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Abstract

ICD coding is the process of mapping un-
structured text from Electronic Health Records
(EHRs) to standardised codes defined by the
International Classification of Diseases (ICD)
system. In order to promote trust and trans-
parency, existing explorations on the explain-
ability of ICD coding models primarily rely
on attention-based rationales and qualitative as-
sessments conducted by physicians, yet lack a
systematic evaluation across diverse types of
rationales using consistent criteria and high-
quality rationale-annotated datasets specifically
designed for the ICD coding task. Moreover,
dedicated methods explicitly trained to gen-
erate plausible rationales remain scarce. In
this work, we present evaluations of the ex-
plainability of rationales in ICD coding, fo-
cusing on two fundamental dimensions: faith-
fulness and plausibility—in short how ratio-
nales influence model decisions and how con-
vincing humans find them. For plausibility,
we construct a novel, multi-granular rationale-
annotated ICD coding dataset, based on the
MIMIC-IV database and the updated ICD-10
coding system. We conduct a comprehen-
sive evaluation across three types of ICD cod-
ing rationales: entity-level mentions automat-
ically constructed via entity linking, LLM-
generated rationales, and rationales based on
attention scores of ICD coding models. Build-
ing upon the strong plausibility exhibited by
LLM-generated rationales, we further lever-
age them as distant supervision signals to de-
velop rationale learning methods. Addition-
ally, by prompting the LLM with few-shot
human-annotated examples from our dataset,
we achieve notable improvements in the plausi-
bility of rationale generation in both the teacher
LLM and the student rationale learning models.

1 Introduction

Clinical coding is the process of translating free-
text descriptions in patients’ Electronic Health
Records (EHRs) into standardized codes, serving a

critical role in billing, reimbursement, auditing, and
decision support within healthcare systems (Blun-
dell, 2023). In this study, we focus on ICD coding—
the document-level assignment of codes from the
International Classification of Diseases (ICD) sys-
tem (Tzitzivacos, 2007), which provides hierarchi-
cal alphanumeric identifiers representing medical
diagnoses and procedures.

ICD coding relies on manual efforts by trained
professionals, which is costly, labour-intensive, and
error-prone (Nguyen et al., 2018). To mitigate
these challenges, rule-based systems were devel-
oped (Pereira et al., 2006; Crammer et al., 2007),
followed by machine learning approaches such as
Support Vector Machines (SVM) (Lita et al., 2008).
With the rise of deep learning, approaches based on
like Gated Recurrent Units (GRUs) (Catling et al.,
2018) and Convolutional Neural Networks (CNNs)
(Karimi et al., 2017) substantially improved coding
efficiency and accuracy. More recently, attention-
based architectures (Liu et al., 2021; Van Aken
et al., 2022; Yuan et al., 2022) such as transformers
(Michalopoulos et al., 2022; Yogarajan et al., 2022;
Yang et al., 2022) have been adopted, consistently
achieving state-of-the-art results on clinical coding
benchmarks.

Although these methods have achieved notable
success in ICD coding, their inherent lack of ex-
plainability poses a major challenge for understand-
ing and interpreting model decisions. This limita-
tion may undermine trust and transparency, which
are critical for enabling healthcare professionals
and patients to rely on Al-driven recommenda-
tions (Amann et al., 2020). To address this is-
sue, researchers have increasingly developed meth-
ods that provide reliable explanations, often by
extracting short text snippets (rationales) using at-
tention mechanisms. For the evaluation of these
explanations, some prior studies rely on physi-
cians’ assessments, which are based on various
evaluation rubrics; while others use the only exist-

4969

Proceedings of the 19th Conference of the European Chapter of the Association for Computational Linguistics
Volume 1: Long Papers, pages 4969-5003
March 24-29, 2026 ©2026 Association for Computational Linguistics



ing rationale-annotated resource, MDACE (Cheng
et al., 2023), based on MIMIC-III and thus using
the outdated ICD-9 system. Furthermore, MDACE
was re-annotated with new codes, resulting in a
significant label distribution shift from the original
MIMIC-III labels, exacerbating the evaluation of
training-based approaches.

These issues reveal three main gaps in this task:
(a) the absence of a rationale (evidence) dataset
specifically designed for the ICD coding task and
constructed based on modern resources; (b) limited
explorations of different types of rationales—as
most existing studies focus exclusively on ratio-
nales derived from attention scores—and thus a
lack of their consistent comparative evaluation; and
(c) the absence into rationale learning approaches
given large-scale supervised datasets required for
effective training do not exist.

To address this gap, we comprehensively eval-
uate the quality of rationales in ICD coding from
the angles of faithfulness and plausibility—in short,
how rationales affect model classificatio ndecisions
and how plausible human annotators find them—
following Edin et al. (2024). Specifically, we
systematically evaluate three types of rationales,
which is enabled by a new rationale dataset we in-
troduce in this paper. Finally, we explore two ratio-
nale learning approaches and examine the benefits
of leveraging few-shot examples from our dataset
for rationale generation and rationale learning. Our
key contributions' are summarised below:

* We construct a new rationale dataset for ICD
coding task specifically based on the up-to-date
MIMIC-IV benchmark with ICD-10 coding sys-
tem for plausibility evaluation. This dataset pro-
vides richer rationales across multiple levels of
granularity.

* We conduct a comprehensive comparison of ra-
tionale plausibility across three types: (1) naive
entity-level rationales derived from an entity
linking dataset; (2) strong LLM-generated ra-
tionales, generated by both cloud-based and lo-
cally deployed LLMs; and (3) model-generated
rationales, including both unsupervised and su-
pervised approaches.

'The annotated rationale dataset, the code used in this
study, and the Gemini-generated rationale dataset cover-
ing 122K MIMIC-IV ICD-10 documents are publicly avail-
able at: https://github.com/mingyangligithub/ICD-Coding-
Explainability-Evaluation.

* We investigate two rationale learning
approaches—multi-objective  learning and
a named entity recognition (NER) formula-
tion—supervised by LLM-generated weak
rationale labels.

* We demonstrate that leveraging few-shot human-
annotated examples from our rationale dataset
further improves both rationale generation and
rationale learning.

2 Related Work

Rationale Snippets. In one of the seminal stud-
ies on model explainability in clinical coding, Mul-
lenbach et al. (2018) focus on extracting the most
influential text snippets associated with predicted
labels based on the importance values (attention
weights) to n-grams in the discharge summaries.
Lovelace et al. (2020) follow the same idea, but
apply attention mechanisms over multiple convo-
lutional filters of different lengths, which allow
them to consider variable spans of text. Dong et al.
(2021) build a Hierarchical Label-wise Attention
Network (HLAN), which has label-wise word-level
and sentence-level attention mechanisms, provid-
ing more comprehensive explanations for each la-
bel by highlighting key words and sentences. Wang
et al. (2022) visualise the attention distribution to
provide explanations. Similarly, Gao et al. (2024)
design heatmap visualisation to help coders better
understand the inference logic from the notes.

Evaluation Methods and Rationale Learning.
Mullenbach et al. (2018) evaluate the models’ ef-
fectiveness in identifying highly informative ra-
tionales by a physician’s assessment. Kim et al.
(2022) assess explainability using human-grounded
evaluation, where annotators rate each explanation
rationale for a predicted code as highly informa-
tive, informative, or irrelevant. Van Aken et al.
(2022) evaluate the explainability by faithfulness
and conduct a manual analysis to judge whether
highlighted tokens and prototypical patients aided
decision-making. These studies primarily focus
on evaluating the attention-based rationales. Edin
et al. (2024) additionally assess the explainabil-
ity of gradient-based and perturbation-based ratio-
nales. Furhtermore, both Cheng et al. (2023) and
Edin et al. (2024) investigate whether rationales
can be learned jointly with the main task of ICD
coding (multi-objective), but their approaches are
constrained by the small size of the dataset and the
limited set of labels that it covers.
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In this work, we examine whether other types
of rationales, specifically those produced by en-
tity linking and large language models (LLM), can
serve as effective explanations. We further pro-
pose a new rationale learning approach based on
an NER formulation, which surpasses the multi-
objective learning approach in generating plausible
rationales. Moreover, we examine the effective-
ness of LLM-generated labels in addressing the
limitations of scarce and biased supervised data.

Data Limitation. To facilitate automated evalu-
ation of rationales Cheng et al. (2023) introduced
MDACE, the only existing rationale-annotated ICD
coding dataset other than the one we present in this
paper. However, MDACE exhibits several limita-
tions that limit its suitability to be the de-facto stan-
dard of rationale evaluation of ICD coding models:

Distribution Shift: The MDACE annotations are
conducted independently of existing MIMIC-III
labels, by coding each chart from scratch?. Fur-
thermore, coders used ICD-10 in line with their
experience, which were subsequently mapped to
ICD-9. This results in a significant code distribu-
tion shift from the standard MIMIC-III training
set. Specifically, overlap for both Top-50 and all
codesis only 37.00% and 14.59% on average per
document, respectively. Notably, 40 new ICD-
9 are introduced in MDACE, while 725 out of
1,281 codes in the Full setting are completely omit-
ted. As a consequence, the performance of PLM-
ICD (Huang et al., 2022) drops from 78.02% Preci-
sion@8 on the official MIMIC-III to only 55.34%
on MDACE (Appendix D for more details); thus,
MDACE significantly underestimates the perfor-
mance of trained models.

Sparse Rationale Annotations: Most ICD codes
have very sparse rationale annotations, often lim-
ited to a single instance. Such limited coverage
may omit valid generated rationales, which iden-
tify other statements that support the classification,
such as repeated mentions of the same finding or
drug that supports a diagnosis.

Outdated Relevance of MIMIC-II1: With the ob-
soletion of ICD-9, the relevance of MIMIC-III
vanes for ICD coding research—recent work uses
the more recent MIMIC-IV dataset with ICD-10
annotation.

Taken together, these observations mandate a
strong need to develop a modern rationale annota-

2coders could consult the original ICD-9 codes for refer-
ence
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Figure 1: Faithfulness testing workflow. Sufficiency
and comprehensiveness are evaluated by retaining or
removing rationales from the original documents and
using the modified texts as inputs to the trained ICD
coding models.

tion resource specifically for ICD coding. We heed
the call in this paper by introducing a rationale-
annotated dataset, based on MIMIC-IV and its ICD-
10 code annotations. We demonstrate further util-
ity of this resource by using instances as few-shot
examples to prompt LLMs, which benefits both
rationale generation and rationale learning.

3 Preliminary on Explainable ICD
Coding

ICD coding is treated as a multi-label classifica-
tion task. It assigns ICD codes based on a pa-
tient’s clinical record, describing their diseases
or procedures. We consider clinical documents,
each of which is a discharge summary denoted as
x; = {ti1,ti2,...,t; N, }, consisting of N; tokens.
The ICD coding model computes a label distribu-
tion over N labels for the input x;, i.e., f(x;) =
Pi = [Pi,1,Pi2, - - -, Dpi,N,]. The final codes are se-
lected by thresholding the predicted probabilities

1, ifpu >T

with0 <7 < 1,ie, g;; = for

0, otherwise’
1=1,2,...,N,.

To enable explainable ICD coding, the prediction
models are expected to provide rationale explaining
the decision making. The family of attention-driven
ICD coding models achieves this by flagging key
text rationales influential to the prediction using
attention weights. We select three attention-driven
ICD coding models: CAML, LAAT and PLM-ICD.
They compute an attention weight a; j; for each
token t; ; and for each label [. Specifically, CAML
(Mullenbach et al., 2018) employs a single-filter
CNN to encode the input text and computes the
attention weight by @; ;; = softmax(ul t;). LAAT
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Table 1: Statistics of RD-IV-10 and MDACE. The statis-
tics are computed based on annotations from documents
that appear in the ICD coding datasets. A / B: A repre-
sents the statistics of the rationale datasets, and B rep-
resents the statistics of MIMIC-IV ICD-10 (compared
with RD-IV-10) and MIMIC-III ICD-10 (compared with
MDACE).

Statistics RD-IV-10 MDACE
No. documents 150 354
Tokens / doc 1690.63 1837.27
Codes / doc 14.82/16.15 11.57/17.54
Code overlap (Full / Top-50) 93.15% / 83.88% 37.00% / 14.59%
No. codes 222372422 4096 / 6208
No. distinct codes 989 /1044 119571381
No. annotations 5391 4992
Annotations / doc 35.94 14.10
Tokens / annotation 5.44 2.13
RD-IV-10 MDACE
110 50 164 110 139 189
E785 55 114 E785 13p°
27901 2 8 12510 g 117
14891 ey 69 14891 6 101
E119 2 61 E119 62 8¢
1480 =13 57 787891 7k
12510 2% 1959 47 63
K219 34 % F32A 567
F329 30753 Annotations K219 34 Annotations
F419 57048 Code Frequency 189 36152 Code Frequency
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Count Count

Figure 2: Statistics of code and annotation frequencies
for the top 10 codes in RD-IV-10 and MDACE. RD-
IV-10 provides richer annotations for each label than
MDACE.

(Vu et al., 2020) shares the same underlying frame-
work as CAML, but leverages a BILSTM to repre-
sent the input text x; and computes the attention
weight by @; ;; = softmax (u] tanh(Wt;)), in-
troducing an additional weight matrix W ;. PLM-
ICD (Huang et al., 2022) utilizes a transformer
pre-trained on biomedical and clinical texts to en-
code the input text, and employs the same attention
layer as LAAT. The attention weights are then used
to compute a label-aware document representation
by h;; = Z;V:t 1 @i,j1 tj. Together with the label
representation vector z;, h; ; is used to estimate the
label probability by p;; = O'(ZTfliJ) through the
sigmoid function o. These models are trained by
minimizing a binary cross-entropy loss:

Np N;
1 N N
Leoting = =7 > > [yialog i+ (1 — i) log(1 — i)
=1 l=1

ey
where Np denotes the document number. Ratio-
nales are then extracted by selecting top p% tokens
or fop N tokens with the highest attention weights.

4 An Empirical Analysis of ICD
Rationales

4.1 Evaluation Metrics

Explainability is typically evaluated from two com-
plementary perspectives (Mendez Guzman et al.,
2024): a) Model-centric faithfulness, assessing how
accurate the extracted rationales reflect the internal
reasoning of the prediction models. b) Human-
centric plausibility, measuring how convincing the
rationales appear to people.

Faithfulness. We denote the extracted rationale
for explaining why input x; is predicted to la-
bel [ by 1;;. Its faithfulness can be assessed by
two metrics, including sufficiency and compre-
hensiveness (DeYoung et al., 2019), quantifying
the effect of only retaining or removing rationales,
respectively. A rationale t;; is considered suf-
ficient if it enables a prediction that closely ap-
proximates the one produced by using the full in-
put x;. This motivates the sufficiency metric of
Suff = P(f(xi)) — P(f(%;;)), where P(-) de-
notes a used performance measure for ICD coding,
e.g., classification accuracy, precision and recall,
etc. Conversely, a highly comprehensive expla-
nation should significantly impact the model pre-
diction when the rationale f;; is removed. This
motivates the comprehensiveness metric that mea-
sures the prediction change when the rationale
r;; is excluded from the input x;, computed as
Comp = P(f(x;)) — P(f(x;\Fi;)). In general,
lower sufficiency and higher comprehensiveness
indicate better faithfulness.

Plausibility. A rationale is considered plausible
when it highlights text rationales that are perceived
by humans (e.g., domain experts) as relevant and
appropriate to support model prediction. We as-
sess plausibility by comparing the three types of
rationales with human-annotated rationales, using
the same matching metrics as in MDACE—exact /
position-independent (PI) token matches (TM) and
span matches (SM)—as in MDACE. To facilitate
this, we construct an rationale dataset as below.

4.2 Rationale Dataset Construction

"We introduce a new rationale dataset derived from

MIMIC-IV and aligned with the ICD-10 coding
system - RD-IV-10, annotated by medical profes-
sionals. It includes detailed annotations captur-
ing richer rationales supporting each code assign-
ment, such as direct and indirect mentions, medica-

4972



tions, and other pertinent clinical factors. Details
of dataset construction, including Data Selection,
Annotator, Annotation Guidelines, Annotation Plat-
form, Inter-Annotator Agreement and Details of
Data Processing are provided in Appendix C.

As shown in Table 1, the annotations in RD-
IV-10 much closely match the original distri-
bution of the ICD coding dataset compared to
MDACE—93.15% and 83.88% in the Full and
Top-50 settings, respectively, versus 37.00% and
14.59% in MDACE. We also report the specific
labels for which no supporting rationale could be
identified in Appendix C, offering further insight
into the annotation quality of the MIMIC-IV ICD-
10 dataset. Furthermore, our dataset provides richer
rationale: it includes an average of 35.94 ratio-
nale spans for 14.82 labels per document, whereas
MDACE contains only 14.10 spans for 11.57 labels.
Figure 2 further presents code-level statistics, show-
ing that the number of annotations far exceeds the
code frequency in the RD-IV-10 dataset. This con-
firms our earlier observation that MDACE typically
offers only a single piece of supporting rationale
per code. In addition, our dataset features more
comprehensive annotation formats across multiple
levels of granularity, including words, phrases, and
both complete and partial sentences. The average
length of each rationale span is also greater—5.44
tokens compared to 2.13 tokens in MDACE. A de-
tailed case study comparing the annotation quality
of the two datasets is presented in Appendix E.

