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Abstract 

Since the beginning of the COVID-19 pandemic, countries worldwide have 

implemented a set of Non-Pharmaceutical Interventions (NPIs) to prevent the 

dissemination of the pandemic. Few studies applied machine learning models to compare 

the use of NPIs, socioeconomic and demographic characteristics, and cultural dimensions 

in predicting the reproduction rate Rt. We adopted the CRISP-DM methodology using as 

data sources the “Our World in Data COVID-19”, the “Oxford COVID-19 Government 

Response Tracker” and the Hofstede Insights data. We analysed the impact that the 

Hofstede's cultural dimensions, the implementation of various degrees of restriction of 

NPIs and the sociodemographic variables may have in the reproduction rate by applying 

machine learning models to understand whether cultural characteristics are useful 

information to improve reproduction rate predictions.  

We included data from 101 countries to train several machine learning models to 

compare the results between the models with and without the Hofstede's cultural 

dimensions. Our results show the use of cultural dimensions helps to improve the models, 

and that the ones that obtained a better prediction of the Rt were the ensemble models, 

especially the Random Forest. 
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1. Introduction 

At the end of 2019 in China, the first cases of infection by coronavirus 2019 (COVID-

19) (1,2) were identified, generating unprecedent socioeconomic disturbances on a global 

scale throughout the following months (3,4). On the 30th of January of 2020, the World 

Health Organization (WHO) declared the COVID-19 as a Public Health Emergency of 

International Concern (1,3,5). Then, the world faced a global health crisis in which the 

development of new variants of the coronavirus that cause COVID-19 further aggravates 

the infection rate (6).  

In this context, mathematicians developed a measure to calculate the number of 

effective reproduction also known as the Rt which “is defined by the expected number of 

secondary cases arising from a primary case infected at time t” (7), i.e., to measure the 

rate of transmission of an infectious COVID virus in a population (8). This new method 

estimates the Rt in real time, which constitutes an important measure in infectious COVID 

epidemiology by reflecting several factors such as control measures, contact rates and 

climatic conditions (9).  

Meanwhile, non-pharmaceutical interventions (NPIs) measures have been 

implemented by countries worldwide with the aim of lowering new cases and new 

fatalities (2). NPIs refer to a wide range of top-down measures which are promoted by 

governments and bottom-up measures that refer to each citizen self-initiated behaviours 

who aim to interrupt the chains of infection by changing key aspects of human behaviour 

(10). In our study, we look at NPIs from the top-down point of view which corresponds 

to the implementation of NPIs established by the governments for each country 

throughout the COVID-19 pandemic months. By identifying the most effective NPIs, it 

is possible for stakeholders to implement a selection of key measures in a timely manner 

to fight COVID-19 or other future pandemics (11,12). In addition to the impact of the 

NPIs, considering socioeconomic and cultural factors can be an asset to identify 

vulnerable cultural minority groups that become a hotbed of infection by COVID-19 in 

order to address their needs and then also to mitigate the spread of the virus (13,14). Tang 

and colleagues (2022) (15) provide an exploratory analysis of the political, social, 

economic and cultural factors affecting how different global regions initially reacted to 

the COVID-19 pandemic. These authors argue that both government as well as 

population-related factors can contribute to success or failure in managing a pandemic. 

Particularly, the level of government trust by their country populations and of pandemic 

tiered preparedness have influence in a pandemic management outcome.  



 
 

Several factors can affect the risk of transmission of COVID-19 including 

demographic, economic, and environmental characteristics (1,2,16-22). In addition to 

these factors the underlying culture of each society can also influence the impact of NPIs 

since, it can influence the collective responses of a group of individuals in their 

environment (23). To date very few studies (24, 25) applied machine learning models to 

compare the use of NPIs, socioeconomic and demographic characteristics, and cultural 

dimensions in predicting the reproduction rate. Zehtabian et al. (25) apply and compare 

four learning-based models, using 12 NPIs for predicting the average of 7-day daily new 

cases in a particular area. These authors also use Hofstede's cultural dimensions and argue 

that the severity and implementation of the NPIs measures were determined not just by 

the progress of the pandemic, but also by regional political developments, prevailing 

attitudes, and influential individuals shaping public discourse. They also defend that 

including information about the culture of the modelled region, along with traditional 

mathematical models and modern deep learning architectures, can enhance the accuracy 

of short-term predictions. Yeung et al. (2021) (24) used machine learning techniques with 

the goal of predicting COVID-19 confirmed infection growth (CIG) over 14 days 

considering NPIs and Hofstede's cultural dimensions. This work by Yeung and colleagues 

in 2021 showed that both Random Forest and AdaBoost regression techniques could 

potentially forecast the 14-day growth rate of confirmed COVID-19 infections. The 

novelty of our work is to predict the Rt, that reflects the anticipated quantity of subsequent 

infections stemming from an initial case that became infected at a specific point in time 

t, instead of the CIG, and combine Rt with cultural dimensions, socioeconomic and 

demographic variables and, also the restriction degree of NPIs. In this sense, the research 

question we propose to answer with our research is the following: Can cultural 

characteristics be useful information for predicting the Rt? with the objective to analyse 

the influence of cultural dimensions to improve the Rt evolution predictions. In this study 

we use data from 101 countries from March 2020 to May 2021 for testing several machine 

learning models with and without the Hofstede’s cultural dimensions (26) so that we can 

compare the results. This study contributes to existing literature by measuring how the 

cultural context inherent to each country affected the way citizens reacted to the havoc 

caused by the pandemic spread worldwide throughout 2020 and 2021 relate to Rt. By 

including each country’s cultural dimensions together with the already studied features 

related to NPIs and social and demographic indicators, the models developed in our study 



contribute to a better understanding if a country’s citizens collective culture played a role 

in the pandemic dissemination. 

