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Abstract

Electronic health record foundation models typically treat ICD diagnosis codes as flat
tokens, overlooking the clinically meaningful hierarchical structure that captures disease
families, subcategories, and fine-grained diagnostic detail. As a result, existing EHR rep-
resentation learning methods do not explicitly exploit the hierarchical structure already
present in the coding system. In this work, we study ICD-10-CM hierarchy as a gen-
eral inductive bias for clinical representation learning. We investigate two complementary
mechanisms for incorporating hierarchy: first, by augmenting diagnosis sequences in a
BERT-style transformer with tokens corresponding to different levels of the ICD hierarchy,
and second, by injecting hierarchy into graph-based code representations through hierarchy-
aware edges combined with diagnosis co-occurrence structure. Across these settings, we
evaluate whether explicit hierarchy improves downstream prediction, which levels of the hi-
erarchy are most useful, whether hierarchy encoding improves transfer across datasets, and
how hierarchy reshapes embedding similarity structure. We conduct experiments on two
large-scale real-world clinical datasets: MIMIC-IV, used for pretraining and four in-domain
prediction tasks, and eICU, used to assess cross-dataset transfer via frozen encoder probing.
In our experiments, we find that explicitly encoding ICD hierarchy improves over flat code
representations in both in-domain and cross-dataset settings, while revealing that the most
useful level of hierarchy depends on both the task and the modeling approach. Broadly,
we focus on hierarchy-aware EHR representation learning and show that the benefits of
encoding hierarchy are generalizable across modeling settings and hierarchy levels.

1. Introduction

Electronic health records (EHRs) provide a longitudinal view of patients’ clinical history
through diagnoses, procedures, medications, and encounters. Advances in transformer-
based EHR models, such as BEHRT and Med-BERT, have shown that large-scale pretrain-
ing can learn useful patient representations for downstream clinical prediction tasks (Li
et al., 2020; Rasmy et al., 2021). However, much of this progress still treats structured
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clinical codes as flat symbols, even when those codes are drawn from ontologies that were
explicitly designed to encode clinical hierarchy. This creates a mismatch between the struc-
ture of the data and the structure presented to the model. For instance, ICD codes are not
arbitrary identifiers: they organize diseases into clinically meaningful families, subgroups,
and increasingly specific categories (World Health Organization, 2016) (see Figure 1). A
code, therefore, carries both a fine-grained diagnosis and a path through a broader clinical
taxonomy. In practice, however, most EHR models represent ICD codes as independent
tokens, ignoring this hierarchical structure. As a result, related diagnoses that should share
information may instead be learned as isolated symbols. This is especially problematic in
clinical data, where many diagnoses are sparse, long-tailed, and institution-specific (Choi
et al., 2016a).

We hypothesize that explicitly modelling hierarchy could benefit EHR representation
learning in several ways. First, the hierarchy provides a natural inductive bias for rela-
tionships between diseases, so rare diagnosis codes can benefit from data associated with
clinically similar codes (Perotte et al., 2014). Second, broader and intermediate groupings
may capture care pathways or anatomical systems that are more predictive than the most
specific code alone (Song et al., 2019). Third, hierarchy can improve robustness under do-
main shift, since higher-level disease families are often more stable across institutions (Os-
trominski et al., 2021). More broadly, encoding hierarchy can help learned embeddings
better reflect clinical semantics rather than only empirical co-occurrence.

Prior work has explored incorporating ICD code hierarchy into healthcare representation
learning, such as GRAM (Choi et al., 2017), primarily through graph-based approaches that
embed ontological structure into code representations. However, these methods predate the
current generation of transformer-based EHR foundation models, and it remains underex-
plored how the ICD hierarchy should be systematically incorporated into such models, and
which granularity of hierarchy proves most beneficial.

To address this gap, we propose and evaluate two complementary strategies for inject-
ing ICD hierarchy into contemporary EHR representation learning. The first, HICD-BERT
(Hierarchical ICD-BERT), injects hierarchy directly into token representations in a BERT-
style encoder, embedding each level of the ICD hierarchy as an additive token embedding
alongside the diagnosis code. The second, HICD-Graph (Hierarchical ICD-Graph), encodes
hierarchy relationally via a diagnosis co-occurrence graph augmented with ontology-derived
edges, learning hierarchy-aware code embeddings that initialise a patient-level Transformer.
Together, these approaches allow us to compare whether hierarchical information is best
consumed as a token-level signal or as a relational structure over the code vocabulary.

Our results show that hierarchy is a robustly effective inductive bias for EHR represen-
tation learning, as across both architectures and all four prediction tasks, the large majority
of hierarchy-augmented configurations outperform their no-hierarchy baselines. Both mod-
els benefit from hierarchy, with graph-based encoding leveraging all hierarchy levels and
token-based encoding benefiting most from the finest granularity level. Crucially, hierarchy
also improves cross-dataset transfer, specifically for graph-based hierarchy encoding, which
transfers robustly from MIMIC-IV to eICU.

• We investigate ICD code hierarchy as an inductive bias for EHR representation learn-
ing across two architectures, four clinical prediction tasks, and a systematic ablation

2



Hierarchical Modeling of ICD Codes in EHR Foundation Models

over three granularity levels, showing that hierarchy significantly improves perfor-
mance in 50 of 56 comparisons.

• We examine the benefit of hierarchy under distributional shift by evaluating cross-
dataset transfer from MIMIC-IV to eICU under a frozen-encoder probe protocol,
showing that graph-based hierarchy encoding transfers robustly to new datasets and
task settings.

• Through embedding analysis of the learned code representations, we show that hi-
erarchy produces more coherent code clusters, and that the configurations with the
tightest clusters also achieve the strongest downstream performance.

Generalizable Insights about Machine Learning in the Context of Healthcare

Our findings suggest two broader lessons for machine learning in health. First, structured
clinical ontologies such as ICD provide useful inductive biases for EHR foundation models,
and even lightweight ways of encoding that structure can yield consistent gains over flat code
representations. Second, incorporating clinically meaningful structure can also help under
distribution shift, and the mechanism of incorporation can impact: graph-based hierarchy
encoding transfers more robustly across datasets than token-level hierarchy injection. These
insights are relevant beyond ICD-10-CM and can be extended to other structured clinical
vocabularies, such as ATC and procedure ontologies, and to other representation learning
methods.

2. Related Work

2.1. Sequential and Transformer-based EHR representation learning

Early work on longitudinal EHR modeling established the importance of learning from
temporally ordered patient histories. Doctor AI (Choi et al., 2016a) used recurrent neu-
ral networks to predict future clinical events from visit sequences, while RETAIN (Choi
et al., 2016c) introduced a reverse-time attention mechanism to improve interpretability in
healthcare prediction. Dipole (Ma et al., 2017) further demonstrated that attention-based
sequence models can improve diagnosis prediction by capturing dependencies across visits.
These methods showed that sequential structure in EHRs is highly informative, but they
generally treated diagnosis codes as flat symbols.

More recently, Transformer-based models have become a central approach for struc-
tured EHR representation learning. BEHRT (Li et al., 2020) was an early and influential
framework that represents patient histories as sequences of medical codes and applies self-
attention to capture dependencies across visits. Med-BERT (Rasmy et al., 2021) further
showed that masked pretraining on large EHR corpora can produce reusable representations
for downstream prediction tasks. Subsequent models such as CEHR-BERT (Pang et al.,
2021), ExBEHRT (Rupp et al., 2023), and larger-scale foundation models such as Foresight
(Kraljevic et al., 2024) and ETHOS (Renc et al., 2024) have further scaled this paradigm
with richer input representations and larger training corpora.

Generative transformers have further shown that this paradigm scales to whole-life dis-
ease forecasting and massive real-world datasets: Delphi-2M (Shmatko et al., 2025) models
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the progression and competing risk of over 1,000 diseases across an individual’s lifespan,
validated cross-nationally on UK Biobank and Danish registry data, while Waxler et al.
(Waxler et al., 2025) establish power-law scaling relationships for medical event modeling
using 118 million patients from Epic Cosmos. Despite these advances, Transformer-based
EHR models have generally treated diagnosis codes as atomic identifiers.

2.2. Ontology-aware and Hierarchy-aware Medical Representation Learning

A parallel line of work has explored how medical ontologies can improve representation
learning. Many of these methods were developed in the pre-foundation-model era and are
trained end-to-end for a single downstream task rather than as reusable pretrained encoders.
GRAM (Choi et al., 2017) incorporates ontology ancestors via attention-weighted aggrega-
tion within a recurrent patient encoder, and introduced an intuition central to our study:
clinically related diagnoses should share information through their position in a hierarchy.
KAME (Ma et al., 2018) extended this with a knowledge-based attention mechanism for
diagnosis prediction. MiME (Choi et al., 2018) explored related ideas by structuring medi-
cal codes around clinically meaningful groupings. Other works that use ICD hierarchies in
classical predictive settings include propagated-binary rollups (Singh et al., 2014), hierarchy-
level analyses for hospital-day prediction (Xie et al., 2015), and hierarchy-aware multi-task
transformers for EHR classification (Blanco et al., 2021). Among ontology-aware methods
that use pretraining, G-BERT (Shang et al., 2019) applies graph-augmented BERT-style
pretraining for medication recommendation, though it does not study how different on-
tology levels contribute. Recently, Zhou and Barbieri (2025) incorporates hierarchy-aware
structure for synthetic EHR generation.

