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Abstract

The overuse of laboratory tests is a persistent challenge in
healthcare, driving unnecessary costs, patient discomfort, and
low-value care. Glucose testing, one of the most common
diagnostics, exemplifies this issue in hospital settings. We
present a deep learning framework that integrates structured
and unstructured electronic medical record data to predict
whether a glucose test will be ordered in the next AM/PM
time bin. Using multi-hospital data from the GEMINI dataset,
we combine Long Short-Term Memory models with Clinical
BioBERT embeddings to capture both the timing and clini-
cal context of testing. On held-out test data, our best model
achieved ROC-AUC of 0.92 and PR-AUC of 0.67, and gener-
alized across sites in leave-one-hospital-out evaluation (ROC-
AUC 0.84). Embedding-based models outperformed tradi-
tional feature representations, though adding more tests and
vitals did not always yield further gains. By contrast, intro-
ducing a simple temporal recency cue (bin counter) improved
performance. An exploratory regression task for predicting
glucose values performed worse, likely due to class imbal-
ance and reliance on forward-filled values; Random Forest
achieved R2 of 0.80 under masked evaluation, indicating a
need for more frequent or diverse test data. Predicting labo-
ratory test ordering is the first step toward evaluating the use-
fulness of laboratory test use and establishes a foundation for
future real-time decision support to reduce unnecessary lab
use in hospitals.

Introduction
Diagnostic testing is central to clinical decision-making,
yet overuse remains a persistent problem in hospitals, lead-
ing to unnecessary costs, patient harm, and low-value care
(Müskens et al. 2022; Vrijsen et al. 2020). Estimates sug-
gest that roughly 30% of laboratory tests are unnecessary,
contributing to false positives, additional procedures, and
reduced patient satisfaction. Initiatives such as Choosing
Wisely Canada have issued hundreds of recommendations
to reduce overuse, but the Canadian Institute for Health In-
formation (CIHI) notes that system-level changes are still
needed to achieve lasting improvements (2022). Glucose
testing, one of the most frequently ordered labs, exemplifies
this challenge and is the focus of this study.
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Traditional statistical methods often fail to capture the
complex temporal and contextual relationships inherent in
electronic medical record (EMR) data; recent advances in
deep learning offer promising solutions, particularly through
architectures that can capture temporal dependencies and
process complex clinical data. Recurrent Neural Networks
(RNNs), such as Long Short-Term Memory (LSTM) net-
works, excel at modelling sequential data and capturing
long-term dependencies, making them well suited for pre-
dicting temporal patterns in healthcare, such as glucose test-
ing (Rajkomar et al. 2018; Harutyunyan et al. 2019).

In parallel, advancements in Natural Language Process-
ing (NLP) have enabled the extraction of structured in-
sights from unstructured clinical text. Foundational models,
such as Clinical BioBERT, have demonstrated the ability to
extract meaningful embeddings from unstructured medical
data, offering further potential for improving predictive ac-
curacy (Alsentzer et al. 2019). In clinical settings, where
data is often missing, inconsistently formatted, or sparsely
documented, these transformer-based embeddings provide
a standardized method of encoding heterogeneous informa-
tion.

This research uses the GEMINI dataset, a large-scale
multi-hospital database encompassing over 2.4 million ad-
missions and 12 billion data points across over 30 hospi-
tals (Verma et al. 2021; GEMINI 2025). GEMINI provides
detailed information, including laboratory tests, vital signs,
imaging reports, and various clinical variables, making it a
valuable resource for predictive modelling. By integrating
data from this dataset, we aim to develop a machine learning
framework capable of accurately predicting whether a glu-
cose test will be ordered in the next AM or PM (twice-daily)
time bin for hospitalized patients. Specifically, we explore
the use of Clinical BioBERT embeddings and LSTM net-
works to model temporal patterns and contextual relation-
ships in EMR data.

This study offers two key contributions. First, it intro-
duces a preprocessing pipeline designed to address issues
such as missing data and class imbalance within elec-
tronic health record (EHR) datasets. Second, it offers a de-
tailed analysis of how different data modalities contribute to
the prediction of lab test utilization, offering insights into
how diverse EHR data can support predictive modelling in
healthcare more broadly. By systematically exploring di-
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verse inputs and applying advanced methodologies within
this specific task, this research underscores both the oppor-
tunities and limitations of artificial intelligence in predictive
healthcare.

