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Abstract

modelling: class imba
four large-scal

s totalling 40,856 patients: MIMIC-III (17,279 ICU
cardiac ICU patients), HIRID-ICU (33,000 patients),
primary care patients). DynaGraph consistently out-
-the-art baselines, achieving 6-8% relative improvements in

mporal attribution of risk factors across patient trajectories in a millisecond
ference time.
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Introduction

Clinical deterioration rarely follows linear trajectories. Instead, it unfolds through cas-
cading interactions between organ systems that evolve over distinct temporal phases.
Consider a patient developing septic shock: initial infection triggers inflammatory
cascades (hours 0-12), followed by cardiovascular instability and renal hypoperfusion
(hours 12-24), culminating in multi-organ dysfunction where hepatic, coagulation, an
neurological systems become interdependent (beyond 24 hours). This exemplifies a
fundamental challenge in clinical prediction where the relationships betwee i-
ological variables are neither static nor independent but dynamically res ur
patients transition between clinical states.

Electronic health records capture these evolving physiological prece
multivariate time-series including vital signs, laboratory values, i
vatlons These data fuel a growmg ecosystem of machlne learni

throngh

Many models also disregard the structure of relatio
variables and offer limited transparency [4].
Recent advances in deep learning have led to in
poral EHR data, including extensions on long shor
gated recurrent units (GRUs), and temporal conv:
Transformer variants such as Medfor MAC, RETAIN, and PatchTST have
improved long-range temporal mod offering partial interpretability [10—
14]. These architectures, howeve ge t features independently and operate
or \instance, they cannot capture how the cou-

variables over time.

Graph-based m
Graph neural net Ns) can capture inter-variable interactions and perform
missing data [15-17]. Classical approaches like graph
CNs), graph attention networks (GATS), temporal graph

d GraphSAGE enable neighbourhood-aware learning [18-21].

convolutiona,
attention (T

nce, creatinine links to urea through renal function. More recent spatio-
Ns extend these ideas to model temporal evolution via recurrent or
c lutional updates [22-24]. Yet most prior work relies on fixed or hand-designed
gra derived from medical ontologies or correlation thresholds, assuming that the



strength of connection between, for instance, heart rate and lactate remains con-
stant from admission to discharge. This contradicts extensive clinical evidence showing
that organ crosstalk intensifies during critical illness and restructures during recovery
phases. Furthermore, these approaches lack interpretable mechanisms to reveal which
relationships drive predictions at specific time points, thereby limiting both flexibility
and transparency in dynamic clinical settings [25-27].

In this work, we introduce DynaGraph, a fully dynamic and interpretable graph
learning framework designed for multivariate clinical time-series. DynaGraph con-
structs spatio-temporal graphs end-to-end from raw EHR signals without predefined
adjacency matrices, integrating sequential embeddings with dynamic adjacency learn-
ing and a pseudo-attention mechanism to reveal time-resolved feature importances. By
learning structure jointly with node representations, DynaGraph captures the chang-
ing topology of clinical variables and thereby discovers how relationships betwe
features shift across a patient’s journey rather than imposing predetermined patt

Our primary contribution is enabling dynamic structure learning: the modeldearns
which physiological variables connect and how these connections evolve ovet time,
without requiring predefined graphs from medical ontologies. This addr

mentation, focal loss for severe class imbalance (with outco
prevalence) and structural regularisation for temporal stabt

consideration rather than our core methodologlcal inno
We evaluate DynaGraph on four real-world EHR
and primary care domains. Across all tasks, it outp forms leadlng time-series

More importantly, DynaGraph hlghh
risk factors: early emphasis on de i ors transitioning to organ-specific
markers, elevated renal-cardiovas i
gressive decoupling of inflam s during recovery. The model achieves
6-8% AUPRC improvement
through gradient-based 1
between relational mod
Al It performs consiste
which feature pairs
at specific time poi

ing, temporal dynamics, and interpretability in healthcare
acrgss four datasets (AUROC 0.802-0.881) and reveals
nine-urea coupling j 0.8) indicate clinical deterioration

Resu

St

eval our proposed framework (Figure 1) across four large-scale EHR datasets
ehcompassing 40,856 patients from intensive and primary care settings. The MIMIC-
cohort comprised 17,279 ICU admissions (mean age 74.1+13.4 years, 57.1% male,



71.1% Caucasian) with 10 binary outcomes, including mortality (9.65% prevalence)
and organ failures (2.19-32.60% prevalence). The eICU dataset included 1,433 cardiac
ICU patients (mean age 67.24+12.4 years, 64.5% male) monitored for post-myocardial
infarction complications (16.0% developed at least one complication). HiRID-ICU
contained 33,000 ICU admissions with 5-minute resolution data, while EHRSHOT rep-
resented 2,378 primary care patients tracked for the development of chronic diseases.
All cohorts were split 80:10:10 for training, validation, and testing with patient-level
stratification.