A complementary line of work has explored purely data-driven approaches to code re-
lationships, learning structure from co-occurrence rather than from an external taxonomy.
Med2Vec (Choi et al., 2016b) demonstrated that skip-gram-style co-occurrence embeddings
can recover clinically meaningful code and visit representations without any ontology su-
pervision. Subsequent graph-based methods have modeled empirical dependencies among
diagnoses for prediction: (Poulain and Beheshti, 2024) builds patient-level heterogeneous
graphs that jointly encode diagnoses, procedures, and demographics, learning representa-
tions through message passing over clinically grounded relations, while (Xi et al., 2025) con-
structs disease co-occurrence graphs from patient records and applies graph neural networks
to capture higher-order relational signal beyond pairwise embeddings. These approaches
recover relational structure directly from data, but unlike ontology-aware methods, they do
not leverage existing domain knowledge-based hierarchy.

Across these lines of work, prior methods typically rely on a single source of hierar-
chical signal. Even when pretrained, they generally do not ablate across hierarchy levels
or explicitly examine how hierarchy itself shapes the learned representation. This leaves
open whether hierarchy helps consistently across tasks and architectures, which levels of
the ICD hierarchy contribute most, and how hierarchy-aware representations behave under
cross-dataset transfer. In contrast, we evaluate two paradigms head-to-head within modern
Transformer-based EHR foundation models: HICD-BERT injects hierarchy at the token-
embedding level via string-prefix truncation, requiring no ontology access at training time,
while HICD-Graph combines ontology-derived hierarchy edges with empirical PMI-weighted

4



Hierarchical Modeling of ICD Codes in EHR Foundation Models

co-occurrence edges in a hybrid diagnosis graph, learning hierarchy-aware code embeddings
via a graph convolutional network. Across both paradigms, we systematically ablate three
hierarchy granularity levels, evaluate on four in-domain tasks and one cross-dataset transfer
task, and analyze how hierarchy reshapes the learned embedding geometry, isolating not
only whether hierarchy helps, but which encoding paradigm makes it most useful, which
levels contribute, and whether ontology information is strictly necessary.

3. Methods

We represent each patient as a temporally ordered sequence of visits, V = (v1, . . . , vT ),
where each visit vt contains one or more ICD diagnosis codes. Our goal is to learn patient
representations that preserve both temporal context and the hierarchical structure of diag-
nosis ontologies, and to evaluate whether such structure improves downstream prediction
and generalization. We study two complementary mechanisms for injecting ICD hierarchy
into EHR models, which we collectively refer to as Hierarchical ICD models (HICD).
The first is a token-level approach, HICD-BERT, which extends BEHRT (Li et al., 2020)
by adding hierarchy-specific embedding tokens for each diagnosis code (Figure 2(a)). The
second is a graph-level approach, HICD-Graph, which constructs a hierarchy-augmented di-
agnosis co-occurrence graph, learns code embeddings with a graph convolutional network
(GCN) (Kipf and Welling, 2017), and uses those embeddings to initialise a Transformer-
based patient encoder (Figure 2(b)). Full implementation details and hyperparameters are
provided in Appendix B.

3.1. ICD Hierarchy Levels

ICD-10-CM codes are organised hierarchically (World Health Organization, 2016). Every
code belongs to a chapter (a broad body-system or etiology grouping, e.g. Chapter XIX,
Injury, Poisoning and External Causes), partitioned into officially defined blocks of related
categories (e.g. S70--S79, Injuries to the hip and thigh), which contain three-character
categories (e.g. S72, Fracture of femur). Characters after the decimal may encode etiology,
anatomic site, severity, and encounter details (Fig. 1). Each leaf code is nested inside
progressively coarser clinical groupings, and this nesting is the inductive bias we inject.

S 7 2 0 0 1 A

S: Injuries, Poisoning, and Other Consequences of External Causes

S72: Fracture of femur

Category
Etiology, 

Anatomic Site,
Severity Extension

Fracture of unspecified part of neck of right femur, initial encounter for
closed fracture

Figure 1: Structure of an ICD-10-CM
diagnosis code.

For each diagnosis code, we define three
nested hierarchy levels G0, G1, G2, ordered from
coarsest to finest. These levels are relative-
granularity indices, each architecture opera-
tionalises them through its own mechanism (de-
tails below). Each ablation setting enables or
disables a subset of these levels, yielding all eight
combinations (G0, G1, G2) ∈ {0, 1}3, including
the non-hierarchical baseline (0, 0, 0), equivalent
to BEHRT (Li et al., 2020) for HICD-BERT and to
a standard GCN-Transformer without hierarchy
edges for HICD-Graph. This setup compares two
paradigms: data-driven token encoding, where
hierarchy is derived directly from diagnosis code
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strings, and hybrid graph-based encoding, where hierarchy is injected through ontology-
derived graph nodes alongside empirical co-occurrence structure.

HICD-BERT (data-driven). Hierarchy is injected as auxiliary token embeddings using
string-prefix truncation (Fig. 2(a)), requiring no external ontology at training time. G0 is the
1-character alphabetic prefix, G1 the 2-character prefix, and G2 the 3-character ICD category.
These act as data-derived surrogates for increasing hierarchy depth rather than official
chapter or block identifiers. For example, S72.001A maps to (G0, G1, G2) = (S, S7, S72).

HICD-Graph (hybrid ontology-based). Hierarchy is represented as graph nodes con-
nected to leaf diagnosis codes by weighted edges (Fig. 2(b)). These nodes are derived
from the ICD-10-CM ontology and are incorporated into a graph that also encodes diag-
nosis co-occurrence structure. G0 denotes the ICD-10 chapter, G1 the official ICD-10-CM
block, and G2 the 2-character prefix group. For example, S72.001A maps to (G0, G1, G2) =
(Chapter XIX, S70–S79, S7x). Although G1 and G2 are closely related, they are not identi-
cal: G1 follows official ICD-10-CM block boundaries, while G2 groups codes by shared first
two characters. A worked example of how leaf codes share hierarchy nodes in HICD-Graph

is provided in Appendix A. All analyses and comparisons are made within each model, and
we interpret the levels by relative granularity (coarse to fine) rather than assuming the same
label corresponds to identical clinical content across architectures.

3.2. HICD-BERT: Hierarchy-aware BEHRT

HICD-BERT extends BEHRT (Li et al., 2020), a Transformer encoder for longitudinal EHR
sequences. In BEHRT, each diagnosis token is represented by the sum of the token, age,
positional, and segment embeddings. We augment this representation with up to three
hierarchy-specific embeddings:

h
(0)
i = ecode(ci)+eage(ai)+epos(pi)+eseg(si)+I[G0]eG0(g

(0)
i )+I[G1]eG1(g

(1)
i )+I[G2]eG2(g

(2)
i ),
(1)

where ci is the diagnosis token, ai is age, pi is position, si is the segment identifier, and

g
(0)
i , g

(1)
i , g

(2)
i are the group identifiers at hierarchy levels G0, G1, and G2. This design

preserves the original BEHRT tokenization while directly injecting the coarse-to-fine ICD
structure into the embedding layer. The resulting sequence is processed by a stack of Trans-
former encoder blocks (Vaswani et al., 2017). Each block contains multi-head self-attention,
a position-wise feed-forward network, residual connections, and layer normalization. The
hierarchy-aware embedding layer is the only change to the BEHRT backbone. Additional
architectural and training details are provided in Appendix B.1. We pretrain HICD-BERT

using a masked language modeling (MLM) objective over the diagnosis sequence. Given a
masked sequence x̃, the model predicts the original diagnosis token at masked positions:

LMLM = −
∑
i∈M

log p(ci | x̃), (2)

where M denotes the set of masked positions. For downstream prediction, we initialize
the encoder from the pretrained MLM checkpoint and attach a task-specific multilayer
perceptron to the final [CLS] representation. Binary tasks are optimized with binary cross-
entropy with logits, while multiclass tasks are optimized with cross-entropy.
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Transformer

MLP

HICD-BERT

Diagnosis 
Group Code 1

Diagnosis Code 1

Age 1

Segment 1

Position 1

Diagnosis 
Group Code 2

Diagnosis Code 1

Age 2

Segment 2

Position 2

Diagnosis 
Group Code N

Diagnosis Code N

Age N

Segment N

Position N

(a) HICD-BERT

Node Embedding Table

ICD code → 128-dim vector

GCN Layer 2 → Node Embeddings

GCN Layer 1

Graph Construction

G0 G0: Chapter (CHAP_*)

G1 G1G1: Block (BLOCK_*)

G2 G2 G2G2: Sub-block (PREFIX_*)

C₁ C₂ ··· Cⱼ Cₙ₋₁ Cₙ

ICD-10 Codes (PMI co-occurrence edges)

Node types

ICD-10

PMI edge Hierarchy edge

Prediction

Linear

Attention Pooling

Transformer Encoder

e₁ e₂ ··· eₜ

+ Position 
Embedding

mean pool mean pool ··· mean pool

···

GCN Embedding 
Lookup

D₁ D₂ D₃ D₄ D₅ ··· Dₘ₋₁ Dₘ

Visit 1

HICD-Graph

Sub-block Block Chapter

Visit 2 Visit T

(b) HICD-Graph

Figure 2: Comparison of HICD-BERT and HICD-Graph.

