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A B S T R A C T

In this paper, we explore the possibility of exploiting retrospective clinical data from Electronic Health
Records (EHR) for classification tasks in chronic patients. The different intervals, short length and high class
imbalance make it unfeasible to use traditional time series techniques. The first contribution of the paper is
a preprocessing method to construct a multivariate time series dataset using EHR data, which infers missing
data and regularizes the data frequency. The second contribution addresses class imbalance by using domain
knowledge and existing short EHR series. We synthetically extrapolate patients’ data by using similar long
time series and a fuzzy-based approach. The paper addresses the problem of detection of Diabetic Retinopathy
(DR). Expert domain knowledge from ophthalmologists has been used in the proposed techniques to guide the
processing of time series. The novelty in that case study consists in not using eye-fundus image analysis. Instead,
the proposed methods are based solely on EHR data. Several multivariate multiclass time series classifiers are
used to detect the four levels of DR severity from the pre-processed data sequences. Experiments prove the
quality of the sequence preprocessing techniques proposed for EHR data. Results indicate that the TapNet
classifier is the best one for DR grading. Despite being tested for DR detection, the proposed data preparation
methods are applicable to other diseases with similar characteristics.
1. Introduction

Chronic conditions are the ones that last for a long period (at least
12 months) and can be controlled but not cured, such as arthritis,
asthma, cancer, diabetes, or osteoporosis, among others [1]. Such pa-
tients undergo continuous monitoring of their health conditions, mainly
by the family physician, because these conditions may be degenerative
and cause the appearance of other secondary diseases. In this work,
we propose a novel method to perform the risk assessment of patients
to suffer a certain disease derived from a chronic condition using
the historical data stored in the Electronic Health Records (EHR). In
that way, we exploit the knowledge about the medical state of the
patient in the history of previous visits to the clinician to make the risk
assessment, instead of simply relying on the data of the current state.
The assessment is done by using a time series classifier with ordinal
multiple classes, which indicate different degrees of severity of the
disease. The characteristics of the analytical and clinical information
available in the EHR for chronic patients require designing appropriate
preprocessing methods for the transformation of the patient’s data
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into homogeneous time series. This is a crucial step in order to build
good-performing classifiers to help in the diagnosis of these secondary
diseases.

There are several challenges that need to be considered when
applying machine learning techniques to the prediction of secondary
diseases due to chronic conditions [2]. First, regardless of continuous
monitoring, short sequences of data are found for a considerable num-
ber of patients, as the periodicity of the monitoring is highly variable
from one patient to another. Without a sufficient number of visits, most
data sequences are not usable for a retrospective study. Additionally,
irregular visit frequency poses another challenge, as most time series
classifiers require data spaced at regular intervals, which is not the case
here, where we can find patients having multiple records for the same
years or gaps in certain years. Moreover, different data alignment and
missing values in some variables are also difficulties to be addressed.
Finally, labelling mistakes may occur due to incorrect diagnosis data
or human error when introducing the data, which could lead to errors
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when building the models and making predictions. Furthermore, the
management of multivariate time series is required since each variable
will be transformed into a different time series.

Due to the requirement of most state-of-the-art time series classifiers
of having sequences with the same length and same time period inter-
vals, this paper first presents a new method to adjust the time period
as well as to interpolate some few missing data points. Patients with
too short history are discarded in this step to avoid inferring too much
data to avoid generating incorrect series.

As a second contribution, we define a novel fuzzy-based method
to compensate for class imbalance, which is common because of the
low prevalence of most chronic diseases. The proposed data gener-
ation method is applied to very short time series of real patients,
boosting them with fictive data to obtain additional minority class
examples to be used during the training stage. A fuzzy approach
has been used during the generation of new data values, because
doctors reason qualitatively on the attribute values when assessing
the patients’ conditions (e.g., age: child/young/old; body mass: under-
weight/normal/overweight; hypertension: good control/bad control,
etc.). For health treatment, a difference of one year in age, or of
one kilogram makes no difference in the diagnosis, as it is done at
a more general level (with labels representing more general states).
Fuzzy logic is a well-known paradigm to reason qualitatively [3]. In
the literature, several fuzzy-based clinical decision support systems can
be found. Ahmadi et al. examined the use of fuzzy logic methods in
disease diagnosis [4]. They found that fuzzy logic approaches were
used to diagnose 38 different diseases such as heart, kidney, thyroid or
pulmonary diseases. They found that fuzzy logic had a positive effect in
91% of the analysed cases. Therefore, in this work, we take advantage
of the fuzzy linguistic model that represents the domain knowledge
of the medical specialists to generate different numerical values for
fictive patients, which correspond to the same labels of real patients.
We generate synthetic values making use of fuzzy linguistic variables
in order to introduce some degree of variability to the new examples,
without assigning unrealistic values.

As a third contribution, we address the problem of the classification
of the different degrees of severity of Diabetic Retinopathy. Once the
multivariate time series dataset is created, we train several standard
time series classifiers to study their performance in solving this ordinal
classification problem. A comparative study is performed among some
different types of time series classifiers to determine how they perform
when using the preprocessed series generated from EHR real data. With
the presented methods, we achieve high-quality performance, with an
accuracy of 93.7% and a quadratic weighted kappa value of 0.868.

Although the task we aim to solve could also be foreseen as fore-
casting, we did not take that approach for the following reasons.
Forecasting techniques would allow predicting the status of the patient
at several points in the future, but our main objective is to estimate
the current risk level of a patient, given his/her retrospective data,
being a classification task rather than forecasting. Moreover, because
of the short historic periods available, forecasting techniques may not
be appropriate.

The methods defined in this paper have been tested on a real
case study, which is the one that motivated this research. The disease
studied is named Diabetic Retinopathy, and it is introduced in the next
subsection.

1.1. DR risk assessment

This work has been focused on improving Diabetic Retinopathy
(DR) risk assessment. DR is an ocular complication produced by the
increase in blood sugar levels due to suffering from the diabetes con-
dition. Its progression leads to the eye’s blood vessels breaking and
may also generate small blood spots, haemorrhages and exudates. These
lesions produce vision loss and may even cause blindness if they are not

detected and treated at an early stage. In fact, DR is the main cause of
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low vision and blindness in adults throughout the world. Although the
prevalence of blindness worldwide has consistently shown a decrease
between 1990 and 2020, it is not the case of diabetic retinopathy,
which has increased in the world [5]. The prevalence of DR among
type-2 diabetic people in Spain in 2022 was 15.28% [6].

Screening programs exist in many countries to detect DR with the
use of non-mydriatic cameras that obtain images of the eye’s fundus.
Various medical societies recommend an annual screening to appropri-
ately detect DR in its early stages. Despite the involvement of general
practitioners, endocrinologists and ophthalmologists, annual screening
has proven to be very difficult to carry out. Young adults (18–34) also
express many inconveniences for following this yearly screening [7].
Due to costs and personnel availability, patients are usually screened
on average every 2–3 years, not annually. Therefore, it is important
to develop diagnostic systems that can support diagnosis without the
need of eye fundus images, relying instead on the individual’s clinical
risk factors.

