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Abstract

Clinical coding maps clinical documentation
to standardized medical codes, an essential yet
time-consuming administrative task that could
benefit from automation. Current models on
ICD coding are typically optimized for codes
from a specific ICD version. However, in re-
ality, ICD systems evolve continuously, and
different versions are adopted across time peri-
ods and regions. Moreover, ICD coding suffers
from the long-tail problem, and rare code per-
formance can be a bottleneck for developing
implementable models. We examine whether
it is viable to train version-independent models
by combining data annotated in different ICD
versions, which may help address these chal-
lenges. We add ICD-9 data to the training of a
modified label-wise attention model for ICD-
10 prediction, and find that despite the version
mismatch, adding ICD-9 yields a 27% increase
in micro F1 for 18K rare ICD codes compared
to training on ICD-10 alone. On 8K frequent
ICD-10 codes, the multi-version training also
substantially improves macro metrics, with far
fewer model parameters.

1 Introduction

The International Classification of Diseases (ICD)
is the global standard for reporting health con-
ditions and diseases. It plays a critical role in
healthcare billing, epidemiological research, and
health policymaking (Dong et al., 2022; Gan et al.,
2025). Assigning ICD codes to clinical documents
requires a high level of expertise given that the
candidate code set is often large (e.g., ICD-10 in-
cludes over 70K diagnosis codes) and the documen-
tation can be lengthy and complex (Motzfeldt et al.,
2025; Liu et al., 2023). Consequently, the coding
process is time-consuming even for experienced
coders, which has motivated extensive research
into NLP models that automate or assist the coding
process (Stanfill et al., 2010; Ji et al., 2024).

(a) Two challenges in ICD coding
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(c) Gains on ICD-10 (adding ICD-9 to training)
18K rare – Micro F1

ICD-10 8.4
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Figure 1: (a) ICD coding faces two intertwined chal-
lenges: the ICD system evolves continuously and the
code distribution is heavily long-tailed. (b) We mix
three MIMIC-derived datasets spanning ICD-9 and ICD-
10 to train a single version-agnostic model, DUAL-
LAAT. (c) Adding ICD-9 to ICD-10 training yields
a 27% relative gain in micro F1 on rare ICD-10 codes
than training on ICD-10 alone.

Current best-performing ICD coding models typ-
ically frame the task as a multi-label, multi-class
classification problem (Douglas et al., 2025; Edin
et al., 2023; Yuan et al., 2022), which requires defin-
ing a fixed label space and a substantial amount of
data for supervised training. This setup faces two
critical challenges in real-world ICD coding. First,
the ICD coding system undergoes continuous up-
dates, with new codes added and old codes retired.
For example, CMS actively updates ICD-10 every
year to keep codes aligned with healthcare needs.1

At certain points, the ICD system undergoes major

1https://www.cms.gov/medicare/coding-billing/icd-10-
codes
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transitions, such as the shift from ICD-9 to ICD-10,
and the anticipated move to ICD-11 (Harrison et al.,
2021). Models with a pre-defined label space have
trouble handling these updates, which introduce
substantial data shifts (Finlayson et al., 2021).

Second, ICD code distributions are long-
tailed (Li et al., 2025a; He et al., 2025), which
is a critical modeling challenge as the ICD sys-
tem grows larger and more fine-grained. For ex-
ample, in MIMIC-IV (Johnson et al., 2023), in-
frequent ICD-10 codes that appear fewer than 10
times (18K) account for 69.6% of all codes in the
database (26K). Collecting sufficient samples for
these rare and underrepresented diseases is essen-
tial for training. However, achieving this requires
consolidating patient records across time periods
and regions, which is likely accompanied by mis-
matched ICD versions. It remains understudied
whether such a combination leads to benefits or
harm in modeling. For example, given that only
24.3% of ICD-9-CM codes have exact matches in
ICD-10-CM (Fung et al., 2021), mixing multiple
datasets across versions may plausibly introduce
noise that harms rather than helps modeling.

