
X-FEMR: A Token-level Explainable Approach for Electronic Health Records
Foundation Models using Transformer-based Models

Jie Huang1 , Pengfei Yin1 , Zihan Xu1 , Daniel Capurro1,2 , Mike Conway1 and Ting Dang1∗

1School of Computing and Information Systems, University of Melbourne
2Department of General Medicine, Royal Melbourne Hospital

{jie.huang5, pyyin1, xu.z2}@student.unimelb.edu.au
{dcapurro, mike.conway, ting.dang}@unimelb.edu.au

Abstract
Foundation Models for Electronic Health Records
(FEMRs) are pretrained on large-scale structured
patient data, enabling them to convert longitudi-
nal patient trajectories into generalizable represen-
tations for diverse clinical prediction tasks. De-
spite their effectiveness, FEMRs remain black-box
models, raising concerns about bias, interpretabil-
ity, and clinical trust. To address this, we pro-
pose the first token-level explainability approach
for FEMRs. We train a Transformer-based surro-
gate model on input-output pairs from the FEMR
across two prediction tasks, approximating its be-
havior while preserving temporal dynamics. We
identify the most influential tokens, providing in-
sights into how FEMRs leverage different aspects
of patient history for predictions. To evaluate clin-
ical relevance, we introduce a novel clinical align-
ment metric that quantifies the correspondence be-
tween the surrogate model’s key tokens and clin-
ically validated features. Our results demonstrate
that the surrogate closely approximates FEMR pre-
dictions and that token-level explanations align
well with clinical knowledge, offering a practical
framework for interpretable and trustworthy clini-
cal AI.

1 Introduction
Foundation models (FMs) are trained on large-scale and di-
verse datasets using self-supervised objectives, learning to ac-
quire general-purpose representations that can be efficiently
adapted to a wide range of downstream tasks [Guo et al.,
2025]. The use of abundant data, transformer-based archi-
tectures, and advances in optimization and model scaling has
produced models with strong transferability and emergent ca-
pabilities [Kaplan et al., 2020]. Consequently, FMs often out-
perform task-specific systems, reducing the need for exten-
sive task-dependent supervision and making them well-suited
for complex, data-rich domains, such as healthcare.

In the field of medical artificial intelligence (AI), FMs have
primarily been developed along two major lines, reflecting
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the heterogeneous nature of clinical data. The first stream
focuses on unstructured clinical text, creating Clinical Lan-
guage Models (CLaMs), which are trained on narrative notes
and reports. While CLaMs have demonstrated strong per-
formance in extracting information from unstructured clini-
cal narratives, a substantial portion of clinically relevant in-
formation is encoded in structured electronic health records
(EHRs), which capture longitudinal diagnoses, procedures,
medications, and their temporal relationships. Consequently,
increasing attention has shifted toward FMs for structured
EHR data. These models learn from longitudinal sequences
of coded clinical events to capture temporal patterns in pa-
tient trajectories, which are referred to as FMs for EHRs
(FEMRs) [Wornow et al., 2023b], include ETHOS [Renc et
al., 2025] and CLMBR-T-Base [Wornow et al., 2023a].

Despite their strong empirical performance, the translation
of FEMRs into clinical practice remains limited. First, their
internal representations and decision mechanisms are largely
opaque [Wang et al., 2025], limiting interpretability for clin-
icians and model developers. Second, while interpretability
tools for clinical language models have rapidly matured, they
mainly focus on traditional machine learning approaches [S
Band et al., 2023; Abbas et al., 2025], and thus compara-
ble explainability frameworks for FEMRs are still underde-
veloped. Third, FEMRs are typically trained on institution-
specific datasets constrained by privacy and governance poli-
cies, which can encode local practice patterns and biases,
thereby raising concerns regarding robustness and generaliz-
ability across healthcare settings. Consequently, there is lim-
ited understanding of how these models reason over patient
histories and temporal event sequences. Together, these limi-
tations motivate the need for explainable FEMRs that provide
transparent and clinically meaningful explanations of their
representations and predictions. Evaluations for explainabil-
ity in FEMRs are also lacking due to the absence of explain-
able methods for FEMRs.

