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Abstract

Unemployment is a significant problem that South Africa faces. The rate was 30.1% in
the first quarter of 2020: placing it amongst the top ten worst unemployment rates in the
world. Public policy is a typical instrument used by governments to address unemployment
sustainably. It is normally informed by forecasts derived through economic (traditional sta-
tistical) models. These models are, however, suitable when the data is stationary and linear.
The South African unemployment rate, on the other hand, is asymmetric, seasonal, upward
trending, and nonstationary.

Vector autoregression (VAR), a traditional statistical model, was used to forecast the South
African unemployment rate. It resulted in a mean absolute scaled error (MASE) of 41.
Comparatively, twelve machine learning models were used to forecast the unemployment
rate. The lowest MASE achieved was 0.39. Making the machine learning models 105 times
more accurate than the VAR: the benchmark model. Additionally, through feature selection
techniques, machine learning approaches enabled the identification of the most impactful
features in forecasting the unemployment rate.

These features were used to construct a Dynamic Bayesian Network (DBN) to determine how
they influence each other and the unemployment rate. The DBN was then used to perform
do-Calculus, a data-driven scenario analysis technique. One scenario tested the impact of
increasing the GDP on the unemployment rate. This positively impacts the unemployment
rate. However, a decline in GDP has a greater negative impact. Therefore, policymakers
should avoid, at all costs, a decline in the GDP.

This research, therefore, demonstrates the value of machine learning in forecasting the South
African unemployment rate (a nonstationary macroeconomic variable) across the broad ma-
chine learning value chain: feature selection, forecasting, feature influence analysis, and
do-Calculus scenario analysis. Previous research tends to only focus on one or two aspects
of the value chain.
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1
Introduction

The South African unemployment rate was 30.1% in the first quarter of 2020, this was the
highest it had ever been since 1970 [Maluleke 2020]. This is viewed by economists and
policymakers as one of the most significant problems in South Africa [Jones 2019; Belling
2020]. According to Aiken [1996]; Pelaez [2006], many see the unemployment rate as a proxy
measure for the health of a country. By this metric, South Africa is notably unhealthy. The
country is in the top ten countries with the highest unemployment rates across the world
[TradingEconomics 2019; Meyer 2014].

Statistics South Africa is responsible for monitoring and reporting the unemployment rate.
Their definition of unemployment is adopted for this research as it is the authoritative one
in the country. Their definition being,

Unemployment refers to a period or state where a person is not currently in a
paid job opportunity and has taken active steps, although unsuccessful, to look
for a job or to start a business and is available to take up a job should it be

offered [Statistics South Africa 2019].

The consequences of this definition is that people without jobs but have not searched for
a job are not classified as unemployed. Hence, over the COVID-19 lock-down period the
unemployment of South Africa declined to 23%: it was impossible for people to look for jobs
except through digital channels [Bloomberg 2020; Maluleke 2020]. Effectively by the end of
the second quarter of 2020, the unemployment rate declined to 23%, but those without jobs
increased by over 2 million [Bloomberg 2020; Maluleke 2020]. Bloomberg [2020] estimates
that the unemployment rate will be 34% by the end of 2021. Unemployment remains a
significant problem in South Africa.

The remainder of this chapter will discuss the problem and purpose statements for this
research, as well as the research questions that this research intends to address.
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1.1 Problem Statement

The unemployment rate increased by 1.1% to 30.1% in the first quarter of 2020 [Maluleke
2020]. Trending along the same trajectory, youth unemployment has also increased to 59.0%
for 15 to 34-year-olds. The inability of South Africa to resolve this social challenge is a
humanitarian crisis and is a significant problem in the country [Jones 2019; Belling 2020].

Figure 1.1 provides a visual depiction of the unemployment rate from 1998 to 2019. The
figure shows that the unemployment rate has been persistently high since the dawn of democ-
racy, with the rate hovering between 20 and 30% from 1998 to 2019.
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Figure 1.1: The South African unemployment rate has been trending upwards from 1998 to
2019.

There has been a wealth of research to understand and solve the South African unemploy-
ment problem [Fourie 2011; Meyer 2014; De Lannoy et al. 2018]. However, the problem
still persists. Brynard [2011] states that a key reason for the persistence of the high unem-
ployment is that policy making in the country is often too broad and not focused enough.
Adding that, although there is a wealth of data relating to unemployment in South Africa,
a limited amount is used in the policy making process.

Solutions to unemployment can either be programmatic or systemic. The programmatic
being targeted at particular groups of unemployed persons. These are typically executed by
companies, government municipalities, and non-profit organisations. Shankar et al. [2016]
studied programmatic interventions and some of the programmes studied are the IT man-
agement company, EOH’s youth job creation initiative and Mentec Foundation’s train and
place initiative. These programmes were found to be effective for unemployed youths placing
over 100 000 of them into jobs.
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Systemic interventions are those that aim to put in place measures that sustainably reduce
unemployment across the board with the aim being to resolve the problem permanently
[Levinsohn 2007; Brynard 2011]. Examples of this would be changes in the education sys-
tem to make it aligned to employment opportunities or changes in government policies to
prioritise job creation [De Lannoy et al. 2018]. One example of a policy intended to reduce
unemployment is the wage subsidy policy in South Africa [Levinsohn 2007]. This policy
enables more first-time job seekers to get employed because salaries for these employees are
subsidised by the government.

Even though programmatic interventions are beneficial because they get a number of people
into jobs, these have limited impact when compared to systemic interventions [De Lannoy et
al. 2018]. Therefore, where possible, systemic interventions are preferred over programmatic
ones. In order to effect systemic changes, policymakers are reliant on forecasts to deter-
mine which policy options to put in place [Makridakis 1988; Levinsohn 2007]. Currently,
these forecasts are generated through traditional statistical methods [Makridakis et al. 2018;
Brooks 2014; Hyndman and Athanasopoulos 2018].

Brynard [2011] states that in developing unemployment policy the labour market and its
dynamics must be understood. In South Africa, this understanding comes from Statistics
South Africa’s quarterly labour force survey, which is a database that provides data on how
unemployment changes yearly and quarterly. It also provides the demographic profile of
the unemployed persons: their ages, location, race, gender, and education levels [Levinsohn
2007; Brynard 2011].

Once the labour market dynamics are understood previous policy interventions are stud-
ied for their successes or failures [Brynard 2011]. Thereafter, scenarios are run for new
policy options with judgments from experts estimating possible reductions of the unem-
ployment rate for each policy options being considered [Brynard 2011; Levinsohn 2007]. As
such accurate forecasting is important throughout the policy making process [Brynard 2011].

Traditional statistical methods are historically the key methods for forecasting unemploy-
ment rates [Aiken 1996; Olmedo 2014; Hall 2018; Katris 2019ab]. However, these models
have limitations as they primarily forecast data that is stationary, linear, and symmetric
[Olmedo 2014; Aiken 1996; Brooks 2014; Hyndman and Athanasopoulos 2018; De Gooijer
and Hyndman 2006]. Being only able to cater for nonlinear data with significant manipu-
lation from the data analyst [Cook and Hall 2017; Hyndman and Athanasopoulos 2018; De
Gooijer and Hyndman 2006].

These models are also biased towards the most recently seen data points. This is because
the models are autoregressive which means that recent observations have a relatively larger
weighing on the outcomes of the model [Makridakis 1988]. This is a challenge for nonsta-
tionary data as the data varies inconsistently over time. Hence, the models are not able to
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accommodate economic shocks which cause sudden and unusual changes in the movement
of unemployment rates such as economic recessions and booms [Aiken 1996; Olmedo 2014;
Makridakis 1988; Makridakis et al. 2009].

De Gooijer and Hyndman [2006]; Clements et al. [2004] state that nonlinear modelling using
traditional statistical approaches is still in its ‘infancy’. They found no evidence in perfor-
mance improvement – measured by error rate – when traditional statistical nonlinear models
were compared to linear models on financial and macroeconomic data. This makes these tra-
ditional statistical methods limited when it comes to forecasting unemployment rates because
unemployment data tends to be nonstationary, nonlinear, asymmetric, seasonal, and trendy
[Hall 2018; Aiken 1996; Olmedo 2014; Katris 2019a].

Aiken [1996] was the first researcher to employ a multilayer perceptron (MLP) to address
the challenges associated with forecasting unemployment rates with traditional statistical
methods. The MLP model outperformed traditional statistical methods, as measured by
the mean average error. Since then, several researchers have demonstrated that machine
learning models have a higher accuracy than traditional statistical methods when forecast-
ing unemployment rates [Katris 2019a; Cook and Hall 2017; Mahipan et al. 2013; Atsalakis
et al. 2007; Kouziokas 2019; Sermpinis et al. 2014; Sharma and Singh 2016].

Although, traditional statistical methods are still preferred when it comes to forecasting
unemployment, machine learning models are showing a lot of promise. There is currently an
increase in research to improve the forecasting accuracy and adoption of machine learning
models [Makridakis et al. 2018; Hall 2018; Cook and Hall 2017; Sharma and Singh 2016;
Sermpinis et al. 2014]. Much of this work is in North America, Europe, and Asia and not
much in Africa [Makridakis et al. 2018; Hall 2018; Cook and Hall 2017; Sharma and Singh
2016; Sermpinis et al. 2014].

At the writing of this paper, applications of machine learning models to forecast unem-
ployment rates were still at experimental stages [Makridakis et al. 2018; Hall 2018; Cook
and Hall 2017]. Researchers thus far have focused on forecasting unemployment t-periods in
the future, with few using the data to determine which features drive unemployment [Kreiner
and Duca 2019; Hall 2018; Katris 2019a]. The majority of these models are univariate models
using past unemployment rates as the only predictor of future unemployment [Makridakis
et al. 2018; Cook and Hall 2017; Hall 2018; Olmedo 2014; Kouziokas 2019; Katris 2019ab].

1.2 Purpose Statement

The intention of this research was to i) apply machine learning models to forecast the South
African unemployment rate, as this could improve systemic interventions through policy-
makers, ii) use a multivariate approach to determine which features drive unemployment in
South Africa, and iii) examine the causal links between key features that drive the unem-

12



ployment rate.
This kind of work is currently limited in the country, there is evidence of statistical methods
but not machine learning models [Burger and Fourie 2015; Kyei and Gyekye 2017].

1.3 Research Questions

In order to address the research problem and achieve the purpose of this research the following
research questions were explored:

1. Compared to the vector autoregression model (VAR), the benchmark multivariate fore-
casting model, how effective are machine learning models (regression, neural networks,
and kernel methods) in forecasting the South African unemployment rate?

2. The South African Reserve Bank tracks 147 key macroeconomic variables, these are
used as features in this research. What is the impact of feature selection on the
unemployment forecasting accuracy?

3. What is the relationship between the various features of the unemployment rate and
how do they influence the unemployment rate and each other?

1.4 Research Contributions

This research contributes to the growing body of knowledge on applying machine learn-
ing models in the context of unemployment rate forecasting. This research will make the
following contributions:

1. Use machine learning (i.e. neural networks, regression, and kernel based models) al-
gorithms to forecast the South African unemployment rate over various time horizons
(i.e. 1, 2, 4, and 8 quarters ahead). The application of machine learning to forecast
unemployment rates is concentrated in North America, Europe, and Asia. Only one
paper was found that applied ordinary least squares to forecast unemployment in South
Africa. Therefore, this research will contribute by localising such research beyond the
OLS, which is a foundational machine learning technique.

2. Use feature selection techniques (i.e. information gain, ANOVA, Elastic Net, LASSO,
and recursive feature selection) to determine which features contribute significantly
in predicting unemployment rates. Economic forecasting typically employs arbitrary
feature selection or feature selection based on expert input. This research demon-
strates automatic feature selection which allows the discovery of unorthodox features
influencing the unemployment rate.

3. Use probabilistic techniques (i.e. Dynamic Bayesian Networks) to discover how various
features influence one another. Past research focuses on forecasting the unemployment
rate t-periods into the future with none using the data to determine the influence
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network of these features. This research will do so, demonstrating the value to policy
makers of influence networks.

4. Advice policymakers on opportunities to reduce unemployment based on the findings
of this research.

1.5 Research Methodology Overview

Economic data was used to forecast the South African unemployment rate. These economic
variables are treated as the features whilst the South African unemployment rate itself is the
label. The data was sourced from the South African Reserve Bank (SARB). An exploratory
research approach was followed that used past research as a guideline of which models to
experiment with.

Economic data generally has different magnitudes and, therefore, the data is first scaled
to ensure features are treated equally by the models. After scaling these features, twelve
machine learning models are applied to forecast the South African unemployment rate: five
of which are regression models namely, support vector, bayesian, linear, ridge, LASSO, and
elastic net regression; four are deep learning models namely, multilayer perceptron, long
short-term memory, bidirectional long short-term memory, and gate recurrent unit; and the
last two being random forrest and extreme gradient boosting of the decision tree type of
models. The vector autoregression (VAR) model was used as a baseline traditional statisti-
cal model against which the machine learning models were compared. The VAR is the most
commonly applied multivariate statistical method for unemployment rate forecasting. These
models are future discussed in chapter 2.

1.6 Dissertation Structure

This chapter provided the introduction to the research paper. Discussing the research prob-
lem, research purpose, as well as the research questions. The rest of the research paper
consists of four sections. The first being the background and literature review in chapter 2.
The chapter will provide a background to the traditional statistical methods that are used to
forecast unemployment rates, as well as the literature review on the use of machine learning
techniques to forecast unemployment rates across the world. The third section, chapter 3, is
the methodology section which discusses how this research was carried out, the data used,
and the preprocessing steps taken to prepare the data for modelling. Chapter 4 discusses
the results achieved by this research, with chapter 5 summarising the research, stating the
research contributions, future work, and policy recommendations.
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2
Background & Related Work

Unemployment is considered by many to be an indicator of the economic health of a nation
[Aiken 1996; Pelaez 2006]. As such, forecasting it has been a priority activity of econome-
tricians since the dawn of forecasting. However, in South Africa, there is a limited body of
literature on quantitative unemployment forecasting techniques [Burger and Fourie 2015].

The use of these machine learning techniques to forecast unemployment has been of in-
terest to researchers since the 1990s. Aiken [1996] was one of the first to demonstrate how
neural networks could be used to forecast the unemployment rate. His research attempted
to address issues associated with the accuracy and reliability of traditional statistical ap-
proaches when forecasting unemployment rates. He noted that the biggest problem is that
traditional forecasting techniques require certain conditions to be met by the data before
being applied: stationarity, linearity, constant variance, and constant mean.

Both traditional statistical univariate and multivariate models have extensive data require-
ments that need to be met before being effectively used. However, this is not the case with
machine learning approaches as these techniques learn the underlying pattern in the data
that map features to the target variable.

This section will provide an overview of traditional statistical models and machine learn-
ing approaches used to forecast unemployment rates. The section will start with univariate
and multivariate traditional models, followed by regression techniques, neural networks, and
ending with nearest neighbour and ensemble techniques.

2.1 Traditional Unemployment Forecasting

Previous forecasting research defines traditional statistical methods distinctly from machine
learning methods. This tradition will be maintained throughout this paper.
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Makridakis [1988]; Makridakis et al. [2018]; Cerqueira et al. [2019] define traditional statisti-
cal models as “models that assume constancy of patterns and/or constancy of relationships
or predictability in the way that changes occur”. This distinction and definition is well
established in forecasting and statistical literature [Makridakis et al. 2018; Cerqueira et al.
2019].

Concretely, Makridakis et al. [2020 2018] refer to a number of models as traditional sta-
tistical models: näıve forecast, random walks, simple exponential smoothing (SES), Holt,
Holt-Winters, damped exponential smoothing, theta method, autoregressive integrated mov-
ing average (ARIMA), vector autoregression (VAR), threshold autoregression (TAR), and
generalized autoregressive conditional heteroskedasticity (GARCH) models.

This sub-section will discuss the traditional statistical approaches that are used to forecast
unemployment rates across the world. Sub-section 2.1.1 and sub-section 2.1.2 will provide
the literature review of univariate and multivariate approaches.

2.1.1 Univariate Linear Models

Univariate models are linear models that forecast a variable based on its lag values and
associated error terms only [Brooks 2014]. The ones that are most commonly used for
forecasting unemployment will be discussed in this section.

Näıve Forecasts

Näıve forecasts are those that assume what has happened in the past will continue happening
in the future. Therefore, future unemployment is forecasted based on recently observed
unemployment data only i.e. ut+1 = ut = ut−1, where, u is the unemployment rate. This
technique is often used as a benchmark model, assisting in evaluating if proposed models
have higher accuracy [Barnichon and Nekarda 2013].

Autoregressive Integrated Moving Average (ARIMA)

Montgomery et al. [1998] state that the most commonly used univariate statistical model is
the ARIMA model. The model states that the features, ut, can be determined using a linear
combination of past and present values of the same feature i.e. ut−i, where t − i is a time
period i times before t. The ARIMA model is made of a combination of three common time
series models:

1. Autoregressive (AR), which according to Brooks [2014] is the linear regression part of
the model, where the current value of a feature, ut, depends only on the past values
of the feature and an error term. This can be presented as φ(L)ut = ε, where φ(L) is
a linear combination as shown in Equation 2.1, with L being the lag operator, which
returns the previous element of a series, for example, L2 and Li would return two
previous data points and i previous data points respectively. The ε is the error term.
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2. Integrated (I), Brooks [2014] defines the ‘I’ in ARIMA by stating that “if a nonstation-
ary series, yt must be differenced d times before it becomes stationary, then it is said
to be integrated of order d.” In other words, ‘I’, is the mechanism to ensure the data
being considered is stationary.

3. Moving Average (MA), are linear combinations of the error terms of a regression pro-
cess. These terms are generated independently of each other, are not correlated with
one another, and have a constant mean and variance [Brooks 2014]. MA is given by
yt = θ(L)ut + µ, where θ(L) a linear combination as shown in Equation 2.2, although
it is in a negative form in this context [Brooks 2014].

Several researchers and institutions use the ARIMA model to forecast the unemployment
rate across the world [Montgomery et al. 1998; Barnichon and Nekarda 2013; Mahipan et al.
2013; Funke 1992; Katris 2019a; Hall 2018; Jelena et al. 2017]. In Equation 2.3, the ARIMA
equation is shown, where ut is the unemployment rate being estimated [Montgomery et al.
1998]. Variables p, d, and q are natural numbers used to set the autoregression order, the
differencing order that makes the time series stationary, and moving average window.

φ(L) = 1− φ1L− ...− φ2L
p, (2.1)

θ(L) = 1− θ1L− ...− θqLq, and (2.2)

φ(L)(1− L)dut = c+ θ(L)ε+ t. (2.3)

Fractional ARIMA (FARIMA)/Generalised Autoregressive conditionally het-
eroscedastic (GARCH)

The ARIMA model can cater for different movements in time series data through modified
versions of the ARIMA: Seasonal ARIMA (SARIMA) can cater for data with seasonality
and Fractional ARIMA (FARIMA) allows for improved modelling of nonstationary data.
Fractional ARIMA models are a generalised version of ARIMA that allows for long-term
memory to be incorporated into the model.

According to Katris [2019ab]; Brooks [2014], FARIMA/GARCH extend the FARIMA and
enable the modelling of data with differing variances (heteroskedastic time series). This
model is preferred in modelling time series whose variance is not constant across its life
span. The model can forecast unemployment even when its movements are affected by mar-
ket shocks such as recessions with greater accuracy than ARIMA, SARIMA, and FARIMA
[Katris 2019ab].

Holt-Winters

Hyndman and Athanasopoulos [2018] state that Holt is a model that takes trends into
account in how it forecasts. Holt-Winters is an extension of Holt, allowing for seasonality
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to be captured in models. The model enables trends and seasons to be modelled, by using
exponential smoothing to represent and capture past data. Katris [2019a] states that Holt-
Winters and ARIMA are standard benchmarks when modelling time series data. Showing
that the model in some instances is more accurate than FARIMA/GARCH when modelling
unemployment rates.

Threshold Autoregressive Models (TAR)

Although ARIMA has proven successful in the past, these models, along with other uni-
variate models are unable to accurately forecast asymmetric variables. Unemployment data
is typically asymmetric in that it sometimes declines when it is expected to increase, such
as during the South African “jobless growth era”, depicted in Figure 2.1 [Vermeulen 2017;
Marinkov and Geldenhuys 2007]. Therefore, nonlinear models are preferred over them for
such instances. TAR is such a model, that has been shown to be adequate in addressing the
asymmetric nature of unemployment [Montgomery et al. 1998].
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Figure 2.1: The South African unemployment rate is asymmetric. Between 2003 and 2006
unemployment decreased as GDP increased. However, between 1998 and 2001 unemployment
increased as GDP increased.

TAR is able to accommodate asymmetries because the model allows for regime shifting
[Montgomery et al. 1998; Fok et al. 2005; Fransesa et al. 2004]. Therefore, as the movement
in unemployment rates change due to structural changes, these models can accommodate
the changes. TAR can cater for multiple regime shifts through its modified versions: Smooth
TAR (STAR) and Self-Exciting TAR (SETAR) [Fok et al. 2005; Pelaez 2006].

Fransesa et al. [2004] used root mean squared error (RMSE) and mean absolute percentage
error (MAPE) as performance measures in an experiment to forecast unemployment using
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two regime shifting models: TAR and Markov Switching Models. These models had lower
error rates than the AR model in three of the four countries in the experiment. However, in
Germany the AR models outperformed the regime shifting models. This is consistent with
Clements et al. [2004]; De Gooijer and Hyndman [2006] who state that nonlinear models
outside of machine learning, are still in their “infancy” and do not always produce better
forecasts.

Univariate models are limited by the fact that the models only rely on the past values of
a feature to determine its future value [Brooks 2014; Hyndman and Athanasopoulos 2018].
These models only model linear data and are unable to capture regime shifts (structural
changes) reliably [Brooks 2014; Hyndman and Athanasopoulos 2018]. Nor are they able to
model data that is asymmetric [Montgomery et al. 1998]. Regime shifts and asymmetries are
common in movements of the South African unemployment rate, along with seasonality and
an upward trend [Statistics South Africa 2019; Vermeulen 2017]. Furthermore, the ARIMA
model requires extensive preprocessing when the underlying data is seasonal and trendy
[Hyndman and Athanasopoulos 2018]. Therefore, multivariate models are explored as they
address some of the limitations of univariate models

2.1.2 Multivariate Models

Multivariate models are generalisations of univariate models. They essentially allow for the
forecasting of features and one or more targets simultaneously. The common model used to
model unemployment will be discussed in this sub-section.

