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Abstract

Discharge summary generation from clinical
records is challenging due to long, heteroge-
neous inputs and the need to preserve clini-
cally relevant information. Although Large
Language Models (LLMs) have improved ab-
stractive summarization, their direct applica-
tion to full patient records is limited by context
length and difficulties in aggregating evidence
across notes. We present CLARUS, a fully unsu-
pervised framework that models patient records
as hypergraphs encoding multi-dimensional re-
lations. A hierarchical hypergraph encoder
with depth-aware concept attention strength-
ens sparse representations, while a variational
information bottleneck with Gumbel-Softmax
relaxation enables differentiable selection of
compact, informative subsets for LLM gen-
eration. Experiments on MIMIC-III show
that CLARUS outperforms strong unsupervised
baselines across lexical, semantic, and clini-
cal metrics, demonstrating the value of higher-
order structure and concept hierarchy for faith-
ful multi-document clinical summarization.'

1 Introduction

Discharge summaries are a critical component of
electronic health records (EHRs), providing a con-
cise account of a patient’s hospitalization, diag-
noses, treatment course, and follow-up care (Kri-
palani et al., 2007). In practice, however, writing
them is labor-intensive: clinicians must consolidate
information scattered across heterogeneous notes,
test reports, and temporally distant events, often
under substantial time pressure (Li et al., 2013).
These challenges motivate automated discharge
summarization, especially in unsupervised settings
where reference summaries are expensive to obtain.
Recent LLMs have shown strong performance
on discharge summarization (Van Veen et al., 2024),
“Work done while the author was a postdoctoral re-

searcher at the University of British Columbia.
'Our code is available at CLARUS.

but the task remains challenging. Patient records
are long, multi-document, and clinically hetero-
geneous, so relevant evidence is often distributed
across many notes. Consequently, summarization
is constrained not only by context length, but also
by the need to synthesize information across docu-
ments while preserving clinically salient details
(Adams et al., 2021). Important evidence may
therefore be overlooked despite appearing in the
input, a limitation related to the lost-in-the-middle
phenomenon (Liu et al., 2024).

These limitations motivate extract-then-
summarize pipelines, where a selection stage
first identifies salient evidence for generation.
In unsupervised settings, selection is commonly
implemented through prompting or retrieval
(Kruse et al., 2025; Naemi and Sahafi, 2026).
Prompting-based methods remain sensitive to
context limits and may omit clinically important
information on long records (Asgari et al., 2025),
while retrieval-based approaches typically rely
on pairwise similarity between queries and text
segments, potentially missing evidence without
direct lexical or semantic overlap. In both cases,
structural dependencies across notes may only
be partially and implicitly modeled, despite
clinically relevant evidence often being distributed
across documents and linked through report types,
medical concepts, and temporal context.

This view suggests two central challenges, il-
lustrated in Figure 1. First, clinical evidence is
inherently structured. Relevant information is dis-
tributed across notes, organized by report cate-
gories, and connected through shared concepts
(Kim et al., 2023; Huang et al., 2025); these depen-
dencies are not naturally represented by sequence-
based or pairwise retrieval mechanisms. Second,
highly specific clinical concepts may appear only a
few times in a record (Choi et al., 2017; Song et al.,
2019), making them harder to represent robustly
and easier to miss during content selection.
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Figure 1: Two key challenges in clinical discharge sum-
marization. a) Clinical evidence exhibits higher-order
dependencies: sentences may belong to the same report,
share a clinical category (e.g., radiology), or refer to
the same medical concept across heterogeneous notes.
b) Diagnostically critical concepts (e.g., primary lung
adenocarcinoma) are often sparse, whereas their onto-
logical ancestors (e.g., lung carcinoma, lung cancer)
occur more frequently.

We address these challenges with CLARUS
(CLinicAl HypergRaph-based Unsupervised Dis-
charge Summarization), a fully unsupervised
extract-then-summarize framework combining hier-
archical hypergraph modeling and ontology-guided
evidence selection for clinical summarization. Sen-
tences are represented as nodes, while hyperedges
encode note membership, clinical categories, and
shared medical concepts. To better handle sparse
clinical concepts, CLARUS leverages the hierar-
chical structure of expert-curated medical ontolo-
gies such as UMLS (Bodenreider, 2004). Rather
than learning ontology embeddings, ontology depth
modulates sentence aggregation, producing multi-
granularity representations that reinforce specific
concepts through frequently observed ancestors.
These structures are encoded with a hierarchical
hypergraph neural network (HGNN) (Feng et al.,
2019), while a Variational Information Bottleneck

(VIB)-regularized (Alemi et al., 2019) Gumbel-
Softmax (Jang et al., 2017) selector identifies com-
pact, informative sentence subsets for downstream
LLM generation. Because the framework is ex-
tractive, selected evidence can also be surfaced
within the original notes, providing interpretable
and source-grounded support for clinicians.

Experiments on MIMIC-III (Johnson et al.,
2016) show that CLARUS consistently outperforms
strong unsupervised baselines across lexical, se-
mantic, and clinical metrics. Gains are particularly
pronounced on semantic and clinical metrics, with
improvements up to 3.1% on BERTScore and 9%
on MEDCON over the best baseline. Gains fur-
ther increase with input length, with BERTScore
and MEDCON improvements rising from 2.2%
and 8.5% on short records to 3.7% and 9.4% on
long ones, indicating benefits of structural and
ontology-aware modeling on heterogeneous long
records. Human evaluation by board-certified clini-
cians provides additional support for these findings.
CLARUS is preferred over the strongest baseline
and receives higher ratings for comprehensiveness,
correctness, and coherence. A targeted factuality
audit shows substantially fewer clinically impor-
tant omissions and no potentially harmful errors,
providing additional evidence of the reliability of
the proposed approach.

Our contributions are threefold: (¢) we present
an unsupervised framework for discharge summa-
rization based on higher-order evidence selection
over sentence-level hypergraphs; (i7) we introduce
depth-aware concept attention, which uses ontol-
ogy depth to modulate multi-granularity aggrega-
tion over sparse clinical concepts; and (¢77) we
show that this structured selection strategy consis-
tently improves downstream summarization quality
over strong unsupervised baselines.

2 Related Work

Unsupervised Discharge Summary Generation.
Recent unsupervised approaches mainly rely on
prompt-based summarization with LLMs (Kruse
et al., 2025; Naemi and Sahafi, 2026). However,
performance degrades on long documents because
of context truncation and the lost-in-the-middle
effect, which may omit clinical information. To ad-
dress this, extract-then-summarize pipelines have
been proposed (Searle et al., 2023; Naemi and
Sahafi, 2026). Existing extractors include zero-
shot and chain-of-thought (CoT) prompting (Kruse

47071



et al., 2025; Naemi and Sahafi, 2026), but they may
still hallucinate or miss important details (Asgari
et al., 2025). Alternatively, retrieval-augmented
generation (RAG) methods (Lyu et al., 2024; Kruse
et al., 2025; Myers et al., 2025) rely on pairwise
similarity and may overlook clinically relevant ev-
idence lacking lexical or semantic overlap (Gao
et al., 2024; Edge et al., 2025). These limitations
motivate structured extraction methods for model-
ing higher-order dependencies in clinical text.
Hypergraph Representation for Summarization.
Hypergraph-based summarization methods model
sentences as nodes and define hyperedges through
latent topics (Xiong and Ji, 2016; Van Lierde and
Chow, 2019) or keyword/topic-based strategies
(Zhang et al., 2022). However, these approaches
mainly rely on lexical or statistical signals, limiting
their ability to capture semantically related clini-
cal concepts expressed with different terminology.
Other methods leverage document structure, such
as section-level organization, to construct hyper-
edges (Onan and Alhumyani, 2024; Zhao et al.,
2024; Huang et al., 2025), but overlook concept-
level semantic information from the content itself,
reducing their ability to model fine-grained domain
relationships. In contrast, CLARUS combines struc-
tural cues with ontology-derived clinical concepts,
linking sentences through shared entities to build
semantically grounded hypergraphs.
Ontology-aware Representation Learning in
Healthcare. Several healthcare models incorporate
medical ontologies to address the sparsity of highly
specific concepts. GRAM (Choi et al., 2017),
KAME (Ma et al., 2018), and MMORE (Song
et al., 2019) enrich representations through ontol-
ogy ancestors, while HAP (Zhang et al., 2020a) and
LINKO (Nayebi Kerdabadi et al., 2025) further im-
prove hierarchical modeling through propagation
and multi-ontology integration. In contrast, our
framework directly leverages ontology structure
to build sentence-level clinical hypergraphs, where
ontology depth and shared concepts guide evidence
aggregation for document-level summarization.