3.3. HICD-Graph: Graph-based Hierarchy Modeling

Our second model injects ICD hierarchy at the code-graph level rather than the token-
embedding level. We first construct a diagnosis co-occurrence graph over ICD codes, where
horizontal edges reflect empirical co-occurrence within patient visits and are weighted by
pointwise mutual information (PMI):

PMI(a, b) = log
P (a, b)

P (a)P (b)
+ ϵ, (3)

where P (a) and P (b) are marginal code frequencies and P (a, b) is their joint co-occurrence
probability. We retain only positive PMI edges above a percentile threshold to suppress
weak associations. We augment this empirical graph with uniform-weight ICD-10 hierarchy
edges linking each diagnosis node to up to three enabled ancestor levels, G2, G1, and G0

(Section 3.1, Fig. 4), yielding a hybrid graph construction that combines data-driven PMI
edges with ontological hierarchy edges. Given the resulting graph, we learn code embeddings
using a two-layer GCN (Kipf and Welling, 2017) trained with a link-prediction objective:

Lgraph = −
∑

(u,v)∈E

log σ(z⊤u zv) −
∑

(u,v−)/∈E

log
(

1 − σ(z⊤u zv−)
)
, (4)

where zu and zv denote node embeddings and E is the set of graph edges. The learned code
embeddings are then used to initialise the embedding table of a patient-level Transformer
encoder. For each visit, we compute a visit-level representation by applying masked mean
pooling over the embeddings of the diagnosis codes (and, when enabled, their hierarchy
ancestor codes) observed in that visit. The temporally ordered sequence of visit represen-
tations is then processed by a Transformer encoder, followed by attention-based pooling
across visits to produce a patient-level representation, which is passed to a task-specific
classification head. Additional implementation details are provided in Appendix B.2.
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3.4. Experimental Setup

3.4.1. Datasets

MIMIC-IV We use data from the Medical Information Mart for Intensive Care IV
(MIMIC-IV), a large, de-identified clinical database developed at Beth Israel Deaconess
Medical Center in Boston, Massachusetts (Johnson et al., 2023). MIMIC-IV contains elec-
tronic health records for hospital admissions between 2008 and 2019. For this work, we
restrict our use of MIMIC-IV to diagnosis information from the hospital-wide module. This
module covers all inpatient admissions, not only ICU stays, and stores structured diagnosis
codes assigned to each hospital encounter. Diagnoses are encoded using International Clas-
sification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM)(mapped to ICD-10
in our work) and Tenth Revision, Clinical Modification (ICD-10-CM). Each diagnosis code
is linked to dictionary tables providing a textual description and hierarchical groupings,
which we leverage to define clinical conditions and construct label spaces.

eICU Collaborative Research Database The eICU Collaborative Research Database
(eICU-CRD) is a multi-center critical care database containing de-identified health data
for over 200,000 ICU admissions from more than 200 hospitals across the United States
(Pollard et al., 2018). Data were collected through the Philips eICU telehealth program
and span a wide range of ICU types, including medical, surgical, cardiac, and mixed units.
eICU-CRD provides diagnosis codes recorded using ICD-9-CM and ICD-10-CM, as well as
proprietary diagnosis fields used within the telehealth platform.

Both MIMIC-IV and eICU-CRD are de-identified, hosted on PhysioNet (Goldberger
et al., 2000), and available to credentialed researchers who complete the required data use
training and agreements.

3.4.2. Task Definitions

We evaluate all models on four binary classification tasks defined over patient visit sequences
from MIMIC-IV, and one binary classification task on eICU for transfer evaluation. For
all MIMIC-IV tasks, the final visit of each patient is excluded from the prediction set, as
no subsequent outcome label can be observed. Given a patient’s visit history up to and
including visit vt, we define the following tasks.

30-Day Readmission (MIMIC-IV). The model predicts whether the patient will be
readmitted within 30 days of discharge. The binary label is defined as

yreadmit
t = I[admittime(vt+1) − dischtime(vt) < 30 days] . (5)

This task serves as a standard clinical benchmark for assessing whether hierarchy-aware
representations capture patient risk signals that are predictive of near-term care utilization.

Emergency-Admission Prediction (MIMIC-IV). The model predicts whether the
immediately following visit vt+1 is an emergency admission. MIMIC-IV records nine ad-
mission types; we define emergency admissions as the union of URGENT, EW EMER., EU

OBSERVATION, OBSERVATION ADMIT, AMBULATORY OBSERVATION, DIRECT EMER., and DIRECT

OBSERVATION, based on the visit type information provided by MIMIC-IV. The binary label
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is
ytypet = I[admission type(vt+1) ∈ TEM] , (6)

where TEM denotes the set of emergency admission types defined above. This task evaluates
whether the learned representations encode temporal diagnostic patterns predictive of the
urgency of future care.

Long Length-of-Stay (MIMIC-IV). The model predicts whether the next visit vt+1

will result in a long inpatient stay (> 7 days). The binary label is

yLOS
t = I[dischtime(vt+1) − admittime(vt+1) > 7 days] . (7)

This task probes whether hierarchy-aware representations capture markers of acuity and
care intensity.

1-Year Post-Discharge Mortality (MIMIC-IV). The model predicts whether the
patient will die within 365 days of the discharge of the next visit vt+1. In-hospital deaths
are excluded so that the label isolates post-discharge survival. The binary label is

ymort
t = I[0 ≤ dod − dischtime(vt+1) ≤ 365 days] , (8)

where dod is the patient’s date of death.

ICU Readmission Prediction (eICU). The eICU Collaborative Research Database
organizes data at the level of individual ICU unit stays, with multiple unit stays possi-
ble within a single hospital admission, linked by a common patientHealthSystemStayID.
Given the diagnosis codes observed during ICU unit stay uk for a patient, the model predicts
whether the patient will be readmitted to the ICU within the same hospital admission. The
binary label is

yreadmit
k = I[uk is not the final ICU unit stay within the hospital admission] . (9)

This task is used exclusively for transfer evaluation: models are pretrained on MIMIC-IV
and only a classifier head is fine-tuned on eICU, with the encoder kept frozen.

We split the data into an 80:10:10 ratio to create a train/validation/test split shared
across all hierarchy ablations for a model. For HICD-BERT, we first pretrain the model with
masked language modeling (ref. Sec. 3.2) and then fine-tune it for each downstream task.
For HICD-Graph, we first learn hierarchy-aware code embeddings from the diagnosis graph
and then use these embeddings to initialize the downstream Transformer-based patient
encoder. In HICD-BERT, we evaluate all subsets of the three hierarchy levels G0, G1, and
G2, which correspond to enabling or disabling hierarchy embeddings; in HICD-Graph, they
correspond to enabling or disabling the associated hierarchy edges and ancestor nodes.
We evaluate performance using F1, and AUROC scores. For transfer experiments, models
trained on MIMIC-IV are evaluated on eICU without modifying the hierarchy construction
pipeline. Exact optimization settings and hyperparameters are provided in Appendix B.
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Table 1: 30-day readmission results for HICD-BERT and HICD-Graph across hierarchy ab-
lations. Brackets show 95% bootstrap CIs. *p < 0.05 vs. no hierarchy, using
pairwise DeLong tests for AUROC and paired bootstrap tests for F1-macro.

Group Method HICD-BERT HICD-Graph

F1-macro AUROC F1-macro AUROC

No hierarchy 0.5786 [.573,.584] 0.6807 [.674,.687] 0.5976 [.593,.602] 0.6992 [.694,.705]Baselines
GRAM 0.5683 [.563,.574] 0.6825 [.677,.689] 0.6132 [.609,.618] 0.7120 [.707,.717]

LR rollup 0.5049 [.500,.510] 0.6343 [.627,.641] 0.5784 [.574,.583] 0.6597 [.654,.666]

G0 0.5825 [.577,.588] 0.6856* [.680,.692] 0.6025* [.598,.607] 0.7086* [.704,.714]

Single-level G1 0.5740* [.569,.580] 0.6810 [.675,.687] 0.6006* [.596,.605] 0.7079* [.702,.713]

G2 0.5896* [.584,.595] 0.6920* [.686,.698] 0.6005* [.596,.605] 0.7086* [.703,.714]

G0+G1 0.5696* [.564,.575] 0.6863* [.680,.692] 0.6088*
[.604,.613] 0.7105* [.705,.716]

Two-Level G0+G2 0.5953*
[.590,.601] 0.6918* [.686,.698] 0.5999 [.596,.604] 0.7097* [.704,.715]

G1+G2 0.5834* [.578,.589] 0.6917* [.685,.698] 0.6000 [.596,.604] 0.7113* [.706,.717]

All-Levels G0+G1+G2 0.5731* [.568,.578] 0.6921*
[.686,.698] 0.5991 [.595,.603] 0.7114*

[.706,.717]

4. Results

We report the in-domain downstream performance of hierarchy-aware modeling, cross-
dataset transfer under a frozen-encoder probe setting, and embedding-level analyses. We
evaluate all eight combinations of the three ICD-10 hierarchy levels (G0, G1, G2) across
both HICD-BERT and HICD-Graph, resulting in 56 pairwise comparisons using 2 models × 4
tasks against the no-hierarchy baseline within each paradigm: BEHRT (Li et al., 2020) for
HICD-BERT and a GCN + Transformer encoder for HICD-Graph. We add two hierarchy-aware
baselines: GRAM (Choi et al., 2017), an ontology-attention model, and a propagated-binary
ICD-10 rollup with regularised logistic regression (Singh et al., 2014). Full details in Ap-
pendix B.3. We report statistical significance using the paired DeLong test (DeLong et al.,
1988) for all pairwise comparisons of binary AUROC on the same test set. For F1-macro,
we use a paired bootstrap over 1,000 test-set resamples and a two-sided p-value, following
prior work (Berg-Kirkpatrick et al., 2012).

