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Abstract

Macroeconomic forecasting plays a crucial role in shaping monetary and fiscal poli-
cies, guiding decision-making in both public and private sectors. Traditional economic
indicators, often released at lower frequencies, are insufficient for capturing the rapid
shifts in economic conditions, particularly in post-pandemic periods. This research aims
to enhance macroeconomic forecasting by integrating sentiment analysis derived from
higher-frequency textual data, such as central bank communications, into traditional
econometric models. The research evaluates MIDAS, Kalman Filter-based Dynamic
Factor Models (DFM), and MF-VAR to determine the effectiveness of incorporating
sentiment alongside financial market indicators, such as the S&P/ASX 200 index.

The findings indicate that sentiment alone does not consistently outperform financial
indicators but adds predictive value when combined with asset prices. In addition,
integrating both sentiment and financial variables improves GDP forecasting accuracy,
particularly at longer horizons. These findings underscore the value of high-frequency
textual analysis in macroeconomic forecasting and highlight the complementary role of
sentiment and financial market data in improving macroeconomic forecasting.

Keywords: macroeconomic forecasting, sentiment analysis, dynamic factor model,
mixed-frequency data, central bank communication
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CHAPTER 1

Introduction

1.1 Background and motivation

Macroeconomic forecasting is one of the major aims of economic and econometric anal-
ysis, and also a critical tool for policymakers and financial institutions, as it provides
insights into future economic status that inform decision-making processes. Accurate
forecasts enable policymakers to design appropriate monetary and fiscal policies, and
financial markets to predict economic trends. Therefore, substantial academic efforts
have been dedicated to establishing foundational principles and developing tools for
more efficient forecasting. In past decades, the discussion mainly covers the relative
accuracy of macroeconometric models versus time series alternatives, the evolution of
forecasting accuracy over time, the rationality of macroeconomic predictions, and the
criteria for selecting a forecasting service (Fildes and Stekler (2002)).

Some literature focus on developing models that first seek to explain the underlying
mechanisms of the economy, with forecasting as a secondary outcome. To some extent,
this approach is optimal, as a model that accurately explains the economy can, in
theory, also produce good forecasts. However, due to the complexity of the real economy
and models required to capture its full dynamics, these forecasts may not always be
accurate within the sample data, and are even less likely to perform well out-of-sample.
Some other research focuses on models that do not aim for a comprehensive structural
model but instead offer a simplified, reduced-form statistical description. These models
often deliver better forecasting performance; however, their simplified nature makes it
challenging to tell the real economic story needed to support and interpret the forecasts.
Many economists and policymakers view this as a significant drawback (Carriero et al.

(2019)).

One of the major challenges in macroeconomic forecasting is that data are not all
sampled at same frequency. Most forecasting models, are generally based on a single
frequency. In Australia, traditional economic indicators, such as GDP, employment
rates, and inflation, are typically released quarterly or monthly with a lag and often
subject to irregular revisions. In contrast, some text data, which can provide immediate
insights into economic conditions such as news articles, social media posts, and RBA
statements, are generated in higher frequencies and in real time. The main reason
of including these text data into a forecasting model is they can enhance macroeco-
nomic forecasts by capturing timely information that traditional indicators might miss.
However, leveraging text data effectively requires advanced natural language processing
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(NLP) techniques and a robust understanding of how to extract relevant signals from
vast amounts of unstructured information.

Despite the increasing availability of high-frequency textual data in NLP, a little re-
search has been conducted on integrating these sources systematically into formal
macroeconomic forecasting models. Most existing work either treats text analysis and
macroeconomic forecasting as separate domains or applies sentiment analysis in an ad
hoc manner without evaluating its incremental forecasting value over traditional indica-
tors. This lack of integration represents a significant gap in the literature, particularly
in the Australian context where macroeconomic data are sparse and often published
with delays.

1.2 Research question and contribution

Monetary policy communication and financial market conditions both play central roles
in shaping expectations about the macroeconomy. Textual sentiment extracted from
the RBA’s monthly statements captures the qualitative, forward-looking component of
policy signalling, while high-frequency financial indicators—such as movements in the
ASX—provide market-based assessments of current and anticipated economic condi-
tions. Despite their conceptual complementarity, these two information sources have
rarely been jointly incorporated into a unified mixed-frequency forecasting framework
for Australia. This motivates the central question of this thesis: To what extent can
accounting for RBA sentiment (captured through textual analysis of high-frequency
RBA statements) improve macroeconomic forecasts when integrated into a dynamic
factor model with mixed-frequency data? Specifically, the thesis examines whether
sentiment-based predictors and financial indicators enhance the out-of-sample forecast-
ing accuracy of key macroeconomic variables, such as GDP, beyond what is achieved
by models that rely solely on traditional macroeconomic data.

There are three key contributions of this thesis. First, it develops a framework that
integrates sentiment extracted from textual data and financial conditions into a mixed-
frequency dynamic factor model (DFM) for macroeconomic forecasting—an approach
that is still relatively novel in the literature. Second, it conducts a rigorous empirical
comparison of forecasting performance between models with different types of data
(e.g. textual data only, traditional high-frequency financial indicator only, and both),
using Australian post-pandemic data as a test set. Third, it highlights the practical
implications of incorporating central bank communication into forecasting exercises,
particularly in data-constrained environments in Australia.

In my prior work Chen (2022), Latent Dirichlet Allocation (LDA) was used to analyse
the monthly statement of the RBA and investigate the macroeconomic effect of the
central bank’s communication. However, the unavailability of most key macroeconomic
variables at monthly frequency in Australia led to the econometric model in Chen
(2022) being specified using quarterly data, causing a loss of sample size and precision
in estimation and forecasting. The new contribution of this thesis is the construction
and estimation of mixed-frequency models that allow the monthly sentiment data to be
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directly integrated with lower-frequency macroeconomic indicators. This improves both
the timeliness and the potential accuracy of forecasts. Furthermore, the comparison
between models with only financial predictors and those that also incorporate text-
based sentiment is entirely novel in the Australian context.

The rest of this thesis will be organized as follows. In the next section, I provide liter-
ature from different related area, and more specific motivation as well as contribution
based on that. Section 3 introduces the econometric methodology and the details of the
estimation approaches. Section 4 gives description of both economics and text data.
Section 5 gives the results analysis.



CHAPTER 2

Literature review

2.1 Textual sentiment as a predictor of economic
activity

For macroeconomic forecasting, sentiment analysis will be able to capture the senti-
ment of the general public towards the economic shocks or policy changes. The study
of Barbaglia et al. (2023) suggest that measures of economic sentiment can track closely
business cycle fluctuations which indicate that these measures of sentiment are relevant
predictors for macroeconomic variables. The aim of my research is to evaluate the senti-
ment from the RBA’s monthly statement and economic-related content in newspapers,
then use these measurements as predictors for macroeconomic forecasting. Specifically,
the content of sentiment will be extracted from the text, and a sentiment score will be
assigned to each words according to the scoring model of Shapiro et al. (2022) which is
shown to have better predictive accuracy than existing “off-the-shelf” models. While
Kalamara et al. (2022) similarly extract time-series economic information from newspa-
per text to improve macroeconomic forecasting, their study uses UK newspaper articles
(The Guardian, The Daily Mail, and The Daily Mirror) from 1990 to 2019. In contrast,
this thesis focuses primarily on central bank communication, specifically, the RBA’s
monthly statements, as a key source of textual information. Central bank communica-
tion provides signals about macroeconomic conditions and monetary policy intentions,
helping shape market expectations (Blinder (2009)).

