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Abstract

This project studies international uncertainty links between Australia and other countries
using a Bayesian Additive Regression Trees (BART) algorithm. I use indexes of economic
policy uncertainty (EPU) first developed by Baker, Bloom, and Davis (2015) to examine
how EPU in Australia is linked to EPU in other countries. This project replicates research
by Gupta, Pierdzioch, and Risse (2016), who studied how EPU in Canada is linked to EPU
in seven other countries using a BART algorithm. Like Gupta, Pierdzioch, and Risse (2016]),
I utilise partial-dependence plots, relative importance measures, and permutation tests from
the ‘bartMachine’ package in the R programming environment. I find Australian EPU is

more strongly linked to the Indo-Pacific region than Anglosphere countries.
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1 Introduction

News-based economic policy uncertainty (EPU) indexes, first developed by Baker, Bloom,
and Davis (2015)), are widely used in research as a measure of uncertainty. Gupta, Pierdzioch,
and Risse (2016) show that interesting patterns in international uncertainty links can be

explored using a BART algorithm.

The BART algorithm is a flexible, ‘blackbox’ algorithm with several attractive properties.
It allows for nonlinearity and interaction effects between predictors and includes built-in
variable selection (although the number of variables in the data set may be large, some may
never appear in the internal nodes because they are ‘insignificant’). By providing a predictive
distribution, this Bayesian approach also enables the analysis of parameter, tree and forecast

uncertainty for the response variable and the marginal effects of potential predictor variables.

Gupta, Pierdzioch, and Risse (2016) apply a BART algorithm by using the ‘bartMachine’
package developed by (Kapelner and Bleich, 2016) for the R programming environment
to show how EPU in Canada is linked to EPU in seven other countries. I follow Gupta,
Pierdzioch, and Risse (2016 methodology, but focus on Australia. Like Canada, Australia
is a medium-sized, open economy that is affected directly and indirectly by global uncertainty
(Kirchner, 2019). For example, between 1985 and mid-2016, only 33% of the uncertainty
shocks in the US originated abroad (Bloom, 2017). In contrast, Moore (2017)), who also
produces an Australian uncertainty index, shows that about 90% uncertainty shocks over

this period emerged from overseas.

Research has shown that domestic EPU adversely affects Australian acquisition (Shams,
Gunaskerage, and Velayutham, 2022) and capital investment (Chen et al., 2020) outcomes.
However, there is limited research on Australia’s international uncertainty links. Further,
the BART algorithm accounts for nonlinearity and interaction effects between predictors,
which illuminates an alternative perspective on the quantitative importance of international

uncertainty links.

Section [2] describes the data used. In Section [3| I describe the BART algorithm. Section

summarises the empirical results, and I conclude in Section



2 The data

I study two datasets summarised in Table [l The Australian EPU index is available from

January 1997 to April 2022. Dataset 1 includes all countries where data are available for

this period at the time of writing (May 2022). Dataset 2 includes observations from January
2003 to December 2020. The shorter time series is due to less data availability for the three

additional countries included in dataset 2: Hong Kong, Singapore and New Zealand.

Table 1: Sample period and variables in each dataset

Dataset 1 Dataset 2
Sample period 1997M1 to 2022M4 | 2003M1 to 2020M12
Response variable Australia Australia
Predictor variables Brazil Brazil
Canada Canada
Chile Chile
Colombia Colombia
France France
Germany Germany
Greece Greece
India India
Ireland Ireland
Italy Italy
Japan Japan
Korea Korea
Netherlands Netherlands
Russia Russia
Spain Spain
UK UK
US US
Mainland China Mainland China
Singapore
Hong Kong

New Zealand

The EPU indexes are at a monthly frequency. Like Ajmi, Gupta, and Kanda (2014) and
Gupta, Pierdzioch, and Risse (2016), all indexes are transformed by taking the natural log,

followed by demeaning the data.

All country EPU indexes are based on methodologies similar to Baker, Bloom, and Davis

(2015)), who search for newspaper articles containing:

e the terms “uncertainty” or “uncertain”

e the terms “economic” or “economy”

e and any monetary or fiscal policy-related terms

The newspaper article must include terms from all three categories above for inclusion in

the index. For specific methodologies, see country sources in Table [3|in the Appendix.



