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Abstract: COVID-19 vaccine hesitancy is considered responsible for the lower rate of acceptance of
vaccines in many parts of the world. However, sources of this hesitancy are rooted in many social,
political, and economic factors. This paper strives to find the most important variables in predicting
the COVID-19 vaccination uptake. We introduce an explainable machine learning (ML) framework
to understand the COVID-19 vaccination uptake around the world. To predict vaccination uptake,
we have trained a random forest (RF) regression model using a number of sociodemographic and
socioeconomic data. The traditional decision tree (DT) regression model is also implemented as the
baseline model. We found that the RF model performed better than the DT model since RF is more
robust to handle nonlinearity and multi-collinearity. Also, we have presented feature importance
based on impurity measure, permutation, and Shapley values to provide the most significant unbi-
ased features. It is found that electrification coverage and Gross Domestic Product are the strongest
predictors for higher vaccination uptake, whereas the Fragile state index (FI) contributed to lower
vaccination uptake. These findings suggest addressing issues that are found responsible for lower
vaccination uptake to combat any future public health crisis.

Keywords: Explainable machine learning; COVID-19; Vaccination uptake; Shapley values; Feature
importance

1. Introduction

SARS-CoV-2 virus causes a contiguous disease called Coronavirus disease (COVID-
19). From December 12, 2019, in Wuhan, China, to May 1, 2022, the disease has infected
517,860,190 people worldwide and killed 6,278,347 people [1, 2]. Ahmed at el. [3] have
taken a statistical approach based on data of 70 cities/provinces to find the role of envi-
ronmental and socio-economic factors on the spreading of COVID-19. This research found
that the negative binomial model is more suitable than the Poisson model for their analy-
sis as the negative binomial provides the best fit to the data. According to this article, the
biggest reason for the rapid spread of COVID-19 is population density where temperature
and humidity do not play any significant role. The research also found that GDP and PMas
played a role in reducing proliferation, while PM1o and test numbers played a significant
role in the spread of COVID-19. Personal hygiene is a must to prevent COVID-19 infection
which is very difficult in practice. That is why vaccination is now the most effective way
to reduce infections and complications. Although Pfizer launched its first human trial in
October 2020, this vaccine was approved for general people from February 21, 2021. So
far, WHO has approved six vaccines: Pfizer, Moderna, Oxford, Synovac, Johnson, and
Sputnik. As of March 09, 2022, more than 2 billion people worldwide have been vac-
cinated. Although some developed countries have started giving booster doses, 3 billion
people have not yet received the first dose of the vaccine. There are several reasons for
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this, one of which is vaccine hesitancy which suggests a lower vaccine acceptance rate
among people.

Vaccine acceptance shows classified appearance among age range: vaccination rate
is lower among young adults (18yr—24yr) than adults (> 40yr) [4-10]. However, not only
does age range impact the vaccine acceptance rate, but also different gender group show
different behavior towards vaccine acceptability, namely that female and non-binary gen-
ders have a lower probability of being vaccinated [4, 10-17]. Some social and religious
views found a negative impact on vaccine acceptance. Lack of being touched with modern
technology and campaign to realize personal and social benefits of being vaccinated [18-
20]. Cultural barriers, ethnic tradition, and beliefs were found to have adverse effects on
vaccination intention [4, 5, 21-24]. Believing that COVID-19 is harmless, some individuals
feel hesitant of being vaccinated [25]. Fears about side effects, infections, and being ill, or
allergic to vaccination have a negative impact on vaccine acceptance [4, 5, 11, 13, 17, 22,
26-33]. Inadequate reliability and trust in manufacturers pave the belief that vaccination
can be risky [23, 25, 26, 30, 33-35]. As a part of human behavior, the copying tendency
sometimes goes against vaccine acceptance [36]. The willingness of being vaccinated fluc-
tuates in response to seasonal variation, data indicate that willingness decreases in sum-
mer weather increases in winter [37]. Disabled people are less hesitant than the general
population [38]. Individuals having lower socioeconomic status bear higher vulnerability
to vaccination [39]. Lower-income and economic insecurity promote hesitancy [10-12, 21,
26, 40, 41].

Homelessness has a negative correlation with vaccine acceptance [7]. In terms of vac-
cination ratio, larger houses increase resistance [42]. Newness, improper medical trials,
and the price of the vaccine create hesitation among the participants and guardians [12,
21, 23, 29-31, 43, 44]. Several studies found lack of proper knowledge about COVID-19
and medical emergencies affects vaccine acceptability. Higher literacy tends to maintain
a positive trend in vaccination status [4, 9, 10, 12, 41]. Participants hesitate to become vac-
cinated if they do not observe someone hospitalized due to COVID-19 [13, 37, 45]. Doctor-
patient communication gaps puts the participants in a situation where they are almost
unaware of the susceptibility and severity of vaccination [27, 46]. Place of vaccination has
also an effect where hesitant participants preferred to be vaccinated in a doctor’s office
[46]. Moreover, improper maintenance and administration of vaccination activity pose an
antithetic impact on people’s minds. Dissatisfaction with the government or policymakers
leads the participants either to oppose or to hesitate in vaccination [13]. Conspiracy theo-
ries against vaccine efficacy drive the participants against vaccination [41]. Some studies
postulate that people having a previous vaccination refusal history possess less intention
of being vaccinated [23, 28, 47]. Inaccessibility to vaccination centers also lowers the vac-
cination rate [30, 31].