3 CLARUS

Figure 2 presents CLARUS, a hierarchical
hypergraph-based framework for unsupervised dis-
charge summarization. Clinical notes are repre-
sented as a sentence-level hypergraph encoding
report, category, and concept relations. A hier-
archical HGNN first encodes contextual sentence

representations, followed by a VIB-regularized
Gumbel-Softmax selector that extracts a set of in-
formative sentences for LLM generation.

3.1 Hypergraph Construction

Let S = {si1,...,sn} be the sentences obtained
by segmenting all notes in a patient record. We
build a hypergraph G = (S,&), where nodes
are sentences and hyperedges encode three rela-
tions: (i) report hyperedges &rp, linking sen-
tences within the same note (Zhang et al., 2022);
(i7) category hyperedges &, linking sentences
from notes of the same clinical category (e.g., ra-
diology) (Kim et al., 2023); and (zi7) concept hy-
peredges E.on, linking sentences mentioning the
same clinical concept (e.g., primary lung adeno-
carcinoma). The hypergraph is represented by an
incidence matrix H € {0, 1}V*I¢| and a type map
0 : & — {report, category, concept}.

3.2 Hierarchical HGNN Encoder

Initial sentence embeddings. Each sentence s;
is encoded as p; € R% using a pre-trained text
encoder. To model temporal dependencies among
clinical events (Choi et al., 2016; Rajkomar et al.,
2018), each sentence is associated with its note
timestamp, normalized within each admission to
capture relative order during the hospital stay. The
normalized values are then mapped to a sinusoidal
encoding t; € R% which is concatenated with the
semantic embedding to obtain the initial node state
h; = [pi H ti] € Rd, with d = dp + d;.
HGNN layer. Message passing on hypergraphs
follows a two-phase scheme: nodes aggregate into
hyperedge representations, then hyperedges prop-
agate information back to nodes. Resulting mes-
sages are integrated via a gated update mechanism.
Step 1: Hyperedge aggregation. Different hyper-
edge types capture distinct relations, and a shared
transformation may conflate their contributions.
Following prior work on heterogeneous graph mod-
eling (Li et al., 2025), we use type-specific projec-
tions to compute hyperedge representations:

1
= o > Wiih ()

i€e;

where Wy depends on the hyperedge type, al-
lowing each type to project sentence embeddings
into a space tailored to its relational semantics.
Step 2:  Hyperedge-to-sentence attention.
report and category hyperedges are aggregated
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sentences into a hypergraph with report,
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information across hyperedges to produce
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Figure 2: a) Architecture overview. CLARUS consists of: @ hypergraph construction, @ hierarchical HGNN
encoding, and @ VIB-based Gumbel-Softmax sentence selection. b) Illustrative example. Following the reports
in Figure 1a, sentences {s1, S2, S3, S4, . . .} are connected through report, category, and concept hyperedges,
with concept edges annotated by ontology depth D. For sentence s;, the HGNN aggregates report, category, and
depth-aware concept messages into the updated representation h’; the same process is applied to all sentences. The
selector then assigns an importance score y; = o(¢;) to each sentence and filters redundant ones (e.g., $2).

using standard hyperedge-to-sentence attention
(Ding et al., 2020), producing messages m"™P and
m°. In contrast, concept hyperedges require spe-
cialized treatment because specific concepts are of-
ten sparse, whereas standard attention treats all con-
cepts equally regardless of granularity. Following
ontology-aware approaches that mitigate sparsity
through ancestor information (Song et al., 2019),
we use ontology depth to modulate aggregation
over the concept hypergraph. Each concept hyper-
edge e; is associated with ontology depth? Dj and
projected into level-specific views ey) =Wi%e;,
where ¢ € {0, ..., D;}. Queries, keys, and values
are computed as ng) = Wthi, Ky) =Wk eg.z),

and V](.e) = W}/ega, enabling multi-granularity

representations for specific concepts.

For a sentence s;, let C; = {e; € Eon : Hij = 1}
denote its incident concept hyperedges. For atten-
tion level /, we define ./\/ll(e) ={e; €Ci: L < Dy}
as the subset whose ontology depth is at least /.
Intuitively, larger ¢ correspond to finer-grained se-
mantic levels, so only more specific concepts partic-

’Depth computation and depth-level analyses are provided
in Appendices B and D, respectively.

ipate at higher levels. Depth-constrained attention
(0.

)

is computed by restricting the softmax to M

agf) = softrnaxj‘E MO (QZ@TK?/ \/(Tk) - @

The concept message is then

1

con out (4) \ 7(6)

m; " = W |Tz| E E A" Vi (3)
ZGAIJEMEZ)

where WO is a learnable output projection and

A= {C: MZ@ # (0} denotes the set of ontology
levels for which sentence s; has at least one valid
concept hyperedge.

Step 3: Message Passing and Update. Differ-
ent relations contribute unequally across sentences,
making uniform aggregation of the three message
types suboptimal. For example, findings repeatedly
described within a note are better refined through
report-level context, whereas clinically important
concepts distributed across notes benefit more from
concept-level aggregation. Prior graph neural net-
work work has shown the effectiveness of adap-
tively weighting heterogeneous relations (Wang
et al., 2019; Hu et al., 2020). Motivated by this, we
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introduce a learned gating mechanism that assigns
sentence-specific weights to each message source:

:;on]7
(grepa Yeat, gcon) = SOftmaX(fgate(“i)) )

_ rep cat con
m; = GrepM,;  + GeatM;" + GeonM; .

u; = [m;|/m;|jm

The resulting message updates the sentence
representation via residual connection and feed-
forward network, each with layer normalization
(Zhang et al., 2022). Stacking L such layers yields
the final set of sentence embeddings h' = {h;} .

3.3 Sentence Selection Mechanism

Given the contextualized sentence embeddings pro-
duced by the hierarchical HGNN encoder, this
stage selects a compact subset of clinically rele-
vant sentences for downstream generation. In the
fully unsupervised setting, no extractive labels or
section-level pseudo-targets from reference sum-
maries are available, as they would introduce super-
vision leakage. The selector therefore relies only
on cues derived from the source notes. We formu-
late sentence selection as a compression problem
characterized by three complementary properties:
(2) fidelity to the global patient state, grounding se-
lection in the full record rather than locally salient
fragments; (i¢) distributed concept support, encour-
aging preservation of evidence linked to clinical
concepts across longitudinal notes; and (¢¢7) com-
pactness, reflecting the brevity of discharge sum-
maries and the context limits of LLM-based gener-
ation. Architecturally, CLARUS adopts a modular
extract-then-summarize design: the selector identi-
fies a section-agnostic pool of clinically salient sen-
tences, while section-specific synthesis is delegated
to the downstream LLM via dedicated prompts.
Global patient representation. We sum-
marize the full patient record using r =
[MeanPool(h")||[MaxPool(h")] € R2? (Chen et al.,
2017; Kim et al., 2023), which serves as the recon-
struction target. Mean pooling captures the overall
clinical context by aggregating information across
the entire patient record, while max pooling high-
lights the most salient latent features.
Differentiable sentence selection. To enable dif-
ferentiable end-to-end training, a selection network
produces a logit ¢; = fsel(h;) for each sentence,
and a relaxed binary decision is sampled using
Gumbel-Softmax (Jang et al., 2017):

exp((¢i + 91)/¢)

o exp(go/€) + exp((di + g1)/€) ©)

where go, g1 ~ Gumbel(0, 1) and ¢ is an annealed
temperature. This yields differentiable soft selec-
tion weights approaching discrete decisions as ¢
decreases.
Variational bottleneck. From the soft selections,
we construct a compressed record representation
¢ = [h||h]. Here, h is a normalized weighted av-
erage of the transformed sentence representations,
with the soft selection scores controlling the con-
tribution of each element. The vector h is com-
puted via feature-wise softmax pooling, which ag-
gregates each feature dimension independently us-
ing weights determined by both the soft selection
scores and the corresponding feature activations.
Mapping c directly to r would let the model
retain sentence-level details irrelevant to a patient-
level summary. We therefore apply an IB on c,
learning a latent z that keeps only what is needed to
recover r and biases the selector toward sentences
capturing the patient’s state across notes. Since
the IB principle is intractable for high-dimensional
continuous representations, we adopt its variational
formulation (Alemi et al., 2019), optimized via
the reparameterization trick (Kingma and Welling,
2022). To this end, we parameterize a diago-
nal Gaussian posterior by setting u = W ,c and
logo? = W,c, and sample z = p + o © € with
€ ~ N(0,I). A linear decoder then reconstructs
the record representation, © = W g 2.
Training objective. Training is fully unsupervised
and optimizes four complementary objectives.
Reconstruction Loss preserves the global patient
information from the selected sentences:

['recon = ||f'—I'||2 (6)

KL Divergence regularizes the latent space
through an IB, preventing the model from simply
memorizing the input:

Dir = D (a(ele) [IN(O.D)) ()

Concept-Incidence Loss encourages the preser-
vation of concept mentions by rewarding the
inverse-size-weighted fraction of selected sen-
tences within each concept hyperedge:

1 ZiEek Yi

£con = -
’gcon‘ enEEeon ‘ek‘

(®)

Compactness Loss encourages concise sum-
maries:

comp — N
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The final objective combines all terms:

L= Erecon + B DKL + /\con ﬁcon + )\comp Ecomp

(10)
where 3, Acon, and Aoy control the contribu-
tion of each component. L,..., biases the selector
toward sentences that best capture the global pa-
tient state, as these enable accurate reconstruction,
whereas the interaction between Lo, and Lomyp
encourages the preservation of clinical evidence
while preventing trivial selection of all sentences.
Inference. At test time, we compute g; = o(¢;)
using the selection network and keep sentences
with probability greater than a threshold 6.

4 Experimental Setup

Datasets. Unlike prior work focusing on individual
components of discharge summaries (Searle et al.,
2023), our study considers the generation of all
three sections: Diagnosis, Brief Hospital Course,
and Discharge Instructions. For this setting, we
use the MIMIC-III dataset® (Johnson et al., 2016),
following the experimental configuration of Kruse
et al. (2025), which adopts the same three-section
formulation. To further assess the generalizability
of CLARUS, we conduct an additional evaluation
on the MIMIC-IV dataset (Johnson et al., 2023),
using the curated data and task formulation of Xu
et al. (2024), which cover the generation of the
Brief Hospital Course and Discharge Instructions
sections. The results of this additional evaluation
are reported in Appendix G.

Metrics. Following Xu et al. (2024), we report lex-
ical quality using BLEU-4 (Papineni et al., 2002)
and ROUGE-1/2/L (Lin, 2004), semantic similar-
ity using METEOR (Banerjee and Lavie, 2005)
and BERTScore (Zhang et al., 2020b), and clinical
fidelity using AlignScore (Zha et al., 2023) for fac-
tual consistency and MEDCON (Yim et al., 2023)
for concept-set agreement.

Backbone LLMs and baselines. For generation,
we evaluate five open-source LLMs: Llama-2-13B
(Touvron et al., 2023), Mistral-7B (Jiang et al.,
2023), Llama-3-8B (Grattafiori et al., 2024), Qwen-
2.5-7B (Yang et al., 2025), and DeepSeek-R1-
Distill-Qwen-32B (Guo et al., 2025). These five
models were also evaluated by Kruse et al. (2025),
and we adopt the same model selection based on
regulatory, operational, and empirical considera-
tions. Specifically, the MIMIC Data Use Agree-
ment prohibits the transmission of patient data to

*Detailed dataset statistics are reported in Appendix C.

closed-source APIs (Kruse et al., 2025). Moreover,
clinical applications generally favor on-premise
deployment to safeguard patient privacy (Wiest
et al., 2024), particularly under constrained compu-
tational resources (Fime et al., 2025). We focus our
analysis primarily on Llama-2-13B and Mistral-
7B, as they provide the most favorable trade-off
between computational resources and summariza-
tion performance. Results for the remaining mod-
els are reported in Appendix G. We compare
CLARUS against four unsupervised baselines*: Abs-
ZS (Kruse et al., 2025), which prompts the LLM
on concatenated notes; Ext-ZS (Naemi and Sahafi,
2026), which performs zero-shot extraction before
generation; Ext-CoT (Kruse et al., 2025), which
adds CoT extraction; and DisRAG (Kruse et al.,
2025), which retrieves note passages with section-
specific queries before the final generation step.

5 Results and Analysis

Main results. Table 1 compares CLARUS with four
unsupervised baselines using Llama-2 and Mistral
as summary generators. Extract-then-summarize
approaches outperform Abs-ZS on lexical metrics
and often achieve competitive gains on semantic
and clinical metrics, highlighting the benefits of
an extraction stage before summarization. Notably,
across both generators, CLARUS consistently at-
tains the highest performance across lexical, se-
mantic, and clinical evaluation metrics.

The strongest baseline varies across metrics
and LLMs: DisRAG is generally most com-
petitive with Llama-2, while no single base-
line dominates with Mistral. Under Llama-2,
CLARUS improves ROUGE-1/2 from 17.37/3.57
to 19.34/4.66, BERTScore from 71.98 to 74.22,
and MEDCON from 19.24 to 20.98. Similar trends
hold for Mistral, where CLARUS outperforms com-
peting baselines across lexical, semantic, and clin-
ical metrics. Consistent gains in BERTScore and
MEDCON suggest improved preservation of clini-
cally relevant information beyond lexical overlap.
Section-level analysis.  Figure 3 compares
CLARUS and DisRAG by discharge-summary sec-
tion for Llama-2.> Improvements vary across sec-
tions and metrics, suggesting that the proposed se-
lection mechanism contributes differently depend-
ing on the target text. On Diagnosis, CLARUS

“Implementation details for both CLARUS and baselines
are provided in Appendix A; the prompts are in Appendix E.

5The corresponding analysis for Mistral is provided in
Appendix F.
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(a) Llama-2-13B

Lexical Semantic Clinical
ROUGE BERT Align .
Approach BLEU-4 1 2 L Score METEOR Score MEDCON

Abs-ZS 0.56
Ext-ZS 1.34

15.14 3.13 1436 67.66 859 39.21 18.20
1594 299 1525 69.01 12.18 39.89 17.30

Ext-CoT 1.44 15.28 2.62 14.64 67.50 12.28 40.12 1744
DisRAG 121 17.37 3.57 16.64 71.98 1132 41.08 19.24
CLARUS 1.76 19.34 4.66 18.51 74.22 12.88 41.53 20.98
(b) Mistral-7B
Lexical Semantic Clinical
ROUGE BERT Align .
Approach BLEU-4 1 2 L Score METEOR Score MEDCON

Abs-ZS 0.66
Ext-ZS 0.77
Ext-CoT 0.78
DisRAG 0.64
CLARUS 1.39

14.86 3.78 14.19 6640 8.89 2992 17.84
1631 3.22 15.63 67.14 947 4128 16.08
15.66 2.98 1498 69.22 10.02 3823 17.75
16.83 3.47 16.13 6597 858 39.55 17.92
19.04 5.13 18.26 70.01 10.62 41.54 18.95

Table 1: Comparison of CLARUS against unsupervised
baselines using Llama-2-13B and Mistral-7B back-
bones. Scores are averaged over 5 random seeds; best
results per backbone are in bold. Paired two-sided
Wilcoxon signed-rank tests with Holm—Bonferroni cor-
rection show that CLARUS significantly outperforms
competing methods (p < 0.05).

achieves the largest lexical- and concept-level
gains, improving ROUGE-1 (43.04), ROUGE-L
(4+2.77), and MEDCON (+1.77). Small drops
in AlignScore (—0.60) likely reflect this section’s
brevity, which limits the context available for
entailment-based alignment. On Brief Hospital
Course, improvements are positive across all met-
ric families and most pronounced on BERTScore
(+5.71), suggesting that the selected evidence
supports generation of the narrative register typ-
ical of this section. On Discharge Instructions,
lexical metrics remain largely flat, whereas se-
mantic and clinical metrics improve substantially
(BERTScore +4.37, AlignScore +1.14, MED-
CON +-0.67). This pattern reflects the templated
nature of discharge instructions, where lexical
overlap is often saturated while CLARUS pro-
duces semantically closer outputs, as captured by
embedding-based metrics.