This study explores this question by examining
if ICD-9 data is valuable for training an ICD-10
prediction model (Figure 1). Our experiments used
two ICD-9 datasets and one ICD-10 dataset based
on MIMIC (Edin et al., 2023), and mixed their train-
ing sets to train a version-independent model based
on label-wise attention (LWA) (Wu et al., 2024;
Mullenbach et al., 2018). Adding ICD-9 data to
the training set led to substantially improved per-
formance on rare codes (micro F1: 8.4 → 10.7)
in ICD-10 using a much smaller model, as well
as improved per-label performance on frequent
codes (macro F1 of 29.9). Our findings demon-
strate the synergistic effect of combining multi-
version datasets for ICD coding, showcasing the
potential value of leveraging legacy patient records
to train more robust ICD prediction systems.

2 Related Work

Research on automated and assisted ICD coding
dates back to the 1990s (Larkey and Croft, 1996).
Recent advances have largely focused on configur-
ing neural architectures to better model the large
code set (Li et al., 2025b; Shi et al., 2017). Ji et al.
(2024) surveyed modeling approaches and high-
lighted that label-wise attention (LWA) (Mullen-
bach et al., 2018; Wu et al., 2024; Vu et al., 2020)

remains a key module to train high-performing
models. Edin et al. (2023) conducted a compre-
hensive benchmark of various LWA-based mod-
els across three datasets spanning MIMIC-III and
IV and ICD-9 and ICD-10, finding that PLM-ICD
with in-domain pretrained checkpoints performed
best. Other approaches exploit the relations be-
tween codes in the ICD ontology to improve model-
ing (Luo et al., 2024; Yuan et al., 2022). To the best
of our knowledge, all prior models were trained for
a specific set of ICD codes as label space, and none
were evaluated across different ICD versions.

A growing number of studies have explored
prompting LLMs to predict ICD codes (Simmons
et al., 2025; Yang et al., 2023). While simple
prompting achieves low performance (Soroush Ali
et al., 2024), agent-based systems for ICD predic-
tion show promise (Motzfeldt et al., 2025; Zheng
et al., 2025). The generative approach is not con-
strained by a fixed label space and may offer en-
hanced interpretability. However, most of these
studies were conducted on small-scale datasets
with a limited label space of about 1K (Cheng et al.,
2023), which contrasts with existing benchmarks
(8K in Edin et al. (2023)) and public databases
(26K in Johnson et al. (2023)). In addition, agent-
based approaches often require large token budgets,
which can be costly. For this study, we focus on
comparing with supervised approaches on datasets
with large code sets.

3 Methods and Experiments

3.1 Benchmark Datasets

We adopted the benchmark from Edin et al. (2023),
which includes three MIMIC-derived datasets,
namely MIMIC-III (ICD-9), MIMIC-IV (ICD-9),
and MIMIC-IV (ICD-10). The original benchmark
focuses on frequent codes, defined as appearing
≥ 10 times in the corresponding database. To
also evaluate rare codes, we re-extracted all codes
from MIMIC, resulting in substantial expansions
of the code space (6K → 11K for ICD-9 and
8K → 26K for ICD-10). Since ICD-9 is no longer
in active use, we focused on ICD-10 as the primary
evaluation benchmark. Dataset statistics are pre-
sented in Appendix Table 5.

3.2 Classification Model

LWA trains code-specific embeddings to attend to
relevant text tokens in clinical notes and uses them
for classification (Edin et al., 2024). To enable
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adaptive modeling across ICD versions, we trained
an encoder to generate code embeddings from code
descriptions, which are unique textual strings de-
scribing each ICD code. We jointly trained two text
encoders – one for clinical notes and one for ICD
codes – using LWA. Given the dual-encoder feature
and the use of LWA from LAAT (Vu et al., 2020),
we denote the model as DUALLAAT. The model
takes N notes and C codes (as text strings) as input
and outputs a probability matrix ŷ ∈ RN×C as pre-
diction. The codes in C are version-agnostic and
can be ICD-9 or ICD-10. Detailed notations and
training procedures are provided in Appendix B.