The remainder of the paper is organised as follows: firstly, a literature review is 

presented, then the methodology we used is explained, followed by the results and 

discussion. Finally, we present our conclusions, which include the limitations and future 

work. 

 

2. Related work: NPIs and culture dimensions impact in COVID-19 

Guan et al., (2020) (27) show collective culture-oriented actions and norms in response 

to the pandemic of COVID-19 will serve as a top-down influence on the individual 

behaviours of its members, and governments for each country must carefully balance 

collective and individual interests as well as effectively manage the trade-offs of social 

control and individual freedom to achieve the best outcomes for the public. Furthermore, 

according to Silva et al., (2021) (28) the social and clinical experience with COVID-19 

will leave lasting marks on society and in the healthcare systems, from Latino cultural 

habits (e.g. proximity, greeting by kissing) to changes in the configuration of the 

healthcare systems, leaving hospitals for more complex clinical situations and providing 

healthcare institutions with diagnostic and therapeutic means that avoid systematic 

recourse to hospital emergencies  

Hoepner et al. (2023) (29) statistically analyse the impact of NPIs on the effective 

reproductive rate of COVID-19 and found out that stay-at-home orders and other extreme 

NPIs appear to have only marginal effectiveness, while financially motivated measures 

such as debt relief and income support show a greater degree of effectiveness. They also 

point out that the effectiveness of NPIs, which typically aim to limit and control 

population movement, may also be influenced by cultural, societal, and economic factors 

in a given region. 

Culture refers to a system of values that are shared and the collective practices that 

distinguish one society from another (26). Hofstede (2011) (30) presents six dimensions 

that represent a country’s culture: 

1. Power Distance, referring to the different solutions to the basic problem of human 



 
 

inequality. Citizens in countries showing a large power distance seem to accept 

more easily a hierarchical order in which everybody has its place, and which 

requires no further justification, while in countries exhibiting low power distance, 

societal forces are under strain to try to balance the distribution of power and plead 

justification for inequalities of power; 

2. Uncertainty Avoidance, related to the level of stress in a society in the face of an 

unknown future; 

3. Individualism versus Collectivism, with the former denoting societies where 

each individual is supposed to lookup for himself/herself and direct family only, 

versus collectivist societies where people integrate into larger groups that are 

supposed to take care of the whole group, to which their members are loyal; 

4. Masculinity versus Femininity, where the former indicates a society that is 

driven by success, rather than by values related to attaining a sustainable quality 

of life; 

5. Long Term versus Short Term Orientation, relating to the choice of focus for 

people's efforts: the future or the present and past; 

6. Indulgence versus Restraint, related to the gratification versus control of basic 

human desires related to enjoying life. 

Lu et al., (2021) (31) state that culture fundamentally shapes how people respond to 

crises such as the COVID-19 pandemic and plays an important role in mask usage. 

According to Gelfand et al., (2021) (32), people in loose cultures, which have weaker 

norms and are much more permissive, had less fear of COVID-19 than people in tight 

cultures, which have stricter rules and punishments for deviance. 

Erman & Medeiros (2021) (33) emphasise that during the initial period of the 

pandemic policy makers should more explicitly consider the cultural attributes of a 

society along with other important parameters such as demographic characteristics and 

healthcare system constraints in order to develop more tailored and effective policy 

responses.  



Some studies already included Hofstede's cultural dimensions along with NPIs to 

study their impact on the pandemic. In particular, they have focused on data from the first 

wave of the pandemic. Wang (2021) (34) combined government policies and national 

culture to explain their influence on social distancing which showed that, the stringency 

index (a composite measure based on nine response indicators such as school closures, 

workplace closures, and travel bans, rescaled to a value from 0 to 100, where 100 

represents the strictest response), and Hofstede’s cultural dimensions long-term 

orientation and indulgence significantly and negatively affect social distancing (35). On 

the other hand, in Gokmen et al., (2021) (36) national cultural dimensions of 31 European 

countries were related to the rise in the total number of COVID-19 cases per million and 

obtained that power distance has a significant and negative effect while, individualism 

and indulgence have a positive and significant effect. The later result diverges from the 

previous study in which indulgence decreased social distance.  

Guss & Tuason (2021) (37) show that the higher the GDP per capita, the higher the 

number of COVID-19 deaths, and also that countries with high individualistic values and 

high intellectual autonomy were associated with a higher number of COVID-19 deaths, 

while countries with higher collectivistic values were associated with fewer COVID-19 

deaths.  

Luu & Huynh (2020) (38) studied the impact of the cultural factor on complying with 

social distancing measures, obtaining that countries with high uncertainty avoidance 

prognosticate the lowest proportion of people gathering in public (e.g., retail and 

recreation, grocery and pharmacy, parks, transit stations, workplaces). 

Although previous studies (e.g., Wang (2021) (34)) indicate that culture impacts 

NPIs, governmental strictness has a higher impact on social distancing than national 

culture since people may drop their guard due to exhaustion with social distancing rules 

after living for a long time under the COVID-19 pandemic restrictions. 

Zehtabian et al., (2022) (25) tested four machine learning models to predict the 

number of people infected on a given day of the pandemic in a given area. For this, in one 

of the models tested Hofstede's cultural dimensions were used as input, however, the 

authors state as a limitation that there was no method to rigorously incorporate the cultural 

dimensions.  



 
 

The work of Xie et al., (2022) (14) considers internal characteristics (economic and 

cultural characteristics) and external variables (government interventions) to train a 

machine learning back propagation (BP) neural network model with the objective of 

creating a model to predict risk perception of the Chinese population towards an event 

and for this, the COVID-19 pandemic is used as one of the events. 

