical trajecto-
ries therefore requires representation learning ap-
proaches that can integrate multimodal longitudinal
data while explicitly preserving temporal dynamics
and clinically aligned variation across patients.
Early studies on disease progression modeling
predominantly adopted pathway-based and process-
oriented frameworks to extract common clinical
pathways Seoane et al., 2014; Zhang et al., 2015;
Aisen et al., 2017; Arias et al., 2020. Subsequent
work incorporated probabilistic modeling, visual
analytics, and data-driven approaches to analyze
progression dynamics, risk factors, and stage tran-
sitions across diverse diseases Kwon et al., 2020;
Zhou et al., 2020; Vesga et al., 2021; Nenova and
Shang, 2022; Nagamine et al., 2022. More recently,
phenotype discovery methods have shifted toward
representation learning, but have largely focused
on stratifying patients by disease labels, rather than
capturing heterogeneity in progression among pa-
tients with the same diagnosis. These approaches
commonly rely on unsupervised factorization or
topic modeling to identify latent patient groups
from co-occurring diagnoses, procedures, and lab-
oratory measurements (Afshar et al., 2020; Becker
et al., 2023; Ahuja et al., 2022; Wang et al., 2024),
with more recent extensions incorporating temporal
information by clustering learned patient represen-
tations (Wang et al., 2025; De Freitas et al., 2021;
Kauffman et al., 2025). Despite these advances,
most existing methods rely predominantly on struc-
tured physiological parameters and underutilize un-
structured clinical narratives that encode high-level
semantic context critical for understanding disease
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progression (Dey et al., 2023). Moreover, they of-
ten overlook irregular temporal sampling and per-
vasive missingness, both of which are inherent to
real-world EHRs.

To address these limitations, we propose a uni-
fied framework for learning progression-aware rep-
resentations from multimodal longitudinal EHR
data and identify clinical trajectory phenotypes.
Our main contributions are summarized as follows:

* We propose a QA-based abstraction of clinical
narratives that transforms free-text notes into
structured, interpretable semantic signals for
longitudinal modeling.

* We develop a multimodal temporal represen-
tation learning framework that aligns QA-
derived text abstractions with irregularly sam-
pled physiological measurements.

* We empirically demonstrate that jointly mod-
eling temporal dynamics and QA-based
text abstractions yields more coherent and
outcome-aligned trajectory representations
than unimodal or non-temporal baselines.

* We present a case study on a sepsis co-
hort from MIMIC-III to analyze latent tra-
jectory structure and assess early trajectory
predictability.

We position this work as a empirical study focused
on representation learning and trajectory structure,
rather than on definitive clinical phenotype discov-
ery.

2 Related Works

Temporal Representation Learning of EHRs

EHRs offer rich longitudinal signals for diagnosis,
outcome prediction, and progression modeling,
yet their high dimensionality, irregular sampling,
and pervasive missingness challenge conventional
models (Kim et al., 2023; Getzen et al., 2023).
Early temporal EHR representations leveraged
continuous-time formulations, such as latent
ODEs and initial value problem—based models,
to handle irregular sampling (Rubanova et al.,
2019; Xiao et al., 2024). Subsequent approaches
incorporated time-aware and personalized RNN
to capture inter-visit intervals and patient-specific
physiological trends (An et al., 2023; Al Olaimat
et al., 2024). More recent studies have explored
transformer-based architectures, introducing

event-based encoders and temporal self-attention
mechanisms to model irregular clinical trajectories
without relying on dense imputation (Karami et al.,
2024; Song et al., 2025; AlSaad et al., 2024).
While these approaches advance temporal model-
ing of structured EHR data, most focus solely on
numerical time series, with only a few recent works
jointly modeling structured measurements and
clinical narratives in a temporally aligned manner,
leveraging multimodal encoders and cross-modal
attention to enrich patient representations (Zhang
et al., 2023; Ma et al., 2024).

Phenotype Discovery from EHRs

Prior works on EHR-based phenotype discovery
relied on unsupervised matrix and tensor factor-
ization to identify latent patient groups, model-
ing phenotypes as low-rank structures that capture
co-occurrence patterns among diagnoses, proce-
dures, and laboratory measurements (Afshar et al.,
2020; Becker et al., 2023). Subsequent approaches
adopted probabilistic topic models, representing
phenotypes as latent topics over multimodal clini-
cal features, with hierarchical extensions enabling
the discovery of subphenotypes at multiple levels of
granularity (Ahuja et al., 2022; Wang et al., 2024).
More recent studies incorporate longitudinal infor-
mation for learning latent patient representations
in a self- or unsupervised manner to infer disease
phenotypes, shifting the focus from static disease
states to progression-oriented phenotypes (Estiri
et al., 2021; Wang et al., 2025; De Freitas et al.,
2021; Kauffman et al., 2025). Despite these ad-
vances, most existing approaches largely overlook
unstructured clinical narratives and rich temporal
dynamics, limiting their ability to discover inter-
pretable, clinical trajectory-aware phenotypes from
multimodal longitudinal EHRs.

3 Problem Formulation

In a multimodal EHR setting, each patient hos-
pitalization h is observed as a heterogeneous
longitudinal trajectory from admission to dis-
charge. Specifically, an episode is represented
by (i) static demographic features dj, (ii) a se-
quence of structured physiological measurements
Sh = {(si,t:)}2, with s; € RE, and (iii) a
temporally aligned sequence of free-text clinical
notes Ny, = {(ni,t;) Z-T:hl. At each timestamp ¢;,
these modalities form a multimodal observation
m; = (dp,si,ni,t;), yielding a hospitalization
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Figure 1: Schematic overview of proposed framework for learning progression-aware admission representation and

clinical trajectory phenotypes discovery.

trajectory My, = (mq,...,mp,). We study co-
horts sharing the same primary diagnosis so that
observed variability primarily reflects differences
in disease progression rather than etiology.

