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Abstract. These working notes present the participation of the IXAAAA team on the CodiEsp Track, as part of the CLEF 2020. The track
is about automatic coding of clinical records according to the International Classification of Diseases 10th revision (ICD-10). There are three
sub-tasks: CodiEsp-D, CodiEsp-P and CodiEsp-X. The two main tasks,
CodiEsp-D and CodiEsp-P, aim to develop systems able to automatically
classify clinical texts according to the ICD-10, respectively for diagnostics and procedures. CodiEsp-X, by contrast, is an exploratory sub-task
within the framework of Explainable AI in which the goal is to detect
the text fragment that motivates the presence of the ICD code. For
the IXA-AAA team participation, we have developed several systems
to cope with the three sub-tasks, including tree-based multi-label classifiers, similarity match strategies, and ensemble models. For the similarity
match, we have explored several approaches and algorithms from string
edit distances as Levenshtein to dense representation with Transformers grounded BERT models. Our best results overall are achieved by
the combination of models, with a MAP of 69.8% for CodiEsp-D and
48.1% for CodiEsp-P. Regarding the exploratory task, CodiEsp-X, our
best coder achieve a micro F1-Score of 30.6%.
Keywords: CLEF · CodiEsp · Clinical records · Similarity Match ·
Multi-label classifier
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Introduction

Here we gather the contribution of IXA-AAA team in the CodiEsp Track from
the eHealth CLEF 2020 – Multilingual Information Extraction [10,15]. The task
consists in the automatic classification of clinical notes according to the ICD-10
codes, considering both procedures and diagnosis. The track contains three independent sub-tasks, two of them considered as the main tasks and the other

?

Copyright c 2020 for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0). CLEF 2020, 22-25 September 2020, Thessaloniki, Greece.
Corresponding author.

regarded as exploratory. The main tasks require systems able to perform ICD assignments (diagnosis and procedures) to a given clinical note. In the exploratory
task, the systems must also submit the text that motivated each code assigned.
Therefore, the three sub-tasks are a) Diagnosis Coding main (CodiEsp-D): automatic ICD-10-CM (i.e. diagnosis) code assignment. b) Procedure Coding main
(CodiEsp-P): automatic ICD-10-PCS (i.e. procedure) code assignment. c) Explainable AI exploratory (CodiEsp-X): automatic ICD-10-CM and ICD-10-PCS
code assignment and text position for reference designation.
These tasks present several challenges regarding the text, multi-label and
ICD classification domain. The documents, written in Spanish, come from a set
of clinical case studies showing properties of both, the biomedical and medical
literature, as well as clinical records. Moreover, they cover a variety of medical
topics, including oncology, urology, cardiology, pneumology or infectious diseases,
which increases both the quantity and the diversity of the ICD codes present
in the dataset. Each clinical note can have several diagnoses or procedures and,
therefore, we face a multi-label classification task. The text multi-label classification alone is an open challenge in the machine learning field but, conjugating
this with the large label-set yielded by the ICD-10 codes, with the low frequency
and with imbalance of labels, then, the task involves overcoming multiple and
varied barriers. Moreover, we are confronted with a zero-shot learning paradigm,
where the clinical cases from the different data partitions (train, dev, test) have
non-overlapping label-sets. Regarding the exploratory task, the identification of
the text position reference for a given code is not trivial since the non-standard
medical language in the text can differ heavily from the standard terms in the
ICD. Besides, apart from the continuous references, there are also discontinuous
references (i.e. references with several parts distributed along the clinical note).
In practical terms, the evaluation of the discontinuous references is carried out
taking the beginning of the first fragment and the end of the last.