2.2 Central bank communication as textual senti-
ment

In today’s monetary policy frameworks, communication plays a crucial role and has
become one of the central tools used by monetary authorities to shape market expec-
tations. It helps convey information about the economy’s current condition and the
future direction of monetary policy. Central bank communication is broadly defined as
the information released by the central bank about its current and future policy objec-
tives, current economic prospects, and likely paths for the decisions of future monetary
policy (Hansen and McMahon (2016)). Historically, during the 1930s, institutions like
the Federal Reserve operated with a high level of secrecy and offered little transparency
to the public (Bholat et al. (2018)). The Reserve Bank of Australia (RBA) followed

4
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a similar approach; as noted by a former Deputy Governor, “It was an article of faith
in central banking that secrecy about monetary policy decisions was the best policy”
(Lowe (2020)). This stance has changed considerably over recent decades. Since the
early 1990s—and more notably following the 2008 global financial crisis—central banks
have increasingly recognized the value of open communication. They now regularly
publish their policy goals and economic assessments to promote greater transparency
and public understanding (Haldane and McMahon (2018)).

For computational feasibility and decreasing the noise ratio, Kalamara et al. (2022)’s
study made restrictions on the news type, they used only regular news, editorials and
commentaries. Therefore, for the same reason, the communication type in my research
will be Governor’s monthly statement, since these statements are released regularly
and formed in fixed structure. Another reason of this choice is that the RBA state-
ment is extremely well-structured especially after Lowe became the governor. The first
few paragraphs are mainly about Global economy, the middle part is Domestic
economy, and the last few paragraphs are about Forward guidance. Thus, three
sentiment indicators will be extracted from three part separately and served as high-
frequency textual data in models.

In Australia context, He (2021) examines how RBA’s announcement impacts the Aus-
tralian equity market, and found that the information effect could be present in other
forms of RBA’s communication. However, research integrating RBA communication
into structured forecasting models remains limited. This thesis addresses this gap by
extracting structured sentiment from the RBA Governor’s monthly statements and
assessing their predictive power for core macroeconomic indicators.

Recent years have seen rapid growth in research applying textual analysis to central
bank communication, particularly in the aftermath of the COVID-19 pandemic, when
uncertainty and policy interventions increased dramatically. A central contribution in
this area comes from Ter Ellen et al. (2022), whose work demonstrates how narrative
and sentiment extracted from monetary policy communication shape financial markets
and macroeconomic expectations. They combined textual features from media coverage
with high-frequency market data to identify how communication channels amplify or
dampen policy signals. Their findings suggest that textual narratives can explain vari-
ation in financial market responses beyond what is captured by conventional numerical
policy surprises. Their research highlights the value of structured textual indicators
as complementary tools for understanding and forecasting macroeconomic dynamics,
which is also the motivation underlying this thesis.

Some other post-pandemic studies further underscore the role of communication during
periods of higher uncertainty. Several studies (e.g. Benchimol et al. (2025)) show
that sentiment extracted from central bank speeches, press conferences, or meeting
minutes can predict inflation expectations or real economic activity more effectively
when traditional indicators become less informative. These findings collectively support
the view that textual indicators, particularly those capturing tone, uncertainty, and
forward-looking narratives have become increasingly important components of modern
empirical macroeconomics. This growing body of research provides strong support
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for incorporating structured sentiment from RBA communication into macroeconomic
forecasting frameworks.

2.3 Applications of NLP in macroeconomic text anal-
ysis

Bidirectional Encoder Representations from Transformers (BERT) is a language model
introduced by Google in 2018, it will help to process and quantify the linguistic infor-
mation to construct several variables which can be used as predictors in the econometric
model. The input of BERT will be the text in sentence level from RBA statement. I'm
proposing to put them into one same pool for pre-training as in Barbaglia et al. (2024).
The reason is that RBA statements are well-structured and consistent in tone, each
paragraph contains a certain content in almost all statements (e.g., the last paragraph
is usually about forward guidance).

After the pre-training, the inputs of the model are the text, with these inputs, BERT
will assign a sentiment score for each related sentence related to a certain topic range
from -1 to 1, then obtain an average score of the indicator for each text. The output
will be aggregate to the monthly frequency by averaging the values within the week. In
my application, I will mainly focus on the sentiment related to the three topics listed
above: global economy, domestic economy, and forward guidance. Thus, in total, I will
have three sentiment indicators, and these sentiment indicators will then be used in my
forecasting model as predictors.

Ellingsen et al. (2022) compared news-based indicators with the widely used FRED-MD
data in predicting U.S. macroeconomic variables. They find that when processed using
modern NLP techniques, news media data can provide forecasting gains that are both
economically meaningful and complementary to standard macroeconomic indicators.
Their results highlight two key insights relevant to this thesis: first, textual information
contains forward-looking content that may not be present in quantitative macro data;
and second, machine-readable narratives extracted from structured text can materially
improve the accuracy of macroeconomic forecasts. This evidence further motivates the
construction of sentiment indicators from RBA communication as an additional source
of predictive information.

2.4 Modeling Mixed-Frequency Data in Macroeco-
nomics

Macroeconomic forecasting frequently involves integrating information sampled at dif-
ferent frequencies—e.g., quarterly GDP and monthly or even daily financial indicators.
Most traditional econometric models typically assume data is sampled at a uniform fre-
quency, but this assumption can lead to loss of information or mismeasurement when
dealing with real-world data sources. A simple approach based on this is up-sampled
low-frequency variables to high frequency by interpolation (Kalamara et al. (2022)), this
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method is also applied in my previous research Chen (2022). However, interpolation
will cause the loss of precision when doing forecasting. To deal with, a range of econo-
metric techniques have been developed to directly accommodate mixed-frequency data,
the following three approaches are widely-used and will be estimated in this thesis to
make comprasion: Mixed Data Sampling (MIDAS), Mixed-Frequency VAR (MF-VAR),
and Dynamic Factor Models (DFM) estimated via state-space methods.

2.4.1 Mixed Data Sampling (MIDAS)

The MIDAS approach, originally introduced by Ghysels et al. (2004), is a regression-
based framework that allows low-frequency dependent variables (e.g., quarterly GDP)
to be forecast using high-frequency regressors (e.g., monthly sentiment or financial in-
dicators) without needing to aggregate or interpolate the high-frequency data. MIDAS
models achieve this by applying 'restricted’ lag polynomials, such as the Almon lag, to
control the influence of high-frequency lags while maintaining parsimony (Kuzin et al.
(2011)).

The MIDAS framework has gained wide acceptance for its computational simplicity
and strong empirical performance in nowcasting and short-term forecasting (Andreou
et al., 2010; Foroni et al., 2015). Its application has been extended beyond macro indi-
cators to incorporate high-frequency financial data and even unstructured information
like sentiment scores. Barbaglia et al. (2023) utilize a MIDAS model with sentiment ex-
tracted from news articles to forecast UK GDP and find that it outperforms traditional
autoregressive benchmarks.

However, MIDAS models face certain limitations. The use of fixed-weight lag structures
may underfit in settings where dynamics are more complex or where relationships are
non-linear. Moreover, MIDAS is primarily designed for univariate forecasting problems
and does not easily accommodate endogenous interactions among predictors—a gap
filled by more flexible frameworks like MF-VAR Kuzin et al. (2011).