3.3 Experiments
To investigate the impact of mixing multiple ICD
data sources, we aggregated the three train sets
from MIMIC-III (ICD-9), MIMIC-IV (ICD-9), and
MIMIC-IV (ICD-10) for training and evaluated on
the corresponding test sets. We included all ICD
codes (i.e., from full label space) in the aggregated
data to train the model. To enable fast experimen-
tation and to highlight the impact of data mixing,
we used basic CNN (Mullenbach et al., 2018) and
RNN (Vu et al., 2020) as text encoders, denoted as
DUALLAATcnn and DUALLAAT, respectively.

We adopted the benchmark metrics (Edin et al.,
2023) for evaluation on frequent codes, including
both classification and ranking metrics. In partic-
ular, macro F1 was calculated as the arithmetic
mean of F1 scores per code. Higher macro F1 indi-
cates stronger performance on less frequent codes,
reflecting tail-end robustness. We also evaluated
on full ICD-10 set and explicitly on rare codes,
which in practice can be equally important as fre-
quent codes for reporting disease prevalence and
enabling appropriate reimbursement.

3.4 Baselines
We consider two strong supervised models as base-
lines for frequent and full code sets, respectively:

PLM-ICD. This model adopts in-domain BERT
with sliding-window as the text encoder and trains
with LWA (Huang et al., 2022). Prior work found
replacing BERT with Llama on a dataset with 50
codes did not improve performance (Motzfeldt
et al., 2025), highlighting the strong baseline per-
formance of PLM-ICD. We report its results from
the previous benchmark study on the frequent 8K
codes (Edin et al., 2023).

CoRelation. This model improves code repre-
sentation learning by modeling the relations be-

tween codes through a bipartite graph for enhanced
accuracy and efficiency (Luo et al., 2024). It was
evaluated on top-50 and full codes in MIMIC. We
use this model for reference comparison on full
ICD-10 set with 26K codes.

4 Results

4.1 Impact of Data Mixing on Frequent Code
Prediction and Benchmark Comparison

Table 1 presents the results on frequent codes.
On ICD-10 prediction, mixing additional ICD-9
datasets from MIMIC improves all metrics for both
DUALLAATcnn and DUALLAATrnn, with about 2
points of improvement on macro F1. This shows
that adding ICD-9 to training is beneficial for ICD-
10 prediction despite terminological differences.
Using a stronger encoder (RNN over CNN) also
brings steady improvements, consistent with prior
findings (Edin et al., 2023) and suggesting potential
gains with stronger encoder models.

Compared with the PLM-ICD baseline, RNN-
based DUALLAAT trained on mixed MIMIC
datasets achieved similar precision but much higher
macro AUC-ROC and macro F1. We also report
results for the weaker CAML (Mullenbach et al.,
2018) and LAAT (Vu et al., 2020) in Appendix
Table 6. These baseline methods with CNN and
RNN encoders form a more direct comparison with
our model. The additional results also show that
DUALLAAT trained using mixed datasets offers
lower variance across the metrics.

4.2 Impact on Rare Code Prediction

Mixing additional data sources shows substantial
benefits in rare code prediction, as presented in
Table 2. Both ICD-10 and 9 benefited from alter-
native ICD data. For ICD-10, this yielded a 27.4%
increase in micro F1, which is a substantial im-
provement given the number of codes (18K).