Input features comprised variables including static demographics (age, sex) and
hourly time-series measurements: vital signs (heart rate, blood pressure, tempera-
ture, respiratory rate, oxygen saturation), basic metabolic panel (sodium, potassium;
chloride, bicarbonate, glucose, BUN, creatinine), complete blood count (haemoglobin,
haematocrit, white cells, platelets), hepatic markers (bilirubin, alkaline phos e,
AST, ALT), and coagulation studies (PT, PTT, INR). Missing values wer W,
filled up to 6 hours, then imputed using patient-specific medians.
DynaGraph differs fundamentally from existing approaches by

al knowledge bases, or
, DynaGraph dis-

DynaGraph achieves s e-art clinical prediction
performance

We benchmark Dyna h against two model families: (1) time-series architectures
such as LSTM, GRW, FCN, sformer, T-LSTM, RETAIN, BiT-MAC, and (2)

s such jas GCN, GAT, TodyNet, SimTSC, and MedGNN. As
h consistently outperforms all baselines across AUROC,

graph-based meth
shown in Table 1,
AUPRC, F1)wa

in€ (MedGNN) by +2.5 points in AUROC, +3.3 points in AUPRC,
F1, and a substantial +12.0% in sensitivity. On eICU, it reaches an
URO 0.802 and a sensitivity of 86.00%, with similarly strong gains in precision—
. Comparable trends are observed on HiRID-ICU (AUROC 0.881, F1 59.37%,

sen ity 86.20%) and EHRSHOT (AUROC 0.849, F1 46.10%, sensitivity 79.44%),
emonstrating robust generalisation across diverse clinical environments and temporal
esolutions. While DynaGraph achieves significant relative improvements, the absolute
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Fig. 1: Our DynaGraph model framework. The multivariate time-series 1, 2,
are divided into s equal-length time windows tq,t2,...,ts. A: Each

t1,t2,...,ts has a corresponding feature matrix represented by a dy i
Ay, As, ..., As, whose adjacency matrices are learnable through inform
tion. The node and edge vectors of the previous graph slice, 6;_1,
inform the corresponding nodes and edges of the next graph sli
nections (expressed as dotted lines) between nodes within graplisli
information propagation across time. An embedding matrix % 1
FEq, Es, ..., Es for the same time windows as for the graph co
pairing between the graphs and the temporal embeddin, djacency matrix is
paired with an interpretability weight matrix I whose w learnable for every
slice with a Hadamard product. The mterpretablhty weights ‘measure the impact of

the different parts of the graph on the final lgs otal- 1€ adjacency matrix is also
augmented with graph augmentation technige trastive loss computation, such
as shuffling across the s time dimensio d ode masking, and edge perturba-
tions. The adjacency matrix, interpregébility mateix, and embeddings are aggregated

s) remain modest, reflecting fundamental challenges
alues result from severe class imbalance in our multi-label
tcomes range from 1.1% (peripheral vascular disease in eICU)
ailure in HiRID). For rare outcomes like 30-day readmission

F1 scores (45-59% across
in clinical prediction. S
setting, where positive

namics/and relationships between clinical variables through dynamically evolving
a In contrast, baseline methods either flatten feature relationships (e.g., LSTM,



Transformer) or rely on pre-structured or static graphs (e.g., GCN, MedGNN), limiting
their ability to capture the time-sensitive structure of clinical events.

Table 1: Test results on different datasets for time-series and graph models in
multi-label classification. AUROC and AUPRC are macro-averaged across all labels.
Standard deviations are in parentheses. Higher is better. Best results are in bold.
Results are averages of five random seeds.