Background and Related Work

Machine learning (ML) models have shown promise in
healthcare prediction tasks, including laboratory testing.
Zale et al. (2022) predicted in-hospital blood glucose levels
using demographic, lab, and vital sign data, with Random
Forest outperforming methods based only on the latest glu-
cose value. Cheng, Prasad, and Engelhardt (2019) applied
reinforcement learning to optimize lab ordering policies, re-
ducing tests by 44% in MIMIC-III (Johnson et al. 2016)
while balancing clinical value and cost. Islam et al. (2021)
developed a deep neural network to recommend relevant
tests from EHR data, addressing over- and underuse, while
Yu et al. (2020) predicted lab results to reduce unnecessary
testing by over 20% without compromising accuracy. Using
the GEMINI dataset (Verma et al. 2021; GEMINI 2025),
Weinerman et al. (2023) identified 21 frequently overused
tests for targeted reduction, and Fralick et al. (2021) pre-
dicted hypoglycemia risk with ML and NLP on clinical
notes.

However, prior work often suffers from limited handling
of missing data (Zale et al. 2022), lack of temporal mod-
elling (Islam et al. 2021), or single-institution datasets (Yu
et al. 2020), restricting generalizability. Unlike studies that
primarily predict future laboratory values, we predict the
near-term ordering of a glucose test, directly targeting uti-
lization. We address these gaps by (1) applying preprocess-
ing methods that are robust to missing values, (2) incorpo-
rating temporal sequences, and (3) using GEMINI’s multi-
hospital data for external validity. This situates our work
alongside emerging literature on foundation EHR models,
which similarly leverage embeddings to improve robustness
and generalization across healthcare tasks (Guo et al. 2024).

Specifically, we (i) adopt the utilization framing of Cheng,
Prasad, and Engelhardt (2019) and select operating points
that prioritize recall at clinically acceptable specificity; (ii)
extend Fralick et al. (2021) by encoding clinical context
with transformer embeddings (Clinical BioBERT) instead of
hand-engineered text features; and (iii) connect to overuse
reduction goals from Weinerman et al. (2023) by grounding
the task in GEMINI-mapped tests and evaluating generaliz-
ability across hospitals.

Methods

We developed an ML system to predict the occurrence of
glucose laboratory tests, informed by preliminary data anal-
ysis and expert consultation. All analysis was performed
in Python (Van Rossum and Drake 2009) within Jupyter-
Lab (Kluyver et al. 2016), using SQLAlchemy (Bayer 2012)
for data retrieval. Our experiments compare four pipelines
(A–D) differing in the inclusion and representation of mul-
timodal data (structured, embedded, extended embedded).

Data Preprocessing
Labs. We extracted all glucose-related tests from the
GEMINI dataset (Verma et al. 2021; GEMINI 2025) us-
ing mapped codes from the clinical team. Implausible values
above the 99th percentile (by z-score) were removed. Each
patient visit was split into twice-daily bins (AM/PM) based
on observed collection patterns and expert input. A binary
performed label indicated test occurrence; the prediction tar-
get was a shifted version of this label, indicating whether a
test would occur in the next bin. All bins within a patient’s
length of stay were generated, ensuring temporal continu-
ity; missing bins were inserted and marked with performed
= 0. Multiple glucose results in the same bin were aver-
aged. Missing result values were filled differently depending
on their position: initial missing values were replaced with
a normal reference value of 4.5 mmol/L, and intermediate
missing values were forward-filled from the last observed
measurement.

Vitals. Vital signs were mapped by code, filtered to match
the Labs cohort, and binned identically. For Pipelines A
and B, we used only numeric vitals (e.g., blood pressure,
temperature, pulse). Non-numeric vitals were deferred to
embedding-based pipelines. A binary performed label for
each vital indicated whether a measurement occurred in a
bin. Missing bins were explicitly inserted; intermediate gaps
were forward-filled from the last observed value, while ini-
tial missing values were left unfilled due to variability across
vitals. In bins without a recorded measurement, the origi-
nal value column was set to -1 so the model could distin-
guish true values from missing data. Multiple measurements
within a bin were averaged.