2. Literature on Al Technologies and Machine Learning;:

With the recent advancement in Al technologies, scientists” use of machine learning
(ML) models to understand the health equity and disparities within public and population
health has been on the rise. Researchers used XGBoost (extreme gradient boosting) and
tree-based models in the past to predict influenza vaccination uptake [48, 49] and child-
hood immunizations [50]. Grandhi et al. [51] used a logistic regression model to explore
the sociodemographic disparities in influenza vaccination. Therefore, we see the use of
such ML models to understand the dynamics of the COVID-19 vaccination campaigns
worldwide. Hayawi et al. [52] utilized XGBoost, LSTM, and BERT transformer models to
understand vaccine hesitancy by analyzing the Twitter dataset. They have used mislead-
ing accuracy metrics to evaluate their model in the presence of class imbalance. Mewhirter
et al. [53] implemented a gradient boosting (GB) model to analyze online survey data. In
the survey response, 56.1% accepted the vaccine and 43.9% were vaccine-hesitant which
is a clear indication of class imbalance. They have also compared the performance GB
model with logistic regression, decision trees, bagging, and random forests models. They
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have also reported accuracy metrics to compare models. They claimed that the GB ap-
proach outperformed the other four models although logistic regression did pretty well
to classify vaccine acceptant and vaccine-hesitant respondents. They mentioned that they
have used the built-in variable importance of the XGBoost R package. They also cited the
vip R package which is confusing since vip gives permutation and Shapley values-based
variable importance measure. Built-in variable importance is unreliable in the presence of
correlated features (We will discuss this issue in more detail in section 3.2). They found
that the vaccine trust index is the most important predictor to understand vaccine hesi-
tancy. Hafizh et al. [54] used different machine learning techniques to explain the COVID-
19 vaccine willingness and hesitancy among residents in Qatar. They performed domi-
nance analysis to assess the relative importance of variables for ML models. They found
that the chance of avoiding quarantine and lockdown restrictions motivated mostly to
take the vaccine. Dominance analysis was computed by using the R? measure. However,
ML models used in this study showed very low R? scores (< 0.50) although R? > 0.50 is
expected.

Mondal et al. [55] employed logistic regression and neural network models to iden-
tify the most significant sociodemographic predictors on COVID-19 vaccine acceptance.
Education, ethnicity, and age were reported as significant variables. The strength of their
study was the use of the Chi-squared test to validate the ML models. Jayasurya et al. and
others [56-58] conducted sentiment analysis to understand the public sentiments and
opinions toward the COVID-19 vaccines by using social media data. Cheong et al. [59]
utilized the XGBoost regression model to explore the association between sociodemo-
graphic factors and vaccination rate across US counties. They have used XGBoost’s built-
in feature importance along with permutation and SHAP feature importances to find the
important predictors. Location, education, ethnicity, income, and household’s internet ac-
cess were reported as the most important sociodemographic variables in their study in
predicting vaccination uptake. However, it is not clear how the authors have evaluated
the quality of model fit. Therefore, it is impractical to expect unbiased feature importance
from a poor fit model. We usually use accuracy to evaluate classification models. Surpris-
ingly, the authors have mentioned accuracy metric throughout the paper to explain their
regression model fit. In our work, we will give a more comprehensive ML framework to
understand the factors associated with vaccination uptake. Carrieri et al. [60] introduced
a very interesting approach to explaining vaccine hesitancy by using ML models. They
have used child immunization campaign data which were conducted in Italian munici-
palities in 2016 for vaccine-preventable diseases (pertussis, measles, Haemophilus influ-
enza type B, Meningococcus, pneumococcus, mumps, and rubella). They found that the
level of waste recycling and employment rate were the most significant area-level predic-
tors of communities with higher vaccine hesitancy.

The above mentioned literature has indicated that disparities in vaccination rates are
influenced by sociodemographic and socioeconomic factors. Likewise, few studies have
explored the influence of sociodemographic and socioeconomic factors on vaccination up-
take on a national level. We utilize the sociodemographic, socioeconomic, and child im-
munization surveillance data to gain insight into the global COVID-19 vaccination cam-
paign. We have implemented an explainable ML framework to provide a more robust and
comprehensive approach for a better understanding of the disparities in vaccination up-
take worldwide as well as address the limitations of the previous studies. We have also
attempted to find the most influential factors which would allow policymakers to design
COVID-19 vaccination campaigns as well as future immunization campaigns. In this
study, we employed an RF model along with a baseline DT model to predict the vaccina-
tion rate. We have also performed the hyperparameter optimization tool to find the best
RF model. We have incorporated the SHAP framework in our work to provide global and
local explanations of the predictions. More importantly, we used permutation feature im-
portance and SHAP global feature importance as reliable feature importance techniques.
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The objective of this study is to offer policy implications to prevent future global pandem-
ics and strengthen systems for public health preparedness worldwide by building an ex-
plainable ML model.

Data description

Sociodemographic, socioeconomic, and immunization data was collected from the
World Bank [61], Worldometer [1], Human Development Data Center [62], and Fragile
States Index site [63]. Vaccine safety data was collected from the Wellcome Global Monitor
2020: COVID-19 site [64]. Most recent years were taken into account while collecting data
from these data sources. In addition, the percentage of fully vaccinated people against
COVID-19 was found from Johns Hopkins University & Medicine [65] and The New York
Times [66] databases. The percentages are representative of COVID-19 vaccination data
from March 09, 2022.

Our study included 182 countries and the rest of the countries were excluded due to
the lack of available data as we see in Fig. 1. Prevalence Rates Asia Data from 46 countries
in Asia shows mostly middle to high COVID-19 vaccination rates. The highest and lowest
vaccination rates are 97.48% in the United Arab Emirates and 1.3% in Yemen. The vac-
cination rate is 88.32% in China ensuring a third place in Asia. Overall, 29 countries show
a greater than 50%, and 17 countries show a lesser than 50% vaccination rate in Asia. Af-
rica Among the 51 countries of the African continent, only 7 countries show a vaccination
rate greater than 50%. These countries are Seychelles, Mauritius, Morocco, Rwanda, Tu-
nisia, Cabo Verde, and Botswana.
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Figure 1. COVID-19 vaccination campaign worldwide.

The highest vaccination was found to be 81.86% in Seychelles whereas only 0.07 per-
cent in Burundi. The COVID-19 vaccination rate is very non-homogeneous in Africa. Aus-
tralia/Oceania In Australia/Oceania continent, we observed Australia has 80.91%, New
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Zeeland has 80.72%, Fiji has 69.66% COVID- 19 vaccination rate but Papua New Guinea
has only 2.77% vaccination rate. From the 46 countries of Europe, the data indicates that
34 countries have a higher than 50% vaccination rate and 12 countries have a lower than
50%. The highest rate of vaccination is 92.28% in Malta and the lowest rate is 25.63% in
Bosnia and Herzegovina.