A broad range of explainable AI (XAI) techniques have
been proposed to interpret complex machine learning mod-
els. Prominent examples include feature-attribution methods
such as SHAP [Lundberg and Lee, 2017], which quantify the
contribution of individual input features to model predictions,
as well as gradient-based approaches like saliency maps [Si-
monyan et al., 2014], and perturbation-based methods like
LIME [Ribeiro et al., 2016]. However, their effectiveness is
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substantially limited when applied to FMs. FMs operate on
high-dimensional, distributed representations and often rely
on complex internal interactions across long contexts, mak-
ing it difficult to meaningfully attribute predictions to indi-
vidual input features. Moreover, post hoc attribution methods
typically assume a fixed input–output mapping, whereas FMs
produce task-agnostic latent representations that are reused
across multiple downstream tasks. As a result, existing XAI
techniques often yield explanations that are unstable, diffi-
cult to interpret clinically, or misaligned with the reasoning
processes of FMs. This highlights the need for explanation
methods that are specifically designed for foundation-scale
architectures.

Recent studies have begun to explore XAI techniques for
FEMRs, but this line of work has mainly focused on Large
Language Models (LLMs) for general purpose. Saraswat et
al. [Saraswat et al., 2022] proposed a four-axis taxonomy for
XAI, encompassing data explainability, model explainability,
post hoc explainability, and explanation assessment. Within
this framework, recent XAI research has emphasized the role
of proxy representations, interpretable surrogate models that
approximate the behavior of black-box systems. As dis-
cussed by [Saraswat et al., 2022], proxy models served as
intermediate, human-aligned representations that enabled in-
spection of how a deep model responds to clinically rele-
vant features, even when its internal states are not directly
accessible. By introducing an interpretable bottleneck or fit-
ting transparent surrogates such as linear or additive mod-
els, proxy representations map complex temporal EHR inputs
into a lower-dimensional semantic space that clinicians can
reason about. This approach facilitates attribution analysis,
detection of spurious feature dependencies, and assessment
of whether model behavior aligns with established clinical
reasoning. However, the current surrogate models, such as
linear regression, and Decision tree (DT), generally assume
that the data is smooth linear [Sarker, 2021], which is not true
for EHRs.

Despite advances in these surrogate models, most ap-
proaches still focus mainly on feature-level explanations. In
contrast, FMs generate predictions one token at a time using
an autoregressive learning process. This allows for token-
level explainability, which can be especially useful in clinical
settings. For example, knowing which specific words or val-
ues in a patient’s record influenced a model’s prediction can
help clinicians better understand the reasoning behind AI rec-
ommendations and improve clinical scoring methods or prac-
tice guidelines [Tonekaboni et al., 2019]. Some recent studies
have explored token-level explanations in general LLMs us-
ing methods like Integrated Gradients (IG), a gradient-based
technique that assigns importance scores to each token in a
text [Sundararajan et al., 2017; Ali et al., 2023]. However,
IG can be fragile in identifying the right features and may
give inconsistent explanations [Ali et al., 2023]. Despite its
potential, token-level explainability remains rare in clinical
applications, particularly for longitudinal EHRs.

Another challenge in explaining predictions from EHR
data is their temporal nature. Beyond identifying which clini-
cal variables are important, it is important to know when they
influence the prediction. Token-level explainability offers

this finer-grained insight, identifying the specific variables
and time points that drive model outputs. However, com-
mon surrogate models, such as logistic regression, struggle
to capture these temporal dynamics, limiting their effective-
ness for interpretable predictions in longitudinal EHR data.
Furthermore, the evaluation of explainability itself remains
an open challenge, with few quantitative metrics available to
assess whether explanations align with clinical knowledge or
decision-making.

In this work, we propose the first token-level explain-
ability approach for FEMRs. Specifically, we introduce a
transformer-based surrogate model to approximate the input-
output behavior of FEMRs, enabling the capture of tempo-
ral dynamics in EHRs for more reliable explanations. In
addition, we develop a clinically validated evaluation met-
ric that quantitatively measures the quality of the model ex-
planations. Our experiments on two distinct clinical datasets
and tasks show that the surrogate model closely approximates
the behavior of FMs in EHRs while achieving comparable
predictive performance. Moreover, token-level explainabil-
ity demonstrates stronger alignment with clinical tasks with
the ratio of 0.3, suggesting the effectiveness of our approach.
This work lays the foundation for more interpretable and clin-
ically actionable AI in longitudinal EHR analysis.