Our primary goal is to learn a progression-aware
representation of each hospitalization trajectory.
We assume that each trajectory is governed by
one of K latent clinical trajectory phenotypes, de-
noted by z, € {1,..., K}, corresponding to dis-
tinct patterns of temporal evolution in multimodal
clinical signals. Using the learned trajectory em-
beddings, phenotype discovery is performed by
grouping admissions with similar progression dy-
namics, inducing phenotype assignments 2. As
a downstream evaluation of representation quality,
we additionally consider early phenotype predic-
tion. Given only a prefix of the trajectory up to time
t (e.g., the first 48 hours), My, <; = (mq,...,my),
the objective is to predict the phenotype associ-
ated with the full hospitalization by estimating
f¢) : Mh,gt — P¢(Zh ’ Mh,gt)-

4 Methodology

We propose a multimodal representation learning
framework (Figure 1) that models clinical trajec-
tories from EHRs by jointly encoding unstruc-
tured clinical narratives and structured physiolog-
ical measurements. At each timestamp, textual
notes and laboratory or vital signals are aligned
and fused into a unified clinical state representa-
tion, and aggregated with a Temporal Transformer

to capture irregular progression dynamics, yielding
progression-aware representations for latent clini-
cal trajectory phenotype inference. The framework
components are detailed in the following subsec-
tions.

4.1 Encoding Clinical Notes

Prior work on clinical outcome prediction typ-
ically encodes clinical notes using transformer-
based models such as ClinicalBioBERT (Jana et al.,
2022b,a). While effective at capturing lexical
and contextual nuances (e.g., distinguishing severe
from mild pain), the resulting dense embeddings
are largely opaque and difficult to interpret, limiting
clinical trust. In contrast, entity-based representa-
tions are interpretable but often sparse and brittle,
failing to capture subtle yet clinically important
semantic distinctions (Jana et al., 2025).
To illustrate this limitation, consider the follow-

ing nursing note snippets:

“Patient febrile, tachypneic, RR 28-30, warm to

touch. Complains of chills and feeling weak.

Maintained on 3L nasal cannula with SpO2 91—
93%. Alert but tired. ..”

“Patient reports new abdominal discomfort. Mild
tachypnea. On 3L nasal cannula with SpO2
around 92-94%. Urine output normal. ..”

“Patient appears lethargic and intermittently con-
fused. On 3L nasal cannula, SpO2 89-92%. Skin
cool. BP trending low...”

Although all three patients receive similar
oxygen support (3L nasal cannula), their under-
lying clinical states and progression risks differ



substantially. Simple entity extraction would
produce nearly identical representations, obscuring
differences in infection severity, hemodynamic
instability, and disease evolution. In contrast,
a targeted question such as “Does the patient
continue to exhibit fever despite receiving oxygen
support?” directly probes a clinically salient signal
and distinguishes these trajectories. Motivated by
this, we adopt a contrastive question—answering
framework inspired by CQG-MBQA (Sun et al.,
2024), in which a large language model(LLM)
generates discriminative question—answer pairs to
yield interpretable, fine-grained note embeddings
for downstream trajectory modeling.

Contrastive Question Generation
Clinical notes are encoded via binary question—
answer abstractions using a contrastive question
generation framework. To induce contrastive su-
pervision, each note is first mapped to a weakly
structured, interpretable representation: a ternary
entity vector e € {—1,0, 1}/ obtained by extract-
ing clinically salient entities (e.g., diseases, symp-
toms, procedures, medications) with a LLM, where
values indicate affirmative, negated, or absent men-
tions (Appendix B). These entity representations
are clustered into semantically coherent groups that
serve as anchors for question generation. For each
cluster, we sample positive notes from clusters,
hard negatives from neighboring clusters, and easy
negatives from distant clusters. A LLM is then
prompted to generate binary clinical questions that
elicit consistent responses for positives and con-
trasting responses for negatives (Appendix C).
LLM-generated questions often exhibit semantic
redundancy or inconsistent responses across posi-
tive samples. To remove near-duplicates, questions
are embedded using the all-mpnet-base-v2 sentence
transformer and clustered via cosine similarity, re-
taining a single canonical representative per cluster.
The remaining questions are scored for discrimina-
tive quality. Let V,, denote the positive set and N},
N, the hard and easy negative sets. Given binary
LLM answers a(q,n) € {0, 1}, we define:

ap(q) = 1[En, la(g, n)] > 0.5]
(

J]

Cinter(Q) = EHNNhUNe [H a(Q7 n) 7& &p(Q)H

The final discriminative score is S(q) =
Cintra(q) Cinter (q), and questions with S(g) > 0.8
are retained.

Answerability-Aware Question Answering
Directly answering all note-question pairs with
a LLM is computationally infeasible: in our set-
ting, over 8,000 clinical notes and 2,000 questions
yield ~16M pairs. We therefore adopt a two-stage
answerability-aware framework. An answerabil-
ity gating model first filters unanswerable note-
question pairs, followed by a polarity model that
predicts binary answers for the remaining pairs,
substantially reducing inference cost while preserv-
ing semantic fidelity.