We have found vaccination rate data from 23 countries of the North American conti-
nent. The majority of countries in North America have intermediate to high rates of vac-
cination. Cuba has the highest vaccination rate of 87.34% percent while Haiti has the low-
est vaccination rate of 0.93%. In North America, 14 countries have a more than 50% vac-
cination rate and on the other hand, 9 countries exhibit vaccination rates below 50%. From
the data of 12 countries of the South American continent, Chile shows the highest COVID-
19 vaccination rate which is 91.05%. The other 11 countries are Argentina, Uruguay, Ec-
uador, Peru, Brazil, Colombia, Venezuela, Bolivia, Paraguay, Guyana, and Suriname
shows the vaccination rate of 80.56%, 78.9%, 78.08%, 75.18%, 73.79%, 66.29%, 50.1%,
48.67%, 45.67%, 42.16%, and 40.61% percent respectively.

Variables considered:

Income (IL): Countries, while classified in terms of their income, are found to have
significant regional, cultural, and economic differences. These differences may signifi-
cantly influence the decision of vaccine uptake. Compared with a higher income country
(USA) and an upper-middle-income country (Russia), [67] find that people in lower and
middle-income countries are more willing to take vaccines. The magnitude and causes of
vaccine hesitancy vary significantly across regions with income differences.

Vaccine Safety (VS) and vaccine effectiveness (VE): Concerns about safety reasons
for hesitancy [67]. A survey over 15 African countries conducted by the Africa Centres for
Disease Control and Prevention, in partnership with the London School of Hygiene and
Tropical Medicine, found that 79% of people in Africa would take the vaccine if they deem
it safe and effective [68]. The rapid pace of vaccine development is one of the reasons why
some people in developed countries think that vaccines are unsafe to take into their bodies
[69].

Percentage of people aged 15-64 years (PS): The group between 15-64 years old rep-
resents the economically active (Working-age) population. Being healthier and more ac-
tive, people of this age might be reluctant in getting vaccinated as they might think they
are less prone to become ill. Therefore, while considering the age structures of the popu-
lation, younger age groups are generally observed to be least likely to take COVID-19
vaccines [10, 70-73].

Percentage of people age 60 or over (PO): Several cross-country studies found older
age groups are more confident in the safety and importance of vaccines [73, 74]. Therefore,
people aged above 60 are expected to be less hesitant in vaccination uptake.

Percentage of the rural population (RP): Vaccine hesitancy in rural areas is a major
barrier that should be addressed with a strong emphasis. [75, 76]. People living in rural
areas are often lagged behind in terms of education and awareness, which may appear to
hinder taking the vaccine. Moreover, rural people have limited access to health care facil-
ities. Rural areas are segregated, and vaccines might not be easily accessible in these areas
because of limited coverage. If people living in rural areas are required to travel long dis-
tances to take vaccines, they might become hesitant to get vaccinated. Also, urban-biased
approaches that focus mainly on raising public awareness in urban areas fail to produce
effective results in rural areas. Therefore, such a policy measure will be less successful in
motivating people to take vaccine upshot if the population consists of many rural people.

Percentage of Poverty (P): Poverty could be another source of vaccine hesitancy [76].
Poverty presents several challenges and restricts one from availing many life-changing
opportunities. A country with a vast majority of poor people has to deal with severe socio-
economic problems, including the challenge of motivating people towards any proposed
positive change.
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Percentage of Immunization (DPT(ID), HepB3(IH), and Measles(IM)): In countries
where childhood vaccination for common diseases has been widely accepted, the COVID-
19 vaccine can potentially receive vast acceptance, too [67]. Historically, people in some
countries exhibited higher acceptance of vaccines. Because people in these countries be-
lieve that vaccines can effectively prevent diseases, they are much more likely to accept
any new vaccine if it is offered. Therefore, positive attitudes towards vaccination and the
consequent success of vaccination programs in the past in some countries indicate that
any newly proposed vaccination can be highly accepted in these countries. People in these
countries, therefore, are likely to be less hesitant in taking vaccines.

Percentage of people using the Internet (PI): The Internet, facilitating the use of So-
cial media and online conversation, could be another potential source of vaccine hesitancy
[77]. Nowadays, information has become much more available through the use of the in-
ternet and smartphone. Therefore, it can be seen as a greater source of self-education that
can play a role in influencing people’s decision to take the vaccine. On the other hand,
however, greater internet access can help spread misinformation, too [78].

Percentage of people using electricity (PE): The higher the coverage of electricity in
a country, the higher we can expect access to information. This is based on the ground
that the availability of electricity enables people to take the privilege of several types of
modern technology, such as television, radio, internet, and mobile, all of which can raise
public awareness about the benefits of vaccination.

GDP-Per Capita (USD) (GD): GDP per capita measures the economic output of a
nation per person, reflecting the economic prosperity of a nation. Countries with higher
economic prosperity can allocate more resources to formulating effective vaccine cam-
paigns to combat critical situations, such as the COVID-19 pandemic. In addition, rich
countries can spend more on public health and defend any misinformation regarding the
vaccine, which may build public confidence in the COVID-19 vaccine.

Education Index (2019) (EI): Educated people are more informed about the benefits
of the vaccine. Hence, education can help people to avoid misinformation regarding vac-
cination. Therefore, the overall education level in a society can be a significant contrib-
uting factor toward the decision in taking a vaccine.

Human Development Index (HI): Human Development Index (HI) is a very crucial
determinant to evaluate countries' public health infrastructures. Countries with better
public health infrastructures are resilient to tackle epidemic or pandemic. Few researchers
[79-83]. included the HI variable to assess the vaccination coverage. UNDP also reported
that the HI variable is sensitive to COVID-19 impact [84]. Therefore, we included the HI
variable in our study to assess its contributions to vaccination uptake.

Fragile state Index 2020 (FI): FI aggregates state failure risk elements such as the
prevalence of extensive corruption and criminal behavior, challenges in collecting taxes,
voluntary dislocation of mass population, sharp economic decline, group-based inequal-
ity, institutionalized discrimination, severe demographic pressures, brain drain, and en-
vironmental decay. State fragility can be regarded as another source of vaccine hesitancy.
A state’s fragility is manifested in the loss of control over physical territories and its failure
in making a collective decision and interacting with other nations, inability to provide
public services. All of which resulted in an unstable society that is divided and lacks co-
hesion. Consequently, any government objectives requiring public support are hard to
fulfill as any message conveyed to the citizens is mistrusted.