2 Related Work
FMs trained on structured EHR data, such as ETHOS [Renc
et al., 2025], CLMBR-T-Base [Wornow et al., 2023a], and
Med-BERT [Rasmy et al., 2021], have demonstrated strong
performance on a range of clinical tasks. These mod-
els support applications including treatment recommenda-
tion and 30-day hospital readmission prediction, particu-
larly after task-specific fine-tuning [Almeida et al., 2026;
Timilsina et al., 2025].

Traditional interpretable models, including probabilistic
approaches such as Naı̈ve Bayes and sequence models
like Hidden Markov Models, provide intuitive explanations
through explicit probability distributions and state transition
structures. However, these models lack the capacity to cap-
ture the complexity of modern learning systems. Recent
advances in explainable artificial intelligence have enabled
post hoc interpretation of deep learning models, improving
transparency and supporting clinical adoption [Bienefeld et
al., 2023]. Common approaches include feature attribution
methods, gradient based explanations, and surrogate models.
Nonetheless, these techniques remain limited when applied
to foundation scale models.

Research on the interpretability of FMs is still sparse and
has largely focused on medical imaging. More specifically,
prior work has explored explainability for vision FMs in
retinal and breast imaging applications [Lee et al., 2025;
Cavalcante et al., 2025]. However, explainability methods
for FEMRs are largely unexplored, leaving their internal rea-
soning processes insufficiently understood.

3 Methodology
In this section, we present our explainability pipeline for ana-
lyzing FEMRs. We first describe its overall design, highlight-
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Figure 1: Pipeline of the study: We train a surrogate transformer us-
ing collected input and output pairs from the CLMBR-T-Base and
then visualize the importance of tokens using SHAP analysis to
implicitly understand how the FEMR trained on longitudinal data
makes decisions in clinical prediction tasks. Based on the impor-
tance of tokens, we propose a new assessment method called the
clinical validated events ratio to further measure the reliability of
FM in clinical practice.

ing the integration of proxy representations with token-level
interpretation. We then apply the pipeline to FEMRs on clin-
ically relevant prediction tasks to assess their explainability.

3.1 Overview of Explainability Pipeline

We propose an explainability pipeline that leverages a sur-
rogate model to approximate the behavior of FEMRs and to
enable explanations, as illustrated in Figure 1. The pipeline
trains a transformer-based surrogate on the input-output map-
pings of the target FEMRs and applies token attribution meth-
ods, such as SHAP, to quantify the contribution of individ-
ual token. This approach aims to open the black box of the
FMs, revealing how it processes complex patient data to gen-
erate predictions. Our focus is primarily on token-wise ex-
plainability, assessing which clinical inputs most influence
model outputs. This information helps clinicians interpret
predictions and understand the factors driving model deci-
sions. Additionally, we propose a novel clinical alignment
metric that evaluates how closely the tokens identified by our
surrogate models correspond to clinically validated features,
thereby assessing the extent to which the surrogate’s explana-
tions align with established medical knowledge.

To gain deeper insight into the FEMRs, we run the pipeline
under two supervision settings. In the first setting, the surro-
gate is trained on the binary predictions of FEMRs as hard la-
bels, capturing the model’s actual decisions. In the second, it
is trained on the predicted probabilities as soft labels, reflect-
ing the nuanced confidence of the models. Comparing token
contributions and training dynamics across these settings al-
lows us to distinguish the factors driving observed decisions
from those influencing internal uncertainty, revealing where
and how the model may deviate from optimal or clinically
meaningful behavior. We will first present the data collec-
tion pipeline for the FMs, followed by the surrogate model
development and explainability analyses.

3.2 Data Collection from FEMRs
Data format. FEMRs are trained on longitudinal, patient-
level event sequences. Each patient’s EHR can be viewed as a
time-ordered sequence of clinical events, characterized by ir-
regular time intervals, heterogeneous event types, and codes
from multiple medical coding systems. Some events addi-
tionally contain numeric values, such as laboratory measure-
ments or vital signs, making EHR data both temporally and
semantically complex. In practice, although EHR data are
sequential, they are typically stored in structured tables. A
widely adopted and standardized representation is the OMOP
Common Data Model 1 (OMOP-CDM), which organizes
clinical events into relational tables with consistent formats
across institutions. In this work, we construct patient-level
event sequences from raw data following the OMOP-CDM
schema. Each patient’s trajectory is represented as chrono-
logically ordered sequences of clinical events. Each event is
characterized with four features:

• Code (ct) — e.g., SNOMED CT, LOINC, RxNorm

• Numeric value (nt) — e.g., lab results

• Text field (ut) — e.g., descriptions, notes, or categories

• Timestamp (tevent) — the time of the recorded event

The code refers to standardized medical terminologies
and coding systems used to describe and categorize vari-
ous types of health information, such as LOINC for lab-
oratory tests[McDonald et al., 2003] and RxNorm for
medications[Nelson et al., 2011]. The numeric and text fields
contain additional information about the corresponding med-
ical code.