Robustness to input length. Figure 4 presents
admissions grouped by the number of source notes
for Llama-2.° CLARUS achieves the strongest or
near-strongest performance across nearly all bins
and metric families. Competing methods show
more heterogeneous trends. Prompting-based ex-
tractors (Ext-ZS, Ext-CoT) exhibit a clear decline
as the number of source notes increases, particu-

The corresponding analysis for Mistral is provided in
Appendix F.

BLEU-4 +0.15 +0.24 +0.10 6
ROUGE-1 +3.04 +0.98 -0.19 I,4
ROUGE-2 +0.63 +0.44 +0.03 ,
ROUGE-L +2.77 +0.96 -0.18
METEOR +0.94 +0.64 °

BERTScore +1.85 [~

AlignScore -0.60 +0.94 +1.14 -4

MEDCON +1.77 +1.02 +0.67 I—G
Diagnosis Hospital Course Discharge Instructions

Figure 3: Section-level difference heatmap (CLARUS
vs. DisRAG) for Llama-2-13B. Blue indicates gains for
CLARUS, red favors DisRAG.

larly on lexical metrics. DisSRAG follows a more
nuanced pattern: while lexical scores deteriorate
with increasing input length, semantic and clini-
cal metrics show mixed or modest improvements,
with both AlignScore and MEDCON exhibiting
slight gains as the number of source notes increases.
Importantly, CLARUS consistently leads on MED-
CON across all bins and remains highly competi-
tive on AlignScore, achieving the best performance
in the two longer bins and comparable results in
the shorter ones. This pattern aligns with the moti-
vation of this work: prompting-based extractors are
constrained by the LLM context window and the
lost-in-the-middle phenomenon, both increasingly
problematic as record length grows; DisRAG, al-
though partially robust on concept-level matching,
remains limited by pairwise query-passage similar-
ity, which is less effective when relevant evidence is
distributed across multiple notes and lacks strong
lexical or semantic overlap with section-specific
queries. Overall, these results suggest that struc-
tured aggregation through report-, category-,
and concept-level relations may help integrate dis-
persed evidence in long clinical records.

Human evaluation. To complement automatic
metrics, we conducted a human evaluation com-
paring CLARUS and DisRAG; full details of the
protocol, clinician recruitment, and annotation pro-
cedure are provided in Appendix H. Table 2 sum-
marizes results on 50 randomly sampled admis-
sions evaluated by 10 clinicians, each reviewing
5 admissions (first value in each cell). Since each
admission was rated by a single clinician in this ini-
tial study, inter-annotator agreement (IAA) could
not be estimated. To address this limitation, we ad-
ditionally evaluated a new subset of 20 admissions,
each independently rated by 3 board-certified clin-
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Figure 4: Performance of extract-then-summarize approaches with Llama-2-13B as a function of the number of

clinical notes per admission.

Aspect Criterion CLARUS DisRAG IAA

Comprehensiveness  3.32%/3.23"  2.85/2.73 0.69

Ouali Correctness 3.47%/3.57* 3.04/3.08 0.74

Iy Coherence 3.587/3.67* 3.00/3.12 0.71

Conciseness 3.11/3.32  3.09/3.21 0.56

Preference Wins 33*/12 11/6 0.75
Tie 6/2 -

Table 2: Human evaluation comparing CLARUS and Dis-
RAG with Llama-2-13B. Each cell reports a/b, where a
is from an initial study (50 admissions, 10 clinicians, 1
clinician per admission) and b is from a fully-crossed
replication (20 admissions, 3 clinicians per admission),
enabling estimation of inter-annotator agreement (IAA,
Krippendorff’s «; ordinal for quality dimensions, nom-
inal for preference). Quality scores use a 1-5 Likert
scale; best results per row are in bold. Statistical sig-
nificance is assessed independently for each study us-
ing paired two-sided Wilcoxon signed-rank tests on
Likert ratings (Holm—Bonferroni corrected) and exact
two-sided sign tests on pairwise preferences; * denotes
p < 0.05 in favor of CLARUS, reported separately for
each value (a*/b*).

icians under the same protocol (second value in
each cell), enabling us to estimate IAA via Krip-
pendorff’s «, reported in the last column of Table 2.

CLARUS receives higher ratings than DisRAG
on all four Likert-based dimensions and achieves
more pairwise wins in both studies (33 vs. 11, with
6 ties, in the initial study; 12 vs. 6, with 2 ties,
in the additional evaluation). The gains are signif-
icant (p < 0.05) in both studies on Comprehen-
siveness, Correctness, and Coherence, indicating
that the improvements are also reflected in clinician

Error Type CLARUS DisRAG IAA
Unsupported statement 35% 45% 0.68
Contradiction 0% 5% 0.59
Clinically important omission ~ 20% 60% 0.66
Temporal error 15% 15% 0.62
Medication/discharge error 25% 45% 0.67
Potentially harmful error 0% 10%  0.64

Table 3: Clinical factuality audit comparing CLARUS
and DisRAG with Llama-2-13B on the 20-admission
fully-crossed replication sample. Values report the per-
centage of summaries flagged for each error type (ma-
jority vote across 3 clinicians per admission; lower is
better); best results per row are in bold. TAA is Krippen-
dorff’s o (nominal, computed on the binary per-clinician
annotations before aggregation).

judgments. The additional evaluation yields Krip-
pendorft’s « values ranging from 0.56 to 0.75, in-
dicating moderate-to-substantial agreement among
clinicians. On Conciseness, the two systems obtain
nearly identical scores (3.11 vs. 3.09 in the initial
study, 3.32 vs. 3.21 in the additional evaluation),
with no significant difference in either study. This
is expected, as both approaches rely on the same
backbone generator, meaning summary length is
driven mainly by the generation stage rather than
the selection mechanism. Importantly, CLARUS
improves the other evaluation dimensions without
increasing summary length, a desirable property
in clinical settings where concise discharge sum-
maries are essential.

Clinical factuality audit. For the additional fully-
crossed evaluation, we further assessed clinical fac-
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LEXICAL SEMANTIC CLINICAL
Variant BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L BERTScore METEOR AlignScore MEDCON
CLARUS 1.76 19.34 4.66 18.51 74.22 12.88 41.53 20.98
Hypergraph

1 (-0.15) 18.94 (-0.40) 4.50 (-0.16)
9 (-0.17) 18.87 (-0.47) 4.47 (-0.19)

w/o report hyperedges 1.6
1.5
1.62 (-0.14) 18.60 (-0.74) 4.37 (-0.29)
1.4
1.5

w/o category hyperedges
w/o concept hyperedges
topic/keyword
graph-based

.43 (-0.33) 17.76 (-1.58) 3.92 (-0.74)
8 (-0.18) 18.21 (-1.13) 4.11 (-0.55)

18.10 (-0.41) 73.45 (-0.77)
18.05 (-0.46) 73.48 (-0.74)
17.76 (-0.75) 72.67 (-1.55)
16.98 (-1.53) 71.95 (-2.27)
17.44 (-1.07) 72.84 (-1.38)

12.60 (-0.28) 41.34 (-0.19) 20.59 (-0.39)
12.54 (-0.34) 41.48 (-0.05) 20.50 (-0.48)
12.56 (-0.32) 40.98 (-0.55) 20.17 (-0.81)
11.98 (-0.90) 40.76 (-0.77) 19.31 (-1.67)
12.31 (-0.57) 41.01 (-0.52) 19.88 (-1.10)

18.25 (-0.26) 73.71 (-0.51)
18.18 (-0.33) 73.55 (-0.67)
17.59 (-0.92) 72.71 (-1.51)
18.36 (-0.15) 73.95 (-0.27)

12.71 (-0.17) 41.46 (-0.07) 20.72 (-0.26)
12.68 (-0.20) 41.33 (-0.20) 20.58 (-0.40)
12.52 (-0.36) 40.94 (-0.59) 19.96 (-1.02)
12.78 (-0.10) 41.42 (-0.11) 20.90 (-0.08)