2

Related Work

The automatic classification of medical records according to the ICD is an active
field of research with a presence on shared tasks competitions [19] and Natural
Language Processing literature [21]. Through the years, numerous techniques
and systems have been developed to solve these tasks, such as Dictionary lookups
[4], statistical models like Topic Modeling [18], machine learning models and,
lately, Deep Learning models [1,2].
[21] indicates that it is troublesome to evaluate the advances in the field since
neither the models nor the evaluation results are generally comparables across
related works. Hence, it is a significant milestone to establish standard datasets
along with evaluation systems like in this and in past CLEF eHealth editions
since 2012 [8]. In 2018, the sixth annual edition of the CLEF eHealth evaluation
lab [22], the organizers bestowed a multilingual information extraction lab, with
ICD-10 coding of death certificates as the main task. The dataset contained freetext descriptions in 5 languages of causes of death as reported by practitioners in

the standardized causes of death forms, and the teams must extract ICD-10 codes
from the raw lines of death certificate text. The best system was provided by the
IxaMed team [3], which cast the problem following a sequence-to-sequence prediction paradigm. The authors leveraged only the organizers-provided datasets,
namely, ICD-10 dictionaries and the different sets of death reports texts with
their corresponding ICD codes, which fed to an encoder-decoder model were
able to deliver high-quality, while language-independent, results. On the last
year edition of the CLEF eHealth evaluation lab [12] the main task consisted
of the classification of non-technical summaries of German animal experiments
according to the ICD-10 codes. Although the dataset consisted of veterinary
texts, it still comprised a biomedical lexicon, which combined with the use of
ICD codes, brought a narrowly related task. The WBI team [20] approached the
task as a multi-label classification problem and leveraged the BERT Multilingual
model, extended by an output layer which produced the individual probabilities
for each possible ICD-10 code. With this setup, the authors succeeded to get the
best results on both Precision and F-Measure metrics. However, the MLT-DFKI
team [2] managed to improve their recall. While the authors also employed a
BERT-based model, in this case, they applied its biomedical variant BioBERT
[13], in conjunction with an automatic translation system from German to English, (as the BioBERT model is trained based on the English BERT model,
instead of the multilingual). It is worth noting that the WBI team also made
use of extra training data from the German Clinical Trials Register and tried ensemble techniques to improve the overall performance. On this year edition, the
clinical notes yield longer texts while preserving the challenges related to the
clinical language, the non-standard terms and the ICD-10 large label-set. Besides, the Explainable-AI-related assignment brings a new challenge regarding
to the interpretability of models.
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Materials

For the resolution of the three sub-tasks, the organization has provided both
main and additional data, and we have employed extra additional resources. The
main data consists of 1,000 clinical studies which are coded manually according
to the ICD-10 by practising physicians and clinical documentalists. Table 1 shows
a brief quantitative description of the main datasets regarding the texts.

Partition
Train
Dev
Test

docs
500
250
250 + 2,751

sent/doc words words/doc vocab OOV
17.62 172,533
18.45
86,913
19.25 1,110,601

345±162 26,298 N/A
347±165 16,768 8,016
370±304 92,900 74,753

All
3,751
18.44 1,370,047
354±210 105,038 N/A
Table 1. Quantitative description of the main dataset by partition. Number of documents, sentences per doc, total words, average length in number of words, vocabulary
size (unique words) and Out-of-Vocabulary (OOV) words for dev and test sets are
given.

Note that the row with the test data is in fact ‘test + background’ and that
there is a gap between the number of clinical studies which are coded manually (1,000) and the full number of available documents (3,751). The reason is
that the test set is intentionally inflated with a so-called ‘background’ test with
∼2.700 documents, added to the real test documents (250) to prevent manual
predictions. The systems will only be evaluated on the 250 test set documents,
but since we cannot discern, the statistics shown are for the test and background
sets in conjunction. Regarding the 1,000 coded documents, the partitions split
proportion is 50/25/25. Including the background set, there is a total of 71,190
sentences, 1,370,047 words from 105,038 unique words leading to 354±210 words
mean ± standard deviation length documents. It is relevant to mention that the
texts comprise biomedical, medical literature and clinical records, involving a
variety of medical topics such as oncology, urology, cardiology, pneumology or
infectious diseases. Hence the variety of technical lexicon is increased, which
increases the challenge. It is relevant to note that relative to the OOVs, the
percentage of OOV words in the dev set is 47.81% while it is 80.47% in the test
+ background set, meaning that both sets do not follow a similar pattern concerning the lexical distribution (note that since it also includes the background
set we cannot claim that this divergence prevails considering only the test set).
Regarding the labels, namely the ICD-10 codes, there are 10,711 annotated
codes with 2,925 unique ones from both the ICD-10-CM (diagnostics) and ICD10-PCS (procedures). Table 2 presents an overview of the statistics of the train
and dev partitions (which were the available annotated partitions of the corpus
before the submission, and consequently the data used for training the models).