Collection of Input-Output Pairs. For each prediction
task, we define a prediction time Ti for patient record i. The
input to the FEMR consists of the patient’s historical EHR
data recorded prior to Ti. Formally, each patient record is
represented by a time-ordered sequence of clinical events as:

Xi = {e1, e2, . . . , etk}, where tk < Ti (1)

and each event etk = (ck, nk, uk, tk) includes a medical
code ck, a numeric value nk, a text field ut, and a times-
tamp tevent. The FEMR encodes the event sequence Xi into
a patient-level representation and produces a prediction for
the target task. This process produces two forms of output,
which are continuous probabilities (soft labels) and binary la-
bels based on a 0.5 threshold (hard labels) for classification
tasks. Both types of labels are used with their corresponding
inputs as pairs to train the surrogate model and to evaluate
token alignment and interpretability.

3.3 Surrogate Model Development
EHR data is typically long and contains irregular, heteroge-
neous variables and nonlinear patterns, which simple surro-
gate models cannot capture effectively. Therefore, we em-
ploy a transformer-based surrogate model, which can repre-
sent these complex sequences and construct accurate proxy
representations of the FEMR.

1https://www.ohdsi.org/data-standardization/
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We propose an event-level transformer encoder to model
longitudinal EHR sequences. Each patient record is repre-
sented as an ordered sequence of clinical events occurring be-
fore the prediction time, and the model produces a sequence-
level prediction.

To capture the irregular time gaps between events, we
represent each event by its time-to-prediction interval, en-
abling the model to reason about the relative timing of events.
Specifically, given the event timestamp tevent and the predic-
tion time T , we define

∆t =
T − tevent

3600
(2)

which is measured in hours. To mitigate the long-tailed dis-
tribution of time intervals, ∆t is log-transformed and normal-
ized using statistics estimated from the training set, and used
as a continuous time feature.

Then, each raw clinical event contains four different
feature types (code, numeric value, text value, time delta)
shown as:

xt = (ct, nt, ut,∆t) (3)

For encoding part, each event token is initialized with a
learned code embedding, augmented with a text embedding.
Numerical values are included via a gated injection mecha-
nism, which means the projected numeric embedding is ad-
justed by a content-dependent gate computed from the cur-
rent event representation. To encode temporal information,
we project the normalised time-to-prediction feature of each
event into the model dimension and adding it to the token
representation. Learnable positional embeddings are added,
followed by layer normalization and dropout.

et = Ecode(ct) +Etext(ut) + g(·)⊙Wnum nt

+W∆t ∆tt +Epos(t)
(4)

The sequence of event embeddings is processed by a multi-
layer transformer encoder to capture temporal dependencies
among events. A [CLS] token is then prepended to summa-
rize the sequence, and the final [CLS] representation is fed
into a task-specific prediction head for hard-label or soft-label
supervision.

Hard-label Supervision. In this setting, the surrogate
model is trained to predict the binary outputs of FEMR (e.g.,
ICU transfer vs. non-transfer). This approach focuses on cap-
turing the final decision boundary of FEMR.

Soft-label Supervision. In this approach, the surrogate
model is trained to predict the raw probability outputs of the
FEMR, enabling a more nuanced approximation of the confi-
dence and internal decision-making process of the FMs. This
extends beyond binary classification to suit multiclass classi-
fication and regression tasks.

This comparison further allows us to analyze how the
choice of supervision influences the learned token importance
patterns, providing insights into how closely the surrogate re-
flects the underlying decision logic of FMs. We use both sur-
rogate models for subsequent SHAP-based token attribution
analysis.

3.4 Token-Level Clinical Explainability
To evaluate how well the surrogate model explains the
CLMBR-T-Base in a clinically meaningful way, we perform
a token-level analysis using SHAP. The goal is to determine
whether the token identified as important by the surrogate
model correspond to known clinical predictors of downstream
tasks.