The most common computer-based approach to assess DR is based
on the analysis of eye fundus images with computer vision tech-
niques [8–10]. However, these images can only be taken at some of
the patient’s visits because there are not enough resources to perform
this test as frequently as it should be. As deterioration of the eye can be
rapid, this image-based screening procedure is not sufficient to prevent
vision loss in some cases.

In [11,12], a decision support system, named Retiprogram, was
developed to assess Type-2 diabetes mellitus patients’ risk of developing
DR using only clinical data from the EHR. Retiprogram is used when
a patient is visited by medical doctors, and it only takes into account
the current patient’s conditions (including some analytical data given
in the last blood analysis). The goal of Retiprogram is to help doc-
tors determine the DR risk, and so, to determine who needs an eye
fundus test in order to focus their use only on critical patients. The
Retiprogram system is based on a fuzzy random forest classifier, and it
has an accuracy of 80% (with a sensitivity of 80% and a specificity of
84%) [13]. It was first developed as a binary classification system, able
to distinguish the negative (𝐷𝑅 = 0) and positive (𝐷𝑅 = 1) classes [12].
In a second version, it was extended to deal with ordinal multiclass
classification [14]. In that case, the positive class was subdivided into
more accurate categories, according to the ETDRS standard classifica-
tion [15]: mild (𝐷𝑅 = 1), moderate (𝐷𝑅 = 2) and severe (𝐷𝑅 = 3).
They are ordered from the best to the worst medical conditions.

The main causes of miss-classifications are the general ambiguity of
the problem (very similar patients can belong to different classes), and
the high imbalance between classes. More than 80% of diabetic patients
do not develop DR, and consequently, the availability of diabetic
patient’s data with DR is scarce. Because of this over-representation, the
classification models have more difficulty to correctly identify and dis-
tinguish the positive classes. Furthermore, when a patient is diagnosed
of DR, he/she usually starts some treatments in order to improve some
clinical factors, therefore, for the patients under treatment it is more
challenging to distinguish their DR grade only observing the values
of a unique visit. Our hypothesis is that a retrospective analysis could
be more adequate to have an overall view of the patient’s conditions
evolution and could improve the grading of DR, especially for those
long-term patients where classical machine learning models have more
difficulties.

For this research, we have worked using a dataset with a total of
231,064 Type-2 diabetic patients from Catalonia (Spain), with medical
records from 2010 to 2021. We observed that patients are usually
visited by doctors every 6 to 24 months, therefore, diagnosis must
be made with rather short sequences of data. This will also bring the
focus on detecting DR on long-term diabetic patients. This approach
could seamlessly integrate into the existing Diabetic Retinopathy de-
tection process at primary health centers, enhancing the DR detection
for long-term diabetic patients and resulting in cost savings for the
health center. Furthermore, it would improve patients’ quality of life

by minimizing unnecessary eye screening tests.
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1.2. Contributions

This paper defines appropriate methods for solving these particular
problems of EHR medical series data obtained in the regular visits of
chronic patients. Contributions are the following

• A binning technique to merge data in the same interval in order
to adjust the time periods.

• A new method to interpolate missing data points by double
iteration for series extension.

• A novel fuzzy-based method to compensate for class imbalance
based on the linguistic vocabulary of the domain of medical
professionals.

• Validation of the pre-processing techniques with the use of several
standard time series classifiers to distinguish the different degrees
of severity of Diabetic Retinopathy.

While this paper specifically focuses on the case Diabetic Retinopa-
hy detection, the methods proposed extend beyond this domain. Any
linical scenario that involves the use of EHR data for assessing the
isk of disease development may potentially benefit from the proposed
lgorithms. The methods have been defined in general terms so that
hey can be easily used in any other ordinal multi-classification problem
ith short and irregular sequences of data.

The rest of the paper is organized as follows. Section 2 presents
he time series classification problem, and briefly reviews how DR
lassification and the imbalance problem have been studied in the
iterature. In Section 3, we introduce the proposed method for pre-
rocessing the EHR data into time series data. The short time series
roblem is also presented and undertaken in this section. Next, Sec-
ion 4 presents the proposed approach for boosting short time series
o compensate for class imbalance. Section 5 presents some state-of-
he-art multivariate time series classifiers. In Section 6, the time series
lassifiers are compared and its obtained results are discussed. Finally,
ection 7 presents the conclusions and the future work.

. Related work

The Time Series Classification (TSC) problem is attracting a lot
f interest since every day more time series data is being produced.
echnology advances facilitate the collection and storing of data values
long the time. TSC can be used in many different areas and has a broad
ange of possible applications. One important field are biomedical
nd health-care applications, such as the case of diabetic retinopathy
lassification.

Wang et al. [16] reviewed TSC in the field of biomedical appli-
ations from 2016 to 2021. According to their study, the two main
ypes of temporal data being used are electroencephalogram (EEG)
nd electrocardiogram (ECG), which are both signal series. The most
ommon pre-processing method for EEG and ECG is filtering, which is
sed to remove artefacts and noise. Once the signal has been processed,
ome features are extracted, and the best ones are fed into a machine
earning classifier. In this survey study, temporal data from EHR is
n the fifth position, with half the articles than the former types.
HR might contain any kind of medical information, sometimes also
ncluding signals such as EEG or ECG. Authors also identified that the
carcity of data (small dataset) is a common problem in biomedical
pplications. In this domain, a small dataset is considered when the
mount of patients is low (e.g. less than 20). However, in many of those
ases, the low number of patients is compensated with the availability
f long data sequences, so the classifiers performance is good because
f the use of signal processing and feature engineering techniques on
op of a classifier.

Pasos et al. [17] reviewed how several algorithms performed on
ultivariate time series classification (MTSC) problems. Dynamic Time
arping (DTW) was used as a baseline classifier, as it is still competi-
ive in comparison to more recent proposed alternatives. According to
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their experiments, the ROCKET classifier [18] was the best performing
overall in many applications. However, there is no classifier that out-
performs the rest in all domains. Their suggestion is that ROCKET and
DTW are good enough classifiers to use as an initial technique.

Focusing now on DR diagnosis systems, this problem is commonly
approached as an image analysis problem, consisting on classifying eye
fundus images. Dubey and Dixit [9] and Atwany et al. [8] reviewed the
recent developments on these kinds of systems. Even DR risk classifica-
tion task is the most frequent, some studies also perform segmentation
tasks, such as the identification of some eye structures relevant for
DR (f.i. optical disc, optical nerve or blood vessels), or the location
of DR lesions (f.i. microaneurisms or exhudates). In the majority of
cases, machine learning or deep learning methods are used for the
image analysis. For instance, in [10] they applied transfer learning to
a Convolutional Neural Network to improve the grading of DR using
fundus images.