4.3 Explainability Evaluation

We focus on examining the faithfulness of ra-
tionales extracted based on attention weights for
CAML, LAAT and PLM-ICD. These are model-
generated rationales produced with only supervi-
sion from ICD coding labels. The overall architec-
ture for testing faithfulness is illustrated in Figure 1.
In evaluating plausibility, we also analyze two addi-
tional types of rationales. One is

derived from an existing entity linking
dataset —- SNOMED CT Entity Linking Challenge
dataset (Hardman et al., 2023). This dataset links
ICD codes to direct named-entities appeared in
text, e.g., entities ‘type 2 diabetes’, ‘T2DM’, and
‘Diabetes II’ are linked to ICD-10 code ‘E11.9 —
Type 2 diabetes mellitus without complications’.
The other is strong LL.M-generated rationales.
We prompt LLLMs to extract rationale spans from
patient notes that support specific ICD code assign-
ments, and have observed that 2-Flash performs the

best. Given that LLMs occasionally fail to produce
spans that exactly match the original text, we de-
sign algorithms to align the generated spans back
to the original document. Details of our prompt
design and span alignment algorithm are provided
in Appendix B.

Motivated by the strong plausibility of LLM-
generated rationales, we incorporate supervi-
sion from rationale labels produced by the best-
performing Gemini 2-Flash model, with the
methodology detailed in the following section. Fig-
ure 3 illustrates representative examples of each
rationale type.

5 LLM-Guided Rationale Learning

LLMs have demonstrated strong performance
across a variety of tasks in the clinical domain.
Also, we have observed from the previous rationale
analysis that the LLM-generated rationales align
quite well with human-annotated rationales. This
motivates us to take advantage of LLMs, i.e., being
able to quickly identify rationale with reasonable
quality, and design LLM-guided rationale learning
approaches. We propose to use rationales produced
by prompting LLMs as distant supervision signal,
aiming at maximizing simultaneously classifica-
tion accuracy for ICD coding and plausibility of
the model-generated rationales.

Multi-objective Learning One way to embed
rational learning into ICD coding is to incorpo-
rate another learning objective alongside the pri-
mary classification objective of the ICD coding
model, minimizing the discrepancy between the
model-generated rationales (controlled by atten-
tion weights) and the provided rationale labels by
LLMs. We define the rationale labels associated
with a code label [ as r;;. To represent these ra-
tionales, we construct a binary mask matrix M, ;,
where a value of 1 indicates that the correspond-
ing token is part of the rationale, and O otherwise.
We design the following rationale generation loss
by applying binary cross-entropy to the attention
weights and rationale masks:

1 Np N; N

Liationale = _NiD Z Z Z [MNJ log a’iv.jvl
i=1 =1 j=1

+(1 = M;y,5) log(1 — aij1)] -

2

The final ICD coding model is trained by minimiz-
ing the combined loss of Lcoding + Lrationale-
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Naive Entity-level Rationale
Entity Linking Data

\
~B

Strong LLM-generated Rationale

DOCUMENT
Model-generated Rationale
Unsup. Appr. / Sup. Appr.

The patient presents with symptoms consistent with [related to the code E11.9?

type 2 Diabetes, including frequent urination,

Could you please select the spans which arel

increased thirst, and fatigue. A diagnosis of T2DM has /7y, patient presents with symptoms consistent with

been confirmed, and the patient has been started on
metformin 500 mg twice daily. The patient has a
known history of Diabetes Il and is being monitored

for glycemic control and potential complications.

E11.9
[Type 2 diabetes mellitus without complications ]

type 2 Diabetes, including frequent urination,
increased thirst, and fatigue. A diagnosis of T2DM
has been confirmed, and the patient has been started|
on metformin 500 mg twice daily. The patient has a
known history of Diabetes Il and is being monitored|
for glycemic control and potential complications.

RN ) Sup. Appr. - NER
- Multi-objective Learning
The patient presents with symptoms consistent with consistent (o]
type 2 Diabetes, including ffégliént urination, W'Eh R o
increased thirst, Hiilll fatigue. A diagnosis of [Jllll has type ! IB:I111£.39
= 1 - B
been confirmed, and the patient has been il on Diabstes| 1-E11.9
metformin 500 mg twice daily. The patient [iE8 a T o
known history of Diabetes Il and is being monitored including o
for glycemic control and potential complications. !frequent ! B-E11.9
'urination! I-E11.9
onweigncs O[] i
Attention Weights Rationales Codes

Figure 3: Examples of three types of rationales evaluated for plausibility. Unsup. / Sup. denote Unsupervised and

Supervised, separately. Appr. indicates Approach.
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Figure 4: Faithfulness results of ICD coding models on four MIMIC datasets. The y-axis represents the decrease
ratio, computed based on Precision@N scores (N = 8 for the Full set and N = 5 for the Top-50 set) as (Sorig —
Scom/suff)/Sorig X 100% , where S, denotes the performance obtained with the original input, and, Scor, /suff
denotes the performance obtained when the input is modified by removing or retaining the rationales. The x-axis
denotes the number of most-attended tokens selected. 1 denotes higher is better; | denotes lower is better.

Learning by NER Formulation An alternative
approach to enable both rationale and ICD code
learning is to leverage the rationale labels provided
by LLMs to train a NER model. Specifically, each
rationale is treated as an entity with its correspond-
ing ICD code assigned as its class label, while the
span that is not identified as a rationale is assigned
a null class. The success of entity recognition con-
tributes to both ICD code classification and ratio-
nale extraction. As a result, the ICD coding and
rationale learning tasks are neatly converted to one
single NER task, solved by following the standard
NER training.

Enhanced Supervision by Few-shot Prompting
Manual rationale annotation is time-consuming and
costly, limiting scalability to large datasets. Al-
though LLMs provide a promising alternative for

automatic annotation, they are susceptible to hal-
lucinations and inaccuracies (Li et al., 2023; Ji
et al., 2023), particularly in expert domains such
as healthcare (Nagar et al., 2024). Prior studies
have shown that few-shot prompting, where models
are provided with few examples, can substantially
improve generation quality (Sivarajkumar et al.,
2024). Motivated by this, we further incorporate a
small amount of example annotations provided by
our constructed rationale dataset into the prompts
of Gemini 2-Flash. Details of the prompt design are
provided in Appendix B. The rationales generated
are then used to supervise the rationale learning.

6 Experiments and Result Analysis

We conduct evaluation using both the MIMIC-III
dataset with ICD-9 codes and the more recent
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MIMIC-IV benchmark with ICD-10 codes. To as-
sess the ICD coding performance, we use F1, AUC,
and Precision@N, following the standard practice.
To conduct experiments on plausibility, we use the
SNOMED CT Entity Linking Challenge dataset
(Hardman et al., 2023) to implement the naive ra-
tionale extraction, i.e., entity-level rationales. We
compare both cloud-based and locally deployed
LLMs, including Gemini 2-Flash, Gemini 1.5-Pro
and LLaMA-3.3, to implement the strong rationale
LLM-generated rationales. To ensure a fair com-
parison between the three models of CAML, LAAT
and PLM-ICD, we follow the experimental setup of
a reproducibility framework Edin et al. (2023). We
implement NER models under the default hyperpa-
rameter settings in Yang et al. (2020). More details
on datasets and implementations are provided in
Appendices A and B.

6.1 Comparison of ICD Rationales

6.1.1 Faithfulness of CAML, LAAT and
PLM-ICD: How Explainable Are
Rationales to Machines?

Figure 4 compares the faithfulness of the three
ICD coding models with Top N tokens rationale
selection strategy. Results are reported in terms
of precision@5 for the Top-50 datasets and preci-
sion@38 for the Full datasets. More results across
more metrics with both Top N tokens and Top p%
tokens are reported in Appendix F.

For sufficiency, PLM-ICD performs comparably
to LAAT, and both models outperform CAML on the
MIMIC-1V ICD-10 Full dataset as well as the two
MIMIC-III ICD-9 datasets. PLM-ICD achieves
the highest sufficiency using only 200 tokens, with
a 10% and 25% performance drop on the Top-50
and Full datasets, respectively. These tokens rep-
resent just 11-16% of the input text. For compre-
hensiveness, removing rationales causes the great-
est performance drop in LAAT, particularly on the
MIMIC-IV ICD-10 Full and two MIMIC-IIT ICD-9
datasets. In contrast, PLM-ICD shows smaller de-
clines, even less than CAML on the ICD-9 datasets,
suggesting that its pre-training enhances robustness
by effectively extracting relevant information from
residual inputs.

6.1.2 Plausibility of Naive, Strong and
Model-generated Rationales: How
Explainable Are Rationales to Experts?

Table 2 summarises the plausibility results across

different types of rationales. The results show that

Table 2: Document-level and code-level plausibil-
ity results (F1) of , strong

LLM-generated rationales, model-generated rationales.
200 denotes selected tokens, “w/0”” and “w/” indicate the
absence or inclusion of few-shot examples in prompts.

All results are reported as percentages.

Model / Code Settings Exact SM PISM ExactTM PITM
Document-level Evaluation
" Entity-Linking ~ - T 103 92 ¢ 63 6.1
Gemini 2-Flash - 21.6 24.1 30.1 37.3
Gemini 1.5-Pro - 135 14.6 20.6 26.0
LLaMA-3.3 Ins - 18.6 215 27.8 35.0
LLaMA-3.3 AWQ - 17.5 20.1 27.2 34.1
CAML 200 0.1 0.2 3.1 6.5
LAAT 200 0.7 0.8 5.0 72
PLM-ICD 200 0.5 0.7 43 8.8
Code-level Evaluation (Gemini 2-Flash)
’;{0 77777777777 wlo 503 631 270 322
w/ 60.5 78.2 53.8 66.4
wlo 62.5 76.6 50.2 59.7
E785 w/ 73.2 89.5 66.7 78.2
wlo 9.0 9.7 35.8 433
21901 w/ 13.0 16.8 45.8 54.8
wlo 11.8 16.7 28.0 34.8
14891 w/ 24.7 36.9 47.9 56.2
EL19 wlo 40.8 48.8 36.2 37.4
w/ 44.2 52.9 43.6 44.8

model-generated rationales yield very low metric
scores, which indicates that they do not align with
human explanations. Additional results across a
wider range of thresholds are provided in Appendix
F. Entity-level rationales rank second, while LLM-
generated rationales perform the best, with Gemini
2-Flash achieving the highest scores. An additional
case study comparing these rationales with human
annotations is provided in Appendix H.

Naive Rationales: Are Linked Entities Sufficient
to Serve as Rationales? The performance of di-
rectly linked entities ranks in the middle among
the three types of rationales. However, its actual
matching quality is underestimated, as the entity
linking and MIMIC-IV ICD-10 dataset use differ-
ent coding schemes despite referring to the same
clinical mentions. For instance, in sample HADM
ID: 24813967, all occurrences of ‘fall’ are assigned
‘R29.6 — Repeated falls’, whereas MIMIC-IV ICD-
10 labels the case with ‘W01.0XXA — Fall on same
level from slipping, tripping and stumbling with-
out subsequent striking against object, initial en-
counter’. In conclusion, directly linked entities can
serve as rationales to a certain extent.

Strong Rationales: Can LLMs Generate High-
Quality Rationales? The Gemini 2-Flash model
achieves the highest performance among all com-
parisons. However, both more cost-effective lo-
cal LLaMA-3.3 models deliver competitive re-
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sults, with only a minor drop observed in the
quantized variant AWQ. Importantly, the AWQ re-
quires significantly fewer computational resources-
approximately 40 GB of memory, compared to the
Instruct model.

Table 3: ICD coding performance of LLM-guided su-
pervised approaches. The experiments are conducted
on the Top-50 code settings. All results are reported as
percentages.

Model F1-Mac F1-Mic P-Mac P-Mic R-Mac R-Mic
PLM-ICD 68.18 73.40 68.71 7348 69.38 7333
Multi-objective  67.93 73.26 67.60 72.66 69.53  73.87
PLM-ICD 61.09 68.18 60.06 67.62 6390 68.76
NER 53.46 67.75 4921 6093  61.79  76.30

6.1.3 Few-shot Prompting: Does It Improve
Plausibility of LLM-Generated
Rationales?

In the code-level evaluation, we conduct experi-
ments on the five most frequent codes in the dataset:
110 (essential (primary) hypertension), E785 (hy-
perlipidemia, unspecified), 27901 (long term (cur-
rent) use of anticoagulants), 14891 (unspecified
atrial fibrillation (AFib)), and E119 (type 2 dia-
betes mellitus without complications). We analyze
rationales generated by Gemini 2-Flash with and
without few-shot examples in the prompts to ex-
amine whether incorporating human-annotated ex-
amples can further enhance Gemini’s performance.
In the few-shot experiments, examples from five
test instances per code are included in the prompts,
and Gemini then regenerates rationales for the re-
maining samples, which are then re-evaluated using
the same plausibility metrics. Incorporating exam-
ples yields substantial improvements in F1 scores
across all five codes shown in Table 2, with average
gains of 39.90%, 48.67%, 50.31%, and 49.01% in
Exact Span Match, PI Span Match, Exact Token
Match, and PI Token Match, respectively. These re-
sults demonstrate that examples from our rationale
dataset guide Gemini in generating more plausible
rationales. More results for this experiment are
provided in Appendix G.

6.2 Results for LLM-Guided Rationale
Learning

6.2.1 Standard Prompting: Does It Improve
ICD Coding Performance and Rationale
Plausibility?

Supervised by weak rationale labels generated

by Gemini 2-Flash, the multi-objective learn-

Table 4: Document-level and code-level plausibility
results (F1) of LLM-guided supervised approaches. The
experiments for multi-objective learning and NER are
conducted on different datasets using the Top-50 code
settings. 50 denotes selected tokens, “w/0” and “w/”
indicate the absence or inclusion of few-shot examples
in prompts. when constructing the training datasets.
All results are reported as percentages.

Model Settings ExactSM PISM ExactTM PITM
Document-level Evaluation
"PLM-ICD 50 27 30 ¢ 95 122
Multi-objective 50 3.9 4.1 10.6 13.2
"PLM-ICD 50 41 43 81 120
Gemini 2-Flash - 18.2 23.0 294 314
NER - 26.5 30.6 21.8 27.0
Code-level Evaluation (NER)
’;lfoﬂﬂﬂfﬂfw?o 77777 554 769 558 753
w/ 62.5 85.2 64.9 86.2
w/o 67.9 85.5 61.6 75.2
E785 w/ 70.3 87.0 63.0 76.3
w/o 10.3 13.8 25.5 38.6
27901 w/ 10.8 12.0 22.5 40.7
w/o 222 37.7 38.5 48.8
14891 w/ 26.1 433 40.7 54.5
E119 w/o 49.4 62.0 53.2 62.4
w/ 45.8 58.5 49.7 60.2

ing approach—which introduces the additional
rationale-targeted objective—does not degrade ICD
coding performance (Table 3); instead, it improves
plausibility by approximately 1% (F1) across all
four metrics (Table 4).

For the NER-based approach, which adopts a
learning formulation distinct from PLM-ICD, there
exists a clear trade-off between prediction accu-
racy and rationale plausibility, e.g., 12.49% lower
in coding performance (F1-macro) but on average
363% higher plausibility than PLM-ICD. Notably
it achieves the highest span-level plausibility, even
surpassing its teacher model, Gemini 2-Flash. This
trade-off arises because the NER model is specifi-
cally designed for entity recognition. It is trained
on rationale—code pairs, focusing on highlighting
tokens and assigning labels for each token, rather
than to maximise classification accuracy, whereas
PLM-ICD is trained on full documents, focusing
on optimising document-level classification accu-
racy. Its competing objectives can reduce its raw
predictive performance. However, the NER model
benefits from learning entity patterns across all
training samples, where these LLM generated train-
ing samples can be unstable and may miss some
spans. This enables NER to consistently recog-
nize complete instances of relevant entities, and
this is why the NER model surpasses its teacher
model, Gemini 2-Flash, in plausibility. Moreover,
it generates stable outputs for all labels simultane-
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ously, whereas Gemini is prompted with one code
at a time; providing the entire code set leads to
incomplete recognition. However, since the NER
model is designed to identify rationales for a set of
ICD codes rather than to perform coding directly, it
exhibits substantially lower overall coding perfor-
mance compared to PLM-ICD. Additionally, the
NER-based approach offers an alternative, cost-
free method for generating rationales. The results
presented correspond to the top 50 tokens. Addi-
tional results under a wider range of experimental
settings are provided in Appendix G. Further re-
sults for the NER-based approach across different
training data sizes are presented in Appendix L.

6.2.2 Few-shot Prompting: Does It Improve
LLM-Guided Rationale Learning?

This experiment further investigates whether the
enhanced rationales generated through few-shot
prompting can facilitate the rationale learning pro-
cess. Specifically, we train separate NER models
using Gemini-generated rationales, both with and
without few-shot examples in the prompts, for each
of the five most frequent codes.

Table 4 shows that the NER formulation is ef-
fective for rationale recognition for specific sin-
gle code. It significantly outperforms the teacher
models (w/o results in Table 2) across all codes
and metrics, achieving average improvements of
28.49%, 45.71%, 37.01%, and 51.21% on the four
metrics, respectively. Among all codes, E785 and
110 achieve higher performance, which is attributed
to their higher frequencies, providing the model
with richer supervision signals. Furthermore, a
model trained on data generated with few-shot ex-
amples in the prompts consistently outperforms one
trained without such examples in most cases, with
average improvements of 6.30%, 1.74%, 1.19%,
and 5.91%. These results further demonstrate that
the enhanced rationales generated through few-shot
prompting using examples from our dataset further
enhance the training of rationale learning models.
See Appendix G for complete results across all
metrics.

7 Conclusion

In this study, we introduce a rationale dataset specif-
ically designed for ICD coding. We evaluate the
faithfulness of coding models and the plausibility
of three types of rationales, among which Gemini 2-
Flash achieves the best performance. We examine
LLM-guided rationale learning approaches, where

the NER formulation demonstrates strong potential,
as both coding and rationale extraction tasks can
be unified under a single NER framework. This ap-
proach achieves the highest span-level plausibility.
Moreover, incorporating human-annotated exam-
ples from our dataset into prompts enhances both
rationale generation and rationale learning process.

