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Abstract: Nowadays, most health professionals use electronic health records to keep track of patients.
To properly use and share these data, the community has relied on medical classification standards to
represent patient information. However, the coding process is tedious and time-consuming, often
limiting its application. This paper proposes a novel feature representation method that considers the
distinction between diagnoses and procedure codes, and applies this to the task of medical procedure
code prediction. Diagnosis codes are combined with text annotations, and the result is then used as
input to a downstream procedure code prediction task. Various diagnosis code representations are
considered by exploiting a code hierarchy. Furthermore, different text representation strategies are
also used, including embeddings from language models. Finally, the method was evaluated using the
MIMIC-III database. Our experiments showed improved performance in procedure code prediction
when exploiting the diagnosis codes, outperforming state-of-the-art models.
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1. Introduction

Critical reasoning is one of the most valuable skills for a healthcare professional when
faced with a new medical case. A comprehensive view of the patient’s history allows for a
better assessment of their condition. Thus, having quick access to all relevant information
about a patient promotes better, faster, and more cost-effective decision-making [1]. This
idea is reflected in the upward trend in Electronic Health Records (EHR) adoption world-
wide in recent years, which seeks to increase efficiency and improve quality of care by
giving care providers access to comprehensive and accurate patient records [2]. However,
as vast amounts of patient data become available, there is a growing motivation in the
community to develop strategies to optimize the use of this type of information.

Currently, an essential source of information usually included in EHRs corresponds
to unstructured data in the form of clinical texts acquired during medical checks and
hospital admissions [3]. These annotations contain valuable information about each patient,
but making practical use of this information is not trivial, due to the peculiarities of the texts,
such as the presence of misspellings, typos, and ambiguous terms [4]. To deal with this
lack of structure, clinicians assign specific medical codes to known conditions and events
from their observations. To this end, medical professionals use various coding standards
for different applications. Healthcare Common Procedure Coding System (HCPCS) [5],
Current Procedural Terminology (CPT) [6], and Australian Classification of Health Inter-
ventions (ACHI) [7], for example, provide a collection of standardized codes for medical
procedures, supplies, services, and interventions.

One of the most used standards is the International Classification of Disease (ICD) [8],
developed and maintained by the World Health Organization (WHO) and recognized as
one of the main bases for comparing health statistics related to morbidities and causes of
death. The standard is periodically updated to reflect advances in medical knowledge and
involves healthcare professionals worldwide [9]. In 2024, the standard spans 11 revisions,
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the latter of which, ICD-11, introduces a computable knowledge framework consisting
of a large ontology of around 80,000 medical entities, as presented by Harrison et al. [8].
Each entity describes a health-related phenomenon and establishes relationships with other
entities defined in the standard.

Given its wide adoption, this study is built around the ICD standard. To evaluate our
results with comparable approaches to ICD procedure prediction in the literature [10,11],
we used the Medical Information Mart for Intensive Care III (MIMIC-III) database [12],
which is based on the ninth revision of the standard (ICD-9). The ICD-9 revision comprises
a taxonomy of more than 15,000 codes for disease diagnoses and procedures.

Manually assigning medical codes still requires a medical expert with good knowledge
to make the associations. This task is time-consuming and, most importantly, error-prone,
particularly due to the large size of the ICD taxonomy [10] and the hindsight bias that can
lead to incomplete or downright wrong clinical evaluations [13]. This coding standard
is also widely used to assess medical costs and support billing processes with insurance
companies, and consequently improper usage can have monetary consequences for in-
stitutions [14]. To mitigate these limitations, automatic ICD coding has been explored
for decades using traditional Machine Learning (ML) tools [15–17] and, more recently,
incorporating Deep Learning (DL) elements into the mix [3,10,18–20]. For an extended
overview of coding schemes, relevant databases, and State-of-the-Art (SOTA) solutions
for automatic ICD coding, the interested reader will find a wealth of information in the
extensive review by Kaur et al. [21].