Model MIMIC-TIT eICU
AUROC AUPRC F1 Sens AUROC AUPRC

LSTM 0.721 (0.012) 0.287 (0.015) 38.46 (0.20) 47.12 (0.69)  0.682 (0.014) 0.198 (0.016) 30.07 (0. . .59)
GRU 0.748 (0.011) 0.324 (0.014) 47.55 (0.47) 42.70 (0.74)  0.664 (0.016) 0.187 (0.018) (0.79)
Transformer  0.752 (0.010) 0.331 (0.013) 44.63 (0.46) 48.81 (0.79)  0.693 (0.013) .49 (0.78)
TCN 0.769 (0.009) 0.356 (0.012) 45.88 (0.47) 59.03 (0.88)  0.712 (0.012) 40.83 (0.77)
T-LSTM 0.743 (0.011) 0.318 (0.014) 40.50 (0.58) 48.92 (0.85)  0.708 (0.012) 40.76 (0.78)
RETAIN 0.768 (0.018) 0.354 (0.019) 45.97 (1.45) 66.30 (2.39)  0.707 (0.019) 40.10 (2.57)
BiT-MAC 0.749 (0.016) 0.329 (0.017) 43.60 (1.30) 47.25 (2.06)  0.697 (0.017) 39.44 (1.84)
PatchTST 0.783 (0.008) 0.371 (0.010) 45.91 (0.43) 63.57 (0.92)  0.728 (0.010) .23 (0.42) 45.92 (0.85)
GAT 0.734 (0.012) 0.306 (0.014) 41.79 (0.59) 47.16 (0.99)  0.719 (0.011) 31.84 (0.53) 36.74 (0.82)
GCN 0.754 (0.011) 0.334 (0.013) 42.83 (0.66) 51.24 (1.03) 32.96 (0.60) 37.91 (0.93)
TGAT 0.802 (0.007) 0.394 (0.009) 44.76 (0.38) 67.31 (0.87)  0.762 (0. . 38.82 (0.39) 63.27 (0.89)
TodyNet 0.776 (0.008) 0.363 (0.011) 44.67 (0.25) 59.91 (0.73)  0.758 40.25 (0.26) 78.11 (0.75)
SimTSC 0.769 (0.013) 0.355 (0.015) 42.38 (0.42) 57.75 (1.15)  0.753 39.80 (0.44) 70.29 (1.31)
MedGNN 0.831 (0.006) 0.428 (0.008) 46.08 (0.28) 73.20 (0.94) 7 44.67 (0.37) 81.22 (0.99)

DynaGraph 0.856 (0.005)*** 0.461 (0.007)*** 47.04 (0.23) 85.22 (0.76) O ’348 (0.007)*** 45.96 (0.23) 86.00 (0.65)

Model HiRID-ICU EHRSHOT
AUROC AUPRC F1 Se AUPRC F1 Sens

LSTM 0.827 (0.008) 0.418 (0.011) 42.48 (0.29) 67.10 ( . . 0.256 (0.015) 31.91 (0.30) 53.40 (0.70)
GRU 0.821 (0.009) 0.426 (0.012) 44.11 (0.49) 66.60 (0. 0.679 (0.014) 0.263 (0.016) 32.24 (0.47) 54.73 (0.76)
Transformer  0.824 (0.009) 0.443 (0.013) . 65.20 (0.8 0.668 (0.015) 0.251 (0.017) 30.88 (0.49) 52.90 (0.80)
TCN 0.859 (0.007) 0.487 (0.010) ).80 (0.80) 0.702 (0.011) 0.298 (0.013) 37.30 (0.45) 60.11 (0.85)
T-LSTM 0.831 (0.008) 0.423 (0.011) 00 (0.97) 0.723 (0.010) 0.324 (0.012) 40.08 (0.55) 64.82 (0.86)
RETAIN 0.847 (0.014) 0.479 (0.016) 69.27 (1.93) 0.754 (0.018) 0.356 (0.020) 42.33 (1.47) 67.96 (2.38)
BiT-MAC 0.835 (0.015) 0.461 (0.017 . ) 67.10 (1.92) 0.748 (0.016) 0.348 (0.018) 41.23 (1.28) 66.14 (2.07)
PatchTST 0.864 (0.006) 0.498 (0. 73.42 (0.86) 0.778 (0.008) 0.371 (0.010) 43.17 (0.46) 70.28 (0.94)
GAT 0.794 (0.009) 3) 61.30 (0.82) 0.715 (0.011) 0.309 (0.013) 37.82 (0.58) 62.39 (0.98)
GCN 0.799 (0.009) 66.50 (0.97) 0.718 (0.011) 0.321 (0.013) 39.74 (0.67) 63.21 (1.01)
TGAT 0.834 (0.007) 74.18 (0.91) 0.794 (0.007) 0.382 (0.009) 42.85 (0.40) 71.56 (0.93)
TodyNet 0.843 (0.007) 78.22 (0.89) 0.753 (0.007) 0.354 (0.009) 41.98 (0.26) 66.82 (0.76)
SimTSC 0.829 (0.012) 54.12 (0.51) 71.90 (1.20) 0.772 (0.012) 0.368 (0.013) 42.96 (0.41) 69.37 (1.14)
MedGNN 0.857 (0.005, 52.57 (0.41) 82.55 (1.07) 0.824 (0.005) 0.418 (0.007) 44.91 (0.27) 74.23 (0.95)

DynaGraph 0.881 (0.004 * 0.527 (0.006)*** 59.37 (0.27) 86.20 (0.83) 0.849 (0.004)*** 0.447 (0.006)*** 46.10 (0.24) 79.44 (0.71)
b < 0.01, *p <

atmaps over time for the top ten features across datasets.
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Fig. 2: Heatmaps of the pseudo-attention weight matrices for DynaGraph during training o
(a) MIMIC-III, (b) eICU, and (c) HiRID datasets, highlighting the globally top 10 featuzes.