Region: Global vaccine inequity contributed towards disparities in COVID-19 vac-
cination coverage across different continents [80, 85-87]. Especially low-income and mid-
dle-income countries (LMICs) have access to a disproportionate amount of COVID-19 vac-
cine doses due to vaccine nationalism and vaccine diplomacy [88, 89]. Fair allocation of
vaccines among nations is a very important pathway to end the pandemic [90]. As people
are now exhausted with this prolonged pandemic, global coordination and solidarity is
necessary during this difficult time to achieve the global vaccination target as proposed
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by WHO [85]. Region variable is included in our study to understand the impact of vac-
cine inequity across different continents.

3. . Methodology
3.1. Random forest regression

Random forests (RF) is an ensemble machine learning technique, proposed by
Breiman, that combines bagging with random feature selection to decorrelate independ-
ent decision trees. RF is considered as a black-box model due to its less interpretability
compared to individual decision trees [91].

i.  Algorithm:

Forb=1toB:

Generate a bootstrap sample B« from the training data. Fit decision trees T» on a boot-
strapped training sample using the following splitting and stopping criteria:

a) Randomly pick q features from p features and allow splits on these q features
only.
b) Select the best features among q features
c) Split the node into two leaf nodes.
ii. Return the ensemble of trees {T},}?
Now the random forest regression predictor can be written as

B
=5 ) e )
b=1

In RF, one-third of the training examples are left out of the bootstrap sample during
training. These left-out examples are referred to as out-of-bag (OBB) samples. The utiliza-
tion of out-of-bag (OBB) samples to achieve an unbiased estimate of the test set error is
the most important feature of the RF. More importantly, an OBB error estimate is equiva-
lent to k-fold cross-validation.

3.2. Feature Importance

In RF, the mean decrease in impurity (MDI) is a widely used impurity-based feature
importance for regression forests. The mean squared error (MSE) based splitting criterion
of the decision trees quantifies the impurity. The splitting criteria of RF optimize the max-
imum decrease in impurity for each split. In impurity-based feature importance, a split
with a maximum decrease in impurity is regarded as an important split and the variable
associated with this split is an important variable. Consequently, Impurity decrease
measures are averaged across all decision trees to compute the importance of each predic-
tor variable. However, impurity-based importances are biased due to the bias of selecting
split variables [92]. Also, they favor the features with high cardinality [92]. More im-
portantly, training set-based impurity importance doesn’t reflect the actual performance
of the feature on the test set. To avoid such bias, Breiman [93] proposed Permutation-
based feature importance. Permutation-based feature importance of RF has been widely
accepted by machine learning researchers due to its reliability [92, 94, 95]. Permutation
importance for variables, X? is computed as follows [94]:

i. Compute the MSE for the OBB/test samples

ii. Randomly shuffle the columns the X? of OBB/test samples to generate the per-
muted data. Then compute the MSE, MSE for this permuted data.

iii.  Feature importance is then computed as

1
— estimators

VIx) =~ > (MSE — HSE) 2)
t
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We can consider the permutation importance as a model-agnostic version of the fea-
ture importance since it can be used to explain predictions of any model class. We can get
the global insight of the model’s predictions through permutation importance, but, be that
as it may, the permutation feature importance can be misleading due to the presence of
correlated features. In such a situation, SHAP feature importance is another good model-
agnostic alternative to permutation feature importance.

3.3. Model explainability

Since RF is considered as a black-box model, model-agnostic feature importance en-
sures the interpretability of the model. Feature importance is computed based on Shapley
values by considering the influence of each feature on the model. The basis for Shapley
values is a cooperative game theory [96] where the coalition represents the set of explain-
able input variables and the outcome of the coalition is the model’s predictions for these
given input variables. In other words, Shapley values are the mean marginal utility of
input variables out of all possible combinations of coalitions. The influence of the feature
is computed from the shift in the model’s expected predictions for an observed vs. unseen
feature. Likewise, the Shapley values f3;(rf, z) are the distribution of utility among the in-
put variables in z to explain the RF model’s predictions. Shapley values also maintain the
two significant properties local accuracy (additivity), and consistency (monotonicity) of
additive feature attribution methods [97] while assigning feature importance.

3.3.1. Local accuracy (additivity)

p
7T = BoCrf )+ ) B(rf.2) &)
J

where Bo(rf,z) = Ez[rf(2)] is the expected value of the predictions for the training
data, and p represents the total explainable variables associated with the raw explanatory
variables.

3.3.2. Consistency (monotonicity)

For any two models rf! and rf?, if

rfF(T) —rfF(T\D 2 (T) —rff(T\)),VT €Z (4)
then
BirfA(T) = Birf;(T) )

implies that if there is increase or consistency in the marginal influence of an explan-
atory variable for a shift in models in the presence of other variables, the Shapley value
will increase or remain the same. The Shapley values provided following utility allocation
satisfy the above two properties simultaneously:

For a given prediction rf, the Shapley value of the variable j is given by

T|'(p—|T| —1)!
b2 = LHCEIUERY

T<T run\U} P
This represents the contribution of each feature which is being accumulated in the

model by taking the average of all possible sequences (coalitions) of variables. However,
the estimation of f; is NP-hard [98] because it requires taking summation over so many
terms. Lundberg et al. [99] introduced a sampling technique to estimate ;. This method
is still computationally expensive [99] due to the exponential complexity of Equation 6.
To overcome this challenge, Lundberg et al. [101] proposed TreeExplainer to explain the
model-specific tree-based machine learning models. It accommodates the local explana-
tions aligned with local accuracy and consistency properties. It lowers the computational

x[rFT Ui -] (p)
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time complexity from exponential to polynomial time as well by utilizing the intrinsic
architecture of tree-based models. TreeExplainer also offers SHAP interaction values as
local explanations by using the Shapley interaction index [102]. Shapley interaction index
assigns payoff among all pairs of features resulting in a feature attributions matrix where
off-diagonal entries represent interaction effects and main effects are placed in the main
diagonal. The SHAP interaction values can be written as:

. TR =ITI=Dt o e .y
j = | 200~ 1! k,j whenever j (7
T<T ruu\}
Here,
8 (1) = PAHT Uk, jH) — (T U {k}) — 75T U {j}) (8)
+ 7AH(T)

In Equation 7, the interaction effects are computed by deducting the main effect while
individual effects are taken into account. Similar to Shapley value estimation, we take the
average over all possible sequences (coalitions) of variables. In TreeExplainer, SHAP sum-
mary plots are generated to show us the magnitude and direction of the feature’s influ-
ence. More importantly, SHAP interaction values allow us to observe the interaction ef-
fects locally through SHAP dependence plots. SHAP dependence plots evaluate the influ-
ence of each feature on the predictions for every testing observation. We use SHAP sum-
mary plots, and SHAP dependence plots in our work by leveraging Shapley values. In
this paper, we have also utilized the SHAP force plot to understand the influence of each
feature on the predictions by considering Shapley values as ‘forces’ [99].

