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ABSTRACT

The rehabilitation needs of people with visual disabilities vary due to different factors:
congenital or acquired eye diseases, new social interaction, adaptation to productive,
academic, or similar life, among others, meaning a continuous readjustment of the treatment
plan of the patient and increasing rehabilitation costs. The care history of the Rehabilitation
Center for Blind Adults (CRAC) has followed the basic functional rehabilitation route of the
Rehabilitation Manual of the Latin American Union of the Blind (FOAL-ULAC, 1999) and
contains the variables that can efficiently classify these patients with the use of machine
learning tools. The patient's demographic (gender, age group) and clinical data (visual
condition, admission ophthalmological diagnosis, emotional state), along with the number of
visits, were collected through non-probabilistic sampling; The multiple correspondence
analysis resulted in inverse associations between the quantitative and categorical variables,
there was also a positive correlation between the quantitative variables according to Pearson's
coefficient. To define the classification target variable, the similar characteristics between the
variables were grouped into two clusters, using the scikit-learn library in Python and the k-
prototype algorithm; After having the objective-labeled variable, the supervised Decision
Tree, Random Forest, Gradient Boosting and Logistic Regression models were trained and
tested. These models gave an accuracy between 82% and 84%, the most effective being the
Gradient Boosting model, whose class prediction was: of 516 True Positives, 11 are False
Positives, of 94 True Negatives and 15 are False Negatives (recall 98%), and accuracy of
83%.
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INTRODUCTION

This project is focused on the classification of Basic Functional Rehabilitation patients using
supervised machine learning. This type of rehabilitation is an essential part of the institutional
rehabilitation model, taught by the Latin American Union of the Blind (ULAC) and the Once
Latin America Foundation (FOAL). The project is developed in two research areas:
Education and Health Sciences; It is a combined modality, because special aspects of
education are addressed, such as the cognitive and manual processes of people with visual
disabilities and health aspects such as occupational therapy and psychology care, all of this,
under the patient's medical diagnosis.

Comprehensive rehabilitation from the basic functional to the inclusion of blind people in
society is very important to increase their autonomy and independence and to reactivate them
as a social being. The loss of the visual faculty decreases some functional and psychosocial
aspects in some proportion depending on the age of the person who suffers from it, for
example, cognitive development is affected by the decompensation that the person suffers
from not having new visual experiences (Piaget, 1977 ); sociocultural relationships are
diminished by the lack of interaction with other people, which in turn causes their social
isolation (Vygotsky, 1934); The limited space-time orientation reduces their motor
performance, causing them to even forget the existence of the other parts of the body
(Merleau, 1945); and the loss of neuroplasticity because the consciousness to carry out
movements based on the same neuronal activity is lost, since the brain is a closed system that
permanently receives information from the external environment through the senses and the
response function depends on this. information (Llinas, 2003), among other aspects that
affect their development and therefore their daily lives. Although motor function involves
models of brain function, today a novel concept from the field of neurorehabilitation known
as Motor Learning is applied to achieve changes in people's bodily performance (Cano-de-la-
Cuerda and Others, 2015); All these factors are key when formulating a good basic functional
rehabilitation treatment plan. By classifying patients into an appropriate treatment plan,
sufficient financial resources and professionals can be allocated, as the cost of treatments can
be determined, followed up and monitored more effectively.

The classification methods used in Latin America are dictated by the World Health
Organization (WHO) and the best known are: Patient Classification System (SCP) to
determine the level of medical care based on clinical criteria (Garcia, J. 2006), Disease
Severity Index (ISE) to measure the severity of the disease and its impact on health (Medina,
E. 2000), the International Classification of Diseases (ICD) used worldwide to standardize
through codes the diseases in order to allow the systematic recording of mortality and
morbidity in each country (WHO, 2022), the Model List of Essential Medicines (EML) used
as a reference worldwide to guarantee access to safe and effective medicines, pharmaceutical
policies focused on public health (WHO, 2021), the International Classification of Disability
and Health Functioning to globally and systematically codify the restrictions or limitations of
these people in information systems (WHO, 2001), the Electronic Medical Record adopted as
a tool to improve the quality of medical care and other information platforms with the aim of
characterizing the population with disabilities (Ministry of Health and Social Protection,
2023).
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Data science today allows research in different areas of health, for example, in hospital care,
studies were found to identify patients at risk of post-operative complications (Dominguez,
2023), studies to classify patients with complex diseases such as breast cancer (Agudelo, H.
2021), glaucoma (Espinosa, A and Others 2014), others for exploration of chronic diseases
(see Gomez, D. 2020), classification of diagnostic aids such as the NEVO platform (Agudelo,
H. 2021). Bello, J. 2020), diagnostic support analysis such as electroencephalograms using
neural networks (Delgado, Karina, and Others 2019), among many more. Regarding research
related to the classification of patients based on their visual capacity, no indexed articles were
found, but there were systematic review studies: some to improve the visual rehabilitation of
patients (Hernandez, J and Others 2022) and others for personalized visual rehabilitation
training (Cardona, A. 2019). A portable device for assisted orientation and mobility was also
found which uses virtual reality and artificial intelligence to adjust to the patient's needs
(Solis, C. 2019). Data science currently expands the possibilities of analyzing own or open
data from special rehabilitation entities, which combine interdisciplinary knowledge and are
committed to innovation, taking advantage of available resources, which are in line with the
development policies of each country.

