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Abstract

Video consultations and telemedicine play a key role in healthcare. It is crucial to assist institutions in identifying which patients
are more likely to use them, increasing the adoption rate. Even though Artificial Intelligence models are important, certain cases
require a human centric approach to inform patients and doctors, ensuring trust in the tools provided. This can be achieved through
interpretable Machine Learning models and Statistical Analysis. In this paper we show that even though the accuracy of the
Machine Learning models used (Decision Trees, Logistic Regression, and Random Forest) was between 84%-89% on the training
set and 69%-76% on the test set the models lacked good ability to identify the users. Afterwards, additional statistical analysis
evidenced that the main driver to use video consultations in a sample of participations with a higher-than-average education is the
presence of one or more chronic diseases.
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1. Introduction

Video consultations play a significant role for the future of healthcare by solving some of the upcoming healthcare
challenges, as pointed by the European Commission in Europe and the National Academy of Medicine in the United
States of America [1-2]. This technology can improve patient quality and enhance their access to healthcare [1]. During
the COVID-19 pandemic, there was an increase in the use of telemedicine for urgent and non-urgent care visits [3].
During the Covid-19 pandemic there were significant restrictions to access overwhelmed healthcare systems, due to
that, both patients and healthcare providers acknowledged significant benefits of using video consultations [4]. This
increase in Video Consultations during the Covid-19 pandemic was sustained even after it’s end, indicating the
significant role they are currently playing [4-6].

Artificial Intelligence (Al) is a field of knowledge, which combines computer science and advanced statistics to
support problem-solving [7]. Al can be divided in two sub-fields, machine learning (ML) and deep learning [7].

The concept of ML is based on employing computer algorithms capable of recognizing patterns and effectively
training the machine for tasks such as prediction, recommendation, or finding patterns in data. [8].

Deep learning is a newer and more complex approach to Al, that uses deep neural networks. The neural network
begins with an input layer that then progresses to a variable number of hidden layers [7]. As the algorithm of deep
neural networks studies a problem using multiple layers, it can successively refine itself without the need for explicitly
programmed directions [7].

It is a fact that by using deep learning the models usually achieve higher accuracy compared with ML [8]. However,
when using ML it is possible to better understand which are the input variables that have a higher influence on the
output variable [8]. This makes it more useful when we need to understand the reasons why something is happening
and increases the transparency of the model. Therefore, with relatively small datasets and more exploratory studies, a
machine learning approach can still help understand the reason behind a certain behaviour [7]. It is important to note
that some socio-demographic factors affecting patients’ adoption of mobile health tools have been identified [9]. The
key barriers were lack of technical skills (digital literacy), lower income, lower education, and older age [9].

As the use of ML applications in healthcare continues to grow, there is a pressing need for the development of
interpretable models to increase trust among doctors and patients, leading to an increase in their acceptance [10].
However, achieving interpretability is a complex task that must be tailored to the specific application [10]. Considering
the specific data structure related to our study and the healthcare’s interpretability needs, a ML approach best fulfils
the goals of our study compared with deep learning. Predicting behaviors is equally important to understanding the
underlying reasons behind it, in order to achieve informed decision-making and subsequent actions.

This study aims to understand the socio-demographic characteristics of video consultations users in Portugal during
the COVID-19 pandemic by using a machine learning approach.

2. Methodology
2.1. Data Collection

The survey was distributed via e-mail in two institutes of higher education in Lisbon (students from all university
degrees, teachers, and administrative personnel). The survey was answered on-line and asked socio-demographic
questions about the user (age, education, gender, existence of chronic health condition). Additionally, it was also
inquired if the person was a user or not of video-consultations over the past year. Before the participants could answer
the survey, an introduction about the research purpose was provided. Anonymity and confidentiality assurance was
stated to the participants. The participants had to state their agreement to participate in the survey. In total, 346 valid
answers were obtained. It was possible to answer the survey in Qualtrics through mobile phones and computers. The
survey was available between the 27th April 2021 and 2nd May 2021. The first pilot stage was collecting and
reviewing 10 replies to ensure the survey was successful. These were excluded from this analysis.
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2.2. Data Analysis

Google Colaboratory, or Colab for short was used to write python code for ML for this research study. Python
version 3.10.11 and scikit-learn version 1.2.2 were used to train our data with the following ML Algorithms: Decision
Tree  (DecisionTreeClassifier), Logistic ~ Regression  (LogisticRegression), and Random  Forest
(RandomForestClassifier). Additional complementary statistical analysis was done with SciPy version 1.10.1. For
data processing and visualization, the following packages were included: Pandas, NumPy, matplotlib, graphviz and
seaborn.