Not all contrastive questions are answerable
from every note, as clinical documentation may
omit required evidence (e.g., a note without men-
tion of urine output cannot answer “Is urine output
low?”). To explicitly model such missing infor-
mation, the gating model encodes the note and
question using BioClinical BERT and assesses an-
swerability via cosine similarity, augmented with
overlap between extracted clinical entities. A pair
is deemed answerable if the similarity exceeds a
threshold (e.g., 0.7) or if at least one relevant entity
overlaps, filtering out approximately 20-30% of
pairs. Full details are provided in Appendix D.

The polarity model is initialized from Clinical-
BERT (Alsentzer et al., 2019) and fine-tuned as a
three-class classifier with labels {1, —1,0} corre-
sponding to Yes, No, and Cannot Answer. Despite
gating, some pairs remain ambiguous, motivating
the explicit Cannot Answer class. Training uses a
curated subset of LLM-annotated pairs formatted
as [CLS] Question [SEP] Note [SEP], with the
[CLS] representation fed to a classification head.
The model is optimized with cross-entropy loss
and achieves a macro-F1 of 80% on a held-out set.
For more details on training and evaluation, see
Appendix E. Finally, we infer answers for all an-
swerable pairs to construct QA-based note embed-
dings. For a note n, the embedding over retained
questions Q is defined as

E, = <Z(Q)>QEQ7 l(Q) € {_1707 1}

where [(q) denotes the predicted polarity. This
yields an interpretable note representation that en-
codes clinically aligned distinctions and serves as
input to downstream modeling.

4.2 Cross-Modal Clinical State
Representation

We represent each hospitalization as a sequence
of timestamped observations t = 1,...,7T consist-



ing of unstructured clinical notes and structured
physiological measurements. The goal is to learn a
unified, timestamp-level clinical state embedding
that jointly captures both modalities under irreg-
ular sampling and missingness. At timestamp £,
clinical notes are now encoded as QA-based em-
beddings Eff) € RP». Structured data comprise
a set of clinical parameters P, which are irreg-
ularly observed. To avoid heuristic imputation,
each parameter p € P is represented as a triplet
(vt.p, My p, Aty ), Where vy 5, is the observed value
(or 0 if missing), my , € {0, 1} indicates presence
mask, and At;, denotes time since last observa-
tion. Missing notes are handled analogously via a
note-presence mask mg ),

Each structured parameter is encoded indepen-
dently with a shared MLP,

D
Stip = fstruct(vt,p7 mt.p, Att,p) € R™s

yielding a parameter-level representation S; =
[St1,...,8,p). In parallel, the note embedding
is projected and decomposed into M latent context
vectors Cy = [¢t1,...,Ct M € RMxD capturing
multiple semantic aspects of the narrative.

To align structured measurements with textual
evidence, we apply cross-modal attention with
structured parameters as queries and note contexts
as keys and values: §;;, = CrossAttn(s,, Cy),
allowing each parameter to selectively retrieve
relevant semantic information from the note.
Parameter-wise attention weights oy, are then
learned to aggregate note-conditioned parameters
into a structured summary,

P
(t) _E : z
Estruct - Qtp Stp
p=1

Finally, the note and structured summaries are
fused to produce the cross-modal clinical state em-
bedding,

B = fruse ((EY; D)) € RP

The model is trained with a self-supervised con-
sistency objective that aligns the fused representa-
tion with available modalities:

Lnote = E m
Ltruct = E m

L= Enote + £struct

1 — snn(E(t) E(t)))

final®

(1 —sim(ED | EQ.Q)

where m( ) indicates the presence of any structured
measurement at ¢ and sim(-) denotes cosine simi-
larity function.

4.3 Temporal Transformer for Disease
Progression Modeling

Given an admission a with T, clinical timestamps,
each timestamp ¢ € {1,...,T,} is represented by
)

S

a cross-modal clinical state embeddmg Ef(mal "

RP. The admission trajectory is modeled as

t T,
Xy = (B 0 mD, At}
where m{! € {0, 1} denotes observation availabil-

ity and Atg) is the elapsed time since the previ-
ous observed timestamp. Our goal is to aggregate
these irregular, partially observed sequences into a
fixed-dimensional progression representation. To
explicitly encode temporal irregularity and miss-
ingness, each timestamp embedding is augmented
with learnable time and mask embeddings,

20 = ED L+ (A + p(m®)

where ¢(-) is a learnable time embedding and

¥(-) encodes observation presence. Given
sequence 7, = {za t °, we apply a
stack of Transformer encoder layers: H, =

TransformerEncoder(Z,, M,), where M, is a

key-padding mask derived from {m((lt)}. Unlike
standard Transformers, we omit absolute positional
embeddings, relying on learned temporal encod-
ings to model irregular sampling.

A learnable attention pooling mechanism aggre-
gates the Transformer outputs H, = {hgt)} into an
admission-level progression embedding &,:

T ) )

‘. _Za e
YL exp(h) q)m

where ¢ € R” is a learnable query vector.

The Temporal Transformer is trained in a fully
self-supervised manner using two complementary
contrastive objectives. First, a prefix-to-full tra-
jectory loss encourages early clinical states to be
predictive of overall disease progression. For a
mini-batch of B admissions, let E(Sp ) denote the
embedding of a prefix subsequence of admission a,

the loss is defined as

:
o e o)

B

[,pf = —éZlO

D Y exp(Slm(

)/T)
' &)/7)

exp(sun(




where sim(+) denotes cosine similarity and 7 is a
temperature.

