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Abstract
Accurate clinical outcome prediction from structured electronic health records (EHRs) remains challenging due

to high-dimensional heterogeneous features, severe outcome imbalance, and distribution shift—constraints that

are far more pronounced than in general tabular benchmarks. Although recently developed tabular foundation

models, particularly in-context and retrieval-augmented approaches, achieve strong results on generic datasets,

their behavior under realistic clinical constraints remains unclear.

In this work, we present the first systematic multi-cohort EHR benchmark comparing classical machine learning,

deep tabular models, and tabular in-context learning (TICL) methods, including prior-fitted network (PFN)–based

approaches and their retrieval-augmented variants (RA-TICL), across small clinical datasets and large real-world

ICU cohorts. Through controlled stress tests varying data scale, feature dimensionality, outcome rarity, and

cross-cohort generalization, we identify regime-dependent performance patterns. PFN-based TICL models are

notably sample-efficient without retraining in low-data regimes. Meanwhile classic distance-based retrieval, which

has been used to adapt PFN-based models to much larger datasets, leads to degradation as feature heterogeneity

and class imbalance intensify in EHR domain.

To address this limitation, we propose Attention Weighting for Aligned Retrieval Embeddings (AWARE), a

task-aligned retrieval framework that improves neighborhood quality through supervised embedding retrieval

learning and lightweight adapter fine-tuning. Across stress tests, AWARE yields relative AUPRC improvements

that increase with data complexity, from approximately 0.3–4.0% as training size scales, to 7.0% under high

feature dimensionality, and up to 12.2% under extreme outcome imbalance, demonstrating that retrieval alignment

becomes increasingly critical in complex EHR settings. Collectively, our findings establish retrieval quality and

retrieval–inference coupling as central bottlenecks for deploying tabular in-context learning in clinical prediction.

1. Introduction

Accurate prediction from structured electronic health

records (EHRs) is central to modern clinical decision

support, enabling risk stratification, resource allocation,

and timely intervention. However, EHR-based predic-

tion remains methodologically challenging due to high-

dimensional heterogeneous features, severe outcome im-

balance, irregular temporal structure, and cross-institutional
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variation (Sarwar et al., 2022).

While recent years have seen rapid advances in foundation

models for computer vision and natural language process-

ing, tabular learning, and EHR modeling in particular, has

also attracted growing interest, albeit at a more gradual pace

and with comparatively fewer large-scale, systematic evalu-

ations (Van Breugel & Van Der Schaar, 2024). Most EHR

foundation models have primarily relied on sequential or

language-based representations that emphasize longitudinal

structure and large-scale pretraining (Wornow et al., 2023).

Although effective in selected settings, these paradigms of-

ten require extensive pretraining on real-world clinical data,

operate over long token sequences, and impose complicated

standardization of heterogeneous medical events into univer-

sal formats. Such design choices introduce (1) substantial

training computational and architectural complexity, and (2)

practical and governance-related constraints associated with

real sensitive patient data, motivating interest in alternative

paradigms that are more efficient. This motivates us to adopt
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Figure 1. Conceptual comparison of major learning paradigms for EHR foundation models, illustrating differences in representation,

adaptation strategy, and computational trade-offs across native tabular models, sequential event-based models, language-based abstractions,

and tabular in-context learning. ✓highlights advantages while ✗highlights disavantages.

a newly alternative approach that has been introduced re-

cently in tabular deep learning, that can address these issues

of EHRs. We highlight the main differences between these

EHR-based learning paradigms in Figure 1.

Recent advances in tabular in-context learning (TICL),

such as TabPFN (Hollmann et al., 2025) and its retrieval-

augmented variants (RA-TICL), namely LocalPFN, Tab-

DPT (Thomas et al., 2024; Wen et al., 2025), offer a

foundation-style paradigm for inference-time adaptation,

relying only on synthetic data, and no task-specific retrain-

ing. For EHR-based clinical prediction, such approaches are

particularly attractive because they can substantially reduce

the need for repeated model development and retraining

when new prediction tasks arise across cohorts or institu-

tions (Moor et al., 2023). This enables rapid adaptation

to shifting patient populations, changing outcome defini-

tions, or newly available features, while lowering training

and operational costs associated with conventional super-

vised learning pipelines. However, strong performance on

generic tabular benchmarks might not guarantee reliable

results in clinical outcome prediction from structured EHR

data (Brown et al., 2025). In particular, it remains unclear

how reliably TICL and retrieval-augmented TICL behave

in high-dimensional, sparse, and imbalanced EHR represen-

tations where retrieval-based context construction maybe

noisy or unstable (Neha et al., 2025).

In this work, we introduce an adaptive retrieval framework

that learns task-aligned embeddings to improve neighbor-

hood quality for RA-TICL. We evaluate this approach along-

side classical machine learning baselines, deep tabular mod-

els, and prior-fitted network (PFN)–based TICL methods

across diverse small-scale benchmarks and large real-world

EHR cohorts. Our experiments isolate the effects of feature

heterogeneity, class imbalance, dataset scale, and cross-

cohort generalization, enabling a fine-grained analysis of

when inference-time adaptation succeeds and fails, and how

retrieval quality mediates this behavior. Figure 2 illustrates

the diversity of the benchmark suite in terms of scale, di-

mensionality, rarity, and clinical domain.

This work makes the following contributions to the litera-

ture:

• A first systematic, multi-cohort benchmark of tabu-

lar foundation models for EHR-based clinical pre-

diction. We evaluate classical machine learning base-

lines, deep tabular architectures, and TICL/RA-TICL

methods across multiple real-world EHR cohorts and

EHR-based supervised learning tasks, enabling con-

trolled comparisons under shared preprocessing and

evaluation protocols.

• An adaptive retrieval framework (AWARE) for RA-

TICL. We introduce a task-aligned embedding-based

retrieval strategy and a parameter-efficient adapter

finetuning strategy, that both improves neighborhood

quality and alignment under high-dimensional, imbal-

anced EHR conditions, enabling more stable retrieval-

augmented in-context learning for clinical tasks.

• A stress test of inference-time adaptation under clin-

ical constraints. We conduct a rigorous evaluation of

these tabular foundation models under different clini-

cal data constraints. We identify settings where TICL

2
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Figure 2. Landscape of EHR benchmarks evaluated in this study. The datasets span wide variation in cohort size, feature dimensionality,

outcome prevalence, and clinical domain, illustrating key challenges of (a) heterogeneity, (b) rarity, (c) cross-task, cross-institutional

generalizability and (d) distribution shift faced by tabular learning methods in real-world EHR settings. See detailed descriptions of

reported datasets in Table A2.

3



Retrieval-aligned Tabular Foundation Models Enable Robust Clinical Risk Prediction in Electronic Health Records

is most effective (e.g., low-data and moderately imbal-

anced regimes) and where performance degrades as

feature heterogeneity, cohort scale, and outcome rarity

increase.

Taken together, our findings provide a clinically grounded

evaluation of TICL and RA-TICL for EHR-based clinical

prediction, discussing their strengths and limitations under

realistic clinical data constraints. Based on these insights,

we offer guidance for the reliable deployment of outcome

prediction systems and outline directions for future method

development.

2. Preliminaries and Problem Setup

Our goal in this paper is to evaluate in-context and retrieval-

based tabular learning under non-sequential EHR pipelines,

which we call snapshot-based1 EHR prediction tasks. This

differs from prior work (Fallahpour et al., 2025; Odgaard

et al., 2024) focused on trajectory-dependent outcomes, such

as length of stay, readmission, and long-horizon mortality,

that require explicit sequence modeling. We focus on these

tasks that operate on fixed-length, temporally-aggregated

tabular representations. This setting reflects common de-

ployment pipelines and isolates structural challenges such

as feature heterogeneity, class imbalance, and context con-

struction without introducing explicit sequence modeling.

We formulate these tasks as supervised learning problems

over tabular representations derived from structured EHR

data.

In this setting, each patient encounter is represented by a

d-dimensional feature vector x ∈ R
d, comprising numeri-

cal measurements (e.g., laboratory values and vital signs),

ordinal variables, and encoded categorical information such

as diagnoses, procedures, medications, and demographics.

Depending on the clinical task, the prediction target y may

correspond to a discrete outcome label y ∈ {1, . . . , C} for

classification (e.g., mortality, readmission, infection occur-

rence) or a continuous value y ∈ R for regression (e.g.,

length of stay). It should be noted that there can be multiple

prediction targets for the same dataset.

Let the training dataset be defined as

Dtrain = {(x
(i)
train, y

(i)
train)}

Ntrain

i=1 ,

and let the test inputs be

Xtest = {x
(i)
test}

Ntest

i=1 ,

with the objective of predicting the corresponding labels

Ytest = {y
(i)
test}

Ntest

i=1 .

1or also called static EHR

In this work, we use this setup to evaluate how different

learning strategies behave under clinically realistic con-

straints such as data sparsity, heterogeneity, outcome rarity,

and generalizability.

3. Background and Related Work

3.1. Challenges of EHR Data

EHRs exhibit structural properties that fundamentally shape

the reliability, scalability, and clinical applicability of ma-

chine learning models (Li et al., 2020; Rasmy et al., 2021).

Unlike curated tabular benchmarks, EHR data are heteroge-

neous, temporally structured, highly imbalanced, and sub-

ject to substantial variation across institutions and patient

populations (Sarwar et al., 2022) (Figure 2).

In a real-world electronic health record, we may encounter

thousands of variables, such as age, sex, comorbidities, hun-

dreds of laboratory indices, hourly vital signs, ICD diagno-

sis codes, and procedural interventions(Harutyunyan et al.,

2019; Miotto et al., 2016; Rajkomar et al., 2018; Shickel

et al., 2017). However, if the task is to predict ICU mor-

tality, only a relatively small subset, such as serum lactate,

blood pressure, SOFA score, or mechanical ventilation sta-

tus, may carry substantial prognostic value. The remaining

variables are often sparse and not directly relevant to the

specific prediction task. From a clinical perspective, this

reflects everyday practice that every piece of information in

the chart is not equally meaningful for every decision. From

a machine learning perspective, this heterogeneity and noise

complicate representation learning, as the model must iden-

tify clinically meaningful signals within a high-dimensional,

partially irrelevant feature space (Miotto et al., 2016). For

retrieval-augmented approaches in particular, which rely on

identifying similar patients in feature space, the presence of

many non-informative dimensions can distort similarity met-

rics, leading to retrieved neighbors that are mathematically

close but not clinically comparable (Neha et al., 2025).

In addition to structural heterogeneity, EHR-based predic-

tion tasks are characterized by severe outcome rarity and

pervasive distribution shift. In clinical practice, many clini-

cally significant events are relatively rare, such as hospital-

acquired infections, septic shock, or mortality within a low-

risk population(Moor et al., 2021; Zhu et al., 2026). This

results in extreme class imbalance, where only a small frac-

tion of patients experience the event of interest. Under such

conditions, a model may achieve high aggregate accuracy

simply by predicting the majority class, yet fail to detect

rare but life-threatening cases(Sarwar et al., 2022). Fur-

thermore, distribution shift is common across institutions,

departments, and time periods. This is due to differences in

patient demographics, treatment protocols, coding practices,

or disease prevalence. A model trained in one hospital or co-
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Model

Adaptation Training EHR Properties

In-context Retrieval Pretrained Task Feature Imbalance
Learning -augmented -adaptive Weighting Handling

Classical tabular and tree-based models

Logistic Regression ✗ ✗ ✗ ✓ ✓ ✗

k-Nearest Neighbors ✗ ✓ ✗ ✗ ✗ ✗

XGBoost (Chen & Guestrin, 2016) ✗ ✗ ✗ ✓ ✓ ✗

LightGBM (Ke et al., 2017) ✗ ✗ ✗ ✓ ✓ ✗

CatBoost (Prokhorenkova et al., 2018) ✗ ✗ ✗ ✓ ✓ ✗

MLP ✗ ✗ ✗ ✓ ✗ ✗

Deep tabular models

TabNet (Arik & Pfister, 2021) ✗ ✗ ✗ ✓ ✓ ✗

TabTransformer (Huang et al., 2020) ✗ ✗ ✗ ✓ ✗ ✗

ResNet (Gorishniy et al., 2023b) ✗ ✗ ✗ ✓ ✗ ✗

TabM (Gorishniy et al., 2025) ✗ ✗ ✗ ✓ ✗ ✗

Trompt (Chen et al., 2023) ✗ ✗ ✗ ✓ ✓ ✗

ExcelFormer (Chen et al., 2024) ✗ ✗ ✗ ✓ ✓ ✗

Tabular in-context learning models

ModernNCA (Ye et al., 2024) ✓ ✓ ✗ ✓ ✗ ✗

TabPFN (Hollmann et al., 2025) ✓ ✗ ✓ ✗ ✗ ✓

kNNPFN (Thomas et al., 2024) ✓ ✓ ✓ ✗ ✗ ✗

TabDPT (Ma et al., 2025) ✓ ✓ ✓ ✗ ✗ ✗

AWARE + RA-TICL (Ours) ✓ ✓ ✓ ✓ ✓ ✓

Table 1. Comparison of tabular learning paradigms evaluated in this study and their adaptation characteristics for EHR-based clinical

prediction.

hort may therefore generalize poorly in another setting. For

retrieval-based methods, class imbalance further degrades

neighborhood quality, as retrieved similar cases are dispro-

portionately drawn from the majority class, impoverishing

the contextual support for rare outcomes(Nejjar et al., 2024).