Table 4 compares the model performance on the
full code set with 26K labels from MIMIC-IV ICD-
10. DUALLAAT achieves results comparable to
the reported CoRelation numbers on shared metrics,
with a notably higher macro F1 (6.3→11.2), sug-
gesting stronger performance across the long tail of
rare codes. This shows that enhancing training data
can be as important in ICD coding as architectural
improvements, which have been the predominant
focus in ICD prediction literature (Ji et al., 2024;
Dong et al., 2022).
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Classification Ranking

AUC-ROC F1 Precision@k R-precision MAP
Micro Macro Micro Macro 8 15

MIMIC-III ICD-9
PLM-ICD (Edin et al., 2023) 98.9 95.9 59.6 26.6 72.1 56.5 60.1 64.6
DUALLAAT 99.2 96.9 61.8 33.3 74.9 58.8 62.8 68.1

MIMIC-IV ICD-9
PLM-ICD (Edin et al., 2023) 99.4 97.2 62.6 29.8 70.0 53.5 62.7 68.0
DUALLAAT 99.5 97.6 63.4 34.3 71.0 54.3 63.8 69.3

MIMIC-IV ICD-10
PLM-ICD (Edin et al., 2023) 99.2 96.6 58.5 21.1 69.9 55.0 57.9 61.9
DUALLAATcnn (ICD-10 only) 99.2 96.8 55.6 24.3 67.5 52.7 55.3 59.0
DUALLAATcnn 99.3 (↑) 97.2 (↑) 56.6 (↑) 26.0 (↑) 68.4 (↑) 53.6 (↑) 56.4 (↑) 60.4 (↑)

DUALLAAT (ICD-10 only) 99.3 97.1 57.5 27.9 69.3 54.4 57.2 61.5
DUALLAAT 99.3 (−) 97.4 (↑) 58.0 (↑) 29.9 (↑) 69.9 (↑) 54.9 (↑) 58.0 (↑) 62.3 (↑)

Table 1: Results on frequent ICD codes for MIMIC-III ICD-9 (3.7K), MIMIC-IV ICD-9 (6K) and MIMIC-IV
ICD-10 (8K). The means of three random seed runs were reported. For ICD-10 prediction, ↑ indicates improvement
of multi-source training (ICD-10 + ICD-9) compared to training on ICD-10 alone.

4.3 Training and Parameter Efficiency

Mixing multiple ICD sources for training also im-
proves efficiency as the model can now be applied
to datasets with different ICD versions, in effect
reducing the number of model parameters required.
In the context of this study, three PLM-ICD models
are needed for the three benchmarks on frequent
code prediction, whereas one DUALLAAT can han-
dle them all. Training with mixed data also shortens
convergence time: our training plateaued at around
10 epochs compared to 20 epochs for PLM-ICD.

Table 3 reports the comparison between PLM-
ICD and DUALLAAT. While DUALLAAT with
mixed datasets achieves comparable performance,
it uses only a fraction of the training time and pa-
rameters. This can be an important factor to con-
sider when deploying a model in a low-resource
hospital or outpatient setting (Wu et al., 2022).

F1 Micro Precision@8 MAP

MIMIC-IV-ICD10
Single Dataset 8.4 5.8 19.5
+ Mixing Alt ICD 10.7 (27.4%↑) 6.1 (5.2%↑) 21.4 (9.7%↑)

MIMIC-IV-ICD9
Single Dataset 7.2 5.6 25.4
+ Mixing Alt ICD 10.9 (51.4%↑) 6.6 (17.9%↑) 31.2 (22.8%↑)

Table 2: Results on the rare codes (frequency < 10 in the
cohort). DUALLAATcnn trained on the corresponding
train set was used as baseline.

Training time # Param

ICD-10 only
PLM-ICD 34 hrs 137M
DUALLAATcnn 5 hrs 15M
DUALLAAT 18 hrs 37M

ICD-10 + ICD-9 (×3 datasets)
PLM-ICD (×3 models) 95 hrs 402M
DUALLAATcnn 17 hrs 15M
DUALLAAT 57 hrs 37M

Table 3: Comparison of training time and model size.
Mixed training data includes one dataset for ICD-10 and
two datasets for ICD-9.

5 Discussion & Conclusion

Training effective ICD coding models is challeng-
ing due to the long-tail distribution of codes and the
continuous updates to the ICD system. Most exist-
ing work focuses on improving modeling methods,
yet little attention has been paid to the impact of the
training data itself. We show that mixing multiple
data sources – even with varied ICD versions – ben-
efits both frequent and rare code predictions. The
gains are notable given that less than 25% of ICD-9
have equivalent mappings to ICD-10 (Fung et al.,
2021), suggesting the benefits arise from shared
clinical semantics rather than direct label overlap,
which warrants future investigation.

