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Abstract—Forecasting the trajectory of patient laboratory
values remains a challenge due to irregular sampling of measure-
ments and differences in reference ranges between individuals.
This ongoing study applies TimelyGPT, a transformer-based gen-
erative forecasting model, to predict patients’ future laboratory
test values based on their past records using the MIMIC-IV
dataset. When predicting WBC counts, the model generated
prediction errors distributed around zero, demonstrating a low
bias and short-term forecasting ability. Incorporating medication
administration as an additional input further shifted the error
distribution toward zero and produced a more compact spread,
indicating improved accuracy. Preliminary data also indicate that
the model can predict sparsely sampled NT-proBNP values over
time with small deviations, suggesting its potential to predict long-
term laboratory test values of patients. These early results high-
light the feasibility of adapting TimelyGPT model for patient-
specific laboratory test values prediction and motivate work with
larger cohorts, targeted data augmentation methods, and richer
medication features to enhance model stability, accuracy, and
generalizability.

Keywords-electronic health record; longitudinal clinical time-
series; laboratory value forecasting; generative transformer model.

I. INTRODUCTION

Patient Electronic Health Records (EHRs) contain extensive
information that can be used for predictive modeling. Medical
Information Mart for Intensive Care (MIMIC)-IV is a large-
scale public dataset with massive patient EHR information [1].
Since the introduction of machine learning and deep learning,
extensive research has been conducted to predict patient clini-
cal conditions [2]–[4]. Recently, a model named Timely Gen-
erative Pre-trained Transformer (TimelyGPT) was introduced.
This model can capture both trending and periodic features of
time-series data through an extrapolatable position embedding,
enabling long-term patient healthcare data forecasting [5]. The
TimelyGPT model was trained on two large-scale patient EHR
datasets: the Sleep European Data Format (EDF) database and
the Population Health Record (PopHR) database. It is capable
of predicting continuous biological signals over a short time
period and can also forecast new diagnosis codes for patients
based on irregularly sampled medical records. However, the
study did not assess the TimelyGPT model’s ability to predict
the exact values of irregularly scheduled laboratory tests,
which are critical for decision-making in clinical settings.

White Blood Cell (WBC) count and N-Terminus pro-Brain
Natriuretic Peptide (NT-proBNP) are two fundamental markers
for health in numerous diseases. In clinical practice, WBC
count and NT-proBNP change from a measured baseline char-
acterizes severity of clinically apparent inflammation and heart
failure, respectively. Both assays are used to guide immediate
therapy [6]. Prediction of NT-proBNP could substantially
improve short- and long-term prognostication in patients with
cardiovascular disease.

This study proposes to extend the current TimelyGPT
framework for predicting common and sparse irregularly sam-
pled patient laboratory values, using WBC count and NT-
proBNP as proof-of-principle parameters.

While this study demonstrates the feasibility of forecasting
irregularly sampled laboratory values using the adapted Time-
lyGPT model, several limitations should be acknowledged.
First, the evaluation of WBC count prediction is conducted
on a subset of patients using only data from their first six
days. Therefore, the generalizability of the findings to longer
time horizons remains unknown. Second, predictions of NT-
proBNP values are learned and generated at discrete times-
tamps rather than over a continuous timeline. Finally, although
the model exhibits stable predictive performance, current error
margins are not yet sufficient for direct clinical deployment.

The remainder of this paper is organized as follows. Section
II describes the dataset, preprocessing steps, general structure
of the TimelyGPT model, and adaptations made for irregularly
sampled laboratory value prediction. Section III presents the
experimental results, including model performance in fore-
casting WBC counts with and without medication inputs, as
well as NT-proBNP values. Section IV discusses the clinical
implications of these results, existing methods for modeling
patient EHR data, and planned future work. Finally, Section V
concludes the main findings and outlines directions for future
research.

II. METHODS

Dataset and Preprocessing. The hospital data from the
deidentified MIMIC-IV v3.1 dataset were used for model
training [7]. For NT-proBNP prediction, patients were filtered
to ensure an adequate length of stay (more than six times-
tamps) and a sufficient number of laboratory tests (at least
four NT-proBNP measurements) for inclusion. For WBC count
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prediction, patients were filtered to ensure an adequate length
of stay (more than six relative days) and sufficient laboratory
test coverage (at least four WBC count measurements).

In addition to laboratory measurements, medication admin-
istration records were extracted from the electronic medication
administration record (eMAR) in MIMIC-IV v3.1 dataset. A
set of 98 WBC count-influencing medications was identified
based on their potential association with changes in WBC
counts. For each input day, a binary medication indicator
was constructed to denote whether a patient received any of
the selected medications on that day. The train/validation/test
splits are performed at the patient level using a 80/10/10 ratio,
with no patient overlap.