In clinical deployment, this poses a critical challenge be-

cause it is precisely these rare, high-risk cases that demand

the most accurate and reliable prediction.

3.2. Clinical Representation Learning to EHR

Foundation Models

Prediction from structured EHR features in tabular form has

long been central to EHR-based clinical prediction (Jensen

et al., 2012). In practice, this setting has been dominated

by decision tree ensembles, most notably gradient-boosted

methods such as XGBoost (Chen & Guestrin, 2016), Light-

GBM (Ke et al., 2017), and CatBoost (Prokhorenkova et al.,

2018), which remain strong baselines for clinical outcome

prediction due to their robustness to heterogeneous feature

types, resilience under moderate data availability, and fa-

vorable interpretability–performance trade-offs (Grinsztajn

et al., 2022; McElfresh et al., 2023). These properties have

made tabular models widely adopted across diverse EHR-

based supervised learning tasks and institutional settings.

Motivated by the success of deep learning in other domains,

a growing body of work has explored neural architectures

tailored to tabular data. Models such as TabNet (Arik &

Pfister, 2021) and TabTransformer (Huang et al., 2020) in-

troduced attention-based feature selection and contextual-

ized embeddings, while more recent approaches, includ-

ing ResNet-style architectures (Gorishniy et al., 2023b),

TabM (Gorishniy et al., 2025), ExcelFormer (Chen et al.,

2024), Trompt (Chen et al., 2023), and DANets(Chen et al.,

2022)—aim to learn task-specific representations end-to-

end in large-data regimes. A common theme across these

models is the explicit modeling of feature relevance and

structure: rather than treating all variables as equally infor-

mative, they incorporate mechanisms that implicitly select,

weight, or group features to suppress noise from weakly

relevant or redundant inputs. These models have been ap-

plied to diverse EHR-based clinical prediction tasks, includ-

ing cardiovascular disease risk stratification (S et al., 2025;

Sumon et al., 2025), glaucoma surgery prediction using

multimodal EHR and imaging features (Koornwinder et al.,

2025), Carbapenemase-Producing Enterobacteriace (CPE)

infection forecasting (Pham et al., 2025a), preeclampsia

risk prediction (Rabby et al., 2025), obstructive sleep apnea

prediction (Chi et al., 2026), and hepatocellular carcinoma

risk estimation (Park et al., 2025). Table 1 provides a con-
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solidated overview of all benchmarked models in this study,

situating each method by its adaptation strategy, training

paradigm, and suitability for core challenges in EHR-based

clinical prediction.

Despite these advances, most deep tabular models for EHR-

based clinical prediction remain task-specific: they are

trained to solve a single outcome at a time and typically

require a moderate amount of labeled data for each new

task (Brown et al., 2025). This paradigm limits scalability

in real-world EHR settings, where institutions often face

many EHR-based supervised learning tasks across heteroge-

neous cohorts, with constrained opportunities for repeated

model development (Pang et al., 2025). With the increasing

availability of large-scale EHR data and growing computa-

tional resources, recent work has therefore shifted toward

foundation-style learning for EHRs (Khan et al., 2024; Moor

et al., 2023), aiming to build models that support reuse,

transfer, and adaptation across multiple tasks and clinical

contexts. Existing efforts in this direction are commonly cat-

egorized into language-based abstractions and sequential

event-based representations (Wornow et al., 2023).

Language-based abstractions convert structured EHR fea-

tures into textual or pseudo-textual formats to enable prompt-

based inference with large language models (Peng et al.,

2023; Singhal et al., 2025). Although promising results

have been reported on selected benchmarks (Acharya et al.,

2024; Ben Shoham & Rappoport, 2024; Hegselmann et al.,

2025), this approach relies heavily on prompt engineer-

ing and text abstractions that may obscure clinically rele-

vant structure and complicate robustness and interpretabil-

ity (Lee et al., 2024; Zhu et al., 2024). Sequential event-

based representations operate directly on longitudinal EHR

trajectories, building on earlier deep learning approaches

such as DeepPatient, RETAIN, and GRU-D (Che et al.,

2018; Choi et al., 2016; Miotto et al., 2016). More recent

models include Transformer-based architectures (e.g., Med-

BERT (Rasmy et al., 2021), BEHRT (Li et al., 2020), CORE-

BEHRT (Odgaard et al., 2024)) and state-space or autore-

gressive models capable of zero-shot prediction (Fallahpour

et al., 2025; Pham et al., 2025b; Renc et al., 2024). While

effective for temporally complex tasks, these approaches

require large event vocabularies and rigid standardization

pipelines, which can limit scalability and flexibility across

institutions (Wornow et al., 2023).

More recently, prior-fitted and in-context learning ap-

proaches such as TabPFN have begun to attract attention in

EHR-based clinical prediction settings (Ding et al., 2025;

El-Melegy et al., 2024; Mahdi, 2025). Early clinical studies

have reported competitive performance in applications such

as dementia risk prediction in Parkinson’s disease (Tran &

Byeon, 2024) and glioblastoma prognostication (Karabacak

et al., 2024), highlighting the potential of inference-time

adaptation for structured EHR features. These develop-

ments motivate closer examination of tabular in-context

learning as a complementary paradigm for EHR model-

ing. Recent benchmarking work has further shown that

simple count-based tabular approaches, including ontology

roll-ups paired with LightGBM or TabPFN, remain highly

competitive with sequential transformers and large language

model pipelines on structured EHR tasks, underscoring the

continued strength of tabular learning and the need for sys-

tematic evaluation across datasets and modeling paradigms

(Gao et al., 2025). In this work, we focus in particular on

retrieval-augmented TICL, which seeks to scale inference-

time conditioning to large and heterogeneous clinical co-

horts by constructing compact, query-specific contexts from

observed patient data.

3.3. In-Context Learning for Tabular Data

In-context learning (ICL) has recently emerged as a promis-

ing direction for tabular prediction, and is particularly rel-

evant when models must adapt at inference time without

task-specific retraining. TabPFN (Hollmann et al., 2025)2

has demonstrated that a prior-fitted transformer, trained

on synthetic tabular tasks, can adapt to new classification

problems at inference time without gradient-based fine-

tuning, achieving strong performance in small-sample set-

tings. Subsequent work extended this framework with im-

proved architectures and broader task families, including

Real-TabPFN(Garg et al., 2025), TabDPT (Ma et al., 2025),

and TabICL (Qu et al., 2025).

Many of these methods can be understood within the frame-

work of Prior-Fitted Networks, which approximate amor-

tized Bayesian inference over tabular datasets (Müller et al.,

2021). Given a test input x and a context dataset D, PFNs

learn a predictive distribution qθ(y | x,D) that approxi-

mates the posterior predictive p(y | x,D) by minimizing

the expected negative log-likelihood

LPFN = E(x,y,D) [− log qθ(y | x,D)] . (1)

During training, datasets are sampled from a distribution

over generative processes, encouraging the model to acquire

inductive biases that support rapid adaptation to unseen

tasks. Architecturally, PFN-based models represent each

such encounter as a token, embedding features into dense

representations, and processing them via self-attention. At

deployment, predictions are obtained by conditioning on a

prompt of labeled reference examples and unlabeled queries,

rather than updating model parameters.

While effective on synthetic and general-purpose tabular

benchmarks, the behavior of TICL methods on real-world

EHR-based supervised learning tasks remains insufficiently

understood. Clinical datasets are high-dimensional and of-

2We refer to TabPFNv2 simply as TabPFN.
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label-consistent, effective retrieval.

ten dominated by sparse, task-dependent signal (Sarwar

et al., 2022), making it neither computationally feasible nor

methodologically appropriate to condition on the full train-

ing cohort at inference time. Consequently, practical use

of TICL for EHR-based clinical prediction requires explicit

context construction, selecting a compact, query-specific

subset of training encounters. This introduces a critical

design challenge: how to retrieve context that is predic-

tive for clinical outcome prediction in high-dimensional,

imbalanced feature spaces, motivating the use of retrieval-

augmented approaches (Neha et al., 2025).

3.4. Retrieval-Augmented Tabular In-Context Learning

in Clinical Settings

A practical limitation of tabular in-context learning (TICL)

in large EHR cohorts is that conditioning on all available

training encounters is infeasible, necessitating an explicit

context construction step at deployment. Retrieval aug-

mentation addresses this limitation by selecting a small,

query-specific subset of training encounters to include in the

prompt (Qin et al., 2021; Zheng et al., 2023). In clinical nat-

ural language processing, retrieval-augmented prompting

has been shown to improve robustness and factual accu-

racy of large language models without additional training

(Lewis et al., 2020; Yang et al., 2025). This motivates anal-

ogous retrieval-augmented approaches for EHR representa-

tions, where retrieval induces a similarity-based inductive

7
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bias while keeping inference-time conditioning tractable for

EHR-based supervised learning tasks.

Formally, RA-TICL constructs, for each query instance xq ,

a context set

Dcontext(xq) = arg top-k
xi∈Dtrain

s(xq,xi), (2)

where s(·, ·) denotes a similarity function over encounter

representations, and k ≪ |Dtrain|. The retrieved set Dcontext

is combined with the query instance to form the in-context

prompt used for inference, enabling inference-time adap-

tation without updating model parameters. Representative

approaches include TabR (Gorishniy et al., 2023a), Mod-

ernNCA (Ye et al., 2024), and retrieval-integrated PFN vari-

ants such as LocalPFN (Thomas et al., 2024) and Mix-

turePFN (Xu et al., 2024).

Despite their promise, RA-TICL methods have seen lim-

ited and fragmented adoption in clinical settings. Existing

medical applications of retrieval-based context construc-

tion often rely on handcrafted similarity measures or task-

specific pipelines rather than learned, task-aligned retrieval.

Prior work has explored distance-based retrieval for clinical

prediction using manually designed feature or sequence sim-

ilarity metrics, including applications to cancer diagnosis,

mortality, and readmission prediction (Prasetyo et al., 2024;

Wang et al., 2022; Xue et al., 2025). However, we argue that

such naı̈ve retrieval in raw EHR feature space may suffer

from several limitations (Figure 3a). High-dimensional and

heterogeneous clinical features can distort distance-based

similarity metrics, leading to retrieval dominated by weakly

informative dimensions, and severe class imbalance can

yield neighborhoods heavily skewed toward majority-class

examples with poor label consistency. As a result, retrieved

encounters may appear similar yet be uninformative for

clinical outcome prediction, reducing the effectiveness and

stability of retrieval-augmented in-context learning (Qin

et al., 2021; Zheng et al., 2023).

These limitations indicate that effective retrieval for RA-

TICL must rely on representations explicitly aligned with

task-relevant structure rather than raw feature similarity.

To this end, we propose AWARE (Figure 3b), a learned

retrieval framework that optimizes neighborhood quality in

embedding space. It yields contexts with higher label purity

and greater stability under high-dimensional, heterogeneous,

and imbalanced EHR conditions, thereby improving the

reliability of retrieval-augmented in-context learning.