Encoder
no type-proj 1.67 (-0.09) 19.10 (-0.24) 4.55 (-0.11)
no gating 1.66 (-0.10) 19.01 (-0.33) 4.50 (-0.16)
no depth 1.62 (-0.14) 18.44 (-0.90) 4.32 (-0.34)
no time 1.71 (-0.05) 19.18 (-0.16) 4.59 (-0.07)
Selection
IB only (no variational)  1.70 (-0.06) 19.04 (-0.30) 4.53 (-0.13)
w/0 Lecon 1.49 (-0.27) 18.24 (-1.10) 4.10 (-0.56)

18.20 (-0.31) 73.68 (-0.54)
17.46 (-1.05) 72.93 (-1.29)

12.79 (-0.09) 41.42 (-0.11) 20.63 (-0.35)
12.28 (-0.60) 41.13 (-0.40) 19.20 (-1.78)

Table 4: Ablation study of CLARUS with Llama-2-13B. Values report absolute scores and performance degradation
(A) vs. the full model; cell shading indicates degradation magnitude (lighter = smaller, darker = larger).

tuality through a targeted audit covering six er-
ror categories’: unsupported statements, contra-
dictions, clinically important omissions, temporal
errors, medication/discharge errors, and potentially
harmful errors. Clinicians were provided with the
corresponding source notes and recorded binary
judgments for each category. Table 3 reports the
proportion of audited outputs exhibiting each er-
ror type, together with the corresponding Krippen-
dorff’s a. CLARUS exhibits lower error rates than
DisRAG across five of the six categories. Clinically
important omissions decrease from 60% to 20%,
medication/discharge errors from 45% to 25%, and
potentially harmful errors from 10% to 0%. Con-
tradictions are observed in none of the CLARUS
summaries compared with 5% for DisRAG, while
unsupported statements decrease from 45% to 35%.
Temporal errors are the only category with identi-
cal rates for the two systems, at 15%. Across the
six audited categories, inter-annotator agreement
ranges from 0.59 to 0.68, indicating moderate-to-
substantial agreement among clinicians.
Ablation study. Table 4 presents an ablation study
assessing the contribution of each CLARUS com-
ponent. All encoder modules positively affect per-
formance: removing depth-aware concept attention
causes the largest decline, while removing time
encoding has only a minor effect, suggesting that
hierarchical and heterogeneous structural informa-
tion is more important than temporal cues.

The results also highlight the importance of
concept-level modeling. Removing concept hyper-

"Full protocol and category definitions are provided in
Appendix H.

edges reduces performance, suggesting that con-
cept relations may provide complementary informa-
tion beyond higher-level structure. However, con-
cept hyperedges alone appear less effective without
depth-aware modeling, indicating that hierarchi-
cal ontology information may help model clinical
concepts. Replacing the proposed hypergraph with
topic/keyword-based (Zhang et al., 2022) or graph-
based (Wang et al., 2020) alternatives further de-
grades results, suggesting that hyperedge structure
and ontology-derived concept relations jointly con-
tribute to capturing cross-note dependencies.

Regarding the training objectives, replacing the
variational bottleneck with a deterministic alterna-
tive slightly reduces performance, suggesting vari-
ational regularization improves generalization. Re-
moving the concept-incidence loss causes a larger
drop, especially on MEDCON, indicating its role
in preserving clinical concepts in summaries.

6 Conclusion

We introduced CLARUS, an unsupervised extract-
then-summarize framework that models patient
records as hierarchical sentence-level hypergraphs
enriched with report, category, and concept re-
lations. Experiments with open-source LLMs show
consistent improvements over strong unsupervised
baselines across lexical, semantic, and clinical met-
rics, especially on longer and more heterogeneous
records. The results, further supported by a hu-
man evaluation, provide evidence that modeling
higher-order structure and ontology-based concept
hierarchies can be beneficial for multi-document
clinical summarization.
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Limitations

Although CLARUS consistently improves over
strong unsupervised baselines, some limitations
should be acknowledged.

The concept hyperedges in CLARUS are con-
structed from clinical concepts extracted using a
pre-trained MedCAT model (Kraljevic et al., 2021).
Consequently, their quality is bounded by the un-
derlying named entity recognition (NER) compo-
nent. At the same time, MedCAT has been exten-
sively validated on clinical corpora, with reported
F; scores in the 0.80-0.95 range across concept
recognition tasks (Kraljevic et al., 2021; Booker
et al., 2024), suggesting that the resulting hyper-
edges are sufficiently reliable for practical use.

Our experiments are conducted on MIMIC-III
and MIMIC-1V, both derived from the same U.S.
tertiary academic hospital and comprising adult
patient populations. Accordingly, the generalizabil-
ity of our findings to outpatient settings, pediatric
populations, and healthcare systems operating in
non-English contexts remains to be empirically es-
tablished. Nevertheless, CLARUS is not inherently
dataset-specific, as it requires only a clinical NER
system and a hierarchical ontology, both widely
available across clinical domains.

The evaluation is limited to open-source LLMs,
with no experiments using proprietary models. This
follows from the MIMIC Data Use Agreement,
which prohibits the transmission of patient data to
closed-source APIs (Kruse et al., 2025), as well
as from privacy constraints that favor on-premise
deployment in clinical settings (Wiest et al., 2024).

Ethical Considerations

All experiments were conducted on MIMIC-III
and MIMIC-1V, fully de-identified critical care
databases made available for research use under
applicable data use agreements. Access to the
datasets was obtained through the standard Phy-
sioNet credentialing process, including completion
of the required human-subjects research training.
The human evaluation described in Appendix H
was conducted by 10 board-certified clinicians with
documented experience in writing and reviewing
discharge summaries. Participation was entirely
voluntary and unpaid, and all clinicians provided
informed consent for the use of their evaluations for
research purposes prior to the start of the study. Re-
viewers were free to withdraw from the evaluation
at any time without consequence. To minimize po-

tential bias, clinicians were blinded to the identity
of the systems being compared, and the two candi-
date summaries were anonymized and presented in
randomized order for each patient admission.

CLARUS is intended as a research prototype for
studying unsupervised discharge summarization
and should not be deployed in clinical practice
without further validation, including prospective
evaluation and integration with appropriate human
oversight. As with any LLM-based system, gener-
ated summaries may contain factual errors, omis-
sions, or hallucinations, and must not be used as a
substitute for clinical judgment.
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A Implementation Details

Following Searle et al. (2023), we perform NER
to extract SNOMED CT (Stearns et al., 2001) con-
cepts using a pre-trained MedCAT model (Kraljevic
et al., 2021), which was trained without supervi-
sion on MIMIC-III for SNOMED CT-related tasks.
The extracted concepts are employed to construct
the concept hyperedges of the clinical hypergraph.
Clinical notes are first segmented into sentences
using the SaT model (Frohmann et al., 2024), after
which each sentence is embedded using BioClini-
calBERT (Alsentzer et al., 2019), yielding repre-
sentations of dimension 768. To incorporate tem-
poral information, the timestamp associated with
each note is min-max normalized within the cor-
responding admission and encoded through a 64-
dimensional sinusoidal positional representation,
following standard practice.

The hierarchical HGNN encoder is composed
of 2 layers with a hidden dimension of 256. The
maximum number of depth levels considered by
the depth-aware concept attention mechanism is set
to Dpax = 3. This configuration is motivated by
the concept-depth analysis reported in Appendix C,
which indicates that most extracted concepts are
concentrated within the first four ontology levels.
Additional support is provided by the ablation study
in Appendix D, showing that increasing Dy,,x be-
yond 3 introduces additional architectural complex-
ity without producing measurable performance im-
provements. Consequently, concepts whose ontol-
ogy depth exceeds Dy, are mapped to level 3.

Selection logits are computed using a
lightweight two-layer MLP applied to the
contextualized sentence embeddings. To enable
differentiable optimization, the discrete selection
mechanism is relaxed through the Gumbel-Softmax
technique (Jang et al., 2017). The temperature
parameter is progressively annealed during training
according to £(f) = max (fmin, Emax - e_“/t),
where &nax = 2, Emin = 0.3, and v = 0.1. As the
annealing process gradually pushes the selection
probabilities toward near-binary values at inference
time, the threshold 6 primarily serves as a final
binarization step rather than a highly sensitive
hyperparameter. Empirical evaluation confirmed
that any threshold within a broad interval (0.4-0.8)
produces identical selections.