For each patient and each event i in the EHR sequence j,
SHAP assigns a value to each token that quantifies its contri-
bution to the model prediction. This produces a map of token
importance across all events in the dataset. Meanwhile, we
define a set of clinically relevant tokens based on different
clinical evidence.

To quantify the alignment between SHAP attributions and
clinical knowledge, we count how often each token is as-
signed importance by the surrogate model:

c(fj ;D) =
∑
xi∈D

occurrence(fj , xi), (5)

where D is the dataset and occurrence(fj , xi) is the number
of times token fj appears in patient record xi. The clinical
validated events ratio is then defined as:

R =

∑
fj∈Fc

c(fj ;D)∑
fj∈F c(fj ;D)

(6)

where F is the set of all tokens from SHAP analysis, and
Fc ⊆ F denotes the subset of clinically relevant tokens. A
higher R indicates greater alignment of the surrogate model’s
explanations with established clinical knowledge.

We compute R for surrogate models trained under hard-
label (binary predictions) and soft-label (predicted probabil-
ities) supervision. This allows us to evaluate which surro-
gate better captures clinically meaningful reasoning from the
CLMBR-T-Base. This analysis converts abstract SHAP val-
ues into a quantitative, interpretable metric. It enables us to
assess not only whether the surrogate reproduces the predic-
tions of CLMBR-T-Base, but also whether the tokens driving
these predictions are consistent with known clinical knowl-
edge.

4 Experimental Setup
4.1 Patient Cohort and Tasks
Cohort. We used the EHRSHOT dataset due to its large-
scale, longitudinal EHR records, which provide rich temporal
information for modeling patient trajectories [Wornow et al.,
2023a]. The dataset contains records for 6,739 patients with
a wide range of trajectory lengths. The longest patient se-
quence includes 199,913 events, reflecting the high variabil-
ity and complexity of real-world EHR data. To ensure com-
patibility with transformer-based surrogate models to handle
reasonable long sequences, we selected the top 75% of patient
records based on trajectory length.
Tasks. We focus on two classification tasks: long length of
stay(LOS) and ICU transfer. The first task including predict-
ing whether a patient’s total LOS during a visit to the hospital
will be at least 7 days. LOS is a key factor of both patient out-
comes and healthcare costs [Yin et al., 2025]. The prediction
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Statistic LOS ICU Transfer

Min 6 6
Mean 2,453 2,418
75% 3,928 3,838
Max 7,888 7,888

Table 1: Distribution of patient trajectory lengths (measured as the
number of events per patient) for two tasks.

time is at 11:59pm on the day of admission, and visits that last
less than one day (i.e. discharge occurs on the same day of
admission) are excluded. The second task involves predicting
whether a patient will be transferred to the ICU during their
hospital stay. Predictions are made at 11:59 pm on the day of
admission, and ICU transfers occurring on the admission day
are excluded [Wornow et al., 2023a]. Both tasks represent
common clinical prediction problems that focus on forecast-
ing patient outcomes.

The final study cohorts after preprocessing consist of 4,868
and 5,275 longitudinal records for LOS and ICU transfer pre-
diction tasks, respectively. As shown in Table 1, the length
of patient trajectories varies substantially, ranging from 6 to
7,888 clinical events, with an average of ∼2,400 events.

4.2 Model Implementation
Foundation Model. The FEMR used for our explain-
ability analysis is CLMBR-T-Base [Guo et al., 2024], a
141M-parameter autoregressive model trained on 2.57 mil-
lion de-identified longitudinal EHRs from the EHRSHOT
dataset [Wornow et al., 2023a] at Stanford Medicine.
CLMBR-T-Base is currently the only FEMR with publicly
available weights, enabling reproducible analyses.
Surrogate Model. For both surrogate modeling tasks, we
split the dataset into approximately 80% training, 10% vali-
dation, and 10% test sets, using stratified sampling to preserve
the label distribution across splits. The split is performed at
the patient level to ensure that records from the same patient
do not appear in multiple sets, thereby preventing potential
data leakage. For modeling, we use a Transformer encoder
with 3 layers, and each layer has a hidden dimension of 128
and 4 attention heads. The feedforward network size is 256,
and GELU (Gaussian Error Linear Unit) is used as the acti-
vation function. A dropout rate of 0.2 is applied, and pre-
normalization is adopted to improve training stability. The
maximum input sequence length is set to 2048. Under both
training strategies, the model is trained using the Adam opti-
mizer with a learning rate of 10−4, a batch size of 16, and up
to 100 training epochs. Early stopping is applied based on the
validation Area Under the Precision–Recall Curve (AUPRC),
and training is terminated if no improvement is observed
for 20 consecutive epochs. The model is trained on a sin-
gle GPU, which accelerates training for long sequences and
Transformer-based models.