4.1. 30-day Readmission Task

Table 1 shows that adding hierarchical structure improves 30-day readmission prediction
for both HICD-BERT and HICD-Graph relative to the no-hierarchy baseline (DeLong p < 0.05
for 6 of 7 HICD-BERT variants and all 7 HICD-Graph variants).

For HICD-BERT, multi-level hierarchy outperforms single-level, with the finest
level driving the gains. The strongest F1-macro is achieved by the two-level G0+G2

configuration (0.5953), while the best AUROC is obtained when all hierarchy levels are
enabled (0.6923). Among single-level configurations, the finest level G2 yields the strongest
improvement (AUROC 0.6921), while the mid-level G1 is the only configuration that does
not significantly improve over baseline, though it contributes meaningfully when combined
with other levels. This suggests that for token-level hierarchy injection, fine-grained group-
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Table 2: Emergency admission results for HICD-BERTand HICD-Graphacross hierarchy ab-
lations. Brackets show 95% bootstrap CIs. *p < 0.05 vs. no hierarchy, using
pairwise DeLong tests for AUROC and paired bootstrap tests for F1-macro.

Group Method HICD-BERT HICD-Graph

F1-macro AUROC F1-macro AUROC

No hierarchy 0.4945 [.490,.500] 0.7682 [.760,.776] 0.6083 [.604,.613] 0.7495 [.745,.754]Baselines
GRAM 0.5189 [.512,.526] 0.7818 [.774,.790] 0.6317 [.628,.636] 0.7568 [.753,.761]

LR rollup 0.4886 [.484,.493] 0.7438 [.735,.752] 0.6104 [.606,.614] 0.7185 [.714,.722]

G0 0.4846* [.481,.488] 0.7848* [.777,.792] 0.6373*
[.633,.642] 0.7538* [.750,.758]

Single-level G1 0.5107* [.504,.517] 0.7698 [.761,.778] 0.6209* [.616,.625] 0.7555* [.752,.760]

G2 0.5200*
[.513,.527] 0.7941*

[.786,.802] 0.6269* [.623,.631] 0.7556* [.752,.760]

G0+G1 0.5138* [.507,.520] 0.7838* [.775,.791] 0.6343* [.630,.639] 0.7557* [.752,.760]

Two-Level G0+G2 0.5159* [.509,.523] 0.7924* [.784,.800] 0.6314* [.627,.636] 0.7557* [.752,.760]

G1+G2 0.5117* [.505,.518] 0.7903* [.783,.798] 0.6313* [.627,.636] 0.7577*
[.754,.762]

All-Levels G0+G1+G2 0.4988 [.493,.504] 0.7917* [.784,.799] 0.6339* [.630,.638] 0.7567* [.752,.761]

ings are the primary driver of performance gains, and that mid-level groupings serve as
connective structure between coarser and finer hierarchy rather than as standalone signal.

For HICD-Graph, more hierarchy levels yield progressively better readmission
prediction. All seven hierarchy configurations yield statistically significant improvements
over the no-hierarchy baseline, and a clear monotonic pattern emerges: single-level config-
urations improve AUROC by 1.3% on average over the baseline, two-level configurations
by 1.6%, and the all-levels G0+G1+G2 configuration by 1.7%. This progressive improve-
ment suggests that each additional hierarchy level contributes complementary structure to
the diagnosis graph, and that the graph-based architecture is able to effectively integrate
information from multiple granularity levels simultaneously.

Taken together, the consistency of hierarchy benefits across two different pretrain-
ing objectives, a Transformer-based encoder pretrained with masked language modeling
(HICD-BERT) and a GCN-initialized Transformer pretrained with link prediction on a diag-
nosis co-occurrence graph (HICD-Graph), supports that ICD hierarchy is a useful inductive
bias for readmission prediction. While the absolute AUROC improvements are modest, they
are statistically robust and architecturally consistent; we discuss the practical significance
of these effect sizes in Section 5.

4.2. Emergency Admission Prediction

We report the results for emergency admission prediction in Table 2. Here again, we note
that hierarchy improves over the no-hierarchy baseline, but the pattern of which configura-
tions perform best differs from the readmission task.

For HICD-BERT, a single hierarchy level appears to be as effective as the full hi-
erarchy. Unlike the readmission setting, where the all-levels configuration achieves the
best AUROC, the single-level G2 model performs as strongly as the all-levels variant on
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Table 3: AUROC with 95% bootstrap CI for Long-LOS and 1-year mortality. * p < 0.05 vs.
no-hierarchy baseline (paired DeLong tests). Full tables in Appendix B.10, B.11.

Task Method HICD-BERT HICD-Graph

No hierarchy 0.6727 [.665,.680] 0.6712 [.664,.679]

LR Rollup (LR) 0.6298 [.623,.637] 0.6381 [.630,.646]

GRAM 0.6752 [.669,.682] 0.6729 [.665,.681]
Long-LOS

HICD 0.6840*
[.677,.691] (G1+G2) 0.6840*

[.677,.691] (G0+G1+G2)

No hierarchy 0.8181 [.812,.824] 0.7882 [.782,.795]

LR Rollup 0.7685 [.762,.776] 0.7958 [.789,.803]

GRAM 0.8269 [.821,.833] 0.7567 [.749,.764]
Mortality

HICD 0.8356*
[.830,.842] (G0+G2) 0.8275*

[.821,.834] (G0+G1+G2)

emergency-visit prediction, with both achieving comparable AUROC. As in readmission,
the mid-level G1 alone does not significantly improve over baseline, though it does yield
a significant F1-macro gain. This task-dependent shift suggests that emergency-visit pre-
diction can drive performance from a specific level of abstraction, and that adding coarser
hierarchy levels on top of the finest grouping provides no additional benefit for this task.

For HICD-Graph, the monotonic trend from readmission holds. All seven variants
significantly outperform the no-hierarchy baseline (all p < 0.001), and as in readmission,
AUROC improves progressively from single-level to two-level to all-levels configurations.
The best individual configuration is the two-level G1+G2, which achieves comparable or
slightly better AUROC than the all-levels variant. This suggests that for emergency-visit
prediction, the combination of intermediate and fine-grained hierarchy captures the most
relevant diagnostic structure, and that adding the coarsest level (ICD chapter) on top
provides no further benefit for this task.

4.3. Additional Clinical Outcomes: Long-LOS and 1-Year Mortality

Beyond near-term care utilization (readmission and emergency-admission), we additionally
evaluate whether ICD hierarchy helps predict clinical severity and longer-term outcomes:
long inpatient stays (> 7 days) and 1-year post-discharge mortality. These tasks have lower
positive-class prevalence (≈15–19%) and provide a complementary test of whether hierarchy
generalises beyond near-term utilization prediction. Table 3 summarises the no-hierarchy
baseline against the best hierarchy variant and other baselines per architecture. The full
eight-variant tables are deferred to Appendix B.10 (Long-LOS) and Appendix B.11 (Mor-
tality). Hierarchy improves both tasks across both architectures, with the largest absolute
gain observed in HICD-Graph on Mortality (+0.0393 AUROC). For HICD-BERT, the two-
level G1+G2 and G0+G2 configurations dominate on Long-LOS and Mortality respectively,
consistent with the finest level G2 driving most of the single-level gain (as in the existing
tasks). For HICD-Graph, the all-levels G0+G1+G2 configuration is best for both tasks, mir-
roring the monotonic pattern seen in readmission. Both HICD variants outperform the two
hierarchy-aware baselines (GRAM and the LR Rollup) for these tasks (Table 3). Across the
four in-domain tasks, hierarchy-aware models outperform the no-hierarchy baseline in 50
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Table 4: Cross Dataset Transfer: Probe results on eICU readmission task for
HICD-BERTand HICD-Graphacross hierarchy ablations. * p < 0.05 from pairwise
DeLong tests on AUROC and paired bootstrap tests on F1-macro vs no hierarchy.

Group Hierarchy encoding HICD-BERT HICD-Graph

F1-macro AUROC F1-macro AUROC

Baseline No hierarchy 0.4550 [.450,.460] 0.5653 [.554,.576] 0.3804 [.375,.385] 0.5645 [.553,.576]

G0 0.4533 [.448,.458] 0.5711*
[.565,.586] 0.3956* [.391,.401] 0.5757* [.565,.586]

Single-level G1 0.4469* [.442,.452] 0.5641 [.552,.575] 0.4866*
[.481,.492] 0.5783* [.567,.589]

G2 0.4848*
[.480,.490] 0.5650 [.554,.576] 0.4609* [.456,.466] 0.5832* [.572,.594]

G0+G1 0.4321* [.427,.437] 0.5682 [.557,.580] 0.4668* [.461,.472] 0.5819* [.570,.592]

Two-Level G0+G2 0.4332* [.428,.438] 0.5667 [.555,.578] 0.4871* [.482,.492] 0.5788* [.568,.590]

G1+G2 0.4751* [.470,.480] 0.5683 [.556,.579] 0.4535* [.449,.458] 0.5738 [.563,.585]

All-Levels G0+G1+G2 0.4743* [.469,.479] 0.5646 [.553,.576] 0.4743* [.469,.480] 0.5871*
[.577,.597]

of 56 pairwise AUROC comparisons, demonstrating that ICD hierarchy provides a broadly
effective inductive bias across tasks and architectures.