Second, to improve robustness to irregular sam-
pling, we generate two stochastic temporal augmen-
tations of each admission by randomly dropping
timestamps and perturbing temporal gaps. Let 5,51)
and 5}52) be the corresponding embeddings, the
augmentation loss is defined by

B

1 exp(sim(gél) , &(LZ))/T)
Lag = B ZIO B - (1) ¢(2)
a=1 > b1 exp(sim(&y & )/T)

The final training objective is £ = Ly +
Aaug Laug, Where \gyg balances trajectory predic-
tiveness and robustness to temporal irregularity.

4.4 Trajectory Phenotype Inference

Latent clinical trajectory phenotypes are inferred
by performing fully unsupervised clustering over
admission-level progression embeddings &, for all
admissions a € A. Each phenotype corresponds to
a distinct pattern of disease progression over hos-
pitalization, integrating multimodal signals from
clinical narratives and physiological measurements.
Prior to clustering, embeddings are standardized
via z-score normalization and projected using prin-
cipal component analysis (PCA) to reduce noise
and improve clustering stability. We apply HDB-
SCAN (Mclnnes et al., 2017) on projected embed-
dings to identify intrinsic trajectory phenotypes
without pre-specifying their number. HDBSCAN
discovers dense regions in the embedding space
as phenotypes while assigning sparse or unstable
points to a noise set, capturing rare trajectories.
Formally, the admissions are partitioned into phe-
notype clusters {P1, ..., Pk} and a set of atypical
trajectories Py.

S Experiments

Dataset We evaluate our framework on a cohort
of 1,660 sepsis-related hospital admissions derived
from MIMIC-III v1.4, a large publicly available
clinical database (Johnson et al., 2016). Among
clinical narratives, we utilize nursing progress
notes, which are recorded at high temporal fre-
quency and provide comprehensive documentation
of patients’ evolving clinical status. In addition,
we extract 27 irregularly sampled vital sign and
laboratory variables selected from established
sepsis severity scores (SOFA, gSOFA, and SIRS),
supplemented with commonly monitored inflam-
matory, metabolic, renal, hepatic, and hematologic

markers recommended in sepsis management
guidelines (see full list in Appendix I-Table
6). Hospitalizations shorter than 48 hours are
excluded to ensure sufficient temporal context
for progression modeling and early phenotype
prediction. Summary statistics of the cohort are
reported in Appendix A-Table 3. See Appendix H
for detailed experimental setup. Next, we present
a comprehensive evaluation of the proposed
framework across three core aspects: (i) quality of
learned representations, (ii) clinical characteristics
of inferred trajectory phenotypes, and (iii) early
phenotype prediction as a downstream probing
task. Collectively, these analyses examine the
model’s representational robustness, clinical
interpretability, and practical applicability.

Representation Quality Analysis Primarily,
30,360 nursing progress notes are extracted and
consolidated into daily notes by concatenating mul-
tiple entries per hospital day. Using the proposed
note encoding pipeline, we construct 2,424 dis-
criminative contrastive questions spanning disease
states, comorbidities, symptoms, interventions, and
progression patterns (examples in Appendix J,
Fig. 6). The answerability gate identifies approx-
imately 10M answerable note—question pairs, of
which 132K are annotated with LLM-generated
labels to train the polarity classifier. The trained
model infers answers for all answerable pairs, pro-
ducing QA-based note embeddings (statistics in
Appendix F, Table 4). These embeddings are fused
with structured vital and laboratory measurements
and aggregated by the temporal transformer to yield
admission-level trajectory representations.

We assess representation quality prior to
phenotype inference, focusing on structural
organization, temporal coherence, and clinical
relevance. Figure 2 presents UMAP visualizations
of admission-level embeddings under different
representation learning variants in ablation study.
Embeddings are visualized using two complemen-
tary clinical annotations length-of-stay bins and
in-hospital mortality. The results indicate that
jointly modeling clinical text and structured signals
with explicit temporal dynamics produces the
most coherent and clinically aligned embedding
structure, supporting the suitability of the learned
representations for unsupervised clinical trajectory
phenotype inference.
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Figure 3: Normalized temporal trajectories of four key
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Clinical Trajectory Phenotypes Using the
learned admission-level progression embeddings,
we infer latent clinical trajectory phenotypes via
fully unsupervised HDBSCAN clustering, yielding
16 distinct progression groups and automatically
isolating 0.2% of admissions as noise correspond-
ing to rare or atypical trajectories. Figure 5 (Ap-
pendix G) presents a UMAP visualization illustrat-
ing clear separation among progression patterns. A
global characterization of each phenotype includ-
ing cohort size, baseline demographics, outcome
severity, and dominant clinical features, is summa-
rized in Table 1.

To derive interpretable phenotype-level descrip-
tors, we temporally aggregate QA-based note
embeddings by averaging question-level polarity
responses across hospitalization days, yielding
trajectory-level QA profiles that capture the persis-
tence and directionality of salient clinical signals.

2 10 2
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physiological variables across four clinical trajectory

This analysis reveals substantial heterogeneity in
disease severity and outcomes across phenotypes.
Notably, phenotypes P0, P5, and P6 are associ-
ated with the highest mortality rates and prolonged
hospital stays, with PO representing the most ad-
verse progression pattern.