The viability of mixing ICD versions means
legacy patient records can be utilized in training
new models, an important implication for devel-
oping coding systems to handle ongoing modifica-
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AUC-ROC Micro AUC-ROC Macro F1 Micro F1 Macro Precision@8

PLM-ICD (Luo et al., 2024) 99.0 91.9 57.0 4.9 69.5
CoRelation (Luo et al., 2024) 99.6 97.2 57.8 6.3 70.0
DUALLAAT (ICD-10 only) 99.6 97.0 56.6 10.2 69.3
DUALLAAT 99.7 97.4 57.1 11.2 69.8

Table 4: Results on 26K ICD-10 codes in MIMIC-IV. PLM-ICD and CoRelation results are from the original paper,
which uses a different preprocessing pipeline; we include this approximate comparison for reference.

tions of ICD rules. For major rule updates, a model
trained on legacy records can avoid cold-start is-
sues and serve as a foundation for fine-tuning.

In conclusion, we demonstrate the advantages
of mixing multi-source datasets to train ICD pre-
diction models, resulting in more accurate, robust,
and efficient performance. The synergistic effect of
combining diverse sources demonstrates the poten-
tial for further scaling both training data and model
capacity to advance the progress of ICD coding
research. Finally, our code and model checkpoints
are released to support reproducibility.2

Limitations

ICD and Data Coverage. This study only con-
sidered the MIMIC databases as the data sources,
which originate from a single institution in the
United States and use ICD Clinical Modification
(CM). Other regional implementations of ICD ex-
ist, such as ICD-10-CA for Canada and ICD-10-
AM for Australia. Furthermore, many countries
adopt ICD systems in non-English languages, in-
cluding China (CCD/ICD-10-CN) and Germany
(ICD-10-GM). We were limited by the scope of
data in this initial study and focused on openly
available datasets. Given insights from multilin-
gual language modeling, cross-lingual knowledge
transfer (Artetxe et al., 2020) may also be feasible
for ICD modeling. However, this warrants future
research, particularly to address nuanced differ-
ences between different ICD versions beyond mere
translation and semantic mappings.

Classification Model. For this study, we em-
ployed simple classification models in the experi-
ments, but we believe the patterns of data mixing
can be extrapolated to other models given the ex-
isting findings on modeling architectures (Ji et al.,
2024; Edin et al., 2023). Training PLM-based mod-
els with multi-source datasets represents a natural
follow-up, though we leave this open as newer and

2The training code and model checkpoints can be found in
https://github.com/JHLiu7/Dual-LAAT.

more effective modeling methods may emerge in
the near future.

Record Overlap. An inherent challenge in mix-
ing data sources is potential overlapping records.
MIMIC-III (2001-2012) and MIMIC-IV (2008-
2018) overlap temporally, but we could not ex-
plicitly identify shared patients because they use
different ID conventions and are not linkable. This
may have influenced results for ICD-9, although
these were not the primary focus of our experi-
ments. Meanwhile, this is less of an issue for ICD-
10 since it is distinctly different from ICD-9 and
only exists in MIMIC-IV. We found seven patients
appearing in both ICD-9 and ICD-10 datasets from
Edin et al. (2023) in MIMIC-IV, with only one pa-
tient in the ICD-10 test set (19,802 patients). Given
the large test size and different data distributions,
we deemed it acceptable to retain this patient to
enable direct comparison with the baselines.
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A Datasets for Evaluation

Table 5 presents the statistics of the three bench-
mark datasets from Edin et al. (2023). We addition-
ally extracted the infrequent codes that were not
included in the prior study to evaluate the models’
robustness on tail-end ICD codes.