2.4.2 Mixed-Frequency VAR (MF-VAR)

Mixed-Frequency VAR (MF-VAR) models extend the conventional vector autoregres-
sion framework to accommodate variables observed at different sampling frequencies.
Rather than upsampling or temporally interpolating high-frequency indicators, MF-
VARs explicitly model the underlying latent monthly or quarterly dynamics that give
rise to the observed mixed-frequency data. In this sense, MF-VARs can be viewed as
a specific class of state-space models in which the latent state evolves at the highest
frequency, while the measurement equation links the state to lower-frequency observa-
tions. This state-space representation was formalised in Schorfheide and Song (2015),
who show how mixed-frequency macroeconomic data can be handled naturally within
such a structure.

An important advantage of MF-VARs is that they allow high- and low-frequency vari-
ables to interact contemporaneously and dynamically, making it possible to model feed-
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back effects and cross-series propagation mechanisms that are absent in MIDAS regres-
sions. Marcellino and Schumacher (2010) find that MF-VARs often outperform both
traditional VARs and MIDAS models at medium- and long-horizon forecasts, particu-
larly in settings where macroeconomic shocks diffuse gradually across time and across
frequencies.

However, MF-VARs come with costs as well. Their flexibility increases parameter di-
mensionality, especially when many high-frequency lags are included. Since estimation
typically proceeds through Bayesian methods or EM algorithms, the curse of dimen-
sionality can lead to overfitting in small samples and requires careful regularisation or
shrinkage.

The next subsection introduces the general state-space framework and Dynamic Factor
Models (DFMs), which encompass MF-VARs as a special case but provide additional
structure to reduce dimensionality and extract common latent components in large
systems.

2.4.3 Dynamic Factor Models and State-Space Approaches

An alternative way to deal with mixed-frequency data is State-Space model (SSM)
which includes a two equation system: one state equation describes how state evolve
over time and one measurement equation which connect observed data to unobserved
state process. SSM can handle various complexities in time series data, such as missing
data, and time-varying parameters (Bai et al. (2013)). A Dynamic Factor Model (DFM)
can be seen as a specific type of state-space model that assumes that the observed data
is driven by a few underlying unobserved factors that evolve over time. These factors
capture the common dynamics across multiple macroeconomic series. The model is
commonly expressed in state-space form and estimated via the Kalman filter, which can
more efficiently handles missing data, irregular publication lags, and mixed-frequency
observations than MIDAS and MF-VAR (Stock and Watson (2011)). Also, there is
a trade-off between over-fitting and lack of information in traditional econometrics
models, while factor models can mitigate this overfitting (Bernanke et al. (2005)).

The foundational contributions of Stock and Watson (2002) formalized the static and
dynamic versions of the factor model, leading to widespread applications in macroe-
conomics. They use DFM to forecast a macroeconomic time series variable using a
large number of predictors, their finding shows that DFM with a smaller number of
factors perform well at most cases, while in a few cases the performance is not that
good. Mariano and Murasawa (2010) extend DFMs to approximate a monthly mea-
sure of real GDP from various indicators. More recently and related, Okuneva et al.
(2024) develop mixed-frequency DFMs that combine textual and traditional indicators,
emphasizing their flexibility and superior real-time performance.

DFM has two main advantages: (1) parsimony in handling large datasets, and (2) the
ability to incorporate unobserved information through latent factors. However, their
accuracy depends on the correct specification of factor dynamics and the assumption
that all relevant information is reflected in the chosen observable series.
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In a direct comparison, Kuzin et al. (2011) compare MIDAS with mixed-frequency
vector-autoregressive (MF-VAR), they indicate that both model shows specific advan-
tages and disadvantages. For MIDAS, the non-linear distributed lag function may be
overly restrictive, while MF-VAR has no restriction on dynamics so will suffer from
the curse of dimensionality. Their empirical findings show similarly that MIDAS per-
forms better for short horizon while MF-VAR for long horizon. Bai et al. (2013) finds
that DFMs estimated via Kalman filtering often outperform MIDAS models in high-
dimensional settings where latent common factors explain most of the variation. In
contrast, MIDAS is shown to be more efficient in small samples and short-term fore-
casting due to its simplicity. Consequently, the relative performance of each model
depends on sample size, forecast horizon, and the richness of the data environment.
Thus, DFM estimated via Kalman filter will serve as the main forecasting model in my
research, while MIDAS and MF-VAR will also be presented for comparison.



CHAPTER 3

Methodology

The main econometric methods used in this project is a Dynamic factor model (DFM)
in State-Space form introduced in Bai et al. (2013), which will be estimated by Kalman
filter. At the same time, two other mixed-frequency models like MIDAS and mixed-
frequency VAR will also be adopted as benchmarks. This section will first give intro-
duction of the State-space model (SSM) and Kalman filter, then extend it to the special
cases of having mixed-frequency data.

3.1 Mixed-frequency models

3.1.1 State-space model

State-space models provide a flexible and coherent framework for analysing dynamic
systems in which observable variables depend on unobserved (latent) states that evolve
over time. A standard linear Gaussian state-space system consists of two equations:
the state equation, which governs the evolution of the latent state, and the observation
equation, which links the latent state to the observed data.

Let
e 7, € R™ denote the vector of observed variables at time ¢,
e o, € R" denote the latent state vector,
e F € R"*" denote the state transition matrix,
e H € R"=*" denote the observation (or loading) matrix.

The system is given by:

State equation

o1 = Fou + Gy, (3.1)

where
Ct+1 ~ ./\/(0, Q)»

and Q € R" "« ig the covariance matrix of state disturbances. The state equation
describes the law of motion of the latent system, such as factor evolution or high-
frequency VAR dynamics.

10



Chapter 3. Methodology

Observation equation

Z; = Hat + Wi, (32)
where

Wi ~ N(O, R),

and R € R™*=*"= is the covariance matrix of measurement errors.

Shock assumptions

We assume:
e (, and w; are serially uncorrelated,
e E[¢,w.] =0 for all ¢, s, i.e., the two shocks are mutually independent at all lags,
e both shock vectors follow multivariate Normal distributions.

This structured representation allows the use of the Kalman filter for estimation,
smoothing, and forecasting, and serves as a unifying framework for many macroeco-
nomic time-series models—including mixed-frequency VARs and Dynamic Factor Mod-
els (DFMs)—because latent state vectors can be designed to encode the relevant dy-
namics at the desired frequency. In addition, the expanding window method is used in
the PCA to avoid data leakage, which will be introduced in detail later.

3.1.2 General Dynamic factor model

Start from a general dynamic factor model, let f be a ny x 1 dimensional vector process
satisfying

p
fii1 = Z Oify + 10 VE=1,...,T, (3.3)
1=1
where ®; are ny X ny matrices, the eigenvalues of the companion matrix lie strictly
inside the unit circle, and 7 is an i.i.d. zero mean Gaussian error process with diagonal
covariance matrix X, = diag(agi,i =1,...,ny). ny is the number of factors. Observed
data will relate to the factors through factor loading:

Wit = ’)’i/ft + Uit (34)

3.1.3 Mixed-frequency Dynamic factor model

When extended to mixed-frequency case, there are two types of data, low frequency
(observed at integer 1,2,...,7T) and high frequency (observed at 1,1 + (1/m),1 +
(2/m),....,(T—1)4+((m—1)/m),T), where m is the number of high frequency periods
in one low frequency period (e.g. m=3 for monthly/quarterly data). Note that here
I just assume there is only one low-frequency process y, with multiple high-frequency
process X; = (T14Ta; * ** Tny)-

p
fioim = Z O otyym + Merjym VE=1,...T, j=0,...,m—1, (3.5)
=1

11



Chapter 3. Methodology

If the LF process were observed at HF, it would relate to the factors as follows:

y:—l—g/m = 7/1ft+]/m + UL t45/m Vt7 j = 07 cee, M — ]-7 (36)

where y* denotes the process which is not directly observed and ~, is a ny x 1 vector
of factor loadings. The error process s,/ has an AR(k) representation:

di (L™ Vg jm = €ivipmy  di(LY™) =1 —dy LY™ — . — dyy LF/™, (3.7)

where the lag operator LY™ applies to HF data, that is LY™u; = w1 /.