 

Table 1 shows the studies found during our literature analysis in which the authors 

consider cultural dimensions to understand their impact on the evolution of the pandemic 

and the implementation of the NPIs. The period of the data to which the study refers is 

clearly identified, when it is provided by the corresponding publication (second column 

of Table 1). The studies available focus on the early period of the pandemic and include 

different COVID-19 dependent variables such as total COVID-19 cases per million, the 

growth of confirmed COVID-19 infections, and the number of COVID-19 deaths. They 

mostly applied regressions’ analysis with the aim of understanding the impact of culture 

on the evolution of COVID-19. Zehtabian et al., (2022) (25) combine the Oxford Covid-

19 Government Response Tracker (OxCGRT) data on NPIs with the Hofstede cultural 

dimensions to predict the average of 7-day daily new cases, using LSTM (long short-term 

memory) and transformer encoder multihead attention (TEMA). However, as the authors 

state, their results were limited due to not being able to use the cultural dimensions 

rigorously and the sophisticated machine learning TEMA models are not making a 

decisive difference in prediction accuracy.  
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Table 1: Previous studies that consider cultural dimensions when analysing COVID-19 data 

Reference Period Countries Objective Datasets Features types used Method Results 

Gelfand et 
al., (2021) 
(32) 

Beginning of 
the pandemic 
to Oct 16th, 
2020 

57 
countries 

Examine the association between the 
strength of social norms and the 
number of cases and deaths in COVID-
19 

• Our World in Data 
• OxCGRT 
• Hofstede Insights 

• COVID-19 measures 
• Socioeconomic measures 
• Hofstede dimensions 

Ordinary least 
squares regression 

Tight groups cooperate much faster under 
threat and have higher survival rates than 
loose groups 

Erman & 
Medeiros 
(2021) (33) 

First wave of 
the pandemic 

73 
countries 

Explore the global variability of public 
health outcomes during the first wave 
of the pandemic 

• WHO Global Health 
Observatory Data 
Repository 
• Hofstede Insights 

• Socio-demographics  
• Health system capacity 
• COVID-19 measures  
• Cultural dimensions 
• Political dimensions 

Random-effects 
meta-analysis 
models 

Cultural attributes do account for some of the 
global disparities in COVID-19 attributed 
health outcomes 

Gokmen et 
al., (2021) 
(36)  

N/A 31 
European 
countries 

Investigate the impact of national 
cultural dimensions on the increasing 
rate of the total COVID-19 cases per 
million (IRTCCPM) 

• Our World in Data;  
• VHD European 
countries; 
• Hofstede Insights 

• COVID-19 measures: cases; 
• Hofstede dimensions: power 
distance and collectivism 

Explanatory 
modelling 

Power distance has a significant and negative 
effect on IRTCCPM whereas, individualism 
and indulgence have significant and positive 
effects on IRTCCPM 

Wang 
(2021) (34) 

First wave of 
the pandemic 

80 
countries 

Assess the impact of national culture 
and government policies on social 
distancing to fight COVID-19 

• OxCGRT 
• Hofstede Insights 
• Google mobility 
reports 

• COVID-19 measures 
• Hofstede culture dimensions 
• Google Community Mobility 
Reports 
• Socio-economic measures 

Linear regression Social distancing decreases with long-term 
orientation and the opposite is true for 
indulgence 

Yeung et 
al., (2021) 
(24) 

April 1st to 
September 
30th, 2020 

114 
countries 

Predict the national growth of 
confirmed infections growth in 
COVID-19 (CIG) across 14 days 

• OxCGRT 
• Hofstede Insights 
• Johns Hopkins 
University dataset 

• NPIs measures 
• Current infection numbers 
• Hofstede cultural dimensions 

Ridge, decision 
tree, random forest, 
AdaBoost and SVR  

Non–time series machine learning models can 
predict future CIG to an appreciable degree of 
accuracy 

Luu & 
Huynh 
(2020) (38) 
 

February 16th 
to March 29th 
2020 

58 
countries 

Examine the role of the cultural 
dimensions in practising social 
distancing across the world 

• Google 
• Hofstede Insights 

• Social distancing taking place in 
various locations 
• Hofstede cultural  
dimensions 

Ordinary Least 
Squares regression 

Countries with higher uncertainty avoidance 
index predict the lower proportion of people 
gathering in public 

Güss & 
Tuason 
(2021) (37)  

July 14th to  
December 
29th, 2020 

75-76 
countries 

Study culture values impact in deaths 
by COVID-19  

• Johns Hopkins 
University dataset       
• Hofstede Insights 
• World Health 
Organization dataset 

• COVID-19 measures 
• Socioeconomic and 
demographical measures 
• Hofstede cultural  
dimensions 

Regression  
analyses 

Countries with high GDP per capita, high 
individualistic values and high intellectual 
autonomy were significantly and consistently 
associated with high numbers of COVID-19 
deaths 
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Zehtabian et 

al., (2022) 

(25) 

January 2020 

to end of 

December 

2020 
 

N/A Test four alternative learning-based 

models (using LSTM and TEMA) to 

predict the number of infected people 

in a given day of the pandemic in a 

particular area 

• OxCGRT 

• Hofstede Insights 

• XPrize Pandemic 

Response Challenge 

dataset 

• NPIs measures  

• Hofstede cultural dimensions 

• Geographical region 

Long short-term 

memory networks 

(LSTMN) 

Susceptible-

infectious-removed 

model 

The short-term forecasts have been improved 

with the addition of the cultural component in 

the models tested by the authors nevertheless, 

the accuracy of the medium-term forecasts is 

still very low 

  



 

3. Methodology 

The methodology we used is the CRoss-Industry Standard Process for Data Mining 

(CRISP-DM). The CRISP-DM methodology defines a non-rigid sequence of six phases, 

which allow the construction and implementation of a Data Mining model to be used in 

a real environment (39). The Figure 1 summarizes the CRISP-DM methodology we 

applied in our study. 