The ICD-9 coding standard integrates codes for medical diagnoses and procedures,
which is a clinically relevant distinction, since they refer to different stages of a patient’s
care process. Following this observation, we propose a novel approach to the problem of
automatic ICD coding by assuming that latent relationships between groups of diagnoses
and procedures help identify the latter when there is some information about the former.
We base our premise on the hypothesis that similar medical conditions often require
comparable treatments, which is a relation that has been studied in the past [22,23] and still
raises interest in various domains at the present time [24,25].

This paper proposes a novel feature representation method that uses information on
known diagnoses combined with textual clinical annotations and uses both as input for
the task of ICD procedure code prediction. To analyze how incorporating diagnosis codes
affects the performance of the prediction task, we consider varying levels of detail in the
definition of diagnoses by exploiting the hierarchical structure of ICD codes. Additionally,
this paper tested this novel representation method using different strategies for transform-
ing text annotations into structured vectors, including embeddings from language models.
Finally, we evaluate the study using the discharge summaries of the MIMIC-III database
and compare our results with other relevant studies of the SOTA.

The remainder of the paper is structured as follows. In Section 2, we present the most
relevant state of the art on automatic ICD code prediction. An overview of the proposed
architecture is presented in Section 3. The test methodology and experimental results are
presented in Section 4. Finally, in Section 5, we summarize the conclusions of this work
and discuss future lines of work.

2. Background

When applying ML-based strategies, automatic ICD coding is formulated as a multi-
label classification problem. A wealth of work has explored this topic using different
ML-based approaches, some using conventional ML models and others integrating DL
elements into their solutions.

Perotte et al. [15] developed two prediction models based on Support Vector Machine
(SVM), a flat classifier where each ICD code is predicted independently of any other, and
another that exploits the hierarchical nature of the ICD codes, concluding that the latter
yielded better coding results. Koopman et al. [16] applied an SVM-based solution to
the specific task of classifying types of cancer from death certificates, allowing them to
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reduce the label space to predict. Kavuluru et al. [17] also resorted to conventional ML
techniques, evaluating the performance of various classification models based on SVM,
Logistic Regression (LR), and Multinomial Naive Bayes (MNB), in the task of assigning
ICD codes to extensive medical records. Other works have focused on the hierarchical
structure of codes, such as in the work of Subotin and Davis [26], where they proposed a
two-level hierarchical classification, a partial classification to first identify potential codes,
followed by a second estimator that resolves the detailed codes.

With the appearance of DL, many strategies have been developed in recent years to im-
prove the results of traditional ML approaches. Mullenbach et al., Nuthakki et al., Reys et al.,
and Huang et al. [3,10,11] proposed different DL-based approaches to automatic ICD cod-
ing and compared their results against conventional ML alternatives, collectively showing
better results for the DL models. Mulllenbach et al. [10] developed a Convolutional Neural
Network (CNN) model introducing per-label attention mechanisms, which boosted ex-
plainability by selecting the most relevant segments of the clinical notes. Nuthakki et al. [11]
used transfer learning to adapt a Long Short-Term Memory (LSTM)-based architecture to
predict diagnosis and procedure ICD codes. Reys et al. [18] adapted an attention-based
CNN and applied it to medical records in Brazilian Portuguese, demonstrating good per-
formance in non-English applications. Huang et al. [3] experimented with models based
on LSTM and Gated Recurrent Unit (GRU), to capture long-term dependencies within the
notes, some of which proved too long to retain useful information. They also considered a
code hierarchy by simplifying the prediction task from specific codes to whole categories,
which showed a significant improvement in accuracy at the expense of the level of detail of
the final prediction.

More recently, other techniques based on transformer architectures have shown
promising results using text representations that exploit context. Chen et al. [19] used
word embeddings from different Bidirectional Encoder Representations from Transform-
ers (BERT)-based models in a GRU classifier, showing improved performance compared
to other embedding techniques. On the other hand, Pascual et al. [20] used a BERT-based
model for automatic ICD coding and noted the limitations of the model when used with
long pieces of text.

