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Abstract

Automatic evaluation metrics are widely used
to assess the quality of clinical summaries.
However, most existing automatic metrics were
not designed to capture clinically critical errors
and were primarily developed and validated on
English data, raising concerns about their appli-
cability in non-English clinical settings. In this
work, we examine how well commonly used
automatic metrics reflect clinically critical cri-
teria in Dutch. We benchmark 26 evaluation
metrics on real-world LLM-generated clinical
discharge summaries and correlate their scores
with clinically critical errors, including hallu-
cinations, omissions, and trivial facts. Our re-
sults show that standard automatic metrics do
not capture hallucination errors in this setting.
Specific lightweight source-based metrics may
provide useful signals for identifying omission-
related errors and trivial facts, highlighting their
potential for prioritizing human review efforts
in real-world settings.

1 Introduction

Recent advances in Large Language Models
(LLMs) have demonstrated significant potential to
automate clinical summarization tasks (Ganzinger
et al., 2025; Oliveira et al., 2025; Asgari et al.,
2025) while achieving quality comparable to
clinician-authored summaries (Williams et al.,
2025) and reducing physician burnout (Grolleau
et al., 2026). However, the deployment of such sys-
tems depends on reliable evaluation, as deficiencies
in the summary quality may adversely affect pa-
tient care and care transition (Patel and Lam, 2023;
de Hond et al., 2024).

Human evaluation remains the gold standard
for assessing LLM-generated clinical summaries,
with particular emphasis on hallucination, omis-
sion, revision, faithfulness/confidence, bias/harm,
groundedness, and fluency (Croxford et al., 2025).
However, assessing these dimensions requires do-

main experts, making the process expensive, time-
consuming, and difficult to scale. Automatic evalu-
ation metrics have therefore become the evaluation
approach of choice in clinical summarization stud-
ies. Most clinical summarization studies report
metrics such as ROUGE (Lin, 2004), BLEU (Pap-
ineni et al., 2001), METEOR (Banerjee and Lavie,
2005), or BERTScore (Zhang et al., 2019), even
though these metrics were initially developed to
assess lexical or semantic similarity rather than
clinically meaningful quality.

This raises the question: To what extent do com-
monly used automatic metrics capture the quality
dimensions that matter in clinical summarization?
Previous studies in both clinical and non-clinical
domains have shown that surface-based automatic
metrics exhibit poor to moderate correlation with
human judgments and do not capture the critical
factuality and faithfulness issues (i.e., statements
in the generated summaries are not supported by
the source document or are factually incorrect)
(Sai et al., 2020; Fabbri et al., 2021; Gehrmann
et al., 2023; Ben Abacha et al., 2023; Adams et al.,
2023; Hegselmann et al., 2024). These limitations
are particularly concerning in the clinical domain,
where LLMs may generate unsupported claims
about medical conditions and incorrect medical
advice (Hegselmann et al., 2024), or omit clinically
important medical facts and diagnostic decisions
(Croxford et al., 2025), both of which can adversely
affect patient safety. Nevertheless, because of their
efficiency and scalability, automatic metrics remain
predominant and omnipresent in model develop-
ment and benchmarking. Understanding whether
they can serve as reliable indicators of human eval-
uation, or at least help prioritize summaries requir-
ing expert review, is therefore an important method-
ological challenge.

This challenge is specifically pronounced for
non-English text, for which applicable metrics
remain scarce, as most automatic metrics are
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language-specific and trained almost primarily on
English data. Additionally, the existing evidence on
the correlation between automatic and human eval-
uation in the clinical domain is almost entirely lim-
ited to English (Croxford et al., 2024; Moramarco
et al., 2022). As multilingual LLMs are increas-
ingly adopted for clinical applications in languages
such as Dutch, German, Korean, and Kinyarwanda
(Ganzinger et al., 2025; Mehri et al., 2026; Song
et al., 2025; Rutunda et al., 2026), it is unclear
whether conclusions drawn from English evalua-
tion studies generalize across languages given the
linguistic variation and differences in clinical docu-
mentation practices.

In this study, we aim to understand whether
widely used automatic metrics can provide a mean-
ingful indication of clinical quality and whether
their performance is comparable across English and
Dutch. We deliberately focus on well-established
automatic metrics and do not include LL.M-based
metrics (e.g., question answering- or question
generation-based approaches, or LLM-as-a-judge)
in this work, as they represent a separate evalua-
tion paradigm in which generative models are used
to directly approximate human assessment rather
than computing fixed, surface-level statistics. In
addition, from a practical perspective, we aim to
investigate the performance of automatic metrics
that are easier to implement, monitor, and widely
adopted than LLM-based metrics in real-world clin-
ical settings. Our contributions are as follows:

* A comprehensive benchmark of 26 automatic
evaluation metrics on a real-world Dutch clin-
ical summarization dataset with expert annota-
tions of hallucinations, omissions, and trivial
facts.

* A systematic analysis of the correlation be-
tween automatic metrics and human judgment
on clinically critical criteria, offering insights
on their potential role as a preliminary quality
screening tool prior to human evaluation.

* A comparison of the performance of auto-
matic summarization metrics across an En-
glish and Dutch application

2 Related work

Automatic evaluation for clinical summariza-
tion. This automatic evaluation task has largely
relied on metrics originally developed for general

natural language generation (NLG) systems, includ-
ing ROUGE, BLEU, METEOR, and BERTScore
(Schmidtova et al., 2024). These metrics remain
evaluation standards in the MultiClinSumm Shared
Task (Rodriguez-Ortega et al., 2025; Nentidis et al.,
2026) and have been widely adopted in recent stud-
ies on clinical summarization (Ganzinger et al.,
2025; Tang et al., 2023; Aali et al., 2025).