 

 
Figure 1: CRISP-DM methodology 

Initially, we started by identifying a problem recognised during the literature review 

in the scope of the impact of the NPIs. In countries considering their cultural differences 

more specifically, throughout our literature review to date we found no studies that apply 

machine learning models to compare the use of NPIs, socioeconomic and demographic 

characteristics, and cultural dimensions in predicting the reproduction rate (Rt). Existing 

studies, and in particular Yeung et al., (2021) (24), consider the impact of NPIs and 

cultural dimensions with COVID-19 cases, deaths and CIG14 (24).  

In the business understanding phase, we started by collecting the data at its sources 

where we gathered daily data of COVID-19 and NPIs implemented considering their 

degree of restriction throughout the pandemic from March 2020 to May 2021. Data on 

cultural dimensions were also considered to understand the cultural differences of the 

countries. The data related to COVID-19 was obtained from the Our World in Data 

COVID-19 dataset1.  

                                                             
1 https://ourworldindata.org/coronavirus-source-data 



 

NPIs data for COVID-19 was obtained using the Oxford COVID-19 Government 

Response Tracker (OxCGRT)2. From this dataset NPI related information of COVID-19 

was collected. The NPIs’ policy values are ordinal measures that associated values are 

integers between 0 and 5, which represent the restriction degree of the given measure. 

The cultural characteristics’ data were obtained from the Hofstede Insights3 website 

which includes a score ranging from 0 to 100 for each of the six cultural dimensions: 

power distance, individualism, masculinity, uncertainty avoidance, long term orientation 

and indulgency. 

After extracting and loading the data, we proceed to its preparation by cleaning its 

null values and removing variables which are not relevant to this study. As so, the dataset 

was refined by eliminating redundant and uninformative features. This included removing 

country codes, total and cumulative values, and variables with significant missing data. 

Additionally, features like gender-specific smoking rates, extreme poverty indicators, 

diabetes prevalence and cardiovascular mortality rates were excluded due to very limited 

data availability for these features. Our approach to cleaning the Rt dataset establishes a 

baseline while preserving the unique characteristics of each country.  

In the Our World in Data dataset we removed a total of 42 features (Table 2) such as 

the ISO code because the name of the country is the variable that identifies the COVID-

19 data origin and is the feature used to merge the datasets. We decided to remove features 

that represented total, rounded and weekly values in order to allow for cross-country 

comparisons. We also decided to rename the feature location to country to standardize 

this feature for later merging the datasets. Additionally, there were Rt negative values 

which should be positive so we replaced with their absolute value. Regarding the missing 

values, we decided to remove the rows that had no value associated such as population, 

population density, median age, people aged 65 or older, GDP per capita, hospital beds 

per thousand, life expectancy, human development index and stringency index. In relation 

to the reproduction rate variable, the initial values are null because we assumed there was 

no data for each country yet, so we replaced them with 0 until there was registered data, 

whereas after the first appearance of a value the next null values that appear are replaced 

by the average Rt value for that country.  

Additionally, we have removed the global scale values from the dataset since we want 

to do an analysis per country. 

                                                             
2 https://github.com/OxCGRT/covid-policy-tracker/blob/master/documentation/interpretation_guide.md 
3 https://www.hofstede-insights.com/country-comparison/ 



 

The tools chosen to perform these activities were Python4 as the programming 

language and the Jupyter Notebook5 platform.  

 
Table 2: Cleaning Our World in Data Dataset 

Cleaning Our World in Data Dataset Features 

Removed features A total of 42 features – e.g., iso_code, tests_units 

Renamed features location → country 

Negative values Replaced negative values with abs() 

Missing values 

 

Replaced initial missing values with 0 and after the first 
non-null value replace them with the mean of those values: 

• new_cases_per_million                  
• new_deaths_per_million                 
• reproduction_rate                      
• icu_patients_per_million                
• hosp_patients_per_million             

Removed countries where socioeconomic and demographica
l features are missing: 

• population                                
• population_density                       
• median_age                               
• aged_65_older                            
• gdp_per_capita                           
• life_expectancy                          
• human_development_index                  

 

From the Oxford dataset (Table 3), we removed features that were of no interest for 

the analysis such as the country code, flag and initial note. The "CountryName" feature 

was renamed to country for the purpose of later merging the datasets. In this dataset there 

were missing values in the "end date" and in the "policy value". In this sense, after 

analysing the data, the lines that had the NPI end date ("EndDate") set to null refer to 

NPIs that were implemented and still in force and, therefore, these missing values were 

replaced by the date of the dataset extraction. Regarding the "policy values" with no value 

we decided to remove them as they would not be useful data for our analysis. 
Table 3: Cleaning Oxford Dataset 

                                                             
4 https://www.python.org/ 
5 https://jupyter.org/ 



 

Cleaning Oxford Dataset Features 

Removed features CountryCode, Flag, InitialNote 

Renamed features CountryName → country 

Missing values Removing PolicyValue missing values 
EndDate filled with the current date  

 

In the Hofstede Insights dataset (Table 4) we removed some features with metadata 

information such as the "adjective" and the "slug" as well as features with useless 

information to our work such as the "id" and "ivr". We also decided to rename the "title" 

to "country" and the cultural dimensions by their long name instead of their short name. 
Table 4: Cleaning Culture Dataset 

Cleaning the Culture Dataset Features 

Removed features id, slug, adjective, ivr 

Renamed features title : country, pdi : power_distance, idv : individualism, 
mas : masculinity, uai : uncertainty_avoidance, lto : 
long_term_orientation, ind : indulgence 

Removed rows with missing values Qatar and Tunisia 

 
After cleaning and combining the data we obtained a dataset of 101 countries with 

data between March 2020 and May 2021.  

This dataset is composed of variables values related to COVID-19 and the NPIs in 

which each row represents the variable’s value per day. It also includes the variables 

related to the socioeconomic and demographic characteristics, and as well the Hofstede’s 

cultural dimensions in which each row represents the cultural values for that specific 

country. We can observe these variables in Table 5.  

