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Abstract

Tokenization strategies shape how models pro-
cess electronic health records, yet fair com-
parisons of their effectiveness remain limited.
We present a systematic evaluation of tokeniza-
tion approaches for clinical time series model-
ing using transformer-based architectures, re-
vealing task-dependent and sometimes coun-
terintuitive findings about temporal and value
feature importance. Through controlled abla-

approaches can, in many cases, achieve strong
performance, though the optimal tokenization
strategy remains task-dependent.

Keywords: tokenization, clinical time series,
electronic health records, transformer models,
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Data and Code Availability We use the pub-

tions across four clinical prediction tasks on
MIMIC-IV, we demonstrate that explicit time
encodings provide no consistent statistically sig-
nificant benefit for the evaluated downstream
tasks. Value features show task-dependent im-
portance, affecting mortality prediction but not
readmission, suggesting code sequences alone
can carry sufficient predictive signal. We fur-
ther show that frozen pretrained code encoders
dramatically outperform their trainable coun-
terparts while requiring dramatically fewer pa-
rameters. Larger clinical encoders provide con-
sistent improvements across tasks, benefiting
from frozen embeddings that eliminate compu-
tational overhead. Our controlled evaluation
enables fairer tokenization comparisons and
demonstrates that simpler, parameter-efficient

licly available MIMIC-IV dataset (Johnson et al.,
2023), processed into the Medical Event Data
Standard (MEDS) format (McDermott et al., 2025)
using the MIMIC-IV MEDS ETL pipeline (Med-
ical Event Data Standard Organization, 2024).
Our experiments are conducted using the MEDS-
Torch framework (Oufattole et al., 2024). Code
for reproducing our experiments is available at
https://github.com/rafiattrach/rethinking-ehr-
tokenization.

Institutional Review Board (IRB) This re-
search uses the publicly available MIMIC-IV dataset,
which has been previously approved for research use

and does not require additional IRB approval for this
analysis.

* Shared first author.
t Shared corresponding author.

© R.A. Attrach, R. Fani, D. Restrepo, Y. Jia, L.A. Celi & P. Schiiffler.


https://github.com/rafiattrach/rethinking-ehr-tokenization
https://github.com/rafiattrach/rethinking-ehr-tokenization

RETHINKING TOKENIZATION FOR CLINICAL TIME SERIES

1. Introduction

Foundation models have transformed clinical ma-
chine learning (Li et al., 2020; Rasmy et al., 2021).
Tokenization, the process of converting raw elec-
tronic health record (EHR) events into dense vec-
tor representations, is a fundamental step that af-
fects how models process information (Ali et al.,
2024). However, a key question persists: how
should we tokenize complex, irregular medical time
series data for optimal model performance? Unlike
natural language or images, clinical data presents
unique challenges: sparse measurements, irregular
sampling, and heterogeneous feature types that de-
mand specialized tokenization strategies. Recent
benchmarks like EHRSHOT (Wornow et al., 2023)
have highlighted the importance of systematic eval-
uation frameworks for clinical AT models, while gen-
erative approaches (Waxler et al., 2025; Pang et al.,
2024) and foundation model applications (Renc et al.,
2025) continue to expand the scope of clinical Al

Recent frameworks like MEDS-Torch (Oufattole
et al., 2024) have proposed multiple tokenization ap-
proaches, with Triplet (structured code-time-value
triplets) and TextCode (natural language descrip-
tions with structured features) representing two dif-
ferent philosophies. The Triplet approach, building
on STraTS (Tipirneni and Reddy, 2022), represents
each event as the sum of a learned code embedding, a
time embedding, and a value embedding. In contrast,
TextCode uses pretrained language models to encode
code descriptions into semantic embeddings. While
Triplet achieved the highest win rate and TextCode
the lowest in initial benchmarks, these comparisons
were potentially confounded by experimental design
choices.

Despite recent innovations, establishing fair com-
parisons between tokenization strategies remains
challenging. Prior benchmarks reported superior
performance of Triplet-based representations over
TextCode (Oufattole et al., 2024); however, these
evaluations confounded several factors, including in-
complete code-to-description mappings, the reliance
on a single model size, and whether pretrained lan-
guage encoders were frozen or fine-tuned. Such
methodological inconsistencies make it difficult to
attribute observed performance to the tokenization
strategy itself rather than to experimental design
choices.