3.4. Assessing the quality of fit

To evaluate the performance of the ML models in a regression setting, root mean
squared error (RMSE) is the most widely used measure. RMSE is computed as

RMSE = VMS f Z(yi—ﬁ(xi)z) 9)

where rf (x;) represents the 7f model’s predictions for the i** test observation. RMSE
tells us how far the model residuals are from zero on average, i.e. the average distance
between the observed values and the predicate values. However, Willmott et al. [103] sug-
gested that RMSE might be misleading to assess the model performance since RMSE is a
function of the average error and the distribution of squared errors. Chai et al. [104] rec-
ommended using both RMSE and mean absolute error (MAE). In our work, we have re-
ported both metrics. MAE is defined as

n

MAE = %Z (yi =77 (x) (10)

i=1
R?is another popular measure to evaluate a regression model. R? gives us the percent
of variance explained by the regression model, for instance, R? = 0.75 implies that the
model can explain 75% of the variation in the outcome. We can computer R? as:

Xis1 (J’i - ﬁ(xi))
w1 (- G0)

where rf is the mean of the target variable. In this paper, we have reported the results

R* =1- (11)

in predicting vaccination uptake using RMSE, MAE, and R? evaluation metrics.

4. Experiments

Based on our discussion in section 3, a conceptual framework of the ML pipeline is
graphically illustrated in Fig. 2.
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Figure 2. Conceptual architecture of the ML pipeline for vaccination uptake prediction.

Here we provide the following steps of our implementations to facilitate the repro-
ducibility of our results by future researchers and professionals:

e We have performed exploratory data analysis to understand the data distri-
bution and multi-collinearity.

¢ We have implemented random forests (RF) regression to predict the percent-
age of fully vaccinated people for a country.

e The predictive performance of the RF regressor is compared with a baseline
decision trees (DTs) regressor.

e We have randomly split the dataset into 80% training and 20% testing sam-
ples.

e GridSearchCV is performed on the training samples to tune hyperparame-
ters of the RF regressor. GridSearchCV has utilized 5-fold cross-validation to
find the best parameters as shown in Fig. 7.

e The performance of regressors were compared in terms of the RMSE, MAE,
and R? metrics.

e The SHAP framework is established to explain the predictions of the best
predictive model by leveraging the Shapley values from coalitional game
theory.

4.1. Experimental Setup

All of our implementations are performed using the same multi-core machine. Our
data can be accessed from Gitlab to reproduce the results. (Data source Link:
https://gitlab.com/[ishan/iml-data) We used a PC with an Intel(R) Core(TM) 17-7700 CPU
at 3.60GHz (4 cores) and 16 GB RAM to implement ML models. The operating system for
this PC is Windows 10 Enterprise. The main objective of this study is to find the important
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factors that influence the global vaccination uptake by utilizing the explainable machine
learning tools. We have considered the following tools to build our computational frame-
work in Python:

¢ RandomForestRegressor provided by the sci-kit learn module in Python

e DecisionTreeRegressor being provided by the sci-kit learn module in Python

e GridSearchCV provided by the sci-kit learn module in Python

e TreeExplainer from the SHAP Python library

e partial_dependence provided by the sci-kit learn module in Python

5. Results and discussion
5.1. Exploratory data analysis

We plot the distribution of the target variable, the percentage of fully vaccinated peo-
ple in Fig. 3. We see that the distribution of the target variable doesn’t follow a normal
distribution. However, we don’t have to transform our observed non-normal variables
since linear regression analysis does not assume normality for either explanatory variables
or a target variable [105-109].

20 40 60 80 100
Target variable: VR

Figure 3. Distribution of the target variable.

Our target and predictor variables can have any distribution since we will use non-
parametric tree-based methods in our work. We have shown four countries with high
vaccination uptake and four countries with least vaccination uptake Fig. 4. From this
heatmap, we see that percentage of the rural population (RP), percentage of internet users
(PI), GDP-Per Capita (GD), and fragile state index (FI) may have some influences on the
vaccination coverage of a country.
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Figure 4. Countries with the highest and least vaccination uptake.

However, we will investigate more to find insight into these variables. We plot a
pairwise relationship among these variables in Fig. 5 along with the univariate distribu-
tion of each variable in the main diagonal. We clearly see a nonlinear relationship between
the pairs of these variables. We also notice that the univariate distribution of each variable
differs across continents. We have used nonparametric Spearman’s rank-order correlation
(Fig. 6) due to the presence of nonlinear relationships in Fig. 5. Spearman’s correlation
coefficient is an appropriate measure [110, 111] to detect multicollinearity since it is more
robust to outliers and it doesn’t assume linearity between variables. We see that HepB3
immunization coverage (IH) and human development index (HI) are highly collinear. We
might see misleading feature importances from our ML models due to the presence of
these collinear features. As a result, we have implemented permutation feature im-
portance and SHAP feature importance in addition to impurity-based feature importances
to avoid bias in determining the most influential explanatory variables.
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Figure 5. Distribution of predictors across continents.

Region
Asia
Europe
Africa
North America
South America
Australia/Oceania


https://doi.org/10.20944/preprints202206.0115.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 June 2022 doi:10.20944/preprints202206.0115.v1

14 of 34

1.00
Region
IL
VS 0.75
VE
PS 046-0.081-035 -0.4 ! 0.4 .56 , VR 046 0.57 0.50
PO [ ) 0.750,62
RP .3 03 0 0.4 o. -0.67 056 -0.56
P =025
1D
IH 017 -019-0.25-0.25 0.43 029 -0.18  [RCEMESECEY 0.45 0.44 039 04 043 7 0, - 0.00
IM .54 0.37 -0.28 11 J:EEGE N
Pl 53053053 058 07 -0.67 072" ] 082 0.89 0.82 -0.82/0.73
— —=0.25
PE .50 | .53 -0.52 0.61 0.72 -0.56 0.7 ENEri 082 1 (081 08 0.72 0.68 |
GD -0.56 0,54 0.5 L 0.7 | -0.71 -0.69 L MVE! 1089 0, 83 -0.83 0.75
=l 0.58 -0.46 -0.58 —0.56 082 -0.6 —0.61! . I 82 0.8 0.83 -0.84/0.68 -0.50
(S| 0.59 -0.55 -0.59 -0.57 ) VAR 0.53 0.43 0.9 0.85 093 0.95 1 -0.89 0.77
Fl -0. -0.89 1 -0.73 —0.75

VR 7 - ) -0.4 077 -073 1

Figure 6: Spearman’s rank-order correlation matrix to detect collinear predictors.