8 Limitations

While our study contributes to advancing both ra-
tionale evaluation and rationale learning in ICD
coding area by providing benchmark resource and
empirical analyses, it also has several limitations
that suggest directions for future research.

First, annotation is a resource-intensive process
that demands domain expertise as well as signif-
icant time and cost investment. Our dataset cur-
rently comprises 150 samples, constrained by bud-
get limitations. With additional funding or insti-
tutional support, the scale of annotations could be
expanded in future work. With a sufficient number
of human-annotated rationale labels, supervision
using these labels becomes feasible. This enables a
direct comparison between models trained with real
labels and those trained with weak labels. Addi-
tionally, these 150 samples cover only 989 distinct
codes, whereas MIMIC-IV contains 7,942 codes.
Increasing the number of samples would improve
the diversity of codes.

Second, we evaluate three classic attention-
based ICD coding models—CAML, LAAT, and
PLM-ICD. There are also many other models that
incorporate label-wise attention layers, such as the
recent CoRelation (Luo et al., 2024) and MSAM
(Gomes et al., 2024). However, for plausibility eval-
uation, the rationales generated by these attention-
based models tend to have low plausibility.

Third, the evaluation of naive entity-level ra-
tionales could be further refined through a more
precise alignment of coding schemes.

Finally, our NER models were trained on rela-
tively small datasets of 5,000 randomly selected
samples. Future work could extend these experi-
ments to the full datasets.
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A Additional Information on Datasets
and Implementation

A.1 Datasets

MIMIC Datasets The Medical Information Mart
for Intensive Care (MIMIC) dataset is a large-scale,
de-identified database comprising health records of
patients admitted to the emergency department or
intensive care units at the Beth Israel Deaconess
Medical Center (Johnson et al., 2020). The MIMIC-
IV dataset covers over 65,000 ICU admissions
and more than 200,000 emergency department vis-
its between 2008 and 2019, coded using ICD-10.
The MIMIC-III dataset covers admissions between
2001 and 2012, including 52,723 discharge sum-
maries from 41,126 patients, coded using ICD-9.
Table 5 presents the statistics of dataset splits for all
datasets used in model training, where “Ra” refers
to the subset of data comprising documents with
rationale labels generated by Gemini 2-Flash and
it is used for training the multi-objective learning
model. Top-50 subsets include only the 50 most
frequent codes from the respective Full datasets.

Table 5: Dataset Split.

Dataset Train  Test Dev
MIMIC-IV ICD-10 Full 88988 19931 13360
MIMIC-IV ICD-10 Top-50 83890 18776 12590
MIMIC-II ICD-9 Full 47719 3372 1631
MIMIC-III ICD-9 Top-50 8066 1729 1573
MIMIC-IV ICD-10 Top-50 Ra 83465 18665 12517

Entity Linking Dataset The SNOMED CT En-
tity Linking Challenge dataset (Hardman et al.,
2023) comprises 272 discharge summaries from
MIMIC-IV-Note, annotated with 6,624 unique
SNOMED-CT concepts. Among these, 64 docu-
ments overlap with the MIMIC-IV ICD-10 dataset.
To enable comparison, we align SNOMED CT con-
cepts with ICD-10 codes using established map-
ping resource (SNOMED-CT, 2024).

Access to MIMIC datasets and entity linking
dataset is granted upon completion of human-
subjects research training (e.g., CITI program), reg-
istration on the PhysioNet platform, acceptance of
the dataset’s Data Use Agreement, and subsequent
retrieval of the data via PhysioNet’s web interface
or command-line tools.

A.2 Implementation Details

On CAML, LAAT and PLM-ICD To ensure
a fair comparison between models, we follow the

experimental setup of Edin et al. (2023), which
provides a reproducibility framework for state-of-
the-art ICD coding models. Details of the key pa-
rameter configurations for the three ICD coding
models are summarized in Table 5. All models are
trained for 20 epochs, although CAML and LAAT
typically converge within 10 epochs on MIMIC-IV
ICD-10 and both MIMIC-III datasets. The random
seed is set to 1337 for all model training.

On Evaluation During the faithfulness testing, if
the whole document contains fewer than the thresh-
old N tokens, we include all tokens. To evaluate
comprehensiveness, if all tokens are removed, the
single token with the lowest attention weight is
retained.

On NER We implement the NER models using
the default hyperparameter settings provided by
Yang et al. (2020), with the parameter configura-
tion summarized in Table 6. All NER models are
trained on 5,000 randomly selected samples from
the MIMIC-IV Top-50 dataset. Document-level
plausibility evaluation is conducted on 139 anno-
tated documents, filtered from an initial set of 150
samples to retain only those associated with the
Top-50 codes. For code-level plausibility evalua-
tion, the test set consists of the remaining samples,
excluding those 5 samples used as examples in few-
shot prompting. The statistics of the original and
test sets are shown in Table 7.

B On LLM-Generated Rationales

B.1 Prompting Without Examples

The used prompt without examples follows the
format below. In the following, the text, code, and
description of the code are variables that change
based on the input note and the target code.

Note Text: text + Code: code. Description: de-
scription of the code. Could you please select the
spans (rationales) which are related to the code
code? The spans can be words, phrases, or sen-
tences. Only list the exact spans extracted from the
‘Note Text’, without including their section names.
List each span with a number in front. For exam-
ple: ‘1. Spanl 2. Span2’. Only keep the spans.
Do not include any additional responses. Exclude
any punctuations at the end of the spans. Keep the
spans as what they are in ‘Note Text’. Keep the
spans as what they are in ‘Note Text’. Keep the
spans as what they are in the ‘Note Text’.
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Table 5: Configurations of CAML, LAAT and PLM-ICD.

Parameter =~ MIMIC-IV ICD-10 Full MIMIC-IV ICD-10 Top-50 MIMIC-III ICD-9 Full MIMIC-III ICD-9 Top-50
CAML
“batchsize 8 N s
learning rate 5x1073 5x1073 1074 1074
weight decay 1073 1073 -
LAAT
“batchsize 8 N s
learning rate 1073 1073 1073 1073
weight decay 1073 1073 -
PLM-ICD
“batchsize 16 16 8 s
learning rate 5%x107° 5x107° 5%107° 5x107°
weight decay 0 0 -

Table 6: Configurations of NER models.

Parameter Value
batch size 8
learning rate 107°
warmup ratio 0.01
truncation 256
gradient accumulation steps 1
epoch 20
random seed 13

Table 7: Statistics of the test sets used for evaluating
code-level NER models.

Code  Test Set / Full Set
110 55760
E785 50/55
77901 17722
14891 11/16
E119 17 /22

B.2 Prompting With Few-Shot Examples

The used prompt with examples follows the format
below. In the following,the variable examples rep-
resents annotation examples corresponding to each
code.

Note Text: text + Code: code. Description: de-
scription of the code. Could you please select the
spans (rationales) which are related to the code
code? The spans can be words, phrases, or sen-
tences. Only list the exact spans extracted from the
‘Note Text’, without including their section names.
For example: examples. List each span with a num-
ber in front. For example: ‘1. Spanl 2. Span2’.
Only keep the spans. Do not include any additional
responses. Exclude any punctuations at the end of

the spans. Keep the spans as what they are in ‘Note
Text’. Keep the spans as what they are in ‘Note
Text’. Keep the spans as what they are in the ‘Note
Text’.

The examples are drawn from five randomly se-
lected documents containing the given code in the
annotation dataset. Table 8 summarizes the sam-
ples used for few-shot prompting and the corre-
sponding examples value for each code.

B.3 LLM Configurations

As the PhysioNet Credentialed Data Use Agree-
ment prohibits sharing MIMIC data with exter-
nal services such as ChatGPT, we follow Phys-
ioNet’s recommendation to use Google Gemini,
which does not utilize user prompts or responses
for model training. We employ two variants of
Gemini 2-Flash and 1.5-Pro. For local deployment,
we select LLaMA-3.3, one of the most capable
open-weight LLMs available, examining both the
70B Instruct and its quantized variant AWQ. The
local LLMs are executed on 4 x and 1 x NVIDIA
A100 80GB GPUs, respectively.

For the Gemini variants, we configured both
models with a temperature of 0.1 to minimize ran-
domness and encourage more deterministic outputs,
as our task requires selecting spans that exactly
match those appearing in the input documents. We
also set top_p to 0.99.

For the LLaMA variants, we adopted the same
parameter settings as Gemini. Additionally, we set
max_tokens to 8,000, which exceeds the length of
the longest documents in our dataset. This config-
uration, however, caused the computation for the
larger LLaMA model to exceed the default memory
capacity of two NVIDIA A100 80GB GPUs.
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Table 8: Samples used for few-shot prompting and their annotations.

Code | Description HADM IDs | Annotations
110 Essential (primary) | 21893270; "HTN’, "Hypertension’, "HYPERTENSION -
hypertension 20961577, ESSENTIAL, UNSPEC’, ’Essential hypertension’,
20272030; “hypertension’, "HYPERTENSION’
23048750;
29161744
E785 | Hyperlipidemia, un- | 21893270; "HLD’, *Dyslipidemia’, "Hyperlipidemia’,
specified 26102343; "Hypercholesteremia’, ’Dyslipidemia’, "hyperlipidemia’
20272030;
24014389;
27049443
77901 | Long term (current) | 27049443; “aspirin’, "Plavix’, ’Coumadin’, ’Afib on coumadin’, "and
use of anticoagu- | 29964986; the decision was made to restart the patient’s ASA and
lants 27021287, Plavix immediately postoperatively", ’Clopidogrel 75 mg
25097869, PO DAILY’, *Aspirin 325 mg PO DAILY’, *Warfarin’, *on
29155448 Coumadi’, ’Coumadin who presents with dyspnea’, ’on
coumadin’, *Warfarin held for supratherapeutic INR (INR
3.4)’, ’afib on warfarin’, ’On coumadin.’, *Warfarin 2 mg
PO 1X/WEEK’, "Warfarin 5 mg PO 6X/WEEK’, *Warfarin
2 mg PO 1X/WEEK’, ’on high-dose warfarin due to
resistance’, *warfarin (5 mg)’, "heparin gtt’, *Aspirin 81 mg
PO DAILY’, *Enoxaparin Sodium 140 mg’, ’Aspirin §1 mg
PO DAILY’
14891 | Unspecified atrial | 27049443; “atrial fibrillation’, ’atrial fibrillation’, *Troponinemia’,
fibrillation 24257587, ’Atrial Fibrillation’, *Digoxin’, ’afib’, *Afib on coumadin’,
29964986, "afib s/p’, *Atrial fibrillation’, * Afib s/p ablation’, ’ Afib’
27466246;
29588477
E119 Type 2 diabetes | 21893270; ’diabetes’, ’DM’, ’Diabetes’, ’DM2’, ' BLOOD
mellitus  without | 27904530; Glucose-113’, > Additionally, Diabetes service was
complications 24257587, consulted for newly found hyperglycemia.’, "insulin
25097869; dependent DM, ’Diabetes: his hemoglobin Alc was 7.8.,
22473872 "type 2 diabetes mellitus’
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B.4 Span Alignment for Rationale Generation

LLMs occasionally fail to consistently reproduce
spans that exactly match those in the original pa-
tient notes, despite our explicit instruction empha-
sized in the prompt ‘Keep the spans as they ap-
pear in the ‘Note Text’’ During the prompt engi-
neering, we observe that repeating this instruction
three times improve the consistency to some ex-
tent, but the generated spans are still not perfectly
aligned. To address this issue and enable accurate
evaluation against human annotations afterwords,
we developed a post-processing method to map
the LLM-generated spans back to the original text.
Specifically, we first identify all candidate spans.
We narrow the search window within the original
text and extract all spans that share the same initial
and terminal n characters as the generated rationale.
We then compute their overlap scores to select the
best match.

Overlap Score Calculation Let S, and S; be the
generated rationale and candidate target span ex-
tracted from the document, respectively. T, =
Tokenize(S;), and T, = Tokenize(S;), where
Tokenize returns a set of tokens. The overlap score
S is calculated by the following equation:

g_TnTe TNT
75| T

3)

We present in Table 5 an example of overlap score
calculation for a set of candidate spans correspond-
ing to the generated span ‘diagnosis type 2 dia-
betes’, which shares the same initial character ‘d’
and terminal character ‘s’ (with a character win-
dow size of n = 1). The overlap score consists
of two components: (1) the overlap ratio with the
generated rationale, which captures the degree of
alignment with the generated rationale (e.g., ‘di-
agnosis type 2 diabetes’ (1) is preferred over ‘di-
agnosis diabetes’ (0.5)), and (2) the overlap ratio
with the candidate span, which reflects the degree
of alignment with the candidate span in the original
text (e.g., ‘diagnosis diabetes’ (1) is preferred over
‘diagnosis tuberculosis’ (0.25)).

Rationale Selection We repeat this process
across a range of character window sizes and se-
lect the candidate with the highest overlap score as
the final mapping result. This procedure is applied
to all generated spans, and those with an overlap
score exceeding 1.7 are retained as supporting ra-
tionale for the document. The detailed steps of

Table 5: Candidates targets of a generated rationale
diagnosis type 2 diabetes. The decomposition consists
of the two components of the overlap score function.

Candidate Decomposition Overlap Score
diagnosis 0.25+1 1.25
diabetes 0.25+1 1.25
diagnosis tuberculosis 025+0.5 0.75
dyslipidemias 0+0 0
diagnosis diabetes 05+1 1.5
diagnosis type 2 diabetes 1+1 2

this mapping process are provided in the accom-
panying pseudocodes. Statistics for the Gemini 2-
Flash—generated dataset across different span align-
ments, covering 122,004 samples from MIMIC-IV,
are provided in Appendix J. Additional results on
the plausibility of Gemini 2-Flash—generated ratio-
nales across different span alignments are presented
in Appendix K. The impact of label selection under
different span alignments during rationale learning
is presented in Appendix L.

C More Details on Dataset Construction

Data Selection To build a comprehensive com-
parison that includes Entity Linking data, we first
identify the overlap between the Entity Linking
and the MIMIC-IV ICD-10 datasets. There are 64
overlapping samples between the two datasets. We
then randomly select an additional 86 samples from
the MIMIC-IV ICD-10 test set, resulting in a final
dataset of 150 samples.

Annotator Two annotators with medical back-
ground contributed to this annotation work. Anno-
tator 1 holds a bachelor’s degree in medicine, and
Annotator 2 holds a master’s degree in medicine.
Annotator 1 annotated all samples, while Annotator
2 performed a quality check by annotating a subset
of codes in 13 samples.

Payment The two annotators were paid £10 per
document and an additional £15 for setting up the
annotation platform.

Annotation Guidelines In this subsection, we
outline the guidelines developed for the annotators.

Title. Identifying Rationales of ICD Codes in
Discharge Summaries

Purpose. Explainability is especially critical in
the clinical domain, where transparent and well-
supported rationales enable healthcare providers
and decision-makers to confidently utilize model
predictions in patient care. The data you annotate
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Algorithm 1 OverlapScore: Compute Overlap Score Between Two Spans
Input: Generated span generated_span, Candidate span candidate_span
Output: Overlap score between the two spans

T, < Tokenize(generated_span)
T; < Tokenize(candidate_span)

[« T,NT,

L
SCOoTre <— 77 T
Tyl T T3

return score
Notes: Tokenize function splits a text span into individual tokens.

AN A S o

Algorithm 2 BestCandidate: Find Best Matching Candidate Span
Input: Generated span generated_span, Document note
Output: Best candidate and its overlap score

1: best_candidate <
2: maxz_score < 0
3: candidates < [ ]
4: forn = T7to 1 step —1 do
5:  span_start < Lower(generated_span[:mn])
6:  span_end < Lower(generated_span[—n:])
7. for ¢ = 0 to Len(note) —n do
8: window_start <— Lower(noteli:i+n])
9: if window_start == span_start then
10: start_index < 1
11: for j = 0 to Len(note) — start_index — n do
12: end_index < Len(note) —j
13: if end_index —n < 0 then
14: break
15: end if
16: window_end < Lower(note[end_index — n : end_index])
17: if window_end == span_end and end_index > start_index then
18: text_candidate < note[start_index : end_index]
19: candidates < candidates U text_candidate
20: end if
21 end for
22: end if
23:  end for
24: end for
25: for item in candidates do
26:  score < OverlapScore(generated_span, item)
27:  if score > max_score then
28: MAT_Score < score
20: best_candidate < item
30:  endif
31: end for
32: return best_candidate, max_score
33: Notes: Lower denotes the lowercase conversion function; Len function returns the length of a string.
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will serve as a gold standard for evaluating the ex-
plainability of ICD coding models. By comparing
rationales identified by these models with those
provided by human annotators, we aim to assess
how effectively the models present rationales, par-
ticularly in a human-understandable manner.

Task Description. In this task, you will be pre-
sented with a patient’s discharge summary and its
assigned ICD (International Classification of Dis-
eases) codes. Your goal is to identify and highlight
text spans that support the given ICD codes as ra-
tionales. These highlighted spans may be words,
phrases, or sentences (complete or incomplete).

Platform Setup.

* Install Docker following the official installa-
tion guide.

* Set up the annotation platform (Doccano).
Annotation Process.

* On the Doccano interface, you will see a pa-
tient’s discharge summary along with its as-
signed ICD-10 codes and their descriptions.

* As you review the summary, highlight all text
spans that you believe support each label (ICD
code).

* When you select a span with your mouse, a
selection list will appear. Click the appropri-
ate label to annotate the span with it. The
same text span can be annotated with multiple
labels.

Completing the Annotation.

* When you would like to save your current
annotations, click the ‘X’ mark on the top
left corner to change the status from ‘Not
Checked’ to ‘Checked’.

* Once you have finished annotating all the la-
bels for a summary, the sample will be marked
as ‘Finished’.