Instead of using eye fundus images, in this paper we want to use
data collected in the Electronic Health Record (EHR) by doctors during
the visits and tests to diabetic patients. Because obtaining eye fundus
images with non-mydriatic cameras is costly and time-consuming, EHR
based clinical decision support systems are nowadays starting to be
considered. In the literature, some approaches using EHR information
can be found. Sun and Zhang used the first hospitalization EHR data
of diabetic patients to create a DR dataset. They filtered the available
variables to preserve the relevant medical ones for the DR. Some of
the most sensitive variables they found were unsaturated iron binding
capacity, bilirubin, and glycosilated serum protein. They compared how
several machine learning binary classifiers performed whether feature
engineering is applied or not to the dataset [19]. They obtained the
best results when applying feature engineering using a random forest
classifier. Some other studies in the literature analyse how different
kinds of classifiers perform on EHR-based DR datasets [20–23]. They
use techniques such as random forests, XGBoost, logistic regression,
support vector machines or k-nearest neighbours. There is not a consen-
sus in which is the best classifier for the diabetic retinopathy disease,
as there are different results on each study. Moreover, up to our best
knowledge, no one employs temporal datasets.

Temporal data has been used in other health-care problems. How-
ever, the particular characteristics of the available EHR data lead to
time series that do not have the common structure found in other
time series data. Temporal data usually consists of a long sequence of
equally-spaced signals, whereas we have series of EHR data coming
from visits made at different time intervals (for each patient and for
different patients). Some works in the literature already approached
the problems of making predictions using the EHR data of patients
as temporal data. Itzhak et al. predict acute hypertensive episodes by
measuring four vital signs on patients in intensive care units (ICU) [24].
They use temporal abstraction and mine time-intervals-related patterns
to extract features for a classifier. Sheikhalishahi et al. propose a novel
ante-hoc interpretable neural network to provide a prediction of the
onset of delirium to prioritize critically ill-patients, which is common
in the ICU [25]. Regarding DR, Rabhi et al. modelled the evolution of
HbA1c as an irregular variable-length sequence, and tested several deep
learning methods to predict whether Type-1 diabetic patients have DR
using this single sequential variable [26].

In contrast to patients in constant monitoring at ICUs, a Type-2
diabetic patient is typically visited with an average frequency of once
a year. Collecting a sufficient series of data needs at least 5–6 years,
after the diagnosis of diabetes. Therefore, the classifier system we want
to build must work with short sequences. In time series related works,
small time series datasets have usually a low number of patients with
long signals series [16]. In this work, the situation is the opposite,
with a considerable number of patients, but the length of their time
series is short. Moreover, we need to include several variables in
the classifier, which according to specialists are required to properly

diagnose this illness, and to differentiate among the several risk levels
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of DR (i.e. multi-class). In Section 3, a data pre-processing procedure
for this kind of sort EHR time series is proposed.

Another problem we need to face is the inherent class imbalance
on DR. Most of the diabetic people will not suffer from DR, as the
world prevalence was estimated to be about 22.27% in 2020 [27].
Patients with progression to the worst classes are also a minority in
comparison with the ones that have a mild degree. Most state-of-the-art
time series classifiers are not suited to solve problems with imbalanced
class distributions, thus, methods to balance the class distribution at
the data level are commonly used. Several approaches can be used to
compensate time series for the imbalance on the minority classes:

1. Sampling methods: some techniques are applied to the data
on the original dataset to oversample and/or undersample it.
For instance, in random oversampling, examples of the positive
(minority) classes are replicated to balance the class distribution.
On the contrary, undersampling consists on randomly removing
examples from the majority class.

2. Synthetic data generation: the examples introduced to com-
pensate the class imbalance are artificially generated from the
existing data. The most common method is SMOTE (Synthetic
Minority Over-Sampling Technique) [28]. Synthetic data points
are generated by taking one of the k-nearest neighbours of a
sample, and randomly choosing one point of the vector that
unites the sample and the selected nearest neighbour. On the
literature, several variations or methods based on the method-
ology of SMOTE can be found. For instance, T-SMOTE [29] is a
variation for time series which takes into account the temporal
characteristics of the data to select the nearest neighbours. T-
SMOTE can be used on both univariate and multivariate time
series.

3. Data augmentation: slightly modified copies of the data or
synthetic examples created from the existing data are introduced
to compensate for the class imbalance. Methods are highly de-
pendent on the data types that have to be augmented. In the
time series case, Iwana and Uchida [30] analysed over 50 data
augmentation methods for time series, and they proposed a
taxonomy with 4 families of methods: Random transformation
methods apply a transformation function with some randomness
to the time series; Pattern mixing combines patterns to generate
new ones, which overcomes the assumption that all random
transformations are possible on the data; Generative models
use either statistical or neural network models to sample time
series from feature distributions; Time series decomposition uses
feature extraction techniques to extract features or underlying
patterns, which are then used to generate new examples.

In medical diagnosis, the patients’ values of the different risk factors
are not totally independent. Although doctors know that there are
some underlying relations, they are not usually completely defined.
For instance, doctors may know that some combinations of values are
not possible. Consequently, it is important that the balancing method
used does not generate examples that may not be not real, as this
may hamper the quality of the classifier built. This paper proposes a
new method that combines both synthetic data generation and random
transformation data augmentation. On the one hand, short series are
extended by synthetically generating the missing data. On the other
hand, we are also conditioning the generated data to be similar to
other existing examples (i.e. to a real patient), which is something that
cannot be assured when using interpolation without introducing further
pre-processing. In Section 4, the proposed method is explained.

3. Time series pre-processing for EHR data

Most state-of-the-art classification techniques require time series of

equal length and with regular time intervals. That is, the difference
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between each two consecutive time points is always the same. When
data comes from sensors, this requirement can be easily satisfied. On
the contrary, when collecting data from patient’s visits from the EHR,
we face the problem of different time spans between consecutive visits,
as it may depend on the patients’ health state or the availability of
doctors in certain periods. This is the case of diabetic retinopathy
monitoring.

The study was conducted in accordance with the Declaration of
Helsinki, and approved by the Institutional Review Ethics Committee
CEIM (Comite de etica en investigaciones medicas del Insitut de Inves-
tigacions Sanitaries Pere Virgili (IISPV)) of Tarrragona, Spain, approval
number Ref. CEIM: 028/2018.

3.1. Diabetic retinopathy series data

At each visit, ophthalmologists collect some clinical and analytical
data about the diabetic patient, which are stored in his/her EHR. For
the construction of Retiprogram, six relevant risk factors for DR diag-
nosis were selected by experts, they consist of six numerical and three
categorical variables [11]. Numerical variables include the current age,
body mass index (BMI), duration of Type-2 diabetes (EVOL), HbA1c,
CKDEPI and microalbuminuria (MA). Categorical variables include gen-
der, treatment of Type-2 diabetes (TTM) and control of arterial hyper-
tension (HTAR). With this information and with the analysis of the eye
fundus image, the ophthalmologist determines the degree of DR.

After some years, each patient has a sequence of values for that
variables, which are stored in his/her EHR, together with the DR
diagnosis value assigned by the ophthalmologist in each visit (𝐷𝑅 =
{0, 1, 2, 3}). The DR diagnosis is included as a categorical variable in the
training dataset, except for the last entry of the sequence, since this is
the value the system must predict. This way, we can use the previous
DR evolution to train the time series classifier. Moreover, we can use
the last DR value as ground truth to validate the output value.

From the dataset of series collected, we discard the ones with a
single visit. The frequency of visits in months is deployed in Fig. 1. Its
can be seen that the frequency of consecutive visits is not homogeneous.
We observe also that most patients have a visit frequency of 18 months
or higher, needing many years to collect a sufficiently long series of
data.