However, despite the benefits of using transformer-based architectures in Natural
Language Processing (NLP), these do not currently hold the SOTA in ICD prediction.
As noted in [20], CNN and Recurrent Neural Networkt (RNN) alternatives can process text
of any length, while their BERT-based counterparts are inherently limited in the number of
words they can evaluate. In [27], the authors arrived at a similar conclusion, stating that
one of the main limitations of the transformer model in this area is its limited ability to
handle longer text sequences compared to other alternatives. Still, there are positives to the
transformer approach, such as its ability to handle long-range dependencies or its improved
interpretability compared to traditional CNNs, which may prove helpful in some instances.

There has been a limited amount of research that specifically addressed the task of
predicting ICD procedure codes compared to those that focused on predicting diagnosis
codes. However, there are still studies that aimed at procedure prediction, such as the
already presented study of Mullenbach et al. [10], where they considered the task of
predicting diagnoses and procedures separately, or the work of Subotin et al. [26], which
specifically focused on procedure prediction.

One of the premises of our study was to use some of the information already known
about a patient’s status to help predict appropriate treatments, i.e., using what we know
about their diagnoses to predict relevant procedures. Some studies have explored label
correlation in automatic ICD coding. Tsai et al. [28] developed a re-ranking module for ICD
prediction by nesting a base estimator with a distribution estimator of the code set that
captures the knowledge of the correlation between code groups. Yan et al. [29] proposed
a multi-label large-margin classifier incorporating knowledge about code relationships,
which showed an improvement in classification performance. Other studies resorted to
graph-based architectures to integrate code co-occurrence. Mahdi et al. [30] explored
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relationships between ICD codes by integrating a one-layer graph-based model with a code
co-occurrence graph.

Lastly, some authors have also considered the explicit relationship between diagnoses
and procedures in the task of ICD prediction, such as Haq et al. [31], where they developed
an architecture to learn mappings between ICD diagnosis codes and CPT procedures. They
exclusively considered mappings between diagnoses and procedures, without considering
other sources of information, but their results showed a clear improvement over alternatives
that did not exploit this relationship.

The correlation of codes has previously been studied in the context of ICD coding.
However, the work in this area has either focused on analyzing the relation between codes
that tend to appear together, without considering the clinical differences between diagnoses
and procedures, or has not considered aggregating this information with other patient data.

3. Proposal

We propose an approach for predicting medical procedures from clinical notes by
combining these with their known diagnoses as ICD codes. To our knowledge, no other
study has exploited this relationship in predicting clinical procedures. Since procedures
and diagnoses are often described by following the ICD coding standard, it is common in
the SOTA to treat the joint prediction task of both groups, ignoring the clinical importance
of each individually. Our method revolves around the premise that some diagnoses
often trigger specific medical treatments; therefore, incorporating the information about
this underlying relationship together with the clinical annotations can, in turn, produce
better results in the task of procedure prediction compared to using either source of
information alone.

The proposed process depicted in Figure 1 comprises three main stages: diagnosis
ICD code detection, diagnosis ICD code expansion, and procedure ICD code detection.

Figure 1. Approach to automatic procedure prediction combining text and diagnosis information.

The first step consists of automatically detecting ICD codes based on textual analysis
of medical notes. Usually, this is the only task considered when detecting ICD codes. Our
solution innovates by proposing an extended process.

The second step is optional and consists of the expansion of the codes detected in the
previous step. This expansion consists of adding ICD codes from the hierarchy. For example,
under the ICD-9 standard, the diagnosis “presenile dementia with delirium” belongs to
the general category of “dementias”, which are defined with the codes 290.11 and 290,
respectively. During this step, we resolve and combine both definitions to use them later in
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the procedure detection step. Some authors have also exploited the taxonomic structure of
ICD codes to calculate patient similarity [32]. Our work proposes an expansion mechanism
to improve the procedure of ICD code detection, which, in a nutshell, might improve
the overall performance when predicting procedures by enriching the information about
known diagnoses.