We analyze phenotype-specific temporal dynam-
ics using structured physiological variables. Fig-
ure 3 shows normalized trajectories of representa-
tive markers (creatinine, WBC, SpO-, and MAP)
across four major phenotypes. To mitigate bias
from irregular sampling, trajectories are normal-
ized per admission relative to each patient’s first ob-
servation, emphasizing within-patient trends. Anal-
ysis is limited to the first 10 hospital days, where
phenotype divergence is most pronounced. The re-
sults reveal heterogeneous recovery patterns, rang-
ing from rapid normalization of inflammatory and
renal markers to persistent dysregulation with di-



Table 1: Summary statistics of inferred clinical trajectory phenotypes (P).

P N (%) Age LOS (days) Mortality Dominated
median [IQR] median [IQR] (%) Clinical Characteristics
PO 195(11.7)  67.0[55.0, 78.0] 9.0[6.0, 13.0] 5.6 Sepsis with fungal and GI complications
P1 278(16.7)  73.5[61.0, 83.0] 11.0[7.0, 19.0] 36.0 Delayed recovery with cardiac abnormalities
P2 143(8.6) 65.0[49.5, 78.0] 6.0[5.0, 8.0] 1.4 Improving sepsis with renal dysfunction
P3 184(11.1)  66.0[53.0, 79.0] 9.0[7.0, 13.0] 33 Improving sepsis with multi-organ recovery
P4 130(7.8) 66.0[53.2, 78.0] 7.0[5.0, 9.0] 4.6 Sepsis recovery with acute renal failure
P5 281(16.9) 71.0[59.0, 80.0] 14.0[7.0, 13.0] 39.9 Delayed recovery after severe sepsis
P6 40(2.4) 65.5[59.8, 78.2] 3.0[3.0, 3.0] 40.0 Worsening septic shock, multi-organ failure
P7 38(2.3) 65.0[50.5, 80.0] 4.0[4.0, 4.0] 13.2 Infection resolution with hepatic recovery
P8 53(3.2) 71.0[57.0, 80.0] 5.0[5.0, 5.0] 15.1 Metabolic recovery during sepsis
P9 40(2.4) 70.5[57.8, 84.0] 6.0[6.0, 6.0] 15.0 Severe sepsis with multi-organ dysfunction
P10 37(2.2) 65.0[59.0, 79.0] 7.0[7.0, 7.0] 5.4 Resolving sepsis with renal-metabolic issues
P11 32(1.9) 72.0[65.8, 81.2] 8.0[8.0, 8.0] 6.2 Systemic recovery after multi-organ failure
P12 22(1.3) 68.5[62.2, 83.5] 9.0[9.0, 10.0] 4.5 Respiratory dysfunction during recovery
P13 20(1.2) 65.5[51.5,83.5] 10.0[10.0, 10.0] 15.0 Renal recovery with respiratory dysfunction
P14 25(1.5) 72.0[65.0,81.0] 11.0[11.0, 11.0] 4.0 Multi-organ recovery with neurologic improvement
P15 95(5.7) 66.0[53.0, 76.5] 15.0[13.0, 21.0] 13.7 Stable sepsis with liver dysfunction
Noise 47(2.8) 67.0[55.0, 78.0] 18.0[9.5, 29.0] 10.6 Atypical trajectories
st frltion. Diseases / Symptoms Table 2: Early trajectory phenotype prediction perfor-
low urine [ mance.
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Figure 4: Heatmap visualization of phenotype PO.

vergent hemodynamic and oxygenation trends. To
further assess interpretability, we visualize proto-
type clinical trajectories using QA-based semantic
signals; Figure 4 summarizes the temporal preva-
lence of dominant conditions, procedures, and med-
ications for phenotype P0.

Early Phenotype Prediction

Early trajectory prediction is used as a probing task
to evaluate whether early clinical signals encode
information consistent with later trajectory struc-
ture, rather than as a standalone clinical objective.
Prefix embeddings constructed from the first 48
hours of hospitalization are used to predict inferred
trajectory phenotypes via a lightweight MLP classi-
fier. Table 2 reports performance across embedding

Model (Inputs) Accuracy Macro-F1
GPT-5 (Notes) 0.45 0.29
Clinical BERT (Notes) 0.49 0.25
Clinical BERT + temporal 0.51 0.31
Our Model (Note) 0.51 0.48
Our Model (Structure) 0.55 0.50
Our Model (crossmodal) 0.76 0.61

variants using Accuracy and macro-F1 to account
for class imbalance. Results show that prevalent
phenotypes are often identifiable from early signals,
whereas rarer phenotypes remain difficult to predict
within the first 48 hours. This disparity indicates
that early data captures coarse progression trends,
while finer-grained trajectory distinctions emerge
later or require additional temporal context.

6 Conclusion

In this paper, We present a multimodal represen-
tation learning framework for modeling disease
progression from irregular longitudinal EHRs by
integrating QA-based abstractions of clinical narra-
tives with time-aware modeling of structured data.
Experiments on a sepsis cohort from MIMIC-III
show that jointly capturing interpretable semantic
signals from text and explicit temporal dynamics
yields more coherent and progression-aware tra-
jectory representations. The resulting trajectory
groupings are data-driven and serve to reveal pro-
gression structure in learned representations rather
than define validated clinical phenotypes.



7 Limitations

Our proposed note encoding pipeline relies on
LLM at multiple stages, including contrastive ques-
tion generation, primary note abstraction, and the
construction of labeled data for training the an-
swer polarity model. While this enables scalable
and interpretable representation learning, it also
introduces dependence on LLLM behavior, includ-
ing potential hallucinations or inconsistencies. In
the current work, we do not incorporate explicit
human-in-the-loop validation or automated quality
control mechanisms for assessing the reliability of
LLM-generated questions and annotations, which
we leave to future work.