The observed LF process y relates to the process y* via a linear aggregation scheme if
y is a flow variable:

(3.8)

where y; is equal to y; for integer ¢, and is not observed otherwise, y{ is a cumulator
variable. If y is a stock variable, y; will only take the value equal to v, when it’s
observed, and others ignored.

The HF process X, j/m, relates to the factors as follows:

Yerim = Yer(—1ym + 1/ MYy s

Xt+j/m == "Y,thJrj/m + ut+j/m Vt, ] = O, e, — 1, (39)
where 7, is a ny x (n — 1) matrix and:
d2 (Ll/m) UL t+j5/m = E2t+j/m>s dg (Ll/m) =1- dlng/m — ... dksz/m. (310)

As usual in latent factor models, factor loadings 71,72 and the parameters of the factor
dynamics are subject to identification restrictions.

3.1.4 The State-Space representation of a dynamic factor model

State equation

Oy = Fat -+ Ct+17 (311)

where the state vector is

(el p! / / / / !
at — (ft7 ft—l" .. 7ft—p+1’ llt, ut_17. .. ,ut_k+1) 9

with:

f, € R: vector of common factors, u; = (uyy, ..
factor lag order, k: idiosyncratic lag order.
Thus the dimension of the state vector is

S unt) € R™: idiosyncratic shocks, p:

dim(eay) = p + nk.

Companion matrix for the factor VAR(p):

(D, D, d, ., P,

1 0 0 0
=0 1 0 0 ¢Rrexr,

0 0 10

12
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Companion matrix for the idiosyncratic AR (k) processes:

-@/Jﬂ Vio 0 Vig—1 %’k-
1 o ... 0 0
v,=1|0 1 - 0 0 | e RF*k.
i 0 0o .- 1 0 |
So the Transition Matrix is:
F = dlag (@) \Ill’ o \I;k) c R(p+nk)><(p+nk)'

and (i1 is (p + n * k) x 1 Gaussian White noise idiosyncratic error with variance-
covariance matrix Q.

Observation equation
z: = Hoy (3.12)

where z; denotes an n x 1 vector of variables observed at time t, and observed data
vector in the mixed-frequency context is

7z = (yta Loy« - 7:Ent)/

Here, y; denotes the low-frequency variable of interest and the remaining (n—1) elements
Zat, - - -, Ty denote the high-frequency indicators, so that z, € R™.

H is n x (p+ n * k) observation matrix, where

Y1 Op—l 1 Op—l 0O --- 0 Op—l
H— Y2 Op—l 0 Op—l 1 0 Op—l
Tn Op—l 0 Op—l 0o --- 1 Op_1

zero blocks of dimension n x (p — 1) are inserted right to each column of the identity
matrix I,,.

Here we just assume there is no exogenous variable and no measurement error. Once in
state-space form, the Kalman filter can be applied to efficiently estimate the unobserved
factors in real-time, even as new data becomes available. This makes it possible to
update predictions dynamically and handle missing data effectively.

3.2 Kalman filter

The Kalman filter is a powerful statistical tool widely used in econometrics for esti-
mating the dynamic behaviour of time series data. It has found extensive applications
in economics due to its ability to provide efficient, real-time estimates of unobserved
variables, such as the underlying state of the economy or other latent factors, by com-
bining noisy observational data with a model of the system’s dynamics. Particularly,
Kalman filter is useful for dealing with models that evolve over time, such as state-space
models, where the relationships between variables are subject to change. It allows to
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update estimates as new data becomes available, making it a crucial tool for real-time
forecasting.

The Kalman filter operates through a series of steps that can be divided into two main
stages: the Prediction (Time Update) stage and the Update (Measurement Update)
stage.

1. Initialization

e Initial state estimate «y
e Initial covariance estimate Py

2. Prediction stage

The prediction stage makes predictions of the state components based on infor-
mation up to time ¢ — 1.

e State prediction
Q|t—1 = FOét—l\t—l (3-13)

where oy, is the predicted state vector at time ¢, F is the transition matrix.
e Covariance prediction

Pt‘t—l = FPt—1|t—1F, + Q (314)

where Py,_; covariance matrix of the state estimate at time t, Q is the
covariance matrix of (;.

3. Updating stage

The updating stage makes predictions based on all information up to time t.

e State update
e = -1 + Ki(z — Hayp—1) (3.15)

where K is the kalman gain defined as
K, =P, HHP,, H +R)"' (3.16)
where R is the measurement noise covariance which is set to zero here.

e Covariance update
Py = (I - Ky 1H)Pyy (3.17)
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4. Recursion

Repeat the Prediction and Update stages for each subsequent time step as new
measurements become available. Kalman filter can deal with missing values. If
z; is missing for any observation, then the Kalman filter skips the update step,
which is equivalent to inflating the measurement variance to infinity, causing the
Kalman gain to be zero.

Pye = Py (3.18)
K, =0 (3.19)
HPt‘t—lH/ X O (320)

To estimate a model with the Kalman filter we use maximum likelihood, the log-
likelihood is given by:

T

_ 1 <
£=-3 > (2 — Haye ) (HPye  H') ™ (2, — Hogyr) — 5 ; In |[HP,,  H|
(3.21)

t=1

3.2.1 Mixed-frequency case: Periodic Kalman Filter

To deal with mixed-frequency issue, here extend to periodic Kalman Filter. Here is
the derivation of steady state Kalman filter formula for this periodic state space model
according to Assimakis and Adam (2009) and Bai et al. (2013).

Observation equation:

Z‘Z - (yt7 Loty T3ty - - - axnt)/ .] =m (3 22)

J
z; = Hjousjim, § _
2] = (Tottj/m,> T3trj/my - - - Tpptjm) 1< j<m—1

the state vector

/
Qrtjjm = (Eerjpms - o fsGoprnyms Uetsms -+ UriGobrnym) s
where Uy, = (u17t+j/m, . ,un,tﬂ-/m),, observation matrix His (n — 1) X (p+nx*k)
for 1 < j < m — 1 with the first line dropped
Y2 Op_1 0 Op_l 1 --- 0 Op_l
H,=|": : : : R :
Tn Op—l 0 Op—l o --- 1 Op—l

and same as before for j =m

Mm Opr 1. 0Opy 0 --- 0 Opy
[ O 0O T o
e Oyt 0 O,y 0 - 1 0,
The transition equation is
Qutjim = Fouronym + Gajm (3.23)
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Gtj/m =

(@, @, ., D]
1 0 0 0
=0 1 0 0| e rpxr.
(0 0 10|
%’1 %’2 wikfl wz‘k_
1 0 0 0
v, =10 1 0 0| eRM
(0 0 10|

F = diag (®, ¥y, ...

(77t+j/ma Elt+j/ms - -

!/
o) 8n,t+j/m) .