Finally, the third step is the detection of procedure ICD codes, taking the diagnosis
ICD codes (potentially expanded) and the original text as input. This step aims to provide
a new perspective for procedure ICD code prediction by considering it as a first-class
task rather than a task included in general ICD code prediction. This consideration is
also supported by the fact that ICD-10, a newer revision of the standard, already defines
different classification schemas for diagnosis codes (ICD-10-CM) and procedure codes
(ICD-10-PCS) [33].

Our experiment tested our assumptions regarding the hierarchy of ICD codes and
treated procedure prediction as a separate task.

4. Implementation Design and Evaluation

Figure 2 provides a general overview of the implementation, which consists of four
steps: data extraction from the MIMIC-III database, including diagnosis and procedure
codes and medical annotations; text vectorization; diagnosis codification; and finally,
procedure prediction using a combination of text vectors and diagnosis codes as input.

Figure 2. Implementation design overview. Diagnosis and procedure codes are described as multi-
hot encodings.

The rest of this section details the implementation design and presents relevant mate-
rials, metrics, and results.

4.1. Data

To evaluate our approach, we used MIMIC-III [12], a publicly available database
comprising a wealth of health-related data, including demographics, caregiver annota-
tions, and related procedures. A complete description of the database can be consulted
at [34]. For the present study, we used the text annotations in MIMIC-III associated with
each medical record, specifically the discharge summaries, which contain information on
admission and its cause, hospital stay, and relevant discharge reports. Each record in-
cludes a collection of known diagnoses and procedures described using the ICD-9 standard.
In total, MIMIC-III contains 59,652 discharge summaries of 52,726 hospital admissions
and 41,127 unique patients. The text annotations present an average of 1551 words per
document, as shown in Figure 3, which shows a word count histogram across MIMIC-III’s
discharge summaries.

To support this study, we used the NOTEEVENTS, DIAGNOSES_ICD, and PRO-
CEDURES_ICD tables, which contain text notes, diagnosis codes, and procedure codes,
respectively. Each table describes each medical case with two unique identifiers: SUB-
JECT_ID for patients and HADM_ID for specific hospital admissions.
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Figure 3. Word count distribution in MIMIC-III discharge summaries.

We used the same data splits as proposed by Mullenbach et al. [10], with a distribution
of 47,719 records in the training set, 3372 in the test, and 1631 in validation. Entries without
text annotations, diagnosis, or procedure codes were discarded. We performed minimal
text preprocessing to remove special characters and any de-identified patient information,
which is presented in the annotations using the special decorators “[** **]”. In addition,
explicit mentions of procedure codes or their names were removed from the text annotations
to avoid bias.

In our study, we used the training set to fine-tune the language models used to generate
the embeddings, and to train the downstream ML prediction models. The test set was used
to tune the hyperparameters of the ML models. Finally, we evaluated the entire system’s
performance with the validation set.

4.2. Vectorized Annotations

Converting text into numeric vectors is essential in any ML task using unstructured
text as input. There are multiple strategies for generating vectorized representations out of
raw text, and in our approach, we cover two different methods: Term Frequency—Inverse
Document Frequency (TF-IDF) features as a representation based on word importance and
contextualized embeddings from transformers.

TF-IDF features encode the importance of a set of words in a specific document, which
can be helpful in text classification [35]. We established a vocabulary size of 10,000 words,
and fitted the implementation with the training set.

When using TF-IDF features, we extend the preprocessing outlined in Section 4.1.
This process involves removing the stop words using the default English stop words from
Natural Language Toolkit (NLTK) [36], then converting all words to lowercase, and finally
removing words containing no alphabetic characters. This pre-processing is applied during
training, and the resulting model is used to generate the vectorized representations.