3. Results

3.1. Descriptive results

Table 1. Sample characteristics

Characteristics Sample (number) Sample (percentage)
Age (mean = 34.8)
[18-34] 224 64.74
[35-49] 22 6.36
[50-64] 77 22.25
>64 23 6.65
Gender
Male 136 39.31
Female 210 60.69
Education
High School completed 23 6.64

Bachelor’s Degree
(on-going or completed)
Master’s Degree
(on-going or completed)

176 50.88

145 41.90

Chronic disease

Has one or more Chronic Disease 61 17.63

Does not have Chronic Disease 285 82.37
Video consultation

User 68 19.65

Non-User 278 80.35

From the participants that answered our survey, 19.7% used video consultations. Literature concerning Portugal
identifies the use of video consultations before Covid as unusual [11]. Guideline recommendations in Portugal
advocate that implementation strategies for the use of video consultations should not aim older populations (>65 years
old) and aim for people with higher digital literacy [11]. By doing this we can provide a useful service to this target
group and make the healthcare system more available to the older people and with less digital literacy skills [11]. This
was the reason for our sampling strategy concerning the target population for this study.

3.2. Multivariate results — Machine learning approach

We used a supervised learning (classifier approach) to identify the users and non-users of video consultations and
the relevant parameters that are associated to the class classification. A total valid 346 questionnaires were collected
and processed. Age will be analysed as a continuous variable, whereas all other variables were classified as nominal
and dummy variables created. Due to the low number of people with PhD (n=2), this class was dropped from the
analysis. For the ML analysis, we split 30% of our data for the test set. The following algorithms were implemented
from scikit-learn in the following sequential order: Decision Tree (DecisionTreeClassifier), Logistic Regression
(LogisticRegression) and Random Forest (RandomForestClassifier). Before running the Logistic Regression
algorithm we implemented from sklearn.preprocessing the MinMaxScaler [8]. Ensembles are methods that combine
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multiple machine learning models to create more powerful and accurate models [8]. One of the most effective models
according to the literature that belongs to this category is Random Forest [8]. Our analysis strategy compromises two
traditional ML algorithms plus a more sophisticated ensemble model, from which we compare the results.

We initially applied the Decision Tree classier using a max tree depth =4, and kept as default the standard
parameters from sklearn.tree — DecisionTreeClassifier. The accuracy of the training data set was 84.3% and the test
data set = 72.1%. If the overall accuracy results seem to be reasonable [8], a simple analysis of the decision tree (figure
1), seems to point-out to a classification issue with the user’s class. A good model should have a good precision as
well as high recall. The F1 score combines both these aspects in one single metric [8]. Particularly more relevant is
the F1 score when there is an imbalance between positive and negative cases, like with our research where we only
have 1/5 of the sample as users [8]. The F1 score for the test data set for non-users was 0.84 and for users was only
0.06 (see table 2). There is clearly an issue to classify the users.

To attempt to improve the results of our Decision Tree classifier from sklearn.model selection we used
GridSearchCV, to finetune our model with the potential best parameters [8]. The best parameters from our grid search
were: {'criterion": 'gini', 'max_depth': 2, 'min_impurity decrease”: 0.5, 'min_samples leaf’: 1}. The accuracy of the test
data set increased from 72.1% to 75.0%. Nonetheless the F1 score for the users is at 0.00. The gain in accuracy resulted
in the model incapacity to classify the users. A more detailed analysis revealed that the approach with the best F1
score (0.06) for users is using the Gini criterion and a maximum tree depth of 4. Without good classification results
for the users with the Decision Tree algorithm the next step is to use the Logistic Regression.

Bigs
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Fig. 1. DecisionTreeClassifier (max tree depth =4). Graphical output elaborated with graphviz package

Logistic Regression was used from sklearn.linear model — LogisticRegression. The accuracy of the training data
set was 82.0% and the test data set was 76.0%. The F1 score for the test data set for non-users was 0.86 and for users
was 0.00 (see table 2). Although Logistic Regression showed a slightly higher accuracy with the test data set compared
to the Decision Tree classifier, the F1 score for the users shows that the model is not effectively capable of classifying
the users.

The Decision Tree classifier showed that it is a better option than the Logistic Regression to classify both classes,
although with very poor results with the users. The Random Forest algorithm acts as an improved version of the
Decision Tree algorithm [8], so we decided to use it to improve the study results. Random Forest algorithm was used
from sklearn.ensemble- RandomForestClassifier. Using the default parameters of the random forest classifier, that
usually work quite well [8], no accuracy improvement was obtained if more than 10 trees were used. The accuracy
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(for 10 trees) of the training data set was 89.3% and the test data set = 69.2%. The F1 score for the test data set for
non-users was 0.81 and for users was 0.11 (see table 2). The Random Forest classifier was able to improve the
classification of the users, still the F1 score is regarded as low for this class.