4. Methodology

This study is primarily designed as a systematic method-

ological evaluation of tabular learning approaches for EHR-

based clinical prediction. Along with our task-aligned re-

trieval approach for RA-TICL methods, we also aim to
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Figure 4. Overview of our designed task-aligned retrieval for

retrieval-augmented in-context learning EHR model.

assess the performance and robustness of existing tabular

models, particularly TICL and RA-TICL, under the struc-

tural constraints characteristics of real-world EHR data. We

focus on these domain-specific challenges that are central

to clinical deployment: (1) data scaling (Section 6.3.1) (2)

feature heterogeneity (Section 6.3.2), (3) outcome rarity

(Section 6.3.3), and (4) transferability across datasets and

institutions (Section 6.3.4).

In-context learning architecture for EHRs. Figure 4

illustrates how we adapt retrieval-augmented tabular in-

context learning for EHR-based clinical prediction. Fol-

lowing the conceptual design of PFN-based models such as

8
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Figure 5. Visualization of patient neighborhood structure across MIMIC-IV and eICU dataset, illustrated by projecting data into 2D space.

(a) In raw feature space, proximity does not reliably correspond to predictive relevance across different clinical tasks, resulting in scattered

positive examples. (b) In contrast, task-aligned embedding retrieval (AWARE) reshapes the representation space such that label-consistent

examples form coherent local clusters while preserving smooth structure for downstream in-context learning. (c) Black bars illustrate

task-specific feature reweighting induced by the attention-based encoder, highlighting how retrieval adapts to heterogeneous clinical

variables.

TabPFN and TabDPT, we retain the original in-context back-

bone and introduce two new modules within our AWARE

framework. Structured EHR features are first encoded into

vectors in a learned embedding space using an attention-

based encoder trained with metric learning objectives, as

described later. Then during inference time, for a query-

ing patient instance, nearest neighbors are retrieved in this

learned embedding space, forming a task-aligned context

set (as formulated in Equation 2). The retrieved examples

are then concatenated with the query instance to construct

the in-context prompt for the underlying ICL model. The

prompt are then passed through a lightweight projection

adapter that maps them into a representation space compati-

ble with the frozen backbone. The frozen backbone of TICL

models are often stacked Transformer layers with attention

masking designed to prevent information leakage between

the query representations. The model then produces the final

prediction via prior-fitted inference without any updating to

the weights of the backbone.

Motivation for adaptive, task-aligned retrieval. A cen-

tral limitation of existing RA-TICL methods is their re-

liance on fixed similarity metrics defined in the raw fea-

ture space, most commonly Euclidean or cosine distance

(Thomas et al., 2024). In EHR data, patient representations

are high-dimensional, sparse, and dominated by rare but

clinically important events. Moreover, the same feature

space often supports multiple prediction tasks (as in Figure

5a), each requiring a different notion of clinically meaning-

ful similarity. Under these conditions, a single task-agnostic

retrieval metric is unlikely to be universally appropriate and

may select context examples that are feature-similar but

clinically irrelevant or label-misaligned.

To address the limitations of raw feature-space retrieval,

we propose AWARE (Attention Weighting for Aligned Re-

trieval Embeddings), a task-aligned retrieval framework that

learns embedding representations optimized for neighbor-

hood quality in RA-TICL. AWARE shapes the embedding

space so that retrieved neighbors better reflect predictive

relevance under heterogeneous and imbalanced EHR con-

ditions. Retrieval is performed exclusively in the learned

embedding space, while the underlying in-context model

remains unchanged. Figure 5 illustrates this idea.

Beyond improving retrieval, we further introduce a

lightweight adapter fine-tuning mechanism within the RA-

TICL backbone. Specifically, we train parameter-efficient

9
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adapter layers using bootstrapped contexts constructed from

SNNL-based retrieval, a similar idea to Thomas et al.

(Thomas et al., 2024). This second-stage alignment en-

ables the in-context model to better internalize task-relevant

neighborhood structure without modifying the pretrained

backbone weights. The framework offer both geometric

alignment (via SNNL) and representation alignment (via

adapter), while preserving the modularity and efficiency of

the original in-context framework.

Task-Aligned Embedding and Neighborhood Shaping.

AWARE employs a lightweight neural encoder that com-

bines feature-wise attention with embedding-based metric

learning. Given a patient feature vector x ∈ R
d, the encoder

computes instance-specific attention weights

α(x) = σ(W2 ϕ(W1x)) ∈ [0, 1]d, (3)

where ϕ(·) is a nonlinear activation and σ(·) denotes the

sigmoid function. These weights are applied via element-

wise scaling,

x̃ = x⊙ α(x) (4)

where a ⊙ b denotes represents element-wise multiplication.

It performs soft, task-aligned feature selection by amplify-

ing clinically relevant features while suppressing noisy or

weakly informative ones. From the reweighted representa-

tion x̃, the encoder produces a low-dimensional embedding:

z = fθ(x̃), (5)

which is used exclusively for retrieval.

To directly align neighborhood structure with clinical out-

comes, the encoder are trained using the Soft Nearest Neigh-

bor Loss (SNNL) (Frosst et al., 2019). Given a batch of b

embeddings {zi}
b
i=1 with labels {yi}

b
i=1, the loss is defined

as

ℓsn(z, y, T ) = −
1

b

b
∑

i=1

log

∑

j ̸=i, yj=yi
exp

(

−
d(zi,zj)

T

)

∑

k ̸=i exp
(

−d(zi,zk)
T

) ,

(6)

where d(·, ·) denotes a distance metric and T is a tem-

perature parameter. Minimizing Eq. 6 encourages embed-

dings from the same outcome class to form compact local

neighborhoods while separating embeddings from different

classes, yielding task-aligned similarity for retrieval in het-

erogeneous feature spaces. We conceptually demonstrate

the design of AWARE in Figure 3b.

Adapter-based representation alignment. While SNNL-

based embedding learning improves neighborhood quality

during retrieval, the retrieved context must still be mapped

into a representation space compatible with the frozen in-

context backbone. To address this, we introduce a parameter-

efficient adapter Aψ that operates prior to the backbone

model. Rather than modifying internal Transformer lay-

ers, the adapter learns a task-specific projection that maps

both support and query representations into a feature space

aligned with the backbone’s pretrained representation.

Inspired by Xu et al. (Xu et al., 2024), we train the adapter

using bootstrapped prompt simulations constructed from

the downstream dataset. Let Dtrain = {(xi, yi)}
Ntrain

i=1 denote

the downstream dataset. We approximate the inference-

time prompt distribution by sampling Dbootstrap ∼ p(D |
Dtrain). For large datasets (Ntrain > 3000), we first sample

an anchor instance (xq, yq) ∼ p(x, y | Dtrain), and construct

its context set via SNNL-based retrieval:

Dcontext = SNNL-Retrieval(xq | Dtrain, B), (7)

where B denotes the context size. The bootstrapped prompt

is then formed as Dbootstrap = Dcontext ∪ {(xq, yq)}. For

smaller datasets, we instead sample a large subset of Dtrain

as Dcontext and treat the remaining samples as pseudo-query

points.

We freeze the pretrained backbone transformer qθ0(y | x,D)
and optimize only the adapter parameters ψ. The adapted

model is defined as

qθ0,ψ(y | x,D) = qθ0
(

y | Aψ(x), Aψ(D)
)

. (8)

The adapter is trained by minimizing the negative log-

likelihood over bootstrapped prompts:

Ladapter = −EDbootstrap
log qθ0,ψ

(

yq | xq,Dcontext

)

. (9)

Intuitively, the frozen backbone encodes the synthetic pre-

training prior p(D | ϕ)p(ϕ), while the adapter learns a

dataset-specific correction that aligns the model with the

empirical prompt distribution induced by SNNL-based re-

trieval, p(D | Dtrain). This preserves prior structure and

stability while enabling task-aware representation alignment

under realistic EHR context construction.

Imbalance-aware training and ensemble stabilization.

Many EHR-based clinical prediction tasks exhibit severe

class imbalance, where majority-class examples can domi-

nate embedding structure and distort neighborhood quality.

To mitigate this effect during AWARE training, we adopt bal-

anced mini-batch sampling. Specifically, for a mini-batch B,

samples are drawn with probability inversely proportional

to class frequency:

P
(

(xi, yi) ∈ B
)

∝
1

Nyi
, (10)
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where Nyi denotes the number of training instances with

label yi. This ensures approximately uniform class repre-

sentation within each mini-batch, stabilizing neighborhood

formation in embedding space, particularly for rare out-

comes.

To further reduce variance in retrieval behavior, we employ

a K-fold cross-validation ensemble of AWARE encoders

(with K = 5 in our experiments). Let {D
(k)
train}

K
k=1 denote

the K disjoint training folds. For each fold k, we train an

independent encoder fθ(k) : Rd → R
m using SNNL with

balanced sampling, yielding embeddings z(k) = fθ(k)(x).
At inference time, embeddings are aggregated across folds

to obtain a stabilized representation:

z̄(x) =
1

K

K
∑

k=1

fθ(k)(x). (11)

Retrieval is then performed in the ensemble-averaged em-

bedding space using z̄(x) for both query and candidate

support instances.

The final AWARE training objective thus consists solely of

the Soft Nearest Neighbor Loss, while balanced sampling

and cross-validated ensembling act as regularization mecha-

nisms that reduce sampling variance and improve retrieval

stability in high-dimensional and imbalanced EHR settings.

Data Availability The datasets analyzed in this study

are publicly available or accessible through established

data use agreements. MIMIC-IV is available via Phy-

sioNet (https://physionet.org/) to credentialed

users who complete the required data use training and agree-

ments. The eICU Collaborative Research Database is avail-

able through PhysioNet under similar access requirements.

The OpenML and UCI datasets used in this study are pub-

licly accessible via their respective repositories. The pri-

vately held HIPE dataset was used under institutional data

use agreements and is not publicly available due to privacy

and regulatory restrictions. Access to this dataset may be

considered by the data custodians upon reasonable request

and subject to appropriate approvals. All data used in this

study are either publicly accessible through the sources

described above or governed by third-party data use agree-

ments.

Code Availability The source code used for data prepro-

cessing, model training, evaluation, and generation of fig-

ures in this study will be made publicly available upon publi-

cation, with documentation sufficient to reproduce the main

results. To facilitate reproducibility, we provide detailed pre-

processing descriptions and hyperparameter configurations

in the Appendix A.4.

5. Experimental Validation

Benchmark Design. We evaluate various methods (listed

in Appendix A.3) on a diverse collection of EHR datasets se-

lected to reflect the heterogeneity, sparsity, and distribution

complexity of real-world clinical data. The datasets include

structured diagnosis and procedure codes, demographic vari-

ables, laboratory measurements, and time-series vital signs.

To ensure a fair assessment of generalization, we exclude

any datasets reported as part of the pretraining corpus of

the benchmarked models. Prediction tasks span regression,

binary classification, and multiclass classification, with both

balanced and highly imbalanced outcome distributions. A

full list of datasets can be found in the Appendix A.4.

Datasets and Tasks Choice. Our experiments draw from

four complementary data sources. First, we use MIMIC-

IV (Johnson et al., 2023), a large single-center critical

care dataset, and derive infection-related prediction tasks

such as sepsis, urinary tract infection (UTI), and ventilator-

associated pneumonia (VAP). Second, we evaluate on

eICU (Pollard et al., 2018), a multi-center intensive care

unit (ICU) dataset spanning over 200 hospitals, which sup-

ports assessment of robustness under institutional and co-

hort shifts, particularly for sepsis and UTI. Third, we use

a private daily-recorded cohort from a large acute hospital

system, codenamed as HIPE (Pham et al., 2024; 2025a),

including prediction of a rare infection such as CPE. Finally,

we include a curated set of 12 OpenML/UCI clinical datasets

that provide small- to medium-scale EHR-based supervised

learning tasks. These datasets support a systematic study

of data scale, feature heterogeneity, severe outcome rarity,

and cross-cohort generalizability across diverse EHR-based

clinical prediction settings.

Feature Engineering and Preprocessing. For the

OpenML / UCI datasets, we retain all available features and

apply standard preprocessing, including mean imputation

for numerical variables, mode imputation for categorical

variables, and feature normalization. Missingness is han-

dled through this standardized imputation pipeline to ensure

comparability across models and datasets. While missing-

ness in clinical data may arise under missing-at-random

(MAR) or missing-not-at-random (MNAR) mechanisms, ex-

plicitly modeling missingness patterns is beyond the scope

of this methodological evaluation. Although missing data is

an important topic and has been examined elsewhere in the

context of EHR data (Getzen et al., 2023), we merely treat

missingness as an inherent component of EHR heterogeneity

and focus our analysis on how different learning paradigms

behave under consistent preprocessing assumptions.