After confirming the complexity of the Catalan diabetic population
dataset, in terms of both short length and irregular frequency, an
appropriate pre-processing procedure is proposed in this paper. It is
explained in the following subsections.

3.2. Data binning

In order to determine the length of the patients’ time series in the
DR dataset, a study was conducted on the number of visits per patient.
The counts are shown in Table 1. As it can be observed, the majority
of patients have a short number of visits. High-risk patients should be
visited at most annually (some of them even in 6 months or less, Fig. 1),
and low risk patients can be visited with a lower frequency (18 to 30
months).

According to the knowledge of medical experts in DR, series must
have intervals of 1 year. Thus, for patients with at least two visits, a
binning has been applied with 1-year bins. In the cases where multiple
visits have occurred in the same year, they are aggregated in a single
visit that represents the status of the patient that year.

Let 𝑃 =
(

𝑝1, 𝑝2,… , 𝑝𝑛
)

be the set of patients with at least two visits
in their EHR, and let 𝑉 =

(

𝑣1, 𝑣2,… , 𝑣𝑚
)

be the set of relevant variables
for DR diagnosis. Each patient 𝑝 ∈ 𝑃 has a vector of data for each
variable 𝑣 ∈ 𝑉 , denoted 𝑝𝑣. The length of this vector ranges from [1, 𝑡𝑝],
where 𝑡𝑝 is the number of visits of patient 𝑝.

We define a set of bins 𝐵 representing natural years, for example
𝐵 = {2000, 2001,…}. Let us assume a function 𝑦𝑒𝑎𝑟(𝑝𝑣,𝑖) that returns
the year in which the 𝑝 value was collected.
𝑣,𝑖
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Fig. 1. Mean frequency in months of patients visits to the ophthalmologists.
Table 1
Number of visits per patient.

Number of visits Number of patients Percentage (%)

1 119 142 51.56
2 61 465 26.6
3 30 257 13.09
4 12 961 5.61
5 4893 2.12
6 1564 0.68
7 551 0.24
8 171 0.074
9 47 0.02
10 11 0.0048
11 1 0.00043
12 1 0.00043

Next, we define 𝛺𝑣,𝑏 = {𝑝𝑣,𝑖|𝑦𝑒𝑎𝑟(𝑝𝑣,𝑖) ∈ 𝑏} as a subset of all data
obtained in the same year 𝑏 for the variable 𝑣, or an empty set ∅ if no
data was collected that year.

Then, we can define the aggregation function ℎ for all the values of
a variable 𝑣 in the subset of data of a certain bin 𝑏. No aggregation is
performed if no data was obtained in that bin.

The aggregation function should use domain knowledge, as Eq. (1).
In the DR case, categorical variables (TTM, HTAR, DR) take the max-
imum value, keeping track of the worst health status. Numerical vari-
ables have different aggregations: Age and EVOL use the most up-to-
date value for that year, MA uses the maximum (worst) value in the
period, while HbA1c, CKDEPI, BMI are aggregated using the mean.

ℎ(𝛺𝑣𝑏) =

⎧

⎪

⎨

⎪

⎩

mean(𝛺𝑣𝑏) if 𝑣 ∈ {HbA1c, CKDEPI, BMI}
last_value(𝛺𝑣𝑏) if 𝑣 ∈ {Age, EVOL}
max(𝛺𝑣𝑏) otherwise

(1)

The computational complexity of our proposed method is 𝑂(𝑛),
where 𝑛 is the number of patients. Because the number of bins is small
in this kind of medical series data, and is also constant (𝑘 = 12), it
oes not contribute to the overall complexity calculation. Moreover,
ince each patient’s vector of visits can be processed independently,
he binning can be easily parallelized. As a result, the method can be
asily scaled to handle large datasets without significant increases in
omputation time.

In our dataset, after binning the data, we have 228,956 patients with
equences of less than 6 entries (i.e. data from at least 6 different years).
total of 2108 patients have sequences between 6 and 12 years, whose

requency is shown in Fig. 2. In the next subsection, the transformation

rocess to obtain equal length time series is explained.

5 
3.3. Time series transformation

As indicated before, most TSC require that all the time series of a
dataset are of the same length. Observing the DR binned data distribu-
tion, Fig. 2, we selected the length of the time series to be of 10 years.
According to the experts, this is a reasonable amount of historic data
to be used to perform the DR risk assessment. In this subsection, we
propose a procedure to obtain series of 10 years from the DR binned
data.

We denote each patient time series obtained after binning the
EHR data as 𝑇𝑝 =

(

𝑡1, 𝑡2,… , 𝑡𝑙𝑝
)

, where 𝑙𝑝 is the length of the time

series. Patients with 𝑙𝑝 < 𝑙𝑠ℎ𝑜𝑟𝑡 (i.e., data less than threshold 𝑙𝑠ℎ𝑜𝑟𝑡) are
excluded from the dataset. This application-dependent threshold has
to be considered as the minimum amount of past information needed
to perform the transformation without inferring too much data, which
might lead to incorrect data.

The transformation procedure aims to generate sequences with
length equal to 𝑙𝑐 , called complete series. We may consider three cases
based on the length 𝑙𝑝 of the time series (Eq. (2)).

𝑇𝑝 =

⎧

⎪

⎨

⎪

⎩

truncate(𝑇𝑝, 𝑙𝑐 ) if 𝑙𝑝 > 𝑙𝑐
𝑇𝑝 if 𝑙𝑝 = 𝑙𝑐
interpolate(𝑇𝑝, 𝑙𝑐 ) if 𝑙𝑝 < 𝑙𝑐

(2)

For the DR problem, we set 𝑙𝑠ℎ𝑜𝑟𝑡 = 6 and 𝑙𝑐 = 10, as recommended
by ophthalmologists. In the third case of Eq. (2), as we have sequences
of 6 ≤ 𝑙𝑝 < 10, the maximum number of fictive entries is 4.

To generate new entries in the series, one option is to use a linear
interpolation, where existing values are used to approximate some func-
tion 𝑦 = 𝑓 (𝑥), which is then used to find the values of the missing points
between the extreme values. However, for this medical problem, this
method is too simple. Instead, we propose to use a double interpolation
approach, which takes into account the specific characteristics of the
patients’ variables. It is composed of the following steps:

1. Data initialization: each binned data entry 𝑇𝑖 is assigned to
a year. The years without available data are considered miss-
ing data. As example, the first column on Fig. 3 shows the 6
binned data values for a patient visited between 2012 and 2019
(8 years).

2. First interpolation: missing time-points on the initial data are
filled according to each variable. Numerical variables are inter-
polated, taking into account the length of intervals to be filled.
The meaning and mathematical properties of the variables are
taken into account, for example, age and EVOL must be mono-
tonic non-decreasing, as they cannot decrease from one year
to the next. For categorical variables, a backfill interpolation is
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Fig. 2. Frequency of the length of binned time series.
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performed. It uses the next existing value, so we use the latest
available category. An example is shown in the second column
of Fig. 3, where two entries have been added in 2013 and 2017
for all variables.