partition label-set label count unique labels cardinality max imb. ratio
CM
5,661
1,767
11.3
0.009
Train
PCS
1,550
563
3.6
0.015
CM
2,683
1,158
10.7
0.02
Dev
PCS
817
375
3.7
0.025
CM
7,211
2,196
11.0
0.014
All
PCS
3,500
729
3.6
0.02
Table 2. Statistical description of the labels of the main dataset by partition

One can see that all the codes from train + dev set only represent a small
percentage of the full ICD-10 codes (98,287 for ICD-10-CM and 87,169 for ICD10-PCS), but still portray a large label-set, especially taking into account the
low representativeness of some codes (i.e. only 200 CM labels appears on 1% or
more of the clinical cases from the train set) and the extreme imbalance. But
more important is the question of the disjoint codes among sets, and especially,
unseen codes in the test set. In fact, there may be unseen codes in the test set,
and in general, there are codes which only appear on one partition, since the
partitions were obtained via a random split of training, dev and test (i.e, there
are 1,036 CM and 352 PCS labels on dev set not seen on train set). This question
leads to a zero-shot learning environment where a standard classifier will make
predictions solely among the seen codes on the training phase, and therefore, fail
to predict the unseen codes.
The CodiEsp-X sub-task requires to detect the text reference position, so
the available corpus also brings the start and end position noted. Also, keep
in mind that there are continuous and discontinuous codes, the formers implies
that all the words related to the code appear sequentially in the text, while for
the latter there are several fragments of texts related to the code. Nevertheless,
in both cases, the way to evaluate the detection as correct is to give the start
position of the first (or unique) fragment and end position of the last (or unique)
fragment, regardless of the number of fragments. The organization also provides
additional resources, and from those, we have used the Spanish abstracts from
Lilacs and Ibecs with ICD-10 codes, to expand the dictionary of ICD and nonstandard descriptions. The in-house resources employed by our team consist of
additional non-standard term descriptions for some ICDs. Moreover, we have
applied a Medical Named Entity Recognition (NER) system to extract medical
terms such as diagnostic and procedure terms, and to reduce noisy words. This
alternative representation of texts has helped us with the augmentation of the
train and dev sets.

4

Methods

The systems developed to deal with each subtask are of two different kinds. First,
we have applied a tree-based multi-label classifier based on gradient boosting
machines [9], to cope with CodiEsp-D and CodiEsp-P, presented in section 4.1.

Furthermore, we have developed a coder based on string similarities, which can
cope with CodiEsp-D and CodiEsp-P sub-tasks, but also CodiEsp-X, introduced
in section 4.2. Besides, we combined the outputs from the classifiers and the
coders to improve the overall results.
Regarding the text representation, we have applied a Medical Named Entity
Recognition (NER) tool to extract medical entities from the raw texts. Particularly, it classifies each word as ‘Disease’, ‘Procedure’, ‘Drug’, ‘Part of the body’
or ‘Others’. Taking that classification, we have extracted three alternate representations of the raw clinical notes following two strategies; i) Medical terms
(NER Med): Aims for noise removal, preserving only those words not classified
as ‘Others’ and ii) Diagnostics (NER D) or Procedures (NER P): Preserve only
the words marked as ‘Disease’ or ‘Procedure’, accordingly. These alternate representations can also be concatenated to the raw texts, as a data augmentation
technique.

4.1

Tree-based multi-label classifier: Gradient Boosting Machines

The Gradient Boosting Machine or GBM is an ensemble classifier. Ensemble
classifiers rely on the combination of several base-classifiers to make a final prediction. Specifically, the boosting technique consists in training several classifiers
sequentially, in a manner that each classifier learns from the errors made by the
previous ones. The objective of each individual classifier is to reduce the loss
function, in this case, binary cross-entropy (CE), given by expression (1), where
log is the natural logarithm, y is the binary label and p is the prediction or
membership probability to the given class.
CE = − [y log p + (1 − y) log (1 − p)]

(1)