For MIMIC-IV and eICU, we follow established EHR pre-

processing pipelines (Gupta et al., 2022; Wu et al., 2024) (de-

tails in Appendix A.4). Because these cohorts contain thou-

11
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sands of highly sparse variables, dimensionality reduction is

required for computational feasibility and cross-model com-

patibility. We therefore apply model-agnostic filtering based

on variance and feature prevalence, removing near-constant

variables and extremely rare features before capping the di-

mensionality at 500 when necessary. This procedure avoids

architecture-specific inductive bias in feature selection while

retaining a broad and heterogeneous representation of the

EHR feature space. Time-series measurements are summa-

rized using simple aggregation statistics (mean, minimum,

maximum, and standard deviation).

Training Configuration and Hyperparameters. Most

tabular models are trained and evaluated under a unified

experimental protocol to ensure fair and controlled compar-

isons. In particular, their hyperparameters are optimized

independently for each dataset using 30 validation trials, en-

suring a matched tuning budget across approaches. For each

selected configuration, models are retrained with three ran-

dom seeds to estimate performance variability. For retrieval-

based methods using AWARE, the retrieval encoders are

trained independently of the downstream TICL models. All

training is performed for 50 epochs using the AdamW op-

timizer with learning rate 10−3 and task-dependent batch

sizes determined by memory constraints. Retrieval encoders

are trained once per dataset and task and remain frozen dur-

ing TICL inference, ensuring that downstream performance

differences reflect retrieval quality rather than joint retrain-

ing effects. For adapter finetuning, we let it train for 5 epoch

with relatively small learning rate, number of trainable pa-

rameters are only around 0.01% the number parameters of

total RA-TICL backbones. For pretrained RA-TICL mod-

els, unless otherwise specified, we use a fixed context size

of 1024 labeled instances to balance retrieval diversity and

computational feasibility. This value is held constant across

experiments to ensure comparability.

Evaluation Configuration. We use stratified patient-level

train / test splits for all longitudinal EHR datasets (MIMIC-

IV, eICU, and HIPE), so patients are unique across splits.

Since HIPE is collected from a distinct hospital system with

different coding practices and patient populations, it also

serves as an external evaluation cohort relative to the pub-

lic ICU datasets. Feature extraction and preprocessing use

statistics computed on the training split only (e.g., normal-

ization and imputation parameters), and these are reused

unchanged for validation and test.

Evaluation Metrics. We report evaluation metrics com-

monly used in clinical prediction. For classification tasks,

we report the area under the receiver operating characteris-

tic curve (AUROC), which measures the probability that a

randomly chosen positive instance is assigned a higher pre-

dicted score than a randomly chosen negative instance. The

area under the precision–recall curve (AUPRC) summarizes

the trade-off between precision and recall across decision

thresholds and is particularly informative under severe class

imbalance (Saito & Rehmsmeier, 2015).

For retrieval-based models, we evaluate retrieval quality

using Precision@k, defined as:

Precision@k =
1

k

k
∑

i=1

⊮[yi = 1],

where yi denotes the ground-truth label of the i-th retrieved

instance.

For multiclass classification, we additionally report the F1-

score, defined as the harmonic mean of precision and recall:

F1 =
2 · Precision · Recall

Precision + Recall
.

For regression tasks, performance is measured using mean

absolute error (MAE) and root mean squared error (RMSE):

MAE =
1

n

n
∑

i=1

|yi−ŷi|, RMSE =

√

√

√

√

1

n

n
∑

i=1

(yi − ŷi)2.

6. Results

This section presents a systematic evaluation of tabular learn-

ing paradigms under clinically realistic EHR conditions.

We first examine how retrieval quality affects retrieval-

augmented in-context learning, focusing on the impact

of AWARE-based context construction. We then analyze

model behavior across key structural regimes of EHR data,

including feature heterogeneity, outcome rarity, and cross-

cohort generalization.

6.1. Effectiveness of AWARE for EHR Retrieval

Figure 6 presents a percentage-based ablation analysis of

AWARE and its subsequent enhancements across three

retrieval-based backbones (kNN, kNN-PFN, and TabDPT)

and two large-scale ICU cohorts (MIMIC-IV and eICU).

Performance is expressed as relative improvement over each

backbone’s baseline configuration, allowing direct compari-

son of the incremental contribution of each component to

both AUROC and AUPRC.

Across architectures and datasets, the introduction of task-

aligned retrieval via SNNL marks the first substantial and

systematic performance increase. While attention weighting

alone yields modest and occasionally inconsistent changes,

SNNL consistently produces positive gains, indicating that

explicit alignment of neighborhood geometry with task la-

bels is critical for effective context construction. These ef-

fects are especially pronounced in AUPRC, where improve-

ments are amplified under class imbalance. For example,
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Figure 6. Relative (%) improvement over baseline as AWARE com-

ponents are progressively introduced across three retrieval-based

backbones on MIMIC-IV and eICU. Results are shown for AU-

ROC (top) and AUPRC (bottom), averaged across tasks. See

detailed numbers in Table A3.

on eICU, relative AUPRC gains exceed 10% for PFN-based

backbones and approach 90% for the kNN backbone, re-

flecting substantial recovery in rare-event discrimination.

Balanced sampling further enhances performance, partic-

ularly in imbalanced tasks, reinforcing the interpretation

that retrieval bias toward majority-class exemplars is a pri-

mary limiting factor in vanilla RA-TICL. Importantly, these

improvements are observed across all three backbones, sug-

gesting that gains arise from improved context quality rather

than increased model capacity. Subsequent refinements, in-

cluding cross-validation ensembling and adapter fine-tuning,

provide additional but comparatively incremental improve-

ments, building upon the performance foundation estab-

lished by task-aligned retrieval.

Overall, the result demonstrates that AWARE’s primary

contribution lies in restructuring retrieval neighborhoods

(Figure 5) to better support rare-event conditioning. Once

retrieval alignment is corrected, downstream stabilization

techniques yield consistent but secondary gains, underscor-

ing that inference-time embedding alignment is the domi-

nant mechanism driving robustness improvements in large-

scale, heterogeneous EHR settings. The complete result

table is included in the Appendix A.5.

6.2. Overall results

This section reports overall performance rankings across

our collection of small-to-medium and large-scale EHR

datasets. These aggregated rankings provide a high-level

view of model behavior across regimes, but should be inter-
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Figure 7. Aggregate performance rankings of tabular models on

12 small-medium EHR datasets, rankings are measured by average

score of performance. Rankings summarize relative performance

across tasks within each regime. See detailed numbers in Table

A4.

preted cautiously. Aggregated rankings obscure clinically

relevant variation across tasks, outcome prevalences, and

data characteristics, and do not capture differences in ro-

bustness, stability, or failure behavior. Complete per-dataset

performance results for the models can be found in the

Appendix A.5.

6.2.1. SMALL-MEDIUM EHR DATASETS

Figure 7 summarizes model performance across 12 small-

to medium-scale EHR datasets. In this regime, TICL meth-

ods (e.g., TabPFN) and retrieval-augmented variants (e.g.,

kNNPFN, TabDPT, ModernNCA) achieve strong average

AUROC rankings without requiring task-specific fine-tuning

or extensive hyperparameter search (with the exception of

ModernNCA). These findings align with prior work demon-

strating superior sample efficiency of foundation-based tab-

ular models on general benchmarks (Erickson et al., 2025).

In smaller datasets where labeled data are limited, inference-

time conditioning appears sufficient to capture predictive

structure without additional optimization.

In contrast, incorporating AWARE does not consistently

yield further improvements in this regime. This is expected,

as AWARE is primarily designed to address challenges asso-

ciated with large-scale, high-dimensional, and highly imbal-

anced EHR settings. When datasets are smaller and feature

spaces are more compact, raw similarity-based retrieval

is often adequate (TabPFN without retrieval already has

comparative performance to kNNPFN). While tree-based

models remain competitive and exhibit stable performance,

they are not uniformly superior in our experiments, con-

trary to some prior claims in the EHR literature. Given the

heterogeneity of feature types across these datasets (Ap-
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Figure 8. Aggregate performance rankings of tabular models on large-scale EHR datasets (MIMIC-IV and eICU), measured by average

(a) AUROC and (b) AUPRC across tasks within each regime. See detailed numbers in Table A5.

pendix A.4), the results suggest that TICL methods provide

a favorable balance of efficiency and effectiveness for small-

to medium-scale clinical prediction tasks.

6.2.2. LARGE-SCALE EHR DATASETS

As dataset scale and feature heterogeneity increase, the per-

formance landscape shifts substantially. Figure 8 shows

that, in large-scale EHR regimes (averaging across MIMIC-

IV and eICU tasks), models with explicit feature selection

mechanisms (e.g., ExcelFormer, Trompt) or tree-based ar-

chitectures (e.g., CatBoost, LightGBM, XGBoost) rise in

the rankings relative to TICL and RA-TICL methods.

This pattern challenges the intuition that retrieval univer-

sally enhances in-context learning. Instead, it suggests that

retrieval quality deteriorates in high-dimensional, sparse,

and imbalanced EHR settings, where raw feature similarity

becomes less aligned with predictive relevance. Consistent

with this interpretation, ModernNCA exhibits a pronounced

decline in ranking on large-scale cohorts, indicating sen-

sitivity to neighborhood construction as data complexity

increases.

Incorporating the proposed AWARE framework mitigates

this degradation. By aligning embedding geometry with task

labels and reducing majority-class dominance, AWARE en-

ables RA-TICL models to recover performance in these

challenging regimes and, in several cases, surpass compet-

ing approaches.

Several deep tabular architectures, including TabTrans-

former, ResNet, and TabNet, rank below simpler baselines

such as logistic regression in this regime, suggesting over-

fitting or instability when modeling heterogeneous EHR

features without strong inductive bias. In contrast, gradient-

boosted tree methods remain consistently competitive, re-

inforcing their status as reliable baselines in complex clin-

ical datasets. Notably, ExcelFormer and Trompt improve

markedly at larger scale, likely benefiting from built-in fea-

ture filtering mechanisms that attenuate noise from weakly

informative or sparse variables.

In the following subsections, we dissect these trends in

greater detail. We first isolate the effects of feature dimen-

sionality and heterogeneity, examining how weakly infor-

mative features influence neighborhood quality. We then

analyze robustness under severe class imbalance and evalu-

ate how retrieval strategies affect context construction. To-

gether, these analyses clarify the conditions under which

tabular in-context and retrieval-augmented learning succeed

in EHR prediction, and when unaligned retrieval may intro-

duce clinically meaningful degradation.

6.3. Performance Under EHR Constraints

We next investigate how core structural properties of EHR

data shape model behavior. Specifically, we analyze the

effects of feature heterogeneity, outcome rarity, and cross-

cohort distribution shift. These controlled experiments iso-

late how different learning paradigms respond to increasing

data complexity and real-world imbalance.

Before presenting the results, we emphasize an important

methodological distinction. Several classical and deep tab-

ular baselines achieve higher absolute performance in cer-

tain regimes; however, these models are extensively op-

timized through dataset-specific hyperparameter search,

cross-validation, and full retraining. In contrast, TICL-

based approaches operate without task-specific fine-tuning,

domain adaptation, or manual feature engineering, relying

instead on pretrained priors and inference-time conditioning

in a few-shot manner. The comparison therefore reflects fun-
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Figure 9. Performance of tabular models under three representative clinical constraints. To improve readability given the large number of

models evaluated, highly competitive baselines within each paradigm are consolidated into a single curve labeled Best Classical Model and

Best Deep Tabular Model, representing the strongest-performing model in each family under the respective constraint. These are compared

with individual tabular in-context learning methods and their AWARE-enhanced variants (dashed lines). Performance is measured using

AUPRC across all settings, while overlaid bar charts report the average relative performance gains (in %) obtained by incorporating

AWARE. (a) Performance scaling with training data size. (b) Performance degradation under increasing feature heterogeneity. (c)

Performance under increasing outcome imbalance.

damentally different adaptation paradigms: fully supervised

optimization versus retraining-free inference-time adapta-

tion. Importantly, while baseline TICL methods do not

always achieve the top performance, integrating our pro-

posed AWARE framework substantially improves relative

AUPRC performance as the data constraints scale up.