Contextual embeddings from transformers are dense vector representations of words
that are dynamic and influenced by the surrounding words [37]. Other works have previ-
ously used contextual embeddings in text classification tasks as a way to generate pow-
erful representations to use in ML and DL algorithms [38–40], with some works report-
ing better results compared to traditional word embeddings, as shown in the study of
Chanda et al. [41]. In our specific use case, we considered two different BERT-based
models to extract contextualized embeddings, including DistilBERT [42] as a reference
model trained on a non-specialized English corpus and ClinicalBERT [43]. This model was
explicitly trained on notes from the MIMIC-III database.

We performed full fine-tuning of both models for the task of ICD procedure prediction
using the texts in the training dataset, which, in our use case, showed significantly better
results compared to only adjusting the top layers. We used a sequence length of 512 tokens,
the maximum supported by both models, with padding and right-side truncation. Finally,
we extracted the embedding from the last hidden state of the “[CLS]” token. The output of
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the “[CLS]” is inferred by the rest of the words in the sentence, which is considered to be
a good representation of the contents of the whole text. However, active research is still
trying to find the optimal representation from contextual embeddings [44].

The vectorized representations obtained in this step are combined with the diagnosis
codes to train a downstream classifier for the procedure prediction task.

4.3. ICD Encoding

Since each medical record usually has multiple ICD codes assigned to it, both for
diagnoses and procedures, we use a multi-hot representation to describe the collection
of codes related to any given case, with a single vector where each position relates to a
specific code.

We perform set expansion for the diagnoses codes by considering the hierarchical struc-
ture of ICD codes, which first groups whole families of codes with similar characteristics
and then, within each subsequent category in the hierarchy, describes specific codes with
increasing detail. In the ICD-9 standard, the leading digits of a diagnosis code represent its
main category, and the following encode its clinical details, as shown in Figure 4. To obtain
the general category of any given code, only the leftmost part of its detailed code is taken.
As a result, we consider three representations for each diagnosis code in the evaluation: its
main category, the fully qualified code if available, and the expanded representation that
consists of a combination of both, each represented as multi-hot vectors.

Figure 4. ICD diagnosis code hierarchy.

Another consideration is the frequency with which any code is assigned to a medical
record. Some codes are more frequent and therefore likely to appear in more medical
records compared to others that are assigned sparingly. Following this idea, some studies
approached the task of automatic ICD coding by selecting a reduced subset of the most
frequent codes seen across all medical records in their database of choice, suggesting that
these codes cover most cases [3]. Using a reduced ICD code space ultimately improves
prediction performance by omitting uncommon codes.

For a better comparison with the SOTA, we considered two subsets of ICD codes
covering the 10 and 50 most frequent codes for both diagnoses and procedures, which
correspond to the most popular configurations in the literature [3,10,11]. Nevertheless, it
should also be noted that reducing the label space comes at a cost, as it can negatively impact
the overall reliability, especially in the healthcare domain, where infrequent codes, either
from diagnoses or procedures, tend to be clinically relevant, as noted by Yang et al. [45].

To visualize this phenomenon in actual data, we provide Figure 5, which shows the
distribution of ICD codes (both diagnoses and procedures) per number of documents in
which they appear in MIMIC-III. In the figure, the horizontal axis represents the distribution
of codes for different subsets, sorted from least to most reoccurring, while the vertical axis
shows the actual number of documents in which they appear. Bold-faced values represent
the highest number of documents in which the most frequently reoccurring code appears.
The distribution corroborates that most ICD codes are rarely assigned to many different
records, while a small group of codes are the most prevalent across records. This behavior
is also equally present for both diagnosis codes and procedure codes.



Appl. Sci. 2024, 14, 6431 8 of 15

Figure 5. Histogram of ICD codes per number of documents they appear in across different code
subsets in MIMIC-III.