a Gaussian kernel (o = 0.6). Higher values indicate greater feature importance fér t
responding time-period in the final multi-label prediction tasks: heart attack
(eICU), phenotype classification (MIMIC-III), and ICU mortality with heart/reSpir ail-
ure prediction (HiRID).

sodium, WBC, haemoglobin) generally increasing in pro
dows. Patterns are dataset-specific; however, for exampl

in ICU deterioration and cardiovascular ri
Graph-level individual patient snaps

The structural changes i
t =1 (admission), the Ve

early ICU management.
consistent with sucgessful g from mechanical ventilation, a common trajectory
Goncurrently, edges between renal markers (creatinine, cal-

aemoglobin (Hgb) and systolic blood pressure (SBP) as prominent

aligns with the clinical importance of haemodynamic stability and

in determining ICU outcomes. While these patterns demonstrate that

earns physiologically plausible temporal dynamics, formal causal valida-

tien remains an important direction for future work. The temporal evolution of feature
optance aligns with establishe



Fig. 3: Learned graph representations during DynaGraph training on the MIMIC-IIT
at three distinct timesteps: (a) ¢ = 1, (b) t = 4, and (c) ¢t = 6, each correspondi
first, fourth, and last 4-hour interval of a 24-hour ICU stay. The visualisation
evolving patterns captured by the model, including changes in individual featu
and correlations between features. Node size corresponds to node weightdnag
edge darkness reflects edge weight magnitude, as derived from the inteppre
These representations demonstrate the model’s ability to dynami ada temporal
changes in the data.

Ablation studies highlight importance del
component
To understand the contribution of each module, w ix components: (1) graph

augmentations and contrastive loss (AUG), (2) focal loss (FOC), (3) LSTM embed-
dings, (4) regularisation (REG), (5) t oss (STRUC), and (6) temporal graph
pooling (TGP). Results (Figure 4) d te that removing any single module
degrades AUROC performance, substantial drops from contrastive
augmentation (-0.048 AUROC)

The ablation results sup sign choices, which show that removing con-
trastive augmentation (A e largest performance degradation across all
datasets (AUROC dro .046, 0.042, and 0.044 for eICU, MIMIC-III,
HiRID-ICU, and EH ctively), confirming its necessity for learning robust

, irregularly-sampled clinical data. Focal loss removal
-largest impact with AUROC reductions of 0.035-0.038
ating its critical role in handling severe class imbalance
mes range from 2-38% prevalence. LSTM embeddings contribute
validating the importance of capturing within-feature tempo-
sside graph-based inter-feature relationships. Regularisation (REG)
al"graph pooling (TGP) show moderate but consistent contributions
25 AUROC), whilst structural loss (STRUC), though showing the small-

representations fr
(FOC) results in t
across datasets, de
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Fig. 4: Ablation study showing the impact of remov
AUROC performance across four datasets: (a) eICU,
ICU, and (d) EHRSHOT. The Full Model bar (dark blu€) represents the complete
i hsequent bars (light blue)
show performance when each component ig ]. Components ablated include:

AUG (graph augmentation and contrasgive OC (focal loss), LSTM (LSTM
embedding module), REG (regularis TRUC (structural loss), and TGP
(temporal graph pooling). Values h fbar indicate the AUROC score, with
drops from the full model show es for ablated components. Error bars

dom seeds. The vertical dashed line sepa-
blation results.

represent standard deviation
rates the reference full mo

Robust generalisationgin out-of-distribution (OOD) settings

We evaluate Dyna ‘V., eneralisability by constructing out-of-distribution (OOD)
test sets: age ps , > 80), sex, and ICU time quartiles (Q1 to Q4). As shown in

rogeneous healthcare populations.
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Fig. 5: Generalisation performance of DynaGraph and MedGNN on out-of-
distribution (OOD) settings, evaluated using balanced accuracy. OOD test setsgwere
constructed by excluding specific subgroups like age groups: < 20 to > 80; T
male and female; and time quartiles: Q1 (first 6 hours of stay) to Q4 (1 ho
of stay) from the training data on the eICU and MIMIC-IIT datasets. [DynaGrap
demonstrates superior robustness across all OOD scenarios compared t edGNN.
Note: The result for MedGNN for "Women” under the eICU setfing i
indicator for DynaGraph for ”Women” under the MIMIC setti
0.77 balanced accuracy.

Discussion

Accurately modelling clinical time-series data i of the central challenges in
machine learning for healthcare. While recent dee g methods such as recur-
rent networks, Transformers, and static graph els have improved predictive
performance on EHR datasets, most tre8 ures as independent and assume fixed
structures or uniform time dependenci@ % assumptions obscure the dynamic and
relational nature of physiological €sse piting both model accuracy and clinical

interpretability.