To address these limitations, we conduct a series
of systematic and controlled experiments designed

to isolate the contribution of individual components.
Our results challenge prevailing assumptions about
clinical time series modeling, demonstrating that
many widely adopted tokenization pipelines may be
unnecessarily complex for certain tasks. By disen-
tangling the effects of time encoding, value features,
and embedding strategies, we enable clearer compar-
isons between tokenization approaches and highlight
opportunities for simpler, more parameter-efficient
models that maintain competitive performance.

2. Methods

2.1. Clinical Tasks and Dataset

Our evaluation uses four clinical prediction tasks from
the MEDS-ACES task suite (Xu et al., 2024): in-
hospital mortality within 24 hours of admission, ICU
mortality within 24 hours of ICU stay, 1-year post-
discharge mortality, and 30-day readmission. We use
MIMIC-IV (Johnson et al., 2023), processed into the
Medical Event Data Standard (MEDS) format (Mc-
Dermott et al., 2025) using the MIMIC-IV MEDS
ETL pipeline (Medical Event Data Standard Organi-
zation, 2024). This standardized format enables re-
producible comparisons across different tokenization
approaches.

2.2. Tokenization Approaches

We compare two tokenization strategies that rep-
resent different philosophies for encoding clinical
events. Triplet tokenization represents each clini-
cal event as the sum of three embeddings:

€triplet = Weode€ + CVEgime (t) + CVEqalue (V) (1)

where W qqe is a learned embedding matrix for med-
ical codes ¢, and CVE (Continuous Value Embed-
ding) (Tipirneni and Reddy, 2022) maps scalar time
deltas t and numeric values v to dense representa-
tions.

TextCode replaces the learned code embedding
with representations from pretrained language mod-
els:

€textcode = LM(deSC(C)) + CVEtime (t) + CVEvalue(V)

(2)
where desc(-) maps medical codes to natural language
descriptions and LM represents a pretrained language
model encoder.
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Figure 1: Triplet component ablation across four tasks. Error bars show 4sd over N = 10 seeds. Full
numeric results are deferred to Appendix Table 2.

2.3. Controlled Experimental Design

To enable fair comparisons, we systematically vary
TextCode along four controlled axes: 1) mapping
coverage, 2) training approach, 3) encoder scale, and
4) encoder domain. For mapping coverage, we com-
pare original sparse mappings (25% coverage) against
enhanced mappings (100% coverage) that we filled
using the MIMIC-IV MCP Server (Attrach et al.,
2025). Here, coverage denotes the fraction of vocabu-
lary codes with human-readable descriptions (rather
than fallback identifiers); the original mapping leaves
most codes without descriptions, whereas the en-
hanced mapping provides descriptions for all codes
(see Appendix, Section A.1). This is critical because
TextCode relies on natural language descriptions as
input to language models (Su et al., 2025; Hegsel-
mann et al., 2025). The training approach varies be-
tween trainable and frozen language model encoders.
For encoder scale, we test models ranging from 15M
to nearly 600M parameters. For encoder domain, we
contrast clinical versus general-domain code encoders
at comparable scale (both frozen) to isolate domain
effects.

We conduct comprehensive component ablations
on Triplet tokenization to understand the individual
contribution of each modality. By systematically re-
moving time features, value features, or both com-
ponents while preserving the code information, we
isolate the predictive signal contributed by each tok-
enization component across all clinical tasks.

2.4. Statistical Analysis

All models use supervised training in the stan-
dardized MEDS-Torch pipeline with transformer en-
coders. We report AUROC (Area Under the Re-
ceiver Operating Characteristic curve) as the primary
metric (McDermott et al., 2024), aggregated over 10
random seeds. Statistical significance testing uses
paired, two-sided Wilcoxon signed-rank tests, chosen
for their robustness to non-normal distributions com-
mon in clinical prediction metrics. Bonferroni cor-
rection adjusts for multiple comparisons within each
experimental group, with seed intersections used for
proper pairing.

