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Abstract
Background  Unplanned Intensive Care Unit (ICU) readmissions emerge from complex, time-dependent clini-
cal processes that are poorly captured by existing electronic health records-based prediction models. Existing 
approaches capture either temporal patterns without understanding clinical meaning, or clinical relationships 
without preserving temporal context. This separation limits their ability to simultaneously model how clinical 
events relate to one another with how they evolve across an ICU stay. Bridging this gap requires models that 
integrate both temporal dynamics and semantic clinical knowledge within a unified framework.
Methods  We introduce TSKG-ICU, a novel framework that jointly models temporal evolution and semantic rela-
tionships in ICU trajectories using temporal knowledge graph embeddings. Leveraging the MIMIC-III cohort, we 
constructed a temporal–semantic knowledge graph with over 11 million triples representing 60,000+ admissions 
and 200,000+ biomedical concepts. Clinical events are temporally encoded relative to ICU admission, preserving 
the full longitudinal structure of clinical records, and semantically annotated through ontology mapping. Patient 
trajectories are encoded as temporal knowledge graph embeddings and used as feature representations for super-
vised readmission prediction.
Results  TSKG-ICU achieves state-of-the-art performance (ROC-AUC: 0.786 and PR-AUC: 0.641). Ablation 
studies reveal that temporal modelling provides the primary predictive signal, whilst semantic enrichment offers 
complementary improvements, an ordering consistent across all three classifiers evaluated. Removing temporal 
information displaces roughly an order of magnitude more predictions than removing semantic structure, which 
instead refines a representation temporal encoding has already organised, confirming that unified temporal–
semantic representations shape the clinical decisions a deployed model would support. Architectural evaluation 
demonstrates that asymmetric, complex-valued embeddings with explicit temporal decomposition outperform 
both simpler and more recent alternatives.
Conclusion  TSKG-ICU establishes temporal–semantic knowledge graph embeddings as a new paradigm for ICU 
readmission prediction. By leveraging complete ICU timelines and grounding clinical events in a shared semantic 
space, this approach provides a clinically meaningful foundation for identifying high-risk patients and supporting 
critical care decision-making.
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Abbreviations
AI	� Artificial Intelligence
DOD	� Date of Death
DRON	� The Drug Ontology
EHR	� Electronic Health Record(s)
GNN	� Graph Neural Network
GRU	� Gated Recurrent Unit
ICD-9	� International Classification of Diseases, 9th Modification
ICU	� Intensive Care Unit
KG	� Knowledge Graph
KGE	� Knowledge Graph Embedding
LOINC	� Logical Observation Identifiers Names and Codes
LR	� Logistic Regression
LSTM	� Long Short-Term Memory
ML	� Machine Learning
MRR	� Mean Reciprocal Rank
NCIt	� National Cancer Institute Thesaurus
NDC	� National Drug Code
ODE	� Ordinary Differential Equation
OWL	� Web Ontology Language
PR-AUC/AUPRC	� Area Under the Precision{Recall Curve
RF	� Random Forest
ROC-AUC/AUROC	� Area Under the Receiver Operating Characteristic Curve
RxNorm	� Normalized naming system for clinical d
TKG	� Temporal Knowledge Graph
TKGE	� Temporal Knowledge Graph Embedding
TSKG	� Temporal-Semantic Knowledge Graph
TSKGE	� Temporal-Semantic Knowledge Graph Embedding
XGB/XGBoost	� Extreme Gradient Boosting

Introduction

Artificial intelligence (AI) plays an increasingly important role in intensive care units (ICU), where timely and 
precise decision-making determines patient outcomes. However, most AI-based applications in critical care miss 
the opportunity to explicitly leverage the semantic relationships among complex physiological states, prescrip-
tions, interventions, and care processes. Conversely, emerging approaches that incorporate rich clinical semantics 
into electronic health records (EHRs), such as those based on knowledge graphs (KGs), fail to capture the time-
dependent nature of critical care. This disconnect reveals a fundamental gap: AI methods must be both semantic 
and time-aware, capable of reasoning about what clinical events mean and how they evolve. Unplanned ICU 
readmissions represent a particularly challenging prediction task within this context, arising from complex inter-
actions amongst physiological, therapeutic, and procedural factors during a patient’s stay, and closely associated 
with patient deterioration, increased mortality, prolonged hospitalisation, and greater financial costs to healthcare 
institutions [1, 2] .

Risk however does not reside in any single measurement; it emerges from how events interact and unfold 
across a stay. Accurately predicting ICU readmissions therefore requires models that capture not only the timing 
of laboratory abnormalities, medication administrations, and procedural interventions, but also the interactions 
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and relations amongst these factors throughout a patient’s stay. EHRs capture both, encoding clinical variables 
using standardised vocabularies such as ICD, LOINC, and RxNorm [3, 4]. Nonetheless, their structure prioritises 
documentation over reasoning, leaving important semantic relationships between clinical entities implicit. A 
diagnosis of acute myocardial infarction may be followed by aspirin prescription or coronary angiography, yet the 
EHR does not explicitly encode that aspirin is an antiplatelet therapy typically used to treat myocardial infarction, 
nor that angiography is a diagnostic procedure commonly performed in this context. Without these explicit links, 
models must infer relationships from data alone, limiting their ability to interpret patient trajectories.

Capturing temporal dynamics presents a parallel challenge. EHRs record time as absolute timestamps, either 
as single events or start–end intervals, and collect different data types at vastly different granularities: laboratory 
tests such as serum lactate every few hours, vital signs such as heart rate every minute, and medication admin-
istrations such as intravenous norepinephrine with precise start and end times. These heterogeneous temporal 
patterns make it difficult for conventional models to reconstruct the ordering, duration, and proximity of clinical 
events, and the difficulty compounds when trajectories of different lengths must be compared. Existing work has 
largely addressed these two problems separately: temporal representations capture how events unfold but treat 
clinical concepts as opaque entities, while semantic representations capture the relationships between concepts 
but describe a static snapshot.

We introduce TSKG-ICU, a framework that jointly models the timing and clinical meaning of events in ICU 
patient trajectories through temporal–semantic knowledge graph embeddings, enabling improved prediction of 
unplanned readmission. By encoding time relationally rather than sequentially, this design places all patient 
trajectories within a common representational space, allowing direct comparison across ICU stays with differ-
ent lengths, event densities, and clinical profiles. This does not conflict with other temporal models, such as 
time-series approaches, but rather addresses a representational requirement they are not designed to meet: the 
simultaneous embedding of heterogeneous clinical events, ontological knowledge, and temporal relations within 
a unified relational space. Our contributions are: (i) a methodology for constructing temporal–semantic clinical 
KGs from ICU-specific EHR data; (ii) an evaluation of TKGE methods for ICU readmission prediction; and (iii) 
an in-depth analysis of the distinct and combined effects of temporal and semantic structure on classification 
performance. With this approach, TSKG-ICU matches or surpasses reported state-of-the-art ICU readmission 
prediction performance whilst avoiding temporal bias and leveraging clinical semantic knowledge, making it 
more suitable for prospective clinical deployment.

Related work

The application of machine learning to electronic health records (EHR) spans risk stratification, diagnosis sup-
port, and outcome prediction across critical care settings [3, 4]. Within this domain, predicting unplanned ICU 
readmission is widely recognized as vital for patient care and resource management [5, 6]. Unplanned readmis-
sion is typically framed as binary classification over a post-discharge window most commonly 30 days as in our 
work [7–9], though shorter or alternative horizons like 72-hour are also explored [10].

Existing readmission models differ particularly in how they handle time. A first line of work restricts model 
inputs to fixed pre-discharge windows, such as the final 24 to 48 hours of a stay, using conventional classifiers 
or LSTMs [7, 10]. While computationally convenient, this approach discards early clinical trajectory and fails 
across variable lengths of stay. A second line models full patient trajectories using sequence-aware architectures 
such as GRU encoders, multi-task models, attention mechanisms, or neural ODEs over multimodal data [9, 
11–13]. While these models demonstrate that sequence structure improves prediction, they share a key limita-
tion: clinical events are treated as isolated sequences rather than semantically related entities. Relations between 
diagnoses, procedures, and prescriptions are not explicitly represented and must instead be inferred purely from 
co-occurrence.
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Knowledge Graphs (KGs) and KG embeddings address this representational gap by organizing entities into 
structured networks governed by biomedical ontologies [14–17]. In healthcare, KGs have been developed and 
applied for tasks such as cohort discovery, patient trajectory modelling, or readmission analysis [18–20]. How-
ever, clinical KGs are almost exclusively static; they provide a semantic scaffold of what occurred without repre-
senting when events happened, omitting the temporal signals crucial for clinical risk prediction.

Temporal Knowledge Graphs (TKGs) offer a principled route to unifying both paradigms by attaching validity 
times or intervals to each edge [21–23]. This structure maps naturally onto EHR data, where clinical events occur 
either at discrete time points (a laboratory test, a procedure) or across extended intervals (a course of antibiot-
ics, ventilator use), enabling the integration of biomedical knowledge with dynamic patterns of care [24]. Con-
sequently, Temporal Knowledge Graph Embedding (TKGE) methods learn representations that jointly encode 
relational structure and event timing, rather than treating time or semantics as independent annotations [25].