B Classification Model in Detail

B.1 DUALLAAT with dual encoders
Given a clinical note N with tnote word tokens
wN
1 , wN

2 , . . . , wN
tnote

, we have a clinical code C
with tcode word tokens wC

1 , w
C
2 , . . . , w

C
tcode

from
the code description. They are transformed into
word embeddings by a shared embedding layer
into eN1 , eN2 , . . . , eNtnote

and eC1 , e
C
2 , . . . , e

C
tcode

, re-
spectively.

Clinical note representations at token level
Hnote ∈ Rdnote×tnote are created by a note encoder
as encodernote:

Hnote = encodernote(e
N
1 , . . . , eNtnote

) (1)

The clinical code representation is encoded by a
separate encodercode and pooled into a code-level
representation. The representation for one code
hcode ∈ Rdcode is created as:

hcode = Pooling(encodercode(e
C
1 , . . . , e

C
tcode

))
(2)

In practice, we consider L codes by encod-
ing them in a batch to create Hcode ∈ R|L|×dcode .
Then we have two projection matrices Wnote ∈
Rdshared×dnote and Wcode ∈ Rdcode×dshared for note and
code, respectively. The projected code represen-
tations Hcode · Wcode ∈ R|L|×dshared replaces the
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MIMIC-III ICD-9 MIMIC-IV ICD-9 MIMIC-IV ICD-10

Number of notes 52,712 209,326 122,278
Notes: Train/val/test [%] 72.9/10.6/16.6 73.8/10.5/15.7 72.9/10.9/16.2

Frequent Code Set
Number of unique codes 3,681 6,150 7,942
Codes per note: Median (IQR) 14 (10-20) 12 (8-17) 14 (9-20)
Codes per note: Mean (Std) 15.6±8.0 13.3±7.6 15.7±8.7

Full Code Set
Number of unique codes 8,925 11,324 26,085
Codes per note: Median (IQR) 14 (10-20) 12 (8-17) 15 (10-21)
Codes per note: Mean (Std) 15.9±8.1 13.4±7.6 16.0±8.9

Rare Code Set
Number of unique codes 5,244 5,174 18,143
Codes per note: Median (IQR) 1 (1-2) 1 (1-1) 1 (1-2)
Codes per note: Mean (Std) 1.5±1.1 1.2±0.6 1.6±1.2
Number of notes (at least 1 rare code) 10,653 14,185 30,332

Table 5: Benchmark datasets on MIMIC-III (ICD-9), MIMIC-IV (ICD-9), and MIMIC-IV (ICD-10) from Edin et al.
(2023), which are based on the frequent code set. Additional full code set and rare code set are also examined. Rare
codes refer to codes occurring less than 10 times in the dataset, and were not included in Edin et al. (2023). Full
code set share the same clinical notes with the frequent code set. IQR: interquartile range. Std: standard deviation.

code-specific embeddings in typical LWA imple-
mentation. With an additional dimension dshared
specified, the attention scores and representations
based on dual encoders are computed:

Adual = softmax
(
tanh(Hcode ·Wcode) (3)

· tanh(Wnote ·Hnote)
)

Jdual = Hnote ·A⊤
dual (4)

This formulates the backbone of DUALLAAT,
which use separate note encoder and code encoder
to create their corresponding representations and
compute label-wise attention.

To further enhance the dual label-wise atten-
tion, we also consider M attention heads with
W1

note, . . . ,W
M
note and W1

code, . . . ,W
M
code as multi-

head attention (MHA) (Vaswani et al., 2017). Then
we compute J1

dual, . . . ,J
M
dual and obtain the multi-

head note representation per code by concatena-
tion:

Jmha
dual = concat(J1

dual, . . . ,J
M
dual) (5)

The final output is computed as:

ŷ = sigmoid(classifier(Jmha
dual)) (6)

The model is trained to minimize binary cross
entropy loss. Different from the previous models
that consider only note N as input, DUALLAAT
now takes both N (notes) and C (codes) as inputs.
This enables a flexible choice of L by changing

C either during training or at inference. Since the
clinical codes C are provided as code descriptions
in text, it allows flexibility to feed different versions
of ICD codes as long as they are provided in the
textual form. During inference, these descriptions
can be directly mapped back to the actual codes.