DynaGraph advances be poral modelling approaches in healthcare.
While CLOCS [32] achiev, rmance through contrastive learning on static
snapshots, it cannot ca ving feature relationships. STraTS [33] handles irreg-
ular sampling thro Es but processes features independently, missing

relationships betw different clinical variables (cross-variable dependencies). Our
dynamic graph lea
tectures fail t
Rocheteau et

non-stationary dynamics of physiological systems.” Work by
n temporal pointwise convolutions and Horn et al. [36] on set

learns spatio-temporal graphs end-to-end from raw multivariate EHR
ithout making any structural assumptions, capturing how relationships

een clinical features evolve over time. DynaGraph tracks two types of patterns:
(1) individual clinical variables change over time within each patient (e.g., crea-
inine rising from 1.2 to 3.5 mg/dL over 24 hours), and (2) how relationships between



different variables evolve (e.g., the correlation between blood pressure and urine out-
put strengthening during shock). The model achieves this by combining sequential
processing (LSTM) for within-variable trends with graph learning for between-variable
relationships. The interpretability mechanism uses gradient magnitudes to quantify
which variable pairs contribute most to predictions at each interval. This enables both
strong predictive performance and clinically meaningful explanations.

Our results demonstrate that DynaGraph consistently outperforms state-of-the-art
time-series and graph-based models across diverse tasks and care settings. Notably, it
delivers substantial gains in AUPRC (6-8% relative improvement) in highly imbalanced
multi-label settings, a common reality in healthcare. The inclusion of contrastive graph
augmentation, focal loss, and structural regularisation further enhances robustness,
especially in out-of-distribution scenarios involving age, sex, and ICU stage variability.

DynaGraph surfaces time-resolved insights into the evolving relevance of clinic
features. The learned pseudo-attention weights align with established risk markers
as sodium, potassium, and haemoglobin while adapting across stages of a patient’s tra-
jectory. The temporal evolution of feature importance aligns with establish d ical
pathophysmlogy while uncoverlng novel patterns The early empha51s on

onset of dysnatraemia in critical illness, occurring in 30-40 ients [38].
8-10 hours

with findings that subclinical kldney stress precedes creat
[39]. Visualisations of individual patient graphs reveal dy e patterns of physiologi-
cal importance, and computing feature-pair importance scores via gradient magnitudes

(Equations 3-5) can quantify each edge’s co to 1oss at 3-hour intervals
DynaGraph addresses three critical ga t clinical decision support iden-
tified by Topol [40]. First, it provides t arity, clinicians can see not just

that a patient is deteriorating, but stem interactions are driving risk.
Second, the interpretability mech ”diagnostic reasoning transparency”
[41], showing why specific ti i er. Third, by learning patient-specific
graphs, it supports precision, approaches where treatment targets the dom-
inant pathophysiological
integration into existin
automated early warnin res/during nursing rounds, dynamic risk stratification
continuous monitoring in intensive care settings. The
rovides actionable insights by highlighting which physi-
mediate attention. For example, when the model elevates
e, BUN) while maintaining low cardiac weights, it may suggest
rather than cardiorenal syndrome, guiding targeted intervention.

ile we used common features (vital signs, basic labs), site-specific normal ranges



require calibration [44]. The distinction between our ”framework” and a "model” is
deliberate: DynaGraph provides an architectural paradigm for learning dynamic clin-
ical graphs that can be instantiated with different backbone networks (GIN, GAT,
GraphSAGE), similar to how ResNet defined a framework instantiated across vision
tasks [45]. Hospitals could adapt the framework to local feature sets while preserving
the core dynamic learning mechanism.

Compared to recent multimodal or pretrained frameworks (e.g., COMET [46]),
which rely on external omics or large-scale transfer learning, DynaGraph uses solely
EHR data and learns structure directly from temporal dynamics. This enables broader
applicability to settings where curated labels or external modalities are unavailable.
Moreover, unlike foundation models that treat the EHR as flat token sequences, Dyna?
Graph embeds inductive biases aligned with clinical reasoning, thereby emphasijsing
evolving relationships between physiological signals.

Despite its strengths, DynaGraph has several limitations. First, its inter
mechanism, though grounded in gradients and attention-like weighting,
vide causal guarantees. Distinguishing ”sodium causes potassium changes’
reflect kidney dysfunction” requires causal inference methods [47]. T
n e explana-
h temporal pool-
ing, dynamic graph construction and contrastive training remain rce-intensive.
improve scala-
elevant for chronic

[49]. Recent implementation studies show model @ ance degrades 5-8% when
deployed prospectively due to temporal dataset shi

explored deployment in streaming or ré
for future translational work.