Vector Autoregressive Models (VAR)

The generalisation of ARIMA models from single dependent variables to multiple is vector
autoregression models (VARs) [Montgomery et al. 1998]. A VAR is a regression model
with more than one feature. The features are also assumed to equally influence each other
[Hyndman and Athanasopoulos 2018]. A VAR model with two features can be written as,

y1,t = c1 + φ11,1y1,t−1 + φ12,1y2,t−1 + ε1,t and (2.4)

y2,t = c2 + φ21,1y1,t−1 + φ22,1y2,t−1 + ε2,t, (2.5)

where, yi,t is the i-th feature at time t, ci is a constant, φij,t captures the influence of fea-
ture i on feature j at time t. The ε terms are white noise generated errors [Hyndman and
Athanasopoulos 2018].

In Equation 2.4 and Equation 2.5 it is also clear to see that each feature (yi,t) is estimated
by its own lags and the lags of all the other features in the model. The influence of each
model is assumed to be equal across the different features [Hyndman and Athanasopoulos
2018]. This fact makes feature selection impossible with VAR.
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This model was used by Montgomery et al. [1998] to model unemployment trends in the
United States of America (USA) and found that the model had a higher accuracy when
compared to ARIMA.

Cook and Hall [2017], however, noted that VARs have a key limitation in that if one wants to
model complex data or nonlinearities, it would be dependent on the researcher being able to
manipulate the data to suit the model which requires the researcher to have deep knowledge
of the underlying data structure. The VAR moving average (VARMA) model, a generalised
version of VAR, is an alternative to VAR that is also employed in unemployment forecasting
[Pelaez 2006]. However, this model does not solve the challenges associated with VARs.

Yang [2007] attempted to overcome these challenges by introducing the seasonal additive
nonlinear VAR model (SANVAR) and successfully demonstrated that it could model unem-
ployment rates in the USA with a higher accuracy in most cases than univariate models.
The model was able to draw insights around how people of different races and genders are
affected by different unemployment drivers. The model, however, has drawbacks in that it
requires extensive set up and expert knowledge from the researcher to successfully deploy.

2.1.3 Known Challenges with Traditional Forecasting Models

This sub-section provided a view of the traditional approaches to unemployment forecasting
which have been in use for decades. These models have several limitations which the machine
learning approaches, discussed in section 2.2, attempt to overcome. The key challenges being:

• Hall [2018]; Aiken [1996]; Pelaez [2006] state that the models are best catered to forecast
linear data and often require a significant amount of tweaking to enable them to model
nonlinear data. The tweaks themselves are complex as they require the researcher to
have intimate knowledge of the data itself.

• The models assume that the data is symmetric and are prone to error when the data
is asymmetric as unemployment data is, although threshold approaches try to address
this [Marinkov and Geldenhuys 2007; Hyndman and Athanasopoulos 2018].

• The models are prone to error when there are economic shocks which cause the observed
variable to behave in a manner which is not synonymous with more recent observations
[Hall 2018; Aiken 1996; Olmedo 2014].

• The data is often required to meet certain data quality requirements such as white noise
(randomly generated uncorrelated variables with zero mean and constant variance) and
stationarity [Aiken 1996; Brooks 2014; Katris 2019a; Olmedo 2014].

• As there are hundreds of possible variables to consider in forecasting unemployment,
the limitation in the method and tools demand that the researcher select a particular
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subset of variables. This selection is often done arbitrarily or based on economic theory
and therefore not data-driven [Katris 2019b; Davies et al. 2009; Liang 2005; Kyei and
Gyekye 2017].

• The VAR model assumes that each feature is equally important in predicting the target,
making it impossible to determine which features are most important [Montgomery et
al. 1998; Hyndman and Athanasopoulos 2018].

This sub-section provided a review of traditional statistical methods that are used for fore-
casting unemployment across the world. Section 2.2, provides a literature review of the
machine learning approaches that have thus far been employed to forecast unemployment.
These models address the limitations of traditional unemployment forecasting model and
offer an improvement in forecasting accuracy.

2.2 Machine Learning Unemployment Forecasting

Goodfellow et al. [2016] state that machine learning is a programmatic process of enabling
computers to ‘learn’ from experience. Where ‘learn’ is defined as the ability to “improve
over task T, with respect to performance measure P, based on experience E” [Mitchell 1997].
A task could be forecasting the unemployment rate, the measure being prediction accuracy
measured by the mean absolute error, and the experience is the time series data.

Therefore, machine learning systems are those that are able to detect and generalize patterns
from data [Mitchell 1997]. Improving the accuracy of the generalization as the data volume
increases [Mitchell 1997; Goodfellow et al. 2016]. This sub-section will provide a literature
review of the key machine learning methods that are used to forecast unemployment rates.
Regression (subsection 2.2.1), kernel (subsection 2.2.2), neural network (subsection 2.2.3),
nearest neighbour (subsection 2.2.4), and ensemble (subsection 2.2.5) machine learning ap-
proaches are discussed in this section.

2.2.1 Regression

Hyndman and Athanasopoulos [2018] state that regression is an approach for estimating
the relationship between one or more variables. Where the variables are either features or
a target. The models inherently assume that there is a relationship between features and
target. As such, they are models that try to estimate the influence of features on the target.
This section will discuss the common regression techniques used to model unemployment
rates.

Least Absolute Shrinkage Selector Operator (LASSO) Regression

Linear regression is a fairly simple regression technique. This method is essentially the or-
dinary least squares (OLS) method shown in Equation 2.6. The method is useful for linear
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contexts and is used to a limited extent in unemployment rate forecasting [Kyei and Gyekye
2017]. Linear regression also offers little avenues to avoid overfitting.

LASSO was introduced to extend the capabilities of the OLS method to enable overfitting
to be addressed through regularization [Kreiner and Duca 2019]. The LASSO model min-
imizes prediction error through a regularization process. The model penalizes the reliance
on particular variables for prediction, therefore, reducing overfitting. This regularization is
known as L1 regularization and is shown in Equation 2.7. Equation 2.7 shows the equation
of the LASSO model:

β̂ = argmin
β
‖y −Xβ‖2 , (2.6)

β̂ = argmin
β
‖y −Xβ‖2 + λ1 ‖β‖1 . (2.7)

where, y is the actual value the algorithm is estimating, X is the input data, and λ1 is the
LASSO regularization term: λ1 ‖β‖1 is referred to as L1 regularization (the norm of the βs
i.e. ‖β‖1 = Σn

i=0 |βi|).

Kreiner and Duca [2019] used LASSO regression to forecast unemployment rates in the USA,
demonstrating that LASSO can improve the forecasting accuracy of the USA unemployment
rate as well as identifying variables which are most important in forecasting unemployment.
Interestingly, the model suggested that international data such as German job vacancies and
Australian treasury rates were amongst the ten most important features in predicting the
USA unemployment rate.

Elastic Net (ENET)

Hall [2018] states that core to machine learning algorithms is minimizing errors relating
to bias and variance, which coincidentally have a trade-off relationship. The Elastic Net
(ENET) model was designed to specifically minimize both these errors through regulariza-
tion. The model has penalties for overfitting by penalizing the model if it is overly complex
(too many variables) or has over-reliance on particular variables. Through this process, the
ENET learns which features are most important in the data without a need for the researcher
to make assumptions as is required in the traditional forecasting approaches.

Equation 2.8 and Equation 2.9 shows two mathematical representations of ENET. The un-
known in the equation is β, which the ENET algorithm attempts to estimate such that
the error (y −Xβ) is minimized [Hall 2018]. It is also clear that Equation 2.8 is essentially
Equation 2.7 with an additional regularizer, this is because ENET is an extension of LASSO.
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β̂ = argmin
β
‖y −Xβ‖2 + λ1 ‖β‖1 + λ2 ‖β‖2 and (2.8)

β̂ = argmin
β
‖y −Xβ‖2 + αρ ‖β‖1 +

α(1− ρ)

2
‖β‖2 , (2.9)

where, y is the actual value the algorithm is estimating, X is the input data, and the λs are
a regularization term: λ1 ‖β‖1 is referred to as L1 regularization (the LASSO regularizer)
and λ2 ‖β‖2, the L2 regularization (the euclidean norm of the βs).

In Equation 2.8, the λs penalizes the model for over-reliance on particular variables, there-
fore, ensuring β remain small whilst ensuring features with the lowest predictive powers are
driven to zero. However, the λs are not bounded, although positive, and therefore can take
any real positive value [Hall 2018]. Hence Equation 2.9 was introduced that replaces λ with
α and ρ which are also regularization terms but are bounded between 0 and 1 [Hall 2018].

Hall [2018] demonstrated that the ENET can forecast unemployment over 3, 6, 9, 12, and
24-month horizons more accurately than traditional forecasting models and professional fore-
casters which were used as baseline models. This model was able to identify unemployment
shifts over recessions and booms more accurately than the baseline models. Through the
regularization process of ENET, the model was able to identify key variables that predict
unemployment by setting all other coefficients to zero. In Hall [2018], the most important
features identified by the ENET model for the USA were: housing, manufacturing, and
interest rates.

Multivariate Adaptive Regression Splines (MARS)

Multivariate Adaptive Regression Splines (MARS) is an extension of linear regression mod-
els, which enable the modelling of nonlinearities. The model is non-parametric and assumes
no particular relationships amongst the features and target [Katris 2019b]. Katris [2019b]
demonstrated that MARS models offer an improvement in forecasting although the improve-
ment was not as significant as neural networks.

Diana et al. [2014] also used a multivariate regression model to forecast unemployment
in Indonesia. They found similar results as Katris [2019a]: improvement in forecasting ac-
curacy. Diana et al. [2014]’s implementation was, however, semi-parametric and it used
Bayesian techniques to determine the forecasting confidence intervals. The researchers state
that semi-parametric multivariable regression models offer an improvement over standard
non-parametric MARS approaches by removing assumptions on how the regression function
should look. The data is used to derive the regression function.
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2.2.2 Kernel Methods

Support vector machines (SVMs) are an approach to supervised learning that enables nonlin-
ear data to be classified using a hyperplane [Goodfellow et al. 2016]. The approach outputs
a class identity, categorising the inputs into varying classes. These models are useful for
modelling nonlinear data. There are two types of SVMs: Support Vector Classifiers (SVC)
and Support Vector Regression (SVR).

To use SVMs for regression problems, an implementation of the ε-sensitive loss function
is required which enables nonlinear regression modelling [Sermpinis et al. 2014]. The loss
function is shown in Equation 2.10, where, yi is the value being estimated, f(xi) is the pre-
dicted output, and ε is the error. Equation 2.11 shows the SVR estimator function [Ahmed
et al. 2010]:

Lε(xi) =

{
0, if | yi − f(xi) | ≤ ε , ε ≥ 0

| yi − f(xi) | − ε, if other
, (2.10)

f(x) =
M∑
n=1

(α∗
m − αm)xTx+ b, and (2.11)

J = C
M∑
n=1

|Lε(xi)|+
1

2
‖w‖2 . (2.12)

Where, α∗
m and αm are Langrange multipliers, x is the input data, and b is the bias term.

Langrange multipliers are used because the SVR is fundamentally a constraint optimization
problem. These multipliers are useful in solving constraint optimization problem at the cost
of adding additional variables to the model: the multipliers.

Equation 2.11 is optimized by minimizing the loss function shown in Equation 2.12. In
which the first term is the ε-sensitive loss function and second a regularization term that
penalizes the model if it overly relies on particular features.

Cook and Hall [2017]; Katris [2019b] demonstrated that the use of nonlinear kernels in
SVRs makes them effective in unemployment forecasting tasks with an accuracy that is
above linear regression. The kernel is a function that transformations the feature space into
a higher one where a decision boundary can be more ‘easily’ fit by the support vector.

2.2.3 Neural Networks

Neural networks offer a significant advancement in time series forecasting because these tech-
niques do not require particular data assumptions to be met before being used and they can
function with incomplete or imperfect data, unlike other models that present issues when
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data completeness is a requirement [Aiken 1996]. Therefore, neural networks are a preferred
choice when forecasting nonlinear time series data.

Aiken [1996] was the first to demonstrate that neural networks can produce significantly bet-
ter unemployment forecast estimates compared to traditional forecasting models. Table 2.1
provides more information on Aiken [1996]’s results along with other machine learning mod-
els discussed in this section. Since Aiken [1996], several other researchers have investigated
various neural network architectures for forecasting unemployment, these are discussed in
this sub-section.

Feed Forward Neural Networks (FFNN)

Feed Forward Neural Networks (FFNN) are neural networks where the data flows from input
to output in a ‘forward’ direction without moving backwards. Their goal is to find a predictor
function, f , which maps an input x to some output y i.e. y = f(x) [Goodfellow et al. 2016].
FFNNs are foundations to more advanced neural networks and they are referred to by mul-
tiple names: Multilayer Perceptron (MLP) or Deep Feed Forward Networks. FFNNs enable
nonlinear relationships to be effectively modelled, which is important for unemployment data.

Cook and Hall [2017] investigated the use of fully connected FFNNs to predict unemploy-
ment rates in the USA and they found them to perform better than Surveys of Professional
Forecasters. Aiken [1996]; Kreiner and Duca [2019]; Pelaez [2006] were able to demonstrate
that FFNNs offer a significant improvement in forecasting results when compared to tradi-
tional unemployment forecasting techniques.

Katris [2019a] found that in Mediterranean countries, FFNN were sometimes outperformed
by FARIMA/GARCH and Holt-Winters models on preprocessed data that showed evidence
of nonlinearity, heteroskedasticity, and non-normality. The key reason given for the under-
performance by the neural network was the simplicity of the FFNN structure: a single hidden
layer model with 1 to 10 nodes and a sigmoid activation function. Cerqueira et al. [2019]
also observed that large data sets are required for neural networks to outperform traditional
statistical methods. Therefore, it is clear that neural networks need sufficient data and an
appropriate architecture to perform effectively.

Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNN) are a type of neural network architectures that enable
effective modelling of sequences of data as they possess an internal memory structure [Good-
fellow et al. 2016]. At their core they are essentially FFNNs with feedback loops [Goodfellow
et al. 2016]. RNNs were developed for natural language processing requirements such as
language translation.

Cook and Hall [2017] demonstrated that these models can forecast unemployment accurately
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by using a variation of RNNs referred to as long short term memory (LSTM) networks. The
model outperformed the ARIMA model, using only past unemployment rates in the USA as
the input to the model.

Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNNs) are a class of neural networks that are used primarily
for image classification [Goodfellow et al. 2016]. These networks employ a mathematical
procedure called convolution. Through convolution, different filters and aspects of an image
can be detected such as edges. Although CNNs are not typically used for time series data,
they were used to predict unemployment rates and were found to perform poorly when
compared to other neural network architectures but with higher accuracy rates than ARIMA
[Cook and Hall 2017]. The results are consistent with the intention of the architecture which
is to extract features from images and not to perform regression type activities.

Encoder Decoder (ED)

Encoder Decoder (EDs) LSTM networks are a specialised form of LSTM networks, that were
designed for predicting words that are likely to be used within a particular sentence structure
[Cook and Hall 2017]. These models have the ability to ‘remember’ things over a long period
of time which makes them ideal to predict data over long horizons. Cook and Hall [2017]
found the models to perform better than all other neural network models that were used
as benchmarks (FFNN, CNN, and RNN). Part of the reason for this superior performance
is that EDs are a combination of two LSTM models that have been tweaked to extend the
long-term memory capacity.

Psi Sigma Neural Network (PNN)

Psi Sigma Neural Networks (PNN) are a specialised kind of FFNNs where the way in which
weights are updated is modified to use a partial update methodology. Sharma and Singh
[2016] used the PNN with six inputs, five hidden layers and one output, where the weight of
the last layer was fixed to 1 and was never updated throughout the training process. The
minimised function used was,

E(c, wj) =
1

N

∑
n=1

N(yn − f(wk, c)
2) (2.13)

where, yn is the value being estimated, f is the estimated value, wk are the adjustable
weights, and c is an adjustable term. The adjustable term enables the model to provide
better estimates: improved accuracy and reducing overfitting. The term can be compared
to the traditional sigmoid functions in normal neural networks.

The model was used to forecast unemployment rates and was compared to FFNN and RNNs.
The results showed that the PNN had a higher error rate which was five times higher than
FFNNs and RNNs.
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Radial Basis Function Neural Network (RBFNN)

A Radial Basis Function (RBF) is a function that is determined by the distance between
the input value and a predetermined fixed point. According to Sharma and Singh [2016],
RBFNN are neural networks that use the RBF as their activation function as opposed to the
traditional sigmoids used in other neural networks. The output of these models is a linear
combination of RBFs. This model, when compared to RNN and FFNN, had a mean average
error that was four times higher [Sharma and Singh 2016].

Sharma and Singh [2016] found that although the mean average error of RBFNN was five
times higher than RNNs and FFNNs when these models are combined with Learning Vector
Quantization (LVQ) the error was reduced by close to 50%. Mathworks [2020] states that
LVQs are classification neural networks that use unsupervised learning techniques to extract
features which are then classified into individual classes. Adding that the unsupervised tech-
nique leverages competitive learning, where, all neurons compete to be activated resulting
in only a single one being activated at each layer. Hence the approach is sometimes called a
‘winner takes all’ approach [Sharma and Singh 2016].

Adaptive Neural Fuzzy Inference System (ANFIS)

Atsalakis et al. [2007] define a Neural Fuzzy System as “a combination of Artificial Neural
Networks (ANN) and Fuzzy Inference System (FIS) in such a way that neural network learn-
ing algorithms are used to determine the parameters of FIS”. One such combined system is
the Adaptive Neural Fuzzy Inference System (ANFIS). Where, a FIS is a system that uses
fuzzy set theory to map inputs to outputs, it uses ‘IF...THEN...’ rules as well as logical
operators AND and OR to achieve its mapping.

Atsalakis et al. [2007] investigated the use of ANFIS to forecast unemployment in Greece
and these models performed better than ARIMA models. Therefore, demonstrating that
these models are legitimate alternatives for forecasting time series data.

Yolcu and Bas [2016] used several fuzzy logic techniques to forecast unemployment rates
in Turkey: one of which is the ANFIS (discussed in Table 2.1 along with their other mod-
els). Their results are similar to that of Atsalakis et al. [2007], in that their fuzzy time
series forecasts had low error rates: affirming the suitability of these techniques to forecast
unemployment rates. Yolcu and Bas [2016], therefore, demonstrate that the fuzzy logic ap-
proaches are appropriate for forecasting unemployment rates. Adding that these techniques
offer advantages over others because they are able to perform optimally with small datasets.

2.2.4 Nearest Neighbour

Yang [2007] used a technique similar to K-nearest neighbour to predict unemployment rates
in the USA. Their model is not named, however, it is a nonlinear and non-parametric near-
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est neighbour method. The method works by splitting the unemployment time series into
a subset referred to as the history of the time series and a subset referred to as the future
of time series. This is similar to the train and test data splits that are common in machine
learning.

The algorithm then estimates the future from the history, by lopping through the historical
values and calculating their distance from the future value. A subset of n historical values
that are closest to the future values are selected. If the n values form a simplex - a triangular
shape - that contains the future value, then the n values can be used to forecast the future
value. The forecasted future value is predicted using the weighted average of the nearest
neighbours.

Yang [2007]’s nearest neighbour technique was able to forecast unemployment rates more
accurately (as measured by MSE) than ARIMA, TAR, BVAR, and professional forecasters
for multiple horizons: 3, 4, 5 ..., and 10 months ahead. The ARIMA was, however, more
accurate in one and two months ahead forecasts. These results show that Yang [2007]’s
technique can cater for uncertainly over longer horizons than traditional statistical methods.
The technique, however, did not perform as well when it was predicting unemployment using
quarterly unemployment rates as compared to monthly ones.

2.2.5 Ensemble Learning

Cook and Hall [2017] noted that when comparing forecasting models to Surveys of Profes-
sional Forecasters (SPF) it is important to realise that their forecast is in an average forecast
of a number of different forecasters who use different methods and approaches. On that
basis, Cook and Hall [2017] demonstrated that training four different neural networks inde-
pendently, these could then be combined to form an Ensemble model (EM) which combines
predictions from the individual architectures to a new improved model.

The combined model was able to out perform each individual model significantly, there-
fore, showing that such approaches can be leveraged to improve accuracy of unemployment
rate forecasts. Makridakis et al. [2018] also noted that ensemble techniques have grown in
popularity and accuracy over the past few years and are now the best performing forecasting
techniques in forecast competitions.

2.2.6 Model Comparison

Table 2.1 shows a performance comparison of machine learning models used to forecast un-
employment rates across the world. Most the models were discussed in the chapter 2. This
comparison gives a comprehensive review of machine learning models used to forecast un-
employment, their performance, and implementation specification. Most of these models are
applied to univariate data, benchmarked against the ARIMA model with few being multi-
variate.
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In cases where multivariate data is used in the research, dimension reduction techniques
such as PCA are used as well as feature selection techniques such as LASSO [Sermpinis et
al. 2014; Kreiner and Duca 2019; Hall 2018]. These methods are employed to reduce the
computational requirements of the model.

Katris [2019a] shows that model architecture makes a difference in performance outcomes.
Their finding is that simple neural network architectures can be outperformed by traditional
statistical models by preprocessing the data to meet the statistical requirements. Further-
more, feature selection is fairly arbitrary and often based on the domain knowledge of the
researcher [Aiken 1996; Atsalakis et al. 2007; Kouziokas 2019; Diana et al. 2014]. Therefore,
Table 2.1, serves as a foundation on which this research is built on.

The table also shows that FFNN are the most commonly used machine learning forecasting
techniques. Other methods are not used as often.
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Table 2.1: A detailed comparison of machine learning approaches to forecasting unemployment.