B.2 Training DUALLAAT
To train DUALLAAT in batches, we need to dy-
namically set the label space L for different codes.
For example, given a batch of 32 patients with each
patient having 20 codes on average, L would be set
dynamically according to appearing clinical codes
with |L| = 640 (20×32). Meanwhile, in reality
the number of clinical codes can vary dramatically
from patient to patient, resulting in large variations
in code numbers that would destabilize the label
space and thus training. In addition, patients in a
batch sometimes may contain codes in overlap, in
effective reducing the scope of L.

To address this, we specify the label space L to
be a fixed number that is larger than the possible
codes to appear in a batch. Given the fixed L, we
collect the unique codes in the batch as positives
Lpos, and then randomly sample negative codes
Lneg from a code pool to form L so that |L| =
|Lpos| + |Lneg|. This setup has three advantages.
First, it fixes the number of L to stabilize training.
Second, it removes duplicated positive codes and
allows negative sampling to expand the scope of
L, enabling higher sample efficiency. Finally, |L|
becomes a hyperparameter to be controlled.

During training, we use a sampler to keep only
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one ICD version in each batch, i.e., L is either
Licd9 or Licd10. These batches of different ICD
versions are mixed and shuffled to train the model
with standard mini-batch gradient descent.

B.3 Hyperparameter setting
We set the dimensions of the encoders and the pro-
jection layers the same dnote = dcode = dshared
without further tuning. We follow the implemen-
tation from (Edin et al., 2023) as best practice in
setting the hyperparameters, where DUALLAAT
has a dimension of 512, one bidirectional layer, and
dropout rate of 0.3; and DUALLAATcnn has a 256
filters with filter width of 10, and dropout rate of
0.2. All models are trained using a linear sched-
uler with learning rate of 0.001 and 2000 warmup
steps on batches of 32 samples. DUALLAAT is
additionally imposed with weight decay of 0.001
to regularize training. The maximum number of
tokens in clinical notes is set to 4000, and that for
the clinical code descriptions is set to 48.

We pretrain the word embeddings (100 dimen-
sions) based on the three train sets, again following
the setup in (Edin et al., 2023). By default, we
train the models on full ICD codes, and set the
label space size |L| to 8192. We use GRU as the
default RNN choice for DUALLAATrnn, with an
alternative DUALLAATcnn using CNN.
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CAML LAAT PLM-ICD DUALLAATcnn DUALLAAT
(+ ICD-9) (+ ICD-9)

AUC-ROC Micro 98.5 ± 0.0 99.0 ± 0.1 99.2 ± 0.0 99.3 ± 0.0 99.3 ± 0.0
AUC-ROC Macro 91.1 ± 0.1 95.4 ± 0.3 96.6 ± 0.2 97.2 ± 0.0 97.4 ± 0.0
F1 Micro 55.4 ± 0.2 57.9 ± 0.1 58.5 ± 0.7 56.6 ± 0.2 58.0 ± 0.0
F1 Macro 16.0 ± 0.3 20.3 ± 0.4 21.1 ± 2.3 26.0 ± 0.2 29.9 ± 0.3
P@8 66.8 ± 0.2 68.9 ± 0.1 69.9 ± 0.6 68.4 ± 0.2 69.9 ± 0.1
P@15 52.2 ± 0.1 54.3 ± 0.1 55.0 ± 0.6 53.6 ± 0.2 54.9 ± 0.1
R-precision 54.5 ± 0.2 57.2 ± 0.1 57.9 ± 0.8 56.4 ± 0.2 58.0 ± 0.1
MAP 57.4 ± 0.2 60.6 ± 0.2 61.9 ± 0.9 60.4 ± 0.2 62.3 ± 0.1

Table 6: Results on frequent ICD-10 codes (main benchmark) with additional baseline models. Scores are reported
with standard deviation.
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