To further improve surrogate model training with soft la-
bels, we apply a logit transformation to the predicted prob-
abilities produced by the CLMBR-T-Base. This transforma-
tion maps probability values into the log-odds space, expand-

Clinical Validated Features Code
Patient’s diagnosis, comorbidi-
ties

ICD-10-CM1

Hospital Frailty Risk Score 109 specific ICD-10 diag-
nostic codes found in a pa-
tient’s hospital records (cur-
rent and past 2 years)

Physiological measurement (in-
cluding heart rate, blood pres-
sure, temperture, oxygen satu-
ration)

National Early Warning
Score (including
LOINC/9279-1 LP21258-6
LOINC/88658-0
LOINC/LP201613-9
LOINC/LP409229-4
LOINC/LA17976-4
LOINC/LA19825-1
LOINC/2019-8
SNOMED/413444003
LOINC/8310-5
LOINC/8480-6
SNOMED/271649006
LOINC/8867-4
SNOMED/78564009
LOINC/38214-3)

Table 2: LOS clinical validated features and corresponding
codes [Deschepper et al., 2025]. This table shows the clinically val-
idated features used for LOS prediction tasks in explainability eval-
uations and corresponding codes. This provides clinical evidence to
evaluate explainability using the proposed clinical alignment metric.

ing small differences that would otherwise be compressed
near zero or one. By operating in the logit domain, the soft
labels provide richer supervisory signals and yield more in-
formative gradients during backpropagation, leading to more
stable and effective surrogate model optimization.

4.3 Evaluation
Clinical Validated Features. Multiple studies have proven
that patient’s diagnosis, laboratory, comorbidity variables and
severity of illness(SOI) are all strong predictors of LOS [De-
schepper et al., 2025; Street et al., 2025; Gokhale et al., 2023;
Liu et al., 2019]. We summarized those validated clinical
variables in Table 2 [Deschepper et al., 2025]. This pro-
vides clinical evidence to evaluate explainability using the
proposed clinical alignment metric.

For ICU transfer, it is a significant predictor of mortality,
morbidity, and healthcare costs [Young et al., 2003]. The task
about ICU transfer are related to the National Early Warn-
ing Score (NEWS2), which aggregates vital signs and phys-
iological measurements known to predict early clinical de-
terioration, including six physiological parameters: respira-
tory rate, oxygen saturation, supplemental oxygen, hypercap-
nic respiratory failure, temperature, systolic blood pressure,
heart rate, and AVPU score [BMJ, 2012; Smith et al., 2019;
Verma, 2024]. Table 3 displaying the clinically validated
features used for ICU transfer tasks in explainability evalu-
ations [Hripcsak George et al., 2015].

1ICD-10-CM: International Classification of Diseases, 10th Edi-
tion, Clinical Modification
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Clinical Validated Features Code
Respiratory rate LOINC/9279-1
Oxygen saturation LP21258-6
Use of supplemental oxygen LOINC/88658-0

LOINC/LP201613-9
LOINC/LP409229-4
LOINC/LA17976-4
LOINC/LA19825-1

Hypercapnic respiratory failure LOINC/2019-8
SNOMED/413444003

Temperature LOINC/8310-5
Systolic blood pressure LOINC/8480-6

SNOMED/271649006
Heart rate LOINC/8867-4

SNOMED/78564009
AVPU (Alert, Voice, Pain, Un-
responsive) Score

LOINC/38214-3

Table 3: ICU transfer clinical validated features and correspond-
ing codes [BMJ, 2012; Smith et al., 2019; Verma, 2024]. This table
shows the clinically validated features used for ICU transfer predic-
tion tasks in explainability evaluations and corresponding codes.