Several TKGE architectures descend directly from static formulations, extending an existing scoring func-
tion with a temporal component. Translational models extend TransE by treating time either as a relational shift 
vector (T-TransE) [26] or as a sequence processed by a recurrent encoder (TA-TransE) [27]; bilinear models 
apply similar recurrent extensions to DistMult (TA-DistMult) [27]; and tensor factorization models treat time 
as a fourth decomposition mode over quadruples, with T-ComplEx modulating relations by a temporal factor 
and TNT-ComplEx separating static from time-varying components [28]. Recent refinements further expand 
these lineages: TeAST [29] maps relations onto an Archimedean spiral timeline to reduce temporal completion 
to lower-order tensor factorization while preserving relational properties, whereas TCompoundE [30] composes 
relation- and time-specific translation and scaling operations. We adopt these scoring-function-based architec-
tures in TSKG-ICU because each preserves a direct correspondence with a non-temporal counterpart, allow-
ing the empirical contribution of the temporal component itself to be isolated. Beyond these lineages the field 
has recently diversified considerably: the broader TKGE field spans GNN and autoregressive snapshot models, 
continuous-time temporal point processes, hypercomplex and non-Euclidean geometries [31], as well as induc-
tive methods designed for unseen entities [32, 33]. These methods are, however, developed and benchmarked 
almost entirely on historical and geopolitical event corpora, where time is absolute and the graph is open-world 
and incomplete, assumptions that do not transfer to clinical data.

Taken together, existing literature leaves a clear gap on both sides: ICU readmission models capture temporal 
dynamics but ignore clinical semantics; clinical KGs capture semantics but omit temporal evolution; and TKGE 
architectures, which could in principle unify the two, rest on temporal assumptions incompatible with ICU data. 
TSKG-ICU addresses this gap by encoding ICU events relative to admission within an ontology-grounded tem-
poral knowledge graph, learning representations in which the timing and clinical meaning of events are optimized 
jointly rather than modelled separately.

Methods

In TSKG-ICU we formulate ICU readmission prediction as binary classification at the ICU stay level, where the 
task is to predict 30-day unplanned readmission following discharge. TSKG-ICU achieves this through three 
methodological stages (Overview on Fig. 1). First, we encode all clinical events from each ICU stay as a tempo-
ral–semantic knowledge graph, anchoring events to relative time (hours since admission) whilst linking them to 
biomedical ontology concepts. This creates a shared representational space where temporal position within the 
ICU timeline becomes directly comparable regardless of total length of stay. Second, we apply state-of-the-art 
TKGEs to learn patient representations that capture latent clinical and temporal dependencies. Third, we use 
these embeddings combined with demographic features as input to supervised learning models for ICU readmis-
sion prediction.



Article in Press

BMC Medical Informatics and Decision Making

https://doi.org/10.1186/s12911-026-03856-9

Fig. 1  Overview of the temporal–semantic modelling workflow for ICU readmission prediction. The framework comprises: 
(1) construction of a temporal–semantic knowledge graph through data extraction, semantic annotation and enrichment, tem-
poral encoding, and temporal-semantic triple generation; (2) learning temporal knowledge-graph embeddings that capture 
latent temporal–semantic structure in patient trajectories; and (3) supervised prediction using patient embeddings combined 
with demographic features
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Data and pre-processing

Data source and extraction

We employed the MIMIC-III database [5], an open-access collection of de-identified EHR data covering more 
than 60,000 admissions at the Beth Israel Deaconess Medical Center between 2001 and 2012. MIMIC-III pro-
vides detailed, multimodal clinical information suitable for constructing TSKGs. It includes structured coded 
diagnoses and procedures (International Classification of Diseases 9th Modification (ICD-9)), prescriptions 
(The Drug Ontology (DRON)), and laboratory tests (coded with Logical Observation Identifiers Names and 
Codes (LOINC)), as well as unstructured free-text notes of admission diagnosis, linked by patient and admission 
identifiers.

From the database, we extracted information from five main domains relevant to ICU trajectories. Structured 
coded events included: (i) diagnoses (DIAGNOSES_ICD, ICD-9), (ii) procedures (PROCEDURES_ICD, ICD-
9), (iii) prescriptions (PRESCRIPTIONS, NDC), and (iv) laboratory tests (LABEVENTS, LOINC). In addition, 
unstructured free-text admission diagnoses (v) were extracted from the ADMISSIONS table and incorporated 
after standardization and annotation. Each clinical event was associated with a timestamp, with prescription 
records modelled as time intervals using their start and end times. Notably, the temporal resolution in MIMIC-
III frequently reaches the minute level, contrasting with the day- or year-scale timestamps commonly assumed 
in temporal graph models [26–28]. Additional temporal anchors, including ICU admission (Admission_Time), 
discharge (Discharge_Time), and date of death (DOD), together with demographic descriptors such as age, biologi-
cal sex, ethnicity, and insurance type, were extracted from the ADMISSIONS table to complement graph-based 
features.

Cohort definition and exclusion criteria

Following established approaches [7–9], we evaluate TSKG-ICU on a large adult ICU cohort obtained from the 
MIMIC-III database, focusing on the prediction of unplanned ICU readmission in accordance with our problem 
formulation. ICU stays were the unit of analysis and were treated as bounded episodes defined by admission 
(Admission_Time) and discharge (Discharge_Time) timestamps. Each stay was labelled as positive if followed 
within 30 days by unplanned ICU readmission, post-discharge death, or transfer to another ICU under equivalent 
criteria, consistent with established clinical definitions. All remaining stays were treated as negative instances. 
Importantly, because MIMIC-III is a single-center database, the negative class likely includes unobserved posi-
tives. Readmissions occurring at other hospitals are not captured in the database, resulting in a form of outcome 
under-ascertainment common to single-centre EHR studies. While this bias cannot be quantified directly from 
the data itself as out-of-network readmissions are, by definition, unobserved, and MIMIC-III’s de-identification 
prevent access to patient’s information, it is a shared limitation with prior work using the same cohort and out-
come definition [7–9]

We excluded pediatric stays (under 18 years of age) since patients are managed under distinct care protocols. 
Additionally, stays ending in in-ICU death were excluded as individuals who die during their ICU stay are, by 
definition, not eligible for readmission. For records with missing death dates (DOD), survival was assumed 
unless readmission criteria were met. Following previously established guidelines [23], clinical events were 
strictly restricted to the window between ICU Admission_Time and ICU Discharge_Time, ensuring that the 
graph captures solely the clinically relevant, temporally bounded events associated with each stay.

After applying these criteria, the final cohort comprises 53,330 ICU stays, including 13,605 readmissions 
(25.5%) and 39,725 non-readmissions (74.5%). This level of class imbalance is consistent with prior ICU read-
mission studies [7, 9, 34–37] and reflects real-world clinical populations, presenting a challenging and clinically 
realistic setting.
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Data preprocessing and cleaning

Although the data includes both structured terminological codes and unstructured clinical text, raw EHR entries 
are subject to inconsistencies, formatting errors, and variability in clinical documentation. To mitigate these 
issues prior to TSKG construction, we applied targeted preprocessing and normalisation steps. For structured 
data, empty entries were removed, and malformed codes were corrected to comply with terminology specifica-
tions. For free-text fields, non-informative or malformed entries (e.g., short, non-informative symbols) were 
excluded, whilst incomplete but clinically meaningful text was retained. When multiple clinical concepts were 
recorded within a single entry, they were separated to allow independent annotation.

Initially, the cohort included 31,979,551 ICU events across diagnoses, prescriptions, laboratory results, and 
procedures. After applying all exclusion criteria and preprocessing steps, the volume was refined to 3,110,254 
events distributed across five entity types: 84,746 initial diagnoses, 1,098,849 drug prescriptions, 1,868,665 lab-
oratory events, 44,782 final diagnoses, and 13,212 procedures. Following temporal annotation (described in 
Section “Temporal annotation”), the total number of time-stamped triples increased to 11,207,832. Table 1 sum-
marises the entity distribution across sequential data preparation stages. These normalisation steps ensure con-
sistent alignment between raw EHR data and ontology concepts, providing the necessary foundation for TSKG 
construction and embedding learning.

Temporal-semantic KG construction

Our TSKG-ICU framework builds on and extends a previously proposed methodology to represent patient trajec-
tories as TKGs [23]. Whilst the original framework, applied to general hospital admissions, supported multiple 
KG variants, we adapt it here to construct a unified temporal–semantic graph for ICU data.

Semantic annotation

Semantic annotation serves as the foundation for constructing the TSKG. All diagnoses, procedures, laboratory 
tests, and prescriptions are mapped to National Cancer Institute Thesaurus (NCIt) concepts, which provide broad 
biomedical coverage and a coherent semantic space for heterogeneous EHR data.

