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Abstract

Paediatric kidney disease varies widely in its presentation and progression, which
calls for continuous monitoring of renal function. Using electronic health records
collected between 2019 and 2025 at Great Ormond Street Hospital, a leading UK
paediatric hospital, we explored a temporal modelling approach that integrates
longitudinal laboratory sequences with demographic information. A recurrent
neural model trained on these data was used to predict whether a child would record
an abnormal serum creatinine value within the following thirty days. Framed as
a pilot study, this work provides an initial demonstration that simple temporal
representations can capture useful patterns in routine paediatric data and lays the
groundwork for future multimodal extensions using additional clinical signals and
more detailed renal outcomes.

1 Introduction

Paediatric kidney disease varies widely in its clinical presentation and rate of progression [2]], which
requires continuous monitoring of renal function to detect early deterioration. Serum creatinine, the
standard marker of kidney function, reflects the glomerular filtration rate and underpins diagnosis
and staging [516]. Anticipating short-term changes in creatinine could support several paediatric
nephrology decisions, including early identification of kidney injury, assessment of treatment response,
and monitoring of disease progression.

Great Ormond Street Hospital (GOSH) is a leading paediatric centre with an advanced electronic
health record (EHR) system and a trusted digital research environment [3]]. The dataset used in this
study contains multi-year clinical and biochemical information, including demographics, laboratory
results, hospital episodes and procedures, all linked at the patient level. Representation learning
provides a way to combine such heterogeneous inputs into patient embeddings that capture temporal
and cross-modal structure. Recurrent neural networks (RNNs) have shown promising performance in
adult EHR tasks, including chronic kidney disease progression and heart-failure prediction [4![7], but
similar work in paediatric nephrology is limited.

In this study, we develop a simple pipeline to organise EHR data into a format suitable for RNNs.
As an initial prediction task, we focus on whether a patient will record an abnormal creatinine
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value within the following 30 days, using only two modalities: routine laboratory tests and basic
demographic information. This work serves as an initial step toward multimodal representation
learning in paediatric kidney disease, with the longer-term aim of incorporating additional data
sources and more clinically meaningful renal outcomes.

2 Methodology

This study developed a pipeline for combining longitudinal laboratory data and demographic features
to predict whether a patient would record an abnormal creatinine value within the following 30
days. The workflow included: (1) cohort selection and outcome definition, (2) temporal structuring
of longitudinal records, and (3) sequence modelling with an RNN and evaluation of the learned
representations.

2.1 Cohort selection and outcome definition

Data were extracted from the EHR for all patients with at least one nephrology episode between 2019
and 2025 (n = 1,032), of whom 38 (3.5%) died during follow-up. Follow-up was defined from the
first to the last recorded serum creatinine, or to the date of death if applicable. To form a 30-day
prediction window ending at the last follow-up time (Z,q), patients were included if they (1) had at
least three creatinine measurements on separate days before the window and (2) if deceased, had
at least one measurement within the final 30 days of life. These criteria yielded a final cohort of
n = 826, including 17 patients (2.1%) who died but had a valid measurement within the window.
The prediction target was the occurrence of any abnormal serum creatinine value within the 30-
day window. Abnormality status was taken directly from EHR laboratory flags without additional
processing. Patients with no abnormal values were labelled as 0 (n = 370, 44.8%), and those with
one or more abnormal values as 1 (n = 456, 55.2%).

2.2 Data extraction and preprocessing

For the selected cohort, a longitudinal dataset was created by identifying all valid creatinine mea-
surements prior to the 30-day prediction window and using their dates as event time points. At each
time point, all laboratory tests performed on the same calendar day were extracted, and their presence
and abnormality status were recorded. Fifteen clinically relevant laboratory markers were included,
each represented by two binary indicators (presence and abnormality), giving 30 features, together
with age and sex as static variables. Absent tests were encoded as presence = 0 and abnormal =
0, while performed tests had presence = 1 with the abnormality flag reflecting test status. This
produced temporally ordered sequences of laboratory information for each patient, forming the input
to the time-series model.

2.3 Sequence modelling

Given a sequence of patient records X = (x1,x2,...,%,), where z; is the multi-hot laboratory
feature vector at time ¢, the model aimed to learn a latent representation c. Sequences were limited to
100 time points, with shorter sequences left-padded with zeros to preserve temporal order. A gated
recurrent unit (GRU) encoder [1]] processed X to capture temporal dependencies, and the resulting
embedding ¢ was concatenated with demographic features and passed to a linear classifier to predict
30-day outcomes. The model was trained using a stratified 70/10/20 train—validation—test split to
maintain outcome balance.