When using subsets with the most frequent ICD codes, the representation is symmetric
in terms of cardinality, which means that the number of procedure codes to predict is always
the same as the number of diagnosis codes in the input. To select the codes of each subset,
we first find the top diagnosis codes (top-nD) for a given collection of records. We keep
only the documents that contain at least one diagnosis code, and then repeat the same
process to obtain the top procedure codes (top-nP) using the remaining records. This process
ensures that medical records always contain valid entries with at least one diagnosis and
one associated procedure.

As a result of this step, we end up with a variety of representations, which leads to
different inputs to consider in the prediction task, depending on the type of description
used for the diagnosis code (main category, full code, or both), and the top-nD and top-nP
subsets considered in each case. All of these were evaluated across different models in
the experiments.

4.4. Prediction of Procedures

The inputs for the final prediction stage consist of different combinations of anno-
tations and diagnosis representations, as described in Sections 4.2 and 4.3. Specifically,
the collection of diagnosis codes related to each medical record, defined as multi-hot
vectors, are combined with their corresponding vectorized annotations by concatenating
both vectors. The resulting tensor is the input of the prediction task, and the target to
predict is the collection of procedures for the medical case, also described as a multi-hot
vector. The proposed experiment comprised two different classifiers in the prediction step,
a simple LR model and an Multi-layer Perceptron (MLP) architecture, both implemented
using Scikit-learn [46] and adjusted via grid search.
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In the case of the LR classifier, the original multilabel classification problem was
broken down into several binary classification problems, fitting one classifier per target, one
for each procedure code to predict. During the fine-tuning step, we considered different
optimizers and L2 regularization with strengths ranging from 0.001 to 1 in multiples of 10.
The adjusted LR classifier used a liblinear solver with a regularization strength of 0.1.

For the MLP fine-tuning, we considered a single hidden layer with 50, 100, 200, and
500 neurons and an L2 regularization strength ranging from 0.0001 to 0.1 in multiples of 10.
The adjusted MLP classifier used a single hidden layer with 200 neurons and an L2 regular-
ization strength of 0.0005. During training, we also used the Adam solver [47], adaptive
learning rate to minimize training loss with an initial value of 0.005, and early stopping.

The result of this stage is the final prediction, which consists of the most relevant
procedure codes for the given case represented as a multi-hot vector.

4.5. Metrics

The performance was measured by computing the F1 score. We used micro-averaging
to resolve the global performance in the multi-label prediction task, which provided a
good representation of the global performance in predicting the most prevalent codes.
Micro-averaged precision and recall are expressed as follows:

Micro-Precision =
∑C

c=1 ∑N
n=1 yn

cŷc
n

∑C
c=1 ∑N

n=1 ŷc
n

, Micro-Recall =
∑C

c=1 ∑N
n=1 yn

cŷc
n

∑C
c=1 ∑N

n=1 ync
(1)

where C denotes the number of classes (i.e., the number of ICD procedure codes) and N
the number of samples (i.e., the number of medical records). yn

c and ŷc
n are, respectively,

the ground truth and the predicted outcome for the class c in sample n. The F1 score is
described as the harmonic mean between precision and recall.

4.6. Results and Discussion

In this section, we review the results achieved by the proposed approach to ICD
procedure prediction, comparing with other works where applicable. Table 1 summarizes
this evaluation, comparing the global micro F1 score in the procedure prediction task for
different top-nP code subsets, models, and text features. Our models are denoted by “†”,
and the best overall results for each ICD code subset are denoted by “*”. The considered
input types are defined as TV for text vectors and ICD{C,F} for the main categories of the
diagnosis codes (C subscript) or the fully qualified codes (F subscript). Combined inputs
are represented with combined symbols.