Also, the inferred clinical trajectory phenotypes
are discovered in a fully unsupervised manner and
are evaluated primarily through quantitative out-
comes and qualitative signal analysis. Determining
whether these trajectory groupings correspond to
clinically actionable or meaningful phenotypes ulti-
mately requires expert clinical validation, which is
beyond the scope of this study. Finally, our experi-
mental evaluation is conducted on a single disease
cohort (sepsis) derived from MIMIC-III. Although
the proposed framework is disease-agnostic, addi-
tional validation across diverse clinical conditions
and healthcare settings is necessary to assess its
generalizability and robustness.
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Table 3: Summary statistics of the sepsis cohort derived
from MIMIC-IIIL.

Statistic Value

# patients 1,518

# hospital admissions 1,660

Age (mean = std) 66.9 + 16.4
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A Dataset Statistics

Table 3 summarizes key statistics of the dataset
used in our experiments.

B Entity-Based Note Embedding

As a weakly structured representation for induc-
ing contrastive supervision in question generation,
we construct an entity-based embedding of clini-
cal notes that captures semantically salient clinical
content while remaining interpretable. For each
nursing progress note, we extract clinically rele-
vant entities spanning three categories: (i) diseases
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and symptoms, (ii) implemented therapeutic pro-
cedures, and (iii) administered medications. En-
tity extraction is performed using the LLaMA-3.1-
8B-Instruct model (Grattafiori et al., 2024) via a
carefully designed prompt to ensure faithful, non-
hallucinatory extraction.

To explicitly capture clinical negation, which is
pervasive in clinical narratives (e.g., “denies chest
pain”, “no history of shortness of breath’), the
model is instructed to prefix negated mentions with
neg_, treating affirmative and negated concepts as
distinct entities. This preserves clinically aligned
polarity information critical for downstream con-
trastive learning.

Prompt Template for Clinical Entity Ex-
traction

Task Description: You are an expert clin-
ical text analyzer. Extract only the enti-
ties explicitly mentioned in the given nurs-
ing note. Do not infer or assume informa-
tion beyond the text. Entities to extract:
1. Diseases/Symptoms: - Include disease
names, symptoms, and any abnormalities
mentioned. - If a symptom or condition is
explicitly stated as absent or negative for
the patient, prefix it with "neg_". 2. Im-
plemented Procedures: - Include only thera-
peutic or surgical procedures performed or
planned (e.g., intubation, catheter insertion,
surgery). - Do NOT include diagnostic tests
like ECG, X-ray, MRI here. 3. Medications:
- Include all medication names mentioned.
Return the output in three separate lists in
JSON format as shown below:

{
"diseases_symptoms”: [ ... 1,
"procedures”: [ .1,
"medications”: [ ... ]

}

Do not provide explanations, reasoning, or
any additional text just the required output.

Moreover, we observed that entity extraction
exhibits substantial synonymy and terminologi-
cal variation (e.g., “hemorrhage” vs. “bleeding”).
To normalize entity mentions, we map extracted
entities to the UMLS Metathesaurus (Schuyler
et al., 1993), which assigns each concept a unique
Concept Unique Identifier (CUI). When an exact
UMLS match is unavailable, we compute semantic



similarity between the extracted entity and candi-
date UMLS concepts using the all-mpnet-base-v2
SBERT model (Reimers and Gurevych, 2019). En-
tity pairs with cosine similarity exceeding an em-
pirically determined threshold of 0.9 are treated as
equivalent. Entities that cannot be reliably mapped
are assigned unique identifiers to ensure condition
was overlooked.

Let V denote the resulting entity vocabulary.
Each note n is represented as a ternary entity
vector E, € {—1,0,1}V, defined as: E, =

<f(€z')>pj1, e; € V, where

1, if e; is affirmatively mentioned in n,
f(ei) = < —1, if e; is mentioned in negated form,
0, if e; is not mentioned.

This representation preserves clinically salient pres-
ence and polarity information while providing an
interpretable, weakly structured embedding that
serves as the basis for contrastive question genera-
tion.

C Contrastive Question Generation with
LLMs

We generate contrastive clinical questions using the
LLaMA-3.1-8B-Instruct model (Grattafiori et al.,
2024). For each semantically coherent note cluster,
we construct three anchor sets: positive samples,
hard negatives, and easy negatives. Specifically, we
sample five positive notes from each cluster (draw-
ing from both high-density cores and boundary
regions), five hard negatives from adjacent clusters,
and five easy negatives from distant clusters. These
anchor sets provide weak contrastive supervision
by exposing clinically subtle and coarse distinc-
tions between trajectories.

In our dataset, nursing notes are lengthy (aver-
aging ~2,000 tokens), making it infeasible to in-
clude all anchor notes directly within a single LLM
prompt. To address this limitation, we first sum-
marize each note using the same LLM, producing
a concise yet faithful clinical abstraction. Summa-
rization is performed with the following prompt,
which enforces strict factuality and clinical focus.

Prompt Template for Nursing Note Sum-

marization

Task Description: You are a clinical sum-
marizer. Read the provided nursing note
and write one clear, factual paragraph of
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approximately 250-300 words.
Requirements:

* Include only information explicitly
stated in the note.

* Do not infer, speculate, or add new
facts.