4.4. Cross-Dataset Transfer Results

Table 4 presents cross-dataset transfer results on eICU under a frozen-encoder probe pro-
tocol (Guo et al., 2024; Steinberg et al., 2024). In this setting, the encoder pretrained on
MIMIC-IV is kept frozen, and only a task-specific classifier head is trained using eICU ICU-
readmission labels. This evaluation measures whether the hierarchy-aware representations
learned on one institution’s data capture structure that generalises to a different patient
population. We note that both HICD-BERT and HICD-Graph retain meaningful predictive
signal under this setting, with all configurations outperforming chance-level prediction (AU-
ROC > 0.55). However, the pattern of which hierarchy configurations benefit transfer differs
between the two architectures and from the in-domain results.

Hierarchy benefits transfer more in HICD-Graph than in HICD-BERT. For HICD-Graph,
6 of 7 hierarchy variants significantly improve over the no-hierarchy baseline, with the all-
levels G0+G1+G2 configuration achieving the strongest AUROC (0.587). This demonstrates
that the graph-based hierarchy encoding produces representations whose structure transfers
robustly across datasets. In contrast, for HICD-BERT, only the coarsest single-level configu-
ration G0 improves AUROC over baseline (0.571); the remaining 6 variants are statistically
indistinguishable from the no-hierarchy baseline, and F1-macro results are mixed, with only
some variants improving F1 (G2, G12, G0+G1+G2). This is notable because HICD-BERT is the
stronger beneficiary of hierarchy in the in-domain setting, where 6 of 7 variants achieve im-
provements, yet these gains do not survive the distributional shift to eICU. The asymmetry
may reflect a difference in what the two encoders learn: the co-occurrence graph under-
lying HICD-Graph captures inter-code relationships that can be more institution-invariant,
whereas the sequential token patterns learned by HICD-BERT are more tightly coupled to
MIMIC-IV visit structures. Consistent with this interpretation, only the coarsest level G0
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(a) Pairwise similarity. (b) Within-group similarity.

Figure 3: Embedding analysis for HICD-Graph. All hierarchy-aware variants increase se-
mantic clustering over the baseline, with G1+G2 achieving the strongest local
clustering.

transfers for HICD-BERT as coarse groupings can be less susceptible to dataset-specific coding
variation than finer-grained levels.

Hierarchy aware pretrained representations can capture transferable diagnosis
structure. Despite the modest absolute AUROC values (0.56–0.59), these results sup-
ports that hierarchy-augmented pretraining produces more robust representations that can
transfer well across datasets. The frozen encoder has not seen eICU patients or diagnoses
during pretraining, yet hierarchy-aware configurations, particularly in HICD-Graph, achieve
statistically significant improvements over the no-hierarchy baseline. This suggests that the
ICD hierarchy provides an inductive bias that is not merely corpus-specific but reflects un-
derlying relationships that can transfer well across datasets. To further strengthen transfer
analysis, we report the relative MIMIC→eICU AUROC drop in Appendix B.6.

4.5. Embedding Analysis

We analyze the learned GCN node embeddings in HICD-Graph for leaf ICD-10 diagnosis
codes to assess how hierarchical supervision changes the structure of the diagnosis-code
representation space. We study pairwise cosine similarity under two ICD relationship types,
defined by the shared ancestor in the ICD-10 ontology: codes sharing the same 2-character
prefix (e.g. all codes beginning with S7), which corresponds to the model’s G2 grouping
level, and codes from the same ICD-10 chapter but with different 2-character prefixes.

Hierarchy strengthens clinically meaningful similarity structure. Figure 3(a) com-
pares the mean cosine similarity across these two relationship types for the no-hierarchy
baseline and the G0+G1+G2 configuration. Relative to the baseline, the G0+G1+G2 configura-
tion increases similarity in both groups, from 0.286 to 0.357 among codes sharing the same
2-character prefix, and from 0.267 to 0.344 among codes within the same chapter but with
different prefixes. The resulting embedding space preserves a meaningful similarity gradient:
codes sharing the finest ancestor (G2) are more similar than broader within-chapter codes,
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supporting that hierarchical supervision strengthens the clinically relevant organization of
the embedding space.

All hierarchy configurations improve local code similarity. Figure 3(b) examines
how each hierarchy configuration affects pairwise similarity among diagnosis codes. All
hierarchy-aware variants improve over the no-hierarchy baseline (0.286), confirming that
explicit hierarchical information consistently pulls related diagnoses closer together in em-
bedding space. The strongest effect is obtained when the mid-level and fine-level hierarchies
are combined (G1+G2, 0.384), indicating that these two levels together capture the most clin-
ically relevant grouping structure for organising related diagnosis codes in embedding space.

Embedding structure predicts downstream performance. Notably, these embedding-
level patterns are also predictive of downstream task performance. On readmission predic-
tion (Table 1), the G1+G2 configuration, which produces the tightest local code clusters in
embedding space, also achieves among the strongest AUROC for HICD-Graph, while the
coarsest level G0, which yields the smallest embedding similarity gains, delivers the weakest
single-level task performance. This alignment between representation geometry and pre-
dictive accuracy suggests that hierarchy improves HICD-Graph performance by shaping the
embedding space in clinically meaningful ways that benefit downstream discrimination.

Hierarchy effects are heterogeneous across chapters in our pretraining data Fig-
ure 5 (Appendix) shows the intra-chapter cosine similarity for each ICD-10 chapter across
all eight hierarchy configurations on our pretraining data, MIMIC-IV. Across the majority
of chapters in our pretraining data, cosine similarity increases with the addition of hierarchy,
confirming the global trend observed in Figure 3. However, the magnitude of improvement
is heterogeneous: chapters with higher baseline similarity, such as Chapter XVIII (0.48 →
0.61, +27%) and Chapter XXII (0.70 → 0.90, +29%), exhibit comparatively modest relative
gains, while lower-baseline chapters such as Chapter XVI (0.09 → 0.26, +189%) and Chap-
ter XIX (0.05 → 0.10, +100%) show substantially larger proportional improvements under
hierarchy. This suggests that hierarchical supervision is slightly more beneficial in chapters
with greater code diversity, where the representation space is less coherent at baseline, and
the model can be optimized more effectively by incorporating ontological structure. We
provide analogous chapter-wise ∆AUROC tables and analysis in Appendix B.7.

5. Discussion

This work investigates ICD hierarchy as an inductive bias for EHR representation learning,
evaluating two complementary mechanisms, token-level injection (HICD-BERT) and graph-
level encoding (HICD-Graph). Our results support the view that the hierarchical structure
already present in ICD coding systems is an underutilised signal in EHR foundation models,
and that modeling it explicitly benefits downstream performance.

Key Findings. Across all four in-domain tasks, the finest hierarchy level G2 is consis-
tently the strongest single-level configuration for HICD-BERT, while HICD-Graph benefits
progressively from adding more hierarchy levels. For HICD-BERT, the mid-level G1 pro-
vides no significant improvement in isolation on either task, though it contributes when
combined with other levels, suggesting that mid-level groupings serve as connective struc-
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ture rather than a standalone signal. The optimal hierarchy depth is also task-dependent:
readmission benefits from combining all levels, while emergency-visit prediction achieves
comparable performance from a single fine-grained level alone. On cross-dataset transfer,
hierarchy benefits HICD-Graph robustly (6 of 7 variants significant) but largely vanish for
HICD-BERT, where only the coarsest level G0 transfers. This suggests that graph-based re-
lational structure, anchored in the ICD ontology, is more dataset-invariant than sequential
token patterns. The embedding analysis provides mechanistic support: hierarchy encour-
ages the embedding space to reflect clinical relationships, and the configurations producing
the tightest local code clusters (G1+G2) also achieve among the strongest downstream AU-
ROC, suggesting that the gains arise from meaningful representational structure.

Practical significance of effect sizes. Readmission, emergency-visit, length-of-stay,
and mortality prediction are inherently difficult, multifactorial outcomes that depend on
many factors beyond diagnosis codes alone. Against this backdrop, the AUROC improve-
ments from hierarchy are statistically robust (50 of 56 comparisons significant) and con-
sistent across two models and four tasks, supporting hierarchy as a general inductive bias.
Importantly, in our setup, we incorporated hierarchy using only minimal modifications to ex-
isting architectures: additive token embeddings for HICD-BERT and additional graph edges
for HICD-Graph with no changes to the core encoder, pretraining objective, or training
pipeline. This intentional low cost integration, combined with the consistent improvements
observed, suggests that the ICD hierarchy can be included as a strong prior in EHR repre-
sentation learning.

Limitations. Our evaluation covers four binary clinical tasks on MIMIC-IV and one
transfer task on eICU; the generalizability of our findings to other clinical outcomes, in-
stitutions, and EHR systems remains to be validated. Our analysis is restricted to ICD
diagnosis codes; whether the observed benefits extend to other coded data in EHR founda-
tional models remains an open question. The hierarchy levels (G0, G1, G2) are intentionally
defined differently across HICD-Graph and HICD-BERT to evaluate two hierarchy construc-
tion strategies: ontology-derived grouping versus lightweight data-driven prefix grouping.
All comparisons are therefore made within each model, while future work could analyze
other encodings across architectures to isolate the effect of the hierarchy definition itself.
Our hierarchy experiments are limited to a fixed set of manually defined levels, so we do
not test whether the optimal hierarchy depth could be learned automatically for a given
task or model.