3. Second interpolation: in the previous step, a complete time
series has been obtained, but it must still not have the minimum
required length. In this step, it will be linearly interpolated to the
desired length, which is 10 for the DR case study. Additionally,
for categorical variables, decimal values obtained at interpola-
tion are rounded to avoid nonexistent categories. Because of
the quality of first interpolation step, we are not expecting
the rounding to result in a significant change in the category
assigned. Finally, time stamps are also replaced with ordered
integer values [0, 10), since it is not important the specific year,
but their order. The third column in Fig. 3 shows the final output
of this step for this patient example.

The computational complexity of our proposed method is 𝑂(𝑛 ⋅ 𝑙𝑛),
here 𝑛 is the number of patients and 𝑙𝑛 the length of each patient’s

ime series. The average length of these time series (≈10) can be consid-
red a small constant value. As such, its effect on the overall complexity
s negligible. Similar to the binning method, our approach allows for
fficient parallelization by processing patients’ vectors independently.
ven with large datasets, this complexity remains comparable to that
f a basic linear interpolation. The proposed time series interpolation
ethod has been compared to a basic linear interpolation applied

he initial sequence of data. The comparison has been evaluated with
he widely-used Dynamic Time Warping (DTW) as distance measure
etween the sequences obtained with the two methods. The dependent
ersion of DTW, 𝐷𝑇𝑊𝐷, has been selected based on the study made by
asos et al. [17]. Results are shown as histograms in Fig. 4.

It is clear from the distribution represented in the two histograms
hat the proposed interpolation method leads to equal-length time
eries that are more similar to the original short sequence than using
single linear interpolation. For the double-interpolation method, the

istance is below 4 in most of the series, with a few exceptions greater
han 6, while for the linear interpolation, most of the sequences have

distance between 4 and 6, with almost no cases of very similar

equences (those at distance below 3). d

6 
After the interpolation stage, the last transformation applied to the
eries consists on a process of data standardization and encoding. Cat-
gorical variables have been encoded using one-hot encoding (OHE),
hereas the numerical ones have been standardized by subtracting the
ean and scaling to unit variance. This encoding is a requirement for

he classifiers that we have used in this study.

. Time series generation

After applying the previous data preparation steps, a multivariate
ulticlass time series dataset with 2108 patients is obtained. This quan-

ity is quite reduced for training a classifier. It is due to the fact that
any patients data were discarded after the binning stage, specifically,

he ones with sequences of short length, as the interpolation method
ould not find appropriate values. In this section, we propose to take
dvantage of this patient’s data to generate partially-synthetic instances
or the minority classes.

The proposed method for generation of examples distinguishes two
ypes of data sets, defined as follows:

• 𝐶𝑝 are sets of complete time series for the minority classes, with
length 𝑙𝑐 . In the case of DR, it consists of 3 sets, one for each of
the DR positive categories, 𝑝 ∈ {1, 2, 3}.

• 𝐼 is the set with incomplete time series, 𝑖𝑗 , each one with a short
length 𝑙𝑗 . The length must be in the range 𝑙𝑚𝑖𝑛 ≤ 𝑙𝑗 < 𝑙𝑐 , where
𝑙𝑚𝑖𝑛 must be determined by the characteristics of the data, in case
of DR, 𝑙𝑚𝑖𝑛 = 5.

The generation of new examples of length 𝑙𝑐 will be done by
eans of extending (i.e. boosting) the information available in existing

hort series in 𝐼 . For each minority class 𝑝, the additional entries
dded at the end of the existing sequence will take into account the
nformation available in the set 𝐶𝑝. In that way, we introduce data
alues they are feasible, as some other patient has had similar values.
n the following subsections, the method to boost the incomplete set 𝐼
sing the complete set 𝐶𝑝 is explained. A different treatment is done
epending on the nature of the variables. The method is applied to all
xamples of the incomplete set, 𝑖𝑗 ∈ 𝐼 , for each of the minority classes
∈ {1, 2, 3}. Examples in 𝐼 do not have a ground truth value about

he DR diagnostic, hence, they can be completed using examples from

ifferent classes, generating different sequences for each class.
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Fig. 3. Double interpolation example for one patient.
Fig. 4. Histogram of DTW distances, comparing a linear interpolation with the proposed double interpolation.
.1. Demographic variables

First, we consider the demographic variables, whose progression is
nown in advance. In the DR case study, they are age, gender and
VOL (duration of diabetes). Age and EVOL are numerical, and they are
easured in years, so at each time point in the series (yearly intervals),

hey increase in 1 unit. Gender is a categorical variable with a value
ixed along the time, so the same category (woman/man) is maintained

qual in all the new entries for each given time series 𝑖𝑗 .

7 
4.2. Medical variables

These are variables that store clinical and analytical information
related to health. For the medical variables, we calculate the distance
between a given incomplete series 𝑖𝑗 ∈ 𝐼 (with length 𝑙𝑗) and a
complete series 𝑐𝑝,𝑘 ∈ 𝐶𝑝 (with length 𝑙𝑐). As 𝑙𝑗 < 𝑙𝑐 , for the complete
series we only consider the first 𝑙𝑗 entries for the distance calculation.
Dynamic Time Warping (DTW) has been used as the distance measure

for comparing the sequences.
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This comparison is performed for each of the minority classes 𝑝.
For each class, we find the example from the complete set with the
minimum distance to 𝑖𝑗 , i.e. the most similar in class 𝑝, denoted 𝑐𝑝,𝑠𝑖𝑚𝑗

.

𝑐𝑝,𝑠𝑖𝑚𝑗
= 𝑎𝑟𝑔𝑚𝑖𝑛𝑘(𝐷𝑇𝑊 (𝑖𝑗 , 𝑐𝑝,𝑘)) ∀𝑐𝑝,𝑘 ∈ 𝐶𝑝 (3)

Once we know the most similar complete series to an incomplete
one, the procedure for assigning the following missing values of the
sequence depends on being a numerical or categorical variable.

4.2.1. Categorical variables
We have three categorical variables: TTM, HTAR, and the class label

DR. Their values in the incomplete entries of 𝑖𝑗 are completed using the
categorical values of the most similar series, 𝑐𝑝,𝑠𝑖𝑚𝑗

. This corresponds
to the missing time points 𝑡 ∈ (𝑙𝑗 , 𝑙𝑐 ]. Regarding the class variable
DR, which must be monotonic non-decreasing according to the medical
specialists, a forward fill is applied in the time points where copying
the value would produce a decrease from the previous DR level. This
process mainly affects the first generated time points, where some
discrepancies between the incomplete and complete sequences could
be found.