 
Table 5: The characterization of the datasets with their final features  

Features Type Features 

COVID-19  Reproduction rate (Rt) 

 



 

Socioeconomic and demographic Population 

Population density 

Median age  

Aged 65 older  

GDP per capita 

Life expectancy 

Human development index 

NPIs Stringency index 

Testing policy  

School closing  

International travel controls 

Public information campaigns 

Protection of elderly people  

Contact tracing  

Workplace closing  

Stay at home requirements  

Cancel public events 

Restrictions on gatherings 

Restrictions on internal movement 

Debt/contract relief 

Income support 

Facial Coverings 

Vaccination policy 

Close public transport 

Hofstede’s cultural dimensions Power distance 

Individualism 

Masculinity 

Uncertainty avoidance 

Long term orientation 

Indulgence 

 

 

We used the data from all the 101 included countries of our dataset to train several 

machine learning models so that we could verify the impact of cultural dimensions in the 

prediction of the reproduction rate. 



 

Through these models we aim to assess whether there is an improvement of the 

models with the addition of Hofstede's cultural characteristics in predicting the Rt. For 

data normalization we used the StandardScaler procedure which is one of the most used 

techniques in machine learning in which the features are normally distributed with a mean 

value close to 0 and a standard deviation of 1 (40). After normalizing the data, we selected 

the features for the machine learning models from the dataset we obtained after the data 

preparation phase. Thus, we tested two data selection methods: correlation and mutual 

information (MI). Through correlation analysis and MI results, we validated the relevance 

of the features, provided insights into variable interactions, and reduced dataset noise. 

Figure 2 shows the correlations of all independent variables with the Rt. We can 

observe that one of the most relevant correlations with the reproduction rate we obtained 

was a weak negative correlation with the facial coverings NPI (-0.16). We also obtained 

other correlations close to 0.10 and -0.10 such as, human development index (0.09), 

vaccination policy (-0.09), new deaths per million (-0.08), median age (0.08), life 

expectancy (0.08) and uncertainty avoidance (0.07). 

Although individually each of these variables did not obtain a relevant linear 

correlation with the target Rt, this does not mean that all these variables are not important 

to train the predictive models. For this reason, it was decided to explore nonlinear 

correlations using MI. 



 

 
Figure 2: Features correlation with Rt 

MI is used as a criterion to select the best input variables (from a set of possible 

variables) for the long-term forecasting objective, in other words, between two variables, 

say X and Y, it refers to the amount of information obtained from X in the presence of Y, 

and vice versa (41).  



 

This dependency measure can capture linear as well as nonlinear dependencies but it 

does not capture multivariate dependencies or indicate collinearity between features (24). 

Accordingly, we use the Python package ennemi6 based on MI (42). In Table 6 we can 

observe that all features obtained a MI score above 0.10. The features that obtained the 

highest correlation were the socioeconomic and demographic ones such as population 

size, GDP per capita, portion of the elderly population (older than or equal to 65 years), 

population density, average life expectancy, human development index and average age 

with values ranging from 0.25 to 0.29. Then the features that obtained the highest 

correlation were the cultural dimensions of long-term orientation, indulgence, power 

distance, individualism, masculinity, and uncertainty avoidance with values between 0.18 

and 0.21. Finally, NPIs such as close public transport, facial coverings, income support 

and the restriction index obtained correlations between 0.10 and 0.27. 

Through the analysis of these results, we can argue that in addition to the 

socioeconomic and demographic dimensions, the Hofstede's cultural dimensions are 

relevant to help predict the Rt value. Regarding the NPIs, these values can be explained 

due to the volatile nature of their values, as there are countries that rarely change them 

(e.g., Brazil) as opposed to countries that do it regularly (e.g., Portugal).  

Yeung et al., (2021) (24) state that all features are important to be considered in the 

machine learning models because features are selected if they achieve MI greater than 

0.10. Therefore, we consider all NPIs, socioeconomic and demographical features and 

Hofstede's cultural dimensions. 

 
Table 6: Mutual Information score 

Feature Score 
Stringency index 0.27 

Population 0.29 
Population density 0.28 

Median age 0.26 
Aged 65 older 0.29 
GDP per capita 0.29 

Hospital beds per thousand 0.25 
Life expectancy 0.28 

Human development index 0.27 
H2: Testing policy 0.12 
C1: School closing 0.11 

C8: International travel controls 0.12 
H1: Public information campaigns 0.17 

                                                             
6 https://github.com/polsys/ennemi 



 

H8: Protection of elderly people 0.10 
H3: Contact tracing 0.13 

C2: Workplace closing 0.13 
C6: Stay at home requirements 0.11 

C3: Cancel public events 0.14 
C4: Restrictions on gatherings 0.11 

C7: Restrictions on internal movement 0.10 
E2: Debt/contract relief 0.11 

E1: Income support 0.12 
H6: Facial Coverings 0.15 

H7: Vaccination policy 0.15 
C5: Close public transport 0.11 

Power distance 0.18 
Individualism 0.19 
Masculinity 0.18 

Uncertainty avoidance 0.18 
Long term orientation 0.21 

Indulgence 0.21 
 

In order to evaluate the applied models, we apply three error metrics (43): 

• The Mean Absolute Error or MAE measures the average of the sum of absolute 

differences between observation values and predicted values. 

• The Mean Squared Error or MSE measures the average squared difference 

between the estimated and true values. 

• The Root Mean Squared Error or RMSE is a monotonic transformation of the 

MSE that corresponds to its root. 

 



4. Results

We tested several machine learning models to compare the results of data from 101

countries where each row contains the value of the Rt per day in a particular country. 

Table 6 shows all the features used for the models. We used the following tree types of 

models for predicting the Rt: linear models, nonlinear models, and ensemble models.  