Platform We conducted the annotation using
Doccano, a free and open-source platform designed
to facilitate the creation of labeled datasets for nat-
ural language processing tasks. Doccano supports
various annotation types, including text classifica-
tion, sequence labeling (e.g., named entity recog-
nition), and sequence-to-sequence tasks (e.g., ma-
chine translation or summarization). For this study,

we employ the sequence labeling functionality. In
the setup, the ‘Allow overlapping spans’ and ‘Share
annotations across all users’ options are enabled.
Additionally, a separate project is created for each
document, each with its own defined label set.

Inter-Annotator Agreement Inter-annotator
agreement (IAA) refers to the degree of consistency
or reliability among different human annotators
who independently annotate the same dataset.
It is a critical measure to assess the quality and
objectivity of annotated data, especially in tasks
involving subjective judgments. We evaluate the
annotation quality through a secondary annotator,
who annotate the rationales for a subset of codes
across 13 samples. To assess agreement, we
calculate both span-level and token-level matching
scores, including Precision, Recall and F1.

Here we explain how these scores are computed.
Let As be the set of tokens annotated by Anno-
tator 2 and A; be the set of tokens annotated by
Annotator 1. The overlap between these sets is:

Overlap = A5 N Ay 4)

Precision, recall, and F1 scores are computed as
follows:

A Ay
Precision = 4| , ©)
|A2 N A1’
11 =
Reca 4, , (6)

Precision x Recall
F1=2 . 7
% Precision + Recall @

Table 6 presents the results of the inter-annotator
agreement analysis. The token-level F1-score
(53.32) is substantially higher than the span-level
Fl-score (31.58), indicating that annotators ex-
hibit greater consistency in identifying relevant con-
tent than in determining precise span boundaries.
Table 7 provides a subset of detailed annotation
matches between the two annotators.

ICD Codes with no supporting evidence Dur-
ing the annotation, we observe that not all codes
have their supporting rationales in the text. It is
mostly due to initial coding errors made by human
annotators during the construction of the MIMIC
benchmark. We list all codes with no rationale
in Table 8, which also serves the analysis of the
quality of the MIMIC-IV ICD10 dataset.
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Table 6: Inter-Annotator Agreement

Metric Value (%)
Span-Level Precision 38.00
Span-Level Recall 30.95
Span-Level F1 31.58
Token-Level Precision 79.84
Token-Level Recall 44.16
Token-Level F1 53.32

Details of Data Processing When evaluating
plausibility, the original rationale annotations are
preprocessed to align with the input formats of ICD
coding models. We apply the same preprocessing
procedures used in Edin et al. (2023)’s medical
coding reproducibility study. Specifically, CAML
and LAAT annotations are cleaned by lowercas-
ing, removing special characters and stray num-
bers, and trimming extra spaces. For PLM-ICD,
this cleaning step is followed by tokenization using
the RoBERTa-base-PM-M3-Voc-distill-align-hf to-
kenizer from Hugging Face. These procedures en-
sure that the rationales extracted by each model
are accurately comparable to our processed gold-
standard annotations.

D Code Overlap Analysis

MDACE annotates a subset of MIMIC-III clinical
notes with ICD-10 codes independently, then identi-
fies their corresponding rationales. These coding re-
sults are then automatically mapped to ICD-9 codes
using the General Equivalence Mappings (GEMs).
This workflow introduces inconsistencies with the
original ICD-9 code distribution in the MIMIC-III
dataset commonly used for ICD coding tasks. We
analyze the overlap between the two datasets under
both the Full code setting and the Top-50 code set-
ting, with average overlaps of 37.00% and 14.59%,
respectively. Figure 6 presents the distribution of
overlap ratios in terms of number of documents
and cumulative proportion. The results indicate
that, for approximately 80% of the documents, the
code overlap is below 60%. In the Top-50 setting,
none of the documents exhibit more than 60% over-
lap. Figure 7 presents the frequency distribution of
the Top-50 ICD-9 codes in both MDACE and the
original MIMIC-IIT ICD-9 dataset. Notably, 6 of
the Top-50 codes are entirely missing in MDACE
(and 725 codes are missing in the Full-code set-
ting, which comprises 1,281 codes in total). This

substantial inconsistency poses challenges in accu-
rately evaluating the explainability of ICD coding
models.

In contrast, the annotation workflow of our
dataset, RD-IV-10, is conducted by providing an-
notators with the discharge summaries and their
corresponding labels from the MIMIC-IV ICD-10
dataset. The code distribution of our dataset closely
matches that of MIMIC-IV ICD-10. As shown in
Figure 6, most samples exhibit nearly 100% over-
lap, indicating a high consistency with the MIMIC-
IV ICD-10 distribution. Specifically, the average
overlaps reach 93.15% and 83.88% under the Full
and Top-50 settings, respectively. Figure 8 further
demonstrates the consistency in distribution. The
reason they do not reach 100% is that both anno-
tators observed that not all labels have supporting
rationales in the text. Details of the codes without
supporting rationales are provided in Appendix C.

Additionally, we investigate code switching by
evaluating PLM-ICD on both the MDACE dataset
and a filtered MIMIC-III ICD-9 test set sharing
the same HADM IDs. MDACE samples come
from two categories: Inpatient and Profee. The
Inpatient category includes 302 samples, while
Profee contains 52 samples corresponding to the
same discharge summary but assigned with differ-
ent codes. We combined the codes for samples
sharing the same HADM ID. For comparison, we
filtered the original MIMIC-III ICD-9 test set to
include only samples with HADM IDs matching
those in MDACE. We trained PLM-ICD on an ex-
tended label space that includes the 40 new ICD-9
codes introduced by MDACE. The testing results
differ substantially from the original test set, show-
ing a Precision@8 of 55.34% on MDACE versus
78.02% on the filtered MIMIC-III ICD-9 set, as
shown in Table 9.
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Figure 6: The statistics of overlap between MIMIC-III
ICD-9 code set and mapped ICD-9 code set in MDACE.
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Table 7: Part of annotation details of two annotators.

HADMID Code Annotator2 Annotatorl Match
29531980  027034Z ‘Left heart cath’ ‘nan’ False
29531980 110 ‘hypertension’ ‘hypertension’ True
29531980  E1140 ‘type 2 diabetes’ ‘type 2 diabetes’ True
29531980  N390 ‘MRSA UTI’ ‘MRSA UTI”’ False
29531980  E1140 ‘Diabetes’ ‘Diabetes’ True
29531980 110 ‘Hypertension’ ‘Hypertension’ True
29531980 110 ‘Hypertension’ ‘Hypertension’ True
29531980  E1140 ‘Diabetes’ ‘Diabetes’ True
29531980 110 ‘hypertension’ ‘hypertension’ True
29474957  W363XXA ‘Trauma’ ‘nan’ False
29474957  W363XXA  ‘patient reports that he was blown off ‘he was blown off

by the lid of a highly pressurized natural by the lid of a highly pressurized natural

gas tank in his pickup truck and sustained gas tank in his pickup truck and sustained

multiple injuries from the blast’ multiple injuries from the blast’ False
29474957  H05221 ‘Right periorbital soft tissue swelling ‘Right periorbital soft tissue swelling ’ True
29474957  S2241XA ‘Right-sided rib fractures’ ‘rib fractures ’ False
29474957  S2241XA ‘Right-sided rib fractures involving ‘Right-sided rib fractures involving

the eighth and ninth ribs which appear the eighth and ninth ribs which appear

comminuted displaced as well as fractured right comminuted displaced as well as fractured right

tenth rib at the costovertebral junction’ tenth rib at the costovertebral junction. ’ False
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Figure 6: The statistics of overlap between MIMIC-1V
ICD-10 code set and ICD-10 code set in RD-IV-10.
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Figure 7: Code distributions in MDACE and MIMIC-III
ICD-9. The analysis is based on the Top-50 codes in
MIMIC-III ICD-9.
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Figure 8: Code distributions in RD-IV-10 and MIMIC-
IV ICD-10. The analysis is based on the Top-50 codes
in MIMIC-1V ICD-10.

E A Case Study: Comparing Annotation
Quality in RD-IV-10 and MDACE

Table 1 indicates that, on average, each ICD code in
MDACE is associated with roughly one supporting
rationale, given the ratio of 13.83 evidence spans to
11.53 labels per document. In contrast, RD-IV-10
provides substantially richer annotations, averag-
ing 35.94 rationales for 14.82 labels per document.
To illustrate this discrepancy, we present a case
study shown in Figure 9 comparing both datasets.
We randomly select one document annotated with
the ICD-10 code Z79.02 - Long-term use of an-
tithrombotics/antiplatelets from two datasets. In
MDACE, the sole highlighted rationale is ‘plavix
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Table 8: Codes without supporting rationales in the document.

HADMID ICD-10 Code

21843396  J45909;02HV33Z

29964986  30283B1;287891

29918504  F17210

29677969  796651;222322

28100046  J9811;J95811;723

27638102  F17290

27044834  E860

26620438  E8342

25912628 787891

24823574 787891

23856554 787891

23702445  F329

23355051 787891

23295582  Z87891;F419

29588477  02HV33Z

22893898  E874:J984;E870;H40052;Y848;Y92230;19581;05ULOKZ;0NS60ZZ;08N1XZZ;02HV33Z
23051773  125118;D62;D696;R350;5A1221Z
23618067 723

27840655  15033;1110

22528733  N814

23106502  1082;1671;H409;R6884;Z87891;Y92009
25920183  A549;02HV33Z

26094695  Z66;R627;76821

27356906  J9600;2781;K7290;Z87891;06L34CZ
21222006 722321

21318772 12109;Z23;E861;R740;B1920
21386441  F17210

22257486  G4733

22733522 G4733;E669;26833;287891
23354056  D696;E860

23694175  K648;R29700

24345583  F17210

24852593  F0390;Z86711

25307585  E881;A630;L.732;Z87891

25334768  A419;E46;1272

25510774  F1021

26911900  Z9119

27567712 T859XXA;T81.4XXA;Y92129;7Z85820;0FPGX0Z;0F2GX0Z;02HV33Z;0JD80ZZ;0DHA8UZ;3E0H76Z
28716988  Z781

28831703  T8172XA;1808

29520101 787891

22032290  K55029;R6521;D62;F05;266;F17210
22114206 787891

22556702  Z006;K219

22983901  D6832;D6959;Z87891;T45515A
23383624  M25561;Z87820

23869666  E46;26829

24309140  B9562:1452;78673;Z86711;F17210;0W383Z2Z;02H633Z
24352758  D684;N179;287891;D6959;2781;0BC68ZZ;0BC48ZZ;3E0G76Z
24378932  NI179;N182

24672299 787891

24974242 F17210

24991332 1871;05)Y3ZZ

26852604 787891

27705753  Z87891;0U20KZ

28206965  1509;F05;BT11YZZ

28731328  Z87891;R0682;F40240

28756843  1959;787891

29060004  Z87891

29402217 722322
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Table 9: Results on MDACE and filtered MIMIC-III ICD-9 test set (same HADM IDs).

Test Set F1 Macro F1 Micro AUC Macro AUC Micro Precision@8
MDACE 3.39 50.38 90.82 96.95 55.34
Filtered MIMIC-III ICD-9 Test Set 5.01 59.74 94.78 99.01 78.02

75 mg’. RD-IV-10, however, highlights not only
‘Plavix’ but also other directly relevant medications
such as ‘aspirin’ and ‘clopidogrel’, found in mul-
tiple locations that MDACE fails to capture (high-
lighted in grey in the visualization). Additionally,
our dataset annotates indirect supportive evidence
‘However, patient declined cardiac catheterization
given his desire for no invasive procedures’. This
statement reinforces the patient’s complex cardiac
history and justifies ongoing antiplatelet therapy,
despite declining further interventions.

F Complete Results of Faithfulness and
Plausibility of CAML, LAAT and
PLM-ICD

Results of Faithfulness Tables 14, 15, and
16 summarize the faithfulness results of CAML,
LAAT, and PLM-ICD, respectively, using two ra-
tionale selection strategies across four MIMIC
datasets.

Results of Plausibility Tables 24, 25, and 26
summarize the plausibility results of CAML,
LAAT, and PLM-ICD, respectively, using two ra-
tionale selection strategies across all threshold set-
tings.

Model-generated Rationales: Do Tokens with
Higher Attention Weights Make Sense? Figure
10 reports the matching results of Top N tokens
across all thresholds. Overall, the performances
of the three models are comparable. Specifically,
PLM-ICD demonstrates better plausibility than
LAAT, which in turn outperforms CAML. Span-
level matches remain close to zero across all thresh-
olds. Models achieve higher scores at lower thresh-
olds, because shorter spans are selected, which bet-
ter align with human annotations. For token-level
matches, the absolute number of true positives in-
creases at higher thresholds due to the inclusion
of more tokens. However, the F1 scores decline
because the total number of predicted tokens in-
creases more substantially than the number of true
positives. In conclusion, the rationales generated
by ICD coding models do not align with human
explanations.

G Complete Results of Plausibility

Plausibility Results of Three Types of Rationales
Table 10 presents the plausibility results of naive
entity-level rationales, strong LLLM-generated ra-
tionales, model-generated rationales.

Plausibility Results of Top 5 Codes (Rationales
Generated by Gemini 2-Flash) Table 11 sum-
marizes the plausibility results of top 5 codes
with and without incorporating few-shot human-
annotated examples in the prompts. Incorporating
few-shot examples substantially improves perfor-
mance across all five codes and metrics. Notably,
the token-level matches for 110 and the span-level
matches for 14891 nearly double compared to those
generated without few-shot examples.

Plausibility Results of LLMs-guided Rationale
Learning Approaches Table 12 presents the
plausibility results of the multi-objective model and
its base model, PLM-ICD. We compare their perfor-
mance across different numbers of selected tokens,
ranging from 50 to 200. The multi-objective model
consistently outperforms the base model across all
settings and metrics, with particularly notable gains
in span-level matches. Interestingly, the improve-
ments are more pronounced at lower thresholds,
indicating that the model generates more concise
rationales, whereas at higher thresholds the perfor-
mance gap narrows as more tokens are incorpo-
rated.

Table 13 presents the plausibility results of the
NER model trained on a small dataset of 5,000 ran-
domly selected samples. The results show that the
NER model achieves the highest span-level plausi-
bility, even surpassing its teacher model, Gemini
2-Flash. In contrast, PLM-ICD performs the worst.
Interestingly, training on the smaller dataset im-
proves plausibility compared to the results in Table
12. We attribute this finding to the influence of
rationale proportions on the model’s ability to gen-
erate plausible rationales.

Plausibility Results of Top 5 Codes (Rationales
Generated by NER with Supervision of Ratio-
nales Labels Generated by Gemini 2-Flash) Ta-
ble 14 presents the plausibility results for the top
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MDACE HADM-ID: 112338

Admission Date: [*2189-1-29**] Discharge Date: [**2189-2-2**]
Date of Birth: [**2116-1-21**] Sex: F

Medications on Admission:
plavix 75mg
omeprazole 20mg [**Hospital1 **]

zocor 40mg

aspirin 81mg

percocet

amiodarone 400mg

lopressor 75mg

Discharge Medications:

1. Clopidogrel 75 mg Tablet Sig: One (1) Tablet PO DAILY (Daily). Disp:*60 Tablet(s)* Refills:*0*

2. Omeprazole 20 mg Capsule, Delayed Release(E.C.) Sig: One (1) Capsule, Delayed Release(E.C.) PO BID (2 times a day). Disp:*60 Capsule, Delayed Release(E.C.)(s)
Refills:*0*

3. Docusate Sodium 100 mg Capsule Sig: One (1) Capsule PO BID (2 times a day). Disp:*60 Capsule(s)* Refills:*0*

4. Aspirin 81 mg Tablet, Chewable Sig: One (1) Tablet, Chewable PO DAILY (Daily). Disp:*60 Tablet, Chewable(s)* Refills:*0*

5. Oxycodone-Acetaminophen 5-325 mg Tablet Sig: 1-2 Tablets PO Q6H (every 6 hours) as needed. Disp:*40 Tablet(s)* Refills:*0*

[*Names (MD) **] [**Name8 (MD) **] MD [**MD Number(2) 173**]
Completed by [**2189-2-2"]

RD-IV-10  HADM-ID: 27638102

Name: ____ UnitNo: ___
Admission Date: ___ Discharge Date: ____
Date of Birth: ___ Sex: M

Brief Hospital Course:

Mr. ___isan___yo man with a history of NSTEMI s/p s/p

DES to LAD (___), LCX (___) who presented with right sided

light chest pressure at rest which was similar to his previous

NSTEMIs. Of note, he described holding his aspirin and clopidogrel for a Dermatology procedure.

ACTIVE PROBLEMS

#NSTEMI

# Community acquired pneumonia

He was noted to have an NSTEMI with troponins peaking at 0.03. His EKG was unremarkable for ischemic change, normal sinus rhythm, TWI in V1, no STE, unchanged from
prior. He was placed on a heparin gtt with a plan for cardiac catheterization. However, patient declined cardiac catheterization given his desire for no invasive procedures. He also
declines reversal of code status from DNR/DNI for procedures. He is on Plavix, aspirin , carvidilol, atorvastatin 80, and lisinopril-HCTZ at home, and these were continued. Also,
we counseled the patient yesterday that he could NOT, under any circumstances, discontinue his DAPT without a cardiologist's permission. ...

Medications on Admission:

The Preadmission Medication list is accurate and complete.