6.3.1. DATA SCALE SENSITIVITY

We first examine how model performance evolves as the

amount of labeled training data increases, a central factor in

real-world clinical deployment where data availability varies

substantially across institutions and tasks. While large aca-

demic medical centers may accumulate tens of thousands of

patient records, many clinical prediction problems operate

in low-data regimes. Understanding how different learning

paradigms scale with training size therefore provides insight

into their practical utility across diverse healthcare settings.

Figure 9a reports AUPRC as a function of training set

size, ranging from 1,000 to 50,000 patients randomly sam-

pled from both MIMIC-IV and eICU datasets. As ex-

pected, performance improves monotonically for all models

as more training data become available. In the low-data

regime around 1,000 patients, P-TICL and RA-TICL mod-

els achieve the strongest performance, consistent with their

ability to leverage inductive priors and inference-time adap-

tation. However, performance gains for baseline TICL meth-

ods saturate earlier than for deep tabular models. Beyond

approximately 10,000 patients, deep representation-learning

approaches consistently outperform standard TICL variants,

indicating that fixed prior-based inference becomes limiting

as data availability increases.

Notably, incorporating the proposed AWARE framework

into RA-TICL models (TabDPT and kNNPFN) alters this

scaling behavior. As shown in Figure 9a, AWARE-enhanced

variants maintain performance improvements as dataset size

increases and remain competitive even at 50,000 patients.

The overlaid bar charts further quantify these effects by

reporting the relative performance gains (in percentage)

achieved by AWARE at each sample size. These gains

increase with data scale, from approximately 0.3% in the

smallest regime to around 3–4% in larger datasets, indicat-

ing that AWARE not only improves absolute performance

but also enhances scalability under increasing data complex-

ity.

6.3.2. FEATURE HETEROGENEITY

We next examine sensitivity to feature heterogeneity by pro-

gressively expanding the input dimensionality from 10 to

500 features. Features are added in descending order of

importance according to mean absolute SHapley Additive

exPlanations) (SHAP) values, such that early increments

introduce high-signal variables while later increments in-

creasingly incorporate lower-signal and potentially noisy

dimensions. As illustrated by the cumulative SHAP signal

curve in Figure 9b, informative signal saturates relatively

early, and subsequent feature additions primarily increase

heterogeneity rather than useful information content.

Under this controlled expansion, baseline TICL models

(TabPFN, TabDPT, and kNNPFN) exhibit progressively
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steeper performance degradation as dimensionality in-

creases. In contrast, the best deep and classical tabular

baselines remain comparatively stable from 200 features

and beyond, suggesting greater robustness to feature noise

through learned representations or implicit feature selection.

These results indicate that the scalability limitations of TICL

methods in high-dimensional EHR settings are driven not

merely by dataset size, but by the dilution of task-relevant

signal within heterogeneous feature spaces.

Incorporating AWARE substantially mitigates this degrada-

tion. As shown in Figure 9b, AWARE-enhanced RA-TICL

variants consistently maintain higher AUPRC across the full

dimensionality range and exhibit reduced performance drop

in the high-feature regime. The overlaid bar charts quan-

tify these improvements as relative percentage gains over

the corresponding baseline RA-TICL models. Notably, the

gains increase monotonically with dimensionality—from

approximately 1–4% at low feature counts to nearly 7% at

500 features—demonstrating that AWARE becomes increas-

ingly beneficial as heterogeneity intensifies.

Taken together, these findings suggest that in heterogeneous

EHR feature spaces, limitations of RA-TICL models arise

not only from representational capacity but from context

construction in noisy, high-dimensional inputs. By introduc-

ing task-aligned retrieval and implicit feature reweighting,

AWARE helps adapt RA-TICL models to EHR complexity

and mitigates heterogeneity-induced instability.

6.3.3. OUTCOME RARITY

Rare outcomes are pervasive in clinical prediction tasks,

particularly for adverse events such as hospital-acquired in-

fections, in-hospital mortality, and treatment complications

(Cohen et al., 2006). To systematically evaluate robustness

to outcome rarity, we adopt a controlled imbalance-scaling

protocol. The training set size is fixed (10,000 samples),

while the negative-to-positive ratio (imbalance ratio, IR) is

progressively increased from 5 to 500 through stratified sub-

sampling without replacement. All models are evaluated on

a fixed held-out test set with the original class distribution

(Zhu et al., 2026).

Figure 9c illustrates how AUPRC degrades as class imbal-

ance intensifies. As expected, all methods exhibit mono-

tonic performance decline as positive prevalence decreases.

However, the rate and stability of this degradation differ

substantially across paradigms. The best deep tabular model

maintains comparatively strong absolute performance across

moderate imbalance levels, while the best classical model

degrades more sharply, particularly beyond IR = 50. Base-

line RA-TICL models (TabDPT and kNNPFN) demonstrate

competitive robustness under mild-to-moderate imbalance

but experience increasingly pronounced degradation in the

extreme regime (IR ≥ 200), reflecting the difficulty of con-

structing representative contextual examples when minority

instances become scarce.

Incorporating AWARE significantly mitigates this effect.

As shown in Figure 9c, AWARE-enhanced variants consis-

tently remain above their baseline counterparts across all

imbalance levels, with the performance gap widening as

rarity increases. The overlaid bar charts quantify these im-

provements as relative percentage gains, which grow from

approximately 1.6% at IR = 5 to over 12% at IR = 500. This

monotonic increase indicates that AWARE becomes progres-

sively more beneficial as minority-class sparsity intensifies.

These results suggest that under extreme prevalence skew,

limitations of baseline RA-TICL models stem not only

from representational capacity but from instability in re-

trieval and context construction when positive examples are

scarce. By introducing task-aligned retrieval and improved

minority coverage, AWARE enhances robustness in rare-

event regimes while preserving the retraining-free nature of

inference-time adaptation.

6.3.4. GENERALIZABILITY

Across the full collection of datasets evaluated in this study,

TICL and RA-TICL models maintain competitive perfor-

mance relative to classical machine learning and deep tabu-

lar architectures, without task-specific fine-tuning or manual

feature engineering. This holds across diverse medical do-

mains, feature types (laboratory measurements, medications,

diagnosis codes, procedures), varying levels of missingness,

and heterogeneous institutional practices.

On small- and medium-scale EHR cohorts (Section 6.2.1),

inference-time conditioning alone is sufficient to achieve

performance comparable to or exceeding strong tree-based

and neural baselines. Importantly, these results are obtained

without hyperparameter search or dataset-specific adapta-

tion, suggesting that pretrained tabular priors transfer effec-

tively across heterogeneous clinical settings.

In large-scale ICU benchmarks (Section 6.2.2), performance

remains competitive despite increased feature dimensional-

ity and distributional variability. While certain tree-based

or feature-selective deep models achieve top rankings in

specific tasks, TICL-based approaches consistently remain

within a narrow performance margin, demonstrating stabil-

ity across tasks with differing prevalences, clinical objec-

tives, and feature compositions. This consistency across

domains indicates that inference-time conditioning provides

a robust inductive bias that generalizes beyond the dataset

characteristics seen during pretraining.

We further extend this evaluation to the privately held HIPE

cohort, originally analyzed in prior work (Pham et al., 2024;
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Method

HIPE

RDMT CPE

AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑

XGB 0.824±0.010 0.432±0.020 0.755±0.043 0.036±0.019

CatB 0.827±0.005 0.446±0.015 0.645±0.078 0.027±0.025

LightG 0.814±0.055 0.438±0.065 0.719±0.092 0.030±0.021

TabNet 0.827±0.005 0.440±0.009 0.558±0.083 0.111±0.055

ResNet 0.830±0.001 0.457±0.006 0.773±0.030 0.046±0.030

TabT 0.834±0.004 0.461±0.007 0.781±0.057 0.080±0.017

TabPFN 0.828±0.002 0.455±0.004 0.719±0.051 0.022±0.010

kNNPFN 0.706±0.000 0.365±0.000 0.760±0.000 0.141±0.000

TabDPT 0.709±0.000 0.362±0.000 0.746±0.000 0.017±0.000

Ours (Tabular In-Context Learning Models + AWARE)

kNNPFN 0.843±0.005 0.480±0.006 0.782±0.024 0.232±0.020

TabDPT 0.834±0.005 0.465±0.002 0.781±0.017 0.221±0.002

Table 2. Performance on HIPE prediction tasks. Results are mostly

reused from Pham et al. (Pham et al., 2025a). With our new inclu-

sion of kNNPFN and TabDPT baselines and AWARE versions.

2025a), by incorporating RA-TICL variants into the same

experimental framework (Table 2). HIPE represents an

extreme setting characterized by substantial feature hetero-

geneity, high-dimensional sparse coding, and severe out-

come imbalance. In this environment, baseline retrieval-

augmented TICL models (kNNPFN and TabDPT) exhibit

noticeable performance degradation relative to the strongest

task-specific deep models, reflecting the compounded chal-

lenges of sparsity, noisy similarity structure, and rare-event

prevalence in raw EHR feature space.

However, when combined with the proposed AWARE

retrieval alignment, performance improves substantially

across both tasks and metrics. The AWARE variants consis-

tently outperform their vanilla counterparts and achieve the

best overall performance in most settings, with particularly

pronounced gains in AUPRC for the highly imbalanced CPE

task (e.g., from 0.141 to 0.232 for kNNPFN). Notably, these

improvements allow AWARE-based TICL models to match

or surpass the strongest deep tabular baselines such as Tab-

Transformer and ResNet, despite requiring no task-specific

retraining. These results suggest that much of the degra-

dation observed in naı̈ve retrieval stems from misaligned

similarity structure in heterogeneous EHR spaces, and that

task-aware retrieval alignment can substantially improve

the effectiveness of in-context conditioning under severe

imbalance.

These findings suggest that inference-time tabular condi-

tioning remains viable even under substantial structural and

statistical shift. While extreme imbalance and heterogeneity

can attenuate performance, degradation is gradual rather

than catastrophic. Importantly, TICL methods achieve this

level of cross-cohort robustness without retraining, hand-

crafted feature pipelines, or domain-specific engineering.

Overall, across public ICU benchmarks and a highly het-

erogeneous real-world hospital cohort, TICL and RA-TICL

provide strong zero-tuning baselines that generalize across

institutions, medical domains, and feature regimes. Their

performance profile indicates that in-context adaptation of-

fers a practically deployable alternative to fully retrained

task-specific models, particularly in settings where rapid

deployment and minimal engineering overhead are critical.

7. Discussion

The recent success of foundation models and in-context

learning on generic tabular benchmarks has motivated their

adoption for EHR-based prediction (Bohr et al., 2025).

Our results, however, demonstrate that transferring these

paradigms to clinical data is neither straightforward nor uni-

formly beneficial. The observed limitations do not reflect

shortcomings of individual models, but rather expose sys-

tematic mismatches between the assumptions underlying

tabular foundation learning and the structural properties of

real-world EHRs (Sarwar et al., 2022).

Recent benchmarking work has shown that simple count-

based models, including ontology-based roll-ups paired

with LightGBM or TabPFN, remain highly competitive

against sequential transformers and mixture-of-agents LLM

pipelines on structured EHR prediction tasks, often match-

ing or outperforming more complex approaches (Gao et al.,

2025). These findings underscore the continued strength

of tabular learning for EHRs, while also highlighting the

need for systematic, multi-dataset evaluations to understand

when and why more adaptive or foundation-style methods

provide meaningful advantages. While slightly similar to

our work, we provide more in-depth comparison between

different count-based tabular models on broader range of

EHR-based clinical prediction tasks.

A central assumption implicit in many tabular in-context

learning methods is that proximity in feature space cor-

responds to predictive relevance. In EHR data, this as-

sumption is frequently violated: clinical feature spaces are

high-dimensional and sparse, with predictive signal con-

centrated in task-specific subsets of variables (Scheurwegs

et al., 2017). As a result, distance-based retrieval can se-

lect contextual examples that are superficially similar yet

clinically irrelevant or label-misaligned for the outcome of

interest (Qin et al., 2021; Zheng et al., 2023). While naı̈ve

distance-based retrieval frequently fails in heterogeneous

EHR feature spaces, our AWARE framework demonstrates

that explicitly learning task-aligned embeddings substan-

tially mitigates these limitations. By reshaping neighbor-

hood structure through local objectives, AWARE improves

label alignment within retrieved contexts and stabilizes RA-

TICL performance across datasets. Nonetheless, retrieval

quality remains a central bottleneck: even learned embed-
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dings were found to be sensitive to extreme imbalance and

distribution shift. Future work may therefore explore tighter

coupling between retrieval and prediction, such as jointly

optimizing embedding and in-context inference or propa-

gating gradients from the downstream PFN model into the

retrieval space.