However, only a limited number of studies
(Van Veen et al., 2024; Williams et al., 2025;
Fraile Navarro et al., 2025) reported how well these
automatic metrics align with human judgments on
clinically relevant dimensions such as correctness
(i.e., containing less false information) and com-
pleteness (i.e., completely capturing important in-
formation).

Domain-specific evaluation methods have lever-

aged LLM-as-a-judge to assess medically critical
errors. MED-OMIT (Schumacher et al., 2025) iden-
tifies information omissions with importance strati-
fication, while DocLens (Xie et al., 2024) verifies
entailment relationships between the source docu-
ment, generated summary, and reference summary.
Despite these advances, the development and val-
idation of LLM-based evaluations have focused
almost exclusively on English clinical summariza-
tion.
Correlation between automatic metrics and hu-
man evaluation. Although widely in use, gen-
eral automatic summarization metrics are particu-
larly limited in detecting clinically critical errors
(Hegselmann et al., 2024; Croxford et al., 2024).
Human evaluation, therefore, remains the gold stan-
dard evaluation method because it can directly cap-
ture clinically relevant criteria that automatic met-
rics often struggle to capture. Existing evaluation
protocols typically rely on expert ratings of cri-
teria such as accuracy, completeness, clarity, and
conciseness (Bedi et al., 2025; Mehri et al., 2026)
or on fine-grained annotation of clinically relevant
errors, including hallucinations and omissions (As-
gari et al., 2025; Ben Abacha et al., 2023).

Some prior evaluation work has explicitly exam-
ined metric-human correlations for English clinical
note summarization and diagnosis generation along
those criteria, showing that correlation strength
varies across task types (Moramarco et al., 2022;
Croxford et al., 2024; Ben Abacha et al., 2023).
However, little is known about this metric-human
correlation for non-English clinical summarization,
particularly on clinically critical criteria such as
hallucinations, omissions, and trivial facts. To our
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knowledge, this work is the first to investigate cor-
relations between automatic metrics and human
judgments on these criteria in non-English clinical
summarization.

3 Data

Two datasets are used for our correlation study.
Dataset and annotation statistics are provided in
Table 1 and Table 2.

3.1 Dutch Clinical Discharge Summary

The first dataset (de Hond et al., 2025) comprises
patient records and corresponding discharge sum-
maries from the Intensive Care Unit (ICU), Neona-
tal ICU (NICU), and Cardiology (CAR) depart-
ment at the University Medical Center Utrecht,
Netherlands, collected in April and May 2025. The
data consisted of patient records, with matching
physician- and GPT-generated discharge letters'.
GPT-4-turbo was used to generate the discharge
letters, accessed through a secure Azure OpenAl
deployment for patient data protection. Three error
categories were defined: (1) hallucinations, refer-
ring to facts generated in the discharge letter that
were not present in the patient record; (2) omis-
sions, referring to missing but relevant facts from
the patient record; and (3) trivial facts, referring
to non-essential information included in the dis-
charge letter. Annotations were performed by two
senior medical students and each error was subse-
quently verified and stratified according to its clini-
cal severity by at least one physician. Errors consid-
ered likely to impact clinical decision-making are
marked as "severe", whereas errors considered to
have little to no impact on clinical decision-making
are marked as "not severe".

Usability was rated by physicians on a 5-point
Likert scale based on the statement: “This draft
discharge letter can be used by a physician in clini-
cal practice with minimal adjustments.” The total
error count was defined as the number of unique
and correct annotations across both annotators. Six-
teen overlapping examples were used to assess the
Spearman correlation in the number of annotated
errors between the two annotators, which may act
as an approximate upper bound for the automatic
metrics (Table 2).

'Out of 318 examples, 145 were removed due to incom-
plete generated discharge letters, followed by a further 48
excluded due to incomplete annotations, resulting in 97 com-
plete examples.

Dutch Clinical Discharge Summary (N=97)

Document Mean (SD) Median IQR
Patient record 4581 (5018.2) 2974 1763-5435
Generation 320.3 (100.4) 304 240-384
Human ref 243.9 (116.3) 226 169-298

Annotations: Hallucination, Omission, Trivial Facts;
Usability (Likert 1-5)

Hallucinations-Generated-DI (N=100)

Document Mean (SD) Median IQR

Patient record 394 (153) 361.5 284-469
Generation 149 (46) 157 114-180
Human ref 153 (38) 134 124-180

Annotations: Hallucination

Table 1: Mean, median, and interquartile range (IQR)
of the number of tokens for each document type in both
datasets.

Halluc. Omission  Triv. MIMIC

All Sev. All Sev. All Sev. Halluc.
0 0.43 048 0.6 0.7 0.8 0.85 -
Mean 0.94 0.73 4.01 295 241 1.72 1.14
Median 1 0 2 1 2 1 0
SD 1 1 5 4 2 2 2

Max 111 22 22 9 9 7
IQR 0-1 0-1 0-6 04 14 0-3 0-1
%0 48 57 26 37 20 34 50

Table 2: Spearman’s correlation (p) between annotated
error counts of the two annotators and summary statis-
tics for error count (“All” vs. severe “Sev.” errors). "%0"
denotes the percentage of examples with zero annotated
erTors.