For coded entries (ICD-9 diagnoses and procedures, LOINC laboratory tests, and NDC drug codes), annotation 
is performed using a string-based matching approach between clinical code descriptions provided in MIMIC-III 
and NCIt concept labels and synonyms. This process relies on lexical normalisation (e.g., case folding and punc-
tuation removal) and exact or high-confidence partial matches, quantified by a normalized similarity score 

	
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1, 𝑠𝑠2) =

2𝑀𝑀𝑀𝑀𝑀1, 𝑠𝑠2)
|𝑠𝑠1| + |𝑠𝑠2| � (1)

Table 1  Entity distribution across sequential data preparation stages used in temporal–semantic graph construction
Entity Type Clean MIMIC-III ICU Window Temporally Annotated
Initial Diagnoses 84,746 84,746 84,740
Drug Prescriptions 4,151,991 1,098,849 1,672,073
Laboratory Events 26,851,670 1,868,665 9,393,025
Final Diagnoses 651,048 44,782 44,782
Procedures 240,096 13,212 13,212
Total 31,979,551 3,110,254 11,207,832
The clean MIMIC-III dataset includes all processed clinical events, ICU window restricts these to the time span of ICU stays, and temporally 
annotated corresponds to processed temporal annotations
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where 𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑀𝑀𝑀𝑀 is the length of the longest matching subsequence between strings 𝑠𝑠1 and 𝑠𝑠2, and matches are 
accepted when 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠1, 𝑠𝑠2) > 𝜏𝜏  (with 𝜏𝜏  = 0.75 in our implementation). Because these entries already rely on stan-
dardised vocabularies, direct label matching provides an efficient and reliable mechanism for alignment [38].

For the semantic annotation of free-text elements, such as admission diagnoses, we employ a language model-
based concept matching. We use a transformer matching approach, which provides robust coverage in the pres-
ence of variable clinical language and achieves high performance [39, 40]. Each free-text entry 𝑡𝑡 is encoded using 
the pre-trained sentence transformer multi-qa-mpnet-base-dot-v1 (fine-tuned version is available at 
HuggingFace), and cosine similarity is computed against similar representations 𝑓𝑓𝑓𝑓𝑓𝑓 of NCIt concepts 𝑐𝑐. Let 𝑓𝑓𝑓⋅) 
denote the embedding function; we compute 

	
sim(𝑡𝑡𝑡 𝑡𝑡𝑡 𝑡 𝑓𝑓𝑓𝑓𝑓𝑓 ⋅ 𝑓𝑓𝑓𝑓𝑓𝑓

‖𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑓𝑓𝑓𝑓𝑓𝑓𝑓 � (2)

and select the most similar concept 

	
𝑐𝑐∗(𝑡𝑡𝑡 𝑡 argmax

𝑐𝑐∈𝒞𝒞
sim(𝑡𝑡𝑡 𝑡𝑡𝑡� (3)

subject to sim(𝑡𝑡𝑡 𝑡𝑡∗(𝑡𝑡𝑡𝑡 ≥ 𝜏𝜏 , where 𝜏𝜏  is a predefined similarity threshold. The most similar concept exceeding this 
threshold is selected as the mapped ontology class. This process captures semantic similarity beyond surface-
level string overlap, resulting in improved coverage of clinically relevant concepts (83.5% of NCIt concepts can 
be mapped with lexical similarity, whereas the transformer-based approach increases this to 96.2%).

Ontology Layer integration

Ontology classes and their hierarchical relations (subClassOf, equivalentClass) are incorporated into the graph 
following the semantic enrichment procedure described in the base method [23]. However, while the original 
framework implicitly linked ontology entities to patient-level data, it did not explicitly formalise how these 
two layers interact. In TSKG-ICU, we make this connection explicit by adopting OWL punning [41], allowing 
ontology classes to function simultaneously as categories and as graph individuals. This allows the same node 
to participate in patient-level assertions and ontology-level relations, ensuring a coherent alignment between the 
semantic information and the clinical facts represented in the graph. This clarification preserves the semantic 
depth of the original approach while establishing a more explicit and consistent integration of ontology knowl-
edge with patient trajectories.

Triples generation

In TSKG-ICU, triple generation is explicitly restricted to the ICU stay window as stated in Section “Data prepro-
cessing and cleaning”. Under this constraint, patient-level triples (𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) take the general form: 

	 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = (𝑠𝑠𝑠 𝑠𝑠𝑠 𝑠𝑠𝑠

where 𝑠𝑠 is the patient’s ICU stay, 𝑟𝑟 is a relation (hasInitialDiagnosis, hasFinalDiagnosis, hasProcedure, hasLab 
or hasPrescription and 𝑐𝑐 is the NCIt concept describing an event during the stay. These triples collectively encode 
the diagnostic, procedural, laboratory, and pharmacological events that define the clinical course of each ICU 
episode. In addition to patient-level triples, the graph includes ontology-level triples (𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜) derived from NCIt, 
which represent the hierarchical structure of biomedical concepts. These take the form: 

	 𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = (𝑐𝑐𝑖𝑖, 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑗𝑗)

https://huggingface.co/sentence-transformers/multi-qa-mpnet-base-dot-v1
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where relation corresponds to either subClassOf or equivalentClass and 𝑐𝑐𝑖𝑖 and 𝑐𝑐𝑗𝑗 correspond to NCIt classes. 
Together, the patient-level and ontology-level triples provide the factual backbone of the temporal–semantic 
graph prior to temporal annotation.

Temporal annotation

A key innovation is the introduction of a uniform temporal encoding strategy tailored to Temporal-Semantic 
Knowledge Graph Embedding (TSKGE) models. This is essential for supporting the direct comparison of patient 
trajectories. Without temporal encoding, embeddings either lose temporal information entirely or anchor to abso-
lute time, preventing the identification of similar patterns across patients with different temporal trajectories. 
All event timestamps are normalised relative to a reference time 𝜏𝜏ref, which corresponds to the admission time 
(Admission_Time = 0) and is discretised into hourly bins. While this discretization inevitably discards exact event 
ordering and co-occurrence patterns within a single hour, it balances temporal expressiveness and computational 
efficiency. Interval events are represented by their start times, while ontology-level edges receive time 0 to reflect 
their static nature. This temporal layer is a novel contribution specifically designed to support downstream time-
aware embedding architectures, ensuring that temporal ordering and event proximity are consistently represented 
across patients. The final formulation of the triples is as follows:

	 𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = (𝑠𝑠𝑠 𝑠𝑠𝑠 𝑠𝑠𝑠 𝜏𝜏ref) | 𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = (𝑐𝑐𝑖𝑖,𝑟𝑟𝑟𝑟𝑟  𝑗𝑗, 0)� (4)

In Fig. 2 we illustrate how a patient’s trajectory with nine events is normalised and grouped into distinct hourly 
timestamps. Most importantly, the figure demonstrates how temporal decomposition captures repeated events 

Fig. 2  Temporal encoding strategies for event annotation. Comparison of three representations for clinical event timing: 
(1) without temporal information, (2) original timestamps, and (3) relative timestamps. The figure illustrates how temporal 
encoding influences event granularity, graph size, and trajectory understanding within the TKG
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(e.g., multiple administrations of salbutamol) that would otherwise collapse into a single patient event without 
temporal information.

Final TSKG characteristics

The complete TSKG-ICU construction process yielded a temporal–semantic knowledge graph with over 11 mil-
lion triples representing more than 60,000 admissions and over 200,000 biomedical concepts extracted from 
the NCIt ontology. Each triple corresponds either to a patient event (e.g., patient - has_Diagnosis→Myocardial 
Infarction) or to an ontology-level statement (e.g., Myocardial Infarction - subClassOf→Cardiovascular Dis-
ease). Semantic annotation successfully connected 3,015,508 coded entities directly mapped from their origi-
nal MIMIC vocabularies to NCIt (e.g., Metoprolol | DRON: 74,277,825→NCIt: C61845), whilst the remaining 
84,746 entities from clinical notes were annotated using language model-based concept matching (e.g., ”Acute 
Myocardial Infarction”→NCIt: C35204). Semantic enrichment expanded the KG beyond direct patient annota-
tions by integrating the full NCIt biomedical ontology. As shown in Table 2, this enrichment introduced 232,157 
new ontology nodes and extended the total number of relation types from 5 to 7, connecting patient-level enti-
ties to their biomedical contexts through relations such as subClassOf and equivalentClass. Figure 1 (I.c) illus-
trates how this enrichment provides conceptual organization, enabling the simultaneous representation of factual 
patient-level events and higher-level semantic relationships between clinical concepts.

Temporal annotation, using relative time encoding with hourly bins referenced to ICU admission, increased 
patient events from 3,110,254 to 11,434,158 time-stamped triples. The resulting TSKG unifies ICU patients 
within a shared representational space, enabling comparison across both semantic and temporal dimensions. In 
Fig. 3 we present a representative sub-graph of the TSKG, illustrating how patient stays, ontology structure, and 
relative temporal annotations are jointly encoded within the unified temporal–semantic framework.

Embedding learning

The next stage of TSKG-ICU consists in learning low-dimensional vector representations that encode the tem-
poral ordering and semantic structure captured in the TSKG. TKGE models are trained to reconstruct the time-
stamped, ontology-enriched triples, projecting entities and relations into a continuous space where both what 
occurred and when it occurred are jointly preserved.