A related assumption is that increasing data scale naturally

improves reliability. While TICL models benefit from strong

inductive priors in low-data regimes, larger EHR cohorts

do not consistently compensate for feature heterogeneity,

sparsity, or outcome imbalance. Inference-time adaptation

trades bias for variance, yielding favorable sample efficiency

but increasing sensitivity to context composition and noise

(Thomas et al., 2024; Xu et al., 2024). In clinical decision

support settings, such instability may manifest as incon-

sistent predictions or degraded performance on rare but

high-impact outcomes.

Sequential EHR models address many of these challenges

by explicitly modeling temporal structure and long-range de-

pendencies (Li et al., 2020; Wornow et al., 2025). However,

these advantages come at substantial cost, including long

tokenized sequences, rigid standardization pipelines, and

extensive pretraining requirements. Native tabular learning,

including TICL, offers a modular and training-efficient alter-

native that supports heterogeneous feature integration and

inference-time adaptation. The goal of this work is therefore

not to replace sequential modeling, but to characterize when

tabular in-context learning provides a viable and practically

attractive solution, and when its limitations necessitate more

expressive architectures.

More broadly, our findings highlight the risks of extrap-

olating performance gains from synthetic or non-clinical

benchmarks to medical prediction tasks. Benchmark-driven

evaluation alone is insufficient for clinical AI, as models that

perform well on curated tabular datasets may fail under the

distribution shift, imbalance, and temporal complexity char-

acteristic of real-world healthcare data (Bohr et al., 2025).

Without explicit stress testing under these conditions, claims

of generality risk obscuring clinically meaningful failure

modes.

From a practical perspective, tabular foundation models are

most appropriate in constrained settings with limited labeled

data, moderate feature dimensionality, and relatively stable

patient populations. In such regimes, incorporating task-

aligned retrieval through AWARE can further enhance ro-

bustness by mitigating context mismatch without requiring

retraining of the underlying model. In large, heterogeneous

cohorts or strongly temporal tasks, models with explicit

feature selection or dedicated sequence architectures may

offer safer and more predictable behavior, despite reduced

flexibility.

Potential use in clinical workflows The application of

AI analysis to understand and predict patient outcomes is an

evolving sphere of research. Too much ‘noise’ from the data

and not enough disease- and patient-specific data to support

accurate clinical decision making can undermine its util-

ity. Complementing understanding of data points on linear

patient pathways with more ability to deep dive into mul-

tiple data streams (e.g. vital signs, lab results, procedures

undertaken) and changing patterns in these data could help

clinicians in designing, implementing and quality assuring

care plans. In this context, PFN-based models pretrained

entirely on synthetic tabular data offer an additional advan-

tage for healthcare deployment, as they avoid the need for

large-scale pretraining on sensitive patient records while still

providing strong inductive priors for downstream clinical

prediction tasks. The EU AI Act calls for a ‘Fundamental

Rights Impact Assessment’ (FRIA) before deploying high-

risk AI systems in healthcare involving patient data which

includes ensuring that AI-enabled tools that support clinical

decision making are completely transparent to the clinician

and do not introduce any bias for the patient. It is incum-

bent on researchers to avoid situations where AI-supervised

learning tools with large data sets are skewed towards more

common conditions, increasing the risk that rare conditions

are not recognised.

8. Limitations

This study has several limitations that need consideration.

First, our evaluation focuses on structured EHR data repre-

sented in tabular form, often constructed from temporally

aggregated or engineered features. Although clinical data

are inherently longitudinal (Choi et al., 2016; Lipton et al.,

2015), many practical machine learning pipelines collapse

rich time-series trajectories into summary statistics (e.g.,

mean, minimum, maximum, or standard deviation over pre-

defined windows) to ensure compatibility with conventional

tabular architectures. While this representation enables con-

trolled comparison across learning paradigms and improves

computational tractability, it introduces a fundamental trade-

off between temporal fidelity and modeling simplicity. Fine-

grained patient dynamics and sequential dependencies may

be obscured, potentially affecting in-context adaptation and

retrieval behavior, as models operate on compressed sum-

maries rather than full clinical trajectories. Accordingly,

our conclusions are most directly applicable to tabular and

semi-tabular EHR representations rather than end-to-end

longitudinal or multimodal modeling.

Second, although we evaluate multiple large-scale ICU

datasets alongside a diverse set of smaller clinical cohorts,

all datasets are retrospective and drawn from a limited num-

ber of healthcare systems. As with most EHR studies, unob-

served confounding, coding practices, and institutional bi-
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ases may influence model behavior. While our cross-dataset

analyses partially address generalizability, prospective vali-

dation and broader multi-institutional studies are necessary

to assess deployment-level robustness. In addition, our cur-

rent evaluation focuses primarily on discrimination metrics;

a more complete assessment for clinical deployment should

incorporate calibration analyses of predicted risk estimates.

Third, although we treat missingness as an inherent com-

ponent of EHR heterogeneity and apply consistent prepro-

cessing across methods, we do not explicitly model missing-

at-random or missing-not-at-random mechanisms. Because

missingness in clinical data is often structured and clini-

cally informative, this simplification may limit our ability

to assess robustness under varying testing, ordering, and

documentation practices. Methods that explicitly model

or leverage informative missingness patterns may exhibit

different behavior than observed in our comparisons.

Fourth, our analysis of retrieval strategies considers repre-

sentative similarity mechanisms rather than an exhaustive

exploration of all possible retrieval or metric-learning de-

signs. Although task-aligned and learned similarity metrics

improve retrieval quality relative to naı̈ve baselines, they

do not eliminate retrieval-induced instability. Extreme im-

balance and distribution shift remain open challenges for

retrieval-based inference in clinical settings.

Finally, this study should be interpreted as methodologi-

cal benchmarking rather than evidence of clinical utility or

deployment readiness. We do not evaluate downstream

decision-making impact, clinician interaction, real-time

workflow integration, or prospective performance in live

clinical environments. Accordingly, our findings provide

guidance for model development and comparative evalua-

tion under controlled conditions, but do not constitute vali-

dation of clinical effectiveness.

9. Conclusion

This study provides a systematic methodological assess-

ment of tabular in-context and retrieval-augmented learn-

ing for EHR-based clinical prediction. We characterize

when and why foundation-style tabular learning succeeds or

fails under the structural constraints of real-world clinical

data, and we propose a new system (AWARE) as a prin-

cipled retrieval adaptation to address context mismatch in

RA-TICL. Across diverse datasets and tasks, we show that

inference-time adaptation offers strong sample efficiency

in low-resource settings, but remains highly sensitive to

feature heterogeneity, retrieval quality, outcome rarity, and

institutional distribution.

To address this, we introduced AWARE, an adaptive frame-

work that consists of (1) an improved retrieval approach that

can attend to features and learn task-aligned similarity in an

embedding space to construct more predictive contexts for

RA-TICL and (2) parameter-efficient adapter finetuning that

learns to align the representations of EHR to downstream

ICL models. By introducing AWARE, we demonstrate that

retrieval quality can be substantially improved without mod-

ifying the underlying in-context model. This highlights

retrieval space design, not model capacity, as a critical de-

terminant of performance in EHR-based RA-TICL.

Taken together, this work positions tabular foundation mod-

els as complementary tools rather than general-purpose so-

lutions for EHR modeling. Our findings further suggest that

embedding-level adaptation of similarity, as implemented in

AWARE, represents a practical pathway toward improving

inference-time learning under clinical constraints. Progress

toward reliable and clinically useful AI systems will require

domain-aware representations, task-specific notions of sim-

ilarity, and evaluation protocols that prioritize robustness,

stability, and safety alongside predictive performance.
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Taighde Éireann-Research Ireland under Grant Agreement

No. 13/RC/2106 P2 at ADAPT, the Research Ireland Centre

for AI-Driven Digital Content Technology at DCU funded

through the Research Ireland Research Centres Programme.

For the purpose of Open Access, the author has applied

a CC BY public copyright licence to any author-accepted

manuscript version arising from this submission.

CRediT authorship contribution statement

Minh-Khoi Pham: Conceptualization, Methodology, Soft-

ware, Visualization, Validation, Formal analysis, Investi-

gation, Writing. Thang-Long Nguyen Ho: Methodology,

Software, Validation, Formal analysis, Investigation, Writ-

ing. Tai Tan Mai: Visualization, Validation, Formal analy-

sis, Writing. Thao Thi Phuong Dao: Visualization, Valida-

tion, Formal analysis, Writing. Minh-Triet Tran: Visualiza-

tion, Validation, Formal analysis, Writing. Marie E. Ward:

Formal analysis, Writing. Una Geary: Formal analysis,

Writing. Rob Brennan: Formal analysis, Writing. Nick

McDonald: Formal analysis, Writing. Marija Bezbrad-

ica: Project administration, Supervision, Writing. Martin

Crane: Project administration, Supervision, Writing.

Competing Interests

The authors declare no competing interests.

19



Retrieval-aligned Tabular Foundation Models Enable Robust Clinical Risk Prediction in Electronic Health Records

References

Acharya, A., Shrestha, S., Chen, A., et al. Clinical risk

prediction using language models: benefits and consid-

erations. Journal of the American Medical Informatics

Association, 31(9):1856–1864, 02 2024. ISSN 1527-974x.

doi:10.1093/jamia/ocae030.
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A. Appendix

A.1. Performance on Synthetic EHR Data.

We evaluated representative models on fully synthetic EHR datasets generated using Synthea (Walonoski et al., 2018),

an open-source patient population simulator that produces realistic yet fully synthetic longitudinal health records based

on rule-driven disease modules and publicly available epidemiological statistics. The evaluated tasks include stroke and

lung cancer prediction (Chen & Chen, 2022). Across all evaluated methods—logistic regression, XGBoost, TabPFN and

TabDPT—predictive performance approached ceiling levels, as seen in Table A1. This behavior is expected given the

rule-based generative process underlying Synthea, in which disease progression and outcomes are governed by explicit

state-transition logic and probabilistic modules. As a result, target labels are often directly inferable from a small subset of

observable features, limiting the need for complex representation learning or retrieval-based inference.

Model Lung Cancer ↑ Stroke ↑

Classical and Ensemble Models

Logistic Regression 0.993±0.00 0.992±0.00

XGBoost 0.999±0.00 0.999±0.00

Tabular In-Context Learning Models

TabPFN 1.0±0.00 0.999±0.00

TabDPT 0.992±0.00 0.978±0.00

Table A1. AUROC performance on fully synthetic EHR data generated using Synthea for two binary prediction tasks: lung cancer and

stroke. Performance across model classes approaches ceiling levels due to the rule-based generative process underlying Synthea. Results

are intended as an upper-bound sanity check rather than evidence of real-world generalization.

Within this saturated regime, PFN-based models achieve performance comparable to strong classical baselines without task-

specific retraining or feature engineering. While this does not indicate superiority over established methods, it demonstrates

that PFNs are compatible with simulator-driven clinical data and do not exhibit inductive bias mismatches that hinder

learning of disease logic. Importantly, this compatibility suggests that the limitations of PFN-based and RA-TICL methods

observed on real-world EHR datasets are unlikely to stem from representational capacity alone, but instead arise from

challenges inherent to clinical data as described in the main text.

A.2. Efficiency Trade-offs

Figure A1 summarizes the trade-offs between computational efficiency and predictive performance across model classes on

large-scale EHR datasets. We report relative ranking scores (higher is better) against measured training and inference time.

Hyperparameter tuning time is excluded, and for models requiring supervised training, training time reflects convergence

with early stopping. For PFN-based and other ICL models, which do not require task-specific training, training time is

effectively negligible.

Training Efficiency. In terms of training cost, ICL-based models exhibit a distinct advantage. TabPFN and TabDPT

incur no dataset-specific training time, yet achieve mid-to-high performance rankings, placing them favorably among all

evaluated models. This contrasts with classical k-nearest neighbors, which is also training-free but exhibits substantially

lower predictive rankings. Gradient-boosted models (e.g., XGBoost, LightGBM) occupy an intermediate regime, requiring

modest training time while achieving competitive performance. In contrast, deep tabular and retrieval-based models such

as ModernNCA and TabR incur significantly higher training costs while achieving lower or comparable rankings. The

highest-ranked deep tabular models (e.g., ExcelFormer, Trompt) require the great amount of training time and computational

resources, reflecting the cost of end-to-end representation learning on large EHR cohorts. Our AWARE adapters are the

most notable where they achieve both highest rankings while being training time-efficient.

