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Abstract.
Analysing medical data stored in Electronic Health Records is of great interest

to build clinical decision support systems. There is a lot of hidden knowledge in
these databases, obtained from the continuous work of medical practitioners when
attending and diagnosing patients. However, it is not easy for Machine Learning
methods to exploit these data. Their use always requires a careful and complex pre-
processing stage. In this paper, we study the case of diagnosis of diabetic retinopa-
thy, which is made by ophthalmologists. The characteristics of a 12-year dataset
about Type-2 diabetic people are analysed. Several numerical and categorical vari-
ables were selected by experts as relevant risk factors for this disease. We explain
the challenges that are being faced in order to generate a dataset composed by time
series with the same length and intervals. The final aim of the research is to build
a clinical decision support system that can make a personalised prediction of the
evolution of the disease.
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1. Introduction

This short paper analyses the characteristics of a real dataset about Type-2 diabetic peo-
ple. The dataset contains different clinical and analytical variables of different types (nu-
merical and categorical), which have been extracted from the Electronic Health Records
(EHR) of diabetic patients. It contains data collected between 2010 and 2021. The final
goal of our research project is to construct a classifier that distinguishes between several
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levels of the diabetic given the historical data collected in his/her successive visits. The
purpose of this short paper is to present the complexities of the available temporal data,
which will guide the pre-processing stage of data preparation, which is usually a crucial
step to build proper classifiers.

2. Diabetic retinopathy classification

Diabetic retinopathy (DR) is an ocular complication produced by the increase of blood
sugar levels due to diabetes, which damage the back of the eye (retina). The lesions it
can produce cause vision loss and even blindness if not detected and treated at an early
stage [1]. According to the medical ETDRS standard classification [2], the following
categories are considered: healthy (DR = 0), mild (DR = 1), moderate (DR = 2) and
severe (DR= 3). In 2021, the number of diabetic patients worldwide was estimated at 537
million people. In Spain it is expected to affect about 11.1% people by 2030, reaching
3.8 million inhabitants [3]. The prevalence of DR among type-2 diabetic people in Spain
in 2022 was 15.28%, including 1.92% for the severe level (DR = 3) [1].

Computer methods to assist in DR diagnosis are being developed. Many works de-
tect DR with the analysis of eye fundus images. Because they are costly to obtain, other
clinical decision support systems (CDSS) based solely on EHR data are nowadays on the
focus of research. Machine learning methods are trained with EHR to build DR classi-
fiers. Several studies on the literature analyse how different kinds of classifiers perform
on EHR-based DR datasets [4,5,6,7,8,9]. They use techniques such as random forests,
XGBoost, logistic regression, support vector machines or k-nearest neighbours. There is
not a consensus in the selection of the best classifier, as there are varied results on each
study. In [10][11], Retiprogram was presented as a CDSS to assess Type-2 Diabetes Mel-
litus patients’ risk of developing DR. It takes into account the current patient’s condi-
tions, including the analytical data from the last blood analysis. It is an ensemble method
consisting on a Fuzzy Random Forest classifier, with an accuracy of 81%, sensitivity of
80%, and specificity over 84%. First, it was developed as a binary CDSS [11]. Later, it
was extended to deal with the ordinal multi-class case, being able to detect the levels of
DR severity [12].

3. Challenges of the DR Data Available in Electronic Health Records

The goal of our research is to improve DR severity detection by means of a time series
classifier. Therefore, we need to work with multi-variate series data representing the
changes of several clinical and analytical risk factors, stored in the EHR.

For this research, we have obtained a dataset with 231,064 diabetic patients from
Catalonia (Spain), with their medical data from 2010 to 2021. Figure 1 depicts the fre-
quency of patient’s visits by ophthalmologists. Only patients with at least 2 visits are
considered. It can be observed that patients are usually visited with a frequency over 18
months; therefore, the diagnosis must be made with relatively short sequences of data.

Usual machine learning techniques for time series classification assumes a dataset
with a homogeneous time series (i.e. with equal length and intervals). However, the data
extracted from EHR is not homogeneous. Considering the 12-year dataset on diabetic
patients, we present here a list of challenges that need to be tackled:
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Figure 1. Diabetic patients visits mean frequency in months

• Short sequences: around half of the patients have a single visit on their EHR, and
must be discarded. Moreover, just 1% of them have at least 6 visits in 12 years,
which we consider the minimum amount of information needed to construct a
reliable temporal sequence for a patient. Thus, from the whole dataset, only 2108
patients could be considered for training and testing. Moreover, the length of the
sequences is still unusually short for time series classifiers, which usually manage
long samples.

• Irregular visits frequency: most time series algorithms require data spaced at
regular time intervals. This is not the case here, where we can find two situations
when establishing a period of 1 year. First, we can find a few cases of patients
having multiple records for the same period. Second, in some sequences there is a
lack of a visit in a certain year, whose data should be interpolated to fill in the gap.

• Different data alignment: all the time sequences should be aligned on certain
time points with the same number of occurrences. However, the time span for
different patients varies, as it depends on the date of diagnosis of diabetes. For
the trends analysis, we need a sequence of the same number of consecutive years,
even if they do not start and end at the same date.

• Missing data: the values of the risk factors must be extracted from the EHR for
each time point. These values may be stored in different sources (blood test re-
ports, doctor’s notes, etc.) and may have been recorded at different dates. Thus,
each patients’ visit cannot be found in the EHR as a single element, and has to be
reconstructed from the multiple sources that are considered on a visit. If any of
those values is missing, the visit data cannot be included in the time series, unless
we apply some imputation method.

• Labelling mistakes: some mistakes may be found on the diagnosis data at EHR,
due to human errors. For instance, we found that for some patients the level of
DR decreases over time, which is not a common situation. Similarly, in the case
of treatment type, we found some cases in which no medication was reported for
a patient treated with insulin before, which is very unusual. Therefore, data values
must be carefully curated taking into account medical expertise before being used.

J. Pascual-Fontanilles et al. / Challenges in the Exploitation of Historical Clinical Data206



• Data imbalance: the DR dataset is highly imbalanced towards the negative class.
This is expected due to the low incidence of this disease. The patients distribu-
tion is: 1730 patients in DR = 0 (82.1%), 209 in DR = 1 (9.9%), 133 in DR = 2
(6.3%) and 36 in DR = 3 (1.7%). Consequently, the availability of examples with
a high degree of DR is scarce. Because of this over-representation, the classifica-
tion models have more difficulty to correctly identify and distinguish the positive
classes. Some oversampling technique could be used to minimise this problem.

The presented challenges require tailored solutions that take into account the medi-
cal knowledge related to the DR disease. Time series classification methods could only
be used if satisfactory pre-processing techniques are applied on the raw ERH data. These
preparation methods are our next line of work. Moreover, these challenges should also
be analysed for other diseases diagnoses that have a temporal evolution.
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