Y

U,) € RPFk)>x(ptnk)

Fis (p+nx*k) x (p+ n* k) transition matrix same as before, where

Let Q denote the variance-covariance matrix

of (i Jm
This state space model is periodic since it cycles to the data release pattern that repeats
every m periods. We denote the steady state covariance matrix of i j/m|e+(j—1)/m as

P ;_1, we have forecasting equation

ajjj-1 = Faj 1 (3.24)
P;j-1 =FP, 1,1 F +Q (3.25)
and the updating equation
ajlj = i1 + P G (HP ;0 H)) ™ (2 — Hjoy)o) (3.26)
where the steady-state covariance matrix of avyyj/mji+(j—1)/m
Pj; = (1=K H;)Pjjjo1 = Py — Py (HPy  H) HP,; - (3.27)

forj=1,--- m-—1

P1|m = (I - Km|m71Hm)Pm\m71 = Pm|m71 - Pm\mle;n(Hum|m71H;n)71Hum|mfl

(3.28)
for j = m which will satisfy a;jj_1 = ajimpj—14m
the steady-state Kalman gain is given by:
Kjjj1 = Py Hy(H;P;  HY) ™
where K;jj—1 = Kjimlj-14m
For state vector, we have
Qttj fmlt+jjm = E[at+]~/m|z{, Zi‘l, C 2y, 2y, ] (3.29)
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and the filtered states are

rpjfmltti/m = Ajli10urG-1) mies (i-1)/m + K12 (3-30)
where Aj;_1 = F — K, H;F represents an adjustment to the state transition matrix

F that accounts for the new information gained from the observation at time j.

If we only interested in forecasting at LF by using all available LF and HF data, first
according to Assimakis and Adam (2009) we have

m k
Grarferr = [AT g + > D [ATTIAT Kzt (3.31)

i=1 j=1
where £ is integer and

Al = Aili—lAz‘—l\z‘—2 e 'Aj|j_1 forv>j
J I foriv < j

According to Bai et al. (2013), we can iterate equation (32) backwards then have

oo m e oo m—1
at|t - Z Z Am ]AZ+1K'L|Z 1Zi_j = Z[AT]]Kmhnfl (ii:i) +Z Z Am Z+1 z\z l(xtflfj+i/m)

=0 j=0 i=1
(3.32)
from where we can construct the forecast for LF process by using both LF and HF data
as
E; [ytJrh] = Hm,lth@t|t

where H,,, 1 denotes the first line of H,,

3.3 Benchmark models

Three models are used as the empirical evaluation undertaken in this research. As
mentioned earlier, MIDAS and MF-VAR show specific advantages and disadvantages,
so it is reasonable to include both of them to make a comparison. AR(p) model can
served as benchmark model since it can be considered as forecasting without high-
frequency sentiment indicators.

3.3.1 MIDAS
A general (restricted) MIDAS with autoregressive dynamics used in Kuzin et al. (2011):

Yern = By ij VWi + B ij 02V 2(02)—j + ean, (3.33)

7=0

where K, and K, are lag order, and w;(6,), w;(A}) follow an exponential Almon lag
scheme where

exp(O,1k + 0,2k?)
> to exp(By1k + Oy0k?)
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and
m—1

2(02)—j =Y wi(02) L2y,
k=0

also follows an exponential Almon scheme.

3.3.2 Mixed-frequency VAR

Mixed-frequency VAR (MF-VAR) models extend the standard VAR framework to han-
dle situations where high-frequency (HF') variables are observed m times within each
low-frequency (LF) period. To construct a system that jointly models HF and LF
variables without temporal aggregation, we stack the m HF observations within period
t together with the LF variable observed at the end of the period. This imposes an
intertemporal alignment constraint: the HE observations . (j/m) for j =0,...,m —1
all correspond to the same calendar period as the LF value ;.

1

Tt X Ti—f S
=Co+ Y G : + ] (3.34)

Ti4+(m—1)/m =1 Tt—k+(m—1)/m &t

Y1 Yt+1—k o

where K4, is the maximum lag order in K, and K, Cy is constant, and Cj, is (m +
1) x (m + 1) matrix measures within-period time series dependency.

A particular row of the MF-VAR represents HF processes predicted by past HF and
LF series and vice versa. So We can connect MF-VAR with an unrestricted MIDAS by
extracting the last row of it, we have

Ky m(Kz+1)—1
Yer1 = Po + Z Bryr—k + Z Vi1 jm T € (3.35)
k=0 j=1

In the summation, m denotes the number of high-frequency observations per low-
frequency period, and K, is the maximum lag order of the high-frequency variable
in the MF-VAR. The upper bound m(K, + 1) — 1 therefore corresponds to the to-
tal number of high-frequency lags implied when unfolding the K, lagged vectors of
dimension m into a single regression equation.
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CHAPTER 4

Data source

4.1 Sentiment

The sentiment indicators are extracted from RBA’s monthly statement from Dec 2007
to Dec 2021. Since BERT can only process 512 tokens at max, and RBA’s statements
are well-structured, the entire statement is split into three parts: first two paragraphs
(which is mostly about global economic trends and conditions on global financial mar-
kets), middle paragraphs (which is mostly about Australian economic trends), and last
two paragraphs (which is mostly about cash rate decisions in nearly future and expec-
tation of inflation). One example of RBA’s statement in Dec 2020 is shown below:

First part (Global economy): At its meeting today, the Board decided to maintain the
current policy settings, including the targets of 10 basis points for the cash rate and the
yield on 3-year Australian Government bonds, as well as the parameters of the Term
Funding Facility and the government bond purchase program. Globally, the news has
been mixed recently. On the one hand, infection rates have risen sharply in Europe
and the United States and the recoveries in these economies have lost momentum. On
the other hand, there has been positive news on the vaccine front, which should support
the recovery of the global economy. The recovery is also dependent on ongoing support
from both fiscal and monetary policy. Hours worked in most countries remain noticeably
below pre-pandemic levels and inflation is low and below central bank targets.

Last part (Forward guidance): Given the outlook for both employment and inflation,
monetary and fiscal support will be required for some time. For its part, the Board will
not increase the cash rate until actual inflation is sustainably within the 2 to 3 per cent
target range. For this to occur, wages growth will have to be materially higher than it
1s currently. This will require significant gains in employment and a return to a tight
labour market. Given the outlook, the Board is not expecting to increase the cash rate
for at least 3 years. The Board will keep the size of the bond purchase program under
review, particularly in light of the evolving outlook for jobs and inflation. The Board is
prepared to do more if necessary.

The topic of these three parts can be summarized as global economy, domestic economy;,
and forward guidance. So three dimensions of monetary policy represented by the
sentiment score of three parts are used as indicators here.
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Evidence from my preliminary analysis Chen (2022), as well as insights from the liter-
ature on central bank communication, suggests that forward guidance sentiment tends
to be the most important for predicting macroeconomic variables. This is intuitive:
forward guidance directly conveys the RBA’s expectations about future inflation, inter-
est rates, and economic conditions, and therefore embeds information about the path
of monetary policy that markets and households react to most strongly. Sentiment in
this section is typically forward-looking and therefore aligns closely with the forecasting
objective of this thesis.

Nevertheless, it remains meaningful to include all three sentiment indicators. While
forward guidance captures the most explicit policy signal, both global and domestic
economic sentiment provide important contextual information about the RBA’s as-
sessment of economic conditions and risks. These two dimensions shape the policy
narrative by offering explanations for the RBA’s decisions and by signalling how exter-
nal or domestic shocks are evolving over time. Including all three indicators allows the
forecasting model to capture a richer structure of monetary policy communication, one
that reflects both the rationale behind policy actions (global and domestic sentiment)
and the expected trajectory of policy (forward guidance sentiment). Empirically, this
comprehensive approach ensures that the model leverages the full informational content
embedded in the RBA’s statements, rather than relying solely on a single dimension of
communication.