The optimization of the function uses a gradient descent algorithm to minimize the loss when adding new classifiers [5]. To cope with the multi-label
paradigm, we applied the one-versus-rest approach, in which as many binary
classifiers as present labels are trained. Thus, for the i-th binary classifier, label i is treated as the positive class and all the remaining labels as negative.
The training procedure is then followed by a post-processing stage where the
optimal threshold must be found. However, note that the evaluation metric to
be applied in this task is the Mean Average Precision (MAP) well suited for
candidate-ranking. For consistency with this metric, the output from our system is a ranking of all the possible labels ordered by probability. That is, the
system should provide all the labels (1, 767 for CM and 563 for PCS) even though
from the data analysis (in Table 2) one could expect the system to provide just
around 11.3 labels in CM and 3.6 in PCS. More about this question is discussed
in section 6. We have applied the XGBoost implementation [6] with the Scikitlearn [17] wrapper.

4.2

Similarity Match

Our Similarity Match algorithms set their foundation on the similarity between
two strings. For this work, we have implemented two variations that, although
they follow this same approach, differ severely on the core of the algorithm,
i.e. the computation of the similarity itself. We have named them, respectively
PartialMatch and BERTMatch coders.
First, let us describe the shared logic behind the two coders using our specific
use-case as an example. On the one hand, we get a clinical record with several
sentences. Naturally, in each sentence one or more terms associated with a given
ICD code can appear. As an example, here we are a sentence from the corpus:
Sentence:
‘Realizamos frotis sanguı́neo para justificar la causa de la
anemia y trombocitopenia’
On the other hand, there is an ICD code dictionary, which relates each code
to one or more arbitrary-length description strings (either standard diagnostic
terms from the ICD or gold mentions from the corpus). An entry from the ICD
dictionary, as shown below, conveys the ICD code (D69.6) and one or more
standard ways to refer to that code (e.g. plaquetopenia, tombocitopenia, trombocitopenia, trombopenia).
Dictionary entry:
D69.6:
plaquetopenia
tombocitopenia
trombocitopenia
trombopenia
The dictionary can include a variety of terms including standard and nonstandard, single-word descriptions and even phrases frequently associated with
the code like ‘enfermedad de graves basedow’ for the ‘E05.00’ code, which differs
harshly from the standard ICD description (‘tirotoxicosis con bocio difuso sin
crisis tirotoxica ni tormenta tiroidea’).
Next, a Similarity Match algorithm will cycle through all the associated
strings of each ICD code, and through all the texts, computing the similarity between pairs of standard and non-standard terms and text fragments. The
texts fragments are extracted with a sliding window in which the length is set
to the number of words of the current ICD description. Following the example,
the process to find the likelihood of the D96.6 code on the sample text is as
follows: compute the similarity between the ‘plaquetopenia’ term and each word
of the target text, and store the maximum value. Then, repeat for the rest of
the associated terms (tombocitopenia, trombocitopenia. . . ), and finally get the

overall maximum value. As the similarity metric is normalized in the [0, 1] range,
it can be interpreted as a membership probability for each code on each clinical
record. In the case of CodiEsp-X, which requires identifying the range, it is only
necessary to search for the range of the text fragment that leads to the maximum
similarity.
The similarity computation is then what differentiates the two developed
coders. Let us describe a similarity function as one that for a given pair of strings
as input generates a similarity coefficient, as described in (2), where s1 and s2 is
a pair of strings, sim is the similarity coefficient normalized in a range [0, 1] and
Σ is the vocabulary. Regarding the interpretation, sim(s1 , s2 ) = 1 means that
s1 and s2 are the same string while sim(s1 , s2 ) = 0 means that are completely
different.
sim : Σ ∗ × Σ ∗ −→ [0, 1]
(s1 , s2 )

(2)

sim(s1 , s2 )