3.2 Hallucinations-Generated-DI

The second dataset (Hegselmann et al., 2024) con-
sists of patient records (i.e., preprocessed Brief
Hospital Course (BHC) from MIMIC-IV-Note
v2.2), doctor-written summaries (i.e., preprocessed
Discharge Instructions from MIMIC-IV-Note v2.2),
and LLM-generated summaries®. Hallucinations
were labeled by two trained medical students and
further categorized as unsupported, contradicted, or
incorrect facts. The total number of hallucinations
per summary across these categories was used in
the analyses.

Five LLMs were used to generate discharge summaries:
Llama2-70b, Llama2-70b-orig, Llama2-70b-cleaned, gpt4-
zero-shot, gpt4-orig, gpt4-cleaned. The cleaned suffix indi-
cates the model was trained or prompted with hallucination-
free examples. Twenty preprocessed BHC cases were used as
input to five models, yielding a total of 100 generated sum-
maries.
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4 Method

4.1 Automatic Metrics

The selection of metrics was based on previous
literature reviews and commonly used NLG eval-
uation metrics (Sai et al., 2020; Schmidtova et al.,
2024; de Hond et al., 2026). We include metrics
that (1) are applicable to non-English data3, (2) do
not rely on LLM-based methods, and (3) have pub-
licly available implementations. A total of 26 auto-
matic metrics are identified and evaluated against
counts of human-annotated errors. We categorize
metrics according to the criteria they measure and
the data required for the metric calculation (Table
3). Detailed descriptions of all evaluation metrics
are provided in Appendix B.

4.1.1 Reference-based

This set of metrics requires a reference standard, of-
ten a human-written clinical summary, for compari-
son. Metrics are grouped into three main categories
based on the aspect of quality they capture. Lexical
similarity metrics measure surface-level overlap
between generated and reference summaries using
n-gram and character-level matching, as well as
token-level distributional comparisons. Semantic
similarity metrics capture meaning equivalence
beyond exact lexical matches, which is particu-
larly important in abstractive summarization where
the same content may be expressed using different
wording or structure. Simplification metrics evalu-
ate the goodness of words that are added, deleted,
and kept by the system (i.e., LLMs) and are well-
suited to abstractive summarization involving com-
pression and abstraction.

4.1.2 Source-based

Source-based metrics use both the source text (i.e.,
patient record) and generated summaries as input.
These metrics may be more practical in real-world
settings as they do not depend on human-written
references, which are often costly to obtain in clin-
ical settings. Extractiveness measures the extent
to which the summary reuses text spans (i.e., ex-
tractive fragments) from the source. Degree of
abstraction captures the proportion of novel to-
kens not present in the source. Uniformity evalu-
ates whether information in the summary is evenly
drawn from across the source document, addressing

3Metrics trained primarily in general-domain English text
(e.g., BLEURT (Sellam et al., 2020), BARTScore (Yuan et al.,
2021)) are not included

layout bias where important content is concentrated
in specific sections (e.g., early sentences).

4.1.3 Generation only

This set of metrics quantifies the intrinsic linguistic
quality of the generated text without additional
references. Redundancy measures repetition in
generated text, computed as the average ROUGE-L
across all pairs of distinct sentences. Semantic
coherence captures the logical flow and sequential
consistency between sentences in the generation.
Diversity measures lexical variation in terms of
word and n-gram usage. Fluency is quantified
using perplexity under a fixed reference language
model, EuroLLM (Martins et al., 2025). Another
fluency metric is readability, which reflects the ease
or difficulty of text comprehension.

4.2 Statistical analysis of automatic metrics
against human-annotated errors

Correlations are computed between each automatic
metric and the total count of annotated hallucina-
tions, omissions, trivial facts, and usability scores.
Because error counts are discrete with many tied
observations and relationships are not assumed to
be linear, Kendall’s tau correlation is used as the
primary measure of correlation. Metrics are ranked
based on the absolute coefficient |7;|, while the
sign of 7, is used for the direction of associations.
Spearman’s correlations are also computed.

To further examine whether metrics with
stronger correlations to error annotations also dis-
tinguish between summaries with and without er-
rors, Mann—Whitney U tests are used. For each
error category, summaries are divided into two
groups: error-free and error-present summaries con-
taining at least one error. The three metrics with
the highest absolute correlation coefficients |73| for
each error category (i.e., the top three metrics in
each column of Table 4) are selected, and their met-
ric scores are compared between the two groups.
To account for multiple comparisons, p-values are
adjusted using the Benjamini-Hochberg procedure
to control the false discovery rate (FDR).

5 Result

Table 4 reports Kendall’s tau correlations between
automatic metrics and human evaluations. Spear-
man correlation coefficients are reported in Ap-
pendix A and show consistent trends. Metrics with
the highest absolute correlation coefficients remain
identical across error categories in both analyses.
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Required Reference

Evaluation Criteria

Method

Maetrics

Reference-based

Lexical similarity

Word-level overlap

BLEU (Papineni et al., 2001), METEOR
(Banerjee and Lavie, 2005), ROUGE-
N, ROUGE-L, ROUGE-S, ROUGE-W,
ROUGE-SU (Lin, 2004), NIST (Dod-
dington, 2002)

Character-level overlap

chrF (Popovié, 2015), chrF++ (Popovic,
2017)

Distribution comparison

Jensen—Shannon divergence (Lin, 1991)