Smoothed Sentiment Indicators Dec 2007- Dec 2021

Variable

Sentiment Score

2009 2011 2013 2015 2017 2019 2021
Date

GDP Dec 2007- Dec 2021

Variable
GDP

Standardized GDP

2009 2011 2013 2015 2017 2019 2021
Date

Figure 4.1: Time Series Plot of Sentiment and GDP (2017-2021)
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4.2 Macroeconomic data

Australia GDP as the main macroeconomic indicator is collected from ABS. Figure 4.1
shows the time plot of three sentiment and standardized GDP. A key observation is
that GDP exhibits substantial fluctuations, particularly during the COVID-19 period
(early 2020), where it shows a sharp decline followed by a strong recovery. However, the
sentiment indicators stay relatively stable, with some variations but no clear trend that
strongly mirrors GDP’s movements. Notably, while a decreasing in sentiment indicators
is visible around early 2020, it does not exhibit the same magnitude of volatility as
GDP. This suggests that sentiment indicators, while possibly reflecting some economic
disruptions, may not have fully captured the extreme macroeconomic shocks during
the pandemic period. The weak association between GDP and sentiment in this plot
raises the question of whether additional sentiment measures, or interaction effects with
other macroeconomic variables could enhance the forecasting relationship. Therefore,
this study will also compare whether sentiment adds forecasting power above including
high-frequency financial variables like asset prices.

Panagiotelis et al. (2019) evaluated the empirical performance of the competing forecast-
ing methods with nested subsets of predictors, the full data set contains 151 variables.
They found substantial gains in the accuracy of forecasts of the key macroeconomic
variables of interest after increasing the information set from 3 to 13 predictors. Since
GDP are used as the main indicator and forecasting aim in this paper, and cash rate are
fully reflected in RBA’s statements so can be captured by sentiments. This paper uses
remaining 11 most important variables in macroeconomic forecasting (see Table 2). To
avoid high dimensions in the dynamic factor model, these 11 variables are summarized
into one common factor and used as an external indicator.

Table 4.1: Principal Component Analysis of key macroeconomic variables

Standard Deviation Proportion of Variance Cumulative Proportion

1 2.6237 0.8605 0.8605
2 0.70947 0.06292 0.92340
3 0.58538 0.04283 0.96623
4 0.4656 0.0271 0.9933
5 0.18187 0.00413 0.99747
6 0.11207 0.00157 0.99904
7 0.07601 0.00072 0.99976
8 0.04379 0.00024 1.00000

The Principal Component Analysis (PCA) results are shown in Table 4.1, it indicate
that PC1 alone explains approximately 86.05% of the total variance, making it the
most dominant component in capturing the underlying structure of the dataset. The
cumulative variance explained by PC1 and PC2 together reaches 92.34%, suggesting
that nearly all the essential information in the original dataset can be represented by
just these two components. The remaining components contribute minimally, with
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PC3 adding only 4.28% and PC4 just 2.71%, reinforcing the idea that higher-order
components capture only marginal variations.

In this research, PC1 is extracted as an external indicator in forecasting models. More-
over, PCA is implemented using an expanding window approach, which ensures that the
principal components are continuously updated as new data becomes available. This
method offers several advantages: it allows the model to adapt to structural changes
in the data, captures evolving relationships between variables, and mitigates potential
issues arising from parameter instability over time. By dynamically updating PC1, this
approach enhances the robustness of forecasting by ensuring that the extracted com-
mon factor remains representative of the most recent economic conditions, making it a
more effective predictor in a dynamic macroeconomic environment.
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Results analysis

This section presents a detailed analysis of the forecasting performance of the six models
used in this study under expanding window: ARIMA(1,1,0) as the naive benchmark,
Auto ARIMA, Auto ARIMA with the common factor (PC1) of 11 most important
variables as the external indicator, MIDAS, Dynamic Factor model (DFM) estimated by
Kalman Filter, and MF-VAR. Table 5.1 presents the forecast accuracy across forecasting
horizons from 1 quarter to 4 quarters, incorporating results from the Model Confidence
Set (MCS) test. The MCS test identifies models that significantly outperform others at
each horizon, indicated by boxed values in the table, while the best-performing models
are highlighted in bold. The training/test split is 80/20.

Auto ARIMA significantly improves upon ARIMA(1,1,0), particularly at the short fore-
casting horizon. At horizon 1, its RMSE (0.6312) is approximately 48.35% of the
benchmark model’s RMSE, indicating strong short-term predictive power. However,
its relative RMSE declines slightly as the horizon increases, suggesting diminishing pre-
dictive power relative to benchmark in longer-term. Including the common factor as
an external regressor in the Auto ARIMA model further improves forecasting accu-
racy. This model maintains a lower RMSE across all horizons than the benchmark
and plain Auto ARIMA. As the horizon increases, Auto ARIMA with PC1 consis-
tently outperforms Auto ARIMA, indicating that incorporating common factors from
macroeconomic variables helps sustain predictive accuracy over longer periods.

For mixed-frequency models, MIDAS demonstrates a notable ability to capture high-
frequency information and improve forecasting accuracy. At horizon 1, its relative
RMSE (0.4452) is lower than all traditional time-series models and is highlighted as
a statistically superior model under the MCS test. As the forecast horizon extends,
MIDAS maintains stable performance, consistently outperforming benchmark models.
DFM emerges as the best-performing model across all forecasting horizons, as expected.
At horizon 1, its relative RMSE (0.3544) is the lowest among all models, representing
only 35.44% of the benchmark RMSE. It sustains superior accuracy across all horizons,
with its relative RMSE remaining lower than all competing models, particularly at
horizon 4 (0.3391). The MCS test confirms DFM’s dominance at all horizons, reinforc-
ing its ability to dynamically incorporate high-frequency predictors through state-space
modeling. This result indicates the effectiveness of state-space modeling and the ability
of the Dynamic factor model to dynamically incorporate higher frequency predictors.
The MF-VAR model performs well but does not significantly outperform DFM or even
Auto ARIMA with PC1 especially in longer horizons. While its RMSE at horizon 1
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(0.4436) is competitive, it does not achieve statistical superiority under the MCS test.
Additionally, it experiences greater deterioration at longer horizons. At horizon 4, its
relative RMSE (0.5985) is significantly higher than that of MIDAS and DFM, suggest-
ing that it may struggle with capturing persistent predictive patterns over extended
periods.

The findings reveal that models leveraging high-frequency information, such as MIDAS
and DFM, tend to outperform traditional time-series models, particularly for short-term
forecasts. DFM emerges as the most robust model across all horizons, maintaining the
lowest RMSE. MIDAS also proves to be a competitive alternative model, particularly for
mid-range forecasting. In contrast, Auto ARIMA can provide a relative stronger short-
term performance than benchmark but lacks consistency in longer-term horizons. Also,
including external indicators such as common factor from macroeconomic variables can
enhance forecasting performance, as demonstrated by Auto ARIMA with PC1, but still
dominated by mixed-frequency models.

Overall, DFM demonstrates the strongest predictive performance, making it the most
suitable choice for macroeconomic forecasting in this study. MIDAS also provides a
competitive alternative, particularly for long-term forecasting. The results show the
importance of integrating higher-frequency sentiment predictors into forecasting mod-
els to improve predictive accuracy, aligning with the broader objective of enhancing
macroeconomic forecasting with dynamic factor models in a state-space framework.