Model. The TimelyGPT irregularly sampled time series
algorithm was extended, and its data pipeline was modified
to accommodate raw patient laboratory records (Figure 1).
As illustrated in Figure 1, patient laboratory measurements
are first normalized using patient- and label-specific reference
ranges to ensure the stability of model training and the
meaningfulness of results:

normalized value =
true value − reference range mean

reference range width

where reference range width = upper reference limit −
lower reference limit. Each laboratory test is then transformed
into a unified embedding composed of: a token embedding
representing the lab test identity, a value projection encoding
the normalized measurement value, and a timestamp projection
capturing the time at which the test was obtained. This design
allows the model to encode both laboratory measurements
and their sampling timestamps, thereby capturing associated
temporal dynamics.

Following the embedding construction, a start-of-sequence
token is prepended, and the generated sequence is processed
by stacked generative decoder layers. Each decoder layer com-
bines multi-scale retention with temporal convolution modules,
allowing the model to capture both long-range dependencies
across patient trajectories as well as local temporal patterns.
Finally, a feed-forward laboratory value forecasting head
projects the learned representations to predict the laboratory
test value at the target time point. The model uses various
laboratory test values as historical information and predicts
possible values for the given label at each predicted time point
as output.

III. RESULTS

TimelyGPT’s predictive ability was first evaluated on WBC
counts, a frequently measured laboratory parameter. The
model was trained to forecast patient WBC counts in the next
three days using laboratory values from the past three days.
Limited to the initial six days of each patient’s records, the
dataset yielded 6,396 valid sequences from 13,832 patients
who met the inclusion criteria. Sequences were constructed
only from patients with sufficient daily WBC count measure-
ments within the selected time window. The histogram shows
that the normalized prediction errors clustered around zero,

with a mean of 0.62 and a standard deviation of 0.97. Most
errors fall within the range of -1 to 2, exhibiting a nearly
symmetric distribution, which indicates the model’s ability
to predict short-term WBC count values. After incorporating
WBC count-influencing medications administration as a time-
resolved binary input, the error distribution further shifted
towards zero and became more compact, with a reduced
mean error of 0.23. These changes in the error distribution
reflect improved accuracy and reduced bias, indicating that
medication administrations provide meaningful information
that helps the model capture WBC trajectories more effectively
(Figure 2). Overall, the integration of medications contributes
to more stable and accurate predictions of laboratory values.

Following validation, the model was then trained and evalu-
ated on NT-proBNP values. Because NT-proBNP is measured
infrequently in the MIMIC-IV dataset, there are insufficient
sequences to train a model for predicting values on consecutive
days. The first 1800 relative days of each patient’s records
where available were used during training. Predictions for the
future three timestamps were generated based on the infor-
mation from the preceding three timestamps, and adequate
model convergence was observed (Figure 3). The distribution
of errors normalized by reference range is centered around
zero, demonstrating minimal systematic bias in the model
predictions (Figure 4). Among the nearly 500 predictions,
most errors fall between the -0.5 to 0.5 reference range units
with few extreme errors, indicating stable and reliable model
performance. To complement the histogram-based analysis, we
report a standard quantitative metric for NT-proBNP predic-
tion, which achieves a root mean squared error (RMSE) of
0.1934 across all test sequences when computed on reference-
range-normalized values. Two example sequences illustrate
how the model forecasts future values based on historical data
(Figure 5).

IV. DISCUSSION

These preliminary results demonstrate that the adapted
TimelyGPT, when trained on healthcare data from MIMIC-IV,
is capable of predicting sequential patient-specific WBC count
values in the future. TimelyGPT can also accommodate the rel-
atively sparse clinical data with irregular time intervals found
in NT-proBNP values to make similarly accurate sequential
predictions. This study proposes that TimelyGPT can forecast
trajectories of common and sparse laboratory parameter values
that affect patient care.

In standard clinical practice and across the medical field, a
physician synthesizes available data from clinical evaluation
and laboratory testing to generate an individualized prognosis,
or hypothetical trajectory of disease, for a patient. Based
on this prognosis, the physician then recommends a course
of action. Accurate prediction of future laboratory values is
thus critical to basic medical decision-making, and has a
substantial impact on patients’ lives [8]. Machine learning
and deep learning models have in recent years augmented
prognostication in multiple conditions with available data
[9]–[11]. However, short- and long-term prognostication in
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Figure 1. Overview of the adapted TimelyGPT architecture.