Semantic similarity

Embedding-based simi-
larity

BERTScore (Zhang et al, 2019),
WEEMA4TS (Hailu et al., 2020), Mover-
Score (Zhao et al., 2019), Word
Mover’s Distance (WMD) (Kusner
et al., 2015), Sentence Mover Similar-
ity (SMS) (Clark et al., 2019), Sentence-
BERT (Reimers and Gurevych, 2019)

Simplification

Edit-based comparison

SARI(Xu et al., 2016)

Source-based

Extractiveness

N-gram/factoid ratio

Coverage, Compression, Density
(Grusky et al., 2018), Abstractivity
(Bommasani and Cardie, 2020)

Degree of abstraction

Source—generation ratio

Abstraction n-grams (Tang et al., 2023)

Uniformity

Entropy-based

Uniformity (Koh et al., 2023)

Generation-only

Redundancy

Self-overlap

ROUGE-L on generation (Bommasani
and Cardie, 2020)

Semantic coherence

Language model proba-
bility

BERT-based sentence-level probability
(Bommasani and Cardie, 2020)

Diversity Lexical diversity Distinct-1, Distinct-2 (Li et al., 2016),
Distinct-3, MTLD (McCarthy and
Jarvis, 2010), Self-BLEU (Zhu et al.,
2018)

Fluency Language model Perplexity (Vinyals and Le, 2015)

Linguistic features

Flesch Reading Ease Index (Flesch,
1948)

Table 3: Automatic evaluation metrics employed in this study, categorized by required reference type, evaluation

criteria, and method.

For hallucinations in the Dutch Clinical Dis-
charge Summary dataset, all metrics exhibit low
correlations; none of the absolute coefficients is
greater than 0.2. Despite low correlations, two
generation-only metrics, Self-BLEU (|7;| = 0.179,
n =97, p < .05) and readability (|7,| = 0.167, n
= 97, p < .05), show the largest absolute coeffi-
cients with all and severe hallucination errors, re-
spectively. Generation length (|7, = 0.169, n =
97, p < .05), included as a reference feature rather
than an evaluation metric, shows the second-largest
absolute coefficient with all hallucination errors.

For omissions, source-based metrics show mod-
erate correlations with omission errors (0.198 <
|75 < 0.529, n =97, p<.01), where compression
(|75 =0.529, n =97, p < .001) exhibit the strongest
correlation with all omissions errors, followed by
coverage (|7p| = 0.486, n =97, p < .001). Three
reference-based metrics, ROUGE-W, METEOR,
and BLEU unigram, have weaker correlations with
omission errors (0.262 < |7,| < 0.389,n =97, p<
.001).

For trivial facts, reference-based BLEU unigram
(|| =0.393, n =97, p < .001) and source-based
compression (|7,| = 0.348, n =97, p <.001) have
the largest absolute coefficients for both severity
categories, respectively. Generation length also
shows a relatively strong association, particularly
for all trivial facts (|7| = 0.31, n =97, p <.001).
For usability, none of the absolute coefficients is
higher than 0.3. The largest correlation is observed
for source-based metric uniformity (|7,| = 0.243, n
=97, p<.01).

For the MIMIC dataset, only hallucinations with-
out severity stratification are available for analysis.
None of the absolute coefficients is higher than 0.3,
with the largest absolute correlation observed for
reference-based metric Jensen-Shannon divergence
(|7p| = 0.273, n = 100, p < .001), followed by two
generation-only metrics, MTLD (|7;| = 0.268, n =
100, p < .001) and readability (|7| = 0.256, n =
100, p < .001).

The analysis of score differences between error-
free and error-present outputs using Mann-Whitney
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U tests is presented in Appendix C, considering
only the top three metrics with the highest absolute
coefficients per column in Table 4. Hallucination-
free outputs exhibit significantly higher Self-BLEU
scores than outputs containing at least one hal-
lucination (n = 97, FDR-adjusted p < .05, con-
sidering all severity). Omission-free outputs ex-
hibit significantly lower compression and cover-
age scores than omission-containing outputs (n =
97, FDR-adjusted p < .001, considering all sever-
ity). Outputs free of trivial facts have significantly
higher compression and BLEU unigram scores
than outputs containing trivial facts (n = 97, FDR-
adjusted p < .001, considering all severity). For the
MIMIC dataset, hallucination-free outputs have sig-
nificantly higher Jensen-Shannon divergence and
MTLD scores and lower readability scores than
outputs with at least one hallucination (n = 100,
FDR-adjusted p < .01).

6 Discussion

Across datasets and languages, we observe weak
correlations between automatic evaluation metrics
and hallucination errors. Readability consistently
showed relatively larger correlation coefficients
with hallucination errors in both Dutch and English
datasets, although these correlations remain weak.
These findings suggest that hallucination-related
quality issues are not adequately captured by stan-
dard automatic metrics, consistent with previous
work demonstrating that similarity-based metrics
are poorly aligned with factuality and faithfulness
in abstractive summarization (Maynez et al., 2020).
This discrepancy is expected, as hallucination and
textual similarity measure fundamentally different
aspects of summary quality. A high similarity score
does not necessarily indicate a factually faithful
summary. Our findings further question the suit-
ability of traditional automatic evaluation metrics
for assessing clinical summarization systems when
factual correctness is a primary concern.