3. Results

3.1. Triplet component importance

A central finding is the limited impact of ex-
plicit time and value features for the evaluated
tasks (as shown in Figure 1). Removing time fea-
tures shows no statistically significant effect across all
clinical tasks tested, suggesting that explicit tempo-
ral encoding may provide less benefit than commonly
assumed for these prediction tasks with transformer
architectures. Remarkably, for readmission predic-
tion, even removing value features shows no signif-
icant impact, indicating that event code sequences
alone carry sufficient predictive signal. While value
features do contribute to mortality prediction tasks,
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the consistent lack of temporal signal across all eval-
uated tasks reveals potential optimization opportu-
nities in current tokenization approaches. Interest-
ingly, for in-hospital and ICU mortality, the code-
only model (with both time and value removed) out-
performed the no-value variant, suggesting that iso-
lated time features may introduce noise when value
information is absent.

3.2. TextCode: mapping, freezing, and code
encoders

Freezing the code encoder dramatically im-
proves performance, and larger clinical code
encoders improve further; this performance gain
was statistically significant across all four tasks
evaluated. BioClinical-ModernBERT-large substan-
tially outperforms the baseline Tiny-Clinical BERT
model, while general-domain encoders like Qwen3-
Embedding-0.6B achieve competitive but not supe-
rior performance compared to clinical models. En-
hanced mapping coverage shows minimal impact
compared to these architectural choices. Table 1 sum-
marizes post-discharge mortality, which is represen-
tative of the trends observed across other tasks (see
Appendix for full results).

Auzis definitions. Each axis isolates a single experi-
mental change against a controlled baseline configu-
ration to isolate its effect:

e Mapping: Original vs. Enhanced description
coverage (using trainable Tiny-Clinical BERT).

e Trainability: Trainable vs.  Frozen Tiny-
ClinicalBERT code encoder (using Enhanced

mapping).
e Size: Tiny-ClinicalBERT  (=15M)  vs.
BioClinical-ModernBERT-L  (~396M) (both

frozen).

e Domain: Clinical (BioClinical-ModernBERT-
L) vs. General (Qwen3, ~596M) (both frozen).

3.3. Learnable time encodings

Given that simple time encoding seemed ineffec-
tive, we also tested more complex learnable time en-
coders including Time2Vec (Kazemi et al., 2019) and
LeTE (Chen et al., 2025), but they do not surpass
the simple linear time feature. Details are in
Appendix Section A.4.

TextCode Efficiency Frontier: Post-Discharge Mortality (1Y)
(Bubble size reflects trainable parameters)

m Frozen
Trainable

Freezing improves performance &

reduces parameters.
(Trainable is default in MEDSTorch)

AUROC (%)

Trainable Parameters (millions)

Figure 2: Efficiency frontier for TextCode variants on
post-discharge mortality. Bubble size re-
flects trainable parameters. Freezing the
encoder offers a superior performance/cost
trade-off.

4. Conclusion

Our findings reveal that current EHR tokenization
approaches may be over-engineered for certain clin-
ical prediction tasks. The consistent lack of impact
from explicit time features suggests that for trans-
former architectures applied to prediction tasks, these
may provide limited additional signal beyond the in-
herent sequence order captured through positional
embeddings. For mortality tasks, code-only models
generally outperformed or matched models with code
plus time embeddings, suggesting that time features
without values may add noise rather than signal.

The strong performance of frozen encoders over
trainable ones highlights a key trade-off. Fine-tuning
entire LLMs risks catastrophic forgetting and over-
fitting, while requiring significant computational re-
sources. In contrast, frozen encoders act as pow-
erful, regularized feature extractors, leveraging rich
pretrained knowledge while only training small pro-
jection layers. This approach proved more stable and
effective across all evaluated tasks.

Our focus on Triplet and TextCode was motivated
by their contrasting initial performance (highest vs
lowest win rate in MEDS-Torch benchmarks) and
their structural similarity that enables clean abla-
tions. Given that code information emerged as the
most critical predictive signal, we hypothesized that
TextCode’s underperformance reflected unfair ex-
perimental conditions rather than fundamental lim-
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Table 1: TextCode results on post-discharge mortality. BioC-L is BioClinical-ModernBERT-L. { Bonferroni-
corrected; * uncorrected p < 0.05. Blank cells are not significant.