2.4 Evaluation

Model performance was evaluated on the held-out 20% test set. Discrimination was assessed using
the area under the ROC curve (AUC), with 95% confidence intervals estimated from 2,000 bootstrap
resamples. Using a 0.5 decision threshold, we computed and displayed the confusion matrix to
illustrate classification behaviour. Predicted probabilities were obtained from sigmoid-transformed
logits, and test-set embeddings were visualised using t-SNE.



3 Results

We present the cohort’s temporal and laboratory structure, the model’s performance in predicting
abnormal creatinine within the following 30 days, and an exploratory visualisation of the learned

embeddings.

3.1 Cohort and temporal characteristics

Per-patient timelines: follow-up structure and prediction window.
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(a) Follow-up timelines for example patients. Blue bars
show the available pre-window history, grey indicates
periods without recorded laboratory data, and orange
marks the fixed 30-day prediction window. Timelines
are shown in calendar time, corresponding to each pa-
tient’s recorded laboratory events.

(b) Example patient’s laboratory measurements over
time. Red circles indicate abnormal results, open circles
denote measured tests with non-abnormal values, and
missing markers indicate that a test was not performed
at that event time point. Alternating grey bands show
calendar years, and the pink region marks the 30-day

prediction window.

Figure 1: Overview of longitudinal data used for temporal modelling.

Figure [T]illustrates the cohort’s longitudinal patterns: follow-up durations varied substantially across
patients, and laboratory measurements were recorded at irregular intervals with occasional data gaps.
Consequently, the 30-day prediction window frequently followed periods without recent laboratory
observations, mirroring real clinical practice.

3.2 Predictive performance

The GRU-based model was trained to predict abnormal creatinine within the following 30-day
window. Figure[2]shows that the model achieved good discrimination, providing preliminary support
for this short-term prediction task.

Confusion Matrix @ threshold = 0.50

ROC curve - RNN (GRU encoder)

10+

No Abnormality

0.8 4

0.6 1

0.4 1

True (future 30 days)

True positive rate (recall)

Abnormality
0.2 4

0.0 = AUC = 0.912 (95% CI 0.867-0.949)

No Abnormality Abnormality

T T T T T T
0.0 0.2 0.4 0.6 0.8 10

False positive rate Predicted (future 30 days)

(a) ROC curve for the GRU model on the test set. (b) Confusion matrix at a 0.5 decision threshold.

Figure 2: Predictive performance of the GRU model. Bootstrapped 95% confidence intervals are
shown for both the ROC curve and the confusion-matrix cell counts.



3.3 Embedding visualisation

The GRU embeddings from the test set were projected into two dimensions using t-SNE (Figure [3).
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Figure 3: t-SNE projection of GRU embeddings for the test set. Each point represents a patient
embedding coloured by 30-day outcome.

This exploratory visualisation shows partially separated regions for patients with and without future
abnormal creatinine values, suggesting that the model captured preliminary predictive signal.

4 Discussion

This work provides a preliminary demonstration that temporal modelling of longitudinal EHR data
can support the near-term prediction of creatinine abnormalities in paediatric patients. Using a GRU
encoder applied to laboratory event sequences, together with static demographic features, we achieved
good discrimination in predicting whether a patient would have an abnormal creatinine test within 30
days. These findings suggest that recurrent models can extract clinically relevant temporal signals
from laboratory histories.

Several simplifications shaped this pilot. Sequences were treated as step-indexed events without
explicit timing, despite irregular sampling. Laboratory features were anchored to creatinine mea-
surement dates, blending physiological information with patterns of clinical monitoring. Tests were
encoded as binary indicators of presence and abnormality, without quantitative values. These de-
sign choices enabled a tractable first implementation but reduce the clinical detail captured in the
representations.

Although the current model uses only two input modalities (laboratory data and basic demographics),
the underlying GOSH cohort contains a far broader set of signals. Multi-year trajectories include
laboratory, medication, diagnosis, vital-sign and procedural data, each with distinct temporal structure.
Future work will extend this framework to multimodal and time-aware models, and to more clinically
meaningful renal endpoints such as sustained creatinine elevation, acute kidney injury, treatment
response or post-transplant outcomes. These directions aim to make fuller use of the depth of
paediatric EHR data and support more proactive renal care.
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