Supplementary Information

Identifying and overcoming COVID-19 vaccination impediments
using Bayesian data mining techniques

Baseline Method: Extreme Gradient Boosting

Extreme gradient boosting (XGBoost)' is an implementation of an extended version of gradient boosting decision tree (GBDT)?
which is an iterative algorithm based on decision trees and applicable to both regression and classification problems. Following
the procedure and property of gradient boosting, XGBoost also belongs to ensemble learning where each decision tree works
together and leads to a flexible model. On the one hand, it brings about powerful performance which makes it a key approach
in applied machine learning and Kaggle competitions when dealing with structured or tabular data’>>. One of the main
improvements is the normalization of the loss function reducing model variances and effectively avoiding overfitting. On
the other hand, it greatly speeds up the execution and supports a variety of computing environments like parallelization and
distributed computing.

Baseline Method: Gaussian Process
Gaussian process (GP) regression is also a popular method to determine the unknown function f®7. Given variable x; € R”

and response y; (i = 1,---,n), the goal is to establish the pattern of f and predict the new y, with input x.. The general
formulation of a Gaussian process expresses the response y; as a function of x; with extra noise: y; = f(x;) + &, & i A4(0, 62).
Additionally, it belongs to the Bayesian paradigm, which usually imposes a Gaussian prior on the unknown function f, and

f=(f(x1), -, f(x,))" follows a joint Gaussian distribution:
p(f) ~ JV(f|m(X),K), [Kij} - k(Xiaxj)v (H

where m(-) denotes the mean function and k(-, -) refers to the covariance function.

More specifically, for the mean function m(x), it reflects the expected function value at x, i.e., m(x) = E[f(x)], and a
common choice is a constant mean function. When turning to the covariance function (-, -), it models the dependence between
function values at different input points in a form of k(x;,x;) = E[(f(x;) —m(x;))(f(x;) —m(x;))]. There are various choices,
which are often decided according to the corresponding task’. Radial basis function (RBF) kernels are popular in capturing
stationary and isotropic patterns. Another variant of RBF kernels has automatic correlation detection (ARD)® assigning
different scale parameters to each variable instead of using a constant value®, which can help select the key variables determining
f. In addition, non-stationary kernels, such as the dot product kernel” and the more flexible deep network kernel'® can also be a
good choice in certain tasks. For the notations, we choose to use D = {X.,,¥;.,} to denote the input training data. When there
is a new input X,, we can have a predictive distribution for the response y,:

p(y*‘X*,D):JV([J*,G*z), @
My = m(x*) —|—k(X*7X1;n)(K—|— 621)71 (yl:n - m(Xltn))v 3)
02 = k(Xy,X:) 4+ 02 — k(Xe, X1.0) (K+ 621 " k(X 0, X, 4)

Non-parametric regression methods based on GP have received increasing attention and are widely used in various
applicationsl I=13 1n addition, similar to BMARS, one solution to extend the model to classification tasks is to combine it with
a probit model. However, when faced with relatively high-dimensional features, the model may be inaccurate if we do not have
enough information about the predictive performance of each potential variable’.

Baseline Method: Random Forest
Ensemble Learning'* provides an alternative way of combining models, which is a popular procedure that constructs multiple
weak learners and aggregates them into a stronger learner'>~!7. In several circumstances, it is challenging for an individual
model to capture the unknown complex mechanism connecting inputs to the output(s) by itself. Therefore, it is a better strategy
to use a divide-and-conquer method in the ensemble learning framework, which allows each of the models to fit a small part of
the function. Ensemble learning’s robust performance to handle complex data makes it a great candidate for many tasks.
Random forests (RF) is an ensemble learning model which can be used in classification, regression, and other tasks.
RF usually constructs a large number of decision trees simultaneously during training time and lets them vote for the final
predictions. More specifically, when faced with classification tasks, the predictions of RF, in the end, is the class selected by
most trees. When turning to regression tasks, RF calculates the mean output of the individual decision trees as its prediction'® 1%,
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