Figure 2. Error distribution of all test sequences for WBC with (bottom) and
without (top) medication input.

Figure 3. Loss trend over epochs when predicting NT-proBNP values using
the first 1800 relative days of each patient as input.

Figure 4. Error distribution of all test sequences for NT-proBNP.

numerous clinical scenarios remains a major challenge, often
due to data sparsity and heterogeneous time intervals.

WBC count and NT-proBNP are two archetypal physiologic
parameters which vary with disease conditions and severity. In
the short term, prediction of WBC count and NT-proBNP over
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Figure 5. Plots of forecast values versus true values of NT-proBNP.

days in the inpatient setting could allow physicians to estimate
date of discharge more accurately, streamlining patient flow
and hospital operations. In the long term, numerous serious
pathologic conditions both common and rare, from coronary
artery disease to genetic cardiomyopathies, can be accompa-
nied by progressive worsening of NT-proBNP in particular
over time. The ability to predict accurate NT-proBNP values
over extended time would improve individualized prognosti-
cation and allow for refinement of currently employed risk
stratification systems [12].

Many efforts have been made to handle EHR data with
irregular time intervals and data missingness. Traditional
methods, including recurrent neural networks such as Gated
Recurrent Unit (GRU)-based models and time-aware Long-
Short Term Memory (LSTM) networks, incorporate decay
functions in hidden states to model temporal dependencies
[13][14]. Graph-guided neural networks, such as RAINDROP,
construct a separate sensor graph for each sample and utilize
graph neural networks to capture time-varying dependencies
across variables [15]. However, these models rely on locally
structured temporal information and are typically evaluated
on patient Intensive Care Unit (ICU) data, where the me-
dian length of stay is about only two days, which limits
their ability to perform long-term prediction tasks. More
recently, transformer-based architectures have been explored
to handle long sequences from healthcare data. The Perceiver
architecture has demonstrated the ability to capture global

temporal dynamics through cross-attention for continuous time
modeling when combined with a neural Ordinary Differential
Equation (ODE) module [16]. TimelyGPT further advanced
this by incorporating retention mechanisms directly within its
architecture, enabling the modeling of continuous temporal
dependencies in the long term without requiring additional
differentiation computations. By extending TimelyGPT, the
ultimate goal is to forecast patient laboratory values in both
short- and long-term for inpatient and outpatient settings.

While TimelyGPT can predict even sparse laboratory pa-
rameters such as NT-proBNP with adequate accuracy, such
margins of error at this time are still too wide for clinical
use. In addition, current results should be interpreted as
proof-of-concept for predicting irregularly sampled laboratory
values. In this study, NT-proBNP values are predicted at future
observed timestamps rather than fixed temporal intervals, and
the elapsed time can be highly variable across patients.

Thus, we plan to implement three strategies to further
improve the model’s performance. Firstly, further model train-
ing will be conducted on outpatient data from the Integrat-
ing Numerous Sources for Prognostic Evaluation of Clinical
Timelines (INSPECT) database, which has 26,795 additional
instances of NT-proBNP measurements [17]. Incidentally,
considerations of outpatient versus inpatient laboratory pa-
rameter prediction are intended, which will further help our
model’s generalizability. If data are still insufficient, novel
data augmentation methods will be further explored to acquire
more NT-proBNP values, using existing algorithms such as
Generative Adversarial Networks for Mixed-type EHR data
(EHR-M-GAN) or building on our recent work with Synthetic
Minority Over-sampling Technique with Adversarial Filtering
(AF-SMOTE) [18][19]. Simultaneously, the administration of
specific medications that can affect NT-proBNP value, such
as diuretics, will be integrated as an additional input. A
significant reduction in model output error after incorporation
is expected.

V. CONCLUSION AND FUTURE WORK

In this paper, we extended the TimelyGPT framework to
forecast laboratory test values from patient EHRs. Using
data from MIMIC-IV, we evaluated the model on both fre-
quently measured WBC counts and sparsely sampled NT-
proBNP. Overall, these findings demonstrate that adapting the
TimelyGPT model for single-label and irregularly-sampled
healthcare parameter forecasting is feasible. Incorporating
medication administrations might further enhance the model’s
ability to capture laboratory trajectories, as these inputs pro-
vide temporal cues that reflect therapeutic effects. Additional
work will be done to expand the training datasets to include
a broader population, introduce data augmentation methods
to improve the representations of rare laboratory values, and
incorporate medication effects to enhance model performance.
Collectively, these strategies are expected to further improve
the accuracy, robustness, and generalizability of TimelyGPT-
based predictions.
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