5.2. Hyperparameter optimization: GridSearchCV

We have used a grid search provided by GridSearchCV to exhaustively generate 96
candidates from a grid of parameter values as shown in Table 1. We have considered a
total of 480 fits resulting from 5 folds for each of 96 candidates to find the optimal hy-
perparameters of our RF model.

Table 1. Tuning hyperparameter using GridSearchCV.

Hyperparameter Parameter space Optimal hyperparameter
maxdepth {2, 3, 4,5} 4
criterion absolute_error, squared_error absolute_error
n_estimators {5, 10, 20, 30, 40, 50, 60, 70, 80, 100, 150, 200} 80

From Fig. 7, we observe that RF model with grid search has attained best results when
maxdepth is set to 4, n_estimators is set to 80 and absolute_error is chosen as splitting
criterion.
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Figure 7. Grid search results using 5-fold CV.

5.3. Model selection and evaluation

We have compared the performance of the RF model with the base DT model using
test data. All explanatory tables are included in our model. We have also trained our RF
model without HepB3 immunization coverage (IH) and human development index (HI)
variables as they are highly collinear. We have achieved the same results even without
these variables. However, we did not exclude these two variables from our final RF model
since the RF model can handle multicollinearity [112]. We have reported the results in
Table 2 using RMSE, MAE, and R2. We see from Table 2 that the RF model performed well
on the test data compared to the DT model. Therefore, we will compute the feature im-
portance using the RF model. Likewise, we will provide the global explanations and local
explanations of the predictions of the RF model in section 5.4.

Table 2. Performance of ML models on test data.

Model MAE RMSE R?
RF 10.88 13.63 0.71
DT 13.86 17.39 0.53

5.4. Explaining predictions

Our aim of this work is to find the most important variables in predicting vaccination
uptake using explainable techniques. In this section, we have implemented impurity and
permutation-based feature importance to understand the individual feature’s contribu-
tions on the predictions. Shapley values-based SHAP tree explainer is used as well to pro-
vide enhanced global explanations of the feature contributions by incorporating local ex-
planations. We also presented feature dependency analysis and interaction effects to gain
more insight into the predictions.

5.4.1. Global feature importance

In this paper, we have attempted to quantify the relevance of the explanatory varia-
bles with the response variable. Mean decrease in impurity (MDI) based variable im-
portance values are presented in Fig. 8 to measure the aggregate effect of the variables on
the RF model.
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Figure 8. MDI-based variable importance for RF regressor on the training data.

MDI variable importance was computed on the training set. From Fig. 8a, we see that
electrification coverage (PE) is the strongest predictor of vaccination uptake. GDP (GD),
percentage of the rural population (RP), and fragile state index (FI) are among the top four
important predictors. We have also added a feature with a non-predictive column of ran-
dom numbers to find the nature of the least important features. Fig. 8b shows that the
percentage of poverty (p), DPT immunization coverage (ID), Region, percentage of the
older population (PO), and Income level (IL) have no influence on the RF model since they
are no better than the random feature. We know from section 3.2 that the RF model might
give biased feature importance. Therefore, we have computed the feature importance us-
ing feature permutation as described in the section. Moreover, permutation importance is
a reliable feature importance measure and it also takes into consideration the feature in-
teraction effects. We have computed the permutation importance both on training data
and test data.
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Fig. 9 displays the permutation importance for each of the 17 predictor variables. Not
surprisingly, electrification coverage (PE) is the most relevant predictor. Comparing per-
mutation importance (Fig. 9) with the MDI-based importance in, we see that 2 of the top
4 variables are the same (electrification coverage and GDP). Also, measles immunization
coverage (IM) appears to be one of the top four predictors in both training and test set.
We notice that the ranking of the features in permutation importance is slightly different
from MDI-based feature importance. However, both MDI-based importance and permu-
tation importance don’t show how much each feature contributes to a prediction. There-
fore, we have implemented SHAP feature importance by aggregating the Shapley values
to show the individual feature contributions.

5
wv
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=

0.0

0.1 0.2 0.3 0.0 0.1 0.2 0.3

Permutation importance (train set) Permutation importance (test set)

Figure 9. Permutation importance for RF regressor on the testing and training data.

Fig. 10a represents a global variable importance in descending order in terms of pre-
dictive power by taking the average of the SHAP value magnitudes across testing dataset.
Red horizontal bars represent the positive impact of individual features on the predic-
tions, and blue bars indicate the negative impact. Electrification rate is the most positively
contributing variable, followed by the GDP variable. The measles immunization also
plays a significant role in vaccination uptake. However, the fragile state index and the
higher percentage of the rural population had a negative impact on the vaccination up-
take. However, since we now have individualized explanations for all testing examples,
we can compute feature importance for all testing examples as well which is shown in Fig.
10b. From the SHAP summary plot (Fig. 10b), we plot the SHAP values of features for all
testing data to find the influential features as well as uncover the global view of the model.
This beeswarm plot summarizes the distribution of SHAP values for each feature and fea-
tures are sorted by the magnitudes of the SHAP values. Red color represents a high value
feature whereas the blue color represents the low value feature. The placement of the dots
on the x-axis represents the contributions of each feature value on the vaccination uptake
prediction. In other words, red dots on the right side of zero shows the positive influence
of the feature on vaccination coverage whereas red dots on the left represents the negative
influence on the predictions. We see that greater access to electricity increases the percent-
age of fully vaccinated people, and so does the GDP of a country. On the other hand, the
fragile state index and the higher percentage of rural population lower the predicted per-
centage of fully vaccinated people.
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Figure 10. Global feature importance using SHAP for the testing data. (a) The relative importance of the predictors, (b)
SHAP summary plot.