Models Evaluation *
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Model specifications
Aiken
[1996]

0,12

A FFNN was used with a genetic algorithm. Train-
ing was run for millions of iterations until the er-
ror rate was 3%. The researcher considered 250
macroeconomic indicators over a period of 50 years,
after analysis seven features where chosen from eco-
nomic theory and statistical analysis of the data.
The features included: Money growth (money sup-
ply Ml,money supply M2), interest rates, exports,
consumer expectations, consumer sentiment, the
composite index of 11 leading indicators, and the
Center for International Business Cycle Research’s
composite index.

Katris
[2019a]

0,12

A FFNN was used with a single hidden layer,
with variations in the number of nodes from 1
to 10. The sigmoid activation function used.
The R package AMORE was used in the imple-
mentation with 500 epochs. The data was pre-
processed to ensure nonlinearity, heteroskedastic-
ity and non-normality, which is a prerequisite for
FARIMA/GARCH model (the baseline). Only past
unemployment rates were used as input to the
model. The data was accessed from the Eurostat
database.
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Table 2.1 continued from previous page
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Cook and

Hall [2017]
45,50

Data was split into training, validation and testing
set, where, the training was from 1963 to 1996 with
every tenth observation added to the validation set.
The remaining data was used for testing. A stochas-
tic gradient descent was applied with dropout for
regularization. The researchers opted for a univari-
ate approach, where only past unemployment rates
were used as the features.

Mahipan
et al.
[2013]

65,35

Four different FFNNs were considered as candidate
models each using the tangent activation function,
with changes in the number of hidden layers and
the size of the network which varied as follows: 12
input variables, 11 hidden layers and 1 output; 2 in-
put variables, 2 hidden layers and 1 output; and 6
input variables, 11 hidden layers and 1 output. 30%
of the data was used for testing purposes. In the
preprocessing, the data was normalized to ensure
each value was in the range [0.1 - 0.9]. The learn-
ing process was stopped after 50 000 epochs were
reached. The data was accessed from the UNational
Statistical Office of Thailand database, where only
past unemployment rates were used. It is important
to note that MAPE was used instead of MAE.

Olmedo
[2014]

0,02

FFNN with backpropagation method was employed
with past unemployment rates being the only input
to the model. The data was accessed from Eurostat
database.
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Table 2.1 continued from previous page
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Atsalakis

et al.
[2007]

0,34

FFNN techniques combined with Fuzzy Logic tech-
niques were run over 250 000 epochs. Features used
where: population, population change, education,
popularity of education courses, types of jobs by
education, pay, percentage of labour force in gov-
ernment job, past unemployment, private consump-
tion expenditure, government expenditure, exports
of goods and services, current unemployment rate
and the gross national product. Trial and error
was used to determine the final feature list. The
data was accessed from Bureau of Labor Statistics
in Greece.

Yolcu and
Bas [2016]

0,67

Four different fuzzy logic techniques were used. The
standard steps in their fuzzy logic algorithms are
fuzzification, determination of fuzzy relations, and
defuzzification. They employed four different ap-
proaches for the ‘determination of fuzzy relations’
step: standard matrix operations, linguistically de-
fined relationships, feed forward neural networks,
and a clustering algorithm. The data used was
Turkey’s unemployment rate data from January
2005 to December 2013 with 11 different age groups.
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Table 2.1 continued from previous page
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Kouziokas

[2019]
0,25

The Levenberg-Marquardt algorithm was used as
the learning algorithm for the FFNN, it is fast and
iterative algorithm. It combines Gauss-Newton al-
gorithm and the steepest descent algorithm used for
solving nonlinear least squares problems. The data
collected was split into training (60%), validation
(20%) and testing (20%). Through trial and er-
ror, it was found that a FFNN with 14 neurons was
most effective with the linear activation function
for the first hidden layer and 9 neurons and Tanh-
Sigmoid transfer function in the second hidden layer
as the activation function. 8 epochs were used. The
past unemployment rates, GDP growth, exports of
goods and services were used as the model’s fea-
tures. The data was accessed from the UK Office
for National Statistics.
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Table 2.1 continued from previous page
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Sermpinis

et al.
[2014]

0,01

A Genetic Algorithm algorithm with high cross over
probability of 0,85 was used to determine the fea-
ture set. The Support Vector Regression was then
used to forecast unemployment rates. The initial
population size was 400 chromosomes with maxi-
mum generations set at 5 000 with roulette wheel
selection and the best member of each generation
is maintained (elitism). Essentially, the best fea-
tures are discovered through evolution. 11 predic-
tors were used: HOUSE, INDP, M1, EMPL, PCE,
PI, WAGE, and DJIA with WAGE and INDP be-
ing the consistently preferred features. The data
was accessed from the Federal Reserve Bank of St
Louis (FRED) and Bloomberg. The preprocessing
step included seasonal adjustments to the data.

Hall
[2018]

0,66

The ENET was used with 50% of the data reserved
for training, leveraging a rolling forecast framework,
which enables period t + 1 to be forecasted us-
ing data until period t. The model started with
138 macroeconomic variables drawn from a number
of economic categories in the FRED-MD database
from March 1959 to April 2017. The ENET was
able to discard features through its regularization
process. The data was accessed from the Bureau of
Labor Statistics, Federal Reserve Bank of St. Louis
FRED.
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Table 2.1 continued from previous page
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Kreiner

and Duca
[2019]

0,13

Size of FFNN was selected through trial and er-
ror, with one to five hidden layers being considered
each with 1 to 150 neurons. The model started with
600,000 variables in the FRED database, structured
as a recursive tree with data binned into eight cat-
egories. PCA was then applied to reduce the vari-
ables to 185. 3 hidden layers were used each with
97 neurons per layer with a logistic activation func-
tion. The data was accessed from FRED.

Kreiner
and Duca

[2019]

0,17

Through regularisation LASSO was able to set
all that coefficients to zero with only 10 remain-
ing. The 10 most important features were housing
starts, the change in non-financial corporate com-
mercial mortgages, unfilled German job vacancies,
retail vehicle registrations, weekly aggregate pay-
rolls, household net lending, 3-month Australian
Treasury rates, and producer prices for pharmaceu-
ticals and tractors. The data was accessed from
FRED.

Sharma
and Singh

[2016]

0,34

The FFNN had 8 input neurons, 6 hidden layer and
1 output layer with a learning rate of 0,005 and 60
000 epochs. The data was accessed from FRED.
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Sharma

and Singh
[2016]

0,5

The RNN had 7 input neurons, 6 hidden layer and
1 output layer were used with a learning rate of
0,003 and 50 000 epochs. The data was accessed
from FRED.

Sharma
and Singh

[2016]

2,62

The PSN had 6 input neurons, 5 hidden layers and
1 output layer with a learning rate of 0,002 and of
75 000 epochs. The weight of the first layer was
fixed to 1, whilst the rest are updated through the
iterations. The data was accessed from FRED.

Sharma
and Singh

[2016]

2,14

The RBFN had 8 input neurons, 4 hidden layers
and 1 output layer with a learning rate of 0,003
and 45 000 epochs. The data was accessed from
FRED.

Sharma
and Singh

[2016]

1,22

In each epoch, the neurons ‘compete’ to be acti-
vated and only 1 is activated at each iteration. The
data was access from FRED.
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Katris

[2019a]
0,21

The FFNN was implemented in the R package
AMORE. A single hidden layer was used and trial
and error was used to determine number of nodes:
from 1 to 10. The model used an adaptive gradi-
ent descent with adaptive backpropagation for 500
epochs with the sigmoid activation function. The
model was implemented with past unemployment
rates being the only input to the model. The data
was accessed from the Eurostat database.

Katris
[2019a]

0,25

A standard SVR was implemented from the R
programming language without any modifications.
The model was implemented with past unemploy-
ment rates being the only input to the model. The
data was accessed from the Eurostat database.

Katris
[2019a]

0,24

A standard MARS was implemented from the R
programming language. The model with lagged 1,
2, 3 and 4 variables was implemented. The model
was implemented with past unemployment rates be-
ing the only input to the model. The data was ac-
cessed from the Eurostat database.
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Diana et

al. [2014]
0.32

A semi-parametric multivariable regression model
was used with Generalized Maximum Likelihood to
estimate the smoothing spline function. Features
were predetermined for the model: percentage of
educated above high school, economic growth, pop-
ulation density, the ratio of investment to labor
force, regional minimum wage, and ratio of large
and medium industries to labor force. The data
was accessed from the Indonesian Central Bureau
of Statistics.
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Legend:

• FFNN - Feed Forward Neural Network

• CNN - Convolutional Neural Network

• RNN - Reccurent Neural Network

• PNN - Psi Sigma Neural Network

• RBFNN - Radial Basis Function Neural Network

• LVQ - Learning Vector Quantization

• ED - Encoder Decoder

• ANFIS - Adaptive Neural Fuzzy Inference System

• FL - Fuzzy Logic / Fuzzy Time Series

• SVR - Support Vector Regression

• ENET - Elastic Net

• GA - Genetic Algorithm

• MARS - Multivariate Adaptive Regression Splines

* The performance measures are in most cases average performance as the researchers often
had error rates calculated over multiple horizons. In other cases models are run across
multiple countries, in such cases the best country’s results are displayed: the results were
often significantly close to one another.
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2.3 Significant Findings in the Related Work

Chapter 2 shows that several traditional statistical forecasting models have been applied to
unemployment time series data. These models, however, are limited when modelling asym-
metric and nonlinear data, as well as, data that was not preprocessed to meet a particular
standard such as white noise data [Marinkov and Geldenhuys 2007; Mahipan et al. 2013;
Katris 2019a].

Furthermore, the models performed poorly when there were economic shocks due to re-
cessions and booms that make unemployment rates behave inconsistently with past obser-
vations, this is largely because these models do not have long-term memory [Olmedo 2014;
Makridakis 1988].

To address these challenges, machine learning models, mostly regression models and neural
networks, were employed to unemployment forecasting problems. Their performance has
proved that they are more successful than traditional approaches in forecasting unemploy-
ment rates. Most of the current literature on the topic compares the forecasting performance,
as measured by root mean squared error (RMSE) or mean average error (MAE) of machine
learning models against traditional statistical models.

Few researchers provide insight to the key features driving unemployment and with the
researchers who did, key insights were uncovered such as how German job vacancies and
Australian treasury rates affected the USA unemployment rates [Kreiner and Duca 2019;
Kyei and Gyekye 2017]. Which is an odd finding as there is little action that the USA can
take to mitigate this finding.

The neural network machine learning models implementation were often simple variations of
a particular architecture [Katris 2019a; Cook and Hall 2017; Hall 2018]. For example, most
of the neural network implementations only had one to three hidden layers and in most cases
the input layer was made of past unemployment rates only. Katris [2019a] observed that
in some cases simple architectures could be outperformed by more sophisticated traditional
statistical models such as FARIMA/GARCH.

It is also worth noting that the vast majority of the literature on modelling unemployment
rates using machine learning was in North America, followed by Europe and Asia. There
were few to no similar models found for the South African context. In both the United States
and Europe, key economic models such as Okun’s Law (‘as GDP increases unemployment
should drop’) and Philips Curve (‘inflation and unemployment have a trade off relationship,
increasing inflation reduces unemployment rates’) hold strongly resulting in GDP and in-
flation being standard features when forecasting unemployment [Aiken 1996; Jelena et al.
2017]. However, Ball et al. [2019] observed that in developing nations and particularly South
Africa, these models are often weak (low R2) in explaining unemployment. Meaning that
South Africa is well suited for machine learning approaches as traditional economic models
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do not always provide the required explanations.

Machine learning models are often preferable if the model is to be inferred from the data, as
is needed in South Africa. In the country, the frequency of unemployment forecasting is cur-
rently quarterly, whilst key macroeconomic indicators are monthly and weekly. This is unlike
other countries where machine learning models have been applied to forecast unemployment,
where unemployment rates are reported in similar frequencies as other macroeconomic in-
dicators. Therefore, this is a motivation for the importance of South Africa having local
versions of machine learning-based unemployment forecasts. It is an opportunity to use
these models in forecasting contexts with varying data frequencies.

Concretely, three key literature gaps where identified by reviewing related literature:

• localization - the application of machine learning to forecast unemployment rates is
concentrated in North America, Europe, and Asia. One paper was found that ap-
plied machine learning to forecast unemployment in South Africa: employing OLS.
Therefore, this is a gap that needs to addressed;

• automatic feature selection - economic forecasting typically employs arbitrary feature
selection or feature selection based on expert input. Some machine learning researchers
have started using feature selection techniques, however, only embedded feature selec-
tion methods and genetic algorithms have been used. Therefore, it is unknown from
the literature if wrapper and filter feature selection methods might result in better
unemployment forecasts;

• feature influence determination - past research focuses on forecasting the unemploy-
ment rate t-periods into the future with none using the data to determine the influence
network of these features. Closing such a gap would enable policymakers to perform
data-driven scenario testing.

This chapter provided a literature review of the traditional statistical and machine learning
approaches that have thus far been employed to forecast unemployment across the world.
Table 2.1 provides a table that compares the performance and architecture of the machine
learning models discussed. In chapter 3 the methodology used in this research is discussed,
as well as, the data used and a statistical description of the South African context.
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3
Methodology

The purpose of the research was to examine how effective machine learning models are at
forecasting the South African unemployment rate. Along with identifying key features that
impact the unemployment rate and their influence on each other. Past research used neural
networks, regression, and kernel techniques to try and achieve similar goals.

Based on desktop research conducted on unemployment rate forecasting, machine learn-
ing techniques are yet to be applied in South Africa for forecasting the unemployment rate.
Some traditional statistical approaches have been applied but to a limited extent [Burger
and Fourie 2015; Kyei and Gyekye 2017]. Hence, an exploratory approach was taken for the
research. Prior research was used as a guide for which models to attempt. This method
was selected because the models that would perform best were not known upfront. This is
further discussed in this chapter.

This chapter discusses the research methodology that was employed in carrying out this
research. In section 3.1 the research strategy is provided. In section 3.2 an overview of the
data sources that were used for this research is provided. In section 3.3 the data wrangling
and preprocessing techniques used are discussed. The chapter ends with section 3.4, which
discusses ethical considerations that were important for this research.

3.1 Research Strategy

Unemployment is an important macroeconomic indicators as it is used to signal the eco-
nomic health of a country [Aiken 1996; Pelaez 2006]. In South Africa, the unemployment
rate has been trending upwards for the past 12 years and there is no indication that it will
stop doing so [Statistics South Africa 2019]. Numerous policies have been explored in an
attempt to address this issue but none have yielded the necessary fruit [Levinsohn 2007;
Brynard 2011; De Lannoy et al. 2018]. Therefore, accurately forecasting the unemployment
rate is important.
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This research followed an exploratory approach with guidance from previous literature, where
the current and top performing machine learning models were explored for their ability to
forecast the South African unemployment rate.

The vector autoregression (VAR) model was used as a baseline traditional statistical model
against which the machine learning models were compared. The VAR is the most commonly
applied multivariate statistical method for unemployment rate forecasting.

Table 3.1 shows the proprieties of the data discussed further in section 3.3. Various classes
of machine learning models that have been used in previous research were analysed to de-
termine their suitability in forecasting data with various properties observed in the South
African unemployment rate data. Each class had varying strengths and weaknesses. There-
fore, machine learning classes that were previously employed in similar prior research were
used for this research.

Table 3.1: Properties of features and targets for modelling the South African unemployment
rate: The VAR has limited capacity to cater for the varying data properties whilst the
machine learning models have varying areas of strength.
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Comments
Continuous *** *** *** *** ***
Missing data (Mixed frequencies) * ** Because of the missing

data, data imputation
techniques are required
in order for other mod-
els to cater for this.

High dimensional (147 features) *** *** ** ** VAR is suitable for low
dimensional data.
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Comments
Different magnitudes *** *** *** *** *** Normalization is used to

ensure data is within
reasonable ranges i.e. 0
to 1 or -1 to 1.

Non-stationary *** *** *** *** VAR can only work
with stationary data
and data can be differ-
enced to make it sta-
tionary prior to mod-
elling.

Limited observations (794 observations) *** * *** ** *** Neural networks require
large datasets to per-
form optimally.

Non-linear * *** ** *** VAR was designed for
linear data. So too the
OLS method in machine
learning.

Feature: multi-modal ** *** *** ***

Legend:
* Somewhat capable of handling type of data.
** Moderately capable of handling type of data.
*** Highly capable of handling type of data

The analysis of the properties of the data in Table 3.1 affirms that the selected classes
of machine learning models are suitable for forecasting the South African unemployment
rate. Therefore, although the approach is exploratory the analysis increases the confidence
in that the models should be able to forecast the South African unemployment rate. The
South African unemployment rate exhibits nonstationarity which makes it more difficult to
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forecast. In other areas where machine learning models have been employed for forecasting
unemployment rates, the data tends to be stationary i.e., the USA and Europe. The analysis,
however, affirms that machine learning models should be able to forecast the South African
unemployment rate.

3.2 Data Sources

The data used in this research is all publicly available, regularly reported, and accessible
without cost. Data from the South African Reserve Bank (SARB) and Bureau of Economic
Research’s (BER) macroeconomic databases that track the South African macroeconomic
indicators was used for this research. Table 3.2 gives more information about these databases.
The list of features that was extracted from these databases is listed in Appendix A.

Table 3.2: Publicly accessible data sources that were used for the research

Data Source Description Features Preprocessing
needed

South African
Reserve Bank
(SARB)

“The South African
Reserve Bank is the
central bank of the
Republic of South
Africa. The primary
purpose of the Bank is
to achieve and main-
tain price stability in
the interest of bal-
anced and sustainable
economic growth in
South Africa. To-
gether with other
institutions, it also
plays a pivotal role in
ensuring financial sta-
bility” [South African
Reserve Bank 2020].

There are 149 macroe-
conomic indicators
such as: interest rates,
exchange rates, gross
domestic expenditure,
production volumes,
and other macroe-
conomic indicators.
The data is available
in quarterly and
monthly frequencies
from 1922 to date.

The data is available
in different frequency
formats: monthly and
quarterly. Therefore,
there is a requirement
to align these dates.
Furthermore, some of
the data is only avail-
able for the last ten
years, whilst other is
available from 1960, so
the missing data needs
to be addressed.
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Table 3.2 continued from previous page
Data Source Description Features Preprocessing

needed
Bureau of Eco-
nomic Research
(BER)

The Bureau of Eco-
nomic Research is
part of the University
of Stellenbosch in
South Africa. The
database covers a
range of macroe-
conomic variables,
including the South
African unemploy-
ment rate.

The database was
used as a source of
the South African
unemployment rate as
it provided the rate
from 1960 to Decem-
ber 2019. Every other
database in South
Africa typically only
provides the rate for
the last twenty years.

The data is reported
on a quarterly basis.

3.3 Data Preprocessing

The data used for this research was sourced from the SARB and BER. The unemployment
rate is the target to be forecasted and it was sourced from the BER database. The rate is
reported quarterly and was available from BER from January 1960 to December 2020: a
total 209 observations. Data preprocessing techniques were used to prepare this data for
modelling.

3.3.1 Data Cleaning

Features were acquired from the SARB database: 147 features in total. These features were
accessed through the SARB online database, where macroeconomic data can be downloaded
in an excel format. The list of features is listed in Appendix A. Each feature was in a
separate excel document, which had its relevant time series data: observations ordered by
date. The excel documents had fairly consistent formatting and, therefore, downloading and
extracting of information could be automated.

However, the date formats were not consistently applied across the SARB database. Features
that were reported quarterly had a format ‘Q1/99’ meaning ‘quarter 1 of 1999’. Therefore,
these dates were converted to full dates that aligned with the quarterly reporting schedule
of the South African unemployment rate. The date ‘Q1/99’ became 1 March 1999, whilst
‘Q2/99’ became 1 June 1999. The date format for months had two formats, one being ‘Jun,
2000’ and the other ‘Jun/00’. Both were cleaned to be 1 June 2000.

The names of the features were extracted from the same excel document where the name was
often located in top rows of the excel document. Where features had names over multiple
lines, only the first line was retained as the name of the feature. The feature names were
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consistently in either of two locations in the excel document. An ‘if statement’ was sufficient
to ensure that the names were successfully acquired for all 147 features.

Once the dates were in the right format, the data was transferred from the SARB excel
documents into a dataframe. A dataframe being an in-memory database that is available in
most machine learning development environments. Each feature (a single excel document)
was appended to the dataframe as a column. The associated values of these were stored as
the ‘float’ data type, which is appropriate for macroeconomic data.

3.3.2 Missing Values

The data that was used for this research was in three different frequencies: annual, quar-
terly, and monthly. When this data was merged into a single dataframe, the data that was
in annual and quarterly frequencies automatically had missing values for every month that
the monthly data had a value but annual and/or quarterly did not. The percentage of this
missing data varied from 50% to 90%: the unemployment rate initially had 209 observations
after being merged with the feature dataframe it had 794 observations, a 73% missing data
rate (shown in Figure 3.1). This is to be expected when dealing with mixed frequency data.

Figure 3.1 shows observations from the first to the last observation: observation 1432.
Observations with black highlighting are those without missing data, and those without
highlighting are those with missing data. The right-most graph shows the percentage of
observations without missing data at each observation.
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Figure 3.1: A visual representation of the missing data from the feature set. The black
highlight represents observations without missing values whilst unfilled areas are those with
missing values.

Prior to exploring techniques to deal with this missing data, it was noted that some of the
features from the SARB database had observations from 1922. However, unemployment
rates were not reported in South African back then. Therefore, the data from 1922 to 1959
was deleted to ensure that the data was kept was in date range in which unemployment rates
were reported.

Missing data imputation techniques were employed to address the missing data. Six data
imputation strategies were explored [Bertsimas et al. 2018]:

• Constant imputation - which replaces all the missing values with a constant value;

• Last known value imputation - which replaces missing data with the last valid data
observation;

• Forward imputation - is the same as last known value but in reverse;

• Mean value imputation - replaces missing values with the average value of the series;

• Multivariate Imputation by Chained Equations (MICE) - which uses the values of other
features to determine the possible value of the missing data; and
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• k-Nearest Neighbor (kNN) imputation - replaces missing values with the nearest one
as determined by the kNN algorithm.