We place particular emphasis on the ComplEx family of embeddings [28, 42], which is well-suited to clini-
cal KGs due to its ability to model asymmetric and multi-relational patterns using complex-valued vector rep-
resentations. These properties make ComplEx and its temporal extensions especially appropriate for ICU data, 
where clinical events involve directional and non-commutative relations (e.g., medications administered after 
a diagnosis, procedures performed following a laboratory abnormality). Temporal variants such as T-ComplEx 
and, especially, TNT-ComplEx extend this formulation through temporal tensor factorization and time-dependent 
regularization, enabling the model to capture evolving relational structure over the course of an ICU stay.

Table 2  Structural characteristics of the temporal-semantic knowledge graph.graph
Before Semantic Enrichment After Semantic Enrichment

Patient Admissions 66,540 66,540
Ontology Classes 0 232,157
Properties 5 7
Triples w/o time* 3,110,254 3,342,411
Triples w/ time* 11,207,832 11,434,158
The table reports the number of entities, properties, and triples in the temporal KG prior to adding ontology classes and semantic relations, and 
after full temporal–semantic construction. *The total triple count is presented both with and without temporal information
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ComplEx [42] models static KGs by subjects, relations and objects in a complex-valued vector space, enabling 
the representation of asymmetric relations, where the subject and object factor vectors can share the parameters of 
values but are complex conjugates of each other. For a triple (s, r, o), the scoring function is defined as:

	 𝑓𝑓𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑠𝑠𝑠 𝑠𝑠𝑠 𝑠𝑠𝑠 𝑠 Re(𝐬𝐬𝐬 𝐬𝐬𝐬 𝐨𝐨)� (5)

where 𝐬𝐬𝐬 𝐬𝐬𝐬 𝐬𝐬 ∈ ℂ𝑑𝑑 are the subject, relation, and object, respectively, 𝐨𝐨 denotes the complex conjugate of the concept 
embedding, and Re(⋅) extracts the real part. This formulation captures rich semantic structure and relational asym-
metry but assumes all facts are time-invariant.

T-ComplEx [28] extends ComplEx by introducing time as an additional multiplicative factor in a four-way 
tensor factorization. In this setting, each temporal fact (𝑠𝑠𝑠 𝑠𝑠𝑠 𝑠𝑠𝑠 𝜏𝜏 ) corresponds to an entry in a fourth-order tensor 
indexed by subject, relation, object, and time, respectively. The scoring function is defined as:

	 𝑓𝑓𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇(𝑠𝑠𝑠 𝑠𝑠𝑠 𝑠𝑠𝑠 𝜏𝜏 ) = Re(⟨𝐬𝐬𝐬 𝐬𝐬𝐬 𝐨𝐨𝐨 𝐨𝐨𝜏𝜏 ⟩)� (6)

where 𝐬𝐬𝐬 𝐬𝐬𝐬 𝐬𝐬𝐬 𝐬𝐬𝜏𝜏 ∈ ℂ𝑑𝑑 and 𝐭𝐭𝜏𝜏  is the embedding associated with time 𝝉𝝉 . In this formulation, time is treated as a fourth 
tensor factor that modulates relational interactions, allowing relations to vary across discrete timestamps while 
remaining embedded in a shared temporal space.

TNT-ComplEx [28] further generalises the factorization by decomposing the temporal tensor into two cou-
pled components, enabling selective temporal modelling in heterogeneous KGs where only a subset of relations 
evolves over time. Each relation 𝑟𝑟 is factorised into a static component 𝐫𝐫 and a temporal component 𝐫𝐫 𝑡𝑡. The result-
ing scoring function is:

	 𝑓𝑓𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇(𝑠𝑠𝑠 𝑠𝑠𝑠 𝑠𝑠𝑠 𝜏𝜏 ) = Re(⟨𝐬𝐬𝐬 𝐬𝐬 𝑡𝑡 ⊙ 𝐭𝐭𝜏𝜏 + 𝐫𝐫𝐫 𝐨𝐨𝐨)� (7)

where ⊙ denotes element-wise multiplication. This formulation can be interpreted as the sum of the two ten-
sor factorizations: a static semantic tensor and a temporal interaction tensor. By separating persistent relational 

Fig. 3  Example sub-graph from the TSKG. Each green node represents an individual ICU stay linked to ontology concepts 
(purple) through clinically defined relations. Higher-level ontology connections (orange) arise from semantic enrichment, 
while temporal annotations are expressed as relative hours since admission, illustrating conversion from absolute timestamps 
to a unified temporal reference frame
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semantics from time-dependent effects, TNT-ComplEx supports expressive modelling of irregular, overlapping, 
and long-range temporal patterns without imposing temporal dynamics on relations that do not require them.

Model training setup

For contextual comparison, we additionally trained representative models from translational (TransE, T-TransE, 
TA-TransE) [26, 27, 43] and bilinear (DistMult, TA-DistMult) [27, 44] families. These serve as contrastive base-
lines, allowing us to assess how architectural assumptions (translation-based, symmetric, or asymmetric) influ-
ence temporal–semantic patient modelling.

To ensure this comparison also reflects recent advances in TKGE research, we additionally included two more 
recent models. TCompoundE [30], which extends the translational paradigm; and TeAST [29], which works with 
tensor-factorization. All models have publicly available implementations at OpenKE-GitHub, RENet-GitHub, 
Tkbc-GitHub, TCompoundE-GitHub and TeAST-GitHub.

All embedding models were trained with a shared embedding dimension (𝑑𝑑 𝑑 𝑑𝑑𝑑), following readmission 
prediction KGE literature [7, 8], alongside a fixed batch size (𝑏𝑏 𝑏 𝑏𝑏𝑏) and maximum epoch budget (𝐸𝐸 𝐸 𝐸𝐸𝐸), 
with early stopping on training loss stabilization). Fixing these core capacity-related hyperparameters isolates 
architectural and training-objective differences from confounding effects like model capacity or training dura-
tion. Crucially, maintaining a consistent embedding dimension (𝑑𝑑) enables a direct comparison with prior works 
using the same baseline for downstream prediction. Models belonging to the same base KGE family were trained 
with an identical optimizer, learning rate, and loss function, following standard reimplementation practice, so that 
performance differences primarily reflect their temporal modelling choices rather than unequal optimisation set-
tings or model-specific tuning. The full per-model training configuration, including optimizer, learning rate, loss 
function, and regularisation scheme for every evaluated architecture, is reported in Additional file 1 : Table S1.

Supervised learning

In TSKG-ICU, ICU readmission prediction is a binary node classification problem, consistent with established 
clinical criteria [7–9]. As mentioned before, each node corresponds to an individual adult ICU stay, and the label 
indicates whether the patient experiences an unplanned readmission within 30 days of discharge. Positive cases 
correspond to ICU stays followed within 30 days by unplanned ICU readmission, post-discharge death, or trans-
fer to another ICU under equivalent conditions, all in the MIMIC-III network. All remaining stays are treated as 
negative instances.

For all stays, demographic information (age, sex, ethnicity, insurance type) was extracted as features for down-
stream machine learning models. The final representation of each ICU stay combines demographic descriptors 
with the 300-dimensional embedding produced by the TKGE model. Age was retained as a continuous variable, 
while biological sex, ethnicity, and insurance type were expanded into one-hot representations (48 binary indica-
tors in total). When concatenated with the clinical embedding, this yielded a 349-dimensional feature vector for 
each stay.

To assess the predictive value of the learned representations, we trained three supervised learning models: 
Logistic Regression (LR) [45], Random Forests (RF) [46], and XGBoost (XGB) [47]. These models were selected 
because they provide a robust and interpretable evaluation of how well the TSKGEs support downstream predic-
tion. Moreover, all three classifiers are widely adopted in ICU readmission and clinical risk prediction studies [7, 
10, 48–51], allowing the comparison with prior work. For cross-validation, the dataset was partitioned into strati-
fied 10-fold splits to support the training and evaluation of the supervised models, ensuring that patients never 
appear simultaneously in training and test sets to prevent leakage. Classifier hyper-parameters were selected via 
an inner 5-fold validation to ensure consistent optimization across models, and performance was evaluated on the 
corresponding held-out test split.

https://github.com/thunlp/OpenKE
https://github.com/INK-USC/RE-Net
https://github.com/facebookresearch/tkbc
https://github.com/nk-ruiying/TCompoundE/tree/main
https://github.com/IMU-MachineLearningSXD/TeAST
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Model performance was evaluated using six complementary metrics: accuracy, area under the receiver oper-
ating characteristic curve (ROC-AUC), area under the precision–recall curve (PR-AUC), precision, sensitivity 
(recall), specificity and F1 score. Because standard accuracy can be misleading in imbalanced clinical settings, 
ROC-AUC and PR-AUC serve as primary solutions. ROC-AUC quantifies the ability to rank patients by relative 
risk across all classification thresholds, a critical property in imbalanced and cost-sensitive clinical settings. PR-
AUC offers a complementary perspective by focusing specifically on positive class performance. Precision and 
sensitivity further disentangle predictive behaviour, particularly on clinical settings, by measuring true positive 
correctness and retrieval coverage, respectively, with F1 score summarizing their harmonic mean. Differences 
across model outputs were evaluated using the Kruskal–Wallis test, with Dunn’s post-hoc comparisons and Bon-
ferroni correction applied where appropriate (𝑝𝑝< 0.05). All reported results correspond to mean ± standard devia-
tion across cross-validation folds.