1. Amlodipine 10 mg PO DAILY

2. Aspirin 81 mg PO DAILY

3. BUPROPIon (Sustained Release) 300 mg PO QAM

4. Clopidogrel 75 mg PO DAILY

5. DiphenhydrAMINE 25 mg PO QHS insomnia

Discharge Medications:

1. Amlodipine 10 mg PO DAILY

2. Amphetamine-Dextroamphetamine 10 mg PO TID
3. Aspirin 81 mg PO DAILY

4. Atorvastatin 80 mg PO QPM

5. BUPROPion (Sustained Release) 300 mg PO QAM
6. Clopidogrel 75 mg PO DAILY

7. DiphenhydrAMINE 25 mg PO QHS insomnia

8. Fluticasone Propionate NASAL 2 SPRY NU DAILY PRN
9. Lorazepam 1.5 mg PO QHS insomnia

10. Multivitamins 1 TAB PO DAILY

Your team
Followup Instructions:

Figure 9: A case study of the annotation quality of RD-IV-10 and MDACE.
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Table 10: Plausibility results of , strong LLM-generated rationales, model-generated
rationales. Prediction refers to the number of spans or tokens generated by the model, while Accurate denotes the
number of spans or tokens matching the human-annotated gold standard. This evaluation is based on 64 documents

to enable a comparison of entity linking.

Metric Model/Dataset Prdiction Accurate TP FP FN Precision (%) Recall (%) F1 (%)

3546 2260 298 3248 1962 8.4 132 103

Gemini 2-Flash 4726 2260 754 3972 1506 16.0 33.4 21.6
Geminil.5-Pro 11184 2260 907 10277 1353 8.1 40.1 135

Exact SM  LLaMA-3.3 Ins 5789 2260 747 5042 1513 12.9 33.1 18.6
LLaMA-33 AWQ 6428 2260 761 5667 1499 11.8 33.7 17.5

CAML 84520 2269 55 84465 2214 0.1 24 0.1

LAAT 91482 2269 330 91152 1939 0.4 14.5 0.7

PLM-ICD 65639 2269 172 65467 2097 03 7.6 0.5

2751 1762 207 2544 1555 75 117 9.2

Gemini-2flash 4664 1762 773 3891 989 16.6 43.9 24.1
Gemini-1.5pro 10996 1762 932 10064 830 8.5 52.9 14.6

PISM  LLaMA-3.3 Ins 5726 1762 805 4921 957 14.1 45.7 215
LLaMA-33 AWQ 6364 1762 816 5548 946 12.8 46.3 20.1

CAML 77970 2021 88 77882 1933 0.1 44 0.2

LAAT 82542 2021 342 82200 1679 0.4 16.9 0.8

PLM-ICD 60851 2041 228 60623 1813 0.4 112 0.7

5629 11422 540 5089 10882 9.6 47 63

Gemini-2flash 27639 11422 5881 21758 5541 213 51.5 30.1
Gemini-1.5pro 57708 11422 7109 50599 4313 12.3 62.2 20.6

Exact TM ~ LLaMA-33Ins 28800 11422 5588 23212 5834 19.4 48.9 27.8
LLaMA-33 AWQ 32693 11422 6008 26685 5414 18.4 52.6 27.2

CAML 150968 11428 2493 148475 8935 1.7 21.8 3.1

LAAT 160732 11428 4266 156466 7162 2.7 37.3 5.0

PLM-ICD 173633 12517 3975 169658 8542 23 31.8 43

4292 8160 381 3911 7779 8.9 47 6.1

Gemini-2flash 18935 8160 5047 13888 3113 26.7 61.9 37.3
Gemini-1.5pro 37197 8160 5898 31299 2262 15.9 723 26.0

PITM  LLaMA-33Ins 20708 8160 5056 15652 3104 24.4 62.0 35.0
LLaMA-33 AWQ 23302 8160 5361 17941 2799 23.0 65.7 34.1

CAML 114766 9367 4029 110737 5338 3.5 43.0 6.5

LAAT 121292 9367 4720 116572 4647 3.9 50.4 7.2

PLM-ICD 120777 10269 5794 114983 4475 438 56.4 8.8
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Table 11: Plausibility results of top 5 codes. Rationales are generated by Gemini 2-Flash. “w/0” and “w/” indicate
the absence or inclusion of few-shot examples in prompts.

Code Metric Setting Prdiction Accturate TP FP FN Precision (%) Recall (%) F1(%) AF1

wlo 147 151 75 72 76 51.0 497 503
ExactSM -, 107 141 75 32 66 70.1 532 605 102
wlo 140 82 70 70 12 50.0 854  63.1
1o PISM w/ 100 79 70 30 9 70.0 886 782 T
bracety VO 526 155 92 434 63 175 594 210
wi 182 145 88 94 57 484 607 538 :
wlo 411 8 80 331 6 19.5 930 322
PITM w/ 152 8 78 74 5 513 940 664 342
wlo 79 97 55 24 42 69.6 367 625
ExactSM o, 69 95 60 9 35 87.0 32 732 HO7
wlo 72 56 49 23 7 68.1 875  76.6
78S PISM w/ 60 54 51 9 3 85.0 944 895 T129
Exactm O 140 107 62 78 45 443 519 502
w/ 84 99 61 23 38 726 616 667 :
wlo 125 66 57 68 9 456 864 597
PITM w/ 75 58 52 23 6 69.3 897 782 TI83
wlo 83 50 6 71 44 72 12.0 9.0
ExactSM o, 102 52 10 92 4 9.8 19.2 130 40
wlo 82 2 6 76 36 73 143 9.7
77901 PISM wi 100 43 12 88 31 12.0 279 168 T
Exacim O 524 387 163 361 224 31.1 21358 oo
w/ 645 389 237 408 152 367 609 458 :
wlo 354 265 134 220 131 379 506 433
PITM w/ 413 266 186 227 80 45.0 099  sag *13
wlo 47 55 6 41 49 2.8 109 118
ExactSM o, 4 55 12 30 43 28.6 218 247 129
wilo 45 27 6 39 21 13.3 22 167
o1 PISM w/ 38 27 12 26 15 316 a4 369 202
st O 21 93 44 177 49 19.9 413 280 o0
wi 124 93 52 72 41 419 559 479 :
wlo 164 37 35 129 2 213 946 348
PITM w/ 84 37 34 50 3 405 919  sen *2l4
wlo 53 50 21 32 29 396 20 408
ExactSM 0, 54 50 23 31 27 42.6 160  aap P
wlo 53 33 021 32 12 396 63.6 488
El1o PISM w/ 54 33 23 31 10 426 07 s29 TH
st O 225 79 55 170 24 24.4 606 362
wi 187 79 58 129 21 31.0 734 436 :
wlo 186 49 44 142 5 237 89.8 374
PITM w/ 152 49 45 107 4 296 o1  aag 14

Table 12: Plausibility results of multi-objective learning approach and the baseline model PLM-ICD. All results are
reported as percentages. The experiments are conducted under the Top-50 code settings.

Setting Model Exact Span PI Span Exact Token PI Token

Pr  Rc Fl | Pr Rc Fl | Pr Rc F1 Pr Rc F1
50 PLM-ICD 1.5 142 27|17 172 3.0|55 351 95 |7.1 438 122
Multi-objective | 2.1 209 39 |22 235 41|61 39.1 106 |76 474 132

. ;0707 | PLM-ICD |06 93 1.1[07 118 13[29 369 55 [45 517 83
Multi-objective | 1.0 166 19 | 1.1 18.8 20|32 402 59 |47 535 8.6

N I 5707 | PLM-ICD |03 7. 06[04 100 08[20 374 38 [35 569 66
Multi-objective | 0.7 140 13 ]0.8 169 14|21 382 39 |35 552 65

N ;0707 | PLM-ICD |02 66 05[03 97 07][15 362 28 [29 599 56
Multi-objective | 0.5 124 1.0] 0.6 149 1.1 |16 384 3.0 |29 588 55




Table 13: Plausibility results for the NER model, the teacher model Gemini 2-Flash, and the baseline model
PLM-ICD. All results are reported as percentages. The experiments are conducted under the Top-50 code settings.

Setting Model Exact Span PI Span Exact Token PI Token

Pr Rc Fl Pr Rc Fl Pr Rc Fl Pr Rc Fl

- NER Model 293 243 265290 325 306|351 158 21.8|37.1 212 27.0
- | Gemini 2-Flash | 16.4 20.5 182 [ 182 31.2 23.0[23.0 40.6 294|237 464 314
50 | PLM-ICD | 25 128 41 | 25 148 43 [ 47 282 81 | 7.0 416 120

100 PLM-ICD 1.5 119 26 | 1.6 143 28 | 27 315 49 | 47 512 87

150 PLM-ICD 09 97 17|10 126 19 | 19 330 35 | 3.7 564 69

200 PLM-ICD 06 75 1.1 |07 100 13 | 15 351 29 | 31 605 6.0
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Figure 10: Plausibility results of ICD coding models
across all thresholds settings.

5 codes. The rationales are generated using NER
models trained on rationales produced by Gemini
2-Flash, with and without the inclusion of few-shot
human-annotated examples in the prompts. Models
incorporating few-shot examples demonstrate im-
proved performance across most codes and metrics.
Furthermore, the supervised model outperforms
the unsupervised model for codes 110, E785, and
E119, due to the higher frequency of corresponding
rationales in the documents.

H A Case Study: Comparative Analysis
of Rationales From Four Sources

To examine the rationales produced by different
sources in detail, we present a case study com-
paring Human Annotation, Entity-Linking, Gem-
ini 2-Flash, and PLM-ICD. The focus is on ratio-
nales for ICD-10 code N49.2 — Inflammatory dis-
orders of scrotum. We randomly select the docu-
ment HADM-ID 29964986, to illustrate how each
method justifies the assigned code.

Table 11 shows that Entity Linking and Human
Annotation partially overlap. Entity Linking high-
lights only the direct mentions of the code, such as
‘SCROTAL’ and ‘scrotal abscess’, whereas Human

Annotation additionally mark broader contextual in-
formation—the sentence: “This patient was admit-
ted to the urology service following debridement of
scrotal and perineal abscess.” Gemini 2-Flash also
performs well in this case. It highlights phrases
overlooked by both human annotators and Entity
Linking—such as ‘scrotal and perineal abscess’
and ‘right scrotal fluctuance’—and even captures
parts of that human-annotated sentence. However,
it also returns some incorrect spans, including ‘Per-
ineal abscess’ and ‘Hemiscrotum’. Additionally,
we observe that the rationales of PLM-ICD are
randomly distributed and lack meaningful explain-
ability; therefore, we do not visualize them in this
case study. This case study supports our earlier con-
clusion that Gemini 2-Flash achieves the highest
plausibility, while naive directly linked entities can
also serve as rationales to a certain extent. In con-
trast, the rationales generated by PLM-ICD exhibit
the lowest plausibility.

I Trade-off Between ICD Coding
Performance and Rationale Plausibility
in an NER-Based Approach Across
Different Training Data Sizes

We also analyse the trade-off between coding per-
formance (Table 15) and rationale plausibility (Ta-
ble 16) under different training-data sizes. When
the number of training samples is reduced by 80%
(retaining only 1000 samples), coding performance
drops by about 10% (F1 scores), while plausibility
decreases by approximately 10-16%, indicating
comparable levels of degradation. Additionally, we
observe that both coding performance and plausi-
bility converge as the training size increases - the
results with 3,000 and 5,000 samples are highly
similar. This suggests that even relatively small
training sets are sufficient to achieve high-level
plausibility.
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RD-1V-10

Entity Linking

Gemini 2-Flash

Name: ___ UnitNo: ___

Admission Date: ___ Discharge Date: ___
Date of Birth: __Sex: M

Service: UROLOGY

Allergies:

ciprofloxacin

Attending: __.

Chief Complaint:

SCROTAL/PERINEAL ABSCESS

Major Surgical or Invasive Procedure:

1. Exam under anesthesia.

2. Debridement of scrotal and perineal abscess.
History of Present Illness:

chronic indwelling foley; transferred from ___ with
right scrotal abscess .
Patient presented to his see his urologist (__)

empiric treatment.

When found to have right scrotal fluctuance, there
was an

ultrasound performed that showed right scrotal
abscess with

concern for fluid and gas extending into the

place; ___ wick removed. Hemiscrotum
Incision c/d/i w/out

fluid should

be submitted.

Brief Hospital Course:

This patient was admitted to the urology service
following

debridement of scrotal and perineal abscess. See
operative

report for full details. The patient tolerated the
procedure

well and recovered in the PACU before transfer to the

surgical

floor. He was admitted on zosyn/clindamycin for
antibiotic ...

Discharge Diagnosis:

PREOPERATIVE DIAGNOSES:

1. Scrotal abscess.

2. Perineal abscess.

POSTOPERATIVE DIAGNOSES:

1. Scrotal abscess.

2. Perineal abscess.

Name: ___ UnitNo: ___

Admission Date: ___ Discharge Date: ___
Date of Birth: __Sex: M

Service: UROLOGY

Allergies:

ciprofloxacin

Attending: __.

Chief Complaint:

SCROTAL /PERINEAL ABSCESS

Major Surgical or Invasive Procedure:

1. Exam under anesthesia.

2. Debridement of scrotal and perineal abscess.
History of Present Illness:

chronic indwelling foley; transferred from ___ with
right scrotal abscess .
Patient presented to his see his urologist (___)

empiric treatment.

When found to have right scrotal fluctuance, there
was an

ultrasound performed that showed right scrotal
abscess with

concern for fluid and gas extending into the

place; ___wick removed. Hemiscrotum
Incision c/d/i w/out

fluid should

be submitted.

Brief Hospital Course:

This patient was admitted to the urology service
following

debridement of scrotal and perineal abscess. See
operative

report for full details. The patient tolerated the
procedure

well and recovered in the PACU before transfer to the
surgical

floor. He was admitted on zosyn/clindamycin for
antibiotic ...

Discharge Diagnosis:

PREOPERATIVE DIAGNOSES:

1. Scrotal abscess .

2. Perineal abscess.

POSTOPERATIVE DIAGNOSES:

1. Scrotal abscess.

2. Perineal abscess.

Name: ___ UnitNo: ___

Admission Date: ___ Discharge Date: ___
Date of Birth: ___Sex: M

Service: UROLOGY

Allergies:

ciprofloxacin

Attending: ___.

Chief Complaint:

Major Surgical or Invasive Procedure:
1. Exam under anesthesia.

2. Debridement of

History of Present Illness:

chronic indwelling foley; transferred from ___ with
Patient presented to his see his urologist (___)

empiric treatment.

When found to have right scrotal fluctuance, there

was an

ultrasound performed that showed _
with

concern for fluid and gas extending into the

place; ___ wick removed. _

Incision c/d/i w/out

fluid should
be submitted.
Brief Hospital Course:
This patient was admitted to the urology service
following
. See
operative
report for full details. The patient tolerated the
procedure
well and recovered in the PACU before transfer to the
surgical
floor. He was admitted on zosyn/clindamycin for
antibiotic ...
Discharge Diagnosis:
PREOPERATIVE DIAGNOSES:
1.
2. X
POSTOPERATIVE DIAGNOSES:
1. Scrotal abscess.
2. Perineal abscess.

Figure 11: A case study of annotations of RD-IV-10, Entity Linking and Gemini 2-Flash. The highlights indicate

their corresponding annotations.
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Table 14: Plausibility results of top 5 codes. Rationales are generated by NER models. “w/0” and “w/” indicate the

absence or inclusion of few-shot examples in prompts.

Code Metric Setting Prdiction Accturate TP FP FN Precision (%) Recall (%) F1(%) AF1
wlo 44 55 11 33 44 25.0 200 222
ExactSM 0, 37 55 12 25 43 32.4 s 260
wlo 42 27 13 29 14 31.0 48.1 377
o] PISM w/ 33 27 13 20 14 39.4 481 433 O
Bracttd WO 115 93 40 75 53 34.8 430 385
w/ 89 93 37 52 56 416 398 407 :
wlo 86 37 30 56 7 34.9 81.1 488
PITM w/ 62 37 27 35 10 435 730 545 7
wlo 80 144 62 18 82 775 31 554
ExactSM o, 80 144 70 10 74 875 186 625 T
wlo 74 8 60 14 22 81.1 732 769
1o PISM w/ 73 8 66 7 16 90.4 805 g5 183
bty WO 93 147 67 26 80 72.0 456 558 .
w/ 84 47 75 9 72 89.3 510 649 :
wlo 85 85 64 21 21 75.3 753 753
PITM w/ 75 85 69 6 16 92.0 §12 862 109
wlo 62 103 56 6 47 90.3 544 679
ExactSM o 62 103 58 4 45 93.5 s63 703 24
wlo 56 61 50 6 11 89.3 820 855
785 PISM w/ 54 61 50 4 11 92.6 20 870 12
Bty WO 64 121 57 7 64 89.1 471 616,
xac w/ 63 121 58 5 63 92.1 479 630 :
wlo 57 76 50 7 26 87.7 658 752
PITM w/ 55 76 50 5 26 90.9 6s8 763 1
wlo 37 52 22 15 30 595 23 494
ExactSM o, 31 52 19 12 33 613 365 458 O
wlo 36 35 2 14 13 61.1 629 620
EL10 PISM w/ 30 35 19 11 16 63.3 543 585 O
Exacim MO 62 96 42 20 54 67.7 437 532 L
w/ 53 9% 37 16 59 69.8 385 497 :
wlo 51 58 34 17 24 66.7 586 624
PITM w/ 45 58 31 14 27 68.9 534 602 22
wlo 45 5 5 40 47 1.1 96 103
ExactSM 0 59 52 6 53 46 10.2 115 j0g 102
wlo 44 43 6 38 37 13.6 140 138
77901 PISM w/ 57 43 6 51 37 10.5 14.0 o 18
Bty WO 167 389 71 96 318 4.5 183 255 o
xac wl 190 389 65 125 324 342 167 25
wlo 138 266 78 60 188 56.5 293 386
PI'T™M wl 157 266 8 71 180 54.8 23 407 !

J Statistics of Gemini-2 Flash Generated
Rationale Dataset Across Different
Alignment Settings (Overlap)

We use Gemini 2-Flash to generate rationale labels
as weak supervision signals for all 122,004 samples
in MIMIC-IV for rationale learning. The statistical
analyses under different overlap-score thresholds
for the alignments are presented in Table 17. We
observe that 93.35% of the spans extracted by the
LLM are nearly identical to the original text (an
overlap score of 2 indicates an exact match).