Future Work. A natural next step is to extend our framework to multimodal EHR mod-
els and add hierarchy for other structured clinical vocabularies with analogous ontological
structure, such as ATC codes for medications, which organize drugs into therapeutic, phar-
macological, and chemical subgroups across multiple levels. We also plan to explore deeper
integration mechanisms that go beyond the additive approaches studied here, including
hierarchy-aware pretraining objectives that explicitly optimize for ontological coherence,
adaptive mechanisms that learn to weight or select different hierarchy levels during train-
ing, and multi-ontology fusion that jointly encodes diagnosis, medication, and procedure
hierarchies within a single model. We believe such approaches could further amplify the
practical gains observed in this work.
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Appendix A. HICD-Graph Hierarchy: Example

Figure 4 illustrates how two leaf diagnosis codes share hierarchy nodes in HICD-Graph.
Consider I50.21 (Acute systolic (congestive) heart failure) and I50.32 (Chronic diastolic
(congestive) heart failure). Both leaves connect, via weighted edges, to the same G2 node
(I5x prefix group), the same G1 node (official block I30--I52, Other forms of heart dis-
ease), and the same G0 node (Chapter IX, Diseases of the circulatory system). Shared
ancestors propagate information between clinically related leaves during message passing,
while unrelated leaves remain separated in the hierarchy subgraph.

HICD-Graph: ICD-10 Hierarchy as Shared Graph Nodes
Each leaf diagnosis code is connected upward through shared ancestor nodes. 
Two codes that share a node influence each other via GCN message passing.
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Figure 4: Example of the HICD-Graph hierarchy subgraph.

Appendix B. Implementation Details

B.1. HICD-BERT Architecture and Training

HICD-BERT extends a BEHRT-style encoder by summing diagnosis-token, age, position, and
segment embeddings, with optional additive embeddings for the three hierarchy levels G0,
G1, and G2. The contextualized sequence is processed by a stack of Transformer blocks, and
the pretraining objective is masked language modeling (MLM). For downstream predic-
tion, the encoder is initialized from the pretrained checkpoint and a task-specific multilayer
perceptron is applied to the final [CLS] representation.

B.1.1. Architecture

HICD-BERT builds on a BEHRT-style Transformer encoder and augments the standard to-
ken, age, position, and segment embeddings with up to three hierarchy-aware embedding
channels corresponding to G0, G1, and G2. These hierarchy embeddings are added to the
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Figure 5: Mean intra-chapter cosine similarity among ICD-10 leaf codes in our pretraining
data of MIMIC-IV, computed across all eight hierarchy configurations (G0/G1/G2
ablations). Each row corresponds to one ICD-10 chapter, and each column to
a hierarchy configuration ordered as in the main results tables. Higher values
(darker) indicate that codes within the same chapter are embedded more tightly
together. Hierarchy increases similarity across most chapters, with the largest
gains in diverse chapters such as Chapter XIX (Injury and poisoning, 5,937 codes).

input representation and are learned jointly with the rest of the model. For downstream pre-
diction, the contextualized [CLS] representation is passed through a task-specific multilayer
perceptron classifier.

B.1.2. MLM Pretraining

We pretrain HICD-BERT with a masked language modeling objective over diagnosis se-
quences. The model is optimized to recover masked diagnosis tokens from their clinical
context while jointly conditioning on age, position, segment, and the enabled hierarchy-
level embeddings. Table 6 summarizes the pretraining configuration.
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Table 5: HICD-BERT architecture details.
Component Setting

Backbone BEHRT-style Transformer encoder
Embedding components Token + age + position + segment + optional G0/G1/G2 embeddings
Hidden size (dmodel) 512
Transformer layers 6
Attention heads 8
Feed-forward dimension 2048
Dropout 0.1
Maximum sequence length 256
MLM head Linear → GELU → LayerNorm → Decoder
Task head 3-layer MLP on [CLS] representation

Table 6: HICD-BERT MLM pretraining hyperparameters.

Hyperparameter Value

Train batch size 256
Validation batch size 128
Number of workers 8
Epochs 100
Optimizer AdamW
Learning rate 1 × 10−4

Weight decay 0.01
Scheduler CosineAnnealingLR
Scheduler Tmax 100
Minimum learning rate 1 × 10−6

Loss CrossEntropyLoss

B.1.3. Task Fine-Tuning

For downstream tasks, we initialize the encoder from the best MLM checkpoint and op-
timize a task-specific classification objective. Binary tasks use BCEWithLogitsLoss with
a positive class weight w+ = N train

neg /N train
pos , computed from the training split, to address

label imbalance. The best checkpoint is selected by validation AUROC. For binary tasks, a
decision threshold is swept over [0.01, 0.99] (200 steps) on the validation set and stored in
the checkpoint for test-set evaluation. Table 7 lists the full fine-tuning hyperparameters.

B.2. HICD-Graph: Graph-Augmented Hierarchy Model

The graph-based model has two stages. First, we construct a diagnosis co-occurrence graph
over ICD roots using PMI-weighted edges, then augment the graph with hierarchy edges
corresponding to the enabled G0, G1, and G2 levels. Second, we train a two-layer GCN
for node embedding learning and use the resulting embeddings to initialize a patient-level
Transformer.
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Table 7: HICD-BERT downstream fine-tuning hyperparameters.

Hyperparameter Value

Train batch size 128
Validation batch size 256
Number of workers 8
Epochs 64
Optimizer AdamW
Learning rate 1 × 10−5

Weight decay 0.01
Scheduler ReduceLROnPlateau (mode: max)
Scheduler patience 2
Scheduler factor 0.5
Early stopping patience 8
Early stopping min delta 10−4

Early stopping monitor Validation AUROC
Model selection criterion Best validation AUROC
Binary-task loss BCEWithLogitsLoss (w+ = Nneg/Npos)
Threshold selection Sweep [0.01, 0.99], 200 steps, max F1 on val set

B.2.1. Graph Construction

We construct an undirected diagnosis graph whose nodes correspond to ICD root codes.
Horizontal edges are weighted by PMI computed from within-admission co-occurrence, and
vertical edges are added to encode enabled hierarchy levels. Table 8 summarizes the graph
construction settings.

Table 8: Diagnosis graph construction hyperparameters.

Hyperparameter Value

Diagnosis vocabulary ICD-10-CM codes
ICD-9 handling Mapped to ICD-10-CM
Horizontal edges PMI-weighted co-occurrence edges
PMI filtering Positive PMI only
PMI cutoff 52nd percentile
Hierarchy levels G0, G1, G2 ablated independently
Hierarchy edge weight 1.0
Graph type Undirected weighted graph

B.2.2. GCN Embedding Training

We learn node embeddings with a two-layer GCN trained using a link-prediction objective
over observed and sampled non-edge pairs. The resulting embeddings are used to initialize
the downstream patient encoder. The training configuration is given in Table 9.
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Table 9: GCN embedding training hyperparameters.

Hyperparameter Value

Input node feature dimension 64
Input feature initialization Random normal
GCN layers 2
Hidden dimension 128
Output embedding dimension 128
Edge weights Min-max normalized to [0, 1]
Training objective Link prediction
Positive pairs Existing graph edges
Negative pairs Random non-edge pairs
Loss BCEWithLogitsLoss
Optimizer Adam
Learning rate 0.005
Epochs 400

B.2.3. Transformer Fine-Tuning on Graph Embeddings

The learned graph embeddings initialize the diagnosis embedding table of a patient-level
Transformer operating over temporally ordered visits. Visit representations are formed
by masked mean pooling over code embeddings, and patient representations are obtained
through attention pooling across visits. Table 10 provides the fine-tuning details.

B.3. Baseline Implementation Details

We compare against three baselines that share the pretraining, cohort, and evaluation
pipeline with our two HICD variants. All baselines are trained on the same patient-level
split as the corresponding HICD track, use the same threshold-selection procedure (sweep
over [0.01, 0.99] in 200 steps, select the val-set F1-macro maximiser), and are evaluated on
the same test set.

No-hierarchy baseline. The no-hierarchy baseline for each architecture is the corre-
sponding HICD model with all hierarchy signals disabled ((G0, G1, G2) = (0, 0, 0)). For
HICD-BERT this removes the additive G0/G1/G2 embeddings, leaving a standard BEHRT-
style encoder; for HICD-Graph this removes the hierarchy edges and ancestor nodes, leaving
the PMI-only co-occurrence graph over leaf ICD codes. All other components (tokenizer,
pretraining objective, patient-encoder depth/width, fine-tuning schedule) are held fixed.
Thus the no-hierarchy baseline is a strict architectural ablation, not a separate model fam-
ily.

GRAM (Choi et al., 2017). We add GRAM as an ontology-aware recurrent baseline.
Each diagnosis code is represented by an attention-weighted aggregation of its ontology
ancestors, and the resulting sequence is encoded with a single-layer GRU followed by a
linear classifier. We use the ICD-10-CM hierarchy instead of the ICD-9 ontology used in
the original paper, with ancestors matched to the corresponding HICD hierarchy levels.
ICD-9 codes are mapped through the same GEMs mapping used for HICD. We follow the
original GRAM design. Hyperparameters are embedding dimension 128, hidden dimension
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Table 10: Patient-level Transformer hyperparameters for the graph-based model.