Analyzing the performance of the models, we observed that text representations (TV)
based on contextual embeddings from BERT provided slight improvements in performance
over the TF-IDF alternatives. This is in itself an interesting outcome, as the TF-IDF-based
representations used in the experiments were significantly higher-dimensional, with vectors
of 10,000 features compared to the 768-dimensional vectors from BERT-based embeddings.
Furthermore, the BERT models were limited to sequences of 512 tokens, far from the
average word count per document of 1551 (Figure 3). These results suggest that there
might be sequential or temporal relationships between words in the text annotations that
the BERT-based embeddings were able to capture and encode into considerably smaller
representations. Although a significant part of the original text was left out, the resulting
vector did a better job of capturing the core semantic meaning of the whole medical
annotation, using a fraction of the features.

Our results also show that there is indeed value in using diagnosis codes as part of the
input (ICD{C,F}), since there was a consistent boost in performance in every model when
combining diagnosis codes with text vectors. Additionally, this boost increased with the
level of detail of the diagnosis codes, and more interestingly, in some scenarios, it was still
marginally improved when expanding the fully qualified code. We saw improvements in
the F1 score of up to 19% in our setup when using the most detailed diagnoses (ICDCF).
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Even when considering only the less detailed representations corresponding to the main
categories (ICDC), there was still a noticeable performance improvement compared to using
only medical annotations as input. This result suggests that even with limited knowledge
about a patient’s diagnosis, the proposed method can potentially assist in predicting the
ICD codes for the most relevant procedures.

Table 1. Comparison of global micro F1 in procedure prediction. The proposed models are denoted
by “†”. The best overall results for each ICD subset are denoted by “*”.

ICD
Subset Model Text

Features
Micro F1 per Type of Input

TV ICDCTV ICDF TV ICDCF TV

Top-10

AWD-LSTM [11] TF-IDF 0.690 - - -

LR †

TF-IDF 0.549 0.665 0.670 0.675

DistilBERT 0.561 0.647 0.667 0.670

ClinicalBERT 0.582 0.658 0.679 0.680

MLP †

TF-IDF 0.622 0.662 0.693 0.692

DistilBERT 0.553 0.643 0.670 0.673

ClinicalBERT 0.571 0.653 0.679 0.697 *

Top-50

LR [10] Word2Vec 0.533 - - -

CAML [10] Word2Vec 0.614 - - -

AWD-LSTM [11] TF-IDF 0.480 - - -

LR †

TF-IDF 0.519 0.551 0.560 0.564

DistilBERT 0.562 0.588 0.584 0.593

ClinicalBERT 0.592 0.614 0.620 0.623

MLP †

TF-IDF 0.602 0.611 0.613 0.618

DistilBERT 0.566 0.578 0.585 0.594

ClinicalBERT 0.599 0.606 0.632 * 0.622

Compared with other works, we have to consider some caveats regarding the scope
of the prediction task and how we compared our work with the SOTA. Most studies
tackled the problem of ICD code prediction by considering either the diagnosis codes
alone or diagnoses and procedures, but without making clear distinctions between both
groups in the prediction task. This dramatically limits the studies we can reliably compare
to, as predicting procedure codes is clinically and functionally different from predicting
diagnoses. Each group of codes represents different clinical stages and contains a wildly
different number of codes, which leads to inconsistent results when comparing the two
prediction tasks, as Mullenbach et al. showed in their results [10].

Considering previous considerations, we only compared our results with studies from
the SOTA that explicitly reported results for predicting ICD-9 procedures. Specifically, we con-
sidered the work of Mullenbach et al. [10], in which they proposed a model for ICD prediction,
CAML, based on a CNN architecture with attention mechanisms, and Nuthakki et al. [11],
where they used a fine-tuned version of an AWD-LSTM architecture.

Taking into account the best-performing models from the considered studies, the pro-
posed method showed competitive results, outperforming the LSTM-based model in the
top-10 prediction subtask with an F1 score of 0.697 versus their 0.690, and also in the
case of the top-50 subtask, showing an F1 score of 0.632 versus the reported 0.614 of
CAML. The best performing models are based on ClinicalBERT features combined with
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an MLP classifier, showing marginally better results than the alternatives using an LR
classifier and significantly better results when comparing ClinicalBERT with the other text
representation alternatives.