Due to their simplicity and low complexity, linear regression models are among the 

most fundamental and widely used techniques to model and predict the behaviour of 

massive data flows (44). The linear regression models we applied are the Linear 

Regression, Least Absolute Shrinkage and Selection Operator (LASSO), Ridge 

Regression, Elastic Net, Huber Regression, Least-Angle Regression (LARS), Passive 

Aggressive Regressor, and the Stochastic Gradient Descent (SGD) Regressor.  

In general, nonlinear regression models are similar to linear regression models, where 

an important difference from nonlinear regression models is that the number of regression 

parameters is not necessarily directly related to the number of independent variables in 

the model (45).  

In this study, we apply four nonlinear models: K Nearest Neighbours Regression 

(KNN), Decision Tree Regression, Extra-Tree Regression and Support Vector Regression 

(SVR).  

Ensemble models aim to combine several models to improve the prediction accuracy 

in learning problems with a numerical target variable (46). For example, a Random Forest 

Regressor is an ensemble of Decision Trees. The ensemble models we used are the 

following: AdaBoost, Random Forest, Extra-Trees Regressor, Gradient Boosting and 

Extreme Gradient Boosting (XGBoost).   

Table 7 shows that the results of the models improved with the addition of Hofstede’s 

cultural dimensions. Comparing the results of all the models we can state that the linear 

models are the ones with the highest errors. This is explained by the fact that the data does 

not follow a linear trend, which can be seen through the correlations obtained in the 

heatmap (Figure 2).  

Although the linear models were those with the worst results, the ones that applied 

the Huber regression obtained the lowest MAE error of 0.22292 with the use of the 

Hofstede's six cultural dimensions and an error of 0.22379 without them. Linear and 

Ridge regression both showed the lowest MSE of 0.11174 with the cultural dimensions 

and an error of 0.11329 without them.  



 

Also, previous models both showed the lowest RMSE of 0.33427 with the cultural 

dimensions and 0.33659 without the cultural dimensions. In the nonlinear models the 

error values obtained are significantly better, which confirms the nonlinearity of the data, 

justifying the use of MI for the feature selection stage.  

Comparing the nonlinear models, the Decision Tree regressor was the method that 

obtained the best results for the three metrics: a MAE of 0.08628 with the cultural 

dimensions and an error of 0.08603 without them; a MSE of 0.02122 with the cultural 

dimensions and an error of 0.02127 without them; and a RMSE of 0.14569 with the 

cultural dimensions and an error of 0.14584 without them.  

Finally, we tested the ensemble models which performed even better compared to the 

nonlinear models, as expected. The model with the lowest error was the Extra-Trees 

regressor with a MAE of 0.08596, a MSE of 0.02088 and a RMSE of 0.14451 without 

considering the use of the cultural dimensions. These results further improve with the use 

of the cultural dimensions, being the Random Forest regressor the best model with a MAE 

of 0.08575, a MSE of 0.02077 and a RMSE of 0.14412.  
  



 

Table 7: Machine learning models error results, with and without the cultural dimensions 

                                   Error 

Predictive Model                       

Without the cultural dimensions With the cultural dimensions 

MAE MSE RMSE MAE MSE RMSE 

Linear Models 

Linear Regression 0.22795 0.11329 0.33659 0.22758 0.11174 0.33427 

LASSO 0.22903 0.12197 0.34924 0.22903 0.12197 0.34924 

Ridge 0.22795 0.11329 0.33659 0.22758 0.11174 0.33427 

Elastic Net 0.22903 0.12197 0.34924 0.22903 0.12197 0.34924 

Huber Regression * 0.22379 0.11693 0.34195 0.22292 0.11554 0.33992 

LASSO LARS 0.22903 0.12197 0.34924 0.22903 0.12197 0.34924 

Passive Aggressive 

Regressor 

0.34407 0.22909 0.47863 0.29025 0.16326 0.40405 

SGD Regressor 0.22842 0.11414 0.33785 0.22773 0.11261 0.33557 

Non-linear Models 

KNN Regressor 0.09761 0.02753 0.16593 0.09643 0.02700 0.16433 

Decision Tree Regressor 0.08603 0.02127 0.14584 0.08628 0.02122 0.14569 

Extra-Tree Regressor 0.08673 0.02175 0.14748 0.08642 0.02261 0.14931 

SVR 0.12457 0.03815 0.19532 0.12099 0.03511 0.18738 

Ensemble Models 

AdaBoost Regressor 0.29101 0.13456 0.36682 0.27001 0.11759 0.34281 

Random Forest Regressor 0.08659 0.02101 0.14495 0.08575 0.02077 0.14412 

Extra-Trees Regressor 0.08596 0.02088 0.14451 0.08587 0.02084 0.14437 

Gradient Boosting 

Regressor 

0.18593 0.07183 0.26802 0.18566 0.07004 0.26466 

XGBoost Regressor 0.10535 0.02552 0.15976 0.10443 0.02504 0.15824 

 

To optimize the three best ensemble models, their hyperparameters were adjusted 

using the GridSearch tool. Table 8 shows the best hyperparameters used for the Extra 

Trees and Random Forest. 

 

 

 

 

 

 

 

 



 

Table 8: Hyperparameter tuning for the three best models 

Models Hyperparameters 

Extra Trees Regressor Estimators: 50 

Maximum depth: 100 

Bootstrap: False 

Minimum samples split: 2  

Maximum features: auto 

Minimum samples leaf: 1 

Random Forest Regressor Estimators: 200 

Maximum depth: 100 

Bootstrap: False 

Minimum samples split: 2 

Maximum features: sqrt 

Minimum samples leaf: 1 

 

In general, the regression models obtained lower Rt prediction errors with the addition 

of the features of the six cultural dimensions along with the features of the socioeconomic, 

demographic, and various degrees of restriction levels of the NPIs. Nevertheless, the 

improvements are only slightly incremental. One of the facts that may have contributed 

to hinder the expected impact of the cultural dimensions is the heterogeneity of the 

countries among themselves combined with the false homogeneity of characterizing very 

large countries with the same measures for the six cultural dimensions, as larger and more 

populous countries tend to have larger cultural differences inside their borders. 