Axis Baseline Variant

Mapping Original mapping: 71.240.8 Enhanced mapping: 71.1£0.3
Trainability ~ Tiny-Clinical BERT (Train.): 71.10.3  Tiny-Clinical BERT (Frozen): 81.1%1.3" 1
Size Tiny-Clinical BERT (Frozen): 81.1+1.3 BioC-L (Frozen): 82.940.9" 1
Domain Clinical (BioC-L): 82.9+0.9 General (Qwen3): 81.5+1.27 |

itations.  Our controlled comparison shows that
frozen BioClinical-ModernBERT-Large substantially
narrows TextCode’s performance gap to Triplet,
bringing it within approximately 1 AUROC point
(compared to over 10 points in initial benchmarks),
with Triplet maintaining a small advantage across
tasks under our fixed experimental settings. EIC
(Everything In Code), the third major tokenization
paradigm in MEDS-Torch, discretizes all modalities
into categorical tokens rather than using continuous
encoders, requiring fundamentally different experi-
mental designs beyond our current scope.

These findings suggest that simpler, more
parameter-efficient approaches can achieve strong
performance in clinical time series modeling, though
optimal tokenization remains task-dependent. Our
controlled evaluation framework enables fairer com-
parisons between tokenization methods. While these
insights are derived from transformer-based models
on MIMIC-IV for prediction tasks, they provide a
foundation for broader investigation across architec-
tures, datasets, and clinical applications. Future
work should explore whether these patterns hold for
other clinical tasks, model architectures (e.g., RNNs;
state-space models) and across multiple institutions.
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Appendix A. Implementation Details
A.1. TextCode Encoder Architecture

Freezing Mechanism: The flexible TextCode en-
coder implements two distinct pathways. For frozen
models, we precompute embeddings for all vocabu-
lary codes using the pretrained language model, cache
them as tensors, and disable gradient computation
(requires_grad=False). During training, embed-
dings are retrieved via fast tensor indexing rather
than forward passes through the language model. For
trainable models, we perform on-the-fly BERT infer-
ence with gradients enabled, allowing end-to-end op-
timization.

Caching System: Frozen models utilize a so-
phisticated caching mechanism that precomputes em-
beddings for the entire vocabulary (~1.2K codes)
and stores them as pickle files. The cache maps
vocabulary indices to native model dimensions
(768 for Tiny-ClinicalBERT, 1024 for BioClinical-
ModernBERT-large, 1024 for Qwen3), which are
then projected to the token dimension (128).
During training, unique codes are identified us-
ing fast_unique with_inverse, embeddings are re-
trieved via tensor indexing, and a learned projection
layer maps to the model’s token dimension (128).

Enhanced Mapping: The original MEDS-Torch
mapping suffered from 75% missing descriptions,
using fallback codes that may not capture clin-
ical semantics. Our enhanced mapping trans-
forms structured code identifiers into human-readable
descriptions (e.g., “INFUSION_END//225166” be-
comes “Infusion of potassium chloride ended”), pro-
viding richer textual descriptions for language model
encoding. Without rich textual descriptions, lan-
guage model-based tokenizers may not distinguish
between semantically related codes or leverage their
extensive pretraining on medical literature. Our en-
hanced mapping ensures that any observed perfor-
mance differences between Triplet and TextCode ap-
proaches can be attributed to the fundamental tok-
enization strategy rather than to data preprocessing
artifacts.

