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Abstract 

Background: The COVID-19 pandemic has had a global impact. Knowing the variables that affect the increase in 
infection is crucial for public health decision-making. Mobility and socio-demographic conditions of the population are 
important factors in the transmission of the SARS-CoV-2. The objective of this study is to analyze the relationship 
between people mobility, social determinants of health and COVID-19 cases using a Random Forest (RF) method.  

Methods: The COVID-19 cases were analyzed in the Maule Region, Chile. Spearman rank was performed to analyze the 
total mobility index for each municipality. RF regression was used to create a model between COVID-19 infections, 
mobility index and sociodemographic variables. P-value <0.05 was considered statistically significant.  

Results: Total mobility was highly correlated with new COVID-19 cases, adjusted for total population, in each 
municipality (𝝆: 0.52-0.92). An upward trend is observed for mobility and COVID-19 cases for the 30 municipalities 
analyzed. For the RF model, COVID-19 active cases, total mobility, and external mobility are obtained as VIM. The most 
relevant demographic variables were overcrowding, density and area of municipality. The R-Squared was 0.68 for the 
performed RF model.  

Conclusions: Artificial Intelligence methodologies are increasingly used for their excellent performance. RF Regression 
offers a clear solution for the design of predictor variables on the number of new cases per week. Mobility is a powerful 
predictor variable for the number of COVID-19 new cases. 

Keywords: Random Forest; Mobility; Pandemics; COVID-19 

1. Introduction

SARS-CoV-2 is a new type of coronavirus (a broad family of viruses that normally affect only animals) that can affect 
people and causes COVID-19. It was detected for the first time in December 2019 in Wuhan (China). COVID-19 has 
affected multiple countries on all continents. In addition, SARS-CoV-2 is highly infectious and can be transmitted 
through person-to-person contact and through direct contact with respiratory droplets generated when an infected 
person cough (1). The COVID-19 pandemic has highlighted how the disease is deepening in the most vulnerable 
populations with the greatest economic, educational, and social poverty. The social determinants of health are relevant 
to consider for managing the pandemic (2). Furthermore, during the first year of the pandemic it was critical to control 
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the mobility of the population to keep under control the number of new cases, hospitalizations, and patients in critical 
services (3). 

Artificial Intelligence (AI) provides tools for predicting cases and classification systems in epidemiology and medical 
practice. The AI applications has been growing and multiple models have been developed for disease prediction 
considering population risk factors. Some of the most widely used models are Logistic Regression, Decision Trees (DT), 
and Random Forest (RF). An interesting approach is to use Artificial Intelligence methodologies to perform regression 
modelling to provide a comprehensive approach about the COVID-19 transmission. This provides information for make 
decisions in public health issues such as the use of masks, physical distancing, and lockdown of communities. Machine 
Learning methodologies is useful to study the relation between the covariables on the responding variable.  

RF-regressors are regression tree models (Decision Trees), each trained with different subsets of input data, which 
reduces the variance of the predictors and minimizes overfitting. RF-regressors are highly effective at extracting non-
linear relationships from input data while being time efficient. RF models have been used successfully in previous 
studies to predict foodborne disease, dengue, flu, and West Nile virus. For the last two years, RF has been widely used 
in models to forecast COVID-19 cases and to study variables of importance as risk factors (4).  

We aimed to determine how COVID-19 dynamic variables are affected by population mobility and socio-demographic 
indicators using a RF model in the Maule region of Chile. 

2. Material and methods 

2.1. Area of Study 

Chile is one of the most unequal countries in the world in terms of education and socio-economic income. Maule is a 
region located in Chile and it is one of the most vulnerable regions.  In addition, Maule has a population of 1.044.950 
population with 30 municipalities and represents 5,4% of Chile's population. Its area is 30.269 Km2   and the density is 
34,49 inhabitants/Km2. Moreover, the main economic activities in the Maule region are agriculture and viticulture. A 
further concern aspect to consider is the highest poverty index in Maule region. Indeed, 225.728 inhabitants live in 
multidimensional poverty.   

Weekly data, from each of the 30 municipalities from March to November 2020, were used for the statistical analysis. 
The current study analyses the data of COVID-19 rate cases (response variable), deaths by COVID-19, total deaths, and 
mobility. Mobility was measured by the GPS of people's mobile phones.  