In contrast, source-based metrics show greater
promise for identifying omission-related and trivial
facts quality issues. Compression and coverage
exhibit moderate correlations with omission errors
in the Dutch Clinical Discharge Summary dataset.
Higher compression and coverage values are asso-
ciated with increased omission-related errors, in-
dicating that summaries that compress longer pa-
tient records more aggressively are more likely to
omit clinically relevant information. In the oppo-

site direction, lightly compressed summaries are
more likely to contain trivial, irrelevant informa-
tion. Generation length, included as a sanity check
for length-related confounding, shows a stronger
association with trivial facts than with omissions.
This indicates that shorter summaries alone do not
necessarily imply more omissions; rather, the ratio
between the patient records and the generated sum-
maries provides additional information about omis-
sions. In clinical practice, this obvious, yet use-
ful result may prompt a physician to double-check
the contents of a clinical summary for omission
of important information or inclusion of irrelevant
information.

Weak correlations between automatic metrics
and usability ratings are observed in the Dutch
dataset. This result is perhaps unsurprising, as
usability is inherently subjective and depends on
human judgment regarding whether a summary is
clinically useful. Such judgments likely reflect
aspects beyond surface-level linguistic character-
istics, making them difficult to capture using text-
based features alone.

The highest correlated metrics, such as compres-
sion, coverage, BLEU unigram, and readability,
have discriminative ability for separating error-free
and error-present summaries, highlighting their
practical utility for identifying error-present exam-
ples for human review. However, the direction of
these correlations may flip depending on the nature
of the dataset inherent to its purpose. For exam-
ple, readability is higher for hallucination-free sum-
maries in the Dutch Clinical Discharge Summary
dataset but lower in the English MIMIC dataset.
This discrepancy could be due to the fact that, in
the MIMIC dataset, summaries were intended for
laypeople rather than other physicians. The LLMs
were prompted to "help the patient understand their
medical records" and to "avoid using medical jar-
gon," (Hegselmann et al., 2024) requiring them to
translate complex medical information into simpli-
fied language. While this approach may improve
readability, the simplification process could also in-
crease the risk of hallucinations by encouraging the
model to paraphrase or infer information beyond
the patient records.

Identifying automatic metrics that generalize
across datasets and languages remains challeng-
ing. The lack of consistent correlations between
automatic metrics and hallucination errors across
datasets may be due to the differences in dataset
composition in terms of annotation protocols, defi-
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Dutch Clinical Discharge Summary (N=97) MIMIC (N=100)
Hallucinations Omissions Trivial facts Usability Hallucinations
Error severity All Sev. All Sev. All Sev.
Reference-based
BLEU -0.055 -0.062 | 0.009 0.035 | -0.100 0.066 0.059 0.058
BLEU (unigram) -0.046 -0.034 | 0330 0262 | -0.393 -0.309 0.175 0.177
BLEU (bigram) -0.110  -0.104 | 0.183  0.158 | -0.268 -0.146 0.194 0.175
BLEU (trigram) -0.063 -0.066 | 0.117  0.135 | -0.207 -0.066 0.110 0.191
BLEU (4gram) -0.081 -0.045 | 0.080  0.110 | -0.236  -0.036 0.048 0.014
chrF+ 0.034  -0.064 | -0.124 -0.139 | 0.136  0.174 0.058 -0.100
chrF++ 0.038 -0.060 | -0.115 -0.129 | 0.135  0.168 0.053 -0.113
Lexical similarity JS div. 0.065 0.076 | -0.271 -0.181 | 0.282  0.230 -0.212 -0.273
METEOR -0.016 -0.027 | -0.331 -0.267 | 0.173  0.289 -0.018 -0.080
NIST -0.012  -0.071 | 0.101 0.060 | -0.114  -0.081 0.061 0.037
ROUGE-s4 -0.095 -0.052 | -0.069 -0.058 | -0.156 -0.024 0.084 0.012
ROUGE-su4 -0.086 -0.057 | -0.038 -0.043 | -0.182 -0.062 0.124 0.019
ROUGE-W-1.2 -0.072  -0.083 | -0.389 -0.367 | 0.074  0.128 -0.008 -0.033
ROUGE1 -0.071 -0.069 | 0.064  0.024 | -0.229 -0.149 0.206 0.014
ROUGE2 -0.063  -0.042 | -0.055 -0.035 | -0.109 0.018 0.051 -0.003
ROUGEL -0.066  -0.102 | -0.138  -0.203 | -0.154 -0.096 0.130 0.024
BERTScore (F1) -0.032  -0.034 | 0.219  0.164 | -0.149 -0.146 0.214 0.043
BERTScore (Precision) | -0.020 -0.013 | 0.255  0.190 | -0.187 -0.174 0.206 0.158
BERTScore(Recall) -0.033 -0.041 | 0.160 0.114 | -0.129 -0.124 0.210 -0.079
Semantic similarity WEEMATS -0.036 -0.061 | 0.163  0.111 | -0.079 -0.097 0.102 -0.021
MoverScore -0.092 -0.151 | 0.060 -0.034 | -0.148 -0.148 0.087 0.024
WMD 0.111 0.102 | -0.112  -0.130 | 0.032  0.030 -0.166 0.091
Sentence-BERT 0.047  -0.056 | 0.184  0.124 | -0.087 -0.114 0.210 0.218
SMS -0.079  0.025 0.194  0.199 | -0.195 -0.082 0.062 -0.133
Simplification SARI -0.021  -0.029 | -0.008 -0.015 | -0.087 -0.015 0.149 -0.030
Source-based
Compression 0.090 0.122 | 0.529 0.446 | -0.322 -0.348 0.147 0.165
Extractiveness Coverage 0.055  0.048 0486 0434 | -0.246 -0.195 0.137 -0.043
Density 0.021 0.003 0323 0362 | -0.138 -0.053 0.075 -0.076
Abstractivity 0.121 0.074 | -0.262 -0.267 | 0293  0.156 -0.032 -0.040
Degree of abstraction Abstraction (unigram) -0.028 -0.006 | -0.525 -0.434 | 0.269  0.241 -0.149 -0.001
Abstraction (bigram) -0.039 -0.028 | -0.370 -0.412 | 0.122  0.069 -0.082 0.126
Uniformity Uniformity 0.049  0.026 | 0.268 0.198 | -0.203 -0.207 0.243 -0.023
Generation only
ROUGEI (red.) 0.023  -0.024 | 0.104 -0.009 | -0.025 -0.137 0.041 0.102
Redundancy ROUGE?2 (red.) 0.140  0.098 0.134  0.067 | -0.115 -0.147 0.041 0.165
ROUGEL (red.) 0.040 -0.008 | 0.127  0.009 | -0.055 -0.171 0.038 0.169
Semantic coherence Coherence 0.108 0.071 0.190 0.183 | -0.046 -0.109 0.051 -0.153
Distinct-1 0.032  0.017 | -0.057 0.005 0.175  0.145 0.053 -0.098
Distinct-2 0.041 0.027 | -0.053 0.013 0.196  0.159 0.047 -0.181
Diversity Distinct-3 0.052  0.036 | -0.054 0.011 0.203  0.163 0.047 -0.153
MTLD -0.055 0.011 | -0.073  0.006 | -0.062  0.045 -0.096 -0.268
Self-BLEU -0.179  -0.136 | -0.041 -0.015 | 0.003  0.078 0.050 0.073
Fluency Perplexity -0.048 -0.031 | 0.053 0.033 | -0.021 -0.061 0.016 -0.251
Readability -0.125  -0.167 | -0.255 -0.274 | 0.094  0.075 -0.076 0.256
Others
Generation length [ 0169 0106 [ -0045 -0.020 [ 0310 0.197 [ 0014 | -0.150