The last known value imputation strategy resulted in lower error rates than the other impu-
tation strategies. This strategy makes sense from an observational point of view. In months
where Statistics South Africa does not report the unemployment rate, the last quarterly rate
is carried over to those months i.e. the last known value is reported.

The data in this case is missing due to the collection and reporting methods. Whilst im-
putation methods such as constant, kNN, or mean imputation introduce new data into the
feature set, last known value does not do so, because it is consistent with the reporting
procedures used in macroeconomics. Therefore, this strategy is in actual fact the ground
truth for the missing data. Economists always reference the last known economic value as
the current value of a feature until a more recent observation is available.

3.3.3 Data Transformations

The data accessed from the SARB covers various aspects of the economy and were in dif-
ferent magnitudes. Some data was in tens whilst others was in billions. For example CPI is
typically between 3% and 6%, population is between 40 and 60 million, and GPD between
100 and 360 billion. Therefore, in order for machine learning models to not be skewed to-
wards features with large magnitudes, the data was normalised through scaling.

The Minimum-Maximum scaler was used for this research because it is more appropriate
for data with such large differences in magnitudes as well as has different data ranges within
the features. The scaler is robust to outliers and it ensures all features are within the same
range [Patro and Sahu 2015]. For this research the range was 0.00001 to 1. With 0.00001
being close enough to zero but not zero to avoid any possibility of a division by zero.

Equation 3.1 and Equation 3.2 show the equation that scales features according to the
Minimum-Maximum approach [Patro and Sahu 2015].

Featurestandardised =
Feature−minimum value of Feature

maximum value of Feature−minimum value of Feature
, and

(3.1)

Featurescaled = Featurestandardised ∗ (1− 0.00001) + 0.00001. (3.2)

3.3.4 Feature Selection

The final dataframe that was used for modelling had 794 observations with 147 features. In
similar high dimensional research, embedded methods and genetic algorithms were used to
select a subset of features to be used for modelling. Therefore, this research, which is high
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dimensional, employed feature selection techniques.

According to Chandrashekar and Sahin [2013], there are three types of feature selection
methods: filter, wrapper, and embedded. Filter methods rank features based on statistical
scores representing their relative significance in predicting the target variable. Embedded
methods are feature selection methods that select a subset of the feature set and evaluates
the performance (measured by error rate) of the subset. The feature subset with the lowest
error rate is then selected as the most impactful feature set.

Wrapper methods are similar to embedded methods but are not as computationally effi-
cient. Wrapper methods create subsets of the entire dataset first then evaluates each subset,
using a greedy search strategy. Greedy search strategies are not computationally efficient:
hence embedded methods are more computationally efficient relative to the wrapper meth-
ods.

Four filter feature selection methods were used in this research, as well as two embedded
methods. The four were;

• Pearson correlation coefficient (removal of correlated features);

• Analysis of variance (ANOVA);

• Mutual information gain (MIG); and

• Variance threshold (removal of variables with low variance).

Along with the four feature selection methods, the deletion of duplicated features was treated
as a feature selection technique. The four feature selections were also combined to form a
chain of filter methods e.g. ‘deletion of duplicate features and removal of correlation’ or
‘removal of low variance feature, deletion of duplicate features, and removal of correlation’.
There was, therefore, a total of 17 different feature selection combinations that were applied
on the data. This included three wrapper methods and the two embedded methods which
were LASSO and Elastic Net (ENET) (discussed in chapter 2).

The recursive feature selection wrapper method was also used. However, as it is a com-
putationally inefficient, the method easily leads to combinatorial explosion, i.e. choosing 5
features from the 147 requires evaluating over 500 million different options and choosing 6
requires over 12 billion. Hence, for this paper it was restricted to 5 features. Six or more
proved to be computationally impossible on the infrastructure used for this research.

The RFE method requires a machine learning model to be used to evaluate the perfor-
mance of each feature subset. Various models were explored. LASSO, ENET, and ridge
proved to be the most computationally efficient. Other models like support vector regres-
sion and decision trees were not computationally efficient i.e., the infrastructure used for the
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research would run out of resources 1.

Table 3.3 shows a list of feature selection techniques that were used for the research. Filter,
wrapper, and embedded methods were used, covering univariate and multivariate feature
selection methods.

Table 3.3: A list of features used for this research. A combination of univariate and multi-
variate techniques were used.

Feature Selection Tech-
nique

Type of Feature Selec-
tion

Comments

Removal of duplicates
(Unique)

Univariate - Filter Removal of duplicate fea-
tures: Two features re-
moved, 145 features re-
tained.

Variance Threshold Univariate - Filter Removal of features with a
low variance: 5% threshold:
Two features removed, 145
retained.

Pearson Correlation Coeffi-
cient (No Corr)

Univariate - Filter Removal of highly corre-
lated features: 55 features
retained.

Mutual Innovation Gain
(MIG)

Univariate - Filter Removal of features with
the lowest information gain:
36 features retained.

Analysis of Variance
(ANOVA)

Univariate - Filter Removal of features with
low F-score: 36 features re-
tained.

Unique No Corr Univariate - Filter Removal of duplicate fea-
tures as well as features that
are highly correlated: 54
features retained.

Unique No Corr Variance Univariate - Filter Removal of duplicate fea-
tures, removing features
that are highly correlated,
as well as features with low
variance: 53 features re-
tained.

1A macbook with 16 Gb RAM, 512 Gb SSD, 4 CPU cores, and 4 GPU cores was used. This was
additionally supplemented by Microsoft Azure Virtual Machine with 32 Gb RAM, 4 cores, and 200 Gb hard
drive.
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Table 3.3 continued from previous page
Feature Selection Tech-
nique

Type of Feature Selec-
tion

Comments

Variance Threshold, Unique Univariate - Filter Remove duplicated features
and removal of features with
a low variance: 5% thresh-
old: Three features re-
moved, 144 retained.

MIG No Corr Univariate - Filter Removal of features with
the lowest information gain
as well as removing features
that are highly correlate: 14
features retained.

Extreme Gradient Boosting
(XGBoost)

Multivariate - Embedded Feature importance deter-
mined by the decision tree:
5 features were selected by
the model.

Random Forest (RFR) Multivariate - Embedded Feature importance deter-
mined by the decision tree:
8 features were selected by
the model.

Elastic Net (ENET) Multivariate - Embedded Feature shrinkage and re-
duction through L1 and L2-
norm regularization: 5 fea-
tures retained.

LASSSO Multivariate - Embedded Feature reduction through
L1-norm regularization: 4
features retained.

Recursive Feature Elimina-
tion (RFE) Ridge

Multivariate - Wrapper Feature determination us-
ing iterative sub-set error
scoring: the model was set
to select 5 features.

Recursive Feature Elimina-
tion (RFE) LASSO

Multivariate - Wrapper Feature determination us-
ing iterative sub-set error
scoring: the model was set
to select 5 features.

Recursive Feature Elimina-
tion (RFE) ENET

Multivariate - Wrapper Feature determination us-
ing iterative sub-set error
scoring: the model was set
to select 5 features.
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Table 3.3 continued from previous page
Feature Selection Tech-
nique

Type of Feature Selec-
tion

Comments

Principal Components
Analysis (PCA)

Multivariate - Dimension
Reduction

Reduction from 147 to 50
components using dimen-
sion reduction technique.

3.3.5 Statistical Description of the South African Unemployment
Rate

Some of content that appear in this chapter have been published at an IEEE conference:

• Mulaudzi and Ajoodha [2020b], “An exploration of machine learning models to forecast
the unemployment rate of South Africa: a univariate approach,” The International
Multidisciplinary Information Technology and Engineering Conference, ISBN: 978-1-
7281-9519-9, 2020.

The unemployment rate used for this research was accessed from the Bureau of Economic Re-
search (BER). The time series had a total of 209 quarterly observations of the South African
unemployment rate from January 1960 to January 2020. Figure 3.2 (a) depicts this data. It
can be seen that the unemployment has an upward trend and high variance over the last 10
years. The average unemployment rate over the time period is 17.7%, the lowest was 6.1%
in the 1970s, and the highest rate was 29.1% which is the December 2019 unemployment rate.

Time series data can be decomposed into three key parts: the trend, seasonality, and residuals
[Hyndman and Athanasopoulos 2018]. It was observed that the South African unemployment
rate trends upwards and it is seasonal, where repeated movements in the data are observed
each year: depicted in Figure 3.2 (b). The change in variation is visible by studying the
residuals, where it can be seen that between 2009 and 2019 there was greater variability in
the data than all the previous periods.

From Figure 3.3, it is clear that the South African unemployment rate does not follow a nor-
mal distribution. Kolmogorof (kstest) and Lillietest (lilliefors) tests were also conducted,
which are well-known tests for normality, and they both confirmed that the unemployment
rate is not normally distributed. Figure 3.3 shows a kernel distribution function whose shape
suggests that the unemployment rate is bi-modal.
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Figure 3.2: Properties of the unemployment rate time series from 1970 to 2020.
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Figure 3.3: The probability distribution of the South African unemployment rate from 1970
to 2019.
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It was also observed that the unemployment rate is also nonstationary over the observed
period. Stationarity was tested through the Augmented Dickey–Fuller (ADF ) test, whose
null-hypothesis is that the series is nonstationary. The ADF test returned a p − value of
0.923 which means that we accept the null-hypothesis that the South African unemployment
rate is nonstationary. This result was confirmed with two other tests: Dickey-Fuller GLS
and Phillips Perron test, both of which confirmed the ADF results. These results differs
from Burger and Fourie [2019], who found the unemployment rate to be stationary. However,
Burger and Fourie [2019]’s data was only between a select period from 2008 to 2017, whilst
these results are from 1960 to 2020. The differing results indicate that there are regime shifts
within the South African unemployment: in some regimes the South African unemployment
rate is stationary whilst in others it is not.

3.3.6 Performance Evaluation

The most common performance measure in time series analysis and unemployment forecast-
ing is the mean absolute percentage error (MAPE) and root mean squared error (RMSE)
[Hyndman and Athanasopoulos 2018]. RMSE is used to compare different models run on
the same dataset. Whereas MAPE is used to compare models run on the same or different
datasets: this is possible because MAPE is not a scale-dependent model [Hyndman and
Athanasopoulos 2018; Cook and Hall 2017]. Therefore, for this research, MAPE would have
been an appropriate performance measure as it allows models run on different datasets to
be compared.

The challenge, however, with MAPE is that MAPE is not symmetric. It penalizes cases
where the actual value is less than the forecast value heavier than when the actual value is
greater than the forecast value. For example if the actual value is 10 and forecast value is 15
then MAPE would be (10-15)/10 * 100 = 50%, as opposed to the case where the actual is 15
and the forecast is 10, MAPE would be (15-10)/15 * 100 = 33% [Hyndman 2006; De Gooijer
and Hyndman 2006]. Therefore, Hyndman [2006]; Hyndman and Athanasopoulos [2018],
propose mean absolute scaled error (MASE) as an alternative to MAPE. MASE resolves
issues associated with MAPE because it is symmetric.

The MASE equation is show in Equation 3.3:

MASE =
1

n
Σn
i=1

(
yt − ŷt

1
n−1

Σn
i=2 | yi − ŷi |

)
(3.3)

where, y is the actual value and ŷ is the forecast value. Another valuable feature of MASE
above MAPE is that it is interpretable: MASE above 1 is a MASE that is worse than a
näıve model and MASE below 1 is better than a näıve model.

Time series cross validation was also employed. The “evaluation on a rolling forecasting
origin” approach was selected for this research [Hyndman and Athanasopoulos 2018]. This
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approach grows the size of the cross validation data over time with each test i.e. on test 1 the
first 100 observations are used, on the next test the first 200, then the first 300, and so forth.
The alternative approach is the ‘moving window evaluation’ [Hyndman and Athanasopoulos
2018]. However, this requires a random selection or trial and error selection of the window
size. Hence, the first was chosen to avoid this.

The unemployment time series data was split into five sequential cross validation datasets,
the MASE that was achieved was then validated by this approach. Because the data is a time
series, the cross validation maintained the sequential order: there was no random shuffling
of observations. Thus, essentially, in this approach the model is tested for performance on
datasets of varying lengths to determine its consistency. The cross validation average error
was compared against the MASE of the model to determine if the model was indeed robust
and consistent in its performance.

3.4 Ethical Considerations

The data used for this research is publicly available and widely used for economic research
and business reporting. Therefore, because of the orthodox nature of this data there was no
ethical clearance required to access the selected data sets.

3.5 Summary

The methodology used for this research enables the research questions to be addressed. Each
question is linked to an aspect of the selected methodology:

1. Compared to the vector autoregression model (VAR), the benchmark multivariate fore-
casting model, how effective are machine learning models (regression, neural networks,
and kernel methods) in forecasting the South African unemployment rate?

Twelve machine learning models are employed to forecast the South African unemploy-
ment rate. The vector autoregression was used as a benchmark model. The selection
of the twelve was through an exploratory process guided by past research.

2. The South African Reserve Bank tracks 147 key macroeconomic variables, these are
used as features in this research. What is the impact of feature selection on the unem-
ployment forecasting accuracy?

Seventeen feature selection techniques are employed to assess the impact of using dif-
ferent feature subsets. Enabling the detection of a subset of features that aid the most
in forecasting the unemployment rate.

3. What is the relationship between the various features of the unemployment rate and
how do they influence the unemployment rate and each other?
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Dynamic Bayesian networks are employed to show how the different features relate
to each other. Do-Calculus is also performed to analyse different counterfactuals i.e.
scenario analysis. These options were discovered through an exploratory process.

This chapter provided the methodology that was employed in this research as well as the
data used and the data preprocessing that was undertaken through the research. Chapter
4, discusses the experimental results achieved in the research.
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4
Experimental Results & Discussions

In order to address the research objective, 1522 experiments were conducted for this research.
The aim being to i) forecast the South African unemployment rate using machine learning
models, ii) identify features that are most impactful when forecasting the unemployment
rate, and iii) determine how these features influence each other.

An exploratory research method was used, with twelve machine learning models, 17 fea-
ture selection techniques, and one Dynamic Bayesian network. This chapter discusses the
findings of the research. The following url provides the source code which shows detailed
implementation information:
https://drive.google.com/drive/folders/1XkEJBryoZd3rh-9VwRElw34sh6nJuwT1.

The chapter is structured as follows. In section 4.1 the MASE achieved by the bench-
mark model, VAR, is discussed. In section 4.2 the results of twelve machine learning models
are discussed. The discussions are grouped according to the type of algorithm i.e. regression
models, neural networks, decision trees, and kernel-based models. Section 4.3 shows how the
VAR performance compares to the machine learning models. In section 4.4 the benefits of
feature engineering when forecasting the unemployment rate are discussed. In section 4.5
the VAR results and machine learning results are compared. In section 4.6 the causal re-
lationship of five most impactful features are discussed, showing how they relate to each
other and the unemployment rate. The chapter closes with section 4.7 which discusses the
contributions of this research.

4.1 Vector Autoregression: the Benchmark Model

The vector autoregression model (VAR) was used as a benchmark model for this research.
This selection was made because the VAR is the orthodox multivariate traditional statistical
technique that is used in unemployment forecasting. There are modified versions such as
VARMA and SANVAR, however, these are used in limited instances in literature. Because
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of the limited use of these, this research focused on the orthodox model: VAR.

The VAR implementation approach that was implemented by Stock and Watson [2001]
was used for this research. As part of the data analysis that they recommend, two VAR
tests were conducted: Granger-causality and stationarity tests.

Granger-causality test Core to the functioning of the VAR is that it assumes that each
feature is equally influenced by the others in the model. The Granger-causality (GC) test
assess this assumption by checking if the lag values of one feature can assist in predicting
another variable.

The GC test tests for a null hypothesis that the lag values of one features do not influ-
ence another feature. Therefore, if the p-value is less than 0.05, the significance level, the
null hypothesis can be rejected. Table 4.1 shows the p-value for a sample of 15 randomly
selected features. The blue columns are predictors of the green rows. Therefore, the first
row is influenced by column 2 and 11 as their p-values are below 0.05.
There is an even split in the number of features that influence others and those that do not.
Therefore the Granger-causality holds in some cases.

Table 4.1: P-values for the Granger-causality for 15 variables. A p-value less than 0.05
implies that the blue features influence the green features.

1 2 3 4 5 6 7 8 9 10 11 12 13 14
1 1.00 0.01 0.15 0.65 0.22 0.54 0.13 0.69 0.71 0.27 0.00 0.58 0.20 0.12
2 0.29 1.00 0.21 0.82 0.02 0.56 0.03 0.18 0.02 0.01 0.23 0.00 0.35 0.54
3 0.00 0.00 1.00 0.00 0.04 0.18 0.31 0.00 0.79 0.45 0.07 0.02 0.79 0.93
4 0.27 0.10 0.00 1.00 0.61 0.24 0.83 0.86 0.53 0.67 0.08 0.89 0.50 0.53
5 0.00 0.00 0.02 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
6 0.00 0.00 0.13 0.02 0.14 1.00 0.01 0.00 0.00 0.00 0.03 0.00 0.01 0.07
7 0.00 0.00 0.78 0.23 0.00 0.00 1.00 0.00 0.00 0.00 0.45 0.00 0.02 0.02
8 0.00 0.11 0.01 0.18 0.00 0.00 0.00 1.00 0.00 0.08 0.28 0.00 0.10 0.03
9 0.01 0.23 0.08 0.30 0.00 0.00 0.00 0.00 1.00 0.00 0.39 0.00 0.00 0.13

10 0.00 0.00 0.26 0.06 0.00 0.00 0.05 0.25 0.00 1.00 0.10 0.00 0.00 0.04
11 0.00 0.28 0.00 0.00 0.96 0.90 0.99 0.98 0.91 0.85 1.00 1.00 0.06 0.49
12 0.22 0.00 0.04 0.32 0.00 0.00 0.00 0.00 0.00 0.00 0.38 1.00 0.06 0.47
13 0.04 0.00 0.60 0.32 0.11 0.14 0.10 0.01 0.01 0.00 0.01 0.01 1.00 0.71
14 0.00 0.02 0.20 0.01 0.02 0.00 0.42 0.31 0.00 0.00 0.59 0.76 0.43 1.00

59



Legend:

1. Final consumption expenditure by general government

2. Domestic output: All groups

3. Change in inventories

4. Foreign exchange rate: SA rand per USA dollar

5. The net borrowing requirement of national government

6. Total outstanding domestic marketable bonds

7. Changes in the Exchequer and Paymaster-General Account balances with the South
African Reserve Bank and other banks

8. Cash received from the issuance of Treasury bills less cash payments made to redeem
Treasury bills

9. Total outstanding foreign marketable bonds by unexpired maturity: Exceeding 1 but
not 3 years

10. Total outstanding foreign marketable bonds by unexpired maturity: Not exceeding 1
year Regression

11. Total outstanding domestic non-marketable loan levies

12. Net foreign assets after valuation adjustment

13. Value added at basic prices of mining and quarrying

14. Capital account (nsa)

Stationarity test The VAR model and its variants only work with data that is station-
ary. Each feature was tested for stationarity using the Augmented-Dickey Fuller method
(AD-Fuller) whose null hypothesis is that the series is not stationary. If a feature was not
stationary the entire dataset was differenced and tested again for stationarity, this process
was repeated until the entire dataset was stationary. There was a total of eighteen different
datasets (feature sets) i.e. the original dataset and feature sets with different feature selection
strategies. Each of these was tested for stationarity and each one had nonstationary fea-
tures. The feature sets were typically differenced twice to ensure that the data was stationary.

After these tests were conducted it was clear that the VAR model should be capable of mod-
elling the data as the tests were all affirmative of this fact. Nine of seventeen datasets were
passed through the VAR model: Pearson correlation coefficient with duplicates removed;
mutual information gain; mutual information gain with Pearson correlation; ANOVA; recur-
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sive feature elimination, with LASSO and ENET as the black box estimator; random forest;
extreme gradient boosting (XGBoost); and principal components analysis (PCA).

Not all eighteen data sets could be used for the VAR model because VAR fundamentally
estimates features by solving for the simultaneous equations using matrix algebra. To solve
such equations it is required the matrix be invertible. This condition was only met by nine
datasets. The other datasets did not work because they resulted in matrices that were sin-
gular or ones that were not positive definite, which is required when implementing the VAR
model.

The VAR model centered all its predictions around 8.5. This suggests that the model
assumes that the unemployment rate will revert to some mean. However, this is not the
case because of the nonlinearity of the data: the unemployment rate itself is also nonlinear.
Table 4.2 shows the mean absolute scaled error (MASE) that the VAR achieved on the dif-
ferent feature sets. The number of features in each model is also shown. The lag order was
found through grid search and was set to 30 across the different experiments. Different VAR
models were run with different lag orders and the one with the lowest Akaike information
criterion (AIC) and Bayesian information criterion (BIC) had a lag order of 30.

Table 4.2: The performance (MASE) of the VAR model with different feature sets over the
test period of 24 months.

Model Feature Selection Number of Features MASE
VAR MIG 37 41.8194
VAR Unique No Corr 54 44.2132
VAR MIG No Corr 15 41.6990
VAR ANOVA 37 41.0985
VAR RFE LASSO 6 41.6118
VAR RFE ENET 6 42.3765
VAR XGBoost 7 43.5895
VAR Random Forest 9 44.1892
VAR PCA 51 50.5239

The MASE achieved by the VAR shows that the model is significantly worse than the näıve
model when forecasting the South African unemployment rate. A MASE less than 1 is better
than the näıve model and MASE above 1 is worse than the näıve model. The VARMA
was also implemented and a similar MASE was achieved, it did not help in improving the
forecasting accuracy of the VAR model. This is high because the South Africa unemployment
rate is nonlinear and VAR model is best suited for modelling linear data.
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4.2 Machine Learning Models

Some of contents that appear in this chapter have been published at IEEE and Springer
conferences:

• Mulaudzi and Ajoodha [2020a], “Application of Deep Learning to Forecast the South
African Unemployment Rate: A Multivariate Approach,” Seventh IEEE Computer Sci-
ence and Data Engineering Conference, 2020.