5.4.2. Feature dependence analysis

Fig. 11 shows a single-variable partial dependence plot on the most influential 4 var-
iables. These plots are not smooth due to the use of tree-based RF model [90]. We have
integrated both individual (ICE) averaged one (PDP) in our partial dependence plots. We
have utilized 20 ICE curves to make our plot readable. In top left PDP, dashed blue line
shows us that the partial dependence of the percentage of fully vaccinated people against
COVID-19 on the percentage of people with access to electricity in a country is nonlinear,
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and it increases sharply whenever a country with more than 80% of the population has
electricity access. We see that partial dependence of the percentage of fully vaccinated
people is monotonic increasing when the GDP of a country increases (top right). The per-
centage of fully vaccinated people is found to have a very weak partial dependence on the
percentage of children of ages 12-23 months who took the Measles vaccine, and the fragile
state index that is consistent with the variable importance, permutation importance, and
global SHAP importance measures. We see a little influence on the percentage of fully
vaccinated people (bottom left) when the percentage of children of ages 12-23 months who
took the Measles vaccine is more than 90%. The bottom right plot shows a slight decrease
of the percentage of fully vaccinated people for a higher fragile state index. However, we
see some aberrations in ICE curves (light orange lines). We do not have many variations
in the top left plot, but we have noticed a few exceptions in the top right plot where the
percentage of fully vaccinated people slightly increases for an increase in GDP of a coun-
try. There are also a few exceptions in the bottom left plot as well where we observe a
sudden increase in the percentage of fully vaccinated people whenever the percentage of
children of ages 12-23 months who took the Measles vaccine is more than 90%. In the
bottom right plot, few ICE curves remain constant for the fragile state index. Hence, ICE
plots give us more explanations about the dependence of the prediction on a feature which
were not vivid in PDPs. SHAP summary plot (Fig. 10b) provides us an overall summary
of the feature contributions whereas the SHAP dependence plot shows the impact of fea-
ture value on the predictions. Also, PDP does not give a vertical spread to evaluate the
influence of feature interactions on the predictions.

In Fig. 12, we plot the explanatory variables PE, GD, RP, and FI along with their cor-
responding SHAP values to visualize the interaction effects through the vertical spread.
Interaction effects are shown by coloring other automatically selected variables. Fig. 12
clearly reveals that higher vaccination uptake can be achieved for PE > 90 and PI > 80. It is
also evident from the existing literature [113] that access to information is ensured through electri-
fication coverage and internet access. This validates the existence of interaction between PE and PI
variables to predict the higher vaccination uptake. Countries with a GDP of more than $50, 000 and
high education index are more likely to have a higher percentage of fully vaccinated people which
clearly indicates an interaction effect between education index and GDP. Also, we see that a lower
percentage of people aged 15-64 years tends to accelerate the vaccine uptake whenever more than

50% of people live in a rural area of a country. Furthermore, Fig. 12 demonstrates an inverse rela-
tionship between the vaccination uptake and the Fragile state index. A higher vaccination uptake

goal can be achieved when FI <55 and the GDP > 30000. This result establishes that a vulner-
able country based on a Fragile state index along with lower GDP contributed to a very
low vaccine uptake which is not a surprise at all. The other features are not shown in Fig.
12 due to the lack of dependency on vaccination uptake.
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Figure 12. SHAP feature dependence plots for the testing data.

5.4.3. Feature Interaction

Pairwise interaction effects are shown in Fig. 13 where diagonals are the main effects
and off diagonals are the interaction effects. From this absolute mean plot, we observe that
the average main effect is higher for GDP and electrification coverage, i.e, these features
have a greater influence on the RF model’s predictions. There also exists a moderate in-
teraction between them.
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Figure 13. SHAP interaction value summary plot with the main and interaction effects of each predictor.

5.4.4. Local feature explanations

We can visualize the decision mechanism of a black-box model RF using the SHAP
decision plot (Fig. 14). In Fig. 14, the vertical line represents the base value, and the colored
line starting from the base value shows how models make predictions by adding SHAP
values of the corresponding feature. Also, predictor values are included next to the pre-
diction line in parenthesis to make the interpretations easy. In this figure, the features are
arranged in descending order in terms of contribution to show the impact of each on the
final predictions. The prediction line started with the base value of 48.8 for the 8th (Central
African Republic) and 30th (Turkey) test samples. From the decision plot for the Central
African Republic, we see that low GDP and poor energy infrastructure have significant
contributions to the lower vaccination uptake which is aligned with our findings in Fig.
16b and Fig. 16a. However, we observe a different scenario for the 30th observation (Tur-
key), i.e., higher GDP and good energy infrastructure have significant impacts on the
higher vaccination uptake although the Fragile state index had a negative influence on the
predictions.
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Figure 14. SHAP decision plot to explain predictions for each particular country.

The waterfall plot in Fig. 15a gives the visual representation of individual predictions
by explaining the feature contributions. Final predictions are made by accumulating the
positive (red) or negative (blue) contributions of each feature from the base expected
value. From Fig. 15b, we see that the predicted vaccination uptake for observation Central
African Republic is 8.54 which accumulation of each contribution with the base value of
48.41. Similarly, the RF model predicted that 61.80% of people will be fully vaccinated in
Turkey. Moreover, feature contributions are aligned with our decision plots Fig. 14. We
can achieve similar explanations by using the force plot in Fig. 16a.
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Figure 15. Waterfall plots to explain the predicted vaccination uptake of two countries from the test sample.
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Figure 16. Force plots to explain the predicted vaccination uptake of two countries from the test sample.

Fig. 16 reveals that some features are responsible for increasing (red-colored) the vac-
cination uptake and some are responsible for decreasing (blue-colored) the percentage of
fully vaccinated people of a country. In Fig. 16, predicted vaccination uptake is an accu-
mulation of individual feature contributions where the red-colored arrow of features
drives the predictions above the base value (to the right side of the base value) and the
blue-colored arrow of features pulls the predictions below the base value (to the left side
of the base value). The explanatory variables in Fig. 16a that propels the predicted value
to be 61.79, which is almost close to the ground-truth value of 63.35. Feature values of PE,
GD among others which are in red color push the predicted vaccination uptake higher,
and FI feature in blue color pushes the predicted vaccination uptake lower. Feature values
of PE, GD and FI contributed more to achieving such predicted value. The predicted vac-
cination uptake in Fig. 16b is heavily influenced by the PE and GD feature values and
drives the prediction to a lower value. It is obvious from this force plot that the electrifi-
cation coverage has a significant influence to change the direction of the predictions for
both observations. Since the electrification coverage value for the Central African Repub-
lic is 14.3 which is smaller than the average value of 82.4, it facilitates the predictions to
left. In contrast, it moves the predictions to the right as 100% (higher than the average
82.4) of people in Turkey have access to electricity. Fig. 17b is a waterfall plot for SHAP
interaction values of observations 8 and 30. We see that the access to electricity main effect
has decreased the predicted vaccination uptake by 24.93 whereas the PE.GD interaction
effect has increased the predicted vaccination uptake by 5.43 for test sample 8. However,
access to electricity main effect has increased the predicted vaccination uptake by 10.01
for test sample 30. Therefore, it is evident that the local importance is consistent with the
global feature importance as shown in subsection 5.4.1.
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Figure 17. Waterfall plots to explain the predicted vaccination uptake of two countries from the test sample.