The compressed record representation, obtained
by combining a weighted mean pooling opera-
tion with a softmax-weighted max-pooling oper-

ation, is encoded by the VIB module into a 128-
dimensional Gaussian latent variable, from which
a linear decoder reconstructs the global patient rep-
resentation. The model is trained end-to-end with
Acon = Acomp = 1. The KL-divergence coefficient
(3 is linearly increased from 0 to Bpax = 1072
during the first three epochs and maintained con-
stant thereafter, as this strategy proved important
for preventing posterior collapse. Optimization is
performed using Adam with a constant learning
rate of 10~ for 10 epochs, employing a per-step
batch size corresponding to a single admission and
gradient accumulation over 8 steps. Experiments
were conducted on a Dell Precision 7960 Tower
workstation (Intel Xeon w9-3595X, dual NVIDIA
RTX 6000 Ada GPUs, 512 GB RAM).

Following Kruse et al. (2025), we employed 8-
bit quantized versions of the language models to re-
duce GPU memory consumption and improve com-
putational efficiency. This design choice further
enhances the practicality of deploying LLMs in the
medical domain, where computational resources
are often constrained (Fime et al., 2025). Although
the proposed approach is fully unsupervised, a val-
idation set was used because the RAG framework
requires validation for tuning retrieval-related hy-
perparameters, specifically top- K, chunk size, and
chunk overlap. Accordingly, the validation set was
used to identify the optimal parameter configura-
tion for the LLMs, using the same parameter set-
tings explored in Kruse et al. (2025). For Llama-2
and Mistral, the selected configuration was top-K
= 10, a chunk size of 500, and a chunk overlap of
100, whereas Llama-3, Qwen, and DeepSeek used
top-K = 20, a chunk size of 750, and a chunk over-
lap of 100. In contrast, the parameters of CLARUS
were not optimized on the validation split, in line
with the fully unsupervised nature of the proposed
approach. With respect to the embedding model
employed within the LangChain (Chase, 2022) and
FAISS (Douze et al., 2026) retrieval framework,
prior studies (Kruse et al., 2025; Myers et al., 2025)
demonstrated the effectiveness of BGE (Xiao et al.,
2024); therefore, BGE embeddings were adopted
in all retrieval experiments. Consistent with Kruse
et al. (2025), a maximum context length of 2000
tokens was imposed during the extraction phase
of prompt-based approaches, while the generation
phase was limited to 1000 tokens. A temperature of
0.2 was adopted based on recommendations from
prior work (Ellershaw et al., 2024; Van Veen et al.,
2024; Aali et al., 2025; Ganzinger et al., 2025),
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showing that lower temperature values produce dis-
charge summaries that are more fluent, coherent,
and clinically accurate.

B Concept Depth Computation

This appendix details the procedure used to asso-
ciate each concept hyperedge e; € E.on With an
ontology depth D;, which modulates the depth-
aware concept attention described in Section 3.2.
Definition. Given the directed graph G,y =
(Vonts Eont) induced by relations among UMLS
concepts, we define the depth D(v) of a concept
v € Vont as the length of the shortest path from any
root concept to v, where roots are concepts with
no parents in Gont. Each edge (p,c) € Eont de-
notes that p is a parent of c. Concepts that are roots
themselves are therefore assigned depth 0. For
each concept hyperedge e;, D; is then obtained
by mapping the underlying clinical concept to its
corresponding UMLS Concept Unique Identifier
(CUI) and computing the corresponding ontology
depth D(CUI).

We adopted the minimum-path definition rather
than the maximum-path definition because it pro-
vides a more conservative and stable lower bound
on specificity that is less sensitive to local irreg-
ularities in the hierarchy, such as concepts posi-
tioned at different depths across parallel branches
induced by multiple inheritance. This choice is
also aligned with the role of D; in the model, as it
potentially determines the number of level-specific
views through which a concept hyperedge is pro-
jected (Section 3.2). By relying on a conservative
estimate of specificity, the model can avoid exces-
sive fragmentation of the attention space for con-
cepts whose greater depth is supported only by a
subset of their ancestral paths.

Computation. In our experiments, concepts are
extracted from UMLS and restricted to English
and to SNOMED CT source vocabularies. We in-
clude both the hierarchical relations (PAR/CHD) and
the broader/narrower relations (RB/RN), as the lat-
ter are needed to recover hierarchical links that, in
some UMLS releases, are encoded only through
RB/RN rather than PAR/CHD. Depths are computed
via a standard breadth-first search (BFS) initialized
with all root concepts at distance zero. The rela-
tion graph is first inverted into a parent-to-children
adjacency map, after which the BFS proceeds sys-
tematically level by level, assigning to each newly
visited concept a depth equal to one plus the depth

of its predecessor. Because the UMLS hierarchy
forms a directed acyclic graph rather than a tree,
the algorithm includes a conditional re-enqueuing
step: when a concept is reached via a shorter path
than previously recorded, its depth is updated and
the improvement is propagated to its descendants.
This guarantees that D(v) corresponds to the min-
imum number of hierarchical steps separating v
from the most general concept that subsumes it.
The procedure terminates when no further updates
are possible; termination is guaranteed because
each concept can be re-enqueued only a finite
number of times: the depth assigned to a node
is monotonically non-increasing across updates,
lower-bounded by zero, and integer-valued.

C Dataset Statistics

We evaluate CLARUS on MIMIC-III (Johnson et al.,
2016), a freely accessible critical care database of
de-identified EHRs. Rather than targeting a single
component of the discharge summary as in prior
work (Searle et al., 2023), we address the full sum-
marization task across all three clinically relevant
sections: Diagnosis, Brief Hospital Course, and
Discharge Instructions. We follow the experimen-
tal setup of Kruse et al. (2025), who similarly frame
the task as a three-section generation problem and
define the regular expressions used to extract each
target section from the discharge summaries. We
adopt the train/validation/test partition of Searle
et al. (2023), corresponding to an 80/10/10 split
over 51,744 admissions (41,395 /5,174 / 5,175).
The statistics reported in Table 5 directly re-
flect the challenges motivating CLARUS. Clinical
records in MIMIC-III are long and highly hetero-
geneous: on average, each admission comprises
32.77 notes (median 15), spanning multiple clinical
categories as shown in Figure 5. Input lengths com-
puted with the Llama-2-13B tokenizer further un-
derscore this heterogeneity, with a mean of 19, 399
tokens but a median of only 6,170, indicating a
heavily skewed distribution in which a substantial
fraction of records far exceeds the effective con-
text window of standard LLMs. This variability
is precisely the regime in which prompting-based
and retrieval-based approaches are most likely to
fail. Discharge summaries, by contrast, are con-
siderably more compact and uniform, averaging
3, 750 tokens (median 3, 455), highlighting the de-
gree of compression and synthesis required. The
mean hospital stay of 8.76 days (median 5) further
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All Train Val Test

Admission counts

Admissions 51,744 41,395 5,174 5,175
Notes per admission

Mean 32.77 32.88 31.87 32.76
Median 15 15 15 15
Length in tokens

Input mean 19,399 19,485 18,843 19,264
Input median 6,170 6,188 6,044 6,131
Discharge mean 3,750 3,750 3,737 3,760
Discharge median 3,455 3,455 3,443 3,462
Stay duration (days)

Mean 8.76 8.78 8.63 8.72
Median 5 5 5 5
Note-count bin distribution

1-7 12,816 10,180 1,306 1,330
8-14 12,636 10,168 1,254 1,214
15-27 11,363 9,078 1,136 1,149
>27 14,929 11,969 1,478 1,482

Table 5: Dataset statistics for MIMIC-III. Token lengths
are computed with the Llama-2-13B tokenizer.

suggests temporally dispersed evidence that must
be coherently integrated across notes.

To further analyze the hierarchical structure of
the extracted clinical concepts, we computed the
ontology depth distribution of concept hyperedges
using the MedCAT-extracted SNOMED CT con-
cepts and the depth computation procedure de-
scribed in Appendix B. The resulting distribution is
reported in Table 6. Most concepts are associated
with intermediate ontology depths, with depth 2 ac-
counting for 36.47% of all extracted concepts, fol-
lowed by depth 1 (23.88%) and depth 3 (17.38%).
Very shallow concepts (depth 0) represent only
8.77% of the dataset, while highly specific con-
cepts at depths 4 and 5+ collectively account for
less than 14%. This distribution supports the design
rationale of CLARUS. Clinical records tend to con-
tain a large proportion of moderately specific con-
cepts connected through shared ancestors, while
highly specific concepts appear more sparsely. The
observed depth distribution therefore supports the
design choice of incorporating depth-aware con-
cept attention, which leverages ontology hierarchy
to reinforce sparse fine-grained concepts through
their more frequently observed ancestors.