Table 4: Kendall’s tau correlations between human evaluation criteria and automatic metrics across datasets. Bold
values indicate the highest absolute correlation coefficient within each column.

nitions of hallucination, or dataset characteristics.
The relatively small sample size may lead to less
precise estimates of the coefficients and should be
considered when interpreting their magnitude. Fur-
thermore, the lower inter-annotator agreement for
hallucination errors may also affect the reliability
of the correlations. This suggests that the results
may not be stable and should be interpreted with
caution.

From a practical perspective, our findings high-
light the continued value of simple, computation-
ally inexpensive metrics such as compression, cov-
erage, and readability. Although none of these

metrics alone provides a reliable assessment of
summary quality, they do not require costly human-
written reference summaries, making them attrac-
tive for real-world assessment scenarios and con-
tinuous monitoring of LLM-based applications.
Rather than serving as standalone quality indica-
tors, these lightweight metrics could be used to flag
potentially problematic summaries prioritized for
human review, thereby supporting more efficient
quality assurance in real-world settings.

550



7 Conclusion

We benchmark 26 evaluation metrics on real-world
LLM-generated clinical discharge summaries in
both Dutch and English datasets, assessing their
correlations with clinically critical errors, includ-
ing hallucinations, omissions, and trivial facts.
Across datasets and languages, we find no con-
sistent strong correlations between standard auto-
matic metrics and hallucinations. In contrast, we
show that simple source-based metrics exhibit mod-
erate correlations with omissions and trivial facts
despite their lightweight design. Overall, our find-
ings challenge the adequacy of current automatic
evaluation practices for hallucination detection in
clinical summarization and highlight the potential
of simple source-based metrics to prioritize human
review for clinical summaries that may contain er-
rors.

Limitations: LLM-based metrics were deliber-
ately not included in the analysis, as we focused on
metrics that are readily developed and can be eas-
ily monitored in real-world clinical settings in this
work. In future work, we plan to evaluate discharge
summaries across multiple quality dimensions us-
ing both open and proprietary LLMs as judges on
Dutch datasets. Our analysis is restricted to largely
language-agnostic automatic metrics. Existing fac-
tuality evaluation approaches are predominantly
English-centric and rely on QA- or NLI-based mod-
els that do not generalize reliably to Dutch clinical
text. This highlights the need for factuality eval-
uation methods for non-English clinical summa-
rization. Although many metric implementations
are publicly available, discrepancies in preprocess-
ing, tokenization, and input formatting may reduce
reproducibility and comparability across studies.
Standardized and transparently reported evaluation
protocols would improve the comparability of au-
tomatic evaluations.

Supplementary Materials Availability State-
ment: Source code is available on Github*. The
Dutch Clinical Discharge Summary dataset can-
not be made available because it contains private
patient data. Hallucinations-Generated-DI is avail-
able through PhysioNet.