In our analysis, we find electrification coverage (PE) is the most relevant predictor of
the uptake of vaccination. Provision to electricity access has positive effects on household
socioeconomic outcomes, such as education, health, and environment. Moreover, access
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to electricity increases the connectivity of the household and contributes to the improve-
ment in socioeconomic welfare [114]. The benefit of electricity access also extends to in-
creased availability of health services, access to communication technologies, and appro-
priate storage of vaccines and medicines [99]. Electricity coverage, by making modern
technology (TV, Radio, Computer, Mobile Phone, etc.) available to the public, contributes
to raising public awareness. Most importantly, electricity is a requirement for better vac-
cine storage, which can reduce vaccine waste and increase vaccine coverage. Therefore,
our analysis reasonably reveals why coverage of the electricity is the most important pre-
dictor in vaccine uptake.

Another top feature that significantly predicts COVID-19 vaccination uptake is Gross
Domestic Product (GDP). This finding is in line with [115-117]. The association between
GDP and higher vaccination rate is, however, intuitive. Countries with higher GDP are
more capable of allocating resources on healthcare. This consequently leads to a high rate
of vaccination. As Roghani and Panahi [116] have a notably higher GDP, this can contrib-
ute to the higher vaccination rate due to the fact that GDP, national strategy, and proper
utilization of the resources of a country are likely to be highly associated. A study con-
ducted by Kazemi et al. [117] also found evidence of the association between median per
capita income and overall vaccination adoption. The authors used the Random Forest al-
gorithm for their analysis on a data set of 142 countries. Findings suggest that high income
countries are likely to have higher COVID-19 vaccination adoption rates compared with
low- and middle-income countries. On the other hand, Duan et al. [115] investigate the
relationship between income level of a country and its COVID-19 vaccination coverage
rates by conducting a cross-sectional ecological study on 138 countries. They find that the
countries with higher income are more successful to have higher COVID-19 vaccination
coverage rate. This finding is found robust when country specific demographic and health
parameters are considered. GDP, which is an indicative measure of the relative prosperity
of a country, also explains why inequality in accessing the COVID-19 vaccine is an issue
for developing and underdeveloped countries of the world. Kazemi et al. [117] point out
that the disparity in vaccine adoption is due to the fact that countries are different in terms
of their income (low, medium, and high-income). Whereas developed countries suc-
ceeded in securing vaccines instantly when it was invented, many developing and under-
developed countries had to deal with budget shortages in purchasing vaccines and
providing required healthcare at the time of the pandemic. The disparity is still extant
today. It is therefore not surprising that, as of April 31, 2022, a study found the highest-
income countries had a per-capita vaccine rate of 195.39 vaccinations per 100 people,
whereas lower middle income and lower-income countries had a vaccination rate of
114.56 per 100 and 22.10 per 100, respectively [118]. Securing vaccines from the producers
and its distribution requires huge monetary allocation which many countries find as con-
straints in ensuring mass vaccination for their citizens. We find the percentage of measles
immunization as another important feature predicting vaccination uptake. The study
found evidence of a greater rate of vaccine hesitancy in regions where the childhood vac-
cine immunization rate is lower and vice versa [119]. This could partly be due to the fact
that the benefit from childhood immunization is conducive in building public confidence
on a newly offered vaccine. In addition to this, countries that have already-established
public health infrastructures could readily offer vaccination to their citizens. This may in
turn contribute to a higher rate of vaccination uptake. The wide acceptance of childhood
immunization like measles can explain people’s readiness in accepting COVID-19 vac-
cines. Fragility in a country could hinder vaccination campaigns and may limit vaccina-
tion access for certain segments of the population, including women and ethnic minori-
ties. Also, fragility could have an adverse impact on vaccine supply chains for some de-
veloping countries [120]. This intuition is supported by our finding too as we find fragile
state index lowers the predicted percentage of the fully vaccinated population.

6. Conclusion
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In this research, we consider a couple of social, political, and economic factors that
influence the uptake of COVID- 19 vaccines. Variables that we extracted for 182 countries
are income level of a country, concern regarding vaccine safety and effectiveness, percent-
age of immunization against DPT, HepB3, and Measles, percentage of old and working
age population, percentage of people living in rural areas, GDP per capita, poverty rate,
percentage of people having internet access and availability of electricity, education index,
human development index, Fragile state index, and availability of approved COVID-19
vaccines. We introduced an explainable machine learning technique to analyze the data
of these 182 countries. Our results showed the following findings:

e Availability of internet access and electricity, the percentage of children of
ages 12-23 months who took the Measles vaccine, and countries” GDP are the
crucial factors for the strong acceptance of COVID-19 vaccine.

e Fragile state index and the percentage of people living in rural areas have a
negative influence on the acceptance of COVID-19 vaccine.

e Percentage of poverty, income level, and older age people have no or little
influence on the COVID-19 vaccine uptake.

These findings can be helpful in effective policy making to combat any future public
health crisis like the COVID-19 pandemic. From our recent experience, we see wealthy
nations have disproportionately controlled the production and distribution of the COVID-
19 vaccines. The observed inequality in distributing COVID-19 vaccination among nations
may linger the pandemic situation as a combined effort is required to end the pandemic.
On the other hand, many developing and underdeveloped countries have been overlook-
ing the necessity of improving public health infrastructure for ages. Additionally, the on-
going instability in different parts of the world restricts the distribution of COVID-19 vac-
cines in the conflict region. These challenges need to be addressed on a priority basis to
solve the problem, Vaccine Hesitancy if there is any.
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