On this basis, the Partial Match coder applies a regular string similarity algorithm, such as the Jaro Winkler [24] or Levenshtein Distance [14] (and we also
enable an ‘Auto’ configuration that dynamically choose one or the other based
on the length of the given term).
On the other hand, the BERTMatch coder leverages the BERT Multilingual
model [7] to come out with a similarity between strings, the process is as follows.
First, for each string (si ) a dense representation (v(si ) ∈ Rn with n = 768) is
extracted from the representation of the texts generated internally by the BERT
model. Then, the similarity between the vectors v(s1 ) and v(s2 ) is computed
via the Cosine Similarity [11]: simBERT M atch (s1 , s2 ) = cos(v(s1 ), v(s2 )). Note
that the BERTMatch algorithm is far more computationally demanding than
PartialMatch, hence, it was not applied to the test set predictions (indeed, the
test set is, curiously enough, the largest set, as shown in Table 2).
Following the example, the matching score between the word ‘trombocitopenia’
from the model sentence and the word ‘tombocitopenia’ from the dictionary entries gives a similarity value (in the range [0.0, 1.0], being 0.0 completely different
words and 1.0 exactly the same word) of 0.98 with the JaroWinkler (as it is almost the same word but with a slight spelling mistake) but only 0.46 with the
BERT embeddings. However, the score between ‘trombocitopenia’ and ‘plaquetopenia’, is as low as 0.57 with JaroWinkler (although they are synonyms) and
0.78 with the BERT embeddings, a much more appropriate score since both
words mean the same thing.
Finally, it should be noted that we have developed all the classifiers and
coders in a way so that their outputs can be combined. Combining is done using
simple aggregation functions such as the mean, minimum, or maximum over the
similarity scores or probabilities, which is a straightforward but practical way to
improve results by ensembling strategies.

5

Results

The results from the submissions, on the test set, as reported by the CLEF
organizers for the CodiEsp-D/P and X sub-tasks, are presented on this section.
Table 3, 4 and 5 show our team submission results, including the predictions
from the test set (250 docs) (and excluding the 2,751 background set docs). For
the official results, only predictions for test files and labels from train and dev
sets were considered.
Note that during the development phase of the challenge, it was reported that
there were codes present in the test set that were not present in the train and
validation sets, but only after the submission phase was reported that these codes
would not be taken into account for the evaluation of the results. Therefore, the
systems were developed considering that all metrics would be computed taking
into account also the predictions for the codes present only in the test set, which
could have had significant harmful effects on the results.
The official metrics for the subtasks are MAP for the CodiEsp-D/P and FScore for the CodiEsp-X, but other metrics were also computed and reported.
Specifically, MAP@30, Precision and Recall for CodiEsp-D/P and Precision and
Recall for CodiEsp-X. Finally, in CodiEsp-D, Precision, Recall and F-score were
also computed for categories, considering a category the first three digits of an
ICD-10-CM code. (I.e. codes P96.5 and P96.89 are mapped to P96). Therefore,
systems that predict the code P96.89 for a document whose correct code is P96
would be correct. In CodiEsp-P, Precision, Recall and F-score are also computed
for categories. In this case, considering categories the first four digits of the code.
In relation with the name of the columns, M stands for MAP; M30 stands
for MAP@30; P stands for Precision; R stands for Recall; and F1 stands for
F1-Score. The T suffix stands for Test and the C suffix stands for Category.
Those columns with the Test suffix show the results evaluated only on the labels
from the train and dev sets (without the only test set labels), while those with
the Category suffix show the results considering the category labels.
For all sub-tasks, each submitted run is the result of applying different techniques. Table 3 presents the results from the CodiEsp-D sub-task, and each run
corresponds to the following setup: 1) XGBoost classifier, trained with documents and diagnostics labels from train and dev sets, augmenting the clinical
texts with the outputs of the NER Med and the NER D. 2) Partial Match coder
with the Jaro Winkler similarity algorithm and predicting only the diagnostics
labels present on the train and dev sets. 3) The combination of the outputs from
1) and 2).
Regarding the official metric for this task, namely the MAP, or more precisely,
the MAP evaluated only on the test set (M-T column), the XGBoost classifier
prevails over the Partial Match strategy with 63.8 and 57.1 points respectively.
However, the best result comes from the run3, with the combination of both
methods, leading to 69.8 MAP points.
Table 4 presents the results from the CodiEsp-P sub-task, and each run corresponds to the following setup: 1) XGBoost classifier, trained with documents
and procedure labels from train and dev sets, augmenting the clinical texts with