* Focus on clinical status, including res-
piratory function, vitals, hemodynam-
ics, urine output, neurological status,
intake/output, medications, interven-
tions, and lines or tubes.

» Use concise, direct clinical language.

* If a clinical aspect is not mentioned,
omit it.

Output format: Exactly one paragraph, no
headings, bullet points, or explanations.

The resulting summaries are used as inputs for
contrastive question generation. The LLM is in-
structed to generate binary (yes/no) clinical ques-
tions that yield consistent answers for all positive
samples while producing opposite answers for both
hard and easy negatives. To encourage clinically
aligned discrimination, the model is guided to fo-
cus on disease states, symptoms, comorbidities,
physiological conditions, interventions, and medi-
cations.

Prompt Template for Contrastive Ques-
tion Generation

Task Description: You are a clinical ques-
tion generator. You are given three groups
of nursing note summaries:

* Group A: Clinically similar notes.

* Group B: Hard negatives—notes that
appear similar but differ in key clinical
aspects.

* Group C: Easy negatives—notes that
differ more clearly.

Generate the 10 most discriminative yes/no
clinical questions (each <12 words) that
distinguish Group A from Groups B and C.
Instructions:




* Use only information present in the
provided notes.

¢ Do not invent or infer clinical facts.

e Each question must be answerable
from the note text.

* Questions should yield the same an-
swer for all Group A notes and the
opposite answer for all Group B and C
notes.

Prefer questions related to diseases,
symptoms, comorbidities, clinical
states, interventions, medications, or
progression patterns.

Output format: A numbered list of 10
questions only, with no additional text.

\.

D Answerability Gating Model

Contrastive questions are generated using a lim-
ited set of positive and negative anchor notes (Ap-
pendix C). As a result, many generated questions
are not answerable from arbitrary notes outside the
anchor sets, since the required clinical information
may be absent. To avoid unreliable or spurious
question-answer predictions, we introduce an an-
swerability gating model that filters note-question
pairs prior to polarity inference.

Let n denote a clinical note and g a contrastive
question. We first encode both n and ¢ using a
shared BioClinical BERT encoder, yielding dense
contextual representations

h,, = BERT(n), h, = BERT(g)
We compute their semantic alignment via cosine
similarity,

__hh

S (0 = T gl

In addition to semantic similarity, we incorporate
explicit clinical grounding through entity overlap.
Using the entity extraction procedure described
in Appendix B, we extract sets of clinical enti-
ties from the note and the question, denoted by
E,, and £, respectively. These entities include
diseases, symptoms, procedures, and medications,
with negated mentions treated as distinct entities. A
note-question pair (n, ¢) is considered answerable
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if it satisfies either of the following conditions:
sim(n,q) >71 or &,N&E; #0,

where 7 is a similarity threshold empirically set to
0.7.

This dual criterion ensures that a question is
retained if it is either semantically aligned with
the note content or explicitly grounded in shared
clinical entities. The gating model thus removes
question-note pairs lacking sufficient semantic or
clinical support, substantially reducing the num-
ber of candidates passed to the downstream polar-
ity prediction model while preserving answerable
cases. In practice, this filtering step eliminates ap-
proximately 20-30% of candidate pairs, yielding a
more reliable and computationally efficient ques-
tion answering pipeline.

E Answer Polarity Model

Following answerability filtering, we train an an-
swer polarity model to predict the semantic polarity
of answerable note-question pairs. The task is for-
mulated as a three-class classification problem with
labels {—1, 0, 1} corresponding to No, Cannot An-
swer, and Yes, respectively.

Training Data Construction To construct super-
vision at scale, we generate pseudo-labeled training
data using a pretrained LLM. For each clinical note
in the dataset, we randomly sample 20 contrastive
questions from the retained question set and prompt
GPT-5-mini () to produce one of three responses:
Yes, No, or Cannot Answer. This process yields
a curated dataset of approximately 132K labeled
note-question pairs, which we split into training,
validation, and held-out test sets.

Model Architecture We initialize the polarity
model from BioClinical BERT and adopt a cross-
encoder formulation. Each input pair is formatted
as

[CLS] q [SEP] n [SEP],

where ¢ is the contrastive question and n is the
clinical note. The contextualized representation of
the [CLS] token is passed to a linear classification
head that outputs a probability distribution over the
three polarity classes.

Training Objective The model is fine-tuned us-
ing categorical cross-entropy loss. Training is per-
formed using the Adam optimizer with a learning



Table 4: Statistics of QA-based note embeddings. Table 5: Hyperparameter settings used in the experimen-

Statistic Value tal evaluation.
Retained contrastive questions 2,424
Avg. answerable quegtions / note 959 Component Hyperparameter (Value)
Informative answers (% =+1) 74.1% Note embedding dimension: 2424
Unanswerable answers (% 0) 25.9% Structured embedding dimension: 27 x 3
. ) Number of structured variables: 27
rate of 1 x 107, batch size 4, and 10 epochs. Fine- Cross-attention heads: 4
tuning on 100K training samples requires approxi- Cross-Modal Encoder guttp}‘:t ,dlmznswm 256
. atcn size:
mately 9 hours on a single GPU. Epoch: 10
. . Optimizer: Adam
Evaluation On the held-out test set, the polarity Learning Rate: 1e — 3
model achieves a macro-F1 score of 80% and an Transformer layers: 4
overall accuracy of 86%, indicating strong agree- Attention heads: 4
ment with LLM-generated labels. These results Model dimension: 256

Time embedding dimension: 64
Contrastive temperature (7): 0.07
Batch size: 16

Epoch:5

Optimizer: Adam

demonstrate that the model reliably reproduces an-
swer polarity while remaining computationally ef-
ficient for large-scale inference.