Looking ahead, we envisio k xtensions of DynaGraph. First, incorpo-
rating additional data modaliti free-text notes, radiographic features, or
genomics into a unified dy, i ould enable richer clinical representations. Sec-
ond, human-in-the-loo s could allow clinicians to adjust, annotate, or audit

learned graph struc
vacy concerns could be addressed through federated learning extensions, training local
graph structures w
raph advances a new direction in clinical machine learning:
dynamic, inte graph learning tailored to the structure of EHR data. By mod-

t to predictions at each time window. We believe this work brings us
ser to deployment of transparent, trustworthy, and generalisable Al systems in



Methods
Data

We evaluated our proposed framework on four publicly available longitudinal elec-
tronic health record (EHR) datasets that include both ICU and primary care settings.
The MIMIC-IIT v1.4 ICU dataset comprises 53,423 distinct hospital admissions [52].
Following the preprocessing pipeline proposed by [53], we extract a subcohort of
17,279 ICU admissions (from 11,563 unique patients), each characterised by static
variables (age and sex) and 42 laboratory measurements in time-series. The predic-
tion tasks include ten binary classification outcomes: ICU mortality (7.65% positive
cases), hospital mortality (9.65%), 30-day readmission (2.19%), shock (7.57%), acute
cerebrovascular disease (8.99%), acute myocardial infarction (10.26%), cardiac dys-
rhythmias (32.60%), chronic kidney disease (12.14%), chronic obstructive pulmonary
disease and bronchiectasis (11.82%), and congestive heart failure (24.15%). The

following comphcatlons peripheral vascular dlsease (1.10%),

atrial fibrillation (28.49%), arrhythmias (23.14%), or death (12
issi 1Sive care unit.
We used the imputed staging dataset provided by the osigi igators, with pre-
diction tasks that focused on ICU mortality (8.39%), res

patients [57]. After removing patients with feser tI 4 time-stamped measurements,
no time-series vital signs or laboratory value s, and no missing labels of inter-
est, 2,378 remain. Our labels include t ce of heart attack (9.52%), lupus
(5.73%), celiac disease (3.45%), p (9.30%), hyperlipidemia (14.84%),
and hypertension (16.39%) after

Outliers were detected u 5-standard deviation threshold from the mean
and replaced with the 5o e to prevent extreme values from dominat-
ing gradient updates whilé preserving/clinically relevant variations (full preprocessing
pipeline in Supplement

forward-filling for yp to 6 ollowed by patient-specific median imputation, then
global median for ining missingness. Features with ;70% missing values were
excluded. Time-seri resampled to hourly intervals (5-minute for HIRID-ICU)
using forw. to align with the clinical practice of carrying forward the last known

est split was stratified by primary outcome with explicit verification that
IDs were unique across splits, preventing data leakage (Supplementary Note 2).



Hyperparameter optimisation used grid search on the validation set only, as detailed in
Supplementary Note 2. The optimal configuration (batch=128, Ir=0.001, windows=6,
dropout=0.5) was fixed for all test set evaluations.

Dynamic Graph Construction

Figure 1 shows the overall framework of DynaGraph. Input is defined as a collection of
multivariate time-series measurements for N patients. A patients is then described by
X ={z1,29,...,24} € R¥*! with d features of length I. Given a group of m patients
X = {X1,Xo,..., X} € R™¥4XI their corresponding labels Y = {y1,%2,...,Ym}
mean y is a predefined class vector of binary labels for each patient, and m € N*. Th
final graph construction consists of three components:

Graph Construction Through Information Propagation.

We dissect the time-series into s equal-sized time-windows T' = [t1, o, .. .4ts], X no

becomes X € R¥**s where the first window ¢; is used to construct an imitial static
graph representation with nodes representing the time-series feat
the hidden associations between the features. The graph repre
in an adjacency matrix with the rows and columns correspondi

nodes, respectively. All elements of the adjacency matrix a
in the model, initialised randomly. Each node is assign
target nodes. We generate vectors © and ¥ with lengt
time window t, and all elements are learnable parameters
The initial adjacency matrix is then the multiplica f th

f features) for each
are initialised randomly.
vectors for a time slot:

A=0T. T cR¥ (1)

Where ("‘) = [01571,0,572, ey 6t7d] ,\IJ = [ '
ization of learnable node embeddi

., ¥,q] represent the random initial-

idzfedy = a (Al:,,]) idx #idy
Al<Lidz, —idy] = 0
Subsequent time winfows are u to construct dynamic graph representations, aggre-

the previous time slot, resulting in a set of vertices
{’U(t’l),v(tyg),. t.D)> (t,Ll),’U(t,LQ),...,’U(t,LD)}. The edges are directed from
previous time '@», ¥'to their counterparts in the current time window, connecting
V(-1 t,a\for d=1,2,..., D where D is the total number of features or nodes.

to represent featu

nected to the previous set, signifying the addition of time connections
. To prevent an exponential increase in the number of nodes, new node

is a set of adjacency matrices A = {A;, Ay, ..., A} € R¥¥IXS with d features or
odes and for s time-windows capturing spatio-temporal patterns in the multivariate
ime-series.