Finally, and to contribute to technological advances in the field of comprehensive
rehabilitation, this project aims to determine a novel method taking advantage of these
techniques and tools of data analytics, to identify potential patients for basic functional
rehabilitation from the first attention and classify them into the appropriate level of treatment.

MATERIALS AND METHODS
Sample of participants

This research uses convenience sampling given the availability of CRAC's own data, which is
the result of comprehensive rehabilitation care in 3,217 people with visual disabilities.

Method of conducting research

Using the scientific method, we seek to resolve the research question: ;How are Basic
Functional Rehabilitation treatments related to the demographic, psychological or behavioral
variables of the patient with visual impairment? analyzing whether these variables can be
predicted using a classification model. The approach of this research combines discrete
quantitative data and qualitative data, extracted from the CRAC databases using SQL
statements; The measurements, data treatment and statistical analysis include numerical
correlation, Pearson coefficient, multiple correspondence analysis, estimation graphs for
categorical variables using the Python programming language libraries (pandas, seaborn,
matplotlib). The characterization by clusters is achieved using the K-prototypes algorithm
which finds similarities with the Euclidean distance for numerical variables and a
dissimilarity measure for categorical variables. For all inferential analyzes the Scikit-learn
library was used.
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Measurement tools

The measurement of the characteristics of individuals is carried out using a form and
diagnoses given by specialists. The data set used in the project is made up of individual
records of people with visual disabilities who have the following attributes: gender, visual
condition, age, emotional state, and admission diagnosis. Likewise, discrete numerical
attributes are obtained for these people, quantifying care in the rehabilitation areas: abacus,
braille, elements of communication, techniques of daily living, orientation and mobility,
physical preparation, and cognitive and manual development.

Data procession methods

For data processing, the CRISP-DM SPSS Modeler methodology is used to obtain effective
predictive models. Below are the phases executed:

Business understanding phase

Information is collected about the CRAC, its patients and the care processes based on
documented information from the Integrated Management System; Data extraction was done
from the databases, instantiated on a SQL Server v18.3.1 platform and Microsoft Windows
Server 2019 Standard operating system on an HP Proliant DL380 Tenth Generation server.
Files with *.xIsx and *.cvs formats were created.

Data understanding and preparation phase

The sufficiency and quality of the data for analysis is reviewed, performing actions such as:
reduction of rows and columns, standardization, typographical corrections, creation of new
attributes, elimination of duplicates, etc., using Python data processing and visualization
tools.

Modeling phase

The behavior of the variables, their relationships or associations, the characteristics that allow
groupings are studied, the importance of the variables for the different classification models
is found, the classification algorithms are selected which support the types of project
variables: Decision Tree, Logistic Regression, Random Forest and Gradient Boosting. The
data set is partitioned like this: 70% for training and 30% for testing. In the modeling phase,
the variables that best explain the target variable of the classification models, their pattern of
behavior in prediction, performance and the degree of importance are identified. The best
classification model is also selected.

Evaluation and distribution phase
It is defined that the selected model is technically correct and adequate, control and
maintenance are planned according to its validity.
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RESULTS AND DISCUSSION

The important categorical variables used in the study have a particular structure due to non-
probabilistic sampling; the imbalance between their categories required regularization to
avoid overfitting in the models.
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Figure 1. Multiple correspondence analysis of categorical variables

According to the Scree plot, 46% of the variance of the data is captured in the first three
dimensions; Dimension 3 is characterized on the “y” axis with the variables age group and
psychological status and on the “x” axis with the variables gender and visual condition, a
strong association is observed between the categories of the “y” axis. A slight negative
association is also observed between the categories: emotionally stable older adult women
and young blind men.

Regarding the discrete variables, which quantify the care in each category of the issue
variable, there is a minimum value of 0, this is because the people in the data set do not
always receive all the categories in the treatment plan. Therefore, in the interpretation of
quantitative analyzes the median metric will be essential.