By testing the best parameters of each of the three best ensemble models we 

concluded that the Random Forest regressor obtained the lowest error. Thus, this was 

selected to predict Rt for five countries that are very different from each other culturally, 

socioeconomically and demographically: India, Brazil, the UK, Israel and Portugal. Table 

9 shows the results obtained for predicting the Rt for each of these countries. It can be 

observed that India was the country that obtained the best result with a MAE of 0.02637, 

MSE of 0.00163 and a RMSE of 0.04046, whereas the UK was the worst performing 

country with a MAE of 0.09994, a MSE of 0.02941and a RMSE of 0.17151. While it is 

not possible to concrete identify the reason for this performance discrepancy, it is 

interesting to note that the countries with higher “power distance” (dimension), India and 

Brazil, present a better performance for predicting the Rt. One can hypothesize that 

countries characterized by a lower “power distance” may be underrepresented. 



 

Table 9: Results of the errors for the random forest regressor regarding the data of the five 
considered countries 

                               Errors 

Countries   
MAE MSE RSME 

India 0.02637 0.00163 0.04046 

Brazil 0.03083 0.00225 0.04749 

UK 0.09994 0.02941 0.17151 

Israel 0.07953 0.01677 0.12951 

Portugal 0.07347 0.01142 0.10687 

 

 

5. Discussion 

According to Yeung et al., (2021) (24) machine learning models can predict the 

Confirmed Infection Growth in 14 days (CIG14) with a significant level of accuracy. In 

their study, the authors aimed to predict CIG14 using NPIs and Hofstede's cultural 

dimensions, for which they tested five regression machine learning models: Ridge, 

Decision Tree, Random Forest, AdaBoost and Support Vector.  

Similarly, in our study we use machine learning models to predict the Rt, however, 

we consider different NPIs than the ones chosen on the above-mentioned study. 

Yeung et al., (2021) (24) consider 13 ordinal policies and 4 computerized indices 

namely, Stringency Index, Government Response Index, Containment Health Index and 

Economic Support Index.  Whereas, in our study we consider 16 ordinal policies as we 

also considered the NPIs testing policy, international travel controls, public information 

campaigns, protection of elderly people, contact tracing, workplace closing, debt/contract 

relief, facial coverings and vaccination policy. Additionally, we also deem socioeconomic 

and demographic features, namely population, population density, median age, 

population aged 65 older, GDP per capita, life expectancy, and human development 

index. From our results, we can see that the use of the Hofstede's cultural dimensions 

improved the models when compared to those without the cultural features.  

The work of Zehtabian et al., (2022) (25) corroborates these findings as they state a 

lower cumulative 7-day MAE for their TEMA approach including the Hofstede's cultural 

dimensions, when compared with the other models the authors applied, namely LSTM. 



 

Regarding the evaluation metrics in Yeung et al., (2021) (24), MAE and median 

percent error were used while, we adopt the MAE, MSE and RMSE. Also, in the study 

of Yeung et al., (2021) (24) three validation methods were used (in-distribution, out-of-

distribution and cross-validation), whereas, we applied the hold-out technique. 

In the two abovementioned studies, the ensemble models were the ones that obtained 

the best results because these are the combination of several predictions coming from a 

set of models to make the final prediction through averaging and voting so that the 

ensemble model provides better results than any of the individual models (47). The 

Random Forest model is the one that obtain better results in both, being that in Yeung et 

al., (2021) (24) the authors obtained a MAE of 0.031 for predicting the CIG14 and in our 

study we obtained a MAE of 0.085 for predicting the Rt. The study of Zehtabian et al., 

(2022) (25) applies the hold-out technique on the OxCGRT data considering the 

following 12 NPIs: school closing, workplace closing, cancel public events, restrictions 

on gatherings, close public transport, stay at home requirements, restrictions on internal 

movement, international travel controls, public information campaigns, testing policy, 

contact tracing, and facial coverings. The Zehtabian et al., (2022) (25) study tests the 

following models: LSTM as developed by the Pandemic Response Challenge (“LSTM-

UT-Cogn” (48)), a simple LSTM network (“LSTM-Baseline”), LSTM with Hofstede 

cultural dimensions (“LSTM-CultD-SIR”) and TEMA with Hofstede cultural dimensions 

(“TRANSENC-CultD-SIR”). This last one, the TEMA “TRANSENC-CultD-SIR”, 

provides their lowest cumulative MAE regarding the prediction of average daily number 

of new cases per 100k people over a span of 7 days.  

To better understand the impact of each feature and, particularly, the contribution of 

the proposed cultural dimensions, we computed the feature importance as extracted from 

the best performing model, the Random Forest (Figure 3). Even though MI emphasized 

the value of the additional information provided by the cultural dimensions (Table 6), we 

can observe that none is included in the top ten most relevant features. This strengthens 

the results show on Table 7, showing just a slightly incremental increase in the models’ 

performance when the cultural dimensions are included, especially in comparison to NPI. 

However, one can hypothesize that the Hofstede’s cultural dimensions are too broad and 

in fact may hinder their real impact, especially in medium-large countries with cultural 

contrasts in their boarders. Further studies are recommended, maybe more focused on 

regional populations and their cultural characteristics. 

 



 

 

 
Figure 3: Feature importance 

 



 

Table 10 shows a comparison between the study of Yeung et al., (2021) (24), of 

Zehtabian et al., (2022) (25) and our study to spotlight their main differences and 

similarities. 