While this formulation is data-driven with random initialisation, the adjacency
matrix learns clinically meaningful relationships through several mechanisms. First,
the parameters © and U are optimised end-to-end via backpropagation to min-
imise clinical prediction objectives (mortality, complications), ensuring that discovered
edges represent physiologically relevant interactions predictive of patient outcomes.
Second, our multi-component loss function guides the learning process. Third, as
validated later, the learned graphs can consistently identify established clinical rela-
tionships while potentially discovering novel predictive patterns. This data-driven
approach offers advantages over fixed clinical graphs by enabling temporal adaptation
of relationships and personalisation to patient trajectories.

LSTM Embeddings.

X € R¥*IXs ig also, in parallel, processed by a Long-Short Term Memory (LST
unit to derive an embedding matrix for each time slice, encapsulated as
{E1, Es, ..., B} € R¥¥4%5 The LSTM embeddings help capture the long-term
variable temporal patterns of individual time-series, whereas the graph learus e
relationships between different clinical variables in discrete time slices.

Interpretability.

We used a paired weight matrix for each graph with learnab,
update itself based on the contribution of each node or edge offf
the total loss. The adjacency matrix of each graph is paired wi
weight matrix I of the same dimension d x d x s whose weights are

ormly initialised
pdated depending
computation. This

which parts of the adjacency matrix, and thus theygraph, tributed the most to the

on the graph nodes or edges contri oss gradient update.

The total contribution of a v, I, is quantified by combining its
direct importance with the importance of its connections (edges) to other
nodes. This can be express

a-Tyy+ (1 —a)- I, (3)

where « is a balanc meter. The node and edge importances are elements in the

interpretability mat are computed as follows:
Ly = ”thLH (4)
Iy, = ”vev,uL” (5)

ere h, otes the feature vector of node v, e, ,, represents the edge between nodes v
ahd wy, and L is the loss function of the model. Average Edge Importance, is the aver-
e offthe gradients for the edges connected to node v. After iteration, the final values



of the importance weights are normalised across all features to ensure comparability.
We provide a proof of how the interpretability weight matrix I converges under cer-
tain loss and learning rate assumptions in Supplementary Note 4. Graph Isomorphism
Networks (GINs) [58] represent a significant advancement in graph neural networks
by approximating the Weisfeiler-Lehman (WL) test through its learnable framework.
GINs effectively learn powerful node embeddings that capture the topology of the
graph, making it possible to distinguish between different graph structures.
The update rule for GIN is given by:

B = MLP®) [ (14 e@)p=D 4 5 p-n (6
weN (v)

where A" is the node representation of v at layer k, N'(v) denotes the nei
v, €®) is a learnable parameter that adjusts the weighting of the node’s dwn feature

GIN is used to obtain graph representations at the latent level for ance
computation in variational inference for the VGAE as well as the final
graph output before temporal pooling for downstream tasks.

In the context of DynaGraph, we propose a novel app nce the inter-
pretability of predictions in EHR multivariate time-seti a. Our model employs
a pseudo-attention mechanism that operates on the g uction phase. This

mechanism allows the model to dynamically adjust_the gra
ing the interpretability of the learned representa interpretability function
for a node v, for example, can be expressed mathematically as:

(7)

where y is the prediction ou (y, h(k)) represents the gradient of the loss
function at y with respe This gradient highlights the
influence of each node iction, allowing clinicians and researchers to identify
critical features in significantly impact patient outcomes.

Moreover, by integrating this interpretability function directly into the dynamic
graph learning pro aGraph not only adapts to changes in data over time
but also prov sights into how these changes influence predictive outcomes. This

esentatlon G:

G0 — (A(i) + E(i)) ® 1M (8)

w denotes element-wise addition and ©® denotes the Hadamard (element-

wise) product. We define interpretability as the ability to quantify each feature
ir’s contribution to the final prediction through gradient-based importance scores



Iy = || Ve, , L], where higher magnitudes indicate stronger influence on the loss func-
tion. The embeddings are first added to the adjacency matrices to combine structural
and temporal information, then the resulting matrix is element-wise multiplied by the
interpretability weights to modulate edge importance. This final representation cap-
tures both the temporal patterns within individual time-series from the LSTM and the
spatio-temporal patterns between time-series features from the graph construction,
weighted by their learned importance for the prediction task.