4.2.2. Numerical variables
For the management of numerical values, we propose a proce-

dure based on fuzzy sets. Doctors usually work with ranges of val-
ues with fuzzy boundaries rather than with precise numerical val-
ues. We consider that for each numerical variable 𝑎 ∈ 𝐴, we can
define a linguistic fuzzy variable 𝑓𝑎 with a fixed set of ordered la-
bels. Each label has a fuzzy set, with its corresponding membership
function 𝜇𝑥∈𝑓𝑎 . In our case study, ophthalmologists provided appro-
priate linguistic labels and fuzzy sets for the numerical variables 𝐴 =
{𝐶𝐾𝐷𝐸𝑃𝐼,𝐻𝑏𝐴1𝑐,𝑀𝐴,𝐵𝑀𝐼}. For each variable (𝑎 ∈ 𝐴) and for all
missing time points 𝑡 ∈ (𝑙𝑗 , 𝑙𝑐 ], the following procedure is proposed:

1. A forecasting method is used to predict the next numerical
value for the incomplete time series, 𝑖𝑗 (𝑎, 𝑡). Drift forecasting
has been chosen because of its simplicity. Moreover, the amount
of available past data is limited, so more complex forecasting
techniques were not needed. It fits a line between the first and
last points of the series, and extrapolates them to the future.

2. The value of the same time point is obtained from the nearest
complete time series, 𝑐𝑝,𝑠𝑖𝑚𝑗

(𝑎, 𝑡).
3. The fuzzy sets of the variable 𝑓𝑎 are then used to obtain the

label with maximum activation for both the incomplete and
complete time series values, 𝑥 and 𝑦, respectively. If 𝑥 = 𝑦, the
forecasted value is stored in 𝑖𝑗 (𝑎, 𝑡). Otherwise, a random value
with maximum activation on the fuzzy term 𝑦 is the one assigned
to 𝑖𝑗 (𝑎, 𝑡).

By forcing the forecasted value to be similar to one in the complete
sequence, we can generate new examples that, although not having
the same values, are similar. The use of fuzzy sets permits to assign
values that are fuzzified with the same label, which means that they
are falling in the same category according to the vocabulary given by
the ophthalmologists.

The overall computational complexity of our fuzzy-based sample
generation method is 𝑂(𝑛 ⋅ 𝑚), where 𝑛 = |𝐶𝑝| (i.e., the number of
complete series of minority classes) and 𝑚 = |𝐼| (i.e., the number
of incomplete series that need to be extended). While the upfront
computation time may seem significant due to this complexity, it can
be effectively mitigated by parallelizing the process.

In Section 6.3 random oversampling is compared to this new method
for the DR dataset.
8 
5. Multivariate multiclass time series classifiers

In this section, we introduce the four multivariate multiclass time
series classifiers we have tested. They are the best performing classi-
fiers according to the review of Pasos et al. [17] Moreover, they are
representatives of different kinds of approaches to classification.

5.1. K-nearest neighbours

K-nearest neighbours (KNN) is one of the most simple, yet good
performing methods in classification problems. In MTSC problems, KNN
is usually taken as the baseline results by using 1-nearest neighbour
(i.e. 𝐾 = 1). As it is a distance-based classifier, the selection of the
distance measure is crucial. In this work, for time series comparison,
Dynamic Time Warping is used. Several strategies can be used to
compute a DTW distance on the multivariate case:

1. Independent warping (𝐷𝑇𝑊𝐼 ): the distance between time series
is computed independently for each variable. The resulting DTW
distance is the sum of the independent distances.

2. Dependent warping (𝐷𝑇𝑊𝐷): a warping is assumed to be cor-
rect across all time series. The Euclidean distance is computed
between the two vectors representing all time series. Then DTW
is applied over all time series simultaneously.

3. Adaptive warping (𝐷𝑇𝑊𝐴): instead of selecting one of the pre-
vious two approaches, the choice of using 𝐷𝑇𝑊𝐼 or 𝐷𝑇𝑊𝐷 is
made based on the characteristics of the data.

5.2. ROCKET

ROCKET (Random Convolutional Kernel Transform) combines nu-
merous convolutional kernel transforms with a linear classifier [18].
Kernels are randomly chosen with a variety of lengths, dilations,
paddings, weights and biases. For the multivariate case, they are also
randomly assigned a time series. A feature map is created by convolving
a kernel, and it is aggregated to produce two features per kernel, which
are the maximum value and the proportion of positive values (𝑝𝑝𝑣). A
linear classifier, such as ridge regression classifier, is then trained on
the extracted features.

5.3. TapNet

TapNet (Time series attentional prototype network) [31] defines
an architecture to combine the strengths of both traditional and deep
learning approaches to MTSC. It consists of three main components.
First, a dimension permutation, which randomly combines the time se-
ries, in order to model the interactions between the different variables.
Second, embeddings are learned using a Long Short-Term Memory
structure and 1-dimensional Convolutional Neural Network, in order to
model the sequential information of the time series. Finally, Attentional
Prototype Learning is applied using the learnt embeddings. It generates
an embedding prototype of each class, and the classification is then
based on the distance to these prototypes.

5.4. Convolutional neural networks

Convolutional Neural Networks (CNN) are well known neural net-
works in deep learning. They have been mainly used in image analysis
problems, although Zhao et al. proposed a CNN for time series clas-
sification [32]. They alternate the usage of convolutional and pooling
operations to obtain deep features of the data. The final representation
of the data is in a feature layer, which is created by connecting all the
obtained feature maps. Finally, the feature layer is used to perform the
classification using a multi-layer perceptron model.
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Table 2
Diabetic retinopathy time series data.
Class/Dataset Training (70%) Testing (30%) Total

DR = 0 1212 (82.2%) 518 (81.8%) 1730 (82.1%)
DR = 1 148 (10%) 61 (9.64%) 209 (9.9%)
DR = 2 92 (6.2%) 41 (6.5%) 133 (6.3%)
DR = 3 23 (1.6%) 13 (2.1%) 36 (1.7%)

Total 1475 633 2108

6. Experimental results

This section presents the obtained experimental results. In Sec-
tion 6.1 the diabetic retinopathy dataset is presented. Section 6.2
compares the classification performance of non-temporal classifiers on
long-term diabetic patients. Finally, Section 6.3 discusses the obtained
results on the temporal datasets, and a comparison between the tested
classifiers is performed.

6.1. Dataset

The data used in this study comes from diabetic population on our
region, Catalonia, from period 2010 to 2021. It is a private dataset
provided to us in the framework of a national research project. Even
it is an anonymized dataset, it contains sensible healthcare data from
patients. Therefore, it is protected with the national privacy laws,
and it cannot be disclosed. After performing the pre-processing steps
explained in Section 3, we obtained a set with 2108 sequences of 10
entries. This dataset has been divided into two: training and testing,
with 70% and 30% of the data, respectively (Table 2). It can be clearly
seen the high imbalance towards the negative (𝐷𝑅 = 0) class, which
makes it more difficult to predict the classes with higher DR risk.

When balancing is needed, we either applied oversampling or the
method proposed in Section 4 for completing short sequences for the
three minority classes. In the latter, we use the incomplete set 𝐼 . It is
composed by previously discarded time series because of their short
length. In this work, we just considered the incomplete series of the
maximum length available, 𝑙𝑗 = 5, which correspond to 4547 patients.

his is because the shorter the incomplete time series are, more fictive
ata has to be introduced, increasing the probabilities of introducing
rroneous data.