Table 2. Classification report for the 3 different classification algorithms used.

Precision Recall F1-Score

Decision Tree

Non-Users 0.75 0.95 0.84
Users 0.20 0.04 0.06
Logistic Regression
Non-Users 0.76 1.00 0.86
Users 0.00 0.00 0.00
Random Forest
Non-Users 0.74 0.90 0.81
Users 0.20 0.08 0.11

To better understand which variables influence more the classification in each one of the algorithms, a visual
representation of the features importance for each one is shown in figure 2. Particularly with Logistic Regression is
advisable to drop one dummy variable to protect from the dummy variable trap [8].
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Fig. 2. (a) Decision Tree, (b) Random Forest, (c) Logistic Regression Feature Importance Equations

As a result of creating dummy variables, we obtained Gender I Male and Gender L._Fem, respectively encoding
males and females. DC_L_Yes and DC_L No, for people with or without chronic disease. Education (Edu_L) was
coded, for high school (HSchool), bachelor (Bach), master (Master) and Doctor (PhD).

The Decision Tree and Random Forest algorithms identified Age as being the feature with greatest importance.
Conversely the Logistic Regression identifies DC_L Yes as the feature with the greatest importance. Nonetheless
none of the algorithms did a great work in classifying the users of video consultations.
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As a next step, to better understand the socio-demographic factors that are associated with the use of video
consultations, a more specific analysis between the variables in the data set and their direct interaction with the target
variable (VC) was performed.

SciPy package was used to analyse the relation between the target variable and the nominal variables: gender,
chronic disease, and education. The chi2_contingency test from SciPy was used. The Chi Square test was only
statistically significant for chronic disease (X?(2)=6.196; p=0.045) and an association between having chronic disease
and using video consultations confirmed. Age was regarded as a feature with very relevant importance both in the
Decision Tree and Random Forest algorithms. Nonetheless, the difference between the mean age from the participants
that don’t use video consultations (34.6 years) and use video consultations (35.7 years) is small. The observation of
figure 3 shows a very asymmetrical age histogram, with a very high frequency of both users and non-users between
20 and 30 years old. Mann-Whithey U Test from SciPy was used to compare the ages of users and non-users of video
consultations and, as expected, no statistically significant difference between the two groups was found (U=0.496;
p=0.62).
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Fig. 3. (a) Age histogram. VC 0: non-users and VC 1: users of video consultations, (b) VC use taking into account Age and the existence of
chronic disease (DC_L_Yes)

Additional exploratory analysis was conducted to understand if any further interaction between parameters could
be associated with the use of video consultations (VC). The Decision Tree and Random Forest algorithm identified
Age as the most relevant parameter and the Logistic Regression identified chronic disease. Figure 3(b) visualization
suggests a potential interaction between them. Specifically, if video consultations increase more with age for people
with chronic disease (DC_L_Yes). We used SciPy to test the interaction that was not statistically significant (p=0.277).
Additional analysis using gender and education also rendered non-statistically significant interactions with age.

4. Conclusions

Approximately 20% of the participants that answered our survey mentioned that they used video consultations.
During Covid-19 pandemic the usage increase of video-consultations enabled a better patient access to healthcare
when the healthcare system was overwhelmed [3]. Understanding the socio-demographic characteristics of video
consultations users may help to define specific strategies to promote usage for specific groups with less adoption. Not
only for big and complex data sets ML algorithms are useful, in fact even for research in-progress projects, like our
study, they can be helpful to obtain insights and refine the on-going study [8]. The usage of Al and ML in healthcare
can raise ethical concerns [10]. It is important that the models used are self-explanatory so that the healthcare providers
can understand the actions proposed and explain them to patients [12]. The models should be patient/human centric
and should be able to predict not only if someone is a user or not, but which are the drivers of the outcome [10]. The
overall accuracy of the 3 ML models was acceptable with an overall accuracy between 69-76% in the test data set.
The main issue relates to the ability of the 3 models to classify the users. The Decision Tree and Random Forest
algorithms identified age as being the feature with greatest importance. Conversely the Logistic Regression identified
chronic disease as the feature with the greatest importance. Additional statistical analysis (Chi-Square test) proved an
association of having chronic disease and using video consultations. Although age appeared to be a relevant feature
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for the Decision Tree and Random Forest algorithms, the asymmetrical distribution and high frequency of younger
participants (20-30 years old) potentially hinders the algorithm’s ability to effectively discriminate the users.

From our analysis it is suggested that future on-going research should include a more balanced age distributed
sample, a specific question related to digital literacy [9] and attitudinal questions. Our analysis enabled us to
understand that the main driver to use video consultations in a younger sample of participants with higher-than-average
education is the presence of one or more chronic diseases.
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