K Plausibility Across Different Alignment
Settings (Overlap)

We also compare the plausibility results for Gemini
2-Flash across different alignment settings, where
the rationales are generated in a separate round.
From Table 18, we observe that higher alignment
quality consistently yields higher scores across all
four metrics. More specifically, including spans
with lower overlap scores substantially degrades
token-level matching performance, while having
only a minor impact on span-level metrics. This
is because target spans often cover a wide range
of tokens, so adding misaligned spans introduces
many irrelevant tokens at the token level, whereas
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Table 15: Trade-off with Different Training-Data Sizes — ICD Coding Performance (NER).

Size F1-Mac F1-Mic P-Mac P-Mic R-Mac R-Mic

1000  49.14 60.88 41.69 50.60 6295 76.39
3000  54.00 68.22 48776 6030 64.13  78.54
5000 53.46 67.75 4921 6093 6179 76.30

Table 16: Trade-off with Different Training-Data Sizes — Rationale Plausibility (NER).

Metric Size Prediction Accurate TP FP FN Precision (%) Recall (%) F1 (%)

1000 1551 1607 358 1193 1249 23.1 223 22.7
Exact SM 3000 1420 1607 416 1004 1191 29.3 25.9 27.5
5000 1332 1607 390 942 1217 29.3 243 26.5
1000 1502 1145 343 1159 802 22.8 30.0 259
PI SM 3000 1368 1145 400 968 745 29.2 349 31.8
5000 1283 1145 372 911 773 29.0 325 30.6
1000 2988 5531 803 2185 4728 26.9 14.5 18.9
Exact TM 3000 2713 5531 895 1818 4636 33.0 16.2 21.7
5000 2493 5531 874 1619 4657 35.1 15.8 21.8
1000 2684 3891 799 1885 3092 29.8 20.5 24.3
PITM 3000 2439 3891 852 1587 3039 349 21.9 26.9
5000 2222 3891 825 1397 3066 37.1 21.2 27.0

at the span level the misalignment affects the counts
of TP, FP, and FN by only *1.

L. Impact of Label Selection under
Different Span Alignment Settings on
Rationale Learning

In Tables 19 and 20, we report the downstream
learning outcomes under different span alignment
settings. We train the NER model using all spans
(threshold = 0). We find that lower alignment does
not substantially affect ICD coding performance
or plausibility scores, because the proportion of
training data with low alignment is small, with
spans in the range 0.0-1.9 accounting for less than
7% of the dataset.
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Table 17: Counts and ratios of rationales across different overlap scores.

Range Count Ratio (%) | Range Count Ratio (%)
0.0-0.1 174,730 2.82% | 1.0-1.1 11,026 0.18%
0.1-0.2 24,021 0.39% | 1.1-1.2 2,985 0.05%
0.2-0.3 64,776 1.05% | 1.2-1.3 1,637 0.03%
0.3-0.4 63,037 1.02% | 1.3-1.4 10,390 0.17%
0.4-0.5 48,663 0.79% | 1.4-1.5 1,770 0.03%
0.5-0.6 36,614 0.59% | 1.5-1.6 9,493 0.15%
0.6-0.7 19,274 031% | 1.6-1.7 17,472 0.28%
0.7-0.8 7,397 0.12% | 1.7-1.8 17,392 0.28%
0.8-0.9 7,648 0.12% | 1.8-1.9 30,288 0.49%
0.9-1.0 4,013 0.06% | 1.9-2.0 5,780,713 93.35%

Total 6,191,350 100%

Table 18: Plausibility results for Gemini 2-Flash across different alignment settings (Overlap).

Metric Overlap Prdiction Accurate TP FP FN  Precision (%) Recall (%) F1 (%)

0 3418 2260 711 2707 1549 20.8 31.5 25.0

0.5 3303 2260 711 2592 1549 21.5 31.5 25.6

Exact SM 1 3180 2260 710 2470 1550 223 314 26.1
1.5 3157 2260 704 2453 1556 223 31.2 26.0

2 3105 2260 700 2405 1560 22.5 31.0 26.1

0 3365 1762 730 2635 1032 21.7 41.4 28.5

0.5 3250 1762 730 2520 1032 22.5 41.4 29.1

PI SM 1 3127 1762 729 2398 1033 233 41.4 29.8
1.5 3105 1762 724 2381 1038 23.3 41.1 29.8

2 3053 1762 720 2333 1042 23.6 40.9 29.9

0 64247 11422 5293 58954 6129 8.2 46.3 14.0

0.5 53179 11422 5189 47990 6233 9.8 45.4 16.1

Exact TM 1 20494 11422 4976 15518 6446 243 43.6 31.2
1.5 18151 11422 4911 13240 6511 27.1 43.0 332

2 17723 11422 4867 12856 6555 27.5 42.6 334

0 36499 8160 4739 31760 3421 13.0 58.1 212

0.5 29972 8160 4617 25355 3543 15.4 56.6 242

PITM 1 14343 8160 4383 9960 3777 30.6 53.7 39.0
1.5 13086 8160 4329 8757 3831 33.1 53.1 40.8

2 12843 8160 4306 8537 3854 335 52.8 41.0

Table 19: Effect of Span Alignment on Rationale Learning (NER) - ICD Coding Performance.

Threshold F1-Mac F1-Mic P-Mac P-Mic R-Mac R-Mic
0 53.35 68.65 4936 61.12 61.76 78.30
1.7 53.46 67.75 49.21 60.93 61.79 76.30

Table 20: Effect of Span Alignment on Rationale Learning (NER) - Plausibility.

Exact Span PI Span Exact Token PI Token
Threshold |, =g F1 | Pr Rc FI | Pr Rec Fl | Pr Re Fl
0 295 251 27.1 | 298 343 319|322 156 211|353 217 269
1.7 293 243 265|290 325 306|351 158 218|371 212 270
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Table 21: Faithfulness across Top-P and Top-N thresholds for CAML.

Dataset MIMIC-IV ICD10 Full MIMIC-IV ICD10 Top-50 MIMIC-II ICDY Full MIMIC-IIT ICDY Top-50
Threshold | F1-Mac F1-Mic AUC-Mac AUC-Mic P@8 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@5 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@8 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@5 Retention
- 15.82 54.87 91.01 98.52 66.09  100.00 i 65.78 71.23 91.95 94.58 63.53  100.00 i 9.93 50.84 81.87 97.46 70.81 100.00 i 55.62 63.98 89.77 92.56 63.32  100.00
Top-p Sufficiency
0% | 7727773000 79.09 9361 4363 1205 | 5690 6276 8623 8907 4609 1508 [ 505 1782 6795 ¢ 91.84 4154 1099 | 3345 3569 8055 ¢ 81.50 4045 1526
20% 9.15 3542 83.97 96.15 48.90 21.83 5897 64.85 88.49 91.28 47.03 24.61 6.03 22.82 71.79 93.81 49.18 20.88 37.31 40.27 83.23 85.25 42.66 24.67
30% 10.12 38.88 86.22 97.11 52.09 31.60 60.10 65.96 89.57 9230  47.63 34.03 6.61 26.53 74.28 94.95 53.59 30.77 40.55 44.19 85.06 87.68 44.26 34.09
40% 10.83 41.33 87.76 97.61 54.35 41.37 60.87 66.70 90.16 92.92 48.07 43.45 7.02 29.41 75.92 95.66 56.65 40.66 43.01 47.22 86.31 89.15 45.41 43.51
50% 11.36 43.16 88.76 97.91 55.99 51.14 61.48 67.28 90.60 93.36 4842 52.88 7.33 31.81 76.87 96.18 58.81 50.55 44.88 49.53 87.17 90.09 46.27 52.92
60% 11.81 44.61 89.49 98.13 57.29 60.91 61.97 67.74 90.94 93.69 48.71 62.30 7.56 33.76 78.02 96.55 60.42 60.44 46.24 51.28 87.82 90.77 46.91 62.34
70% 12.19 45.78 90.04 98.27 58.33 70.68 62.38 68.13 91.20 93.95 48.94 71.73 7.74 35.34 78.43 96.73 61.67 70.33 47.26 52.63 88.33 91.29 47.39 71.75
80% 15.14 53.93 90.47 98.38 65.24 80.46 62.73 68.45 91.46 94.17 49.14 81.15 7.88 36.65 78.76 96.85 62.68 80.22 48.03 53.68 88.71 91.65 47.78 81.17
90% 15.39 54.21 90.78 98.46 65.47 90.23 63.02 68.73 91.71 94.37 49.33 90.58 8.01 37.77 79.06 96.96 63.51 90.11 48.62 54.51 89.23 92.11 48.11 90.58
Top-p Comprehensiveness
0% | 1262 4654 8917 9792 5784 9023 | 1372 1539 7168 7127 2278 9058 [ 280 1354 7505 9537 3525 901 [ 862 966 7571 7472 2931 9058
20% 11.97 43.43 87.35 97.17 54.37 80.46 12.73 14.58 67.88 67.80 21.55 81.15 2.59 12.32 72.10 93.60 31.17 80.22 6.90 7.5 66.85 65.97 26.49 81.17
30% 11.33 40.59 85.54 96.34 51.17 70.68 11.97 14.03 65.01 65.33 20.63 71.73 245 11.31 69.62 92.06 28.28 70.33 6.20 6.98 60.43 61.35 24.80 71.75
40% 10.73 37.82 84.00 9544  48.03 60.91 11.29 13.55 62.51 63.21 19.82 62.30 236 10.56 67.50 90.71 26.04 60.44 5.84 6.59 56.08 58.58 23.64 62.34
50% 10.11 34.98 82.40 94.31 4493 51.14 10.74 13.18 60.01 61.34 19.10 52.88 2.29 9.84 65.22 89.41 24.06 50.55 571 6.49 53.10 56.58 2277 52.92
60% 9.46 31.89 80.53 92.84 41.79 41.37 10.29 12.86 57.61 59.61 18.43 43.45 2.20 9.07 63.41 88.11 22.34 40.66 577 6.50 50.71 54.94 22.07 43.51
70% 8.77 28.38 78.43 90.86 38.64 31.60 9.87 12.55 55.22 58.08 17.85 34.03 2.13 834 61.66 86.76 20.79 30.77 5.80 6.54 48.70 53.44 21.47 34.09
80% 4.16 7.99 75.30 87.81 12.98 21.83 9.52 12.28 53.15 56.62 17.31 24.61 2.00 7.30 59.62 84.65 19.27 20.88 5.90 6.62 4125 51.91 20.91 24.67
90% 3.17 4.81 70.84 82.12 9.55 12.05 9.23 12.09 51.01 55.13 16.79 15.18 1.76 5.64 56.38 80.38 17.70 10.99 6.03 6.79 46.07 50.32 20.31 15.26
Top-N Sufficiency
S0 | 9.3 3484 8137 9470 4839 1661 | 5868 6453 87.02 8994 4677 1911 [ 578 2200 7001 9267 45.67 1424 [ 3527 3786 812l ¢ 8240 4127 1807
400 10.49 39.54 85.53 96.75 52.93 30.71 60.24 66.10 88.97 91.81 47.62 3237 6.70 27.69 73.45 94.47 52.63 2731 39.15 42.49 83.81 85.96 43.44 30.24
600 11.40 42.44 87.53 97.52 55.60 44.48 61.19 67.01 89.91 9270 48.17 45.39 7.26 31.74 75.62 95.55 56.68 40.06 42.15 46.12 85.34 88.03 44.92 42.10
800 12.03 44.48 88.84 97.91 57.44 57.43 61.87 67.65 90.47 9326 4857 57.80 7.61 34.56 71.10 96.14 59.25 52.18 4437 48.85 86.42 89.31 45.98 53.37
1000 12,51 45.99 89.60 98.14 58.79 68.87 62.36 68.13 90.89 93.67 48.88 68.93 7.86 36.70 77.82 96.54 61.09 63.17 46.04 50.93 87.28 90.25 46.74 63.74
1200 12.90 47.16 90.12 98.28 59.82 78.15 62.76 68.51 91.23 93.97 49.13 78.06 8.06 38.36 78.55 96.79 62.45 72.61 47.28 52.51 87.87 90.88 47.29 72.84
1400 13.22 48.08 90.47 98.37 60.60 85.12 63.10 68.83 91.46 94.17 49.35 84.98 822 39.67 79.14 96.95 63.49 80.17 48.26 53.77 88.36 91.37 47.74 80.22
1600 13.48 48.82 90.66 98.42 61.24 90.08 63.38 69.09 91.63 94.31 49.53 89.96 8.35 40.72 79.77 97.08 64.32 85.94 49.01 54.77 88.80 91.74 48.10 85.89
1800 13.70 49.43 90.80 98.46 61.75 93.53 63.61 69.30 91.73 9440  49.68 93.44 8.45 41.60 80.12 97.18 64.98 90.27 49.62 55.60 89.13 92.04 48.40 90.12
2000 13.88 49.93 90.91 98.48 62.16 95.83 63.81 69.48 91.83 94.47 49.81 95.78 8.54 42.34 80.71 97.27 65.53 93.42 50.13 56.29 89.31 92.22 48.66 93.19
Top-N Comprehensiveness
S0 | 1154 4365 8826 9759 5484 8574 | 1328 1504 7003 69.81 2182 8664 | 261 1273 7394 9475 3295 8685 | 894 969 7365 7290 2846 8777
400 10.36 38.18 85.78 96.38 50.36 71.64 12.20 14.23 65.25 65.56 20.45 73.38 223 9.66 69.99 92.10 28.98 73.79 7.12 7.84 64.24 64.55 25.90 75.60
600 9.01 30.66 83.31 94.65 46.05 57.88 11.31 13.56 61.39 62.41 19.33 60.37 1.72 5.81 65.97 88.96 26.00 61.04 6.47 7.24 57.57 59.46 24.28 63.74
800 7.68 22.08 80.22 91.89 41.97 44.93 10.65 13.11 57.83 59.62 18.42 4797 1.33 3.46 62.26 85.06 23.73 48.93 6.44 7.24 53.60 56.45 23.17 52.48
1000 6.57 15.14 75.95 87.71 38.13 33.49 10.23 12.83 54.67 57.22 17.64 36.84 1.07 2.13 58.04 78.98 21.75 37.94 6.67 7.49 50.47 53.68 2227 42.11
1200 5.64 10.44 71.41 8243 34.66 24.20 10.05 12.74 52.30 55.32 16.98 27.72 0.90 1.48 54.52 71.60 19.98 28.51 7.13 7.97 4831 51.47 21.46 33.02
1400 4.86 7.46 66.94 76.88 31.51 17.24 10.09 12.79 50.84 54.03 16.41 20.82 0.81 1.15 51.21 63.38 18.37 20.96 7.90 8.81 47.03 49.90 20.72 25.65
1600 425 5.59 63.48 71.81 28.69 12.27 10.28 12.99 50.20 53.37 15.95 15.84 0.76 0.99 49.37 56.65 16.90 15.20 8.81 9.77 46.88 49.36 20.05 19.99
1800 377 4.37 60.59 67.37 26.21 8.82 10.57 13.26 50.11 53.05 15.56 12.37 0.74 091 48.38 50.96 15.60 10.87 9.69 10.70 41.67 49.45 19.42 15.77
2000 3.38 3.54 58.38 63.85 24.04 6.52 10.86 13.54 50.05 52.83 15.24 10.04 0.74 0.86 41.53 45.64 14.42 7.73 10.46 11.51 48.06 49.45 18.89 12.70
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Table 22: Faithfulness across Top-P and Top-N thresholds for LAAT.