4https ://github.com/yuwenchen31/automatic_
evaluation_clinical_summary

5https ://physionet.org/content/ann-pt-summ/1.
0.1/
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A Appendix

Dutch Clinical Discharge Summary (N=97) MIMIC (N=100)
Hallucinations Omissions Trivial facts Usability Hallucinations
Error Severity All Sev. All Sev. All Sev.
Reference-based
BLEU -0.071 -0.08 0.015 0.051 | -0.133  0.079 0.079 0.076
BLEU (unigram) -0.06  -0.044 | 0456  0.355 | -0.521 -0.411 0.239 0.236
BLEU (bigram) -0.149  -0.137 | 0.255 0216 | -0.358 -0.193 0.252 0.235
BLEU (trigram) -0.084  -0.089 | 0.177 0.193 | -0.277 -0.095 0.145 0.250
BLEU (4 gram) -0.109 -0.057 | 0.122  0.162 | -0.318 -0.047 0.068 0.02
chrf+ 0.043  -0.083 | -0.175 -0.19 0.177  0.228 0.067 -0.129
chrf++ 0.049 -0.078 | -0.16 -0.175 | 0.176  0.222 0.06 -0.147
Lexical similarity JS div. 0.083 0.1 -0.369  -0.235 | 0393  0.316 -0.278 -0.36
METEOR -0.017 -0.034 | -0.443 -0.358 | 0.241 0.385 -0.024 -0.109
NIST -0.017 -0.091 | 0.134  0.079 | -0.142 -0.093 0.076 0.061
ROUGE-s4 -0.121  -0.068 | -0.098  -0.08 | -0.201 -0.026 0.104 0.014
ROUGE-su4 -0.113  -0.074 | -0.047 -0.059 | -0.252  -0.083 0.161 0.023
ROUGE-W-1.2 -0.092  -0.102 | -0.519 -0.481 0.098  0.167 -0.009 -0.04
ROUGE1 -0.089  -0.087 | 0.088 0.028 | -0.320 -0.204 0.267 0.022
ROUGE2 -0.083  -0.055 | -0.089 -0.052 | -0.157 0.022 0.071 -0.004
ROUGEL -0.088 -0.135 | -0.194 -0.276 | -0.215 -0.13 0.171 0.029
BERTScore (f1) -0.037 -0.041 | 0292 0217 | -0.206 -0.193 0.277 0.057
BERTScore (precision) | -0.025 -0.018 | 0.343 0.256 | -0.250 -0.231 0.271 0.210
BERTScore (recall) -0.038 -0.052 | 0220 0.154 | -0.173 -0.162 0.276 -0.102
Semantic similarity WEEMA4TS -0.047  -0.081 0226  0.149 | -0.103 -0.124 0.137 -0.027
MoverScore -0.118  -0.195 0.09 -0.051 | -0.187 -0.184 0.114 0.033
WMD 0.143 0.131 | -0.149 -0.177 0.05 0.042 -0.227 0.117
Sentence-BERT 0.06 -0.071 | 0.249  0.166 | -0.121 -0.152 0.279 0.267
SMS -0.107 0.03 0.275 0278 | -0.261  -0.103 0.081 -0.185
Simplification SARI -0.028 -0.038 | -0.009 -0.024 | -0.123 -0.022 0.193 -0.034
Source-based
Compression 0.118 0.156 0.696  0.579 | -0.448 -0.459 0.185 0.225
Bxtractiveness Coverage 0.071 0.063 0.645 0.573 | -0.348 -0.266 0.177 -0.06
Density 0.031 0.003 0444 0484 | -0.191 -0.07 0.105 -0.096
Abstractivity 0.162  0.099 | -0.370 -0.368 | 0.408  0.215 -0.048 -0.061
Degree of abstraction Abstraction (unigram) -0.035  -0.006 | -0.693 -0.575 | 0.376  0.330 -0.196 0
Abstraction (bigram) -0.053  -0.036 | -0.508 -0.550 | 0.171 0.092 -0.114 0.164
Uniformity Uniformity 0.071 0.037 0367 0272 | -0.286 -0.284 0.313 -0.029
Generation only
ROUGEI (red.) 0.033  -0.031 0.13 -0.026 | -0.031 -0.174 0.062 0.136
Redundancy ROUGE?2 (red.) 0.181 0.127 0.198 0.093 | -0.172 -0.201 0.05 0.214
ROUGEL (red.) 0.054  -0.008 | 0.161 0.005 | -0.072 -0.220 0.047 0.231
Semantic coherence Coherence 0.145 0.093 0.268 0.247 | -0.067 -0.144 0.069 -0.167
Distinct-1 0.051 0.026 | -0.084 0.013 0245  0.197 0.075 -0.129
Distinct-2 0.059  0.034 | -0.074  0.021 0274 0214 0.067 -0.232
Diversity Distinct-3 0.072  0.044 | -0.071  0.023 0283  0.221 0.068 -0.196
MTLD -0.067 0.016 | -0.091 0.018 | -0.094 0.061 -0.116 -0.352
Self-BLEU -0.240  -0.175 | -0.056 -0.013 | 0.014 0.11 0.066 0.102
Fluency Perplexity -0.068 -0.041 | 0.072 0.044 | -0.019 -0.08 0.02 -0.321
Readability -0.158  -0.208 | -0.360 -0.373 | 0.132  0.108 -0.096 0.335
Others
Generation length [ 0218 0.134 [ -0063 -0.015 [ 0404 0266 | 0.027 | -0.198

Table 5: Spearman correlations between human evaluation criteria and automatic metrics across datasets. Bold
values indicate the highest absolute correlation coefficient within each evaluation column.
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B Appendix

Detailed descriptions of automatic metrics used in
this study.

B.1 Lexical similarity

e BLEU/ NIST: N-gram precision between gen-
eration and reference. NIST is a variant of
BLEU that weights rare n-grams more heav-

ily.