The multivariate analysis did not clearly show a data pattern, but categories with a high
correlation coefficient were obtained between the number of sessions of: physical preparation
with abacus (0.80), physical preparation with orientation and mobility (0.72), orientation and
mobility with abacus (0.66) and cognitive and manual development with physical training
(0.62); the other categories had correlation coefficients below (0.6); The categories with a
weak correlation coefficient were: cognitive and manual development with Braille (0.26).
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The exploratory analysis of the data carried out so far responds to the objective of knowing
the variables that contribute to the characterization of the treatment plans of Basic Functional
Rehabilitation, however, among them there is no relevant variable for the classification
objective. required; To find the target variable that groups the characteristics of the data set, it
is decided to apply clustering techniques taking advantage of the criteria found for the
relationship between the discrete variables and the association between the categorical
variables: number of abacus sessions and physical training.

elbow method

1 2 3 4 5 6 7 8 9 10
Number of clusters (k)

Figure 2. Optimal level of clusters

The optimal number of clusters found with the Elbow technique was k=2, the amount of
variance explained in the retained dimensions had a balance of inertia close to 5000, the
lowest obtained with respect to the other combinations. The clustering process with Skicit-
learn's K-Prototypes algorithm allowed adding a column called “Cluster” to the data set,
labeling each instance to one of the clusters 0 or 1, thus summarizing the relationship
between the variables involved. ; The differences by cluster are specifically given by the
psychological status variable while gender and visual status are very similar in their densities.
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Figure 3. Distribution of characteristics by cluster

Once the target variable “Cluster” is defined, supervised machine learning algorithms are
used to find the probability that it can or cannot belong to one of these clusters. The selected
classification models handle both types of variables and data with multiple classes, in
addition to improving the results by giving greater precision and avoiding overfitting. The
training variables taken into account in the models are age group, psychological state,
diagnostic code and the Cluster variable.
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Table 1. Results of the classification models
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Metrics Logistic Random Gradient Decision
regression(LR) forest(RF) boost(GB) tree(DT)
accuracy 84.27% 82.07% 83.49% 82.70%
error 39.65% 42.33% 40.63% 41.59%
recall 97% 94% 98% 94%
fl-score 91% 90% 91% 90%
True positives 513 495 516 497
False positives 14 32 11 30
True negatives 86 82 94 80
False negatives 23 27 15 29
Sgggab"'“es "™ Class 0:32.38% Class 0: 16.65% Class 0: 28.48%  Classified in
Class 1: 67.62% Class 1: 83.35% Class 1: 71.51% Class 1

classification

To compare the probability with which the models classify, a test was carried out with the
record of an adult person admitted with High Emotional Burden and admission Diagnosis
B24X (Human Immunodeficiency Virus Disease, without other specification). The
algorithms used induce a single regression tree because the classification is binary (two
classes), the best results are obtained from the Gradient Boosting model which “builds an
additive model in advanced stages by optimizing arbitrary differentiable loss functions” (see
Dangeti, 2017); To make a more reliable estimate of the performance of this model, cross-
validation is performed, obtaining an average score of 0.80, which indicates good
generalization capacity on unseen data; The variable that contributes the most to the
prediction of the model is agegroupdes_Elderly with 32% importance, followed by other
main variables that contribute in a lower percentage: psychologicalstate_Stable with 8%,
disagnosticcode_H540 with 7%, diagnosticcode_H472 with 5%, agegroupdes_Adult with
4%, psychologicalstate_Low Emotional Charge with 3%; This ranking of variables is
consistent with the multiple correspondence analysis in that older adults of any gender and
visual condition, significantly influence the model, are those who probably require the
greatest amount of attention for the Basic Functional Rehabilitation program; The
classification with the admission diagnoses also allows us to identify emotionally stable
women with low vision, with degeneration of the macula and the posterior pole of the eye, as
the people who most frequently require increased attention. On the other hand, and less
frequently, adult blind men with optic atrophy or diabetes and young blind men with optic
atrophy also require increased amounts of care.

Although CRAC's own data have a structure that follows the classification guidelines stated
in the introduction of this article, the training variables used for the model correspond to the
specific categories of therapeutic care in the field of visual disability. For example, the
admission diagnoses used in training the model are approximately 50% of the ICD-10 visual
diagnoses, however, this patient classification method can be useful in any Latin American
country, by preserving the structure of the rehabilitation model taught by the ULAC and
FOAL organizations.
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CONCLUSION

The analysis of the data from the cases treated for several years at the CRAC, provided the
conditions for selecting the supervised Gradient Boosting classification model as the
technically correct and appropriate model to assign the patient's treatment plan in the Basic
Functional Rehabilitation program; Furthermore, the portability of the model makes it
possible for the patient to detect this need from the first care. It is advisable to update the
model at least every two years, because the training variables, especially those of the
admission diagnosis, may or may not be renewed due to different changes in the factors that
affect health.
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