3 The BART algorithm

A Bart model uses a likelihood function and a prior, just like any other Bayesian model.
A Bayesian backfitting algorithm is then applied using the ‘bartMachine’ package in R to

generate draws from the posterior distribution[]

3.1 The likelihood function

The likelihood in BART is a sum-of-trees model. I use a sum-of-trees model proposed by
Chipman, George, and McCulloch (2010), where the idea is to model the EPU index for

Australia, Y,,, by summing all the Bayesian regression trees in the following format:

Yo=3"gealTy, M;) + enyei % N(0,0%) (1)

Jj=1

In Equation |1, BART seeks to approximate g(.) using regression trees, where predictor coun-
tries, x,,, might contain many variables. T} denotes a tree consisting of a set of internal node

decision rules and a set of terminal nodes. M, are its associated terminal node parameters.

Splitting rules divide the space of predictor countries, x,, into different intervals, known as
internal nodes or ‘branches’. For example, the terminal node parameter, p, predicts the
EPU index for Australia, when x,, < ¢ and the terminal node parameter, 9, predicts the
EPU index for Australia when x,, > ¢, where ¢ is a threshold value within the range of
values of the predictor variable x,. Observations are allocated to subgroups by dropping
them down the tree and sending them left or right, in accordance with the splitting rule at
each interior node. Splitting observations at each interior node continues iteratively until a

terminal node is reached, which are the terminal node parameters.

3.2 The prior

Large tree models tend to overfit the data, that is, they fit the noise in the data, rather than
detecting a pattern. To overcome this problem, a prior is employed to stop the trees from

overfitting. A prior for the BART has three components:

1. The tree structure p(7}), which is chosen to enforce shallow tree structures by restrict-
ing the complexity of a single tree. This is done to prevent overfitting. Chipman,
George, and McCulloch (1998)) set the prior probability that a node will split (i.e. is

not a terminal node), as given in Equation

a(l+d)™? ae€(0,1),8€[0,00) (2)

Where d = depth of the tree (the number of times a node is splitting rule and not a

terminal node), a controls the strength of prior, and /5 controls how fast the probability

My code for this project is available on my |GitHub.


https://github.com/andybridger/BayesianProject/blob/main/BART/bayes_code.R

decreases in d that a node is nonterminal. I use the default parameters recommended
by Chipman, George, and McCulloch (2010) where o = 0.95 and = 2. E]

2. The terminal node parameters conditional on the tree structure p(M;|T;), which limits
the effect of the individual tree components by keeping them small. The prior on
each terminal node parameter is given by N (u,/m, ai), with an expected value, p,,, of
(Ymaz+Ymin)/2). As m is the number of trees, Ji is the prior parameter, which Kapelner
and Bleich (2016) chooses such that mpy, — kv/mo, = Ymin and mp, + kv/mo, = Ymas
for some k. Higher values of k result in stronger model regularisation by reducing the

. 2
size of 0,

3. The final prior is for the error variance p(c?). Following Gupta, Pierdzioch, and Risse
(2016)), the inverse gamma distribution InvGamma(v/2,vA/2) is used for p(c?). The
parameter, A, is determined by the data such that there is a priori qth-percentage
chance that the BART model will improve the RMSE of a least squares regression
Kapelner and Bleich (2016). This prior also limits overfitting by restricting the prob-

ability mass placed on small values of o2.

The error variance, p(o?) is assumed to be independent of the tree structure and terminal

node parameters. Therefore, the prior can be written as:

= [1L; p(M;|T;) p(T3)] p(o?) (3)

In addition to the number of trees m that must be chosen, the adjustable parameters are
now «, 3, k,q, and v. To prevent overfitting, I employ the parameters used by Gupta,
Pierdzioch, and Risse (2016]), who use a conservative setup advocated by Chipman, George,
and McCulloch (2010) where: o = 0.95, 8 =2, m = 200, k =5, ¢ = 0.75 and v = 10.

3.3 bartMachine

With the priors specified, ‘bartMachine’ uses a Metropolis-within-Gibbs sampler (S. Geman
and D. Geman, [1984; Hastings, [1970) to generate draws from the posterior distribution
of the sum of trees function in Equation || (Kapelner and Bleich, 2016). An important
characteristic of this sampler for BART is that it uses a form of Bayesian backfitting (Hastie
and Tibshirani, 2000)), which works as follows:

1. Fit the jth tree, Tj, iteratively, holding the other m — 1 trees constant, to the partial
residuals that result when 7 is excluded. A new tree structure is then proposed, which

is accepted or rejected by a Metropolis—Hastings algorithm.