Inference Efficiency. Inference-time costs reveal a different pattern. Classical linear and tree-based models remain the

fastest at inference, with per-patient prediction times substantially lower than all other model classes. Among neural models,

shallow architectures such as MLPs and ResNet-style tabular models achieve moderate inference efficiency. PFN-based
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Figure A1. Training and inference efficiency trade-offs across model classes on large-scale EHR datasets. The left panel reports relative

predictive ranking versus training time (measured until convergence with early stopping), while the right panel reports ranking versus

per-patient inference time. Hyperparameter tuning and pretraining costs are excluded. Models based on in-context learning incur no

task-specific training cost.

ICL models, including TabPFN and TabDPT, exhibit inference times comparable to other transformer-based tabular models

and retrieval-augmented approaches. Retrieval-based variants, particularly kNNPFN, incur the highest inference cost due

to explicit neighbor search and context construction, especially with AWARE incoporated. Importantly, despite slower

inference relative to classical models, PFN-based approaches remain competitive with deep tabular models that require both

training and inference overhead.

Implications for Clinical Use. Taken together, these results highlight a key efficiency trade-off for in-context learning

in EHR prediction. PFN-based models offer a favorable balance between predictive performance and training efficiency

by eliminating the need for task-specific retraining, which can be advantageous in settings with limited computational

resources or rapidly changing clinical tasks. However, this benefit is partially offset by increased inference-time cost,

particularly for retrieval-augmented variants. These findings suggest that ICL-based approaches are best suited for scenarios

where retraining is infeasible or costly, while inference latency remains acceptable, rather than as drop-in replacements for

lightweight classical models in latency-critical clinical workflows.

A.3. Model Descriptions

This section provides brief descriptions of the models included in our benchmark, focusing on their architectural characteris-

tics and relevance to EHR prediction tasks.

TabTransformer (Huang et al., 2020) models categorical features using contextual embeddings derived from Transformer

layers, enabling richer interactions between categorical variables. It has been shown to outperform standard multilayer

perceptrons (MLPs) on tabular data and to exhibit robustness to noisy or missing categorical inputs.

TabNet (Arik & Pfister, 2021) is a deep learning architecture for tabular data that performs instance-wise feature selection

through a sequential attention mechanism. By selecting a sparse subset of features at each decision step, TabNet provides a

degree of interpretability while maintaining competitive predictive performance.

ExcelFormer (Chen et al., 2024)is a Transformer-based architecture designed for tabular data, incorporating a semi-

permeable attention mechanism and gated linear units. It also introduces interpolation-based data augmentation strategies

(Hid-Mix and Feat-Mix) to improve robustness under irregular target functions.

Trompt (Chen et al., 2023) is a prompt-inspired neural architecture for tabular learning that derives sample-specific feature

importance through learned prompts. By dynamically adjusting feature relevance at inference time, Trompt aims to bridge
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the performance gap between deep tabular models and tree-based methods.

TabM (Gorishniy et al., 2025) is a parameter-efficient deep tabular model that ensembles multiple MLP submodels with

shared weights. This design improves training efficiency and generalization while mitigating issues such as dead neurons

commonly observed in deep networks.

ModernNCA (Ye et al., 2024) revisits classical Neighborhood Components Analysis (NCA) and integrates modern

optimization and representation learning techniques to support differentiable nearest-neighbor retrieval for tabular prediction

tasks.

TabPFN (Hollmann et al., 2023) is a prior-fitted network pretrained on a large corpus of synthetically generated tabular

datasets derived from causal models. It performs classification via in-context learning, enabling inference-time adaptation

without task-specific fine-tuning.

kNNPFN (Thomas et al., 2024) (also referred to as TabPFN-kNN) augments the TabPFN prior-fitted architecture with an

explicit k-nearest-neighbor retrieval step at inference time. For each query instance, a subset of similar training examples is

selected using a distance metric in feature space, and only this retrieved context is provided to the PFN model. This strategy

reduces the computational burden associated with conditioning on large training sets while introducing a similarity-based

inductive bias. TabPFN-kNN thus represents a simple yet effective retrieval-augmented extension of PFN-based in-context

learning, enabling scalable inference-time adaptation on larger tabular datasets.

TabDPT (Ma et al., 2025) is a retrieval-augmented tabular in-context learning model that extends the TabPFN paradigm

to larger and more heterogeneous datasets. Instead of conditioning on the full training set, TabDPT constructs a query-

specific context via retrieval and processes the retrieved examples jointly with the query through a Transformer encoder.

By combining pretrained PFN initialization with explicit context construction, TabDPT enables scalable inference-time

adaptation while maintaining the feature-order invariance and amortized Bayesian inference properties of PFN-based models.

A.4. Dataset Preprocessing and Feature Extraction

We conduct experiments using two publicly available ICU EHR datasets: MIMIC-IV (v3.1) and eICU-CRD (v2.0). For both

datasets, analyses are restricted to adult patients and constructed at the ICU-stay level.

In MIMIC-IV, patients aged ≥ 18 years are included if ICU stays satisfy duration requirements for hospital-acquired

infection prediction. To ensure infections are acquired during hospitalization rather than present at admission, only ICU

stays of at least 48 hours are considered. A 24-hour observation window is used to extract patient features, followed by

a 24-hour prediction gap, after which the model predicts the onset of hospital-acquired infections. Outcomes include

three clinically relevant infections commonly monitored in critical care settings: sepsis, urinary tract infection (UTI), and

ventilator-associated pneumonia (VAP). These outcomes are identified using diagnosis codes and clinical event records

mapped to standardized infection definitions where available.

In eICU-CRD, adult patients aged 18–89 years with ICU stays between 12 hours and 10 days are included. Clinical events

recorded during the first 12 hours of ICU admission are used as the observation window. Prediction targets similarly focus on

hospital-acquired infections, including sepsis and urinary tract infection, defined using diagnosis codes, treatment indicators,

and infection-related clinical variables when available in the dataset.

Structured features are extracted from multiple EHR sources, including diagnoses, treatments or procedures, medications,

laboratory measurements, vital signs, and physiological variables. In MIMIC-IV, diagnosis and procedure codes are encoded

using frequency counts, medications are aggregated by mean administration rate and dosage, and charted measurements

are treated as continuous variables summarized within fixed temporal buckets (e.g., 2-hour intervals). In eICU-CRD,

diagnosis and treatment information is parsed from hierarchical strings and standardized across hospitals. Laboratory

measurements and vital signs are normalized and summarized using minimum, maximum, mean, and standard deviation

over the observation window, with additional physiological variables derived from APACHE-related features.

Variable-length time series are converted into fixed-length representations through temporal aggregation. Missing continuous

measurements in MIMIC-IV are handled via forward- and backward-filling followed by median imputation. In eICU-CRD,

missing categorical variables are imputed using the mode, while continuous variables are normalized and missing values are
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set to zero after normalization. The resulting datasets consist of fixed-length feature matrices with one row per ICU stay,

enabling consistent input representations across all evaluated models.

Dataset Name #Rows #Features Task Imbalance Ratio Cohort Feature Types

Synthetic EHR datasets

Synthea-Stroke (Chen & Chen, 2022) 16,055 793 Binary – Multi-domain DEM, VIT, LAB, CODE

Synthea-LungCancer (Chen & Chen, 2022) 4,384 773 Binary – Oncology DEM, VIT, LAB, CODE

Small-to-medium real-world EHR datasets

Heart Failure (Platelets Counts) (Chicco & Jurman, 2020a) 299 12 Regression – Cardiovascular DEM, LAB

OXF – Parkinsons Telemonitoring (Tsanas et al., 2009) 5,875 22 Regression – Neurological DEM, PHYS, TMP

TunedIT – ICU 200 19 Binary – ICU DEM, VIT, LAB

SUPPORT2 (Knaus & Lynn, 2020) 9,105 46 Binary 2.13 Multi-domain DEM, VIT, LAB, ADMIN

Sepsis Survival Minimal (Chicco & Jurman, 2020b) 110,341 4 Binary 12.57 Infectious DEM

Differentiated Thyroid Cancer (Borzooei & Tarokhian, 2023) 383 16 Binary 2.55 Oncology DEM, LAB

Glioma Grading (Clinical + Mutation) (Tasci et al., 2022) 839 23 Binary 1.38 Oncology DEM, GEN

AIDS Classification 50,000 50,000 23 Binary 2.22 Infectious DEM, LAB

Indian Liver Patient (Ramana & Venkateswarlu, 2022) 583 11 Binary 2.54 Metabolic DEM, LAB

COVID-19 Hospital Treatment Plan (Wu et al., 2020) 318,438 18 Multiclass 31.69 Infectious DEM, ADMIN

Diabetes130US (Clore et al., 2014) 101,766 49 Binary 4.83 Metabolic DEM, LAB

Kidney (McGilchrist & Aisbett, 1991) 76 6 Binary 1.12 Metabolic DEM, LAB

Large-scale longitudinal real-world EHR datasets

MIMIC-IV (SEPSIS) (Johnson et al., 2023) 35,885 3,400 Binary 8.408 Infectious DEM, VIT, LAB, TMP

MIMIC-IV (UTI) (Johnson et al., 2023) 24,145 3,440 Binary 5.226 Infectious DEM, VIT, LAB, TMP

MIMIC-IV (VAP) (Johnson et al., 2023) 24,495 3,440 Binary 10.38 Infectious DEM, VIT, LAB, TMP

eICU (SEPSIS) (Pollard et al., 2018) 120,442 655 Binary 14.91 Infectious DEM, VIT, LAB, TMP

eICU (UTI) (Pollard et al., 2018) 124,828 655 Binary 70.65 Infectious DEM, VIT, LAB, TMP

HIPE (CPE) (Pham et al., 2025a) 45,333 28,566 Binary 434.89 Infectious DEM, CODE, ADMIN, TMP

HIPE (RDMT) (Pham et al., 2024) 78,142 28,779 Binary 7.48 ICU DEM, CODE, ADMIN, TMP

Table A2. Summary of EHR datasets used in this study, spanning diverse clinical cohorts, task types, and feature modalities. Feature type

abbreviations: DEM = demographics; VIT = vital signs; LAB = laboratory results; CODE = medical codes / diagnoses; GEN = genetic /

molecular features; PHYS = physiological signals; ADMIN = administrative variables; TMP = temporal features.