Run M
M-T M30 M30-T P
R
F1 P-T R-T F1-T P-C R-C F1-C
run1 0.543 0.638 0.529 0.622
0.004 0.858 0.009 0.004 1.0 0.009 0.01 0.968 0.021
run2 0.485 0.571 0.469 0.553
0.004 0.858 0.009 0.004 1.0 0.009 0.01 0.968 0.021
run3 0.593 0.698 0.578 0.681
0.004 0.858 0.009 0.004 1.0 0.009 0.01 0.968 0.021
Table 3. Submission results for the CodiEsp-D sub-task as reported by the CLEF
organization.

the outputs of the NER Med and the NER P. 2) Partial Match coder with
the Jaro Winkler similarity algorithm and predicting only the procedure labels
present on the train and dev sets. 3) The combination of the outputs from 1)
and 2).

Run M
M-T M30 M30-T P
run1 0.412 0.46 0.395 0.441
0.004
run2 0.362 0.414 0.339 0.389
0.004
run3 0.425 0.481 0.401 0.455
0.004
Table 4. Submission results for the
organization.

R
F1
0.825 0.008
0.825 0.008
0.825 0.008
CodiEsp-P

P-T R-T F1-T P-C R-C F1-C
0.004 1.0 0.008 0.005 0.857 0.01
0.004 1.0 0.008 0.005 0.857 0.01
0.004 1.0 0.008 0.005 0.857 0.01
sub-task as reported by the CLEF

Similarly to the D sub-task, the best M-T result from single models is
achieved by the XGBoost classifier, with 46.0 points, while the Partial Match
strategy stays about 5 points below, with 41.4 points. Once again, the combination of both methods manages to improve individual performance, with a solid
48.1 MAP points.
Table 5 presents the results from the CodiEsp-X sub-task, and each run
corresponds to the following setup: 1) Partial Match coder with the Jaro Winkler
similarity algorithm. 2) Partial Match coder with the Auto configuration for the
similarity algorithm. 3) Partial Match coder with the Levenshtein similarity
algorithm. For each setup, predicting only the diagnostics and procedure labels
present on the train and dev sets.

Run P
run1 0.043
run2 0.144
run3 0.288
Table 5. Submission results for
organization.

R
F1 P-T R-T F1-T
0.318 0.075 0.043 0.374 0.076
0.301 0.195 0.144 0.354 0.205
0.278 0.283 0.288 0.327 0.306
the CodiEsp-X sub-task as reported by the CLEF

For the CodiEsp-X task, the official metric is the F1-Score, particularly, the
F1-Score evaluated only on the test set (F1-T column). We can see that the Jaro

Winkler algorithm, which dominated on the D/P tasks, here is, curiously, the
worst-performing one with 7.6 points. The ‘Auto’ configuration, that mixes the
Jaro Winkler and Levenshtein algorithms, gets an increased 20.5 points. Finally,
the Levenshtein algorithm improves that mark by approximately 10 points, with
a solid F1 score of 30.6, which is our best result overall for the CodiEsp-X task.
Although we have not been able to apply the Similarity Match algorithm based
on BERT embeddings on the test + background set for computational reasons,
our experiments in the dev set suggest that the BERTMatch algorithm is able
to overcome the Jaro Winkler.