Hyperparameter Value

Embedding initialization GCN node embeddings
Embedding dimension 128
Maximum visits per patient 10
Code aggregation within visit Masked mean pooling
Visit positional encoding Learnable
Transformer layers 2
Attention heads 4
Feed-forward dimension 256
Dropout 0.3
Pooling across visits Attention pooling
Classifier Linear layer on pooled patient representation
Batch size 64
Epochs 15
Optimizer AdamW
Learning rate 2 × 10−5

Weight decay 1 × 10−5

Scheduler ReduceLROnPlateau (mode: max)
Scheduler patience 2
Scheduler factor 0.5
Model selection criterion Best validation AUROC
Loss BCEWithLogitsLoss (w+ = Nneg/Npos)
Class balancing WeightedRandomSampler + w+

Threshold selection Sweep [0.01, 0.99], 200 steps, max F1 on val set
Gradient clipping Max norm 1.0

200, attention dimension 200, dropout 0.5, batch size 100, and maximum sequence length
256.

LR Rollup (Singh et al., 2014). We add the propagated-binary ICD rollup baseline.
For each visit, every observed leaf diagnosis activates both its own feature and all ancestor
features along the ICD-10-CM hierarchy. These rollup features are used in an ℓ2-regularized
logistic regression classifier with validation-tuned regularization and class weighting.

B.4. Statistical Testing

For all pairwise comparisons of AUROC between a hierarchy-augmented variant and the
no-hierarchy baseline, we use the paired DeLong test (DeLong et al., 1988), which provides
a closed-form test for the difference between two correlated AUROC estimates. We use
reference implementation of Sun and Xu (Sun and Xu, 2014)1. We report significance at
the p < 0.05 threshold.

1. https://github.com/yandexdataschool/roc_comparison
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B.5. Hierarchy Ablations

For both HICD-BERT and the graph-augmented model, we evaluate all eight hierarchy set-
tings:

(0, 0, 0), (0, 0, 1), (0, 1, 0), (0, 1, 1), (1, 0, 0), (1, 0, 1), (1, 1, 0), (1, 1, 1).

Here, (0, 0, 0) corresponds to the non-hierarchical baseline, while (1, 1, 1) uses the full hi-
erarchy. In HICD-BERT these settings determine which hierarchy embeddings are added to
the token representation. In the graph-based model, they determine which hierarchy edges
are added to the diagnosis graph and which ancestor nodes are included during sequence
tokenization.

B.6. Additional Cross-Dataset Analysis: Relative AUROC Drop

Absolute AUROC values are not directly comparable between MIMIC-IV 30-day inpatient
readmission and eICU ICU readmission, because the two settings differ in cohort definition,
label semantics, and class prevalence. Because the encoder is held frozen during transfer
and only a lightweight task head is fitted on eICU labels, the most informative test of
whether hierarchy helps under distribution shift is the within-architecture comparison across
hierarchy variants reported in Table 4. As an additional sanity check, we report the relative
AUROC drop

∆rel =
AUROCMIMIC − AUROCeICU

AUROCMIMIC
,

between the in-domain readmission AUROC and the eICU transfer AUROC for every hi-
erarchy variant (Table 11).

Table 11: Per-variant relative AUROC drop between MIMIC-IV 30-day readmission (in-
domain) and eICU ICU readmission (frozen-encoder probe). MIMIC and eICU
AUROCs are point estimates from the canonical CI-bootstrapped runs.

HICD-BERT HICD-Graph

Variant MIMIC eICU ∆rel MIMIC eICU ∆rel

No hierarchy 0.6808 0.5653 17.0% 0.6992 0.5645 19.3%
G0 0.6856 0.5711 16.7% 0.7086 0.5757 18.8%
G1 0.6810 0.5641 17.2% 0.7079 0.5783 18.3%
G2 0.6920 0.5650 18.4% 0.7086 0.5832 17.7%
G0+G1 0.6862 0.5682 17.2% 0.7105 0.5819 18.1%
G0+G2 0.6917 0.5667 18.1% 0.7097 0.5788 18.5%
G1+G2 0.6916 0.5683 17.8% 0.7113 0.5738 19.3%
G0+G1+G2 0.6921 0.5646 18.4% 0.7114 0.5871 17.5%

For both architectures, the best HICD variant on the eICU task achieves a higher
absolute eICU AUROC and a smaller relative drop than the no-hierarchy baseline ( 17.5%
for G0+G1+G2 vs. 19.3% for no-hierarchy in HICD-Graph). The remaining variants show
variable relative drops, in some cases comparable to or larger than the no-hierarchy baseline,
reflecting the fact that the underlying MIMIC and eICU prediction settings are not strictly
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aligned. We therefore interpret ∆rel as supplementary to the absolute eICU AUROC results
in Table 4 rather than a primary measure of transferability; the two analyses agree that
hierarchy preserves and in the best variants slightly improves the cross-dataset signal rather
than degrading it.

B.7. Per-Chapter ∆AUROC

To further complement the chapter-wise embedding analysis, in this subsection we inves-
tigate where along the ICD-10 ontology hierarchy yields its largest gains by computing
per-chapter ∆AUROC between the best hierarchy variant and the no-hierarchy ablation
for each in-domain task and each architecture, restricted to test patients whose visit set
is dominated by codes in a given ICD-10 chapter. Tables 12 and 13 report ∆AUROC for
the eight highest-volume chapters present across all four tasks; cells marked with ∗ are
significant (95% bootstrap CI excludes 0).

Table 12: Per-chapter ∆AUROC for HICD-BERT (best hierarchy variant minus no-
hierarchy). ∗ denotes 95% bootstrap CI excludes 0.

Chapter Readmit EMvisit LongLOS Mortality

II Neoplasms −0.001 +0.024 +0.004 +0.010
IV Endocrine +0.013∗ +0.031∗ +0.012∗ +0.043∗

V Mental +0.009 +0.041∗ +0.023∗ +0.003
IX Circulatory +0.018∗ +0.022∗ +0.011∗ +0.020∗

XI Digestive +0.001 +0.034∗ +0.013∗ +0.013∗

XIII Musculoskeletal +0.006 +0.011 +0.026 +0.034
XVIII Symptoms +0.005 +0.050∗ +0.010 +0.028∗

XXI Health services +0.011∗ +0.027∗ −0.001 −0.007

Table 13: Per-chapter ∆AUROC for HICD-Graph (best hierarchy variant minus no-
hierarchy). ∗ denotes 95% bootstrap CI excludes 0.

Chapter Readmit EMvisit LongLOS Mortality

II Neoplasms +0.015 +0.020∗ +0.030∗ +0.024∗

IV Endocrine +0.017∗ +0.008∗ +0.008 +0.044∗

V Mental +0.004 +0.005∗ +0.007 +0.084∗

IX Circulatory +0.017∗ +0.009∗ +0.012∗ +0.029∗

XI Digestive +0.013∗ +0.013∗ +0.018∗ +0.068∗

XIII Musculoskeletal +0.021 +0.007 +0.048∗ +0.065∗

XVIII Symptoms +0.013∗ +0.003 +0.011 +0.022∗

XXI Health services +0.012∗ +0.007∗ +0.016∗ +0.068∗

Analysis. Positive and relatively consistent improvements occur in high-volume and clin-
ically coherent chapters such as Circulatory (Ch. IX), Endocrine (Ch. IV), and Digestive
(Ch. XI), which show positive ∆AUROC across tasks, with significance in many settings,
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suggesting that hierarchy may be particularly helpful for predictions involving clinically re-
lated diagnosis codes. Mental (Ch. V) and Musculoskeletal (Ch. XIII) chapters also benefit,
though less consistently across tasks-models. Gains are smaller or unstable in heterogeneous
chapters such as Neoplasms (Ch. II) and chapters dominated by transient or administra-
tive codes (e.g. Ch. XXI). Overall, ICD hierarchy appears most useful in clinically dense
chapters where many codes describe related disease processes, potentially supporting in-
formation sharing across clinically similar diagnoses, and less useful in more heterogeneous
chapters.

B.8. Tokenizer and Hierarchy Mapping

The ICD-code tokenizer and the G0/G1/G2 ancestor mappings are precomputed once from
the MIMIC-IV training cohort and kept fixed throughout MLM pretraining, downstream
fine-tuning on each task, and eICU transfer. Any eICU code outside the MIMIC-IV vo-
cabulary is mapped to the [UNK] token, and its hierarchy ancestors are looked up from the
frozen mapping; no tokenizer or hierarchy retraining occurs at transfer time.

B.9. Cohort Construction, Per-Task Statistics, and ICD-9→10 Mapping
Coverage

MIMIC-IV cohort and splits. We use MIMIC-IV v2.2 patients with at least one in-
patient stay and an ICD-10 diagnosis (>200K patients). Splits are patient-level 80/10/10,
yielding approximately 179K training, 22K validation, and 22K test patients, and no patient
appears in more than one split. The same cohort and split are reused for all four MIMIC-IV
tasks; per-task differences arise only from label availability. HICD-Graph uses a slightly
different visit-eligibility filter, yielding 201K training/val and 22K evaluation patients.

Per-task prediction points and label prevalence. We report test-set metrics over
per-visit prediction points, since a single patient can contribute more than one prediction
point when the task label is defined at multiple visits in their history. For HICD-BERT each
task yields ≈32K test prediction points. Positive-class prevalence varies substantially across
tasks: emergency admission is majority-positive (≈90%), 30-day readmission is moderately
balanced (≈34%), and long length-of-stay and 1-year mortality are strongly imbalanced
(≈19% and ≈15% respectively). Because the tasks span mild to severe imbalance, we
report AUROC as the primary metric and complement it with F1-macro.

eICU cohort. The eICU transfer cohort consists of ICU unit-stay records derived from
the eICU Collaborative Research Database, filtered to patients with at least one diagnosis
code and a well-defined ICU-readmission label. eICU diagnosis codes are mapped from
ICD-9-CM to ICD-10-CM using CMS GEMs forward mappings (Centers for Medicare and
Medicaid Services, 2018) before being looked up against the (frozen) MIMIC-IV vocabulary.