A.5. Supplementary Benchmark Results
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Model

MIMIC-IV eICU

SEPSIS VAP UTI SEPSIS UTI

AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑

kNN Backbone

KNN (baseline) 0.866±0.000 0.446±0.000 0.774±0.000 0.235±0.000 0.637±0.000 0.249±0.000 0.869±0.000 0.348±0.000 0.815±0.000 0.064±0.000

+ Attention-Weighted Retrieval 0.860±0.013 0.429±0.038 0.775±0.002 0.268±0.005 0.634±0.002 0.241±0.001 0.889±0.003 0.402±0.020 0.824±0.008 0.074±0.005

+ SNNL 0.893±0.017 0.500±0.042 0.780±0.012 0.256±0.012 0.647±0.004 0.246±0.007 0.889±0.013 0.407±0.039 0.761±0.023 0.054±0.008

+ Balanced Sampling 0.880±0.020 0.461±0.024 0.780±0.012 0.265±0.008 0.646±0.015 0.243±0.011 0.968±0.001 0.708±0.008 0.875±0.021 0.112±0.013

+ 5-fold CV Ensemble 0.886±0.007 0.481±0.014 0.785±0.010 0.274±0.009 0.659±0.001 0.255±0.005 0.966±0.002 0.671±0.012 0.908±0.009 0.122±0.004

kNNPFN Backbone

kNNPFN (baseline) 0.908±0.000 0.545±0.000 0.786±0.000 0.274±0.000 0.662±0.000 0.254±0.000 0.970±0.000 0.700±0.000 0.895±0.000 0.100±0.000

+ Attention Weighting 0.907±0.003 0.541±0.009 0.788±0.004 0.274±0.004 0.658±0.001 0.251±0.002 0.978±0.001 0.733±0.007 0.908±0.002 0.118±0.001

+ SNNL 0.909±0.002 0.547±0.006 0.784±0.003 0.271±0.006 0.661±0.004 0.252±0.003 0.974±0.002 0.733±0.007 0.886±0.028 0.110±0.019

+ Balanced Sampling 0.910±0.004 0.542±0.011 0.786±0.007 0.268±0.000 0.665±0.001 0.261±0.007 0.977±0.001 0.744±0.006 0.897±0.032 0.125±0.022

+ 5-fold CV Ensemble 0.911±0.001 0.545±0.005 0.789±0.004 0.275±0.006 0.666±0.001 0.257±0.002 0.979±0.001 0.738±0.003 0.921±0.008 0.142±0.003

+ Adapter Finetuning 0.918±0.001 0.562±0.004 0.799±0.000 0.279±0.007 0.666±0.001 0.257±0.002 0.979±0.001 0.739±0.003 0.926±0.002 0.142±0.003

TabDPT Backbone

TabDPT (baseline) 0.905±0.000 0.528±0.000 0.784±0.000 0.274±0.000 0.658±0.000 0.257±0.000 0.961±0.000 0.659±0.000 0.882±0.000 0.103±0.000

+ Attention Weighting 0.908±0.002 0.540±0.006 0.788±0.002 0.279±0.001 0.659±0.001 0.254±0.001 0.968±0.000 0.684±0.004 0.891±0.001 0.112±0.003

+ SNNL 0.907±0.001 0.539±0.007 0.788±0.003 0.286±0.007 0.663±0.005 0.258±0.005 0.969±0.002 0.693±0.012 0.846±0.040 0.097±0.017

+ Balanced Sampling 0.906±0.001 0.538±0.006 0.784±0.010 0.278±0.010 0.664±0.005 0.261±0.007 0.968±0.004 0.717±0.007 0.881±0.011 0.129±0.004

+ 5-fold CV Ensemble 0.910±0.001 0.547±0.004 0.790±0.003 0.285±0.002 0.661±0.000 0.254±0.003 0.972±0.002 0.699±0.006 0.910±0.010 0.135±0.007

+ Adapter Finetuning 0.916±0.003 0.565±0.006 0.791±0.003 0.286±0.003 0.664±0.001 0.264±0.003 0.972±0.002 0.700±0.008 0.912±0.013 0.139±0.002

Table A3. Ablation study of AWARE and subsequent enhancements on large-scale ICU EHR tasks (MIMIC-IV and eICU). Each row

incrementally adds one component to the backbone, isolating its contribution to predictive performance. Results are reported as AUROC

and AUPRC (mean ± std over 3 seeds) across six clinical prediction tasks.

Model
Regression Classification

HF ↓ OXF-PT ↓ TIT ↓ SUPPORT2 ↑ SSMI ↑ DTC ↑ GGCM ↑ AIDS ↑ ILP ↑ COVID19 ↑ Diabetes ↑ Kidney ↑

Classical and Ensemble Models

LR 1.360±0.000 0.413±0.000 1.070±0.000 0.952±0.000 0.692±0.000 0.984±0.000 0.880±0.002 0.710±0.000 0.755±0.002 0.849±0.000 0.850±0.000 0.812±0.000

KNN 1.357±0.010 0.238±0.007 1.119±0.000 0.884±0.021 0.567±0.027 0.938±0.020 0.821±0.022 0.648±0.008 0.696±0.005 0.843±0.011 0.837±0.020 0.833±0.072

CatB 1.367±0.019 0.400±0.159 1.139±0.027 0.982±0.001 0.691±0.001 0.987±0.003 0.848±0.007 0.713±0.007 0.729±0.024 0.854±0.001 0.865±0.003 0.792±0.157

LightG 1.345±0.020 0.514±0.192 1.025±0.018 0.980±0.002 0.691±0.001 0.990±0.003 0.873±0.013 0.714±0.003 0.730±0.029 0.854±0.001 0.860±0.002 0.938±0.062

XGB 1.387±0.040 0.675±0.000 1.237±0.057 0.980±0.002 0.691±0.000 0.944±0.070 0.866±0.015 0.706±0.001 0.714±0.035 0.850±0.001 0.863±0.002 0.906±0.031

MLP 1.336±0.024 0.323±0.007 1.103±0.062 0.969±0.002 0.675±0.013 0.909±0.025 0.873±0.009 0.705±0.004 0.637±0.142 0.854±0.005 0.856±0.005 0.562±0.062

Deep Tabular Models

ResNet 1.572±0.000 0.307±0.000 1.424±0.000 0.972±0.000 0.692±0.000 0.914±0.039 0.845±0.014 0.707±0.006 0.678±0.039 0.852±0.007 0.857±0.003 0.854±0.036

TabM 1.755±0.000 0.237±0.000 1.094±0.047 0.975±0.002 0.692±0.001 0.929±0.009 0.892±0.027 0.716±0.000 0.698±0.032 0.852±0.009 0.860±0.010 0.833±0.036

ExcelF 1.357±0.039 0.373±0.035 1.166±0.162 0.979±0.004 0.692±0.000 0.869±0.145 0.874±0.017 0.716±0.002 0.684±0.065 0.856±0.006 0.862±0.004 0.729±0.157

TabNet 1.434±0.070 0.379±0.047 3.721±3.349 0.972±0.002 0.684±0.001 0.690±0.101 0.718±0.116 0.709±0.003 0.643±0.038 0.849±0.008 0.859±0.003 0.667±0.295

TabT 1.353±0.004 0.704±0.002 1.251±0.003 0.962±0.004 0.662±0.001 0.920±0.011 0.844±0.027 0.698±0.015 0.687±0.015 0.849±0.007 0.817±0.004 0.771±0.036

Trompt 1.370±0.008 0.711±0.004 1.258±0.010 0.982±0.001 0.692±0.001 0.948±0.012 0.883±0.012 0.718±0.001 0.734±0.040 0.857±0.003 0.859±0.006 0.917±0.144

MNCA 1.396±0.028 0.291±0.000 1.063±0.077 0.974±0.002 0.692±0.000 0.937±0.018 0.881±0.004 0.710±0.003 0.716±0.006 0.859±0.001 0.863±0.002 0.958±0.036

Tabular In-Context Learning Models

TabPFN 1.335±0.003 0.113±0.011 1.223±0.003 0.984±0.000 0.693±0.000 0.984±0.000 0.883±0.000 0.713±0.000 0.750±0.000 0.811±0.010 0.842±0.006 1.000±0.000

kNNPFN 1.358±0.003 0.040±0.001 1.146±0.027 0.984±0.000 0.686±0.000 0.990±0.000 0.881±0.001 0.713±0.000 0.755±0.004 0.853±0.002 0.866±0.001 0.958±0.036

TabDPT 1.353±0.000 0.626±0.000 1.230±0.000 0.984±0.000 0.690±0.000 0.981±0.000 0.883±0.003 0.705±0.000 0.772±0.003 0.859±0.000 0.862±0.001 1.000±0.000

Ours (Tabular In-Context Learning Models + AWARE)

KNN 1.394±0.000 0.417±0.023 1.253±0.000 0.931±0.018 0.689±0.001 0.500±0.000 0.500±0.000 0.709±0.001 0.500±0.000 0.847±0.005 0.722±0.326 0.500±0.000

kNNPFN 1.364±0.001 0.070±0.007 1.001±0.003 0.984±0.004 0.684±0.000 0.984±0.000 0.881±0.000 0.713±0.000 0.783±0.000 0.852±0.001 0.846±0.002 0.812±0.000

TabDPT 1.346±0.000 0.107±0.003 1.043±0.000 0.981±0.001 0.691±0.000 0.981±0.000 0.886±0.000 0.711±0.001 0.749±0.000 0.856±0.002 0.849±0.006 1.000±0.000

Table A4. Benchmark coverage of models across small-to-medium scale EHR datasets, sourced from OpenML and UCI repositories. F1

score is reported for Diabetes and COVID19 while AUROC is reported for others.
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Model

MIMIC-IV eICU

SEPSIS VAP UTI SEPSIS UTI

AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑ AUROC ↑ AUPRC ↑

Classical and Ensemble Models

LR 0.897±0.001 0.507±0.001 0.773±0.000 0.236±0.001 0.662±0.005 0.258±0.013 0.929±0.001 0.540±0.002 0.913±0.000 0.115±0.001

KNN 0.841±0.000 0.395±0.000 0.756±0.020 0.228±0.016 0.588±0.000 0.200±0.000 0.823±0.000 0.303±0.000 0.732±0.000 0.046±0.000

CatB 0.899±0.003 0.516±0.016 0.756±0.012 0.240±0.013 0.664±0.010 0.262±0.010 0.982±0.001 0.760±0.004 0.942±0.002 0.152±0.005

LightG 0.910±0.012 0.551±0.041 0.777±0.018 0.242±0.046 0.649±0.003 0.246±0.003 0.982±0.002 0.757±0.022 0.908±0.050 0.114±0.034

XGB 0.910±0.009 0.545±0.039 0.744±0.025 0.206±0.024 0.635±0.034 0.234±0.026 0.982±0.001 0.762±0.002 0.920±0.000 0.162±0.045

MLP 0.901±0.007 0.521±0.011 0.769±0.008 0.235±0.020 0.640±0.014 0.247±0.018 0.965±0.003 0.665±0.024 0.898±0.034 0.101±0.029

Deep Tabular Models

ResNet 0.883±0.007 0.484±0.008 0.733±0.039 0.204±0.022 0.603±0.008 0.219±0.010 0.971±0.001 0.703±0.009 0.898±0.001 0.094±0.013

TabM 0.870±0.001 0.463±0.005 0.768±0.013 0.256±0.012 0.650±0.005 0.247±0.010 0.982±0.000 0.755±0.006 0.938±0.001 0.127±0.003

ExcelF 0.915±0.002 0.565±0.002 0.795±0.006 0.255±0.009 0.653±0.018 0.255±0.018 0.976±0.001 0.673±0.029 0.945±0.007 0.177±0.004

TabNet 0.896±0.006 0.513±0.016 0.650±0.084 0.147±0.034 0.544±0.034 0.179±0.017 0.959±0.006 0.631±0.037 0.599±0.110 0.019±0.006

TabT 0.888±0.001 0.488±0.001 0.732±0.007 0.200±0.010 0.609±0.019 0.219±0.016 0.955±0.005 0.614±0.008 0.891±0.001 0.083±0.002

Trompt 0.906±0.002 0.521±0.003 0.784±0.015 0.262±0.016 0.625±0.015 0.232±0.010 0.979±0.000 0.739±0.006 0.940±0.010 0.139±0.045

MNCA 0.892±0.004 0.514±0.008 0.724±0.006 0.208±0.015 0.626±0.012 0.227±0.009 0.975±0.001 0.723±0.013 0.931±0.002 0.132±0.008

Tabular In-Context Learning Models

TabPFN 0.905±0.001 0.541±0.006 0.780±0.005 0.266±0.013 0.657±0.003 0.255±0.002 0.968±0.001 0.695±0.011 0.918±0.002 0.139±0.002

kNNPFN 0.907±0.001 0.538±0.006 0.782±0.004 0.266±0.010 0.661±0.005 0.258±0.003 0.969±0.002 0.691±0.013 0.901±0.009 0.104±0.006

TabDPT 0.906±0.002 0.529±0.004 0.782±0.003 0.270±0.003 0.663±0.008 0.262±0.006 0.960±0.002 0.657±0.003 0.884±0.003 0.106±0.004

Ours (Tabular In-Context Learning Models + AWARE)

KNN 0.878±0.025 0.502±0.021 0.758±0.035 0.239±0.011 0.632±0.002 0.242±0.006 0.963±0.005 0.695±0.036 0.892±0.020 0.144±0.006

kNNPFN 0.918±0.001 0.562±0.004 0.799±0.000 0.279±0.007 0.666±0.001 0.257±0.002 0.979±0.001 0.739±0.003 0.926±0.002 0.142±0.003

TabDPT 0.916±0.003 0.565±0.006 0.791±0.003 0.286±0.003 0.664±0.001 0.264±0.003 0.972±0.002 0.700±0.008 0.912±0.013 0.139±0.002

Table A5. Performance on hospital-acquired infection prediction tasks on large-scale EHR datasets, including MIMIC-IV and eICU. For

each task and each model, we extensively ran hyperparameters tuning for 30 rounds.
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