2. Given the new structure, samples from the posterior of the terminal node parameters

are then drawn, completing the new estimate of 7}.

3. Using the updated set of partial residuals, steps 1 and 2 are repeated iteratively for

each tree.

2In the Gupta, Pierdzioch, and Risse (2016) paper, they say they use o = 2 and 3 = 0.95, but this looks
like a typo and should be the other way around as « € (0, 1).



2 is conducted based on the

4. A draw from the posterior of the variance parameter, o
full model residuals, conditional on the updated set of tree structures and the terminal

node parameters.

Steps 1 to 4 are simulated 3000 times, which provides draws from the posterior for the
sum-of-trees function. I follow Gupta, Pierdzioch, and Risse (2016]) and use 3000 simulation
runs of the Bayesian MCMC backfitting algorithm, and discard the first 2000 burn-in runs.
The average over the draws gives the posterior mean estimate of the Australian EPU index,

where the dispersion of the draws is used for inferential purposes.



4 Empirical results

Figure [I| summarises the relative importance (in percent) of the top 10 predictors in dataset
1 and dataset 2. Almost all relative importance percentages are smaller in dataset 2 than
dataset 1 because of the inclusion of more predictors. The inclusion proportion for a partic-
ular predictor is the percentage of times that country is picked as a splitting rule among all

splitting rules in the posterior draws of the sum-of-trees model (Kapelner and Bleich, [2016]).

Figure 1: Top 10 countries by relative importance (in percent)
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In both datasets, the EPU index for India is the top splitting variable, with a relative
importance of 12% in dataset 1 and 9% in dataset 2. This is a surprising result, but India
has increased in terms of its global economic prominence. Furthermore, people movements

and trade flows between Australia and India have increased in recent decades.

New Zealand is only included in dataset 2 and is the second highest splitting variable, with a
relative importance of 8%. This is expected, given the two economies share similar character-
istics, are geographically close to one another, and are the most economically integrated with
one another. Japan is the second highest splitting variable in dataset 1 and the third high-
est splitting variable in dataset 2, with a relative importance of 11% and 8%, respectively.
Japan was Australia’s largest trading partner from 1967 until 2007. It remains Australia’s
third-largest trading partner, and was the second-largest direct foreign investor in Australia
in 2020 (Japan Country Brief|2021)).

At first glance, the inclusion of Greece, Italy and Germany in the top 10 of both datasets
appears surprising. A possible explanation is that these countries were the most prominent
during the Eurozone crisis, which dominated (and caused) much economic uncertainty in the
early part of the last decade. A key finding from Gupta, Pierdzioch, and Risse (2016]) was
that the EPU indexes for the United Kingdom and the United States were the top splitting
variables for Canada, while Kléfiner and Sekkel (2014) find that the United Kingdom and
the United States are important exporters of international uncertainty spillover effects. My
finding suggest the UK and US are not as important to Australia as Canada. The United
States and United Kingdom remain in the top 10 predictors in dataset 1 and dataset 2
for Australia, but are much lower than what Gupta, Pierdzioch, and Risse (2016) finds for
Canada and what one might expect given the close cultural and historical ties. Overall,

this suggests Australian EPU is more strongly linked to the Indo-Pacific region than the



Anglosphere countries.

Table [2|summarizes the significance of the predictor countries and the overall fit of the model.
The significance of predictors is assessed using permutation tests, where the null hypothesis
of the permutation test is that a predictor country does not have explanatory power for
Australian EPU. The p-values for BART in dataset 1 yield significant results for Germany,
Greece, India, Italy, Japan, Russia (<1%) and the US (<5%). The p-values for BART in
dataset 2 yield significant results for Chile, Greece, India, Italy, Japan, New Zealand, (<1%)
and Russia (<5%).