• Mulaudzi and Ajoodha [2021a], “Demonstration that the Use of Feature Selection on
High Dimensional South African Macroeconomic Data Results in Improved Perfor-
mance with Lower Compute Requirements,” Sixth International Congress on Informa-
tion and Communication Technology Conference, ISBN: 2194-5357, 2021.

Regression, neural network, decision tree, and kernel-based techniques were employed for this
research. These techniques have been employed in past literature and have demonstrated
that they generally improve the forecasting accuracy, as well as offer additional benefits
such as feature importance determination. Various machine learning models were applied to
eighteen different datasets: with and without feature selection methods. The hyperparameter
settings are shown in Appendix B Table B.1. The source code with detailed implementation
information for each machine learning model can be found on this link: https://drive.

google.com/drive/folders/1XkEJBryoZd3rh-9VwRElw34sh6nJuwT1.

4.2.1 Regression

Five machine learning regression techniques were employed for this research: linear regres-
sion (ordinary least squared - OLS / LR), ridge regression (ridge), least absolute shrinkage
and selection operator (LASSO), Elastic Net (ENET), and Bayesian ridge regression (Bayes
ridge). OLS, LASSO, and ENET have been applied in previous similar research. The ad-
ditional two, ridge and Bayes ridge, were added because these complement the other three:
ridge uses L2-norm which is one of the two regularization techniques used by ENET and it
is comparable to the L1-norm used by LASSO; the Bayes ridge uses the same regulization
as ridge but tunes the L2-norm parameter to the data instead of tuning this by ‘hand’.

Table 4.3 shows the top models across four horizons: 4-months (H1), 8-months (H2), 12-
months (H3), and 24-months (H4). In H1, 33% of the models were better than the näıve
model i.e. with a MASE below 1. This percentage increased to 57% in H2 but decreased to
less than 1% in H3. This movement is due to the nonstationary nature of the South African
unemployment rate. In H4, 87% of the models were above the näıve model: showing how
the models over a longer horizon are able to capture the nonstationary nature of the South
African unemployment rate. This observation is consistent with past research where ARIMA
would generally be the top model in H1 but decline as machine learning models improve by
H4.

62

https://drive.google.com/drive/folders/1XkEJBryoZd3rh-9VwRElw34sh6nJuwT1
https://drive.google.com/drive/folders/1XkEJBryoZd3rh-9VwRElw34sh6nJuwT1


Table 4.3: The performance (MASE) of five regression machine learning models over four
horizons: 4-months (H1), 8-months (H2), 12-months (H3), and 24-months (H4).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 H4 CV
Bayes Ridge MIG 1.6291 1.0824 1.2523 0.3846 0.4423
Bayes Ridge EM ENET 0.3108 0.2546 1.0929 0.4422 0.3410
Bayes Ridge VARIANCE UNIQUE 1.6836 0.9916 1.0082 0.5226 0.3863
Bayes Ridge RFE ENET 0.8246 0.5103 0.5920 0.6192 0.7577
Bayes Ridge EM LASSO 0.3201 0.3048 1.4005 0.7787 0.5713
ENET MIG NO CORR 0.9204 0.8261 1.2535 0.4831 0.3770
ENET NO CORR 0.9204 0.8261 1.2535 0.4831 0.3831
ENET MIG 0.3537 0.2747 1.2919 0.5005 0.3635
ENET RFE ENET 0.8086 0.6312 0.7500 0.5580 0.3856
LASSO MIG NO CORR 0.9553 0.8386 1.2581 0.4694 0.4950
LASSO NO CORR 0.9553 0.8386 1.2581 0.4694 0.4950
LASSO UNIQUE NO CORR 0.9553 0.8386 1.2581 0.4694 0.4950
LASSO VARIANCE UNIQUE

NO CORR
0.9553 0.8386 1.2581 0.4694 0.4950

LASSO MIG 0.4415 0.2990 1.2940 0.5153 0.4950
LASSO RFE ENET 0.8264 0.6542 0.7757 0.5594 0.4950
LASSO RFE LASSO 0.5130 0.4904 1.5839 0.5845 0.4950
LR EM ENET 0.3097 0.2531 1.1031 0.4434 0.4123
LR RFE ENET 0.8211 0.5086 0.5899 0.6189 0.2744
LR VARIANCE UNIQUE

NO CORR
1.1843 0.6598 0.7350 0.6933 7.80E+09

LR UNIQUE NO CORR 1.1843 0.6598 0.7350 0.6933 7.75E+10
LR NO CORR 1.1843 0.6598 0.7350 0.6933 1.38E+09
Ridge EM ENET 0.4493 0.2887 1.0046 0.4523 0.3410
Ridge RFE LASSO 0.4789 0.4983 1.0626 0.5949 0.3365
Ridge RFE ENET 0.8828 0.5383 0.6269 0.6242 0.3819
Ridge RANDOM FOREST 0.4591 0.4621 1.0995 0.7387 0.3450

Over the first horizon, OLS (LR in the Table 4.3) was the top performing model. This model
sustained this performance across the horizons: being in the top five through the horizons.
However, this model overfitted as the cross validation error was much larger than the various
errors achieved through the horizons.

The other top models were ridge, Bayes ridge, ENET, and LASSO. These models address
the overfitting of the OLS model by using regularization techniques. Bayes ridge and ridge
regression consistently had amongst the lowest MASE over the four horizons without over-
fitting. These models achieved these results with ENET selected features: a multivariate
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feature selection technique.

The shaded areas in the Table 4.3 are the lowest ten MASE results for each horizon. It is
clear to see that the feature selection technique, EM ENET (Elastic Net embedded method),
had the highest number of shaded values. The wrapper and filter methods were not as con-
sistently top performing. Therefore, this shows that there is a handful of features that inform
the South African unemployment rate. Furthermore, this subset of features includes features
that are highly correlated with each other: they have group effects. This is evident because
ENET feature selection takes into account group effects in its feature selection [Guyon and
Elisseefl 2006].

For this research the ENET selected five features: Final consumption expenditure by general
government; Domestic output: all groups; Foreign exchange rate: SA rand per USA dollar;
Total outstanding domestic non-marketable loan levies; and Total foreign non-marketable
debt, as the most impactful features when predicting the South African unemployment rate.
Figure 4.1 shows the estimated coefficients.

−0.6 −0.4 −0.2 0 0.2 0.4 0.6

Final consumption expenditure by general government

Domestic output: All groups

Foreign exchange rate: SA rand per USA dollar

Total outstanding domestic non-marketable loan levies

Total foreign non-marketable debt

0.29

0.42

−9.41 · 10−2

−0.15

1.2 · 10−3

ENET Coefficient Estimate

Figure 4.1: Features that were selected by the Elastic Net (ENET) embedded feature selec-
tion technique with their relative coefficient estimate.

The machine learning pipeline that used ENET for feature selection and then a machine
learning model, such as Bayes ridge, benefits from the ENET regularization process. The
process shrinks the number of features and ensures that the coefficient of each feature was
not high, therefore, reducing the chances of overfitting. Bayes ridge benefited from this and
further reduced the chances of overfitting by reducing the reliance of the model on any indi-
vidual features.

It was also observed that the OLS was the worst performing model across all horizons:
Appendix C, Table C.1 shows the full results. The performance of the model was improved
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in cases where multivariate feature selection techniques were employed. This is because the
OLS model is better suited for data that is linear and macroeconomic data is not typically
linear. In this case the data was nonstationary and multi-modal thus not linear.

The OLS overfitted across horizons regardless of feature selection techniques employed. The
removal of correlations had a positive impact on the MASE score and the cross validation
error. Embedded (ENET and XGBoost) and wrapper (recursive feature elimination (RFE)
with LASSO and ENET) feature selection techniques had the lowest MASE across the hori-
zons: these methods reduced the number of features to between four to nine features and
generally removed correlated features as well. Therefore, there was less noise for the OLS to
overfit when these models were employed.

4.2.2 Neural Network

Four neural networks were deployed: multilayer perceptron (MLP), gated recurrent unit
(GRU), long short-term memory (LSTM), and bidirectional LSTM (BiLSTM). The MLP
was the only neural network that was not deep, it only had one layer with 43 nodes.

The LSTM, BiLSTM, and GRU all had four hidden layers. The models used the adap-
tive momentum optimizer, with mean squared error as the loss function, and the rectified
linear unit as the activation function. In order to avoid overfitting, dropout was applied
as well as early stopping. Ten percent of the data was also set apart for cross validation.
Figure 4.2 shows the model loss over the training and test data.

In most cases the model did not overfit and the error over the test data was lower than
the error over the train data. The graphs follow a health trajectory, where they start high
but decline over time. The GRU with PCA and LSTM or BiLSTM with RFE ridge are the
only model where there is evidence of overfitting.

The LSTM had the lowest MASE over the longest horizon: H4. The LSTM generally per-
formed above the näıve model when it was used on data that had the wrapper feature
section method applied. The LSTM was in the top three deep learning models as shown in
Table 4.5. The model is able to capture the nonstationary and autoregressive nature of the
South African unemployment rate over the long run.

Because of the similarities between LSTM, GRU, and BiLSTM, these models are often
compared. The LSTM is fundamentally a GRU with an additional gate and BiLSTM is
an LSTM that is not just uni-directional. It is observed that the LSTMs were the best
performing of the deep learning models. Therefore, it would not be worthwhile to employ
the BiLSTM model. Although GRU is a simpler model, LSTMs are preferable in this case
because of a lower MASE.
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Figure 4.2: The loss (error) of the deep learning models through various epochs. The error is
downward trending for both training and test data. The test is generally below the training
error in most cases.

(a) LSTM on RFE ENET (b) LSTM on RFE LASSO (c) LSTM on RFE Ridge

(d) GRU on PCA (e) GRU on Random Forests (f) GRU on RFE LASSO

(g) BiLSTM on RFE LASSO (h) BiLSTM on RFE Ridge
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The recursive feature elimination (RFE) with LASSO, ridge, and ENET had the lowest
MASE across all four horizons. The features that each of the models used are shown in
Table 4.4. These features resulted in the lowest MASE regardless of the neural network
architecture used.

Table 4.4: Five features that were selected by the recursive feature elimination (RFE) wrap-
per feature selection technique.

LASSO ENet Ridge
Foreign exchange rate: SA
rand per USA dollar

Foreign exchange rate: SA
rand per USA dollar

Foreign assets

Total cash-flow revenue Foreign assets: Total direct
investment

Consolidated general gov-
ernment: Liabilities

Total outstanding domestic
non-marketable loan levies

Total claims on the private
sector

Consolidated general gov-
ernment: Liabilities: Do-
mestic

Total South African popula-
tion

Total outstanding domestic
non-marketable loan levies

Consolidated general gov-
ernment: Liabilities: For-
eign

The nominal effective ex-
change rate

The nominal effective ex-
change rate

Loans

Table 4.5 shows the MASE achieved over the four horizons by all four neural networks.
The MLP was the top performing model across the first, second, and third horizon. The
performance of the MLP was robust across different feature selection techniques. The wrap-
per method was top performing, followed by mutual information gain (MIG) and extreme
gradient boosting (XGBoost).
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Table 4.5: The performance (MASE) of four neural networks over four horizons: 4-months
(H1), 8-months (H2), 12-months (H3), and 24-months (H4).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 H4
LSTM RFE LASSO 0.5244 0.4961 1.2502 0.5187
GRU PCA 1.2858 1.1915 1.3790 0.5269
MLP RFE ENET 0.3506 0.3357 0.3103 0.5593
MLP MIG 0.4745 0.6219 1.3744 0.5680
MLP RFE LASSO 0.6188 0.5982 1.1594 0.5895
GRU RFE LASSO 0.7624 0.7359 1.1550 0.6091
BiLSTM RFE RIDGE 1.8084 0.9594 1.1880 0.6101
LSTM RFE RIDGE 1.8254 0.9712 1.1929 0.6137
BiLSTM RFE LASSO 0.7704 0.7528 1.1957 0.6160
LSTM RFE ENET 0.4532 0.5024 0.4684 0.6563
GRU RANDOM FOREST 1.5507 1.8060 2.4502 0.6716
MLP XGBOOST 1.3883 1.7957 2.4384 0.8079
GRU VARIANCE UNIQUE 4.7377 3.0134 3.3968 0.9091
GRU NO CORR 4.8002 3.0407 3.4419 0.9113
LSTM Unique 4.7918 3.0524 3.4422 0.9124
LSTM NO FS 4.8146 3.0665 3.4570 0.9146
BiLSTM Unique 4.8402 3.0807 3.4696 0.9179
GRU NO FS 4.8445 3.0848 3.4743 0.9187
LSTM VARIANCE 4.8848 3.1171 3.5127 0.9207
GRU UNIQUE NO CORR 4.8942 3.1155 3.5165 0.9221
BiLSTM VARIANCE 5.0066 3.1962 3.5953 0.9329

The bottom performing models cut across the different deep learning models, except for
the MLP. All three bottom performing models, LSTM, GRU, and BiLSTM, used either no
feature selection or filter methods. This shows that the South African unemployment rate is
predicted by features with group interactions. Selection based on statistical significance alone
is insufficient because such an approach ignores group dynamics of features. Appendix D
Table D.1 shows the full results for the neural networks.

Previous research such as Hall [2018] used simple neural networks, similar to the MLP im-
plementation in this research. It was observed from this research that the simple MLP was
able to outperform the deep models over three of the four horizons. This result differs from
Cerqueira et al. [2019] who suggested that deeper and bigger is better. This paper finds that
over ‘very long’ horizons, perhaps bigger is better, but over shorter horizons simple seems to
be a better solution.
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4.2.3 Decision Trees

Two decision trees were implemented: extreme gradient boosting (XGBoost) and Random
forest (RF). These are very similar decision trees: both are ensemble models. The decision
trees were all above the näıve model over the forth horizon. RFR performed above the
XGBoost through all four horizons. Table 4.6 shows the MASE of these model.

Table 4.6: The performance (MASE) of two decision trees, extreme gradient boosting and
random forest, models over four horizons: 4-months (H1), 8-months (H2), 12-months (H3),
and 24-months (H4).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 H4 CV
RFR RFE LASSO 0.4243 0.4859 0.3843 0.4828 0.1917
RFR RFE ENET 0.4491 0.6190 0.4831 0.5629 0.1889
RFR EM ENET 0.4683 0.7914 1.2908 0.5654 0.1683
XGB RFE ENET 1.5102 0.8208 0.9413 0.5999 0.4662
RFR MIG NO CORR 0.5481 1.2367 1.8036 0.6277 0.1831
XGB RFE LASSO 1.7982 1.0217 1.1609 0.6309 0.4622
RFR ANOVA 1.1570 1.2212 1.5935 0.6393 0.2049
RFR EM LASSO 0.5893 1.1111 1.7803 0.6406 0.1544
XGB EM ENET 1.8226 1.0635 1.2598 0.6460 0.4521
XGB RANDOM FOREST 1.9640 1.2263 1.5530 0.6677 0.4487
XGB ANOVA 1.9029 1.2378 1.5373 0.6814 0.4524
XGB UNIQUE NO CORR 2.0054 1.2961 1.5582 0.6923 0.4662
XGB EM LASSO 1.9607 1.2845 1.5534 0.6943 0.4534
RFR NO CORR 0.5195 1.4603 2.1599 0.7090 0.2006
RFR UNIQUE NO CORR 0.5391 1.4637 2.1643 0.7099 0.2041
RFR VARIANCE UNIQUE

NO CORR
0.5279 1.4650 2.1700 0.7144 0.1980

It is normally expected that XGBoost will produce better accuracy than RFR. However, this
is not the case for this research. The XGBoost was tuned through a grid search approach:
the loss function was the squared loss, columns were sampled by tree and were set to a
0.3 ratio, learning rate was 0.1, maximum tree depth was 6, L1 regularization parameter
was set to 45, and the number of estimators was 4. These hyperparameters were selected
through grid search with trial and error fine tuning: Appendix B Table B.1 shows all the
hyperparameters for the decision trees and all the machine learning models.

The XGBoost is a specialised ensemble of decision trees that improves regression accuracy
by combining multiple trees [Krauss et al. 2016]. RFR works in a similar fashion but uses a
random subset of features to build its multiple trees [Krauss et al. 2016]. This subset selec-
tion enables the model to avoid noise as it uses ensemble trees that are not highly correlated
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[Krauss et al. 2016]. The XGBoost on the other hand can overfit when the data is high
dimensional and full of noise.

The tree models are able to score the importance of different features. Figure 4.3 shows
the features that were highlighted by RFR as important features in forecasting the South
African unemployment rate.

0 0.2 0.4 0.6 0.8 1

Foreign exchange rate: SA rand per USA dollar

Total cash-flow revenue

Total outstanding domestic non-marketable loan levies

Total South African population

The nominal effective exchange rate

6.27 · 10−3

6 · 10−5

1.55 · 10−3

8.29 · 10−2

0.91

RFR Coefficient Estimate

Figure 4.3: Features that were selected by the Random Forest (RFR) embedded feature
selection technique with their relative coefficient estimate.

It is also worth noting that both the RFR and XGBoost had the lowest MASE when combined
with the wrapper feature elimination techniques. This confirms that indeed only a subset
of features informs the South African unemployment rate. Appendix E Table E.1 shows the
full results for the decision tree methods.

4.2.4 Kernel

Support vector regression (SVR) machine learning kernel techniques were employed for this
research. The model had MASE significantly above 1 when the filter feature selection tech-
niques were used. This was particularly true when correlated features were removed. This is
because the model relies on being able to linearly separate the features along a plane. When
the correlated features are removed placing the kernel becomes harder, hence, the MASE
was above 1. The model performed the best when the wrapper feature selection techniques
were applied as well as filter methods that did not remove correlated features.

The hyperparameters for the SVR model were tuned through grid search. The optimal
hyperparamaters being those with the lowest error. The following proved to be most effec-
tive, the regularization was set to 1.37, ε was set to 0.02, and a linear kernel was used.

The kernel is used to determine a higher dimension that the feature set should be trans-
lated to in order to create a decision boundary. The linear kernel keeps the data in the same

70



dimension. Therefore, the unemployment rate is linearly separable when some of the feature
selections are used such as ANOVA, EM ENET, or RFE.

Table 4.7: The performance (MASE) of the support vector regression model over four hori-
zons: 4-months (H1), 8-months (H2), 12-months (H3), and 24-months (H4).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 H4 CV
SVR MIG 1.5727 0.9904 1.0405 0.3229 0.3997
SVR ANOVA 0.8342 0.5405 0.5359 0.3692 0.2714
SVR EM ENET 0.3556 0.2930 1.1201 0.4487 0.3343
SVR RFE LASSO 0.5875 0.6166 1.1709 0.6189 0.3021
SVR RFE ENET 0.7256 0.4374 0.5007 0.6210 0.2677
SVR Unique 1.1363 0.8091 1.0208 0.6505 0.4028
SVR VARIANCE UNIQUE 1.1363 0.8091 1.0208 0.6505 0.4028
SVR NO FS 1.1499 0.8149 1.0261 0.6529 0.4023
SVR VARIANCE 1.1499 0.8149 1.0261 0.6529 0.4023
SVR RANDOM FOREST 0.5868 0.6413 1.2138 0.7007 0.5856
SVR EM LASSO 0.2938 0.3420 1.3585 0.7031 0.3209
SVR PCA 2.8183 1.9450 2.3707 0.7179 0.2782
SVR XGBOOST 0.4659 0.9118 1.4016 0.8843 0.4521
SVR RFE RIDGE 4.6596 2.9485 3.9336 1.6363 0.6405
SVR NO CORR 5.8350 4.4346 4.7082 1.7819 0.3463
SVR UNIQUE NO CORR 5.8350 4.4346 4.7082 1.7819 0.3463
SVR VARIANCE UNIQUE

NO CORR
5.8350 4.4346 4.7082 1.7819 0.3463

SVR MIG NO CORR 3.1131 2.1279 2.9351 1.7887 0.3259

4.3 Overall Performance Summary

The MLP was the top performing overall model: measured by the average MASE over the
four horizons. MLP had an average MASE of 0.3990, which was 14% higher than the model
that followed it: the RFR. Compared to deep learning models, the model did not achieve an
error as low their H4 error, but was higher in the first three horizons.

Table 4.8 shows the top ten models. The different machine learning model categories -
regression, deep learning, kernel, and decision trees - are all represented in the top per-
forming models. Although, the OLS (LR) is in the top ten, it overfits and should not be
considered in the top ten. Hence, eleven models are shown.

The SVR is represented more than the other models in the top ten. Particularly when
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it is paired with ENET feature selected data. This implies that the grouping effect of the
ENET results in a feature set that is linear separable.

Table 4.8: The top ten performing (MASE) machine learning models across all different
model categories. The performance was assessed using an average MASE over the four
horizons).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 H4 AVG
MLP RFE ENET 0.3506 0.3357 0.3103 0.5593 0.3890
RFR RFE LASSO 0.4243 0.4859 0.3843 0.4828 0.4443
LSTM RFE ENET 0.4532 0.5024 0.4684 0.6563 0.5201
Bayes Ridge EM ENET 0.3108 0.2546 1.0929 0.4422 0.5251
LR EM ENET 0.3097 0.2531 1.1031 0.4434 0.5273
RFR RFE ENET 0.4491 0.6190 0.4831 0.5629 0.5285
Ridge EM ENET 0.4493 0.2887 1.0046 0.4523 0.5487
SVR EM ENET 0.3556 0.2930 1.1201 0.4487 0.5543
SVR ANOVA 0.8342 0.5405 0.5359 0.3692 0.5700
SVR RFE ENET 0.7256 0.4374 0.5007 0.6210 0.5712
ENET RFE ENET 0.3537 0.2747 1.2919 0.5005 0.6052

It is worth noting that only one of the top feature sets is not a multivariate feature selec-
tion method: the SVR ANOVA. The rest of the models are multivariate and all used either
ENET and/or LASSO as the estimator for the selection of the feature subsets. Both embed-
ded (ENET and LASSO) and wrapper (recursive feature elimination) methods are almost
equally represented.