A.2. Model Specifications

e Tiny-ClinicalBERT (Rohanian et al., 2024)
(nlpie/tiny-clinicalbert): 15M parameters, 768-
dim embeddings

e BioClinical-ModernBERT-Large (Sounack
et al., 2025) (thomas-sounack/BioClinical-

ModernBERT-large): 396M

1024-dim embeddings

parameters,

e Qwen3-Embedding-0.6B (Zhang et al., 2025)
(Qwen/Qwen3-Embedding-0.6B): 596M param-
eters, 1024-dim embeddings

A.3. Controlled Experimental Settings

meds-torch-train experiment=triplet_mtr
paths.data_dir=triplet_tensors
paths.meds_cohort_dir=MEDS_cohort
data.task_root_dir=MEDS_cohort/tasks
trainer.accelerator=auto
trainer.devices=1
trainer.precision=32
trainer.strategy=auto
logger=csv
++model.token_dim=128
++data.dataloader.batch_size=64
++trainer.max_epochs=10
++data.dataloader.num_workers=6

A.4. Extended Time Encoder Results

e Time2Vec: We evaluated k € {1, 2, 3, 4, 5,
6, 8, 10, 20, 50} for the sinusoidal component
count using a standard PyTorch implementa-
tion (Garcia, 2024). Raw p-values showed oc-
casional improvements (k=6,10 for in-hospital
mortality AUROC), but none survived Bonfer-
roni correction across the full experimental grid.

e LeTE: Learnable time encodings mixed Fourier
basis functions with spline multilayer percep-
trons. We tested balanced (equal Fourier/spline
weights), spline-heavy, and Fourier-heavy config-
urations. All variants performed comparably to
the baseline continuous value encoder, suggest-
ing that simple linear time encoding suffices for
these clinical prediction tasks.

A.5. Computational Efficiency

Frozen TextCode models achieve 15x reduction in
trainable parameters (14.5 M — <1 M) while improv-
ing performance. Training time decreases substan-
tially due to cached embeddings eliminating repeated
language model forward passes. Even with larger
frozen models (396M ModernBERT-Large), the com-
putational footprint during training remains minimal
since only the projection layer requires gradient com-
putation.
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Appendix B. Complete Ablation
Results

Complete numeric results for the Triplet component
ablations across all four clinical tasks are provided in
Table 2.

Appendix C. Full TextCode Results
Across All Tasks

Full per-task results for the TextCode experiments
are provided in Table 3.

Appendix D. Learnable Time
Encoders

We evaluated Time2Vec and LeTE. For Time2Vec,
we explored a range of values for the number of si-
nusoidal components, k. We began with small values
and increased the step size after observing diminish-
ing returns. No variant offered a statistically signifi-
cant improvement over the simple linear baseline, as
shown in Table 4.
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Table 2: Triplet ablations (AUROC p+0; N=10). T Bonferroni-corrected p < 0.05; * uncorrected. Direction
arrows compare to Triplet.

Task Triplet No time No value Code-only
In-hospital mortality (24h) 82.34+0.7 82.0+£0.9 79.54+0.77 |  80.240.8" |
ICU mortality (24h) 78.54+0.5 78.0+0.8 75.44+0.4" | 76.240.8" |
Post-discharge mortality (ly) 84.240.4 84.1£0.3 81.94+0.2" |  81.940.5" |
Readmission (30d) 69.9+0.8  69.840.3 69.51+0.4 68.8+1.0" |

Table 3: Full TextCode results across all tasks (AUROC p £ o; N=10).

Variant In-hosp. mort. ICU mort. Post-disch. mort. Readmission
Tiny-ClinicalBERT (Train.) 69.5+1.3 64.3+0.8 71.14+0.3 61.1+0.4
Tiny-ClinicalBERT (Frozen) 72.5+£1.6 72.84+0.9 81.1+1.3 65.6+1.1
BioClinical-ModernBERT-Large (Frozen) 76.2+1.9 75.6+1.3 82.91+0.9 69.5+1.7
Qwen3 (Frozen) 75.1£1.2 72.84+0.9 81.5+1.2 67.2+1.2

Table 4: Best learnable time encoding per task vs baseline (AUROC p £ o; N=10).

Task Baseline (CVE) Best Variant Wilcoxon p
In-hospital mortality (24h) 82.3+0.7 T2V (k=6): 82.7+0.8 0.193
ICU mortality (24h) 78.5+0.5 Spline (Heavy): 78.9+0.4 0.037
Post-discharge mortality (1y) 84.24+0.4 Spline (Bal.): 84.84+0.8 0.027
Readmission (30d) 69.9+0.8 T2V (k=2): 70.3£0.7 0.037
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