Table 2: Significance of predictors and model fit

Country Dataset 1 Dataset 2

p-value BART p-value OLS p-value BART p-value OLS
Brazil 0.7619 0.1229 0.2857 0.0582*
Canada 0.9048 0.3245 0.1429 0.7347
Chile 0.1429 0.0414** 0.0000*** 0.0166**
Colombia 0.5714 0.2475 0.2381 0.0114**
France 0.6667 0.2066 0.7619 0.0328**
Germany 0.0000%** 0.0130** 0.1429 0.8648
Greece 0.0000%** 0.0063%** 0.0000%** 0.0008***
India 0.0000*** 0.0000*** 0.0000*** 0.0000***
Ireland 0.7143 0.8249 0.3333 0.3192
Italy 0.0000%** 0.3184 0.0000%** 0.3302
Japan 0.0000%** 0.0002%** 0.0000%** 0.0102**
Korea 0.7143 0.1436 0.9048 0.2173
Netherlands 0.8095 0.2796 0.1429 0.1194
Russia 0.0000%** 0.4811 0.0476** 0.2763
Spain 0.6190 0.0963* 0.1905 0.1154
UK 0.5238 0.0245** 0.2381 0.0237**
Us 0.0476** 0.0008*** 0.2381 0.1075
Mainland China 0.7143 0.1387 0.2381 0.00277#+*
New Zealand 0.0000%** 0.0164**
Hong Kong 0.1429 0.6082
Singapore 0.1905 0.0200**
*p<0.1, ¥ p <0.05 *** p <0.01
Overall significance 0.0000 0.0000 0.0000 0.0000
Shapiro-Wilk (p-value) 0.8901 0.5424 0.2208 0.7821
Pseudo-/Adjusted-)R? 0.7956 0.7329 0.8609 0.8017

Note: p-values for BART are tests of covariate importance conditional on the cross-validated
bartMachine model. All tests are performed with 20 null samples. Overall significance summarises the
result of a joint permutation test for the BART result. The null hypothesis of the Shapiro-Wilk test

is that the residuals have a normal distribution. OLS p-values are robust to heterscedasticity and
autocorrelation (using a HAC covariance matrix). Overall significance for the OLS model summarises the

results of an F-test.

For both dataset 1 and dataset 2, the findings of the joint permutation test for all predictors
are very significant, while the Shapiro-Wilk test indicates that the residuals’ normality

cannot be rejected. The BART algorithm provides a decent model fit, as shown by the



Pseudo-R?, which assumes values of 0.80 and 0.86 for datasets 1 and 2, respectively. Similar
to Gupta, Pierdzioch, and Risse (2016), I also provide results for a regular OLS model for
comparison. The OLS model detects the linear effects in India and New Zealand. However,
in Italy, for example, the OLS model does not recover the nonlinear relationships, while the

overall fit is slightly worse for the OLS models.

Figure [2| shows select partial dependence plots for selected countries in dataset 1, which
displays the marginal effect of a predictor on the Australia EPU index, keeping the other
predictors fixed. The international uncertainty link is linear, but less than proportional,
for the United States and Japan, while it is downward sloping for Russia, suggesting the
Australian EPU index reacts positively for a negative log EPU index in Russia. The partial
dependence plots confirm that Mainland China is relatively insignificant, as is also evident
in Table 2] and Figure [I with a small, flat partial effect.

Figure 2: Partial dependence plots for selected countries in dataset 1
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Notes: Blue lines are the 95% interval of the posterior that are based on 1000 draws from the posterior.

Figure (3| shows select partial dependence plots for selected countries in dataset 2. The
international uncertainty link for New Zealand is upward sloping and linear, but less than
proportional. India follows a similar pattern, but there is a large kink around 0, indicating
that the Australian EPU does change significantly for small changes around 0 of the log
EPU index for India. The UK appears to show an asymmetric international uncertainty link
with Australia, where the Australian EPU does not change significantly for a positive log
EPU index for the UK, but the Australian EPU index decreases as the log of the UK EPU
index becomes negative. Italy displays a U-shape, which explains why the EPU index for
Italy is an important predictor using BART, but not OLS. This is because BART takes into

account nonlinearity and interaction effects, which OLS does not.



Notes:
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Figure 3: Partial dependence plots for selected countries in dataset 2
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5 Conclusion

BART is a useful technique that quantifies the relative importance of uncertainty links and
provides significant variable testing that is simple. I find Australian EPU is more strongly
linked to EPU in the Indo-Pacific region than the Anglosphere countries. This analysis could
be expanded in many ways. First, the study could be extended to incorporate alternative
uncertainty measures like geopolitical risk, trade and climate policy uncertainty or financial
stres’} Second, predictor lags could be included to better understand the dynamic interplay
between uncertainty measures. Third, it would be useful to see how uncertainty spillover
links change over time. Fourth, cross validation could be used to find more optimal values

for the parameters.

3All available at www.policyuncertainty.com.


https://www.policyuncertainty.com/
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