Table 5.1: Forecasting accuracy for forecasting horizon from 1 to 4 quarter.

Horizon h=1 h=2 h=3 h=4
ARIMA(1,1,0) 1.3055  1.0488  1.4521  1.8480
Auto ARIMA 0.5036 09524  0.8463  0.7262
Auto ARIMA with PC1 ~ 0.4835  0.9095  0.7974  0.6732
MIDAS 10.4452]  10.6005| 10.4735] 10.3891]
DFM 10.3544| |0.4955] [0.3884| [0.3391]
MF-VAR 0.8969  0.7391  0.5985

FEach entry in the first row shows the RMSE of ARIMA(1,1,0) as the benchmark model.
The other lines shows the relative RMSE to the benchmark. Bold entries indicate the
lowest error measure achieved by the competing models in each horizon. Entries in
rectangle represent the model(s) significantly dominate others under MCS test for each
horizon.

As MIDAS and MF-VAR were selected as 'winner’ above, I next added high-frequency
financial variables into these two models in Table 5.2, to evaluate whether sentiment
indicators improve forecasting performance beyond the inclusion of high-frequency fi-
nancial variables, specifically the S&P/ASX 200 Adjusted Close index. Across all fore-
casting horizons, mixed-frequency models significantly outperform the Auto ARIMA
model, indicates that both kind of high-frequency information can provide forecasting
power above lower-frequency factors. Among mixed-frequency models, MIDAS-S&ASX
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Table 5.2: Forecast accuracy compared with ASX index

Horizon h=1 h=2 h=3 h=4

Auto ARIMA with PC1  0.4835  0.9095  0.7974  0.6732

MIDAS-S 0.4452  0.6005  0.4735
MIDAS-ASX 0.4231  [0.5593| [0.4204| [0.3399]
MIDAS-S&ASX 0.4233  [0.5601] [0.4255] [0.3306]
DFM-S 10.3544] [0.4955| [0.3884] [0.3391]
DFM-ASX 10.3518]  0.5058| [0.4119] [0.3533]
DFM-S&ASX 10.3048| [0.4815] [0.3969] |0.3418]

Each entry shows the relative RMSE to the benchmark ARIMA(1,1,0). Bold entries
indicate the lowest error measure achieved by the competing models in each horizon.
MIDAS-S includes sentiment, MIDAS-ASX includes ASX index only, MIDAS-SEASX
includes both sentiment and ASX index. Entries in rectangle represent the model(s)
significantly dominate others under MCS test for each horizon.

generally outperforms MIDAS-S and often performs closely to MIDAS-ASX, demon-
strating that combining sentiment indicators with financial market data can improve
predictive accuracy. For example, at horizon 1, the relative RMSE for MIDAS-S is
0.4452, while MIDAS-S&ASX achieves 0.4233, supporting the idea that integrating
both sentiment and financial variables yields superior forecasts. This trend continues
for longer horizons, with MIDAS-S&ASX maintaining lower relative RMSE values than
MIDAS with sentiment alone. Notably, models that include only sentiment (MIDAS-S)
tend to perform worse than those incorporating financial variables. For instance, at
horizon 4, the RMSE for MIDAS-S is 0.3891, whereas MIDAS-ASX achieves 0.3399,
highlighting that financial variables alone provide stronger predictive power than senti-
ment alone. However, MIDAS-S&ASX improves further to 0.3306, suggesting that while
sentiment alone may not be the most effective predictor, it does provide incremental
value when combined with financial market data.

Additionally, comparing among three Dynamic factor models, the results give a similar
structure with MIDAS models. DFM-ASX (0.3518 at horizon 1) performs better than
DFMS-S in short horizon but not longer ones, reinforcing that financial data can enhance
forecasts in short-term. DFM-S&ASX (0.3048 at horizon 1, 0.4815 at horizon 2) further
improves forecast accuracy, and dominates all other models in short horizons. These re-
sults align with the time plot analysis in Figure 4.1, suggesting that in short horizons,
sentiment indicators alone may not fully capture economic fluctuations, particularly
during extreme events such as COVID-19. The weak association between sentiment
and GDP in the time plot is reflected in its relatively weaker forecasting performance
alone. However, when sentiment is combined with high-frequency financial variables, it
provides additional predictive power, possibly by capturing non-financial economic sig-
nals that asset prices alone might not reflect, highlighting the complementary nature of
sentiment indicators and financial market data. The results emphasize the importance
of incorporating both sentiment and financial market information to enhance macroe-
conomic forecasting accuracy, supporting a multi-source data integration approach for
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improved predictive performance.

A useful benchmark for assessing the effectiveness of the proposed methodology is the
Aruoba-Diebold-Scotti (ADS) Business Conditions Index, which is commonly used in
the U.S. for tracking real-time economic conditions Aruoba et al. (2009). While the
ADS Index relies on Dynamic factor model applied to macroeconomic indicators such as
employment, industrial production, and income, my approach integrates high-frequency
sentiment indicators and asset prices into the forecasting model. This comparison
raises key conceptual differences. Firstly, ADS Index captures broad macroeconomic
conditions, but its frequency is constrained by the availability of underlying data. In
addition, sentiment and asset price-based forecasting reacts more quickly to economic
changes, as financial markets and news sentiment adjust in real-time. Moreover, ADS
relies on structural macroeconomic relationships, while my approach captures market
expectations and behavioral responses, which may be leading indicators of economic
changes.

Table 5.3: Forecast accuracy pre- and post-COVID (relative RMSE to ARIMA(1,1,0))
Panel A: Pre-COVID (up to 2020Q1)

Model h=1 h=2 h=3 h=4
Auto ARIMA with PCT  0.4481  0.9310  0.8495  0.7896
MIDAS-S 0.4175  0.5845  0.4473  [0.4044
MIDAS-ASX 0.4260  [0.4803] [0.3564] [0.3275
MIDAS-S&ASX 0.4231  [0.5349] [0.3098]| [0.2461]
DFM-S 0.3439] [0.4904] [0.3241] [0.2960
DFM-ASX 0.3397] [0.5169] [0.3963] [0.3145
DFM-S&ASX |0.2875] [0.4566] [0.3782] [0.3274

Panel B: Post-COVID (after 2020Q1)

Model h=1 h=2 h=3 h=4
Auto ARIMA with PC1  0.5017  0.9526  0.8439  0.7254
MIDAS-S 0.3733  0.5411  0.4679  [0.3584
MIDAS-ASX 0.4714  [0.4460] [0.4259] [0.3901
MIDAS-S&ASX 0.4445  [0.3909] [0.3336] [0.3626
DFM-S 0.3789  [0.4074| [0.3664] [0.3158
DFM-ASX 0.3846  [0.3971] [0.3729] [0.3471
DFM-S&ASX 10.3310] [0.3833]| [0.3441] [0.3110]

Notes: Each entry reports relative RMSE compared with benchmark ARIMA(1,1,0). Bold
entries indicate lowest RMSE for each horizon. Shaded cells indicate models included in
the 10% Model Confidence Set (MCS). Panel A uses data up to 2020Q1; Panel B uses the
post-COVID sample.

The results in Table 5.3 reveal a clear distinction between pre- and post-COVID fore-
cast performance across all models. In the pre-COVID period, models that incorporate
both sentiment and financial information consistently outperform their competitors.
In particular, the DFM-S&ASX model delivers the lowest relative RMSE across short
forecast horizons, indicating that the combination of structured textual sentiment and
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high-frequency financial indicators provides valuable leading information about macroe-
conomic conditions in a stable environment. MIDAS-based specifications also perform
well, especially at longer horizons, suggesting that the MIDAS framework effectively ex-
ploits high-frequency predictors when the underlying economic relationships are stable
and well behaved. Overall, the pre-COVID results highlight the importance of combin-
ing mixed-frequency predictors and more flexible modelling structures when forecasting
macroeconomic variables such as GDP.