Admissions. The admissions table contained demogra-
phic and visit-level information. For Pipelines A and B, we
included a subset of categorical and numeric fields that re-
quire minimal manual preprocessing (e.g., gender, age, ad-
mit category), standardizing categories before one-hot en-
coding. More complex free-text and high-cardinality fea-
tures were reserved for embedding pipelines.

Merging. Labs and Vitals were outer-joined on patient ID
and bin, with missing values handled according to the pre-
processing rules. Admissions data were left-joined onto the
merged dataframe. Outlier stays (bin count) above the 99th
percentile were excluded. Numeric features were minmax
scaled to [0,1], while glucose measurements robust scaled
(Pedregosa et al. 2011) to reduce the influence of extreme
values, which occur more frequently in glucose tests.

All scalers (and, where applicable, PCA) were fit on the
training split only and then applied to validation/test splits
to prevent train–test contamination. All analyses used de-
identified data from the GEMINI dataset under research
ethics board approval, with secure governance and access
controls in place (Verma et al. 2021; GEMINI 2025).

Embeddings Preprocessing. Pipelines B–D used embed-
dings to encode structured data into text paragraphs, which
were embedded using Clinical BioBERT (Alsentzer et al.
2019). Principal Component Analysis (PCA) (Jolliffe and
Cadima 2016) was applied to embeddings to retain 99% of
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Pipe Labs Vitals Adm BC
A Gluc/Cls Map/Cls Some/Cls No
B Gluc/Emb Map/Emb Some/Emb No
C All L/Emb All V/Emb All A/Emb No
D All L/Emb All V/Emb All A/Emb Yes

Table 1: Setup of different pipeline configurations.

Abbreviations: Adm = admissions; BC = bin counter, Gluc =
glucose-only; All L = all labs; All V = all vitals; All A = all ad-
missions; Map = mapped numerics; Cls = classic tabular; Emb
= Clinical BioBERT embeddings.

the variance while reducing dimensionality for downstream
modelling and mitigating overfitting.

Pipelines C and D incorporated additional sources: all
lab tests specified by our subject-matter expert, unmapped
vitals, and additional admissions features. Values were ag-
gregated with counts, averages, minima, maxima, and refer-
ence ranges for numeric variables, and categorical distribu-
tions for non-numeric ones. To avoid token limits, Labs, Vi-
tals, and Admissions paragraphs were embedded separately,
PCA-reduced, and concatenated. Pipeline D additionally in-
cluded the bin counter as a Robust-scaled numeric input.

Sequence Formation. Sequences of two bins were cre-
ated to target near-term decision support and align with com-
mon hospital practice. Visits with fewer than three bins were
excluded. Splitting was done at the patient id level to pre-
vent leakage, with 65%/19%/16% train/test/validation splits
fixed across pipelines. The final dataset contained approxi-
mately 84,000 unique patients, 133,000 hospital visits, and
2.2 million generated sequences.

Model Training. Class imbalance (approximately 6:1 ra-
tio of not-performed to performed tests) was addressed by
computing class weights and passing them to the model
during training to penalize misclassification of the minority
class. Each pipeline (Table 1) was trained using an LSTM
(Hochreiter and Schmidhuber 1997) implemented in Keras
(Chollet 2024) with TensorFlow (Abadi et al. 2016), binary
cross-entropy loss, Adam optimizer (Kingma and Ba 2014),
and sigmoid output activation. We performed grid search,
and the settings yielding the highest validation performance
were selected.

Pipelines C and D were additionally tuned via Bayesian
optimization (Snoek, Larochelle, and Adams 2012) to ex-
plore more complex architectures. While this approach effi-
ciently sampled broader configurations, performance gains
were marginal (< 1%) and often came at the cost of greater
complexity and longer training. Given the need for inter-
pretability and deployment efficiency, final models used the
simpler manually-tuned configurations.