The inclusion of the ANOVA in the top models is interesting because although ANOVA is
univariate it has multivariate proprieties because it estimates how the variation in a feature
compares to the variation amongst all other features. It, therefore, considers the variation
across the entire feature set.

Figure 4.4 (a) shows the ranking of the models through the various horizons. Whilst (b)
shows the ranking of different feature selection techniques. These show how multivariate
feature techniques are generally consistent in their performance through horizons whilst
ANOVA is not.
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Figure 4.4: The performance ranking of the top machine learning models, as well as, the
ranking of feature selection techniques.

(a) Machine Learning ranking over four horizons. (b) Feature selection techniques

The subset of features that influence the South African unemployment rate are discussed in
subsection 4.2.1 and subsection 4.2.2. Fundamentally, there are distinct key features that
influence the South African unemployment rate. These features are identified by ENET and
LASSO, the top performing feature selection techniques, as key features that impact the
South African unemployment rate:

1. Foreign exchange rate: SA rand per USA dollar

2. Total outstanding domestic non-marketable loan levies

3. Final consumption expenditure by general government

4. Total outstanding domestic non-marketable loan levies

5. Domestic output: all groups

It was further observed that the model that achieved the highest R− squared was the SVR
model with an R-squared of 0.6705 and Bayes ridge with an R-squared of 0.5821. Table 4.9
shows the R-squared for the top performing models. Only three models achieved a R-squared
above 0.5. The R-squared being below 0.5 was a cause for concern because it signaled that
the models were only able to explain less than 50% variance in the data.

R-squared measures how much variation in the data the model is able to explain relative
to a näıve model i.e. a model with just the intercept [Hyndman and Athanasopoulos 2018].
Feature engineering was considered as a mechanism to improve this: discussed in section 4.4.
Although, R-squared was not the primary metric for this research, it is wise to also assess it
as it provides additional information not captured by MASE.
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Table 4.9: The top ten models as measured by R-squared.

Model Feature Selection R squared
SVR ANOVA 0.6705
SVR MIG 0.6700
Bayes Ridge MIG 0.5821
Ridge ANOVA 0.4536
ENET PCA 0.4411
LASSO PCA 0.4310
Ridge MIG 0.4118
Ridge EM ENET 0.3679
Bayes Ridge Variance 0.3438
Bayes Ridge NO FS 0.3438

4.4 Feature Engineering

Some of the contents that appear in this chapter have been published at a Taylor & Francis
conference:

• Mulaudzi and Ajoodha [2021b], “Improving the Performance of Multivariate Forecast-
ing Models Through Feature Engineering: A South African Unemployment Rate Fore-
casting Case Study,” 2021 International Conference On Interdisciplinary Research in
Technology and Management, 2021.

In order to improve the R-squared, lag variables of the unemployment rate were added as
features to forecasting the South African unemployment rate. Two lag variables were added
as this was found as the most optimal (lowest error) number of lag variables. Therefore, the
number of features increased from 147 to 149.

The number of lags were selected by trial and error. Lags between 2 and 7 were tried.
These lags were treated as a parameter that was set and updated based on the performance
of the model. Two lags were the best performing across the models and, therefore, this was
used across the models. Figure 4.5 shows that the unemployment rate has a high correlation
with its lag values. Demonstrating that there is evidence of temporal dependencies in the
South African unemployment rate.

The addition of lag variables improved the R-squared by over 100% on average across all
the experiments. The highest R-squared without the lag values was 0.6705 and with lag
values it was 0.7875. Only 87 experiments had a positive R-squared without addition of
lags, this improved to 132 after the lags were added. Furthermore, 73 experiments achieved
an R-squared above 0.5, an improvement from 3. Table 4.10 shows the top ten R-squared
changes.
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Figure 4.5: The Correlation Map for the lag values of the unemployment rate showing that
the unemployment rate is highly correlated with the lag values.

Table 4.10: The inclusion of lag values of the South African unemployment rate improves
the R-squared by over 100% on average.

Without Lags With Lags
Model Feature Selection R-squared R-squared % Change

Ridge MIG 0.4118 0.7875 91.2%
ENET MIG 0.0171 0.7875 4510.8%
ENET PCA 0.4411 0.7872 78.5%
LASSO XGBoost 0.3097 0.7872 154.2%
LASSO PCA 0.4310 0.7849 82.1%
LASSO MIG 0.0511 0.7849 1437.0%
ENET XGBoost 0.2911 0.7842 169.4%
LASSO Random Forest 0.2244 0.7842 249.5%
RFR RFE LASSO 0.0092 0.7750 8285.6%
ENET Unique 0.1513 0.7731 410.9%
Bayes Ridge NO FS 0.3438 0.7649 122.5%
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The inclusion of lag values improves the R-squared of the models significantly. Some models,
which had negative R-squared, improved by values much larger than 100%. An example of
this the MLP which with RFE ENET, the model achieved the top MASE score when lags
were not included but the R-squared was -0.2127. After lags the R-squared improved to
0.7273: a 439% improvement.

The accuracy (reduction in MASE) also improved slighly. This was measured using the
average over the four horizons. The average MASE was 0.2950 without lag values and was
0.2832 after the lag values were added. Therefore, the inclusion of lag values not only im-
proved the percentage of variation that the model can explain, but it also improves the error
achieved by the model.

After the inclusion of lag values, the deep learning models were all in the top models as
measured by the average MASE over the the four horizons. The LSTM, BiLSTM, and GRU
improved their MASE by more than 20%. This improvement in the recurrent neural network
models is because these models have a long term memory structure, therefore, introducing
lag variables enables these models to take advantage of this capability. The results are shown
in Table 4.11, which shows the change in order amongst the top models.

Table 4.11: The comparison of how the inclusion of lag values changes the performance
(MASE) of the top models.

Without Lags With Lags
Model Feature Selection AVG Model Feature Selection AVG
MLP RFE ENET 0.3890 SVR ANOVA 0.3827
RFR RFE LASSO 0.4443 MLP RFE ENET 0.3879
LSTM RFE ENET 0.5201 GRU RFE ENET 0.3894
Bayes Ridge EM ENET 0.5251 LSTM RFE ENET 0.4067
LR EM ENET 0.5273 BiLSTM EM LASSO 0.4101
RFR RFE ENET 0.5285 MLP ANOVA 0.4125
Ridge EM ENET 0.5487 Ridge VARIANCE 0.4176
SVR EM ENET 0.5543 Ridge NO FS 0.4176
SVR ANOVA 0.5700 Ridge VARIANCE UNIQUE 0.4179
SVR RFE ENET 0.5712 Ridge Unique 0.4179
ENET MIG 0.6052 BiLSTM RFE ENET 0.4324

The overall top model after the inclusion of the lags was the SVR. Showing that inclusion of
lags also improves the linear separability of the dataset selected through ANOVA. The model
was eighth without lags. The MLP moved from first place to second after lags were added.
The addition of lags had minimal impact on the MLP with RFE ENET feature selection.
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This shows the robustness of the MLP with RFE ENET: this result increases confidence in
the model.

It is also worth noting that ANOVA is represented twice in the table with lags: one with
SVR and another with MLP. The recursive feature selection with ENET as the black-box
model remains well represented in the top models.

Table 4.11 shows that 50% of the top models were all multivariate feature selection tech-
niques. Most of these multivariate models used ENET as an estimator. This suggests that
the group effect should be considered or retained regardless of the inclusion of exclusion of
lags.

The increase in the number of univariate feature selection techniques is interesting and shows
that when the lag values are added the variation within the feature has a big impact on the
ability of the model to forecast the unemployment rate. The removal of low variance fea-
tures improved the accuracy, this can be seen by observing that four out of the six univariate
features in the top models are concerned with variance: variance thresholds removals, the
ratio of the variance within features and between features, or removal of low variance features.

Feature engineering improved the performance (reduced MASE and increase R-squared)
of most machine learning models because of the temporal nature of the South African un-
employment rate. The improvements were across all the different kinds of machine learning
models used. Models with memory structures were able to improve a lot more than models
without such structures. Hence, the deep learning models all improved because of the tem-
poral nature of the recurrent neural networks.

The inclusion of lag values improves the confidence in the results because the inclusion
of lags not only results in improved forecasting accuracy, but it also improves the percentage
of variation in the data that the models can explain.

4.5 Machine Learning vs Vector Autoregression

The VAR was used as a benchmark model, Table 4.2 shows that the VAR performed poorly
compared to a näıve model. The application of VAR moving average (VARMA) did not
improve this. Grid search was used to find the parameters of the model i.e. lag order. Dif-
ferencing was also required in order to make the data stationary.

The VAR model centered all its predictions around 8.5; this suggests that the model as-
sumes that unemployment reverts to some mean. However, this is not the case because of
the nonlinearity of the data: the unemployment rate itself is also nonlinear. The MASE of
the VAR model was over 100 times higher than the machine learning models: VAR was 40
times worse than the näıve models.
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As the VAR model was the benchmark model, the results of the model were compared
to the machine learning models to explore how the performance differed. Figure 4.6 shows
the difference between a number of the machine learning models and VAR. It is clear that the
machine learning models outperform the benchmark model. None of the VAR predictions
were below näıve model, whilst a number of machine learning models were.
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Figure 4.6: The comparison of the VAR model with a few machine learning models to show
the difference in performance.

The VAR also has limitations because it assumes all features equally impact each other.
Therefore, feature selection is not possible with the VAR. The machine learning models such
as ENET and LASSO are able to perform automatic feature importance determination. This
is an additional benefit of machine learning models beyond just accuracy improvements.

The machine learning models are also geared towards big data settings, and can cope with a
large number of features and observations. The VAR performs better with a limited number
of features, making it less suitable for big data contexts.
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4.6 The Causal Relationship of the Features

The multivariate feature selection techniques that used ENET as an estimator resulted in
the lowest MASE across horizons and models. To determine the causal relationship between
the features that ENET identified as most impactful, a Bayesian network was constructed
with these features as nodes. The theoretical treatment of Bayesian networks is out of scope
for this research but readers are encouraged to consult Pearl [2011] and Koller and Friedman
[2009].

A Bayesian network is a directed acyclic graph that shows how nodes (features) influence
each other [Ajoodha 2018; Koller and Friedman 2009]. Therefore, in these graphs a node
represents a feature and an edge that connects two nodes represents the influence of one
node over another [Ajoodha 2018; Koller and Friedman 2009]. These networks provide us
an avenue to understand the causal relationship between different features that influence the
South African unemployment rate.

A causal network with six nodes was constructed. The nodes being Final consumption
expenditure by general government (FGE), domestic output: all groups (GDP), foreign ex-
change rate: SA rand per USA dollar (FER), total outstanding domestic non-marketable
loan levies (TDL), total foreign non-marketable debt (TFD), and the unemployment rate
(UR). The Bayesian network structure was learnt from data using the NOTEARS algorithm
as implemented by CausalNex [Pamfil et al. 2020; Zheng et al. 2018; QuantumBlack 2020].

Figure 4.7 shows how features (nodes) that impact the South African unemployment rate
influence each other. It is clear to see that the South African unemployment rate is directly
influenced by TDL, GDP, and FGE. TFD and FER influence it indirectly. The features
themselves also influence each other such as the impact of TFD on TGE: the total foreign
non-marketable debt impacts the final consumption by general government. Simply put, the
amount of debt that the South African government has impacts how much the government
spends.
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Figure 4.7: A Bayesian network showing how key features that impact the South African
unemployment rate influence each other.

Figure 4.8 shows the dynamic version of the directed graph: a Dynamic Bayesian network
(DBN). This shows that not only do the features themselves impact the unemployment rate
and each other, the lag values of these have an impact too. The figure only shows one lag
order for each variable, however, the second lag order also had an impact as well.

The conditional probability distributions (CPDs) have been omitted from the paper be-
cause of the size of the DBN. The source code with detailed implementation information
(including CPDs) for the DBN can be found on this link: https://drive.google.com/

drive/folders/1XkEJBryoZd3rh-9VwRElw34sh6nJuwT1.

In Figure 4.8 the current unemployment rate (UR lag0) is shown as being impacted by
the unemployment rate lag (UR lag1). This confirms the improved MASE and R-squared
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that was observed when lag orders of the unemployment rate were included in the data (see
Table 4.3).

The lag values of other features indirectly influence the current unemployment rate. They
do this by influencing their own current values (lag 0), as well as the lag value of the unem-
ployment rate: which then influences the unemployment rate directly.

Figure 4.8: A Dynamic Bayesian network (DBN) showing how key features that impact the
South African unemployment rate influence each other over time: with only a single lag
value for each node.

In order to develop the causal network (DBN), the approach proposed by QuantumBlack
[2020] was followed. The afore mentioned features were firstly discretized. Meaning that
they were converted from continuous to discrete data. This was done using the percentage
change. The percentage change was calculated by looking at the difference between the value
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of the series at time t and t− 1 for every observation. These percentage changes were then
discretized by assigning each observation a value based on the change: for positive change,
1 was assigned, whilst negative changes were assigned -1, and no change was assigned 0.

The continuous time series data was used to learn the Dynamic Bayesian network (DBN)
from the data using the NOTEARS algorithm. The discretized data is used to learn the
states that each node can take (-1, 0, or 1, shown in Table 4.12), as well as the conditional
probability distributions (CPDs) for each node. To achieve this the data was split into
training and testing: 715 observations for training and 79 (10%) observations for testing.
The training data was used to learn the CPDs of the DBN using a Bayesian estimator with
the K2 algorithm to learn the priors. QuantumBlack [2020] provides background to this
approach.

Table 4.12: The percentage distribution of the various states that the different nodes can
have.

UR GDP FGE TFD TDL FER
0 78% 57% 75% 37% 75% 37%
1 13% 36% 18% 36% 15% 34%

-1 9% 6% 6% 27% 9% 30%

The learned structure with states and CPDs was tested using the testing data. Classification
metrics were used to evaluate the overall strength of the DBN. The accuracy, which measures
the ability of the model to correctly make predictions, was 72%.

Table 4.13 shows the metrics across the unemployment rate (UR) states; which was set
as the prediction target. The results are reflective of the data distribution, there were few
examples of state -1, which is a decline in the unemployment rate: the South African unem-
ployment is upward trending. Furthermore, state 1 was also not as frequently observed from
1960 to today, the rapid rise in unemployment rate has been an issue over the last twenty
years.

Table 4.13: Summary of the classification metrics used to evaluate the DBN.

UR (State: -1) UR (State: 0) UR (State: 1) Weighted Average
Precision 11% 80% 0% 65%
Recall 17% 88% 0% 72%
F1-Score 13% 84% 0% 68%

There is additional work that is required in order to address the sample imbalance: this is left
to future researchers. However, the evaluation results were satisfactory for this research as
they were consistent with the observed data. They were further consistent with Table 4.12.
Various techniques such as varying the train and test sizes, reducing the size of the data,
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increasing and decreasing the number of states, as well as different discretization approaches
were attempted. The results shown in Table 4.13 were the best results achieved.

The DBN was then used to make inference and explore different scenarios that could impact
the South African unemployment rate. The marginal likelihood of the unemployment rate
(UR) was:

P (UR = −1) = 0.28, (4.1)

P (UR = 0) = 0.43, and (4.2)

P (UR = 1) = 0.30. (4.3)

It is observed from the marginals that the unemployment rate is likely to remain as is and
if it changes it is more likely to increase than decrease.

The conditional probabilities were also calculated. These are shown in Table 4.14. The prob-
abilities show that the South African unemployment rate is impacted more or less equally by
the other features. The GDP is one feature that stands out as it has the highest conditional
probability: P (UR = 0|GDP ) = 0.3968. This means that a change in the GDP is mostly
like to keep the unemployment rate the same. Similarly, a change in FER is most likely to
lead to a reduction in the unemployment rate, and a change FGE is most likely to increase
the unemployment rate.

In Table 4.14 each value in the table shows the Probability (P) of the unemployment rate
(UR) being in a particular state (1: increase, 0: remain the same, and -1: decrease) given
that one of the nodes has been observed. For examples 0.3059, the first entry in the table, is
the P (UR = −1|GDP ). The probability of the unemployment rate decreasing (UR in state
-1) given that we observe a particular change in the GDP.

Table 4.14: The conditional probabilities of the South African unemployment rate given that
the other nodes have been observed.

P (UR|GDP ) UR (State: -1) UR (State: 0) UR (State: 1)
GDP 0.3059 0.3968 0.2973
FGE 0.3333 0.3333 0.3333
TFD 0.3153 0.3627 0.3219
TDL 0.3153 0.3662 0.3185
FER 0.3242 0.3548 0.3210

The conditional dependence shows that certain features have a higher impact than others in
determining the state of the unemployment rate. Do-Calculus, as explained by Pearl [2011],
was used to explored how different changes or intervention to the features could impact the
distribution of South African unemployment rate. Thus do-Calculus allows us to perform
scenario analysis based on the DBN, by exploring the counterfactual i.e. ‘what if node x
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changed’.

Table 4.15 shows the results of each change in the feature by considering a counterfac-
tual: what if the feature was increased (set to state 1), decreased (state -1), or remained the
same (state 0). It is important to the note that the below discussion, refers to changes in
distributions not the actual unemployment rate.

Increasing the GDP will mostly likely to lead to a decrease in the unemployment rate. How-
ever, this also results in an increase in the number of those unemployed, although smaller:
a net decrease of 5%. This is visible by studying the change in the probability distributions.
Concretely, decreasing the GDP results in the likelihood of the unemployment rate increasing
by 16%. This shows the asymmetric relationship between GDP and the unemployment rate:
in absolute terms, decreasing GDP impacts the unemployment rate more than increasing
GDP.

The asymmetric relationship between the South African GDP and South African unem-
ployment rate is discussed in chapter 1. The do-Calculus confirms this observation, demon-
strating that the DBN is consistent with the properties observed in the data.

Table 4.15 also shows that if the TDL increases, then there is a high probability of a de-
crease in the unemployment rate: the likelihood decreasing by 6%. Therefore, changes to the
TDL is a lever that policymakers can leverage to improve the unemployment rate. Similar
outcomes can be achieved by reduced FGE as well.
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Table 4.15: Counter factuals based on the Dynamic Bayesian model, showing how the unemployment rate would change
if its features are changed.

UR (State: -1) UR (State: 0) UR (State: 1)
Before intervention 0.2770 0.4260 0.2960

Intervention Distribution % Change Distribution % Change Distribution % Change
What if GDP de-
creased?

0.3299 19% 0.3658 -14% 0.3043 3%

What if GDP in-
creased?

0.2517 -9% 0.4645 9% 0.2838 -4%

What if GDP stayed
the same?

0.2932 6% 0.3876 -9% 0.3191 8%

What if FGE de-
creased?

0.3293 19% 0.3414 -20% 0.3293 11%

What if FGE in-
creased?

0.3283 19% 0.3435 -19% 0.3283 11%

What if FGE stayed
the same?

0.2611 -6% 0.4532 6% 0.2857 -3%

What if TDL de-
creased decreased?

0.3196 15% 0.3557 -17% 0.3246 10%

What if TDL in-
creased?

0.3153 14% 0.3662 -14% 0.3185 8%

What if TDL stayed
the same?

0.2705 -2% 0.4384 3% 0.2911 -2%

What if FER de-
creased?

0.2783 0% 0.4287 1% 0.293 -1%

What if FER in-
creased?

0.2726 -2% 0.4326 2% 0.2948 0%

What if FER stayed
the same?

0.2988 8% 0.39315 -8% 0.308 4%
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From the initial 147 feature list, there is a subset of features that most impact the South
African unemployment rate. This feature subset was determined by ENET, and is made
up of features that influence each other: the grouping effect of ENET. This influence was
modelled as a DBN.

Using the DBN, it was demonstrated in this section, how the South African unemploy-
ment rate responds to changes in other features. Therefore, machine learning approaches
not only enable higher accuracy (as measured by MASE) to be achieved, but they also allow
for features to be selected based on their predictive capacity, as well as enable the automatic
determination of the influence of said features on each other.

4.7 Research Contributions

This chapter demonstrated the value of machine learning models to forecast the South
African unemployment rate. It was shown that machine learning models have a higher
forecasting accuracy when compared to VAR, the benchmark model. Furthermore, offering
the benefit of being able to select features that influence the South African unemployment
rate. Therefore, enabling policymakers to focus on the right levers to decrease the unem-
ployment rate. These levers are made even more precise through the DBNs which show how
they influence each other, as well as how they directly and in-directly influence the South
African unemployment rate.

The research questions have, therefore, been addressed by conducting 1522 experiments.
Concretely,

1. Research Question 1 Compared to the vector autoregression model (VAR), the
benchmark multivariate forecasting model, how effective are machine learning models
(regression, neural networks, and kernel methods) in forecasting the South African
unemployment rate?

Twelve machine learning models were employed to forecast the South African unem-
ployment rate with the vector autoregression (VAR) used as a benchmark model. The
machine learning models were 100 times better than the VAR: as measured by MASE.
Most of the models achieved a MASE below 1: machine learning models are better than
näıve models. MLP and SVR are generally the top performing models, with the lowest
average MASE over four horizons.

2. Research Question 2 The South African Reserve Bank tracks 147 key macroeco-
nomic variables, these are used as features in this research. What is the impact of
feature selection on the unemployment forecasting accuracy?

Seventeen feature selection techniques were employed to assess the impact of using
different feature subsets. It was observed that multivariate feature selection techniques
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have the biggest impact on the South African unemployment rate. There are, therefore,
group dynamics in these features that must be taken into account when forecasting the
unemployment rate. ENET and LASSO are the top performing feature selection tech-
niques: either directly or as black-box estimators for wrapper methods.

ENET (which was consistently top performing) identified five features as important
in forecasting the South African unemployment rate, Final consumption expenditure by
general government; domestic output: all groups; foreign exchange rate: SA rand per
USA dollar; total outstanding domestic non-marketable loan levies; and total foreign
non-marketable debt.

3. Research Question 3 What is the relationship between the various features of the
unemployment rate and how do they influence the unemployment rate and each other?