All experiments were conducted on a single workstation with 12 CPU cores, 128 GB RAM, and an NVIDIA 
RTX 4090 GPU (24 GB VRAM; capped at 14 GB per job). Temporal embedding training required approximately 
34 to 48 hours per model, bounded by early stopping upon loss stabilization, whereas static baselines took only 2 
to 8 hours. Supervised classifier training across 10-fold cross-validation required far less compute: 10 to 20 min-
utes for LR and 3.4 to 3.6 hours for XGB and RF. This asymmetry reflects the underlying scale: tensor factor-
ization models like TNT-ComplEx [28] train over 𝑁𝑁 𝑁 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 TSKG triples at 𝒪𝒪𝒪𝒪𝒪 ⋅ 𝑑𝑑𝑑, whereas downstream 
classifiers operate on only 𝑛𝑛 𝑛 𝑛𝑛𝑛𝑛𝑛𝑛 ICU stays with a fixed 𝑝𝑝 𝑝 𝑝𝑝𝑝 dimensional feature vector. Because 𝑁𝑁 is over 
200 times larger than 𝑛𝑛, embedding training dominates overall computational cost.

Ablation studies

To isolate the separate contributions of temporal and semantic information, we introduce two controlled ablations 
of the full temporal–semantic graph: w/o time, temporal annotations removed, semantic structure preserved; and 
w/o semantic, semantic structure removed, temporal annotations preserved. These are implemented with Com-
plEx and TNT-ComplEx respectively, as the static and temporal members of the same architectural family.

These ablations are not alternative modelling paradigms; rather, they are systematic degradations introduced 
solely for analysis, enabling an empirical assessment of how temporal and semantic information influence the 
learned embedding representations and downstream predictive performance. Both variants follow the exact same 
construction and embedding training protocol, hyper-parameter settings, and supervised learning workflow as the 
full TSKG-ICU, and are evaluated across all three classifiers (LR, RF, and XGB), ensuring that any observed dif-
ferences arise from representational changes rather than differences in model training or evaluation. Predictions 
are thresholded at the default decision boundary of 0.5 throughout.

Beyond downstream classification, we assess representation quality through link prediction on held-out patient-
level triples, reporting Mean Reciprocal Rank (MRR) and Hits@𝑘𝑘 (𝑘𝑘 ∈ {1, 3, 10}) across the complete graph and 
its ablated variants. Following the standard filtered evaluation protocol [28], candidate entities are ranked after 
removing known true entities, while shared ontology-level triples are excluded.

To complement this evaluation, we also analyse model behaviour directly at the patient trajectory level, exam-
ining individual ICU stays in which the complete and ablated configurations diverge in their predictions.

Results

Predicting ICU readmission with temporal semantics

To evaluate the effectiveness of temporal–semantic knowledge graph embeddings, we compare multiple TKGE 
architectures against a demographic-only baseline across three supervised learning models. This first analysis 
addresses two questions: do temporal–semantic representations improve prediction over conventional features, 
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and which embedding architectures best leverage the relational and temporal structure necessary for accurate 
readmission prediction.

Table 3 summarises the performance of the three classifiers (LR, RF, and XGB) across baseline features and 
multiple TKGE architectures. Given the class imbalance in this cohort, we report PR-AUC and F1-score along-
side ROC-AUC, as ROC-AUC alone can be insensitive to majority-class overestimation in imbalanced settings. 
In all classifiers, TSKGE-based models outperform the baseline, indicating that temporal and semantic informa-
tion extracted from the TSKG contributes substantially to improving ICU readmission prediction. The baseline 
model exhibit modest performance (ROC-AUC≈0.60, PR-AUC≈0.34, F1≈0.42), reflecting the limitations of raw 
EHR features. All KG-based embeddings exceed this baseline, demonstrating that structured temporal–semantic 
representations capture clinically meaningful patterns that are missing from conventional inputs.

Among the architectures evaluated, TNT-ComplEx is consistently the strongest embedding within every clas-
sifier, achieving the highest ROC-AUC, PR-AUC, and F1-score in each case (Table 3). This advantage holds 
under PR-AUC and F1, metrics sensitive to majority-class overestimation, confirms it is not an artefact of ROC-
AUC alone. It also holds against more recent architectures trained under the same pipeline: TeAST and TCom-
poundE achieve competitive results, particularly TCompoundE under XGB (ROC-AUC 0.783, PR-AUC 0.632), 
but neither surpasses TNT-ComplEx on any classifier. Like its static counterpart, ComplEx, TNT-ComplEx lever-
ages asymmetric relations effectively, which is crucial for handling clinical KGs, where relations are often asym-
metric and directed. It is also capable of capturing higher-order interactions among entities, relations, and time 
simultaneously, which is a crucial feature when modelling the complex clinical phenomena that underlie ICU 
stays. Considering its consistent performance across classifiers, we focused on the TNT-ComplEx model for the 
subsequent studies.

Table 3  ICU readmission prediction performance
ML Embedding Acc. AUROC AUPRC Prec. Spec. Sens. F1
LR T-TransE 0.748 ±0.002 0.652 ±0.010 0.390 ±0.011 0.566 ±0.037 0.987±0.001 0.051 ±0.006 0.094 ±0.01

TA-TransE 0.762 ±0.003 0.701 ±0.008 0.491 ±0.006 0.660 ±0.024 0.975 ±0.002 0.140 ±0.012 0.231 ±0.017
TA-DistMult 0.791 ±0.005 0.760 ±0.007 0.584 ±0.012 0.682 ±0.02 0.946 ±0.004 0.341 ±0.012 0.455 ±0.013
T-ComplEx 0.806 ±0.002 0.776 ±0.009 0.624 ±0.011 0.730 ±0.011 0.952 ±0.003 0.383 ±0.009 0.502 ±0.007
TNT-ComplEx 0.810±0.004 0.786±0.009 0.641±0.01 0.742±0.014 0.953 ±0.003 0.395±0.016 0.515±0.015
TeAST 0.799 ±0.003 0.774 ±0.007 0.603 ±0.008 0.721 ±0.015 0.954 ±0.004 0.349 ±0.006 0.470 ±0.004
TcompoundE 0.804 ±0.003 0.778 ±0.008 0.621 ±0.008 0.731 ±0.013 0.954 ±0.003 0.368 ±0.011 0.490 ±0.01

RF T-TransE 0.688 ±0.007 0.647 ±0.009 0.380 ±0.014 0.388 ±0.014 0.791 ±0.007 0.388 ±0.023 0.388 ±0.018
TA-TransE 0.696 ±0.006 0.688 ±0.006 0.432 ±0.008 0.419 ±0.007 0.765 ±0.011 0.495 ±0.024 0.454 ±0.006
TA-DistMult 0.742 ±0.004 0.752 ±0.006 0.538 ±0.010 0.495 ±0.007 0.811 ±0.009 0.541 ±0.016 0.517 ±0.006
T-ComplEx 0.756 ±0.003 0.757 ±0.006 0.563 ±0.009 0.521 ±0.008 0.833 ±0.005 0.529 ±0.011 0.525 ±0.007
TNT-ComplEx 0.761±0.004 0.770±0.005 0.589±0.008 0.530±0.008 0.835±0.005 0.545±0.013 0.538±0.009
TeAST 0.741 ±0.002 0.754 ±0.006 0.542 ±0.013 0.493 ±0.004 0.808 ±0.005 0.544 ±0.012 0.517 ±0.006
TcompoundE 0.718 ±0.006 0.702 ±0.008 0.467 ±0.007 0.449 ±0.011 0.808 ±0.009 0.456 ±0.017 0.452 ±0.011

XGB T-TransE 0.494 ±0.007 0.643 ±0.009 0.389 ±0.013 0.315 ±0.016 0.431 ±0.069 0.759±0.057 0.444 ±0.006
TA-TransE 0.638 ±0.037 0.697 ±0.009 0.470 ±0.010 0.381 ±0.024 0.636 ±0.072 0.645 ±0.067 0.476 ±0.008
TA-DistMult 0.726 ±0.004 0.765 ±0.007 0.586 ±0.010 0.471 ±0.006 0.764 ±0.007 0.617 ±0.015 0.535 ±0.008
T-ComplEx 0.748 ±0.007 0.773 ±0.010 0.616 ±0.010 0.505 ±0.012 0.798 ±0.011 0.601 ±0.014 0.549 ±0.009
TNT-ComplEx 0.758±0.008 0.785±0.007 0.635±0.007 0.522±0.015 0.809±0.016 0.608 ±0.02 0.561±0.008
TeAST 0.740 ±0.009 0.776 ±0.006 0.606 ±0.007 0.494 ±0.012 0.780 ±0.019 0.625 ±0.027 0.551 ±0.008
TcompoundE 0.753 ±0.007 0.783 ±0.007 0.632 ±0.011 0.515 ±0.012 0.803 ±0.017 0.608 ±0.026 0.557 ±0.009
Baseline 0.537 ±0.010 0.603 ±0.008 0.335 ±0.011 0.307 ±0.007 0.498 ±0.016 0.650 ±0.020 0.417 ±0.010

mean and standard deviation (10-fold cross-validation) of accuracy (acc.), ROC-AUC (AUROC), PR-AUC (AUPRC), precision (prec.), specific-
ity (spec.), sensitivity or recall (sens.), and F1-score, for Logistic Regression (LR), Random forest (RF), and XGBoost (XGB) classifiers trained 
on TKG embeddings. For all metrics, higher values indicate better performance. Bold values denote the best value per metric within each 
classifier
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Across the remaining embedding families, TransE- and DistMult-based temporal models showed limited abil-
ity to capture the complexity of clinical trajectories. Temporal TransE variants delivered the weakest perfor-
mance, reflecting the difficulty of modelling heterogeneous and asymmetric clinical relations through simple 
vector translations. Notably, TA-TransE outperformed T-TransE, indicating that the specific mechanism used to 
incorporate time (LSTMs) to encode temporal sequence rather than direct translation, has a measurable impact on 
model effectiveness. TA-DistMult achieved more competitive results overall, yet its inherent symmetry assump-
tion restricts its ability to represent directed and semantically layered interactions. Although both families bene-
fited from incorporating temporal information and improved over the baseline, they were ultimately less effective 
at leveraging temporal–semantic structure than the ComplEx-based models.