The mobility indices consider anonymized data for the period. Anonymized and aggregated telephone records were 
used to estimate the number of trips between municipalities. Based on this, it is important to note that this dataset does 
not give the exact location of the devices but rather the antenna to which it was connected. National and international 
privacy policies were respected. 

Internal mobility index was measured, i.e., when people moved within the municipality. External mobility index was 
also measured, i.e., when people moved between their municipality of residence and another municipality. For the 
demographic and socioeconomic variables, we analyzed the total population (inhabitants), density (inhabitants/ Km2), 
lack of basic services (%), income poverty (%), multidimensional poverty (%), and overcrowding population (%). 
Datasets of cases, mobility and sociodemographic variables were obtained from the Science Ministry of Chile as an open 
source (5). 

3. Methodology of the analysis 

3.1. Spearman Rank 

The Spearman analysis was carried out to determine the relationship between mobility variables and COVID-19 
infections for each municipality in the Maule region. When Spearman’s rank coefficient (𝝆) tends to 1, it means a perfect 
association of rank. Conversely, when Spearman’s rank coefficient tends to -1, it means a perfect negative association of 
rank. There is no association between variables when Spearman’s rank coefficient tends to 0. A p-value <0.05 was 
considered to reject the null hypothesis and accept the alternative hypothesis. 
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3.2. Random Forest  

The RF approach is based on multiple DT whose outcome is considered to classify a sample according to a majority 
voting strategy. The RF method takes the majority class provided by all the individual DTs. To improve the RF 
performance with respect to a single DT, it is necessary that the trees in the ensemble are diverse. On the one hand, to 
achieve this diversity, the training set to design each DT is created by applying bootstrap with replacement. RF is 
performed considering the CART algorithm as well as the Decision Tree. The RF model can be expressed in the following 
equation: 

ℎ̂𝑅1
=

1

𝑞
 ∑ ℎ̂ (𝑥, 𝛩𝑙)

𝑞

𝑙=1

 

Let (ℎ̂ (. , 𝛩1), … , ℎ̂ (. , 𝛩𝑞)) be a collection of tree predictors, with Θ1, . . ., Θq q i.i. random variables independent of 𝐿𝑛 . 

The random forest predictor ℎ̂𝑅𝐹  is obtained by aggregating this collection of random trees. RF Regression was 
performed to study variables of importance and their relation. We obtained the number of trees, Variables of 
Importance (VIM) and R-Squared of the model performed. Data analysis was performed in R Studio, the packages used 
were “RandomForestSRC” to compute RF Regression and “ggRandomForests” for graphical analysis.  

4. Results  

 

Figure 1 Total Mobility Index, External Mobility Index and COVID-19 new cases using LOESS analysis and Spearman 
Rank Correlation. 
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Figure 1 illustrates the evolution of COVID-19 cases and total mobility index in the Maule region by municipalities. There 
is a suggestive association between mobility and COVID-19 cases by municipality in Spearman Rank analysis. Spearman 
rank had a p-value <0.05 in all municipalities for the study of the relationship between total mobility index and COVID-
19 case rate.  

The range of Spearman rank results were (𝝆: 0.41-0.94) for the cities of Vichuquén and Pelluhue, respectively. The 
highest Spearman correlation results were observed in the municipalities of Pelluhue (𝝆: 0.92), Rio Claro ( :0.87) and 
Pencahue (𝝆: 0.85). On the other hand, the  lowest Spearman ratios were observed in the municipalities of Vichuquén 
(𝝆: 0.41), San Javier (𝝆: 0.54) and Linares (𝝆: 0.64). Municipalities with few banking and commercial services, close to 
cities with high-density populations, had a higher rate of external mobility; such as San Rafael, Villa Alegre, and Rio 
Claro. Highly populated cities such as Talca, Curicó, Linares and Cauquenes had the lowest external mobility index. The 
Spearman rank had a p-value <0.05 for all 30 municipalities.  