A Dynamic Bayesian Network (DBN) was constructed from the data. The DBN showed
how different features influence each other and the unemployment rate. The rate is only
directly influenced by the current values of the features final consumption expenditure
by general government; domestic output: all groups; and total outstanding domestic
non-marketable loan levies. The lag value of the unemployment rate also influences it.

The different features also influence each other almost equally as seen in the DBN.
Leveraging this causal structure, do-Calculus was performed to consider different coun-
terfactuals. Decreasing either the final consumption expenditure by general government
or the total outstanding domestic non-marketable loan levies results in increases in the
unemployment rate.

This chapter demonstrated that this research adds to a growing body of literature on fore-
casting unemployment rates. The research used an end-to-end machine learning approach:
a data-driven process. Furthermore, including DBNs to show how various features influ-
ence each other. The next chapter will provide concluding remarks as well as restating the
contributions of the research.
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5
Conclusion & Future Work

Through 1522 experiments, the research demonstrated that machine learning models can
be used to forecast the unemployment rate more accurately than the orthodox approach,
VAR. Furthermore identifying impactful features and their influence on each other and the
unemployment rate. Therefore, successfully achieving the objectives of the research.

This chapter is the concluding chapter of the research. Section 5.1 summarized the research
and its contributions. Section 5.2 discusses three opportunities that future researchers should
consider. The last section, 5.3, provides three data determined policy recommendations that
the South African government should consider.

5.1 Conclusion

Unemployment is one of the most significant challenges that South Africa faces. Almost a
third of the employable population and over half of those aged below 35 are without jobs.
This is a problem that has persisted in South African since the dawn of democracy in 1994,
and there seems to be no end in sight. Over the last two and half decades multiple policy in-
terventions have been attempted by the South African government to address this challenge
but none of them have been widely successful.

The search for policy interventions that will change the South African unemployment nar-
rative is ongoing. This is an important search because the right policy intervention can
systematically reduce the unemployment rate. The development of such policies is reliant
on accurate forecasts, which are typically performed using traditional statistical tools such
as VAR.

The challenge with models such as VAR is that they are built for data that is linear and
stationary. However, the South African unemployment rate is asymmetric, nonlinear, non-
stationary, seasonal, and trendy. Hence, traditional statistical methods are prone to error
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when forecasting unemployment. Because of this challenge, researchers have started experi-
menting with machine learning models to forecast unemployment rates across the world.

This research set out to i) explore the the ability of machine learning models to forecast
the South African unemployment rate; ii) identify key features that assist in forecasting the
unemployment rate; and iii) identify how these different features influence each other and
the unemployment rate. These objectives have all been met and are discussed in section 4.7.

To achieve the objectives of the research 1522 experiements were run. This was done using
twelve machine learning models with VAR as the benchmark with seventeen feature selec-
tion techniques. MLP and SVR were the top two performing models. The machine learning
models were over 100 times more accurate than the benchmark model. Through ENET,
five features (from 147) that impact the South African unemployment rate the most were
identified. The feature subset was then used to build a Dynamic Bayesian network (DBN).

Three of the five features have a direct impact on the unemployment rate: final consumption
expenditure by general government (FGE); domestic output: all groups (GDP); and total
outstanding domestic non-marketable loan levies (TDL). Whilst the remaining two indirectly
influence it, these being foreign exchange rate: SA rand per USA dollar (FER) and total
foreign non-marketable debt (TFD).

The research also used do-Calculus to demonstrate that increasing GDP can result in a
reduction in the unemployment rate. However, decreases in GDP increase the unemploy-
ment rate by greater magnitude than the increases in GDP. Therefore, the government should
make all the effort to ensure that either GDP remains the same or increases, as its declines
can cancel a significant amount of the progress made by its positive changes. Reducing FGE
and TDL also results in decrease in the unemployment rate: both these are levers that the
government has full control over.

This research and its outputs compliments previous research on forecasting unemployment
rates across the world. Whilst previous research is concentrated in North America, Europe,
and Asia, this research uses machine learning models for an African context. Particularly
South Africa, where, the unemployment rate is upward trending, nonstationary, and non-
linear. Expanding the current literature by incorporating filter, wrapper, and embedded
feature selection techniques.

The research used an end-to-end machine learning approach: a data-driven process. Fur-
thermore, including DBNs to show how various features influence each other. To the best of
our knowledge this research is the first to demonstrate the value of machine learning in fore-
casting a macroeconomic variable across the ‘whole’ machine learning value chain: feature
selection, forecasting, feature influence analysis, and do-Calculus scenario analysis. Others
tend to only focus one or two of these aspects: as can be seen in Table 2.1.
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Furthermore, the focus in unemployment rate forecasting tends to be on feature selection
and feature extraction. Feature engineering receives little to no focus and has been used
to a limited extent. This research demonstrates that feature engineering improves the per-
formance of machine learning-based unemployment rate forecasts: MASE reduction and an
increase in R-squared.

The inclusion of do-Calculus in this research and the demonstrated value is extremely im-
portant to the forecasting research space because often the consumers of macroeconomic
forecasts, policymakers, are interested in knowing how different interventions would impact
the unemployment rate. Therefore, this demonstration is significant and important as it
paves the way for more forecasters to embrace such a methodology.

5.2 Policy Recommendations

Multiple policies have been attempted to reduce the South African unemployment rate.
Through a data-driven machine learning process, the South African government should focus
on three areas to reduce the unemployment rate:

• Avoid, at all cost, GDP decreases Increasing the GDP has been a priority of
the South African government since the dawn of democracy. Achieving this priority
does positively impact the South African unemployment rate. However, a decline in
GDP has a greater negative impact than the positive created by the increase. There-
fore, policymakers should ensure that the balance of their policies do not negatively
impact the GDP as this can wipe out any progress that has been made in addressing
the unemployment rate.

• Reduce government expenditure Looking at all the policy interventions that the
government has attempted to reduce the unemployment rate. It can sometimes feel
like there is no end in sight. However, our scenario analysis shows that reducing
government spend can result in a decrease in the unemployment rate. This seems like
an easy lever for the government to use. Instead of spending more, the government
should look to more incentive orientated interventions that leverages private capital
without increasing the spend of the government significantly.

• Manage government debt The South African government debt has been rising at
an alarming rate. Improved the management of this directly impacts the government
expenditure as well as impacting the unemployment rate positively as well. Therefore,
the South African government should look at fiscal responsibility as an indirect lever to
influence the South African unemployment rate.

The analysis, whilst experimental and requiring more work to be useful in the real world,
shows that using a data-driven process, the South African government can mine opportunities
to influence the unemployment rate through mechanisms that are not always obvious.
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5.3 Future Work

This research has demonstrated the effectiveness of using machine learning to forecast the
unemployment rate. Three areas have been identified as opportunities for further research.

Research opportunity 1: This research explored how probabilistic graphical models can
be used for scenario analysis using probabilistic approaches. Further research is required
in this space to demonstrate and develop the do-Calculus approach further. The research
demonstrated the approach but much work is required to ensure this is effectively applied
for unemployment rate forecasting.

Research opportunity 2: Due to the mixed frequencies, data imputation strategies were
employed. Whilst these are widely and effective used, research should be conducted in us-
ing high dimensional data with mixed frequencies without any imputation. The challenge
with any imputation method is that by definition it adds data to the features that did not
exit. This matters more in macroeconomic forecasting because the missing data does not
exist because it was never collected by design and there is no intention to ever collect it.
Therefore, there are opportunities to develop mixed frequency forecasting approaches for
high dimensional data.
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A
Feature List

Table A.1 shows the list of features that were used for this research. The data was accessed
from the South African Reserve Bank (SARB). The SARB mostly collects and reports its
own data, however, a few features are sourced from Statistics South Africa. Therefore, this
data is reliable and the data generating process is transparent and accessible on the SARB
website: this refered to as the Special Data Dissemination Standard (SDDS). The data has
coverage of a number of key economic sectors in South Africa: real, fiscal, financial, and
external sector as well as population data.

It is also worth noting that economic data is typically available in constant prices or current
prices. Constant prices are prices as at a given date, therefore, the value today is not af-
fected by economic changes that would not make a non-financial difference to it. For example
inflation causes prices to change, not because anything has changed about the goods or ser-
vices but because time has passed. Current prices are those that incorporate these financial
changes such as inflation. For this research constant prices were used to avoid inflation being
a confounding variable across across our data. Inflation (CPI) is itself a feature that was
used for this research.
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Table A.1: List of features that sourced from the South African Reserve Bank

Data Frequency
Feature Monthly Quarterly Annual

Date Range Literature Use

Gross value added at basic prices of agricul-
ture, forestry and fishing

X 1960 to 2020

Value added at basic prices of mining and
quarrying

X 1960 to 2020

Gross value added at basic prices of manu-
facturing

X 1960 to 2020

Gross value added at basic prices of electric-
ity, gas and water

X 1960 to 2020

Gross value added at basic prices of construc-
tion (contractors)

X 1960 to 2020

Gross value added at basic prices of whole-
sale and retail trade, catering and accommo-
dation

X 1960 to 2020

Gross value added at basic prices of trans-
port, storage and communication

X 1960 to 2020

Gross value added at basic prices of finance,
insurance, real estate and business services

X 1960 to 2020

Gross value added at basic prices of other
community, social and personal services

X 1960 to 2020

Gross value added at basic prices of general
government services

X 1960 to 2020

Gross value added at basic prices of all in-
dustries

X 1960 to 2020

Gross domestic product at market prices X 1960 to 2020
Final consumption expenditure by house-
holds: Total

X 1960 to 2020

Final consumption expenditure by general
government

X 1960 to 2020
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Table A.1 continued from previous page
Gross fixed capital formation X 1960 to 2020
Change in inventories X 1960 to 2020
Residual item X 1960 to 2020
Gross domestic expenditure X 1960 to 2020
Exports of goods & services X 1960 to 2020
Imports of goods & services X 1960 to 2020
Final consumption expenditure by house-
holds: Total

X 1960 to 2020

Final consumption expenditure by general
government

X 1960 to 2020

Gross fixed capital formation X 1960 to 2020
Change in inventories X 1960 to 2020
Residual item X 1960 to 2020
Gross domestic expenditure X 1960 to 2020
Exports of goods & services X 1960 to 2020
Imports of goods & services X 1960 to 2020
Physical volume of manufacturing produc-
tion: Total

X 1963 to 2020

The leading business cycle indicator is a com-
posite index comprising of time series, which
tend to shift direction in advance of the busi-
ness cycle

X 1960 to 2020 Used by the SARB
for the unemployment
leading indicator
[Davies et al. 2009].

Non-agricultural employment: Total X 1970 to 2020
Remuneration per worker in non-
agricultural: Total

X 1970 to 2020

Remuneration per worker in non-
agricultural: Total

X 1970 to 2020
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Table A.1 continued from previous page
CPI Headline X 1922 to 2020 Commonly used in

economics, the inverse
relationship between
CPI (inflation) and
unemployment is
refereed to as Philips
Curve [Marinkov and
Geldenhuys 2007;
Vermeulen 2017])

Domestic output: All groups X 1970 to 2020 Commonly used in
economics, the re-
lationship between
GDP (Domestic
output) and unem-
ployment is refer-
eed to as Okun’s
Law [Marinkov and
Geldenhuys 2007;
Vermeulen 2017])

Consolidated general government: Revenue X 1991 to 2020
Consolidated general government: Expense X 1991 to 2020
Consolidated general government: Expense:
Interest

X 1991 to 2020

Net cash-flow from operating activities X 1991 to 2020
Consolidated general government: Non-
financial assets - Net

X 1960 to 2020

Consolidated general government: Non-
financial assets - Net

X 1991 to 2020

Consolidated general government: Cash sur-
plus/deficit

X 1991 to 2020
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Table A.1 continued from previous page
Consolidated general government: Net cash-
flow from financing activities

X 1991 to 2020

Consolidated general government: Net ac-
quisition of financial assets other than cash

X 1991 to 2020

Domestic Loans X 2002 to 2020
Other domestic financial assets X 2002 to 2020
Foreign X 2002 to 2020
Consolidated general government: Liabilities X 1991 to 2020
Consolidated general government: Liabili-
ties: Domestic

X 1991 to 2020

Consolidated general government: Liabili-
ties: Domestic: Currency and deposits

X 1991 to 2020

Consolidated general government: Liabili-
ties: Domestic: Securities other than shares

X 1991 to 2020

Consolidated general government: Liabili-
ties: Domestic: Loans

X 1991 to 2020

Agriculture, forestry and fishing X 1960 to 2020
Consolidated general government: Liabili-
ties: Domestic: Other domestic liabilities

X 2005 to 2020

Consolidated general government: Liabili-
ties: Foreign

X 1991 to 2020

Consolidated general government: Liabili-
ties: Foreign: Currency and deposits

X 1991 to 2020

Consolidated general government: Liabili-
ties: Foreign: Securities other than shares

X 1991 to 2020

Consolidated general government: Liabili-
ties: Foreign: Loans

X 1991 to 2020

Consolidated general government: Net
change in the stock of cash

X 1991 to 2020
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Table A.1 continued from previous page
National government revenue adjusted for
differences in timing between the recording
of transactions and bank clearances.

X 1960 to 2020

National government expenditure adjusted
for differences between the recording of
transactions and bank clearances, and late
departmental requests/surrenders of funds.

X 1960 to 2020

The difference between cash-flow revenue
and cash-flow expenditure.

X 1960 to 2020

Cost/profit of revaluation of foreign loans X 1960 to 2020
Plus: Accrual adjustment X 2000 to 2020
The net borrowing requirement of national
government equals the net result of the cash-
flow deficit/surplus and the cost of revalua-
tion of foreign loans at redemption.

X 1960 to 2020

Cash received from the issuance of Trea-
sury bills less cash payments made to redeem
Treasury bills.

X 1960 to 2020

Cash received from the issuance of domestic
government bonds less cash payments made
to redeem domestic government bonds

X 1984 to 2020

Cash received from the issuance of other debt
instruments less cash payments made to re-
deem other debt instruments, including non-
marketable bills and bonds, and debt of the
former TBVC-countries, self-governing terri-
tories and the Republic of Namibia that were
assumed by the national government

X 1960 to 2020

Financing by non-marketable bonds X 1960 to 2020
Total cash-flow revenue X 1960 to 2020
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Table A.1 continued from previous page
Including changes in the Exchequer and
Paymaster-General Account balances with
the South African Reserve Bank and other
banks.

X 1960 to 2020

The net result of all financing activities of
national government.

X 1984 to 2020

Total gross loan debt (nsa) X 1960 to 2020
Total outstanding domestic marketable debt X 1960 to 2020
Total outstanding domestic marketable bills X 1960 to 2020
Total domestic marketable bonds X 1960 to 2020
Total outstanding domestic marketable
bonds: Not exceeding 1 year (incl SA
housing trust loans i.e marketable SP05
bonds)

X 1855 to 2020

Total outstanding domestic marketable
bonds: Exceeding 1 but not 3 years

X 1986 to 2020

Total outstanding domestic marketable
bonds: Medium term

X 1986 to 2020

Total outstanding domestic marketable
bonds: Total exceeding 10 years

X 1986 to 2020

Total outstanding domestic marketable loan
levies

X 1989 to 2020

Total outstanding domestic non-marketable
debt

X 1960 to 2020

Total outstanding domestic non-marketable
bills

X 1960 to 2020

Total outstanding domestic non-marketable
bonds

X 1960 to 2020

Domestic non-marketable bonds by instru-
ment type: Floating/variable rate bonds

X 1987 to 2020
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Table A.1 continued from previous page
Total outstanding domestic non-marketable
loan levies

X 1960 to 2020

Total foreign debt X 1960 to 2020
Total foreign marketable debt X 1960 to 2020
Total outstanding foreign marketable bonds
by unexpired maturity: Not exceeding 1 year

X 1960 to 2020

Total outstanding foreign marketable bonds
by unexpired maturity: Exceeding 1 but not
3 years

X 1960 to 2020

Total outstanding foreign marketable bonds
by unexpired maturity: Exceeding 3 years

X 1960 to 2020

Total foreign non-marketable debt X 1960 to 2020
Total other debt X 1993 to 2020
Gold and Foreign Exchange Contingency Re-
serve Account

X 2018 to 2020

Financial guarantees by government X 2018 to 2020
Broad monetary credit to the government
sector. Net Claims on Government are
shown as a counterpart item to the change
in M3. It is the total of ”gross claims on
the government sector” minus ”Government
deposits”.

X 1965 to 2020
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Table A.1 continued from previous page
Claims on the domestic private sector. Do-
mestic credit extended by monetary finan-
cial institutions is disaggregated into: (i)
Credit extended to the domestic private sec-
tor (Claims on the domestic private sector)
which is further subdivided into investments,
bills discounted, instalment sale credit, leas-
ing finance, mortgage advances and other
loans and advances; and (ii) Net credit ex-
tended to the government sector (compris-
ing the central government, provincial gov-
ernments and social security funds); that is,
credit extended less government deposits.

X 1965 to 2020

Net foreign assets after valuation adjust-
ment. Net foreign assets are shown as a coun-
terpart item to the change in M3. It is the to-
tal of foreign assets minus foreign liabilities.
Deposits of non-residents are not included in
the broad monetary aggregate.

X 1960 to 2020

M2 plus all long term deposit with monetary
banking institutions

X 1965 to 2020

Total claims on the private sector X 1993 to 2020
Total claims on the government X 1983 to 2020
Total foreign assets minus total foreign lia-
bilities

X 1978 to 2020

Deposit of banks,mutual banks with the
SARB and notes and coins outside the SARB
and SA mint

X 1965 to 2020

Current account (nsa) X 1960 to 2020
Goods: exports (nsa) X 1960 to 2020
Goods: imports (nsa) X 1960 to 2020
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Table A.1 continued from previous page
Services: credit (nsa) X 2015 to 2020
Services: debit (nsa) X 2015 to 2020
Income: credit (nsa) X 2015 to 2020
Income: debit (nsa) X 2015 to 2020
Current transfers: credit (nsa) X 2015 to 2020
Current transfers: debit (nsa) X 2015 to 2020
Capital account (nsa) X 2015 to 2020
Capital account: credit (nsa) X 2015 to 2020
Capital account: debit (nsa) X 2015 to 2020
Financial account X 2015 to 2020
Direct investment abroad X 2015 to 2020
Direct investment in reporting economy X 2015 to 2020
Portfolio investment, assets X 2015 to 2020
Portfolio investment, liabilities X 2015 to 2020
Financial derivatives, assets X 2015 to 2020
Financial derivatives, liabilities X 2015 to 2020
Other investment, assets X 2015 to 2020
Other investment, liabilities X 2015 to 2020
Reserve assets X 2015 to 2020
Net errors and omissions X 2015 to 2020
Gross reserves of the Reserve Bank - US Dol-
lar

X 2018 to 2020

IMF reserve position X 2018 to 2020
Reserve Bank SDR reserves X 2018 to 2020
Reserve Bank gold reserves X 2018 to 2020
Reserve Bank other foreign exchange reserves X 2018 to 2020
Other reserve assets X 2018 to 2020
Gross gold and other foreign reserves :
Amount as at end of period

X 2018 to 2020

Exports of goods, including gold (SARS) X 2012 to 2020

108



Table A.1 continued from previous page
Imports of goods (SARS) X 2012 to 2020
Total foreign assets X 1956 to 2020
Foreign assets: Total direct investment X 2015 to 2020
Foreign assets: Total portfolio investment X 2015 to 2020
Foreign assets: Portfolio investment: Equity
securities

X 2015 to 2020

SDDS - Financial derivative assests X 2015 to 2020
Foreign assets: Total other investment X 2015 to 2020
SDDS - Reserve Assest X 2015 to 2020
Total foreign liabilities X 2015 to 2020
Foreign liabilities: Total direct investment X 2015 to 2020
Foreign liabilities: Total portfolio investment X 2015 to 2020
Foreign liabilities: Portfolio investment: Eq-
uity securities

X 2015 to 2020

Foreign liabilities: Portfolio investment:
Debt securities

X 2015 to 2020

SDDS - Financial derivative liabilities X 2015 to 2020
Foreign liabilities: Total other investment X 2015 to 2020
Net Investment Position X 2015 to 2020
Foreign debt of S.A.: Total foreign debt X 2015 to 2020
Foreign exchange rate : SA rand per USA
dollar

X 2018 to 2020

The nominal effective exchange rate is a
weighted exchange rate of the rand measured
against a basket of the currencies of South
Africa’s twenty most important trading part-
ners. The calculation is based on trade in and
consumption of manufactured goods

X 2018 to 2020

Total South African population X 2015 to 2020
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Table A.1 continued from previous page
58 112 1 1922 to 2020
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B
Hyperparameter Settings

Grid search and trial & error were the primary methods for tuning the hyperparameters of
the machine learning models. A range was first attempted such as 1e−10, 1e−100, 1e−1000.
This would be followed by a deeper grid search such as a range from 1e−10 to 9e−10.
The last step was then hand tuned improvements. In cases where a model had multiple
hyperparamters, one would be tuned with others being held fixed. Sometimes this would
result in loops nested in loops. The hyperparameter settings that had the lowest MASE is
show in Table B.1.

Table B.1: The hyperparameter settings for the twelve machine learning models used for
this research. Only key parameters are shown.