Extending beyond the two questions posed above, no single classifier dominates, and the differences between 
them are clinically consequential. LR attains the highest accuracy (0.810), ROC-AUC (0.786), PR-AUC (0.641), 
and precision (0.742), but the lowest sensitivity (0.395), recovering fewer than two in five true readmissions. 
XGB achieves near-identical ranking quality (ROC-AUC 0.785, PR-AUC 0.635) yet substantially higher sen-
sitivity (0.608) and F1 (0.561), trading precision for recall. RF sits between the two on sensitivity (0.545) and 
F1 (0.538), with weaker ranking performance overall (ROC-AUC 0.770, PR-AUC 0.589). Since PR-AUC is 
threshold-independent and effectively equivalent for LR and XGB, the divergence in sensitivity reflects where 
each classifier’s predicted probabilities fall relative to the default 0.5 decision boundary rather than a difference 
in what the embeddings encode.

This distinction carries direct clinical weight, and it is one that global metrics alone cannot express. ROC-AUC 
and PR-AUC summarise performance across all operating points and are therefore silent on the errors a deployed 
model would actually make at a given threshold. In readmission prediction the two error types are not equivalent: 
a false positive delays a discharge and consumes observation resources, whereas a false negative discharges a 
patient who subsequently deteriorates and is readmitted, incurring precisely the mortality and prolonged-stay 
risks that motivate the task. This asymmetry favours over-flagging, and therefore favours sensitivity over preci-
sion. On this criterion XGB is the stronger choice and LR the weaker, despite their near-identical overall per-
formance. We therefore retain all three classifiers throughout the ablation and patient-level analyses that follow, 
rather than designating a single reference model, since the determining factor is tolerance for each error type 
rather than any property of the embeddings.

Ablation studies

The results of the ablation study presented in Table 4 highlight the contributions of temporal and semantic infor-
mation in our ICU readmission approach. Removing the temporal component (“w/o time”), which corresponds to 
employing a KG without temporal annotations on edges, leads to the largest drop in performance across all three 

Table 4  Ablation studies
ML Model Acc. AUROC AUPRC Prec. Spec. Sens. F1
LR w/o time 0.791 ±0.004 0.760 ±0.008 0.553 ±0.01 0.686 ±0.017 0.948 ±0.005 0.334 ±0.013 0.449 ±0.012

w/o semantics 0.807 ±0.003 0.782 ±0.008 0.628 ±0.013 0.730 ±0.016 0.951 ±0.004 0.385 ±0.014 0.504 ±0.012
complete 0.810±0.004 0.786±0.009 0.641±0.011 0.742±0.014 0.953±0.003 0.395±0.016 0.515±0.015

RF w/o time 0.776±0.005 0.757 ±0.006 0.560 ±0.009 0.572±0.013 0.878±0.006 0.477 ±0.011 0.520 ±0.010
w/o semantics 0.752 ±0.003 0.763 ±0.006 0.571 ±0.006 0.514 ±0.007 0.825 ±0.007 0.540 ±0.012 0.527 ±0.006
complete 0.761 ±0.004 0.770±0.005 0.589±0.008 0.530 ±0.008 0.835 ±0.005 0.545±0.013 0.538±0.009

XGB w/o time 0.732 ±0.005 0.768 ±0.005 0.578 ±0.009 0.481 ±0.008 0.769 ±0.009 0.623±0.018 0.543 ±0.009
w/o semantics 0.753 ±0.006 0.781 ±0.008 0.625 ±0.007 0.513 ±0.009 0.803 ±0.014 0.607 ±0.027 0.556 ±0.011
complete 0.758±0.008 0.785±0.007 0.635±0.007 0.522±0.015 0.809±0.016 0.608 ±0.020 0.561±0.008

Performance comparison of complete TSKG-ICU versus ablated configurations across all three classifiers, reporting accuracy (acc.), ROC-
AUC (AUROC), PR-AUC (AUPRC), precision (prec.), specificity (spec.), sensitivity (Sens.), and F1-score. Mean ± standard deviation over 
10-fold cross-validation. Bold values denote the best value per metric within each classifier
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classifiers, with ROC-AUC falling from 0.786 to 0.760 under LR, 0.770 to 0.757 under RF, and 0.785 to 0.768 
under XGB. This demonstrates that modelling the temporal evolution of facts is crucial for capturing dynamic 
patterns in the knowledge graph. Excluding semantic information (“w/o semantics”), which corresponds to using 
a knowledge graph without the ontological enrichment, results in a smaller but consistent decline (ROC-AUC 
0.782, 0.763, and 0.781 respectively). This indicates that ontological context provides complementary informa-
tion that enhances relational reasoning. The full approach, which integrates both temporal and semantic features 
in the KG, achieves the best performance, illustrating that the synergy between temporal dynamics and ontologi-
cal knowledge is essential for accurate prediction.

Under PR-AUC, the metric most sensitive to the class imbalance in this cohort, the same pattern is more pro-
nounced: removing time costs between 0.029 and 0.088 (on RF and LR respectively), while removing semantics 
costs between 0.010 and 0.018. The clinical consequence is carried by sensitivity and precision: under LR and 
RF, the complete configuration recovers 18 and 14% more true readmissions than w/o time, at comparable or 
better precision. Since a missed readmission carries greater risk than a false alarm, this is where the temporal 
component has its clearest effect. This ordering is consistent across all three classifiers, indicating that it stems 
from the representations themselves rather than from a particular learning algorithm.

The ROC and precision–recall curves presented in Fig. 4 reinforce these results: across all three classifiers, 
the complete and w/o-semantics curves track closely together and well above the w/o-time curve, which in turn 
remains clearly above the demographic-only baseline. The separation is more pronounced in the precision–recall 
panels than in the ROC panels, consistent with the larger PR-AUC deltas reported above.

Figure 5 presents the corresponding confusion matrices at the default decision threshold across true positives, 
false negatives, and false positives. Removing semantic information yields a consistent but modest performance 
drop across all classifiers. The complete graph simultaneously improves sensitivity and precision across the board, 
identifying between 19 and 131 additional readmissions while reducing false positives by 69 to 373 depending 
on the model. The gain is largest for LR, where true positives rise from 5,236 to 5,367 and false positives fall 
from 1,939 to 1,870, and smallest for XGB, where the 19 additional readmissions identified (8,251 to 8,270) are 
accompanied by 245 fewer false positives (7,839 to 7,594). RF sits between them on detection (7,344 to 7,414) 
but shows the largest reduction in false positives (6,937 to 6,564). Semantic enrichment therefore improves the 
ensemble classifiers by suppressing incorrect predictions, and the linear classifier by recovering readmissions it 
would otherwise miss. In contrast, removing temporal information affects far more patients. For LR and RF, tem-
poral ablation severely impacts sensitivity, causing 829 and 928 readmissions to go undetected, respectively. For 
XGB, temporal ablation yields a marginal gain of 207 detected readmissions, but at the cost of 1,571 additional 
false alarms. While the specific directional trade-off depends on the classifier, its relative magnitude remains 
consistent: temporal ablation displaces roughly an order of magnitude more patients than semantic ablation in 
every case. This confirms temporal structure as the primary contributor to predictive performance, with semantic 
enrichment serving as a consistent but secondary refinement.