5 Results
5.1 CLMBR-T-Base Prediction Results
The CLMBR-T-Base predictive ability on two tasks is sum-
marized in Table 4. For the LOS dataset, it contains 1,274
positive samples out of 5,257, giving a positive rate of 24.2%.
The CLMBR-T-Base achieves an AUROC of 0.7046 and an
AUPRC of 0.4173, and shows a precision of 0.4556 and a
recall of 0.3140. Overall, the CLMBR-T-Base demonstrates
a reasonable performance on the LOS prediction task as it
achieves an AUPRC nearly two times higher than the baseline
positive rate (24.2%), suggesting meaningful performance
gains. To provide further context for these results, previous
studies on predicting prolonged length of stay have reported
AUROC in the range of 0.72-0.77 and AUPRC around 0.34-
0.36 for a wide range of machine learning and deep learning
models on EHR datasets [Ruan et al., 2025]. Although the
datasets differ, this suggests that CLMBR-T-Base performs
competitively against existing benchmarks in the literature.

The ICU transfer dataset is highly imbalanced, with only
213 positive samples out of 4,868, giving a positive rate of
only 4.4%. It can be seen from the Table 4, the CLMBR-
T-Base achieves an AUROC of 0.7282 and an AUPRC of
0.1592. Although the overall classification performance re-
mains challenging, as indicated by the low recall (0.0704) and
F1 score (0.1149), the model overperforms the baseline posi-
tive rate. It achieves an AUPRC that is more than three times
higher than the prevalence of ICU transfer events. Previous
studies on ICU transfer tasks have often reported the AU-
ROC as the primary evaluation metric, with values ranging
from 0.85-0.90 [Wellner et al., 2017]. Although the AUROC
achieved by CLMBR-T-Base on this task is lower than that
reported for some other models, direct comparison is difficult
due to differences in datasets used and the definitions of the
outcomes. Moreover, AUROC alone may be inadequate for
understanding model performance in highly imbalanced set-
tings. In this context, the substantial improvement in AUPRC

suggests that, despite the severe class imbalance, CLMBR-T-
Base can capture informative signals for ICU transfer risk.

5.2 Surrogate Model Comparison
To validate whether the support model can match or exceed
the performance of the FEMRs and ensure reliable explain-
ability, we also evaluated the performance of the transformer
models on both tasks, as shown in Table 5, using both hard
labels and soft labels. For the LOS task, the performance
on hard labels shows better results than the FEMR, demon-
strating the effectiveness of the surrogate model. Specifi-
cally, the surrogate model’s AUPRC achieves 0.4434 com-
pared to CLMBR-T-Base’s 0.4173, and the surrogate model’s
F1-score achieves 0.4889 compared to CLMBR-T-Base’s
0.3717, indicating that the surrogate model can provide rea-
sonable and reliable approximation of FM’s predictive behav-
ior. Regarding the soft labels, it underperforms compared to
the CLMBR-T-Base, showing the surrogate model’s AUPRC
achieves 0.3903 compared to CLMBR-T-Base’s 0.4173. This
is possibly due to soft-label supervision relies on probability
outputs, where predictions slightly above decision threshold
(e.g., 0.5) are actually weak positives. A similar trend is ob-
served for the ICU transfer tasks. Therefore, we adopted the
surrogate model under hard-label supervision for the follow-
ing explainability analysis.

5.3 SHAP Analysis Results
For four features of each event, we find that numerical val-
ues (e.g., laboratory measurements) and time delta (i.e., dura-
tion of events) contributed most significantly, while text and
code contributed less. This is because these two features con-
tain the patient’s clinical information: numerical values indi-
cate whether the patient experienced the corresponding clini-
cal event and the specific value of the event; time differences
represent the patient’s medical history over time.

Clinical Validated Events Ratio We summarize the most
common codes in tokens in Table 6 and list the clinical vali-
dated events ratio for these two prediction tasks in Table 7.

Table 6 shows that the most influential tokens are primar-
ily composed of clinical events; the top five are separately
heart rate, systolic blood pressure (SBP), body temperature,
diastolic blood pressure (DBP), respiratory rate, and oxygen
saturation. We find that the most frequent codes in tokens cor-
respond to clinical validated features we investigated in two
prediction tasks, including heart rate, blood pressure, respi-
ratory status, oxygen saturation. This provides token-level
evidence that the model’s predictions are primarily driven by
these clinical validated events, and our identified tokens are
clinically meaningful.