Temporal Transformer

During inference, the trained polarity model is Learning Rate: le — 3
applied to all answerable note-question pairs to pro- Aaug: 0.2
duce the final QA-based note embeddings used in PCA components: 50
downstream cross-modal and temporal modeling. Minimum cluster size: 30

Clustering (HDBSCAN)  Minimum samples: 10

. . Distance metric: Euclidean
F Statistics of QA-Based Note Cluster selection method: EOM

Embeddings
selected based on established sepsis severity scores

Table 4 display the summary statistics of QA-based (SOFA, qSOFA, SIRS) and supplemented with
note embeddings. ICU-relevant inflammatory, metabolic, renal, hep-
atic, hematologic, and electrolyte markers com-
monly used in sepsis management. For days with

G UMAP visualizations of Phenotypes

© multiple records of the same variable, we retain the
2 ; Pgmfgpes worst value, defined as the measurement indicating
2 - P10 greatest physiological derangement for sepsis.
~C * e .
d . &% ria J Example of Contrastive
z s . o Question—-Answer Generation
0 ..
= . o Eg Figure 6 illustrates two nursing notes and the as-
10 : ’ . sociated contrastive questions with their generated
> o e T P ER answers.
UMAP-1

Figure 5: UMAP visualization of 16 clinical trajectory
phenotypes.

H Experimental Setup

All experiments were conducted on a server with
an NVIDIA Tesla V100 GPU (32 GiB), 9 vCPUs,
and 60 GiB RAM. The model was implemented in
PyTorch. The final hyperparameters are reported
in Table 5.

I Structured Physiological Variables

Table 6 lists the 27 structured vital sign and labo-
ratory variables used in our study. Variables are
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Table 6: List of structured vital sign and laboratory variables used in this study.

Parameter Clinical Rationale Worst-Value Criterion

Heart Rate SIRS, hemodynamic instability ~Higher (tachycardia)

Respiratory Rate SIRS, respiratory distress Higher (tachypnea)

Temperature SIRS, infection severity Distance from normal (hypo/hy-
perthermia)

Mean Arterial Pressure (MAP)  SOFA, shock severity Lower (hypotension)

Glasgow Coma Scale (GCS) SOFA, neurological dysfunction Lower (impaired consciousness)

SpO2 Oxygenation status Lower (hypoxemia)

FiO2 Respiratory support intensity Higher (oxygen requirement)

White Blood Cell Count (WBC) SIRS, inflammation Distance from normal (leukocy-
tosis/leukopenia)

Platelet Count SOFA Lower (thrombocytopenia)

Bilirubin SOFA, hepatic dysfunction Higher

Creatinine SOFA, renal dysfunction Higher

Blood Urea Nitrogen (BUN) Renal dysfunction Higher

Lactate SOFA Higher

AST Hepatic injury Higher

ALT Hepatic injury Higher

Albumin inflammatory status Lower

Hemoglobin Oxygen-carrying capacity Lower

INR Coagulation abnormality Higher

pH Acid-base status Distance from normal (acido-
sis/alkalosis)

HCO3 Metabolic dysregulation Lower

Glucose Metabolic dysregulation Distance from normal (hypo/hy-
perglycemia)

Sodium Electrolyte imbalance Distance from normal

Potassium Electrolyte imbalance Distance from normal

Chloride Acid-base balance Distance from normal

Calcium Cardiac/electrolyte stability Lower

Magnesium Cardiac/electrolyte stability Lower

Note A Note B

pt. 90year old man, was admitted to the micu via ptis a 63yom with admitted via EW with sepsis
the ew for elevated temp, elevated heartrate (afib) from infected Hickman (dialysis) catheter. Pt. had

and hypotension.....pt has a good strong hx of MSSA, MRSA, VRE, and c-diff which was
productive cough of thick yellow sputum. cxr treated recently......pt remains on vassopressin at
done, and then down for a chest c-scan---lg right .04 units /min, and levophed gtt has been slowly
pleural effusion, also rt mass.....Cont triple abx weaned to .13mcg/kg/min. maintaining mean
vanco/flagyl/cefepine.Patient trached with 8.0 pressure of greater than 65....sedated on propofol
Portex. Pt. weaned to PSV 5, Peep 5, Fio2 40% and fentanyl gtts. Lightened once at MN per
yesterday..... Dr...Clear breath sounds bilaterally...Occ pac's

noted, no ectopy, no afib...A/P chest showed
parenceymal abnormality LL with persistent
pulomnary edema heart normal size with no
pleural effusion.

T ——

Is the patient receiving IV Vanco? Yes

17 Is the patient's cardiovascular status concerning for rapid AFIB? Yes .\Io

3 Does the patient have a pleural effusion? Yes No

23 Does the patient have a history of MSSA bacteremia? No Yes

36  Is the patient receiving IV Zosyn? No No

58  Is the patient's blood pressure stable on vasopressors? No Yes

64  Is the patient on fentanyl for pain? No Yes

83 Is the patient's blood pressure weaned off dopamine? No Can’t answer
94  Is the patient's respiratory status concerning with thick yellow sputum? No
144  Was the patient's respiratory status improved with bipap therapy? No No

Figure 6: Example of contrastive question—answer generation for two nursing notes.
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