These performance characteristics also differentiate the classifiers. Out of 13,605 total readmissions, the com-
plete configuration under LR identifies 5,367 readmissions (misses 61%) with 1,870 false positives. By contrast, 
RF identifies 7,414 (misses 45%) with 6,564 false positives, and XGB identifies 8,270 (misses 39%) with 7,594 
false positives. LR is the most precise (74% precision across 7,237 alerts), but misses three out of five true read-
missions. XGB operates at a lower precision (52% across 15,864 alerts) but detects substantially more positive 
cases. Transitioning from LR to XGB captures 2,903 additional readmitted patients at a cost of 5,724 additional 
false positives, roughly two false alarms for every additional true positive identified. In a critical care setting, this 
trade-off heavily favors sensitivity. As previously mentioned, missed readmissions carry severe risks, whereas 
false positives typically prompt continued monitoring. Consequently, reducing missed readmissions by 35% rep-
resents a far more clinically meaningful gain. Furthermore, this sensitivity gain comes with virtually no loss in 
global discrimination quality, as both ROC-AUC (0.785 vs. 0.786) and PR-AUC (0.635 vs. 0.641) remain effec-
tively identical between the models. On this basis, XGB represents the more clinically appropriate configuration 
for deployment.
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Fig. 4  Predictive performance across ablated knowledge-graph configurations and classifiers. ROC curves and precision–
recall curves for (a) Logistic Regression, (b) Random Forest, and (c) XGBoost, each comparing four settings: the demo-
graphic-only baseline, w/o time, w/o semantic, and the complete temporal–semantic KG
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Intrinsic KGE performance

To complement the downstream evaluation, we examine how temporal and semantic structure affect the intrinsic 
quality of the learned representations. Table 5 reports filtered link prediction performance on held-out patient-
level triples. The complete and w/o time configurations achieve comparable MRR values of 0.943 and 0.945, 
respectively, whereas removing semantic structure reduces MRR to 0.877. This reduction is concentrated at 
the highest rank: Hits@1 decreases from 0.890 for the complete graph to 0.760 without semantic relations, 

Fig. 5  Confusion matrices across ablated knowledge-graph configurations and classifiers. counts at the default decision 
threshold (𝜏𝜏 = 0.5) for the w/o time, w/o semantic, and complete configurations (columns), under Logistic Regression, 
XGBoost, and Random Forest (rows), summed across the 10 cross-validation folds. Each matrix reports true negatives and 
false positives (upper row) and false negatives and true positives (lower row), for a cohort of 13,605 readmissions and 39,718 
non-readmissions. Colour intensity scales with cell count within each matrix
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although almost all correct entities remain within the top three predictions. Semantic structure therefore primarily 
improves the embeddings’ ability to identify the correct entity as the highest-ranked candidate rather than their 
broader retrieval capacity.

Removing temporal relations produces the highest Hits@1 (0.914), while the complete graph achieves the 
highest Hits@3 and Hits@10. Thus, temporal information does not improve the reconstruction of individual 
triples, for which the additional temporal relations may introduce alternative plausible candidates. This does 
not imply that temporal structure is uninformative for readmission prediction. Intrinsic link prediction evaluates 
how faithfully embeddings reconstruct local graph structure, whereas the downstream task evaluates whether 
the resulting patient representations discriminate between clinically distinct outcomes. Indeed, the downstream 
results in Table 3 show that the temporally expressive TNT-ComplEx embeddings consistently provide the stron-
gest predictive performance across classifiers, achieving the highest ROC-AUC and PR-AUC with LR, RF, and 
XGB. The two evaluations are therefore complementary: semantic structure improves the internal consistency of 
the embedding space, while temporal structure contributes information that is particularly valuable when patient 
representations are used for clinical prediction.

Patient-level insights

While aggregate analyses characterize overall model behaviour, they do not convey how representational differ-
ences manifest within individual patient trajectories. To provide an interpretable, patient-level perspective, we 
examine two representative cases. We specifically isolate true readmissions correctly identified only by the com-
plete model and missed by both ablated variants across all three classifiers. Positive cases are prioritized because 
they constitute the primary clinical target: identifying patients who will return. Selecting from this unique subset 
directly tests our central claim: that temporal and semantic information are synergistic, such that neither dimen-
sion alone is sufficient to recover the correct prediction.

For each case, we reconstruct the patient’s ICU timeline from the TSKG, reporting key clinical events along-
side their relative time since admission (Fig. 6, panels a), and compare the predicted readmission probability 
produced by each model variant (Fig. 6, panels b).

Case 1 (Patient 998): This patient represents a true 30-day readmission correctly identified only by the com-
plete model (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝), whereas both ablated variants fell below the decision threshold (w/o time: 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝; w/o 
semantics: 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝). The patient’s stay presents no obvious primary diagnostic escalation, opening with coronary 
artery disease and closing with an unrelated diagnosis of gastroesophageal reflux. Instead, clinical deterioration 
appears as a subtle trajectory shift: an initial cardiac presentation marked by antiplatelet therapy (clopidogrel 
escalated with eptifibatide at hour 7) rapidly pivots to renal failure. From hour 30 through hour 73, recurring 
creatinine and blood urea nitrogen panels lead directly to the initiation of hemodialysis. Without temporal order-
ing, the time-ablated variant cannot distinguish an isolated anomalous laboratory result from a sustained 40-hour 
trajectory. Conversely, the semantic-ablated variant retains temporal sequence but underestimates risk, failing to 
connect creatinine, blood urea nitrogen, and hemodialysis as progressive manifestations of renal failure. By cap-
turing both the temporal progression and semantic linkages across this cardiac-to-renal shift, the complete model 
successfully identifies an otherwise elusive high-risk trajectory.

Table 5  Intrinsic link prediction performance across ablated configurations
Model MRR Hits@1 Hits@3 Hits@10
w/o time 0.945 0.914 0.978 0.981
w/o semantic 0.877 0.760 0.996 0.997
complete 0.943 0.890 0.998 0.998
Mean Reciprocal rank (MRR) and Hits@𝑘𝑘 (𝑘𝑘 ∈ {1, 3, 10}) on held-out patient-level triples, using a filtered ranking protocol. Higher values indi-
cate better-ranked, more internally consistent embeddings
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Case 2 (Patient 41,976): This patient was likewise a true 30-day readmission correctly identified only by the 
complete model (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝), while both ablated variants underestimated risk (w/o time: 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝; w/o semantics: 
𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝). The patient’s stay demonstrates a clear diagnostic escalation: an initial diagnosis of sepsis treated with 
meropenem was escalated with vancomycin at hour 7, alongside sustained anticoagulation monitoring through 
hour 58. Fentanyl was administered at admission and again at hour 31, a recurring analgesic response reflect-
ing ongoing pain management across a deteriorating course that culminated by hour 71 in severe sepsis and 
septic shock. Without temporal ordering, the time-ablated variant cannot detect diagnosis escalation, nor can it 
recognize recurring pain management as part of an evolving clinical course, effectively collapsing a worsening 
sequence into an unordered set of facts. Conversely, the semantic-ablated variant retains temporal sequence but 
fails to appreciate risk, lacking the ontological structure required to link sepsis, severe sepsis, and septic shock as 
progressive, increasingly severe manifestations of the same underlying disease process.

Fig. 6  Illustrative comparison of two true 30-day readmissions correctly identified only by the complete model. (a.I, b.I) con-
densed timelines of key clinical events for case 1 (patient 998) and case 2 (patient 41,876), relative to hours since admission, 
showing initial and final diagnoses, prescriptions, laboratory events, and procedures. Marker size reflects the number of con-
current events at each time point, and selected ontology classes are drawn above the events they group. (a.II, b.II) predicted 
readmission probability for each patient under the ablated variants (w/o time, w/o semantics) and the complete model. Both 
cases are illustrative rather than representative of typical model behaviour across the cohort
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Both these patients showcase how the complete model correctly identifies risk across different clinical trajec-
tories where the w/o time and w/o semantics variants each miss a different aspect of the pattern. These interpreta-
tions are illustrative, not causal claims, and the two cases were selected specifically because only the complete 
model succeeded on them; general model performance remains established by the aggregate results in Table 4.

Comparative performance of TSKG-ICU

To contextualize the performance of the proposed TSKG-ICU, we compare it against reported results of promi-
nent machine-learning and deep-learning models for ICU readmission prediction [6]. Given inherent variations 
in cohort definitions and feature availability, this comparison positions our results within the broader literature 
rather than serving as a strict head-to-head benchmark. Consistent with established field standards, ROC–AUC is 
used as the primary metric; PR-AUC and F1-score, precision, sensitivity and specificity, are also reported where 
available to provide a more complete picture, though some works do not report these metrics (denoted N/R). All 
metrics are reported as decimals to two places, as source studies use varying precision and formats. We report 
TSKG-ICU under XGB here, as the configuration whose operating point best reflects the clinical priorities estab-
lished above, and note that ROC-AUC and PR-AUC are effectively identical across our three classifiers.

Table 6 summarises the predictive performance of six selected approaches chosen for their similar conditions: 
all were applied to MIMIC-III, address 30-day ICU readmission, operate under highly imbalanced class distribu-
tions, and incorporate demographic and structured clinical data. Furthermore, approaches leveraging temporal 
or longitudinal modelling were prioritised, as capturing patient trajectories is central to the readmission task and 
directly relevant to the proposed method.