Random Forecast Regression was performed using 577 data in sample size.  Number of variables tried at each split were 
5, the average of terminal nodes was 73.65 and OBB R-Squared was 0.68. The Variable of Importance (VIM) for this 
model reveals that total mobility index, active cases, external mobility, and internal mobility are relevant to follow up 
during the pandemics. Regarding demographic variable, best performance was assigned for overcrowding population, 
density, surface, and income poverty. The regression model created with Random Forest sorted and prioritized the 
variables according to VIM.  

Variable dependence plots illustrate the predicted response as a function of a covariate of interest, in this case, COVID-
19 rate cases.  Each observation is represented by a point on the plot and each predicted point is an individual 
observation, they dependent on the full combination of all other covariates such as mobility and sociodemographic 
topics. COVID-19 active cases show an upward curve that starts to stabilize after 200 active cases. In contrast, internal 
mobility and external mobility have a continuous upward behavior with respect to the caseload rate. Population 
overcrowding, municipality area and overcrowding have an ascending behavior as well as caseload but with a more 
moderate curve. 

Random Forest model was used to estimate the regression of the COVID-19 case rate and the dynamic variables of the 
pandemic and demographics of the Maule region. A.1 The lowest error rate (555939.1) is obtained with 180 trees.  A.2 
Variable of Importance (VIM) for Random Forest Model. Most important variables are active total mobility index, active 
cases, extern mobility index and intern mobility index. B. Variable Dependence for COVID-19 rate cases in Maule Region. 
Graphs variables are sorted by VIM. Acronyms: Total Mobility Index (MI), External Mobility Index (External MI), Internal 
Mobility Index (Internal MI). 

 

A.1 A.2 
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B 

Figure 2 Random Forest Regression for COVID-19 rate cases in Maule Region. 

5. Discussion 

In the period of the data studied, the Ministry of Health applied different sanitary measures such as mandatory use of 
masks, physical distancing, and municipality lockdowns. In 2020, there were still not commercially available and 
approved vaccines to be used in the Chilean population. Monitoring mobility trends or corresponding variables could 
potentially inform mitigation measures towards slowing the spread of COVID-19. It can help to forecast the fast growth 
phase of COVID-19 pandemics considering demographic and socioeconomics variables for municipalities or regions. In 
the current research, RF was performed as a regression model to understand the relation of several variables such as 
mobility, COVID-19 deaths, active cases, socioeconomical factors and COVID-19 new cases. 

Mobility and the dynamic of epidemic spread vary quite widely in many aspects. The growth and lag dynamics are 
different across different time scales such as days, weeks, or months. Mobility is highly correlated with the increase in 
the rate of COVID-19 infections per municipality. Hence the importance of quarantines in the early stage of the 
pandemic; total mobility, active cases, external mobility, and internal mobility are the most relevant variables in VIM in 
the RF model used. Similar situations were observed in the studies in the Americas, Europe, and Africa (6–8). Larger 
and more populated cities have a lower external mobility index when the index is adjusted for population size. The 
variables of demographic importance that performed best in the model were household overcrowding, land area, 
density, and income poverty.  

Limitations 

This study uses RF to explore a novel relationship between mobility, sociodemographic factors, and COVID-19 infection 
rates for the Maule region in Chile. The model studied was focused on a single place in Chile, the Maule Region. In 
addition, outliers could generate a high variance in the model. This is difficult to manage in such a long time series. 
Moreover, this study does not consider other factors like lockdown strategies, cases of concerned COVID-19 viruses and 
population age. There are several factors that could be considered in future models or projections. 

The mobility data considers the distance that people move, but it leaves out the number of trips of the population. 
Finally, Socio-demographic factors could have been more clearly related in the model if the data were assigned to each 
case. 

6. Conclusion 

The COVID-19 pandemic has implied an additional effort in governments and healthcare centers to keep it under 
control.  AI could be a useful tool because provide results with high performance. In this research case, Random Forest 



World Journal of Advanced Research and Reviews, 2023, 17(01), 531–536 

536 

methodology was used to generate a regression model and classify the variables with the greatest importance in the 
appearance of new cases of COVID-19 in each commune per week. We found high correlation between total mobility 
index and COVID-19 cases for each municipality of the Maule region in non-parametric analysis. Random Forest Model 
reveals that the variables of importance for the model were active cases, total mobility index, intern mobility index and 
extern mobility index. 
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