Model Architecture and Hyperparameter Search. To
evaluate generalizability, Pipeline A underwent Leave-One-
Hospital-Out cross-validation (LOHO CV) using GEMINI’s
(Verma et al. 2021; GEMINI 2025) multi-hospital dataset.
Because patients could appear in multiple hospitals, each
patient was assigned to the hospital with the most bins, en-
suring no cross-hospital overlap. For each LOHO fold, data

P Acc Prec Rec Spec F1 ROC PR
A 0.85 0.44 0.77 0.87 0.56 0.87 0.60
B 0.87 0.48 0.74 0.89 0.59 0.89 0.60
C 0.83 0.37 0.75 0.84 0.50 0.87 0.57
D 0.88 0.48 0.81 0.89 0.60 0.92 0.67

Table 2: Performance Metrics on Test Data for Pipelines A,
B, C, and D

Abbreviations: P = Pipeline, Acc = Accuracy, Prec = Precision,
Rec = Recall, Spec = Specificity, ROC = Receiver-Operating
Characteristic Curve, PR = Precision–Recall Area Under the
Curve (AUC).

from one hospital served as the test set while remaining hos-
pitals formed the training/validation sets, with preprocessing
and sequence formation repeated per fold.

Results
Data Analysis. Exploratory analysis of GEMINI revealed
distinct temporal and hospital-level patterns in glucose test-
ing and vital measurements. Glucose testing peaks occurred
between 5–8 AM, while vital signs were measured most fre-
quently at 8 AM and 8 PM. Testing frequency generally
increased over time, with a notable dip during 2020–2021,
likely due to COVID-19. Two hospitals (102, 115) were ex-
cluded for insufficient data.

Prediction Performance. Table 2 shows the best test-set
results for each pipeline (A–D), reported at the highest vali-
dation ROC-AUC, using a 0.5 threshold on model outputs.

External Validation Across Hospitals. Pipeline A was
externally validated using Leave-One-Hospital-Out CV.
Embedding-based validation was not feasible due to high-
performance computing (HPC) resource limitations, includ-
ing GPU memory and runtime constraints. Nevertheless, the
model achieved an accuracy of 0.85 ± 0.08 (95% CI: 0.79–
0.92), precision of 0.42 ± 0.16 (95% CI: 0.29–0.55), recall
of 0.72 ± 0.07 (95% CI: 0.66–0.78), specificity of 0.87 ±
0.09 (95% CI: 0.80–0.94), F1-score of 0.51 ± 0.15 (95% CI:
0.38–0.63), PR-AUC of 0.51 ± 0.08 (95% CI: 0.45–0.57),
and ROC-AUC of 0.84 ± 0.05 (95% CI: 0.80–0.88), indi-
cating good generalization to unseen hospitals.

Exploring Regression
In addition to classification, we explored predicting actual
glucose values to provide a richer clinical context. This was
framed as a regression task using Pipeline A features for
interpretability. A Random Forest (RF) (Breiman 2001) re-
gressor underwent grid search, yielding the best configura-
tion of n est = 500, max depth = 20, min split = 10, min leaf
= 4. On the test set (with masked evaluation applied to bins
with true observed values to avoid bias from forward-filled
glucose), the model achieved a mean absolute error of 0.58,
a mean squared error of 1.59, and a coefficient of determi-
nation of 0.80, with a runtime of 1,682 seconds.

Initial LSTM regression attempts were unstable, poten-
tially due to short sequences, high variability, and forward-
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filling effects, and are not reported here. The RF model out-
performed LSTM in this setting, possibly because it evalu-
ates samples independently rather than relying on potentially
misleading short-term trends.

While regression performance was modest, likely due to
the inherent imbalance in glucose measurements, further
work should explore more balanced, frequently measured
tests (e.g., sodium) for comparison. Extending the pipeline
to jointly output binary predictions and continuous values
could enhance clinical decision-making, including down-
stream classification into normal/abnormal ranges

Discussion
Our results indicate a clear improvement in performance
when transitioning from Pipeline A (which uses classic
mapped glucose data, mapped vitals, and select admissions
features as input) to Pipeline B (where the same data is rep-
resented in paragraph form and embedded using NLP tech-
niques). Representing structured clinical data as paragraphs
and applying embeddings not only boosts performance, but
also captures patient history more accurately, without rely-
ing on assumptions such as normal or carried-forward val-
ues for missing measurements. In contrast, traditional pre-
processing approaches, like imputing ”normal” results or
forward-filling previous values, can introduce inconsisten-
cies and fail to reflect a patient’s evolving clinical state; em-
beddings instead leverage all available information at each
time point, even when partial or incomplete, enabling a more
realistic understanding of the patient’s condition.