Across the selected works, reported ROC-AUC values range from 0.73 to 0.79. TSKG-ICU achieves the top 
ROC–AUC (0.79), in line with the best state-of-the-art approaches, while also bringing methodological advan-
tages in how patient trajectories are represented. We note, however, that Niu et al. [12] report higher PR-AUC 
(0.67) and F1-score (0.64) than TSKG-ICU (0.64, 0.56), despite a lower ROC-AUC (0.73). TSKG-ICU in turn 
achieves the highest precision (0.52) and specificity (0.81) among the compared works. Lin et al. [7] and Pei 
et al. [13] report higher sensitivity (0.74 and 0.74 against 0.60), though at substantially lower precision where 
reported (0.37 for Lin), indicating a more permissive operating point rather than better discrimination. As with 
the ROC-AUC comparison, differences in cohort definition, feature availability, and decision threshold limit 
direct interpretation. Still, these differences show that matching the top ROC-AUC does not guarantee the best 
performance on every metric: TSKG-ICU is competitive throughout and strongest on precision and specificity, 
but not uniformly superior.

Many referenced approaches also restrict modelling to fixed pre-discharge subsets (e.g., the final 24–48 hours) 
[7, 10] or rely on task-specific temporal abstractions, such as ODE-based encoders [11–13] or GRU-based [9], 
that do not embed patient trajectories into a shared temporal reference space, biasing predictions toward late-stage 
events and limiting comparability across patients with different lengths of stay. In contrast, TSKG-ICU leverages 

Table 6  Performance comparison with prominent ICU readmission methods
Work AUROC AUPRC F1 Prec. Spec. Sens.
Niu et al. [12] 0.73 0.67 0.64 N/R 0.77 0.59
Barbieri et al. [11] 0.74 0.32 0.38 N/R 0.70 0.68
Sheetrit et al. [9] 0.75 0.30 0.37 0.27 0.58 N/R
Pakbin et al. [10] 0.75 N/R 0.37 N/R N/R N/R
Pei et al. [13] 0.79 0.38 0.42 N/R 0.71 0.74
Lin et al. [7] 0.79 0.51 N/R 0.37 N/R 0.74
TSKG-ICU 0.79 0.64 0.56 0.52 0.81 0.61
Performance of TSKG-ICU relative to widely used machine-learning and deep-learning approaches evaluated on MIMIC-III, reported using 
ROC-AUC (AUROC), PR-AUC (AUPRC), F1-score, precision (prec.), specificity (spec.), and sensitivity (Sens.) where available. TSKG-ICU 
results correspond to the XGB configuration. Bold values denote the best-performing method per metric. N/R: not reported
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the entire ICU timeline through relative temporal encoding, aligning all patient trajectories to a common tempo-
ral reference and enabling direct comparison of disease progression and care patterns across stays. In addition, 
ontology grounding places clinical events within a shared semantic space, ensuring that heterogeneous patient 
records are represented in a semantically comparable manner. Together, these design choices allow TSKG-ICU 
to achieve high predictive performance while providing a more general, temporally fair, and semantically aligned 
representation of ICU trajectories than prior methods.

Discussion

Conventional ICU readmission models either capture temporal dynamics through sequential processing or encode 
clinical relationships through knowledge graphs, but rarely both. TSKG-ICU was designed to address this gap by 
integrating these dimensions within a unified temporal–semantic representation. Our approach yielded significant 
predictive improvements, and ablation studies quantified their contributions consistently across three classifiers: 
temporal modelling provides the primary signal, whilst semantic enrichment refines predictions, and their com-
bination surpasses either dimension alone. These gains also hold for PR-AUC, which is more sensitive to the 
class imbalance inherent to ICU readmission data: temporal modelling similarly provides the primary signal, 
while semantic enrichment offers a smaller, complementary refinement. The consistent ordering across all three 
classifiers confirms that these contributions are not an artefact of ROC-AUC or of an interaction with a particular 
learning algorithm, but instead reflect the information encoded by the representations.

A key finding from our evaluation is that temporal and semantic information must be encoded jointly for 
effective predictions, when compared to using each dimension alone. Our framework, TSKG-ICU, consistently 
enables effective ICU readmission prediction; however, the strongest performance is achieved only when time 
and semantics are integrated within an expressive embedding architecture. The ablation study highlights this 
interplay clearly: whilst removing temporal or semantic information still yields competitive results over non-
embedding baselines, neither ablated configuration surpasses the full temporal–semantic formulation on ROC-
AUC, PR-AUC or F1, confirming that predictive gains stem from their interaction. This interaction is driven 
primarily by temporal modelling, a pattern clear when examining individual contributions. Although all tem-
poral–semantic embedding architectures benefit from access to time-stamped data, their effectiveness depends 
on how temporal information is encoded. In particular, TNT-ComplEx achieves the most reliable predictive 
performance, indicating that modelling time as a continuous relational transformation better allows embeddings 
to capture the overlapping and irregular event patterns of ICU trajectories. Simpler temporal encodings result in 
weaker gains despite using the same data, showing that temporal information is not inherently beneficial; its value 
emerges only when supported by sufficient representational expressiveness.

Semantic information, in turn, operates as a complementary signal that strengthens temporally grounded repre-
sentations. Its contribution is small but consistent: for every classifier, the complete graph is simultaneously more 
sensitive and more precise than its semantically ablated counterpart, recovering additional readmissions while 
producing fewer false-positive predictions. By contrast, temporal ablation changes the predictions of roughly an 
order of magnitude more patients, with the direction and magnitude of this displacement varying across classifiers. 
This pattern indicates that temporal modelling is the primary factor aligning models on true readmission cases. 
Semantic enrichment further refines this alignment by adding contextual structure to clinical events, improving 
consistency among temporally informed predictions. A similar tendency is observed for negative cases, although 
the very high overall agreement reduces the visibility of architecture-dependent differences. Semantic enrichment 
therefore does not compete with temporal structure for the same predictive signal; instead, it refines a represen-
tation that temporal encoding has already organised. This helps explain why its effect is more readily detected 
through precision-sensitive metrics such as PR-AUC than through ROC-AUC alone. Together, these results indi-
cate that semantic information is most effective when it amplifies a temporally grounded representation, rather 
than acting as an independent driver of prediction, reinforcing the value of TSKG representations.
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These global patterns are also reflected in individual clinical trajectories. Our patient-level analysis shows that 
the ablated variants fail in distinct and clinically interpretable ways: temporal ordering and semantic structure are 
both required to differentiate routine early interventions from critical clinical escalation and to recognise concur-
rent, multi-system findings as a coherent pattern of high collective severity.

While TSKGEs demonstrate strong predictive performance, their implementation in real-time clinical settings 
still offers room for major development and refinement. At the data and methodological level, the use of the 
single-centre MIMIC-III database means that readmissions occurring outside the contributing hospital network 
are unobserved and consequently recorded as negative instances, as discussed in Section “Cohort definition and 
exclusion criteria”. Although this is a standard limitation of single-centre cohorts and is shared by comparable 
studies, it introduces outcome-label uncertainty and suggests that the reported performance may represent a con-
servative estimate of absolute clinical utility. Moreover, many existing TKGE methods are transductive, meaning 
that generating representations for previously unseen patients or newly recorded events typically requires model 
update. In dynamic clinical environments, where patient data accumulate continuously and risk assessments must 
adapt accordingly, developing more flexible representation strategies is essential to further enhance operational 
integration. Emerging approaches, such as incremental training paradigms and inductive temporal graph methods 
[32, 33], provide promising avenues toward greater adaptability. Finally, the choice of temporal representation 
also introduces trade-offs. Hourly temporal discretisation preserves the relative ordering and proximity of events 
substantially better than a static representation, but cannot distinguish between multiple events occurring within 
the same hour. Similarly, laboratory tests and vital signs are represented as ontological concepts, overlooking 
numerical values and preventing the model from learning from them.

Future work should therefore address three interconnected architectural developments. First, inductive or 
incremental architectures should support the dynamic generation of representations for unseen patients and 
newly recorded events without requiring full graph retraining. Second, finer event-driven temporal resolutions or 
explicit modelling of temporal latency could recover clinical sequences that are obscured by hourly discretisa-
tion. Finally, future clinical temporal–semantic graphs should move beyond purely categorical concepts to jointly 
represent continuous-valued clinical observations [52]. Progress in this area would enable KG-based systems to 
evolve into continuously updating decision-support tools, strengthening their impact in real-world critical care 
settings.

Conclusion

TSKG-ICU establishes a high-performing and conceptually robust framework for ICU readmission prediction 
by unifying temporal dynamics and biomedical semantics within a single representation. By encoding clinical 
events at relative time points and grounding them in ontology-linked concepts, the model produces comparable 
patient embeddings that faithfully capture trajectories of deterioration, intervention, and recovery. This unified 
temporal–semantic design enables reliable identification of high-risk patients and provides a clinically meaning-
ful foundation for monitoring and triage.

Our evaluation further demonstrates that architectural design is critical: asymmetric, complex-valued embed-
dings and explicit temporal decomposition significantly improve performance in directional clinical knowledge 
graphs. These findings clarify which representational properties are necessary to model ICU dynamics effectively.

To translate this framework into continuously operating decision-support systems, future work must advance 
inductive scalability, improve robustness to irregularly sampled data, and align more tightly with ICU work-
flows. With these developments, temporal–semantic knowledge graphs can enable AI systems that reason not 
only about what happens to patients, but when and why events unfold—supporting more adaptive and clinically 
integrated critical care decision-making.
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