* METEOR: Alignment between generation
and reference using exact word matches, stem-
ming, and synonymy

* ROUGE-N: Recall of overlapping n-grams

* ROUGE-L / ROUGE-W (weighted LCS):
Longest common subsequence similarity
(weighted for ROUGE-W)

* ROUGE-S (skipbigram) / ROUGE-SU (skip-
bigram plus unigram): Skip-bigram (i.e., pairs
of words in the same sentence order, with ar-
bitrary words in between) overlap

e chrF / chrF++: Character n-gram overlap (up
to 6 characters) between generation and ref-
erence. chrF++ includes unigram and bigram
overlaps.

 Jensen-Shannon divergence: The statistical
similarity between unigram probability distri-
butions.

B.2 Semantic similarity

* BERTScore / Sentence BERT: Semantic simi-
larity with contextual token/sentence embed-
dings

* WEEMA4TS: Combination of unigram recall
and bigram precision between generation and
reference with exact wording and semantic
embeddings

* Word Mover’s Distance (WMD) / Sentence
Mover Similarity (SMS) / MoverScore: Se-
mantic distance or transport cost between
word or sentence embeddings of the gener-
ation and reference

B.3 Simplification

* SARI: The goodness of words that are added,
deleted, and kept by the system (i.e., LLMs)

B.4 Extractiveness

* Coverage: The extent to which a summary
is derivative of a text. It is calculated as the
percentage of words in the summaries that are
part of an extractive fragment®.

* Compression: The ratio between the length of
patient records and the summary

* Density: How much of a summary is made up
of copied spans from the source, giving more
weight to longer extractive fragments

 Abstractivity: Derived from density and re-
flects how novel and non-extractive a gener-
ated summary is

B.5 Degree of abstraction

* Abstraction n-grams: The percentage of novel
n-grams (i.e., words that are not in the patient
records) in the generated summaries

B.6 Uniformity

* Uniformity: Normalized entropy of decile
positions of salient unigrams in the patient
record, where salient unigrams are the top 20
keywords extracted’ from the generated sum-
mary, excluding stopwords

B.7 Redundancy

* ROUGE-L on generation: ROUGE-L F1-
score across all pairs of distinct sentences in
the generated text

B.8 Semantic coherence

* BERT-based sentence-level probability: The
probability of each successive sentence condi-
tioned on the preceding one using the Bidirec-
tional Encoder Representations from Trans-
formers (BERT) language model

B.9 Diversity

* Distinct-1, Distinct-2, Distinct-3: The number
of distinct unigrams, bigrams, and trigrams
while accounting for long sentences in gener-
ated summaries

* Measure of textual lexical diversity (MTLD):
The average number of words it takes to reach
a target type-token ratio (TTR) stabilization
(set at 0.72)

®Extractive fragments were first identified as the set of
shared sequences of tokens in patient records and generated
summaries.

"NLTK-RAKE is used to extract keywords.



* selfBLEU: The degree of repetition in gener-
ated text by computing how similar a sentence
is to other generated sentences.

B.10 Fluency

» Perplexity: A language model’s uncertainty
in predicting the next token in a sequence.
Lower perplexity indicates better next-token
prediction and higher confidence under the
model’s learned distribution.

* Flesch Reading Ease Index:
206.835 — (1.015 x ASL) — (84.6 x ASW)

ASLL = average sentence length
(words/sentences).

ASW = average syllables per word (sylla-
bles/words).
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C Appendix

. No error Error .
Error type Metric v size Median score | size Median score FDR-adjusted p
Abstractivity 1042 | 47 1] 50 1 0.339
All hallucinations Readability 1435 | 47 38.07 50 32.89 0.073
Self-BLEU 1471 | 47 1.34 50 0.78 0.042*
Readability 1497 | 55 38.07 42 32.22 0.019*
Severe hallucinations Self-BLEU 1395 | 55 1.22 42 0.84 0.091
MoverScore 1374 | 55 0.45 42 0.44 0.118
Abstractivity 1244 | 25 1 72 1 0.008%%*
All omissions Compression 264 | 25 495 72 12.90 2.87e-06%***
Coverage 328 | 25 0.66 | 72 0.75 1.46e-05%**%*
Abstractivity 1419 | 36 1 61 1 0.023*
Severe omissions Compression 533 | 36 6.01 | 61 12.61 7.48e-05%***
Coverage 492 | 36 0.69 | 61 0.77 2.61e-05%**
Abstractivity 398 | 19 0.99 | 78 1 0.003**
All trivial facts Compression 1235 | 19 23.20 78 7.53 2.61e-05%**
BLEU unigram | 1270 | 19 43.35 78 25.24 1.40e-05***
Compression 1559 | 33 17.54 64 7.30 2.93e-04%***
Severe trivial facts BLEU unigram | 1596 | 33 39.02 64 24.64 1.03e-04%**
JS divergence 574 | 33 025 64 0.28 4.92e-04+**
JS divergence | 1720 | 50 0.26 50 0.23 0.002**
Hallucinations (MIMIC) | MTLD 1720 | 50 74.07 50 58.38 0.002**
Readability 875 | 50 70.65 | 50 77.74 0.010%*

Table 6: Mann-Whitney U test results comparing metric scores between error-free and error-present outputs. For
each error type, we report the three metrics with the highest absolute coefficients (Itbl) from Table 4. The symbol | in
the No Error column indicates that the metric scores are lower in the error-free group than in the error-present group.
In the MIMIC hallucination analysis, Jensen—Shannon divergence and MTLD yielded identical Mann—Whitney
U statistics and p-values because both metrics produced the same rank-sum separation between the error-free and
error-present groups, with identical group sizes (n = 50 per group). Significance are denoted by * (p < 0.05), **
(p < 0.01), and *** (p < 0.001).
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