.2. Long-term DR patients classification

The first study consists in comparing the performance of the Retipro-
ram model [11,12,14] on patients suffering from long-term diabetic
etinopathy. Retiprogram does not take into account the history and
volution of the patient since the first diagnosis of DR. On the contrary,
t uses a single point state of the patient to diagnose the risk of DR.

e want to prove that such model is good for the initial diagnosis
f patients who are starting DR (called new DR patients), but not for
atients with an advanced progression of DR (called long-term DR
atients).

The tests consists in comparing how Retiprogram classifies patients
he first time they are diagnosed with diabetes, and how it classifies
hem some years later. To perform this comparison, we have created
wo non-temporal DR datasets. One for new patients, which contains
he first entry of the temporal series; another for long-term patients,
hich contains the latest entry, instead.

All the available data of the 2108 patients with complete series has
een used, and Retiprogram was tested on both datasets. As the DR
lass in the ground truth is not the same in both datasets, the number
f patients in each class is different in each dataset. The obtained
onfusion matrices for both tests are depicted in Fig. 5, and their
orresponding metrics in Table 3.
9 
Table 3
Performance indicators of new patients and long-term patients.

Classifier/Metric (%) New patients Long-term patients

Accuracy 75.6 35
Kappa 0.095 0.068
Precision 44.9 30.6
Weighted precision 69.4 35
Macro recall 28.2 27.8
Weighted recall 75.6 35
Macro F1 27 20.4
Weighted F1 68.6 24

Table 4
Classifiers parameters.

Classifier Parameters

KNN oversample k: 9, distance: 𝐷𝑇𝑊𝐷
KNN Fuzzy Gen. k: 3, distance: 𝐷𝑇𝑊𝐷
ROCKET Number of kernels: 200

TapNet Epochs: 20, batch: 16, activation: softmax,
loss: categorical crossentropy, filter: (32, 32, 16),
kernel: (8, 5, 3), layers: (50, 30)

CNN Epochs: 20, batch: 16, activation: softmax,
loss: categorical crossentropy,
kernel: 5, avg pool size: 2

All metrics about the classification of new patients are better than
the ones for long-term patients. Having in mind that the ground truth
is different in each dataset, it is still clear that the model has more
difficulties to correctly classify the long-term patients. Most errors on
long-term patients are due to mis-classifications for patients that belong
to 𝐷𝑅 = 0, as shown on its confusion matrix in Fig. 5. Once a diabetic
atient has been diagnosed with this disease, he/she starts taking some
edications in order to have under control some dangerous values.
hese changes generates a confusion to Retiprogram when evaluating
he current patient’s state, making it really hard for the model to predict
he current status of DR. These results confirm the need of creating a
ew model that uses all the temporal information available for each
atient, thus, taking all states into account to perform a good prediction
f the DR degree for those long-term patients.

.3. Results and discussion

We tested the performance of the multivariate time series prepara-
ion and classification method explained in Section 5 on the DR dataset
resented in Section 6.1. To perform the tests, we have used the sktime

toolkit [33]. Tests have been performed both oversampling the data,
and using the proposed time series fuzzy generation method. Some of
the default parameters of the classifiers have been used, but others
have been adjusted, such as the ones related to length of the series.
Moreover, the epochs, activation and loss functions of the tested neural
networks have also been experimentally tunned to fit with our ordinal
multiclass problem. In the case of KNN, we found that oversampling
requires a higher 𝑘 value than the fuzzy generation method to avoid
overfitting. The final configuration values for these parameters are
given in Table 4.

A 10-fold cross-validation has been chosen to validate the perfor-
mance of the parameters, choosing the values with the best perfor-
mance. The whole training set shown in Table 2 has been used to
perform the validation. First, the data is split among 10 folds. One of
them is selected as the test set. The rest is combined to form a training
set for that fold. The training data is then balanced either by means of
oversampling or by employing our proposed fuzzy sample generation
method. Finally, the model is trained using the balanced training data
and then tested using the test fold. The process is repeated using all
folds as test data, and the obtained performance metrics in all folds are
averaged. Those results are shown in Table 5. Columns contain each of
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Fig. 5. Comparison between new patients (left) and long-term patients (right).
Table 5
10-fold cross-validation performance indicators of different DR series classifiers.

CNN KNN ROCKET TapNet

FG O FG O FG O FG O

Accuracy 94 90.6 91.2 89.6 91.1 93.2 94.1 86.4
M. Precision 80.4 74.7 71.3 68.8 86.7 91.1 82.8 76.7
M. Recall 75.9 83.1 60.5 61.1 64.9 75.4 75.4 90
M. F1 77.1 77.4 63.8 63 71.3 80.3 77.1 79.9
W. Precision 93.7 92.4 90.9 89.6 90.7 93.3 93.9 93.3
W. Recall 94 90.6 91.2 89.6 91.1 93.2 94.1 86.4
W. F1 93.6 91.3 90.6 89.1 89.7 92.7 93.6 88.1
Kappa 0.856 0.764 0.640 0.670 0.736 0.805 0.868 0.738

the tested classifiers, either balancing the data using oversampling (O),
or the proposed fuzzy sample generation (FG). Several standard multi-
classification metrics have been used to measure the performance of
the different classifiers. In particular, we consider accuracy, precision,
recall, F1-Score and the quadratic weighted kappa. For precision, recall
and F1-Score we have taken both macro and weighted average. Because
of the class imbalance, we are expecting the macro average to be lower
than the weighted average. Quadratic weighted kappa is a relevant
metric for this ordinal multiclass problem, because it penalizes the
mistakes according to the distance between the ground truth and the
predicted class. In medical decision support, a short difference between
the correct class and the predicted one is crucial in order to not affect
the health of the patient. Hence, we aim to minimize it as much as
possible. Following the kappa interpretation of Landis and Koch [34],
a kappa in the interval [0.61 − 0.8] describes a substantial strength
of agreement between the predictions and the ground truth. Values
greater than 0.8 indicate an almost perfect agreement, which would
be a strong indicator of a good medical decision support system.

Comparing the results obtained by using oversampling to fuzzy
sample generation, overall, fuzzy sample generation (FG) obtains better
accuracy, kappa, and weighted metrics. In contrast, oversampling has
better or similar results on the macro recall and macro F1-Score. The
only exception is the ROCKET classifier, where oversampling obtains
better results in all cases. The best result for each of the metrics is
marked in bold. TapNet gets the best overall results, with the best
accuracy, weighted metrics and quadratic weighted kappa. CNN and
ROCKET also have good overall results. CNN draws with TapNet on the
best weighted F1-Score, and ROCKET has the best macro precision and
macro F1-Score. KNN, in the other hand, has the worse results among
the tested classifiers.