However, despite integrating additional tests, unmapped
vitals, and expanded admissions data, Pipeline C did not
yield further improvements. This could be due to the in-
creased complexity of the embeddings, which could have
introduced noise or irrelevant patterns that the simple LSTM
architecture struggled to effectively model and interpret. The
model may have been unable to fully leverage the added in-
formation, suggesting that a more complex model architec-
ture or additional regularization techniques could be neces-
sary to better capture the nuances of the richer embeddings.

Finally, given the limitation of short patient stays and the
restriction on the sequence length by the GEMINI team, the
inclusion of the bin counter variable in Pipeline D proves
to be beneficial. This variable provides additional context
about patient history, contributing to more accurate predic-
tions. The performance in Pipeline D suggests that struc-
turing temporal information explicitly, rather than relying
solely on embeddings and implied relationships through se-
quences, enhances predictive accuracy.

Given the clinical priority of avoiding missed necessary
tests, evaluation emphasized sensitivity (recall) over other
metrics, aligning with subject-matter expert guidance. Short
sequences (2 bins) matched clinical workflows where rapid
decision support is essential, and the bin counter partially
offsets limited history. Future work could explore ensem-
bles or transformer-based (Vaswani et al. 2017) models to
flexibly handle variable-length sequences.

Overall, while each pipeline was carefully designed to
enhance predictive performance, our results emphasize the

need to balance data complexity and model capacity. In-
creasing the complexity of embeddings does not guarantee
better performance, as ensuring that the model can effec-
tively extract relevant information is equally important.

This study has several limitations. First, hospital-level dif-
ferences in lab ordering practices, calibration, and reference
ranges present potential threats to validity. Second, although
using GEMINI-mapped tests in Pipeline A helped reduce
some inconsistencies, data quality issues such as outliers and
missing units remain. Third, while embeddings helped mit-
igate the impact of missing or inconsistent values by lever-
aging all available information, the model’s availability to
generalize to datasets with different data structures has not
been evaluated. In the future, enhanced preprocessing by the
GEMINI medical team, such as refining data collection pro-
cesses or addressing current data quality issues, could fur-
ther enhance model utility.

Our approach, which is the first to predict lab test occur-
rence in the GEMINI dataset, combines LSTMs with NLP
embeddings for structured hospital data, offering potential
to reduce unnecessary testing, cut costs, and improve care.
External validation showed strong results across hospitals,
though its applicability to hospitals with different patient de-
mographics may require further refinement and validation.

Conclusion
The over-utilization of laboratory tests remains an ongo-
ing challenge in healthcare, driving costs, hospital-acquired
anemia, heightened patient anxiety, and low-value care
(Müskens et al. 2022; Shaik et al. 2024). While initia-
tives requiring manual labour have been implemented in
Canada to address this issue, system-level changes are cru-
cial for achieving broader and more sustainable improve-
ments (Canadian Institute for Health Information 2022).

In this paper, we presented a novel framework for predict-
ing laboratory test occurrences using the GEMINI dataset,
combining LSTM networks with NLP-based embeddings
to integrate structured and unstructured clinical data. This
approach addressed common challenges such as missing
values and class imbalance, improving predictive accuracy
while capturing richer temporal and contextual information.
Beyond classification, we explored regression for predict-
ing test values, noting the impact of data imbalance. Fu-
ture work will extend this work to more frequent tests like
sodium, which offer more balanced datasets and could help
determine whether the lower glucose performance was due
to imbalance or inherent task complexity.

Additional directions include ensemble models for vari-
able sequence lengths, which can enable dynamic model se-
lection based on the historical data available for each pa-
tient to optimize predictive accuracy while maintaining clin-
ical practicality. Integrating direct clinician feedback into the
evaluation process will be essential to refine predictions and
ensure alignment with real-world decision-making work-
flows, thus improving both trust and practical utility in clin-
ical settings. These contributions provide a strong basis for
AI applications in healthcare, offering novel approaches for
modelling clinical data and setting the stage for further ad-
vancements in predictive healthcare analytics.
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