Dataset MIMIC-IV ICD10 Full MIMIC-IV ICD10 Top-50 MIMIC-II ICDY Full MIMIC-IIT ICDY Top-50
Threshold | F1-Mac F1-Mic AUC-Mac AUC-Mic P@8 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@5 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@8 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@5 Retention
- 20.88 57.86 95.25 99.02 68.98  100.00 i 67.50 72.93 92.76 95.22 64.68  100.00 i 16.89 56.53 89.94 98.59 74.35  100.00 i 59.51 67.58 90.27 93.06 64.23  100.00
Top-p Sufficiency
0% ] 1145 4453 8680 9528 5837 1127 | 5499 6298 8539 8863 4610 1552 [ 1137 4626 8583 ¢ 97.08 6455 1021 | 5202 5864 8399 ¢ 8742 4696 13.64
20% 13.25 47.59 91.60 97.41 60.88 21.13 56.29 64.03 87.06 90.26  46.77 24.90 12.50 48.08 88.33 98.03 66.49 20.19 52.83 60.24 86.34 89.58 48.04 23.24
30% 14.50 49.56 93.32 98.26 62.45 30.99 57.52 65.06 88.26 91.31 4726 34.29 13.32 49.43 89.27 98.33 67.78 30.17 53.69 61.36 87.34 90.41 48.71 32.83
40% 15.41 50.97 94.22 98.67 63.57 40.85 58.62 65.98 89.18 92.10  47.68 43.68 13.93 50.48 89.71 98.46 68.73 40.14 54.43 62.26 87.90 90.93 49.18 4243
50% 16.13 52.03 94.77 98.86 64.41 50.71 59.59 66.80 89.89 92.75 48.05 53.07 14.38 51.28 89.82 98.51 69.45 50.12 55.01 62.94 88.42 91.41 49.55 52.02
60% 19.97 56.98 95.00 98.94 68.21 60.56 64.36 70.85 90.47 93.27 50.09 62.45 14.76 51.96 89.88 98.55 70.07 60.09 55.61 63.56 88.72 91.67 49.83 61.62
70% 20.26 57.19 95.14 98.99 68.42 70.42 64.75 71.14 90.98 93.70 50.32 71.84 15.06 5251 89.99 98.58 70.59 70.07 56.09 64.05 88.95 91.90 50.03 71.21
80% 20.42 57.35 95.21 99.01 68.56 80.28 65.12 71.40 91.42 94.07 50.50 81.23 15.31 52.98 89.97 98.59 71.02 80.05 56.48 64.46 89.16 92.10 50.20 80.81
90% 20.54 5747 95.24 99.02 68.66 90.14 65.44 71.62 91.83 94.42 50.68 90.61 15.52 53.36 89.94 98.59 71.38 90.02 56.78 64.77 89.45 92.38 50.36 90.40
Top-p Comprehensiveness
CI0% | 590 1443 8566 9147 2173 9014 [ 1577 2019 6927 7031 2500 9061 [ 239 733 8053 ¢ 9292 2370 9002 | 768 796 6284 ¢ 6357 1937 9041
20% 4.34 10.77 77.83 83.95 17.50 80.28 15.22 19.52 66.17 68.42 81.23 1.88 5.67 73.83 87.92 19.30 80.05 8.41 8.97 59.67 61.86 18.67 80.81
30% 327 7.78 72.15 71.07 14.34 70.42 14.71 18.97 65.25 67.92 71.84 1.51 4.65 68.47 83.20 16.41 70.07 8.89 9.68 56.78 59.30 17.97 71.21
40% 2.56 5.65 67.33 71.21 11.99 60.56 14.24 18.45 63.84 66.99 62.45 1.25 3.89 64.77 78.88 14.28 60.09 9.18 10.32 54.80 57.49 17.38 61.62
50% 2.06 421 63.59 66.04 10.22 50.70 13.77 17.94 62.40 65.94 53.07 1.08 335 60.95 75.10 12.68 50.12 9.54 11.06 53.46 56.25 16.95 52.02
60% 171 323 60.37 61.71 8.88 40.85 10.87 15.05 61.12 64.87 43.68 0.95 291 58.32 72.20 11.46 40.14 9.97 11.90 52.96 55.64 16.67 4243
70% 1.45 2.58 57.71 58.40 7.85 30.99 10.38 14.56 59.83 63.70 34.29 0.84 2.57 55.99 69.88 10.56 30.17 10.42 12.78 52.18 55.13 16.42 32.83
80% 125 2.12 55.03 55.81 7.05 21.13 9.92 14.14 58.43 62.36 24.90 0.76 232 54.76 68.51 991 20.19 11.03 13.84 52.02 55.36 16.28 23.24
90% 1.10 1.80 52.68 53.55 6.43 11.27 9.44 13.72 56.58 60.63 15.52 0.69 2.12 53.34 68.02 9.54 10.21 11.82 14.94 51.16 55.25 16.11 13.64
Top-N Sufficiency
200 | 1284 4695 8898 9619 6047 1589 | 5577  63.64 8606  89.36 4658 1941 [ 1175 4678 8656 9733 6559 1354 [ 5211 59.00 8454 ¢ 8784 4693 1657
400 14.54 4951 92.65 97.88 62.66 30.15 57.42 65.03 87.69 90.96 32.54 13.01 48.65 88.77 98.15 67.36 26.75 53.35 60.86 86.52 89.81 48.23 28.97
600 15.64 51.16 93.94 98.51 64.01 44.07 58.77 66.18 88.87 92.00 45.44 13.77 49.93 89.43 98.38 68.50 39.64 54.18 61.93 87.33 90.57 48.93 41.06
800 16.44 52.31 94.58 98.78 64.92 57.14 59.90 67.12 89.85 92.84 571.75 14.30 50.89 89.81 98.49 69.41 51.86 54.89 62.76 87.86 91.08 49.39 52.55
1000 17.05 53.17 94.91 98.91 65.59 68.68 60.85 67.89 90.64 93.48 68.84 14.65 51.64 89.88 98.54 70.12 62.96 55.46 63.40 88.28 91.46 49.74 63.13
1200 17.52 53.83 95.08 98.96 66.08 78.02 61.65 68.51 91.22 93.98 71.97 14.97 52.25 89.98 98.57 70.66 7247 55.94 63.91 88.74 91.79 50.02 72.37
1400 17.90 54.35 95.16 98.99 66.46 85.01 62.33 69.03 91.67 94.35 84.89 15.21 52.73 89.98 98.58 71.09 80.07 56.35 64.32 89.05 92.06 50.25 79.90
1600 18.21 54.75 95.21 99.01 66.76 90.01 62.90 69.45 92.01 94.62 89.89 15.41 53.13 89.97 98.59 71.46 85.87 56.68 64.66 89.36 92.33 50.44 85.69
1800 18.47 55.08 95.23 99.02 67.00 93.48 63.39 69.81 92.27 94.82 93.38 15.57 53.47 89.95 98.59 71.76 90.23 56.96 64.95 89.60 92.52 50.59 89.99
2000 18.68 55.36 95.24 99.02 67.20 95.79 63.80 70.11 92.44 94.96 95.73 15.70 53.76 89.98 98.59 72.01 93.39 57.20 65.19 89.83 92.69 50.73 93.11
Top-N Comprehensiveness
00 | 4727 1197 8188 8843 1872 8559 [ 1543 19.69 6747 6924 2455 8679 [ 218 693 7828 91.80 2151 8670 | 780 817 5945 ¢ 6131 1878 8754
400 3.18 7.68 72.90 78.43 14.45 71.33 14.84 18.98 64.41 67.36 23.64 73.66 1.72 5.39 70.28 85.41 17.43 73.48 852 9.12 55.56 58.15 17.72 75.14
600 223 5.03 66.68 70.84 11.59 57.42 14.27 18.34 62.68 66.01 22.86 60.75 1.38 431 65.42 80.03 14.75 60.60 8.74 9.71 53.09 56.02 16.94 63.05
800 1.68 3.50 61.99 64.58 9.61 44.34 13.68 17.67 60.24 63.85 22.11 48.44 1.13 3.57 61.46 75.33 12.79 48.38 9.05 10.45 51.28 54.31 16.46 51.56
1000 1.32 2.56 58.09 59.34 8.21 32.80 13.20 17.15 57.50 61.26 21.41 37.36 0.94 297 57.55 70.94 11.42 37.29 9.65 11.40 50.56 53.52 16.23 40.99
1200 1.08 1.96 55.20 55.40 7.16 23.46 12.88 16.78 54.74 58.60 20.74 28.23 0.79 249 54.98 67.07 10.43 27.79 10.42 12.42 49.43 5242 16.03 31.74
1400 0.92 1.58 53.29 52.91 6.37 16.47 12.73 16.62 52.94 56.87 20.15 21.30 0.69 2.14 52.21 64.16 9.76 20.20 11.30 13.45 48.94 51.89 15.85 2421
1600 0.81 1.34 51.77 51.57 5.74 11.47 12.77 16.64 52.16 56.09 19.64 16.30 0.62 1.87 50.90 61.69 9.25 14.41 12.20 14.42 48.94 51.60 15.71 18.42
1800 0.72 1.16 51.17 50.82 5.24 8.01 12.90 16.77 51.97 55.86 19.20 12.81 0.56 1.67 50.13 60.20 8.88 10.06 13.03 15.25 49.16 51.61 15.56 14.12
2000 0.66 1.04 50.79 50.41 4.84 5.69 13.09 16.98 52.10 56.01 18.82 10.46 0.52 1.52 49.07 58.83 8.58 6.90 13.76 15.96 49.13 51.34 15.40 11.00
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Table 23: Faithfulness across Top-P and Top-N thresholds for PLM-ICD.

Dataset MIMIC-IV ICD10 Full MIMIC-IV ICD10 Top-50 MIMIC-II ICDY Full MIMIC-IIT ICDY Top-50
Threshold | F1-Mac F1-Mic AUC-Mac AUC-Mic P@8 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@5 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@8 Retention i F1-Mac F1-Mic AUC-Mac AUC-Mic P@5 Retention
- 19.70 58.32 96.54 99.23 69.79  100.00 i 68.20 73.42 93.30 95.50 65.35  100.00 i 16.20 56.33 91.39 98.75 73.10  100.00 i 65.70 71.18 91.96 94.26 66.65  100.00
Top-p Sufficiency
0% 644 4705 8504 9521 6286 1135 | 6349 7012 89.09  91.99  49.64 1497 [ 1234 4690 7979 ¢ 9524 6651 1037 | 5883 6603 8602 ¢ 88.14 4945 1213
20% 7.63 48.99 90.07 96.94 63.98 21.20 64.37 70.62 91.10 93.70 50.18 24.42 13.74 4772 84.76 96.75 67.03 20.33 61.03 67.52 88.34 90.80 50.66 21.89
30% 8.44 50.22 92.80 97.79 64.69 31.05 65.07 71.06 92.16 94.56 50.60 33.87 14.47 48.70 87.65 97.73 67.62 30.29 61.95 68.18 89.24 91.75 51.23 31.66
40% 8.99 51.10 94.25 98.27 65.24 40.90 65.56 71.40 92.67 94.97 50.89 43.31 15.00 49.58 89.16 98.19 68.11 40.25 62.59 68.62 90.13 92.55 51.66 41.42
50% 10.98 54.48 95.11 98.55 67.60 50.75 67.42 72.76 92.91 95.19 51.99 52.76 15.36 50.34 89.79 98.42 68.56 50.21 63.05 68.92 90.62 93.16 52.01 51.19
60% 11.40 54.85 95.70 98.76 67.90 60.60 67.54 72.87 93.09 95.33 52.08 62.21 15.54 51.02 90.56 98.59 69.04 60.17 63.37 69.17 90.95 93.51 52.27 60.95
70% 11.90 55.27 96.06 98.92 68.19 70.45 67.66 72.98 93.20 95.42 52.13 71.66 15.66 51.60 90.87 98.67 69.48 70.12 63.62 69.36 91.33 93.84 52.48 70.71
80% 12.62 55.70 96.31 99.05 68.45 80.30 67.76 73.06 93.24 95.46 52.18 81.10 15.76 52.07 91.19 98.72 69.85 80.08 63.85 69.56 91.54 93.95 52.65 80.48
90% 13.60 56.14 96.45 99.16 68.68 90.15 67.84 73.13 93.27 95.48 52.22 90.55 15.82 52.48 91.27 98.73 70.19 90.04 64.01 69.69 91.85 94.15 5279 90.24
Top-p Comprehensiveness
CI0% | 730 2437 9134 9693 3700 9015 [ 1525 1604 7390 7350 2402 9055 [ 1040 3243 8787 9742 4689 90.04 [ 3846 4169 8308 ¢ 8477 4001 9024
20% 5.36 18.05 83.41 93.87 30.82 80.30 12.16 12.73 66.44 66.82 21.74 81.10 8.47 25.96 80.34 95.11 39.04 80.08 32.28 3474 78.77 79.37 36.65 80.48
30% 4.26 14.22 76.66 91.42 27.09 70.45 10.16 10.54 61.77 63.63 20.44 71.66 7.01 21.37 73.10 93.16 33.48 70.12 27.32 29.38 75.10 74.74 33.91 70.71
40% 3.53 11.69 70.78 89.94 24.74 60.60 8.70 8.96 58.63 61.90 19.64 62.21 5.99 18.10 66.40 91.71 29.53 60.17 23.54 2531 72.09 71.52 31.89 60.95
50% 3.02 9.90 65.45 89.12 2324 50.75 7.58 7.78 57.07 61.26 19.15 52.76 5.23 15.69 62.50 89.90 26.54 50.21 20.60 22.17 69.27 68.95 30.31 51.19
60% 2.64 8.56 60.53 88.62 22.35 40.90 6.71 6.86 56.82 61.15 18.82 43.31 4.64 13.77 59.32 89.89 24.49 40.25 18.33 19.74 67.22 67.14 29.10 41.42
70% 235 7.52 56.61 88.29 21.83 31.05 6.01 6.13 57.30 61.09 18.55 33.87 4.18 12.25 58.10 89.60 23.03 30.29 16.48 17.75 65.25 65.53 28.12 31.66
80% 2.12 6.69 53.49 88.08 21.56 21.20 544 5.53 57.41 60.70 18.29 24.42 3.79 11.01 55.17 87.56 21.89 20.33 14.92 16.05 63.51 64.04 27.23 21.89
90% 1.94 6.02 51.72 87.96 21.39 11.35 4.97 5.04 56.85 60.06 18.02 14.97 347 9.99 55.20 86.69 20.98 10.37 13.60 14.62 60.28 62.37 26.39 12.13
Top-N Sufficiency
200 | 6.68 4656 8204 048I 6310 1321 [ 6351 704 8890 9186 4970 1638 [ 1220 4759 8072 9553 6693 1142 [ 5796  65.62 8496 ¢ 87.67 4935 1292
400 7.93 48.63 87.60 96.50 64.23 24.86 64.36 70.64 93.62 50.22 27.21 13.81 48.75 85.80 97.19 67.70 22.39 60.40 67.27 88.02 90.56 50.46 23.43
600 8.69 49.90 90.89 97.38 64.97 36.39 64.99 71.05 94.46 50.61 37.96 14.54 49.46 87.83 97.70 68.10 33.25 61.59 68.05 89.17 91.68 5115 33.89
800 9.39 50.82 92.64 97.92 65.54 47.62 65.45 71.35 94.88 50.89 48.52 15.00 50.17 88.95 98.15 68.54 43.83 62.20 68.43 89.49 92.17 51.53 44.03
1000 10.07 51.57 93.58 98.26 66.03 58.23 65.82 71.61 95.14 51.11 58.61 15.34 50.78 89.56 98.34 68.92 53.95 62.67 68.76 90.26 92.90 51.87 53.78
1200 10.77 52.19 94.08 98.46 66.43 67.72 66.12 71.83 95.28 51.27 67.79 15.59 51.35 90.18 98.52 69.32 63.27 63.00 68.97 90.60 93.26 52.13 62.87
1400 11.48 52.73 94.46 98.63 66.77 75.87 66.35 72.00 95.36 51.40 75.77 15.76 51.83 90.58 98.60 69.69 71.59 63.30 69.18 90.85 93.47 52.36 71.06
1600 12.17 53.20 94.77 98.75 67.06 82.28 66.55 72.14 95.41 51.51 82.10 15.88 52.24 90.84 98.66 70.01 78.51 63.53 69.36 91.12 93.71 52.53 78.05
1800 12.81 53.62 95.07 98.86 67.30 87.34 66.72 72.27 95.45 51.60 87.17 15.97 52.61 91.05 98.70 70.29 84.22 63.73 69.53 91.29 93.85 52.69 83.80
2000 13.40 54.00 95.35 98.94 67.52 91.04 66.85 72.37 95.48 51.67 90.90 16.03 52.92 91.17 98.72 70.54 88.72 63.91 69.68 91.49 93.95 52.82 88.40
Top-N Comprehensiveness
200 | 762 2540 8684 9609 3633 8829 [ 1597 1663 7393 7384 2428 8914 [ 1008 3248 8562 96.80  45.67 8899 [ 4028 4328 8321 ¢ 8477 4015 8945
400 578 19.40 77.83 93.40 30.79 76.64 12.82 13.18 66.56 67.30 22.02 78.31 843 26.82 77.48 94.37 38.55 78.02 33.70 36.13 79.05 79.66 36.90 78.94
600 4.63 15.58 71.39 91.60 27.45 65.12 10.76 10.96 61.95 64.05 20.75 67.56 7.14 22.64 71.13 92.77 33.69 67.16 28.81 30.85 7542 75.48 34.27 68.48
800 3.86 12.96 65.87 90.45 25.38 53.89 9.29 9.38 58.48 62.18 19.93 57.01 6.19 19.50 66.61 91.73 30.19 56.59 25.24 2691 72.29 72.17 32.33 58.34
1000 331 11.06 62.46 89.71 24.04 4329 8.16 8.20 56.39 61.22 19.37 4691 5.44 17.09 63.23 91.21 27.64 46.48 2232 23.82 69.51 69.70 30.77 48.59
1200 2.90 9.63 59.59 89.23 23.18 33.79 7.29 7.30 55.73 60.91 18.97 37.74 4.88 15.17 61.40 90.65 25.64 37.15 20.03 21.40 67.39 67.87 29.59 39.50
1400 2.59 851 57.53 88.87 22.59 25.66 6.57 6.56 55.54 60.65 18.64 29.78 4.40 13.61 59.70 90.39 24.08 28.85 18.15 19.40 64.78 66.07 28.57 3131
1600 2.34 7.61 56.37 88.60 22.19 19.26 5.98 5.96 56.16 60.63 18.37 23.44 4.01 12.32 58.11 89.83 22.84 21.93 16.54 17.70 62.89 64.86 27.67 2433
1800 2.13 6.88 55.84 88.40 21.92 14.20 549 5.46 56.70 60.48 18.14 18.39 3.68 11.23 56.84 89.46 21.86 16.23 15.20 16.28 61.31 63.78 26.92 18.57
2000 1.97 6.27 54.88 88.26 21.72 10.5 5.08 5.04 57.10 60.41 17.93 14.66 3.40 10.30 56.25 89.02 21.01 11.73 14.05 15.04 59.85 63.07 26.27 13.97
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(a) Results using the Top-p selection strategy.

Table 24: Plausibility results of CAML across all thresholds.

(b) Results using the Top-N selection strategy.