After the onset of COVID-19, forecast performance deteriorates for most models, re-
flecting the extreme volatility and structural breaks introduced during the pandemic
period. Nevertheless, several models continue to exhibit relatively strong performance.
For instance, DFM-S&ASX remains one of the best-performing specifications at hori-
zons h = 1, 2, and 4, while MIDAS-S&ASX provides the best performance at h = 3.
These results suggest that incorporating the ASX index as an immediately responsive
financial market indicator can help models adjust more rapidly to sudden economic
disruptions. Sentiment-only specifications generally underperform combinations that
include ASX, indicating that financial markets contain unique information during crisis
periods that is not fully captured in policy communication. Overall, the post-COVID
results reinforce the value of integrating real-time financial indicators alongside senti-
ment measures, while also illustrating the challenges faced by traditional time-series
models in periods of heightened uncertainty and structural change.

Overall, both approaches have complementary strengths. The ADS Index is well-
suited for tracking business cycles, while high-frequency sentiment and asset prices
may provide superior short-term forecasting capabilities, particularly during periods of
rapid economic change. Since no direct Australian equivalent of the ADS Index ex-
ists, our research presents an alternative approach that integrates real-time financial
and sentiment-driven data into GDP forecasting. Future work could explore combin-
ing ADS-style macroeconomic indicators with sentiment and financial data to further
improve macroeconomic forecasting accuracy.
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Conclusion

This study investigates whether incorporating sentiment extracted from central bank
communication as a high-frequency indicator in mixed-frequency models can enhance
macroeconomic forecasting performance. Additionally, it evaluates the comparative
effectiveness of different forecasting models, including MIDAS, Kalman Filter-based
Dynamic Factor Models (DFM), and mixed-frequency vector autoregression (MF-VAR).
The results provide strong evidence that high-frequency sentiment indicators contribute
valuable information to GDP forecasting, particularly when combined with financial
market variables.

The findings indicate that MIDAS and DFM models incorporating sentiment (MIDAS-
S, DFM-S) generally improve forecast accuracy over traditional models. However, sen-
timent alone does not consistently outperform financial variables such as the ASX index
especially in short horizons. In short term, some information from RBA communica-
tion has already reflected in financial variables. Therefore, the best-performing models
combine both sentiment and asset price information, as evidenced by the superior accu-
racy of MIDAS-S&ASX and DFM-S&ASX, at both short and long horizons. The MCS
test further confirms the statistical significance of these models, reinforcing that com-
bining multiple high-frequency sources enhances predictive power. Compared to past
research, which has relied on traditional macroeconomic indicators and low-frequency
models, this study highlights the benefits of including high-frequency textual data with
financial data to improve macroeconomic forecasting.

Despite its contributions, this study has several limitations that open the door to further
research. First, the empirical analysis does not incorporate real-time or “nowcasting”
macroeconomic indicators, such as weekly labour market data, electricity consumption,
mobility indices, or payment-system data. These increasingly common high-frequency
indicators may capture business-cycle dynamics not fully reflected in sentiment or fi-
nancial markets, and integrating them into a mixed-frequency framework could sub-
stantially improve short-horizon forecasts.

Second, the study focuses exclusively on sentiment extracted from central bank commu-
nication. While RBA statements are an important and policy-relevant source of infor-
mation, additional textual sources such as economic news articles could provide a more
comprehensive and diversified measure of real-time sentiment. Central bank communi-
cation is measured monthly and tends to be highly curated; in contrast, other media
and market commentary respond instantaneously to economic developments and may
reveal risk perceptions or uncertainty not present in official statements. Third, the fore-
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casting framework employs a linear dynamic factor model with Gaussian assumptions.
Modern NLP techniques and mixed-frequency machine-learning models (e.g., nonlin-
ear DFMSs, or random forests for mixed frequencies) could uncover nonlinear relation-
ships between sentiment, financial conditions, and macroeconomic outcomes. Exploring
whether machine-learning alternatives can outperform the linear DFM would be a nat-
ural extension. Fourth, this thesis restricts attention to a univariate forecasting target

(GDP). However, the joint modelling of multiple macroeconomic variables—including
inflation, consumption, investment, and labour market indicators—could allow for a
richer assessment of the channels through which sentiment and financial markets influ-
ence the economy. Extending the framework to a multivariate setting may also improve
forecast accuracy via cross-series information sharing. Finally, this study abstracts from

real-time data revisions. RBA statements are published in real time, while macroeco-
nomic variables undergo potentially large revisions. A potential avenue for future work
would incorporate real-time data vintages and consider how sentiment interacts with
revised vs. unrevised macro datasets, especially given evidence that central bank com-
munication often responds to information not yet reflected in official statistics.

Overall, this research makes several key contributions to the existing literature on
macroeconomic forecasting:

1. Innovative use of high-frequency sentiment indicators with financial
indicators: As mentioned above, unlike past studies that primarily use struc-
tured macroeconomic indicators, this study demonstrates that using sentiment
extracted from central bank communication and high-frequency financial variable
together can enhance forecasting accuracy when integrated into mixed-frequency
models.

2. Comparison of alternative mixed-frequency models: By evaluating MI-
DAS, DFM, and MF-VAR models, this study firstly provides a comprehensive
assessment of their relative forecasting performance, extending some prior papers
that often focus on a single model class. In addition, some other previous related
papers compared different models, but most of them just used macroeconomic
variables. My study makes the comparison when textual data is including as
well, which can give a more convincing comparison result.

3. Empirical validation using Australian data: Most existing research on high-
frequency forecasting focuses on U.S. and European economies. This study con-
tributes to the Australian macroeconomic forecasting literature, offering new in-
sights into how sentiment and financial variables interact in a mixed-frequency
framework in Australia economy.

Overall, this study provides strong evidence that incorporating sentiment indicators
from central bank communication into mixed-frequency models improves GDP forecast-
ing accuracy, particularly when combined with financial market data. These findings
shows the value of high-frequency textual analysis in macroeconomic forecasting and
suggest potential directions for future research, including the integration of real-time
macroeconomic data and a broader range of sentiment sources to enhance forecasting
precision.
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Appendix

Table 1: Transformation code

Transformation (T) Expression

1 Wy

2 Wy — We—1

3 (wt - wt—l) - (wt—l - wt—2)
4 In(w;)

5 In(w;/w;_1)

6 In(w;/w—1) — In(wy_q/w_2)

wy denotes an observed variable in levels. Transformation (T) denotes the transforma-
tion implemented to achieve stationarity: 1 = no transformation; 2 = first difference;
3 = second difference; 4 = log; 5 = first difference of logged variables; and 6 = second
difference of logged variables.

Table 2: Macroeconomic variables used in PC1

Name T Description

CPI-ALL 6 Index Numbers; All groups CPI
IP_Totallnd 5) Total industrial industries; Index
Emp_TotalPer 5 Employed — total; Persons
Hstarts_ PDA 5 Private dwelling approvals
COMM 6 Index of commodity prices; All items; AUD, Index, 2013/14=100
Exports 5) Exports of goods and services
Imports 5 Imports of goods and services

M1 6 M1

Credit_Total 6 Credit; Total

SP ASX AllOrds 5 S&P ASX AllOrds adjusted closing prices
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