 
Table 10: Summary comparison of our study with the work of Yeung et al., (2021) (24) and of 

Zehtabian et al., (2022) (25) 

 Yeung et al., (2021) 
(24) 

Zehtabian et al., 
(2022) 

Our study 

Objective Predict the national growth 
of confirmed COVID-19 
infections across 14 days 

Predict the average of 
7-day daily new cases 

Understand if cultural 
dimensions are useful data to 
improve the machine 
learning models regarding 
the reproduction rate (Rt) 
prediction 

Countries 114 N/A 101 
Target Confirmed Infection Growth 

in 14 days (CIG14) 
7-day daily new cases Rt 

Features • 17 NPIs 
• 6 Hofstede cultural 

dimensions 

• 12 NPIs 
• 6 Hofstede cultural 

dimensions 

• 17 NPIs 
• 7 Socioeconomic and 

demographic 
characteristics 

• 6 Hofstede cultural 
dimensions 

Evaluation 
metrics 

• MAE 
• Median percent error 

MAE • MAE 
• MSE 
• RMSE 

Validation 
schema 

• In-distribution 
• Out-of-distribution 
• Cross-validation 

Hold out Hold out 

Best models • Random Forest 
• AdaBoost 

TEMA, with 6 
Hofstede cultural 
dimensions 
(TRANSENC-CultD-
SIR) 

• Random Forest 
• Extra Trees 

 



 

From a practical perspective, we highlight that all the 8 linear models, 3 out of the 4 

non-linear models, and all the 5 ensemble models trained obtained higher accuracy when 

including the cultural dimensions (as opposed to not include them). Although the 

differences are small, the results are consistent (16 out of 17 models achieved better 

performance). Additionally, the difference is more significant for the more complex 

ensemble models. Therefore, we can positively answer to our research question, i.e., 

cultural characteristics are useful information for predicting the Rt. We believe this is an 

important result, useful for helping manage future pandemics evolution, since it is not 

enough to implement NPIs to stop the dissemination, although their undisputed 

effectiveness, proved during COVID-19 spread; instead, for mathematical and 

computational prediction models to be more accurate, they need to encompass a wider 

array of features that include the characterization of the population, in a sense that each 

population’s response is different, depending on the cultural and demographic context. 

Our study differs from the other studies also shown in comparative Table 10 because 

it uses several contextual variables such as, cultural dimensions, socioeconomic and 

demographic variables and, also the restriction degree of NPIs to predict the Rt. 

Noteworthy, we did not find any other study that used these variables to predict Rt. Since, 

until now, Rt is a variable calculated by mathematical formulas, this study takes an 

innovative approach by applying machine learning models to test new variables to predict 

it. 

From these results we recommend that policymakers should give greater 

consideration to society's cultural nuances, in addition to crucial factors like population 

demographics and healthcare infrastructure limitations, when crafting more customized 

and impactful policy solutions based on NPIs. 

While national cultural dimensions may reflect the majority's values, the dataset's 

composition could skew representation. Potential imbalances in geographic, 

socioeconomic, and cultural diversity within samples might lead to over- or under-

representation of certain regions. This sampling bias could explain the varying accuracy 

of predictions across countries, with more precise forecasts for Brazil and India compared 

to the UK, Israel, and Portugal. The model's effectiveness may depend on how well the 

sampled data captures each nation's true cultural diversity. 

 

 

 



 

6. Limitations and future studies 

Our study has a few relevant limitations that need to be highlighted. First, it is 

dependent upon the data, since this is a secondary data-based study. Specifically, any 

eventual lack of homogeneity by each country’s authority in collecting the data is directly 

reflected in data quality, affecting overall models’ performance. Additionally, the hold-

out validation technique was used to split the data, and as it is the simplest splitting data 

technique, we propose for future studies the use of other validation techniques. Also, the 

future studies can test other machine learning models. 

Another important limitation is the fact that the Hofstede’s cultural dimensions are 

on a national (country-wide) basis, whereas there are many countries with cultural 

contrasts within their borders (e.g. the United States, Spain, Switzerland), thus country-

level cultural dimensions are limited due generalizing for the whole country. To address 

this limitation, we propose as future research to focus on a reduced set of specific 

countries and conduct local surveys that may complement the results here presented by 

addressing specific regional and local contexts.  

We recommend that further studies should be done, involving a finer grain of 

socioeconomic, cultural and demographic characterization of the population inside 

countries, so that one can then use these to apply and compare various set of predictive 

machine learning models with greater detail. A more refined comprehension of what 

characteristics can help prediction and what cannot would prove beneficial to future 

policymakers.  

Finally, we need to highlight the limitations of current state-of-the-art machine 

learning models for pandemic prediction. For instance, the dynamic nature of pandemics 

and the emergence of new variants of the virus could lead to changing trends that might 

not be captured by models trained on historical data. Additionally, the complexity of 

human behavior and policy responses, which are influenced by many factors beyond NPIs 

and cultural dimensions, could introduce unpredictability in the models’ performance 

over time. As we aim to predict a pandemic evolution with a higher granularity in time 

and population scopes, we face the challenges of computational limitations that hinder 

implementations of complex systems that address a larger number of dynamic variables 

in an uncertainty pandemic context (48). 

 

 

 



 

7. Conclusions 

Since the beginning of the pandemic, countries around the world have implemented 

various NPIs aimed at stopping the spread of COVID-19. We tested several machine 

learning models, with and without the Hofstede's six cultural dimensions, to compare and 

understand whether these improve the prediction of the reproduction rate Rt.  

This study set out to answer the following research question: “Can cultural 

characteristics be useful information for predicting the Rt?” and to answer this question, 

we used data from 101 countries to train several machine learning models to compare the 

results between the models with and without the Hofstede's cultural dimensions. Our 

results show the use of cultural dimensions help improve the models, and that the ones 

that obtained a better prediction of the Rt were the ensemble models, especially the 

Random Forest which without the cultural dimensions obtained a MAE of 0.08659 and 

with the cultural dimensions obtained an improved error of 0.08575. Additionally, we 

used the best parameters for Random Forest Regression to predict the value of the Rt for 

five different countries where we found a better result for India (MAE=0.02637) and 

Brazil (MAE=0.03083). 
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