D Depth Level Representation

In this appendix, we investigate the effect of the
number of depth levels used in the depth-aware
concept attention mechanism. The correspond-
ing results are reported in Table 7. The parame-

Notes per clinical category

Nursing/other

Radiology

Nursing

Physician

Echo .

Respiratory .
Nutrition
General
Rehab Services
Social Work

Case Management

Pharmacy

Consult

0 100,000 200,000 300,000 400,000 500,000 600,000 700,000 800,000
Number of notes

Figure 5: Distribution of clinical notes by category in
the MIMIC-III dataset.

Depth  Percentage (%)

8.77
23.88
36.47
17.38
5.71
5 7.79

VW~ o

Table 6: Distribution of ontology depths for MedCAT-
extracted clinical concepts in MIMIC-III.

ter Dy,.x defines the maximum number of depth-
specific representations associated with concept hy-
peredges. Concepts whose depth exceeds Dy, are
mapped to the highest available depth level. The
No depth configuration disables the mechanism en-
tirely, preserving the concept hypergraph structure
while collapsing the attention computation into a
single shared representation.

The results reveal a non-monotonic behavior.
The introduction of a single additional depth level
(Dmax = 1) already improves performance over
the depth-agnostic baseline, with further gains ob-
served up to Dyax = 3, which yields the best
results across both semantic and clinical evaluation
metrics. This outcome aligns with the depth dis-
tribution shown in Table 6, where concepts with
depths between 0 and 3 account for approximately
86.5% of all extracted concepts, thereby encom-
passing the majority of clinically relevant entities at
their natural granularity. In contrast, increasing the
maximum depth to Dy, = 4 results in a marginal
but consistent performance decline. A plausible
explanation is that concepts at depth > 4 account
for less than 14% of extracted entities, limiting
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Variant

BERTScore METEOR

AlignScore MEDCON

No depth 72.71 12.52 40.94 19.96
Dax =1 73.24 12.63 41.12 20.25

max = 2 73.81 12.79 41.38 20.69
Dmax =3 74.22 12.88 41.53 20.98
Dax =4 74.05 12.84 41.46 20.82

Table 7: Analysis of the depth-aware concept attention mechanism with Llama-2-13B on MIMIC-IIIL. No depth
omits the depth-aware attention mechanism. The remaining rows vary the maximum depth D,,,x used by the

depth-aware attention.

the learning signal for additional depth-specific
projections. As a consequence, the introduction
of further level-specific representations increases
model complexity without yielding proportional
improvements in semantic expressiveness.

E Prompt Templates

The extraction phase of the prompting-based base-
lines is carried out by adopting the prompts defined
in the corresponding reference studies. In partic-
ular, Ext-ZS relies on the prompt introduced in
Naemi and Sahafi (2026), while Abs-ZS and Ext-
CoT employ the prompts proposed in Kruse et al.
(2025). For the generation phase, the format de-
scribed in Kruse et al. (2025) is followed, where
a task-specific query is provided to the LLM for
each section of the discharge summary after the
extraction step. More precisely, the queries “What
is the patient’s main diagnosis?” for the Diagnosis
section, “Summarize the hospital course for this pa-
tient in a concise and accurate way.” for the Brief
Hospital Course, and “Given the input EHR data,
generate discharge instructions for this patient.”
for the Discharge Instructions are used.

F Further Analysis of Mistral’s
Performance

Section-level analysis. Figure 6 presents a compar-
ison between CLARUS and Ext-CoT, the strongest
baseline for Mistral on semantic metrics, across
discharge-summary sections. As with Llama-2,
the pattern of improvements is markedly hetero-
geneous across sections and metric families, sug-
gesting that the proposed selection mechanism con-
tributes in different ways depending on the nature
of the target text.

On Diagnosis, CLARUS achieves consistent
and sizeable improvements across all metric fam-
ilies, with the largest deltas concentrated on ME-
TEOR (42.73), AlignScore (+2.70) and MED-
CON (+42.40), and uniformly positive gains

BLEU-4 +0.59 +0.54 +0.05 6
ROUGE-1 +1.86 +1.38 +2.98 I,4
ROUGE-2 +0.78 +0.99 +0.06 S
ROUGE-L +1.57 +1.29 +3.01
METEOR +2.73 +1.29 -0.64 ’

BERTScore +0.18 -1.68 -
AlignScore +2.70 -2.21

I
-6

MEDCON +2.40 +0.47

+1.96

Diagnosis Hospital Course Discharge Instructions

Figure 6: Section-level difference heatmap (CLARUS
vs. Ext-CoT) for Mistral-7B. Blue indicates gains for
CLARUS, red favors Ext-CoT.

on lexical metrics (BLEU-4 +0.59, ROUGE-1
+1.86, ROUGE-L +1.57). The relatively small
BERTScore gain (+0.18) likely reflects the brevity
of this section, where embedding-based similarity
tends to saturate for both systems.

On Brief Hospital Course, the longest and most
synthesis-heavy section, CLARUS shows uniformly
positive gains on lexical metrics (BLEU-4 +-0.54,
ROUGE-1 +1.38, ROUGE-2 +0.99, ROUGE-L
+1.29) and a particularly pronounced improvement
on BERTScore (+4.16), which suggests that the
structured aggregation performed over report-,
category-, and concept-level hyperedges helps
integrate evidence dispersed across many notes
into a semantically coherent narrative. The drop
observed on AlignScore (—2.21) appears local-
ized to this section and may reflect the sensitiv-
ity of entailment-based metrics to phrasing varia-
tion in long-form narratives generated from multi-
document inputs. Importantly, the consistent gain
on MEDCON (+1.96) indicates that clinically rele-
vant content is nevertheless preserved more faith-
fully than by the baseline.

On Discharge Instructions, the picture is more
nuanced. Lexical metrics show a strong dissocia-
tion: ROUGE-1 (+2.98) and ROUGE-L (+3.01)
improve substantially, while BLEU-4 (+0.05) and
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Figure 7: Performance of extract-then-summarize approaches with Mistral-7B as a function of the number of clinical

notes per admission.

ROUGE-2 (+0.06) remain essentially flat, indi-
cating that CLARUS recovers more salient content
words and longer matching sub-sequences with-
out necessarily aligning short n-grams. METEOR
(—0.64) and BERTScore (—1.68) exhibit small neg-
ative deltas, which is consistent with the templated
nature of discharge instructions, where surface-
form and embedding-based similarity tend to sat-
urate for both systems. In contrast, the clinical
fidelity metrics improve markedly, with a partic-
ularly large gain on AlignScore (49.70) accom-
panied by a positive shift on MEDCON (4-0.47).
This dissociation suggests that, even in a regime
where retrieval- and prompting-based extractors
are already competitive in terms of surface form,
the structured aggregation performed by CLARUS
produces outputs that are closer to the reference in
terms of factual consistency and clinical content.

Robustness to input length. Figure 7 reports
the performance of extract-then-summarize ap-
proaches with Mistral-7B as the number of clin-
ical notes per admission increases. Overall, the
trends are consistent with those observed for Llama-
2 (Figure 4): CLARUS achieves the best results
in most bin—metric combinations, particularly on
longer and more heterogeneous records.

On lexical metrics, CLARUS improves as the
number of source notes grows, with the largest
gains between the 8-14 and 15-27 bins. In the
> 27 bin, BLEU-4 and ROUGE-1 decline slightly,
whereas ROUGE-2 continues to improve. In con-
trast, Ext-ZS, Ext-CoT, and DisRAG progressively

deteriorate with longer inputs. This trend re-
flects the limitations of prompting-based extractors,
which are affected by context-window and lost-in-
the-middle issues, as well as the dependence of Dis-
RAG on pairwise query—passage similarity, which
becomes less effective when relevant evidence is
distributed across multiple notes.