ICD-9→ICD-10 mapping coverage. MIMIC-IV records contain a mix of ICD-9-CM
and ICD-10-CM codes; we map all ICD-9 codes to ICD-10-CM via the publicly avail-
able General Equivalence Mappings (GEMs). Across the MIMIC-IV cohort, the resulting
mapping achieves 95.4% stay-diagnosis coverage, 97.6% stay-level coverage (at least one
diagnosis successfully mapped per stay), and 87.5% unique-code coverage. For the eICU
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transfer pipeline, after the full ICD-9 → ICD-10 → MIMIC-vocabulary mapping, 95.4%
of stay–diagnosis records remain, 97.6% of ICU stays retain at least one diagnosis code,
and unique-code coverage is 87.5%. Unmapped codes are assigned to a reserved bucket
that is held constant across all hierarchy configurations and therefore cannot systematically
explain differences between variants.

B.10. Long Length-of-Stay: Full Results and Analysis

Table 14 reports the full eight-variant ablation for Long-LOS for both HICD-BERT and
HICD-Graph, including the GRAM and LR Rollup baselines.

For HICD-BERT, the finest level drives most of the AUROC gain, and combining
mid- and fine-level hierarchy is best. The two-level G1+G2 configuration achieves the
strongest AUROC (0.6840), and the all-levels G0+G1+G2 configuration achieves the strongest
F1-macro (0.5787). Among single-level configurations, the finest level G2 is the only one
to significantly improve AUROC over no-hierarchy (0.6808 vs. baseline 0.6728, DeLong
p < 10−4); the coarser levels G0, G1, and the two-level G0+G1 do not significantly move
AUROC, even though most variants significantly improve F1-macro. This mirrors the
pattern observed in the readmission and emergency-admission tasks: token-level hierarchy
injection benefits most from fine-grained groupings that resemble the leaf-code vocabulary,
with coarser groupings contributing only when combined with the finest level.

For HICD-Graph, every hierarchy variant significantly improves over no-hierarchy.
All seven hierarchy configurations significantly improve AUROC over the no-hierarchy base-
line, and the best AUROC is achieved by the all-levels G0+G1+G2 configuration (0.6840),
closely followed by G0+G2 (0.6837). The strongest F1-macro is achieved by G1+G2 (0.5675).
Unlike the strong monotonic pattern observed in readmission and emergency-admission,
the gains across single-, two-, and all-level variants are tightly clustered, suggesting that for
long-stay prediction the marginal value of adding hierarchy levels saturates once any one
level is present.

B.11. 1-Year Post-Discharge Mortality: Full Results and Analysis

Table 15 reports the full eight-variant ablation for 1-year post-discharge mortality for both
HICD-BERT and HICD-Graph, including the GRAM and LR Rollup baselines.

For HICD-BERT, the two-level G0+G2 configuration achieves the best AUROC. The
strongest AUROC is achieved by the two-level G0+G2 configuration (0.8357), while the
strongest F1-macro is achieved by the all-levels G0+G1+G2 configuration (0.7043). Among
single-level configurations, the finest level G2 (0.8305) and the coarsest level G0 (0.8269)
both significantly improve AUROC, whereas the mid-level G1 alone significantly decreases
AUROC relative to no-hierarchy (0.8114 vs. 0.8182). Configurations that combine G1 with
another level recover and exceed the no-hierarchy AUROC, but the strongest AUROC is
obtained by combining the coarse and fine levels without G1.

For HICD-Graph, every hierarchy variant significantly improves over no-hierarchy.
All seven hierarchy variants statistically improve AUROC over the no-hierarchy baseline,
and the all-levels G0+G1+G2 configuration achieves both the best AUROC (0.8275) and
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Table 14: Long length-of-stay (> 7 days) results for HICD-BERTand HICD-Graphacross hi-
erarchy ablations. Each cell reports the point estimate with 95% bootstrap CI
in brackets; bold marks the best hierarchy variant per column.* p < 0.05 from
pairwise DeLong tests on AUROC and paired bootstrap tests on F1-macro, both
against the no-hierarchy baseline.

Group Method HICD-BERT HICD-Graph

F1-macro AUROC F1-macro AUROC

No hierarchy 0.5337 [.528,.539] 0.6728 [.665,.680] 0.5374 [.532,.544] 0.6712 [.664,.679]Baselines
GRAM 0.5475 [.542,.553] 0.6752 [.669,.682] 0.5584 [.552,.565] 0.6729 [.665,.681]

LR rollup 0.5337 [.528,.539] 0.6298 [.623,.637] 0.5475 [.542,.553] 0.6381 [.630,.646]

G0 0.5667* [.561,.573] 0.6733 [.666,.681] 0.5511* [.545,.557] 0.6815* [.674,.689]

Single-level G1 0.5692* [.564,.575] 0.6718 [.664,.679] 0.5615* [.556,.567] 0.6830* [.676,.691]

G2 0.5720* [.567,.578] 0.6808* [.673,.688] 0.5586* [.553,.564] 0.6825* [.675,.690]

G0+G1 0.5647* [.559,.570] 0.6735 [.666,.681] 0.5615* [.556,.567] 0.6830* [.676,.691]

Two-Level G0+G2 0.5600* [.554,.565] 0.6809* [.674,.688] 0.5406 [.535,.547] 0.6837* [.676,.691]

G1+G2 0.5578* [.552,.563] 0.6840*
[.677,.691] 0.5675*

[.562,.573] 0.6819* [.675,.689]

All-Levels G0+G1+G2 0.5787*
[.573,.584] 0.6814* [.674,.689] 0.5538* [.548,.559] 0.6840*

[.677,.691]

the best F1-macro (0.6961). The absolute gain over no-hierarchy (+0.0393 AUROC) is the
largest improvement observed across all four in-domain tasks for either architecture, and the
progressive gain from single-level to two-level to all-levels variants is pronounced, mirroring
the monotonic pattern seen in readmission.

Across both Long-LOS and Mortality, both HICD-BERT and HICD-Graph match or out-
perform the GRAM and LR Rollup baselines on AUROC. The mortality task shows the
clearest distinction between the two architectures: HICD-BERT achieves its best AUROC us-
ing the selective coarse-and-fine G0+G2 combination, whereas HICD-Graph achieves its best
AUROC and F1-macro by integrating all hierarchy levels.

31



Hierarchical Modeling of ICD Codes in EHR Foundation Models

Table 15: 1-year post-discharge mortality results for HICD-BERTand HICD-Graphacross hi-
erarchy ablations. Each cell reports the point estimate with 95% bootstrap CI
in brackets; bold marks the best hierarchy variant per column.* p < 0.05 from
pairwise DeLong tests on AUROC and paired bootstrap tests on F1-macro, both
against the no-hierarchy baseline.

Group Method HICD-BERT HICD-Graph

F1-macro AUROC F1-macro AUROC

No hierarchy 0.6861 [.679,.692] 0.8182 [.812,.824] 0.6765 [.670,.683] 0.7882 [.782,.795]Baselines
GRAM 0.6970 [.691,.704] 0.8270 [.821,.833] 0.6516 [.645,.658] 0.7567 [.749,.764]

LR rollup 0.6603 [.654,.666] 0.7685 [.762,.776] 0.6831 [.677,.689] 0.7958 [.789,.803]

G0 0.6989* [.692,.706] 0.8269* [.821,.833] 0.6848* [.679,.691] 0.8174* [.811,.824]

Single-level G1 0.6902 [.683,.697] 0.8114* [.805,.818] 0.6825* [.676,.689] 0.8176* [.811,.824]

G2 0.6970* [.691,.703] 0.8305* [.825,.837] 0.6859* [.679,.692] 0.8219* [.816,.828]

G0+G1 0.6971* [.690,.703] 0.8276* [.822,.834] 0.6904* [.684,.697] 0.8249* [.818,.831]

Two-Level G0+G2 0.7025* [.696,.708] 0.8357*
[.830,.842] 0.6937* [.687,.700] 0.8265* [.820,.833]

G1+G2 0.7036* [.697,.710] 0.8313* [.826,.837] 0.6865* [.680,.693] 0.8196* [.813,.826]

All-Levels G0+G1+G2 0.7043*
[.698,.711] 0.8333* [.827,.839] 0.6961*

[.690,.703] 0.8275*
[.821,.834]

B.12. Reproducibility Statement

To support reproducibility we provide a complete specification of both HICD variants and
preprocessing in this appendix, and our code is available here. In particular, we detail
the HICD-BERT architecture and MLM/fine-tuning hyperparameters in Appendix B.1, the
HICD-Graph graph construction, GCN embedding, and patient-encoder hyperparameters
in Appendix B.2, and the GRAM, LR Rollup, and no-hierarchy baseline configurations in
Appendix B.3. The preprocessing pipeline, ICD-9→ICD-10 mapping, cohort construction,
and per-task label prevalence are documented in Appendix B.9, and the paired DeLong /
paired bootstrap evaluation harness is described in Appendix B.4. The datasets, MIMIC-
IV and eICU are available to credentialed researchers via PhysioNet under the standard
data-use agreement.
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