The proposed method showed a significant boost in performance, even when using
the least detailed diagnosis codes, as seen when combining the text vectors with only
the diagnosis categories ICDCTV , where the model based on LR and embeddings from
ClinicalBERT achieved comparable results to the CNN implementation from [10] with a
comparable F1 score of 0.614. When comparing similar setups, the proposed method also
came out ahead. The model based on TF-IDF features and a LR classifier achieved an F1
score of 0.564 when combining text annotations with diagnosis codes. These results outper-
formed those of the comparable LR with Word2Vec features from [10], which reported a
score of 0.533.

The experiments showed that diagnosis codes and medical annotations can help pre-
dict relevant procedure codes, achieving competitive results that outperformed comparable
methods in the SOTA. Our method also managed to achieve these results while relying
on BERT-based models as a fundamental part of the text representation strategy, which,
as other studies have pointed out [20,27], currently does not hold the SOTA in predicting
ICD codes from medical annotations. However, resorting to solutions based on transform-
ers could be particularly beneficial in healthcare, due to the potential insights into the
decision-making process their attention mechanisms can deliver [48].

5. Conclusions and Future Work

This work proposed a novel approach to ICD procedure prediction supported by
diagnoses. To achieve this, we developed a strategy to combine information about known
diagnoses with textual annotations by concatenating their respective vectorized represen-
tations, and using the result as input to the prediction task. The hierarchical structure
of the ICD scheme was also considered in this study. Diagnosis ICD codes are described
using varying levels of detail. Specifically, we use the fully detailed code and its primary
category, which captures its general characteristics. In addition, this work also performed
set expansion over the resulting representations by aggregating both levels of detail into a
single vector.

The evaluation was supported by F1 as the main performance metric, due to its popu-
larity in the research community in this domain [3,10,11,49]. However, other metrics could
be considered. Some authors [50,51], proposed using additional metrics that lead to more
relevant results compared to the commonly used F1-based metric. Other authors [15,52]
proposed metrics that evaluate the impact of mispredictions, which is especially impor-
tant in healthcare, given the consequences of incorrect predictions [53,54]. An extended
evaluation will be explored in the future to take these considerations into account.

The results show that incorporating the information about diagnosis produced better
results in the prediction task than using medical annotations alone. The method proposed
in this paper provided competitive results, outperforming comparable alternatives in the
SOTA. We emphasized the use of language models to support text representation, due to
their ability to generate highly relevant yet relatively small embedding vectors and because
of the active research on explainability, an important quality in healthcare. Nevertheless,
the proposed approach to ICD prediction is not limited to BERT-based architectures, as it
can be implemented in other prediction pipelines.

One of this study’s limitations is the reduced number of architectures used to test
our assumptions. The work focused on validating the idea of implementing a procedure
prediction task supported by diagnoses. Still, this does not give a complete picture of how
the method would behave when combined with other DL architectures, such as CNNs,
which currently hold the SOTA in ICD prediction. Future iterations of this work aim to
address this gap by validating the results in a broader variety of architectures. Model
optimization also needs to be addressed, given the community’s interest in greener DL
solutions [55] and the impact of computational cost in real-world use cases.
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Finally, another limitation is that this work did not consider using rating scales [56,57],
which are useful for patient assessment. Rating scales are especially important in the context
of mental health [58], a topic that has gained relevance since the COVID-19 pandemic [59,60].
Future work aims to adopt newer revisions of the ICD standard to facilitate the analysis of
these types of scales [61,62].

The representation method proposed in this article shows that it is possible to improve
the performance in the ICD procedure prediction task by considering the clinical nuances
between diagnosis and procedure codes. Furthermore, the approach presented in this study
aims to reproduce how medical professionals draw their conclusions from observations, by
establishing a diagnosis and then assigning relevant procedures to the case. Because of this,
the approach can potentially improve the overall interpretability of the prediction task.
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