Table 7 shows the clinical alignment metric associated with
LOS and ICU transfer in surrogate models. In the LOS pre-
diction task, the clinical validated events are 2,257, ratio is
0.3093. This number corresponding to the top 5 most fre-
quent codes in tokens totaled 2,109, accounting for 29% of
the total events. A similar trend is observed in the ICU
transfer prediction task, showing the top 5 most frequent
codes in tokens totaled 1786, representing 24% of the total

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Prediction Task AUROC AUPRC Accuracy Precision Recall F1-score
LOS 0.7046 0.4173 0.7428 0.4556 0.3140 0.3717
ICU Transfer 0.7282 0.1592 0.9525 0.3125 0.0704 0.1149

Table 4: Prediction performance of the CLMBR-T-Base model on two clinical prediction tasks.

LOS ICU Transfer
Metric Hard-label Soft-label Hard-label Soft-label
AUROC 0.7637 0.7968 0.8235 0.9351
AUPRC 0.4434 0.3903 0.2701 0.2656
Precision 0.4104 0.3429 1.0000 0.0000
Recall 0.6044 0.2105 0.2500 0.0000
Accuracy 0.7677 0.8626 0.9938 0.9959
F1-score 0.4889 0.2609 0.4000 0.0000

Table 5: Prediction performance of the best-performing surrogate model under hard-label and soft-label supervision for two prediction tasks.

Prediction Task Code (Event Name) Frequency

LOS

LOINC/8867-4(Heart rate) 806
LOINC/8480-6(SBP) 412
LOINC/8310-5
(Body temperature)

325

LOINC/8462-4(DBP) 308
LOINC/9279-1(Respiratory rate) 258

ICU transfer

LOINC/8867-4(Heart rate) 581
LOINC/8310-5
(Body temperature)

405

LOINC/8480-6(SBP) 314
LOINC/8462-4(DBP) 272
LOINC/LP21258-6
(Oxygen saturation)

214

Table 6: Top 5 most frequent codes in tokens

Prediction Task No. of Clinical Validated Events Ratio

LOS 2,257 0.3093
ICU transfer 1,985 0.2717

Table 7: Clinical validated events ratios associated with LOS and
ICU transfer in surrogate models. Total events for LOS is 7,296
while total events for ICU transfer is 7,305.

events, while clinical validated events are 1,985, accounting
for 27.17%. That implies the clinical validated events are
highly concentrated in the most frequent clinical codes.

6 Discussion
Our surrogate design allows us to examine not only what the
FEMR predicts, but how it uses different tokens to make those
decisions. More importantly, this comparison moves beyond
traditional performance metrics and provides an interpretable,
token-level evaluations of how the surrogate model aligns
with the FEMR. This clinical validated events ratio quanti-
fies an approximate estimate of how many validated clinical
events are involved in the model prediction, which helps se-

lecting clinically meaningful events for model training in the
future. However, the limitation in this study lies in the align-
ment problem between the original black box model and the
surrogate model. This mismatch can be attributed to several
factors: (1) longitudinal patient trajectories are highly com-
plex and noisy, which contains multiple data modalities and
irregular temporal information, (2) the patient trajectories are
long, which makes sequence-level imitation challenging, and
(3) the transformer-based surrogate model typically requires
large amount of training data, while the number of available
longitudinal EHRs is limited.

Another limitation of the current framework is that clinical
events are represented by combining multiple feature chan-
nels into a single event-level token. Although effective, this
design can result in the loss of fine-grained token-level in-
formation. Also, token-level explanations may overempha-
size individual events while overlooking clinically meaning-
ful trends used by FEMRs to perform prediction. Future
work could explore alternative tokenization strategies that
treat time as a primary modeling component. For instance,
temporal information could be represented as a distinct to-
ken type in order to explicitly model the irregular intervals
between events, in a manner similar to recent transformer ap-
proaches based on trajectories [Renc et al., 2024]. In the
future, as more FEMRs become publicly available, we will
generalize our approach to other foundation models.

7 Conclusion
In this work, we present the first token-level explainability ap-
proach for FEMRs, providing insights into the specific tokens
in EHR data that drive model predictions. We also introduce
a novel clinical alignment metric to quantify how well the
tokens identified by our surrogate model correspond to clin-
ically validated features, evaluating the alignment of model
explanations with established medical knowledge. Our ap-
proach addresses a critical gap in the literature on interpret-
ing FEMRs and offers a foundation for future studies aimed at
assessing the reliability and clinical trustworthiness of Foun-
dation Models in healthcare.
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