Model Hyper Paramers

SVR

Kernel: linear
Polynomial degree: 3
Regulization parameter: 1.37
Epsilon: 0.02
Stopping criteria tolerence: 0.001

Bayes Ridge
Paramater for gamma distruction over L1: 0.000006
Paramater for gamma distruction over L2: 0.000006
Compute marginal likelihood at each iteration: True

LR None

Ridge
L2 regulization strength: 68
Solver: Automatic

LASSO L1 regulization strength: 0.32

RFR

Criteria: mean squared error
Minimum number of samples required to split node: 2
Minimum number of samples required to be a leaf: 1
Number of estimators: 100

ENET Regulization strength (alpha): 0.03
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Table B.1 continued from previous page
Model Hyper Paramers

LSTM

Number of layers: Six layers with 64, 32, 16, 8, 8, and 1 nodes at each layer
Optimizer: adam
Loss: mean squared error
Metrics: accuracy

GRU

Number of layers: Six layers with 64, 32, 16, 8, 8, and 1 nodes at each layer
Optimizer: adam
Loss: mean squared error
Metrics: accuracy

MLP

Hidden-layer size: 43
Activation function: tanh
Solver: lbfgs
Alpha: 0.3067
Learning rate: adaptive
Learning rate initialization: 0.001
Shuffle: False
Early stopping: True
Validation fraction: 0.1

BiLSTM

Number of layers: Six layers with 64, 32, 16, 8, 8, and 1 nodes at each layer
Optimizer: adam
Loss: mean squared error
Metrics: accuracy

XGB

Objective: squared error
Column sample by tree ratio: 0.3
Learning rate: 0.1
Maximum depth: 6
Regulirization (alpha): 45
Number of estimators: 4
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C
Regressions Models Results

Table C.1: The performance (MASE) of all regression machine learning models over four horizons: 4-months (H1),
8-months (H2), 12-months (H3), and 24-months (H4).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 AVG H4 CV
Bayes Ridge EM ENET 0.3108 0.2546 1.0929 0.4422 0.5251 0.3410
LR EM ENET 0.3097 0.2531 1.1031 0.4434 0.5273 0.4123
Ridge EM ENET 0.4493 0.2887 1.0046 0.4523 0.5487 0.3410
ENET MIG 0.3537 0.2747 1.2919 0.5005 0.6052 0.3635
LR RFE ENET 0.8211 0.5086 0.5899 0.6189 0.6346 0.2744
Bayes Ridge RFE ENET 0.8246 0.5103 0.5920 0.6192 0.6365 0.7577
LASSO MIG 0.4415 0.2990 1.2940 0.5153 0.6374 0.4950
Ridge RFE LASSO 0.4789 0.4983 1.0626 0.5949 0.6587 0.3365
Ridge RFE ENET 0.8828 0.5383 0.6269 0.6242 0.6680 0.3819
Bayes Ridge RFE LASSO 0.5176 0.5392 1.0794 0.6014 0.6844 0.5384
ENET RFE ENET 0.8086 0.6312 0.7500 0.5580 0.6870 0.3856
LR RFE LASSO 0.5220 0.5438 1.0811 0.6022 0.6873 0.4231
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Model Feature Selection H1 H2 H3 AVG H4 CV
Ridge RANDOM FOREST 0.4591 0.4621 1.0995 0.7387 0.6898 0.3450
Bayes Ridge EM LASSO 0.3201 0.3048 1.4005 0.7787 0.7010 0.5713
LASSO RFE ENET 0.8264 0.6542 0.7757 0.5594 0.7039 0.4950
LR EM LASSO 0.3506 0.3078 1.4109 0.7900 0.7148 0.4780
Ridge EM LASSO 0.5160 0.5357 1.4362 0.6329 0.7802 0.2967
LASSO RFE LASSO 0.5130 0.4904 1.5839 0.5845 0.7930 0.4950
LR VARIANCE UNIQUE NO CORR 1.1843 0.6598 0.7350 0.6933 0.8181 7.80E+09
LR UNIQUE NO CORR 1.1843 0.6598 0.7350 0.6933 0.8181 7.75E+10
LR NO CORR 1.1843 0.6598 0.7350 0.6933 0.8181 1.38E+09
ENET RFE LASSO 0.5447 0.5235 1.6258 0.5896 0.8209 0.3541
Bayes Ridge XGBOOST 0.8611 0.6984 1.1979 0.6285 0.8465 0.4493
ENET MIG NO CORR 0.9204 0.8261 1.2535 0.4831 0.8708 0.3770
ENET NO CORR 0.9204 0.8261 1.2535 0.4831 0.8708 0.3831
ENET UNIQUE NO CORR 0.9204 0.8261 1.2535 0.4831 0.8708 0.3831
ENET VARIANCE UNIQUE NO CORR 0.9204 0.8261 1.2535 0.4831 0.8708 0.3831
LASSO MIG NO CORR 0.9553 0.8386 1.2581 0.4694 0.8803 0.4950
LASSO NO CORR 0.9553 0.8386 1.2581 0.4694 0.8803 0.4950
LASSO UNIQUE NO CORR 0.9553 0.8386 1.2581 0.4694 0.8803 0.4950
LASSO VARIANCE UNIQUE NO CORR 0.9553 0.8386 1.2581 0.4694 0.8803 0.4950
Ridge MIG NO CORR 0.8242 0.6339 1.2670 0.8884 0.9034 0.3291
LR XGBOOST 1.1499 0.8355 1.3117 0.6261 0.9808 0.9860
Ridge XGBOOST 0.6515 1.0774 1.4412 0.7773 0.9869 0.3631
Ridge ANOVA 1.3284 1.1093 1.2257 0.5032 1.0416 0.3136
ENET RANDOM FOREST 1.2323 1.0042 1.4005 0.5347 1.0429 0.3771
LASSO RANDOM FOREST 1.2673 1.0113 1.4029 0.5193 1.0502 0.4950
Bayes Ridge VARIANCE UNIQUE 1.6836 0.9916 1.0082 0.5226 1.0515 0.3863
Bayes Ridge Unique 1.6836 0.9916 1.0082 0.5226 1.0515 0.3863
Bayes Ridge MIG NO CORR 1.0239 0.7417 1.4248 1.0693 1.0649 0.3615
Bayes Ridge VARIANCE 1.7204 1.0173 1.0299 0.5223 1.0725 0.3864
Bayes Ridge NO FS 1.7204 1.0173 1.0299 0.5223 1.0725 0.3864
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Model Feature Selection H1 H2 H3 AVG H4 CV
ENET EM LASSO 1.3911 0.8083 1.5295 0.5998 1.0822 0.3556
ENET ANOVA 1.3913 0.8084 1.5295 0.5998 1.0822 0.3635
ENET NO FS 1.3913 0.8084 1.5295 0.5998 1.0823 0.3745
ENET Unique 1.3913 0.8084 1.5295 0.5998 1.0823 0.3745
ENET VARIANCE 1.3913 0.8084 1.5295 0.5998 1.0823 0.3745
ENET VARIANCE UNIQUE 1.3913 0.8084 1.5295 0.5998 1.0823 0.3745
ENET EM ENET 1.3914 0.8084 1.5296 0.5998 1.0823 0.3655
Bayes Ridge MIG 1.6291 1.0824 1.2523 0.3846 1.0871 0.4423
LR RANDOM FOREST 1.1335 1.0545 1.4052 0.7566 1.0875 0.8127
LR MIG NO CORR 1.0642 0.7621 1.4530 1.0950 1.0936 0.4522
Bayes Ridge RANDOM FOREST 1.1909 1.0672 1.4389 0.7840 1.1202 0.4789
LASSO EM LASSO 1.5068 0.8645 1.5541 0.6196 1.1362 0.4950
LASSO Unique 1.5069 0.8646 1.5541 0.6196 1.1363 0.4950
LASSO ANOVA 1.5069 0.8646 1.5541 0.6196 1.1363 0.4950
LASSO NO FS 1.5069 0.8646 1.5541 0.6196 1.1363 0.4950
LASSO VARIANCE 1.5069 0.8646 1.5541 0.6196 1.1363 0.4950
LASSO VARIANCE UNIQUE 1.5069 0.8646 1.5541 0.6196 1.1363 0.4950
LASSO EM ENET 1.5070 0.8646 1.5542 0.6196 1.1363 0.4950
Ridge MIG 1.6176 1.1465 1.3494 0.4956 1.1523 0.3072
ENET XGBOOST 1.3109 1.2828 1.5530 0.5171 1.1659 0.3771
LASSO XGBOOST 1.3438 1.2832 1.5509 0.5007 1.1696 0.4950
ENET PCA 1.6737 1.1122 1.4652 0.5025 1.1884 0.5095
LASSO PCA 1.6847 1.1222 1.4710 0.5101 1.1970 0.4950
Bayes Ridge VARIANCE UNIQUE NO CORR 1.4783 1.1517 1.5713 0.5899 1.1978 0.4144
Bayes Ridge UNIQUE NO CORR 1.4783 1.1517 1.5713 0.5899 1.1978 0.4144
Bayes Ridge NO CORR 1.4783 1.1517 1.5713 0.5899 1.1978 0.4144
Ridge VARIANCE UNIQUE 2.0608 1.2680 1.6906 0.6919 1.4278 0.3324
Ridge Unique 2.0608 1.2680 1.6906 0.6919 1.4278 0.3324
Ridge VARIANCE 2.0669 1.2721 1.6950 0.6941 1.4320 0.3325
Ridge NO FS 2.0669 1.2721 1.6950 0.6941 1.4320 0.3325
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Model Feature Selection H1 H2 H3 AVG H4 CV
ENET RFE RIDGE 2.2906 1.2958 1.5378 0.6986 1.4557 0.4950
LASSO RFE RIDGE 2.3084 1.3082 1.5234 0.7106 1.4626 0.4950
Ridge UNIQUE NO CORR 1.8634 1.4065 1.9017 0.7235 1.4738 0.3455
Ridge VARIANCE UNIQUE NO CORR 1.8634 1.4065 1.9017 0.7235 1.4738 0.3455
Ridge NO CORR 1.8634 1.4065 1.9017 0.7235 1.4738 0.3455
Ridge PCA 2.5643 1.7517 2.1371 0.6407 1.7735 0.4551
Bayes Ridge PCA 2.6929 1.8715 2.2961 0.6932 1.8884 0.5406
LR PCA 2.7090 1.8846 2.3110 0.6979 1.9006 8.3460
Ridge RFE RIDGE 4.5819 2.8943 3.7466 1.5208 3.1859 0.4836
Bayes Ridge RFE RIDGE 4.6286 2.9269 3.7854 1.5395 3.2201 0.7752
Bayes Ridge ANOVA 5.2533 3.5875 3.1667 0.8798 3.2218 0.4636
LR ANOVA 10.3528 7.1340 6.4048 1.5448 6.3591 4.3569
LR MIG 9.35E+02 5.58E+02 5.51E+02 1.60E+02 5.51E+02 0.9884
LR RFE RIDGE 4.24E+03 2.96E+03 1.12E+04 1.54E+04 8.45E+03 2.46E+25
LR Unique 1.45E+10 1.01E+10 1.02E+10 3.12E+09 9.46E+09 1.88E+08
LR NO FS 1.50E+10 1.05E+10 1.05E+10 3.24E+09 9.82E+09 8.11E+08
LR VARIANCE UNIQUE 2.53E+10 1.76E+10 1.77E+10 5.45E+09 1.65E+10 7.77E+08
LR VARIANCE 3.17E+10 2.21E+10 2.23E+10 6.84E+09 2.07E+10 4.78E+08 [t]
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D
Neural Networks Models Results

Table D.1: The performance (MASE) of all neural network machine learning models over four horizons: 4-months (H1),
8-months (H2), 12-months (H3), and 24-months (H4).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 AVG H4 CV
MLP RFE ENET 0.3506 0.3357 0.3103 0.5593 0.3890 0.2334
LSTM RFE ENET 0.4532 0.5024 0.4684 0.6563 0.5201 0.2308
LSTM RFE LASSO 0.5244 0.4961 1.2502 0.5187 0.6973 0.2308
MLP RFE LASSO 0.6188 0.5982 1.1594 0.5895 0.7415 0.2422
MLP MIG 0.4745 0.6219 1.3744 0.5680 0.7597 0.3642
GRU RFE LASSO 0.7624 0.7359 1.1550 0.6091 0.8156 0.2308
BiLSTM RFE LASSO 0.7704 0.7528 1.1957 0.6160 0.8337 0.2308
GRU PCA 1.2858 1.1915 1.3790 0.5269 1.0958 0.2308
BiLSTM RFE RIDGE 1.8084 0.9594 1.1880 0.6101 1.1415 0.2308
LSTM RFE RIDGE 1.8254 0.9712 1.1929 0.6137 1.1508 0.2308
LSTM UNIQUE NO CORR 2.2450 1.2600 1.4842 0.6918 1.4203 0.2308
LSTM PCA 2.2472 1.2718 1.4856 0.6929 1.4244 0.2308
LSTM VARIANCE UNIQUE NO CORR 2.2611 1.2681 1.5137 0.6917 1.4337 0.2308
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Model Feature Selection H1 H2 H3 AVG H4 CV
BiLSTM PCA 2.2751 1.2854 1.5001 0.6950 1.4389 0.2308
BiLSTM NO CORR 2.2908 1.2867 1.5211 0.6940 1.4482 0.2308
LSTM NO CORR 2.2905 1.2889 1.5365 0.6905 1.4516 0.2308
MLP EM ENET 1.7497 1.3541 1.9410 0.8138 1.4646 0.2531
BiLSTM VARIANCE UNIQUE NO CORR 2.3242 1.3114 1.5455 0.6990 1.4700 0.2308
MLP XGBOOST 1.3883 1.7957 2.4384 0.8079 1.6076 0.2427
GRU RANDOM FOREST 1.5507 1.8060 2.4502 0.6716 1.6196 0.2308
LSTM XGBOOST 1.8325 1.9168 2.4662 0.6861 1.7254 0.2308
MLP PCA 2.4854 1.7360 2.1971 0.6745 1.7733 0.3325
GRU XGBOOST 2.0678 2.0708 2.6379 0.7130 1.8724 0.2308
LSTM RANDOM FOREST 2.2393 2.0769 2.6850 0.7461 1.9368 0.2308
MLP EM LASSO 2.6963 2.0294 2.3556 0.8429 1.9811 0.2091
BiLSTM XGBOOST 2.2832 2.1579 2.7418 0.7488 1.9829 0.2308
MLP VARIANCE UNIQUE 2.9352 1.8948 2.3398 0.8119 1.9954 0.3549
MLP MIG NO CORR 2.9628 2.0551 2.5030 0.7859 2.0767 0.2326
GRU RFE ENET 2.9423 2.1202 2.3115 1.0901 2.1160 0.2308
MLP RANDOM FOREST 1.9689 2.4348 3.1540 0.9697 2.1319 0.2418
MLP UNIQUE NO CORR 3.0931 2.1988 2.6144 0.7449 2.1628 0.2827
GRU EM LASSO 3.1402 2.3381 2.6420 0.7074 2.2069 0.2308
MLP VARIANCE UNIQUE NO CORR 3.1537 2.2789 2.6669 0.7837 2.2208 0.2827
GRU EM ENET 3.5442 2.2730 2.4402 0.7886 2.2615 0.2308
MLP NO CORR 3.2667 2.3115 2.7249 0.7710 2.2685 0.2792
GRU MIG 3.3224 2.3890 2.8715 0.7763 2.3398 0.2308
BiLSTM RANDOM FOREST 3.1555 2.4801 3.0146 0.8250 2.3688 0.2308
LSTM EM LASSO 3.5896 2.4893 2.6564 0.7585 2.3734 0.2308
MLP NO FS 3.5321 2.3897 2.9037 0.9578 2.4458 0.3503
BiLSTM RFE ENET 3.6525 2.5080 2.5712 1.1411 2.4682 0.2308
GRU MIG NO CORR 3.8485 2.4136 2.9917 0.7916 2.5114 0.2308
LSTM EM ENET 3.9699 2.5640 2.7019 0.8228 2.5146 0.2308
MLP ANOVA 3.7443 2.6076 2.8772 0.9459 2.5437 0.3174
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Model Feature Selection H1 H2 H3 AVG H4 CV
MLP VARIANCE 3.7665 2.4926 2.9800 0.9458 2.5462 0.3548
BiLSTM EM ENET 4.0196 2.6147 2.7700 0.8189 2.5558 0.2308
GRU RFE RIDGE 4.0163 2.4998 2.9716 0.7910 2.5697 0.2308
MLP Unique 3.9511 2.5978 3.0533 0.9487 2.6377 0.3790
LSTM MIG NO CORR 4.1863 2.5870 3.0899 0.8370 2.6751 0.2308
BiLSTM MIG 4.1278 2.7205 3.1279 0.8551 2.7078 0.2308
BiLSTM EM LASSO 4.2438 2.8296 2.9936 0.8136 2.7201 0.2308
BiLSTM ANOVA 4.2734 2.7012 3.0788 0.8566 2.7275 0.2308
MLP RFE RIDGE 4.4949 2.8337 2.9893 0.8906 2.8021 0.4399
BiLSTM MIG NO CORR 4.4823 2.8160 3.2555 0.8792 2.8583 0.2308
LSTM ANOVA 4.5632 2.8909 3.2471 0.8836 2.8962 0.2308
LSTM VARIANCE UNIQUE 4.5611 2.8923 3.2671 0.8925 2.9032 0.2308
LSTM MIG 4.4580 2.9334 3.3437 0.8854 2.9051 0.2308
BiLSTM VARIANCE UNIQUE 4.6168 2.9243 3.2975 0.8991 2.9344 0.2308
GRU ANOVA 4.6442 2.9502 3.3164 0.9077 2.9546 0.2308
BiLSTM UNIQUE NO CORR 4.6573 2.9455 3.3424 0.8989 2.9610 0.2308
GRU VARIANCE 4.6769 2.9737 3.3626 0.9043 2.9794 0.2308
GRU VARIANCE UNIQUE NO CORR 4.7067 2.9744 3.3648 0.8993 2.9863 0.2308
GRU Unique 4.7107 2.9913 3.3695 0.9078 2.9948 0.2308
GRU VARIANCE UNIQUE 4.7377 3.0134 3.3968 0.9091 3.0142 0.2308
GRU NO CORR 4.8002 3.0407 3.4419 0.9113 3.0485 0.2308
LSTM Unique 4.7918 3.0524 3.4422 0.9124 3.0497 0.2308
LSTM NO FS 4.8146 3.0665 3.4570 0.9146 3.0632 0.2308
BiLSTM Unique 4.8402 3.0807 3.4696 0.9179 3.0771 0.2308
GRU NO FS 4.8445 3.0848 3.4743 0.9187 3.0806 0.2308
LSTM VARIANCE 4.8848 3.1171 3.5127 0.9207 3.1088 0.2308
GRU UNIQUE NO CORR 4.8942 3.1155 3.5165 0.9221 3.1121 0.2308
BiLSTM VARIANCE 5.0066 3.1962 3.5953 0.9329 3.1828 0.2308
BiLSTM NO FS 5.0472 3.2228 3.6222 0.9368 3.2072 0.2308 [t]
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E
Decision Trees Models Results

Table E.1: The performance (MASE) of all neural network machine learning models over four horizons: 4-months (H1),
8-months (H2), 12-months (H3), and 24-months (H4).

Mean Absolute Scaled Error (MASE)
Model Feature Selection H1 H2 H3 AVG H4 CV
RFR RFE LASSO 0.4243 0.4859 0.3843 0.4828 0.4443 0.1917
RFR RFE ENET 0.4491 0.6190 0.4831 0.5629 0.5285 0.1889
RFR EM ENET 0.4683 0.7914 1.2908 0.5654 0.7790 0.1683
XGB RFE ENET 1.5102 0.8208 0.9413 0.5999 0.9680 0.4662
RFR EM LASSO 0.5893 1.1111 1.7803 0.6406 1.0303 0.1544
RFR MIG NO CORR 0.5481 1.2367 1.8036 0.6277 1.0540 0.1831
RFR ANOVA 1.1570 1.2212 1.5935 0.6393 1.1528 0.2049
XGB RFE LASSO 1.7982 1.0217 1.1609 0.6309 1.1529 0.4622
XGB EM ENET 1.8226 1.0635 1.2598 0.6460 1.1980 0.4521
RFR NO CORR 0.5195 1.4603 2.1599 0.7090 1.2122 0.2006
RFR UNIQUE NO CORR 0.5391 1.4637 2.1643 0.7099 1.2192 0.2041
RFR VARIANCE UNIQUE NO CORR 0.5279 1.4650 2.1700 0.7144 1.2193 0.1980
XGB ANOVA 1.9029 1.2378 1.5373 0.6814 1.3398 0.4524
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Model Feature Selection H1 H2 H3 AVG H4 CV
XGB RANDOM FOREST 1.9640 1.2263 1.5530 0.6677 1.3527 0.4487
XGB EM LASSO 1.9607 1.2845 1.5534 0.6943 1.3732 0.4534
XGB UNIQUE NO CORR 2.0054 1.2961 1.5582 0.6923 1.3880 0.4662
XGB VARIANCE UNIQUE NO CORR 2.0553 1.3267 1.6104 0.6957 1.4220 0.4692
XGB MIG NO CORR 2.0025 1.3676 1.6621 0.6908 1.4307 0.4605
RFR MIG 1.5276 1.5262 2.0046 0.7014 1.4399 0.1772
XGB XGBOOST 2.0469 1.4413 1.7443 0.7107 1.4858 0.4588
RFR Unique 1.8517 1.5813 1.9543 0.7009 1.5220 0.2264
XGB VARIANCE UNIQUE 2.1244 1.4620 1.8238 0.7280 1.5345 0.4609
RFR VARIANCE 1.8207 1.6053 1.9988 0.7136 1.5346 0.2221
XGB MIG 2.2547 1.4111 1.7803 0.7198 1.5415 0.4543
XGB VARIANCE 2.1383 1.4982 1.8344 0.7386 1.5523 0.4434
XGB Unique 2.2056 1.5164 1.8091 0.7276 1.5647 0.4607
RFR NO FS 1.9403 1.6448 2.0363 0.7206 1.5855 0.2217
RFR VARIANCE UNIQUE 1.8566 1.7074 2.1249 0.7337 1.6056 0.2259
XGB NO CORR 2.3682 1.5254 1.8119 0.7179 1.6058 0.4641
XGB NO FS 2.4559 1.6122 1.9272 0.7555 1.6877 0.4625
RFR XGBOOST 1.8288 1.9497 2.4872 0.7893 1.7637 0.1603
RFR RANDOM FOREST 1.9689 1.9628 2.4702 0.7934 1.7988 0.1699
RFR PCA 1.9806 1.9741 2.5337 0.7838 1.8180 0.2212
XGB PCA 2.7753 1.7325 2.0077 0.7689 1.8211 0.4868
XGB RFE RIDGE 3.1299 1.8813 2.1499 0.7989 1.9900 0.5272
RFR RFE RIDGE 3.9995 2.4880 2.9659 0.8721 2.5814 0.2735 [t]
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