The interpretability mechanism serves dual purposes: providing transparency for
clinical decision-making and validating that learned relationships align with physiologi-
cal understanding. By examining which edges and nodes contribute most to predictions
(through gradient magnitudes in Equations 4-5), clinicians can verify that the model
prioritises clinically sensible relationships. This interpretability framework acts as a
safeguard against purely spurious correlations that might emerge from unconstrain
data-driven learning, ensuring that DynaGraph’s predictions are both accurate
clinically grounded. Implementation details are described further in Supple tary
Note 3.

GIN encoder and VGAE.

Let Ht(o) € R?*? denote the per-time-slice node features from the athway for
slice t. To align with the (A+ E)©I fusion defined above, we instantiate ice-level
embedding affinity

4 T
Et(l) = norm(Ht(O)Ht(O) ) € Rxd,
and form the final slice graph

G = (A +EP) 010 € BYA

We then obtain slice-wise node representati GIN. The GIN update is

") = MLP®) )R E N Nl (9)

UGNGt (v)

where Ng, (v) are neighbo , %) is learnable, and hfffg is the vth row of
Ht(o). Stacking node embeddings yields Ht(K) € Rdxa,

For variational infer a _JGIN-based encoder maps (Ggi), t(o))

to Gaussian

parameters: ‘
logo2? = GIN. (G, H), (10)
and we sa e codes via the reparameterization trick,
7 = u + o o6, e~ NI, (11)
ith Z, dxa A GIN-based decoder reconstructs the slice graph:

GO = a(GINdeC(Zt(i))) , (12)



where o(+) is the element-wise sigmoid. The VGAE loss sums across slices:

S

Lveas = Y | BCBG, G) + KUN (", o2 [N (0. 1) | (13)

t=1

Temporal pooling.

To avoid flattening and preserve structure, we apply hierarchical, differentiable pooling
over nodes (shared across time slices). Let N be the number of nodes at pooling
layer £. A 2D convolutional module produces cluster activations and an assignment
matrix M € RN“TVxN®
compute

. Given slice-t graph Ggl) and node embeddings Xt(l), W

X = eNNO(x ),
Gge-&-l) _ M(E)GEZ)M(Z)T’

(
with G§“1> e RNTXNYY Here M is a learned soft assign sum to 1),
yielding coarser graphs that retain edge patterns. After L, p stag e obtain

{GiL” ), Xt(L”)}le, which are vectorised and passed to the downst LP classifier
for multi-label prediction.

Graph Augmentation, Model Training an rpretation

We introduce graph augmentations to help our m ralise and learn temporal
variability. We couple this with a contrastive loss, which eéncourages the model to cap-
ture both spatial (inter-node) and temporalg(intra-node) dependencies. Augmentations

bing the adjacency matrix A through

negative samples are compar inal graph using cosine similarity, forming
the contrastive loss:

oSimo(A,A )

08 Simg (A, A1) 1 S, eSme(AAn)

£co rast — -E (16)

e similarity Simg (Tn,i, Tnj) = @) @0/ @0l |20 ] for

the nth graph or adjacency matrix in the minibatch.
ass imbalance in multi-label prediction, we employ a focal loss:

ﬁfocal (@\) = _(1 - @\)Fy : IOg(@\)v Y >0 (17)

e the = parameter accounting for the class weighting is considered as a
hyperparameter.



A regularisation term penalises large variations in node features to preserve

smoothness:
Lieg =X Y |Ihi =Tyl (18)
(i,5)eE

where X is a hyperparameter controlling the strength of the regularization, (4, j) rep-
resents an edge connecting nodes ¢ and j, and h;, h; are the feature representations
of nodes ¢ and j, respectively.

Additionally, we define a structural similarity loss to ensure that the learned graph
structure remains close to the original (previous timepoint) structure:

Zi,j Aij : A;j

Lstructure = pwll-= 3 P (19)
VAl 247
where A is the original adjacency matrix, A’ is the adjacency matrix after al‘men— ’

tation, and p is a hyperparameter. The structural loss aids in the convergehce
adjacency matrix throughout learning. The final loss is the sum of thesg 1o

the balancing parameters €, A, p, and 8 are considered as hyperparanmieters:

Ltotal = aﬁcontrast + EAcfocal + )\Ereg +

/’L‘Cstructure + 6£VGAE
As described earlier in this section, focal loss is a comm ment made in
cases of strong class imbalance as in our healthcare scenatios. Co stive loss aids in
predictive performance by allowing for more diverse or d representations of
ion loss term is added
e structural loss ensures

he
(20)

that next time-step graph representations g
representation to stabilise the dynamic

After integrating the embeddings
a variational graph autoencoder
a GIN architecture. The latent

gh time.
entations, Gy is passed through

1s a graph reconstruction, which is pooled
temporally to reduce the es with dynamic clustering and decrease the
computational costs of t

through a multilayer per

1s available via application to https://physionet.
| https://eicu-crd.mit.edu/gettingstarted /access/,
/content /hirid/1.1.1/,  and  https://redivis.com/datasets/
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