A second evaluation has been done with the traditional train-
ing/testing division using a percentage split evaluation. In that way,

testing data has not seen before by the trained classifier. Thus, using

10 
Table 6
Performance indicators of different DR series classifiers in testing stage.

CNN KNN ROCKET TapNet

FG O FG O FG O FG O

Accuracy 91.63 81.36 85.15 84.04 90.68 89.26 93.68 91.94
M. Precision 78.83 52.17 55.81 70.63 89.71 84.96 84.26 77.41
M. Recall 76.49 63.87 50.15 45.97 64.42 66.22 79.39 70.25
M. F1 76.89 56.11 51.91 48.32 73.47 73.36 81.17 72.58
W. Precision 91.78 86.14 84.28 83.53 90.20 88.60 93.41 91.55
W. Recall 91.63 81.36 85.15 84.04 90.68 89.26 93.68 91.94
W. F1 91.52 83.21 84.42 82.92 89.43 88.38 93.36 91.25
Kappa 0.840 0.650 0.551 0.623 0.734 0.729 0.868 0.856

the best configuration parameters, the models were trained again on
the whole training set (70% of the data), and tested on the test set
(30% of the data). The training data was also balanced using O and
FG techniques. The obtained performance indicators for the different
tested classifiers and balancing techniques is shown in Table 6.

In this evaluation, it can also be observed how fuzzy sample gen-
eration again obtains better overall results than oversampling. The
classifiers that make greatest improvements when using the proposed
balancing technique are deep learning classifiers (i.e., CNN and Tap-
Net). The classifier performing worst among the tested ones is KNN, for
which the obtained metrics are lower than the rest of the classifiers.

In contrast, TapNet using fuzzy sample generation has achieved the
best results for all metrics except the precision. It specially stands out
on the quadratic weighted kappa, with a value of 0.868, which is a
remarkably high score for this measure. These results confirm the ones
obtained with cross-validation. We also see that testing results are quite
close to the ones of 10-fold cross-validation, confirming the lack of
overfitting.

The other two classifiers, ROCKET and CNN, are similar in terms of
the metrics that take into account the class imbalance, such as accuracy,
weighted recall, and weighted F1-Score. That is because they are able
to properly classify most of the negative examples.

Metrics that do not compensate for class imbalance, macro recall
and macro F1, are more interesting for our use case because they will
show which classifiers can better identify the positive patients. Here,
KNN is again the worst. ROCKET and CNN have similar results, with
CNN performing slightly better. Tapnet shows the best macro recall
and the second best in macro precision. To further analyse the results
obtained by TapNet, the confusion matrix for this test is depicted in
Fig. 6.

Tapnet is excellent in classifying the minority classes (categories
2 and 3), which is important in the medical domain. Consequently,
the study concludes that TapNet is the classifier that exhibits supe-
rior performance among the tested classifiers for short time series in
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Fig. 6. Confusion matrix in testing with TapNet and fuzzy sample generation balancing.
the diabetic retinopathy problem. Its high quadratic weighted kappa
demonstrates its ability to properly classify positive examples in the
ordinal case. Additionally, when an error is made, the class assigned is
close to the correct one.

6.4. Ablation study

Ablation studies are common for evaluating the importance of
individual components within a proposed model. However, the pipeline
of techniques of our preprocessing method cannot be tested separately,
as the classifiers need to receive a series with equal length and equal
distributed data. Therefore, each step in our processing pipeline serves
a specific purpose, and it is necessary for producing the final required
time series data.

One exception is the data balancing step, which can be removed
from the pipeline without affecting its functionality. Fig. 7 depicts
the confusion matrix for TapNet without applying any data balancing
technique. This result is included to provide a baseline comparison
to applying our proposed data balancing technique. The significant
imbalance in the original dataset (as evident from Table 2) leads to
poor performance on minority classes, as seen in this figure. Without
balancing, we obtain an accuracy of 84.4% and a Kappa of 0.646,
whereas with the proposed balancing method, accuracy increases to
93.7% and Kappa to 0.87. This result shows that the impact of balanc-
ing the minority classes is clear on improving classifier performance,
particularly for the more severe classes.

6.5. Comparison with retiprogram

As explained in Section 6.2, the system Retiprogram only uses the
last data values obtained from a patient. In that section, we have seen
a comparison of the performance of Retiprogram with data from a new
patient (in his/her first visit) and with data of the current visit in a
chronic patient (last visit in the series). A decrease from 75% to 35%
in accuracy has been observed.

Now, in order to know the improvement in the classification per-
formance of using a sequence of retrospective data, we have used the
same test set of Section 6.1 to evaluate the performance of Retiprogram.
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We have used only the last time point of the DR series. An accuracy
of 36.7% and a Kappa of 0.076 are obtained. The results obtained are
shown in Fig. 8. We observe much confusion in the class assignments
made for patients in all rows, and large errors in case of patients with
𝐷𝑅 = 0.

From the obtained results, it can be concluded that using the tem-
poral information on long-term diabetic patients is beneficial in order
to correctly classify them into their current DR degree.

7. Conclusions and future work

In this paper, we presented a novel approach for estimating the
different levels of diabetic retinopathy using only retrospective data
from the EHR of the patient. Motivated by the discussed special charac-
teristics of such medical series data, a technique for pre-processing EHR
data has been presented. As first contribution, to construct multivariate
time series of the same length for all the patients, missing entries have
been completed with a double interpolation technique. Results show
a much closer similarity with the original sequence when using the
proposed method, compared with a classic linear interpolation. As sec-
ond contribution, the paper presented a new fuzzy-based approach to
boost short time series to generate new examples that may alleviate the
problem of class imbalance in health care data. It consists in completing
short sequences by using information from similar completed ones.
Three types of variables have been distinguished when completing their
values. For medical numerical values, a method based on the use of
linguistic fuzzy variables has been proposed. By using the membership
functions, we can find new input values that generate series similar
enough to real examples.

Thirdly, several multivariate time series classifiers have been com-
pared using the DR EHR data time series prepared with the previous
techniques. From the results, we conclude that TapNet is the best
classifier for this problem. TapNet is able to appropriately learn the
underlying patterns of the minority DR examples, as metrics depict. It
has achieved a kappa value of 0.868 and accuracy of 93.7%, which are
outstanding results for such an imbalanced health-care problem.

Future work includes addressing some limitations and exploring
new possibilities to further enhance our series processing method.
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Fig. 7. Confusion matrix in testing with TapNet and no data balancing.
Fig. 8. Retiprogram results on the test set.
One major challenge is that our approach requires at least 6 years of
historical data, which might not be feasible or practical in all medical
contexts where patient records have limited duration. To overcome this
issue, we propose exploring the possibility of handling shorter time
series as well as applying transfer learning as future work. Additionally,
while our proposed method has shown promising results on the DR
dataset, it is essential to evaluate its generalizability across different
datasets and clinical settings. Future work should focus on testing our
approach with additional EHR datasets and exploring its applicability
in other situations.
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It would be valuable to investigate how recent classification tech-
niques such as Densely Knowledge-aware Network for Multivariate
Time Series Classification [35], DTCM (Deep Transformer Capsule Mu-
tual distillation method) [36] or CapMatch (Contrastive transformer
capsule method with feature-based knowledge distillation) [37] per-
form when applied to series of EHR data preprocessed with the tech-
niques proposed in this paper. By combining the strengths of these
classification methods with this novel preprocessing approach, we may
improve the accuracy of CDSSs for disease diagnosis in chronic patients.
The possibility of using or adapting the proposed method for shorter
incomplete time series should also be studied. We also plan to make
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a comparison with other balancing techniques (T-SMOTE). Finally, a
study of different ways of encoding the numerical variables would also
be interesting, since they are quite common and relevant in clinical
decision support systems.
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