Metric Threshold #Prd #Act TP FP FN Pr Re F1
0.1 84520 2269 55 84465 2214  0.1% 24%  0.1%
0.2 146091 2269 44 146047 2225  0.0% 1.9%  0.1%
0.3 189001 2269 43 188958 2226  0.0% 1.9%  0.0%
0.4 215458 2269 32 215426 2237  0.0% 1.4%  0.0%
Exact SM 0.5 225795 2269 29 225766 2240  0.0% 1.3%  0.0%
0.6 220015 2269 24 219991 2245 0.0% 1.1%  0.0%
0.7 195599 2269 14 195585 2255  0.0% 0.6%  0.0%
0.8 154368 2269 8 154360 2261 0.0% 04%  0.0%
0.9 93383 2269 3 93380 2266 0.0% 0.1%  0.0%
0.1 77970 2021 88 77882 1933 0.1% 44%  0.2%
0.2 133104 2021 91 133013 1930  0.1% 4.5%  0.1%
0.3 172526 2021 96 172430 1925 0.1% 4.8%  0.1%
0.4 198268 2021 85 198183 1936 0.0% 42%  0.1%
PI SM 0.5 210205 2021 79 210126 1942 0.0% 39%  0.1%
0.6 207520 2021 68 207452 1953 0.0% 34%  0.1%
0.7 187097 2021 54 187043 1967  0.0% 27%  0.1%
0.8 149936 2021 38 149898 1983  0.0% 1.9% 0.1%
0.9 91959 2021 19 91940 2002  0.0% 09%  0.0%
0.1 150968 11428 2493 148475 8935 1.7% 21.8% 3.1%
0.2 299351 11428 3522 295829 7906 1.2%  30.8% 2.3%
0.3 445550 11428 4216 441334 7212 09%  36.9% 1.8%
0.4 590911 11428 4660 586251 6768  0.8%  40.8% 1.5%
Exact TM 0.5 735001 11428 5010 729991 6418  0.7%  43.8% 1.3%
0.6 876874 11428 5347 871527 6081 0.6%  46.8% 1.2%
0.7 1016760 11428 5619 1011141 5809 0.6%  49.2% 1.1%
0.8 1155761 11428 6073 1149688 5355 0.5%  53.1% 1.0%
0.9 1293460 11428 6065 1287395 5363  0.5% 53.1% 0.9%
0.1 114766 9367 4029 110737 5338 35% 43.0% 6.5%
0.2 200255 9367 5190 195065 4177 2.6% 554%  5.0%
0.3 271137 9367 5931 265206 3436  22%  633% 42%
0.4 331052 9367 6331 324721 3036 1.9%  67.6%  3.7%
PITM 0.5 382967 9367 6692 376275 2675 1.7%  71.4%  3.4%
0.6 426343 9367 6998 419345 2369 1.6% 747%  32%
0.7 462182 9367 7197 454985 2170 1.6% 768%  3.1%
0.8 490358 9367 7423 482935 1944 1.5%  792%  3.0%
0.9 514078 9367 7481 506597 1886 1.5%  799%  2.9%

Metric Threshold #Prd #Act TP FP FN Pr Re F1
200 103366 2269 52 103314 2217  0.1% 23% 0.1%

400 169040 2269 38 169002 2231 0.0% 1.7%  0.0%

600 204444 2269 31 204413 2238  0.0% 1.4%  0.0%

800 209526 2269 25 209501 2244 0.0% 1.1%  0.0%

Exact SM 1000 185153 2269 22 185131 2247 0.0% 1.0%  0.0%
1200 143952 2269 14 143938 2255  0.0% 0.6%  0.0%

1400 102270 2269 8 102262 2261 0.0% 04%  0.0%

1600 67889 2269 6 67883 2263  0.0% 03%  0.0%

1800 38832 2269 5 38827 2264  0.0% 02%  0.0%

2000 21988 2269 1 21987 2268  0.0% 0.0%  0.0%

200 95197 2021 84 95113 1937 0.1% 42%  0.2%

400 154719 2021 89 154630 1932 0.1% 44%  0.1%

600 188430 2021 85 188345 1936 0.0% 42%  0.1%

800 195157 2021 71 195086 1950  0.0% 35% 0.1%

PLSM 1000 174043 2021 59 173984 1962 0.0% 29%  0.1%
1200 136261 2021 43 136218 1978  0.0% 21%  0.1%

1400 97396 2021 28 97368 1993 0.0% 1.4%  0.1%

1600 65016 2021 22 64994 1999  0.0% 1.1%  0.1%

1800 37116 2021 14 37102 2007  0.0% 07%  0.1%

2000 20846 2021 10 20836 2011 0.0% 05%  0.1%

200 194791 11428 2820 191971 8608 1.4%  247%  2.7%

400 385838 11428 3929 381909 7499 1.0% 344% 2.0%

600 573507 11428 4628 568879 6800 0.8%  40.5% 1.6%

800 758757 11428 5183 753574 6245 0.7%  45.4% 1.3%

Exact TM 1000 938428 11428 5623 932805 5805  0.6%  49.2% 1.2%
1200 1088084 11428 5560 1082524 5868 0.5%  48.7% 1.0%

1400 1206408 11428 5652 1200756 5776 0.5% 495%  0.9%

1600 1284292 11428 5953 1278339 5475 05% 521% 0.9%

1800 1337091 11428 5577 1331514 5851 04%  488%  0.8%

2000 1365475 11428 5404 1360071 6024  04% 473% 0.8%

200 142740 9367 4470 138270 4897  3.11% 47.7%  59%

400 244099 9367 5692 238407 3675 23% 60.8%  4.5%

600 324089 9367 6374 317715 2993 2.0% 68.0% 3.8%

800 388125 9367 6818 381307 2549 1.8% 728%  3.4%

PITM 1000 439775 9367 7095 432680 2272 1.6% 757%  32%
1200 481563 9367 7432 474131 1935 1.5%  793%  3.0%

1400 509233 9367 7615 501618 1752 1.5% 813% 2.9%

1600 530370 9367 7885 522485 1482 1.5% 842% 29%

1800 543222 9367 7988 535234 1379 1.5% 853% 29%

2000 551266 9367 8080 543186 1287 1.5%  863%  2.9%

5001



(a) Results using the Top-p selection strategy.

Table 25: Plausibility results of LAAT across all thresholds.

(b) Results using the Top-N selection strategy.

Metric Threshold #Prd #Act TP FP FN Pr Re F1
0.1 91482 2269 330 91152 1939  0.4% 145%  0.7%
0.2 152195 2269 183 152012 2086 0.1% 81% 02%
0.3 190875 2269 107 190768 2162  0.1% 4.7%  0.1%
0.4 211973 2269 62 211911 2207 0.0% 27%  0.1%
Exact SM 0.5 217293 2269 40 217253 2229  0.0% 1.8%  0.0%
0.6 207522 2269 29 207493 2240 0.0% 1.3%  0.0%
0.7 182928 2269 15 182913 2254  0.0% 0.7%  0.0%
0.8 143185 2269 3 143182 2266  0.0% 0.1%  0.0%
0.9 87373 2269 1 87372 2268  0.0% 0.0%  0.0%
0.1 82542 2021 342 82200 1679  0.4% 16.9%  0.8%
0.2 138074 2021 223 137851 1798  0.2% 11.0%  0.3%
0.3 174708 2021 145 174563 1876  0.1% 72%  02%
0.4 196066 2021 102 195964 1919 0.1% 50%  0.1%
PI SM 0.5 203071 2021 74 202997 1947  0.0% 37%  0.1%
0.6 195899 2021 55 195844 1966  0.0% 27%  0.1%
0.7 174663 2021 41 174622 1980  0.0% 20%  0.0%
0.8 138486 2021 24 138462 1997  0.0% 1.2%  0.0%
0.9 85688 2021 11 85677 2010  0.0% 05%  0.0%
0.1 160732 11428 4266 156466 7162  2.7% 373% 5.0%
0.2 316121 11428 4840 311281 6588 1.5% 424%  3.0%
0.3 467215 11428 5258 461957 6170 1.1%  46.0%  2.2%
0.4 615384 11428 5468 609916 5960 09%  47.8% 1.7%
Exact TM 0.5 759735 11428 5539 754196 5889  0.7%  48.5% 1.4%
0.6 901596 11428 5961 895635 5467 0.7%  52.2% 1.3%
0.7 1040440 11428 6142 1034298 5286 0.6%  53.7% 1.2%
0.8 1175547 11428 6022 1169525 5406 0.5%  52.7% 1.0%
0.9 1303770 11428 5812 1297958 5616  04% 509%  0.9%
0.1 121292 9367 4720 116572 4647 39% 504%  72%
0.2 212105 9367 5732 206373 3635 2.7% 612% @ 52%
0.3 284284 9367 6234 278050 3133  22% @ 66.6%  42%
0.4 344568 9367 6705 337863 2662 1.9%  71.6%  3.8%
PITM 0.5 394117 9367 6979 387138 2388 1.8%  745%  3.5%
0.6 436327 9367 7249 429078 2118 1.7%  77.4%  3.3%
0.7 470428 9367 7420 463008 1947 1.6% 792%  3.1%
0.8 498098 9367 7545 490553 1822 1.5% 80.5%  3.0%
0.9 523255 9367 7637 515618 1730 1.5% 81.5% 2.9%

Metric Threshold #Prd #Act TP FP FN Pr Re F1
200 109729 2269 291 109438 1978  0.3% 128%  0.5%

400 171537 2269 124 171413 2145 0.1% 55%  0.1%

600 200746 2269 75 200671 2194 0.0% 33% 0.1%

800 202268 2269 38 202230 2231 0.0% 1.7%  0.0%

Exact SM 1000 178051 2269 19 178032 2250  0.0% 08%  0.0%
1200 138551 2269 12 138539 2257  0.0% 05%  0.0%

1400 97825 2269 4 97821 2265  0.0% 02%  0.0%

1600 64925 2269 3 64922 2266  0.0% 0.1%  0.0%

1800 37745 2269 2 37743 2267 0.0% 0.1%  0.0%

2000 21659 2269 3 21656 2266  0.0% 0.1%  0.0%

200 99384 2021 305 99079 1716  0.3% 151%  0.6%

400 156766 2021 165 156601 1856  0.1% 82%  0.2%

600 185712 2021 120 185592 1901 0.1% 59%  0.1%

800 189014 2021 72 188942 1949  0.0% 3.6% 0.1%

PLSM 1000 167363 2021 51 167312 1970  0.0% 25%  0.1%
1200 130794 2021 38 130756 1983  0.0% 1.9% 0.1%

1400 93001 2021 14 92987 2007  0.0% 0.7%  0.0%

1600 61976 2021 7 61969 2014  0.0% 03%  0.0%

1800 35988 2021 5 35983 2016  0.0% 02%  0.0%

2000 20502 2021 5 20497 2016  0.0% 02%  0.0%

200 206362 11428 4482 201880 6946  22%  392% @ 4.1%

400 404155 11428 5093 399062 6335 13% 44.6% 2.5%

600 596166 11428 5414 590752 6014  09%  47.4% 1.8%

800 782134 11428 5637 776497 5791 0.7%  49.3% 1.4%

Exact TM 1000 959318 11428 5701 953617 5727  0.6%  49.9% 1.2%
1200 1104095 11428 5811 1098284 5617 0.5%  50.8% 1.0%

1400 1217029 11428 5727 1211302 5701 05% 50.1%  0.9%

1600 1294041 11428 5943 1288098 5485 0.5% 52.0% 0.9%

1800 1343294 11428 5736 1337558 5692 04%  502%  0.8%

2000 1368335 11428 5417 1362918 6011 04%  474%  0.8%

200 150423 9367 5104 145319 4263 34% 545%  6.4%

400 255097 9367 6039 249058 3328 24% 645%  4.6%

600 336224 9367 6659 329565 2708 2.0% 71.1%  3.9%

800 400263 9367 7100 393163 2267 1.8% 758% 3.5%

PITM 1000 452497 9367 7337 445160 2030 1.6% 783% 32%
1200 490632 9367 7612 483020 1755 1.6% 81.3%  3.0%

1400 515576 9367 7784 507792 1583 1.5%  83.1%  3.0%

1600 535308 9367 7933 527375 1434 1.5% 847%  29%

1800 547300 9367 8051 539249 1316 1.5% 86.0% 2.9%

2000 552280 9367 8042 544238 1325 1.5%  859%  2.9%
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(a) Results using the Top-p selection strategy.

Table 26: Plausibility results of PLM-ICD across all thresholds.

(b) Results using the Top-N selection strategy.

Metric Threshold #Prd #Act TP FP FN Pr Re F1
10% 65639 2269 172 65467 2097 0.3% 7.6%  0.5%
20% 99489 2269 112 99377 2157  0.1% 49%  0.2%
30% 117733 2269 68 117665 2201 0.1% 3.0% 0.1%
40% 123897 2269 48 123849 2221 0.0% 2.1%  0.1%
Exact SM 50% 123055 2269 38 123017 2231 0.0% 1.7%  0.1%
60% 112511 2269 23 112488 2246  0.0% 1.0%  0.0%
70% 96512 2269 14 96498 2255  0.0% 0.6%  0.0%
80% 72706 2269 8 72698 2261 0.0% 04%  0.0%
90% 44799 2269 2 44797 2267  0.0% 0.1%  0.0%
10% 60851 2041 228 60623 1813 0.4% 112%  0.7%
20% 91601 2041 173 91428 1868  0.2% 85%  0.4%
30% 108523 2041 125 108398 1916  0.1% 6.1% 02%
40% 114615 2041 109 114506 1932 0.1% 53% 02%
PI SM 50% 113966 2041 89 113877 1952 0.1% 44%  0.2%
60% 104917 2041 63 104854 1978  0.1% 31%  0.1%
70% 90569 2041 46 90523 1995 0.1% 23% 0.1%
80% 68893 2041 29 68864 2012  0.0% 1.4%  0.1%
90% 42952 2041 13 42939 2028  0.0% 0.6%  0.1%
10% 173633 12517 3975 169658 8542  23% 318% 4.3%
20% 332771 12517 4194 328577 8323 1.3% 335% 2.4%
30% 486349 12517 4251 482098 8266 0.9%  34.0% 1.7%
40% 641050 12517 4256 636794 8261 0.7%  34.0% 1.3%
Exact TM 50% 795367 12517 4168 791199 8349  05%  33.3% 1.0%
60% 949630 12517 4015 945615 8502 04% 32.1% 0.8%
70% 1100798 12517 4189 1096609 8328  04%  33.5%  0.8%
80% 1246480 12517 4106 1242374 8411 03% 328% 0.7%
90% 1381492 12517 4208 1377284 8309 03%  33.6% 0.6%
10% 120777 10269 5794 114983 4475 48% 56.4%  8.8%
20% 203259 10269 6548 196711 3721 32% 638% 6.1%
30% 270926 10269 7060 263866 3209 2.6% 688%  5.0%
40% 332829 10269 7461 325368 2808 22% @ 72.7% @ 43%
PITM 50% 388647 10269 7665 380982 2604 2.0% 74.6%  3.8%
60% 439645 10269 7835 431810 2434 1.8% 763%  3.5%
70% 485691 10269 8082 477609 2187 1.7%  787%  3.3%
80% 526864 10269 8145 518719 2124 1.5%  793%  3.0%
90% 560856 10269 8233 552623 2036 1.5% 802% 2.9%

Metric Threshold #Prd #Act TP FP FN Pr Re F1
200 67058 2269 170 66888 2099  0.3% 75%  0.5%

400 99646 2269 98 99548 2171 0.1% 43%  0.2%

600 115216 2269 68 115148 2201 0.1% 3.0% 0.1%

800 118029 2269 45 117984 2224  0.0% 20%  0.1%

Exact SM 1000 112128 2269 31 112097 2238  0.0% 1.4%  0.1%
1200 99278 2269 18 99260 2251 0.0% 08%  0.0%

1400 81722 2269 13 81709 2256  0.0% 0.6%  0.0%

1600 64482 2269 5 64477 2264  0.0% 02%  0.0%

1800 43416 2269 4 43412 2265  0.0% 02%  0.0%

2000 30369 2269 1 30368 2268  0.0% 0.0%  0.0%

200 62197 2041 225 61972 1816  0.4% 11.0%  0.7%

400 92102 2041 161 91941 1880  0.2% 79%  0.3%

600 106563 2041 125 106438 1916  0.1% 6.1% 02%

800 109437 2041 93 109344 1948  0.1% 4.6%  0.2%

PLSM 1000 104052 2041 79 103973 1962 0.1% 39%  0.1%
1200 92471 2041 55 92416 1986  0.1% 27%  0.1%

1400 76305 2041 40 76265 2001 0.1% 20% 0.1%

1600 60330 2041 25 60305 2016  0.0% 1.2%  0.1%

1800 40620 2041 22 40598 2019  0.1% 1.1%  0.1%

2000 28513 2041 14 28499 2027  0.0% 0.7%  0.1%

200 182545 12517 3972 178573 8545 22% 31.7% 4.1%

400 348662 12517 4175 344487 8342 12%  334% 23%

600 509830 12517 4253 505577 8264 08%  34.0% 1.6%

800 672002 12517 4313 667689 8204 0.6%  34.5% 1.3%

Exact TM 1000 834402 12517 4207 830195 8310 0.5%  33.6% 1.0%
1200 989036 12517 4262 984774 8255 04%  34.0% 09%

1400 1121881 12517 4068 1117813 8449  04% 325% 0.7%

1600 1218150 12517 4272 1213878 8245 04% 341% 0.7%

1800 1285721 12517 4576 1281145 7941 04%  36.6%  0.7%

2000 1335649 12517 4828 1330821 7689  04%  38.6% 0.7%

200 126983 10269 5801 121182 4468 4.6%  56.5%  8.5%

400 212631 10269 6635 205996 3634  3.1% 64.6%  6.0%

600 283642 10269 7157 276485 3112 25% 69.7%  4.9%

800 346990 10269 7527 339463 2742 22% < 133% 42%

PITM 1000 404689 10269 7725 396964 2544 19%  752%  3.7%
1200 453426 10269 7908 445518 2361 1.7%  77.0%  3.4%

1400 491786 10269 7968 483818 2301 1.6%  77.6%  3.2%

1600 518079 10269 8153 509926 2116 1.6% 794%  3.1%

1800 533761 10269 8111 525650 2158 1.5% 79.0%  3.0%

2000 547686 10269 8052 539634 2217 1.5% 784%  2.9%
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