6

Discussion

For sub-tasks CodiEsp-D and CodiEsp-P, the code predictions must be ranked,
this is, generating a list of possible codes ordered by confidence. The main metric
for evaluating these outputs is the Mean Average Precision or MAP. It is computed iteratively; First, precision is computed considering only the first ranked
code, then, it is computed considering the first two codes, etc. Finally, precision
values are averaged over the number of gold codes. The organizers claim that the
MAP is the most standard ranking metric among the TREC community, and it
has shown good discrimination and stability [16]. However, the way to exploit
the MAP metric is to output all the considered codes, without discrimination,
and ranked by confidence. In other words, ranking all the considered ICD codes
and not establishing a threshold for a discrete “Yes/No” decision. Our scripts
yield this output because it is the way to maximize the MAP metric and face the
competition but we believe that this way of evaluating might not be the most
desirable, since the notion of an “automatic classifier” that “decides” whether or
not a code belongs in a given document is shaded. We feel that instead of ranking
all the labels available within the ICD, the system should just limit the output to
a subset of labels that correspond to the document. Nevertheless, MAP metric
favours a rank over all the labels above a rank of a sub-set of labels. In brief,
the ability to state whether a code is present or not in the in the given medical
record is not regarded by the MAP metric. Accordingly, a weakness of this task
is the need of a threshold for accepting and discarding codes given the ranked
list. By contrast, the CodiEsp-X sub-task does not present this drawback, since
the main evaluation metric is the micro F-Score, and therefore each predicted
code that does not belong to the ground truth carry a penalty.
In the CodiEsp-X sub-task, there are some codification errors on which the
assigned ICD code and the text which has motivated the assignation of code mismatches involving those errors. We have found slight differences with the main
ICD block (the first three digits of the ICD) remain while the modifiers (other
digits) vary. However, the evaluation entails the F-Score of the full-code, without
considering the relationship between codes according the hierarchy. This type of
errors (confounding two closely related diseases) penalize as any other error (i.e.
confounding un-related diseases). For example, for the record with ID ‘S021169952011000500011-3’, the label ‘K85.10 pancreatitis

Billiary acute

without necrosis or infection’ is assigned, motivated by the following text
fragment: ‘acute non-lithiasic pancreatitis’. The mistake is that the record elucidates that it is ‘non-lithiasic pancreatitis’, but the code corresponds to that of
‘lithiasic’ or ‘biliary’ pancreatitis. The label assigned by our system is ‘K85.90 pancreatitis without necrosis or infection, unspecified’, and
although we cannot claim that the K85.90 is the correct label, it seems that is,
at least, more accurate than K85.10, but it is counted as an error.
On document ‘S2254-28842013000300009-1’ we have the following text
fragment: ‘Mujer de 73 años de edad con antecedentes personales de [. . .], histerectomı́a por prolapso uterino y [. . .] ’. Our system gives a confidence of
98.5% to the ‘Z90.710 - Acquired absence of both cervix and uterus’
code, which describes a hysterectomy (the surgical removal of the uterus, which
may also include the cervix and other surrounding structures [23]). The Z90.710
code is considered as incorrect, and there is no other code that matches the ‘histerectomı́a’ word (though it is coded with ‘N81.2 - Incomplete uterovaginal prolapse’ due to ‘prolapso uterino’, which is the cause of the hysterectomy,
and seems correctly coded). There are abundant examples of this type of missing codes in the ground truth that, unfairly lead to False Positives. Accordingly,
we believe that the evaluation results of these tasks should be regarded with
prudence.

Acute
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Concluding remarks and future work

The CodiEsp Track proposes two different sub-tasks based on the classification
of medical texts according to the ICD-10 CM and PCS codes. The CodiEsp-D/P
sub-tasks aim to the automatic classification of diagnostic and procedures codes,
while the CodiEsp-X sub-task strives to bring explainability to the challenge.
We have developed several systems to cope with these tasks, two strategies
with five different algorithms for the D and P sub-tasks, and one strategy with
four algorithms capable of producing explainable results, in conjunction with
the ability of ensembling the distinct models, enhanced by techniques that yield
alternate representations of the medical texts with tools as Medical NER, while
experimenting also with different label-sets.
Regarding the D and P sub-tasks, the similarity match based algorithms
perform better, on average, than the multi-label classifiers. However, we conclude
that the NER techniques for enriching the medical text inputs for the classifiers
accomplish to improve the performance of the classifiers, resulting in the best
overall results being achieved with the combination of both methods.
It seems that the best similarity algorithm for the diagnostics and procedures
individually is the Jaro Winkler, while it is the Levenshtein for the CodiEsp-X
sub-task as a whole. We have not delved in this topic, but might be related to
divergences among the average length of diagnostic and procedure terms.
The similarity match algorithm based on the BERT dense representations
appears to be weaker than the traditional approaches but shows promising results
when applying it to the extraction of diagnostic and procedure terms boundaries.

The consideration of the full ICD-10 codes instead of those from the train set
degrades the performance. It can be observed in every sub-task, and we believe
that this is due to the large number of extra codes considered with respect to
the actual number of codes that only appear in the dev set. Improving NER and
looking for combined match approaches might lead to further improvements.
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