Semantic metrics show a more nuanced behav-
ior. On METEOR, CLARUS is the only method
exhibiting a consistent improvement across bins,
whereas prompting-based extractors decline and
DisRAG remains relatively stable. On BERTScore,
both CLARUS and DisRAG improve with longer
inputs, but CLARUS maintains a substantial advan-
tage that widens in the largest bin. In the 1-7 bin,
prompting-based extractors, especially Ext-CoT,
remain competitive, suggesting that when inputs
are short, context limitations are less critical. From
the 814 bin onward, however, CLARUS matches
or surpasses Ext-CoT, with the gap increasing up
to the > 27 bin.

Clinical metrics provide complementary evi-
dence. On MEDCON, CLARUS achieves the high-
est score in every bin, consistently outperform-
ing the strongest baseline, DisRAG. Although
both methods achieve higher MEDCON scores on
longer records overall, the gains of DisRAG are not
reflected in other metrics, suggesting that higher
concept overlap alone does not guarantee better
summary integration or faithfulness. On Align-
Score, differences across methods are smaller and
less stable: CLARUS leads in the first three bins,
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while Ext-ZS slightly outperforms it in the > 27
bin. Moreover, CLARUS shows a non-monotonic
trend on this metric, indicating that improvements
in semantic similarity and concept coverage are
accompanied by stable rather than consistently in-
creasing factual consistency.

Overall, the results obtained with Mistral broadly
align with those observed for Llama-2: modeling
higher-order structure often provides advantages on
longer and more heterogeneous records, whereas
baseline extractors remain competitive on shorter
inputs where context limitations are less critical.

G Generalization Across Backbones and
Datasets

This appendix reports two complementary evalu-
ations that extend the experimental setting of the
main paper: an assessment of CLARUS with addi-
tional LLM backbones on MIMIC-III and a cross-
dataset evaluation on MIMIC-IV.

Additional LLM backbones. To assess whether
the benefits of structured evidence selection extend
beyond the two backbones used in the main pa-
per, we extended the MIMIC-III evaluation to three
additional open-source LLMs: Llama-3-8B, Qwen-
2.5-7B, and DeepSeek-R1-Distill-Qwen-32B. All
models use the same generation settings described
in Appendix A, ensuring a controlled compari-
son across backbones. The results are reported
in Figure 8. The relative performance patterns ob-
served with Llama-2-13B and Mistral-7B are pre-
served across the additional backbones. CLARUS
obtains the best score in the large majority of back-
bone—metric combinations, whereas the strongest
baseline varies across models and metric families.
Abs-ZS remains the weakest configuration across
all five backbones, suggesting that an extraction
stage is beneficial across different generators. The
few cases in which a baseline is competitive with
CLARUS are concentrated on metrics where the
differences across methods are generally small.
Cross-dataset generalization. To assess the gen-
eralizability of CLARUS beyond the dataset used in
the main experiments, we conducted an additional
evaluation on MIMIC-1V, adopting the curated data
and task formulation of Xu et al. (2024), which
cover the generation of the Brief Hospital Course
and Discharge Instructions sections. Results for
all five backbones are reported in Figure 9. The
performance trends observed on MIMIC-III are
also observed on MIMIC-IV: CLARUS is the best-

performing approach in most backbone—metric
combinations, whereas the strongest baseline varies
across models and metric families.

H Human Evaluation Setup

To complement the automatic metrics, we con-
ducted a human evaluation® comparing CLARUS
against DiSRAG, the strongest unsupervised base-
line under Llama-2-13B.

Reviewer recruitment. The human evaluation in-
volved 10 board-certified clinicians recruited from
3 institutions to mitigate the risk that institution-
specific documentation practices or templates could
systematically bias the assessment. The clinicians
included intensivists, emergency medicine spe-
cialists, and internists, as these specialties most
closely match the clinical population represented
in MIMIC-III, which consists of adult intensive
care admissions. Clinicians in these specialties
routinely write and review discharge summaries
for medically complex patients. Participation was
entirely voluntary and unpaid. Prior to the evalu-
ation, all clinicians completed a calibration round
consisting of 1-2 pilot cases (not included in the
reported results). This calibration was used to align
the interpretation of the evaluation criteria, famil-
1arize clinicians with the annotation interface, and
establish the expected time required per case. To en-
able IAA estimation, we conducted a fully-crossed
evaluation involving 3 clinicians, one from each
participating institution. These clinicians indepen-
dently rated a new set of 20 admissions, distinct
from those used in the initial study, with all three
clinicians rating every admission.

Evaluation criteria. Following the protocol pro-
posed by Williams et al. (2025), we adopted a dual
evaluation framework consisting of:

* Pairwise preference judgment, in which
clinicians were asked whether they preferred
Summary A, Summary B, or considered them
equivalent (Tie);

* Four quality dimensions, rated on a 5-point
Likert scale ranging from 1 (worst) to 5 (best):
Comprehensiveness, Correctness, Coherence,
and Conciseness.

The definitions adopted in our annotation guide-
lines are reported in Table 8.

8The protocol was approved by the Ethics Committee of
the authors’ institution.
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Figure 9: Cross-dataset evaluation on MIMIC-IV comparing CLARUS with the unsupervised baselines across five
LLM backbones, for the generation of the Brief Hospital Course and Discharge Instructions sections.

Admission sampling. To obtain a robust assess-
ment under realistic clinical conditions, admissions
were randomly selected according to two comple-
mentary criteria. First, we targeted cases requiring
the integration of multiple clinical notes, thereby

stressing the ability of LLMs to synthesize infor-
mation across documents. Second, we constrained
the number of notes per admission to limit the cog-
nitive burden on clinicians and reduce potential
evaluation bias associated with excessively long
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Criterion Definition Error Category Definition
Preference Overall preference between the two can- Unsupported statement Claims not attributable to the
didate summaries (Summary A, Sum- source notes.
mary B, or Tie). Contradiction Statements conflicting with the
Comprehensiveness Whether the summary includes all clin- source notes or with other parts
ically relevant information appropriate of the summary.
for a discharge summary. Clinically important  Missing information a clinician
Correctness Whether the summary is factually ac- omission would consider necessary for
curate and faithful to the source notes, safe handoff.
without errors, hallucinations, or miss- Temporal error Incorrect ordering or timing of
ing critical information. clinical events.
Coherence Whether the text is logically structured, Medication/discharge er- Incorrect dosage, drug, or in-
fluent, and cohesive across sentences. ror struction.
Conciseness Whether the summary is succinct, avoid- Potentially harmful error  Any error judged capable of lead-

ing unnecessary verbosity while preserv-
ing all key information.

Table 8: Definitions of the evaluation criteria adopted in
the human evaluation, following Williams et al. (2025).

records (Hall and Walton, 2004). Accordingly, in
the initial study, we randomly sampled 50 admis-
sions containing between 10 and 15 clinical notes,
a range that captures the multi-document nature of
the task while remaining feasible for human evalu-
ation. For the additional fully-crossed evaluation,
we sampled a separate set of 20 admissions, dis-
tinct from those in the initial study, from the same
pool of admissions containing 10-15 clinical notes.
On average, clinicians required approximately 25
minutes to evaluate a single admission.
Annotation protocol. In the initial study, each
clinician evaluated 5 admissions, with no over-
lap across clinicians; thus, each admission was
assessed by a single clinician. This allocation max-
imized coverage of the 50-admission sample while
accounting for the time and cognitive demands of
evaluating each case and the limited availability of
board-certified clinicians. However, it precluded
estimation of IAA for the initial sample. We there-
fore conducted a separate fully-crossed evaluation
in which 3 clinicians independently assessed all
20 admissions in the additional sample, using the
same annotation protocol and interface as in the
initial study. In both evaluations, the two candi-
date summaries were anonymized and presented in
randomized order for each admission to mitigate
potential ordering and identity biases.

Clinical factuality audit protocol. Within the
fully-crossed evaluation, the 3 clinicians addition-
ally annotated each summary for six binary error
categories, defined in Table 9. Clinicians had full
access to the corresponding source notes during
annotation and were instructed to flag an error only
when it could be directly verified against the notes.

ing to patient harm if acted upon.

Table 9: Definitions of the error categories adopted in
the clinical factuality audit.

The categories are not mutually exclusive, so a sin-
gle summary could be flagged for more than one
error type. For each admission, the final label of a
category was then obtained by majority vote across
the three clinicians.
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