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Abstract: Economic and financial narratives inform market sentiment through the emotions that are
triggered and the subjectivity that gets evoked. There is an important connection between narrative,
sentiment, and human decision making. In this study, natural language processing is used to extract
market sentiment from the narratives using FinBERT, a Python library that has been pretrained on a
large financial corpus. A news sentiment index is constructed and shown to be a leading indicator of
systemic risk. A rolling regression shows how the impact of news sentiment on systemic risk changes
over time, with the importance of news sentiment increasing in more recent years. Monitoring
systemic risk is an important tool used by central banks to proactively identify and manage emerging
risks to the financial system; it is also a key input into the credit loss provision quantification at banks.
Credit loss provision is a key focus area for auditors because of the risk of material misstatement,
but finding appropriate sources of audit evidence is challenging. The causal relationship between
news sentiment and systemic risk suggests that news sentiment could serve as an early warning
signal of increasing credit risk and an effective indicator of the state of the economic cycle. The news
sentiment index is shown to be useful as audit evidence when benchmarking trends in accounting
provisions, thus informing financial disclosures and serving as an exogenous variable in econometric
forecast models.

Keywords: IFRS 9; natural language processing; news sentiment index; systemic risk; AI; rolling regression

1. Introduction

Economic narratives pertain to the sharing of perceptions and views on the current
state of the economy, as well as forecasts of possible future outcomes. The narratives are
influential in informing strategy and policies, thus providing early warnings of serious eco-
nomic events, and in assessing systemic risk (Kou et al. 2019; Nyman et al. 2021). Narratives
have a powerful effect on market behavior due to the ability to reinforce ideas through rep-
etition (Shiller 2020). Incorporating narrative and natural language processing (NLP) in ac-
counting research has been noted by researchers such as Bae et al. (2023); Mahlendorf et al.
(2023); Ranta and Ylinen (2023); and Cao et al. (2024). NLP is useful in identifying key
themes and extracting value-relevant information from financial disclosures. There is an
important connection between narrative, sentiment, and human decision making. Learn-
ings from neuroscience have been incorporated in neuroaccounting to help the accounting
function understand how individuals process information and respond to controls, as
well as in neuroeconomics to describe the cognitive processes that affect the decision
making process and explain the interactions between markets (Loewenstein et al. 2008;
Glimcher et al. 2009; Tank and Farrell 2022). In this study, NLP is used to extract mar-
ket sentiment from economic and financial narratives. The main objective is to explore
new ways to incorporate news sentiment in the quantification, governance, and audit of
accounting impairments.

Forward-looking information is a key driver in the quantification of the International
Financial Reporting Standard (IFRS) 9 impairments, which require the early recognition
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of possible loan losses (International Accounting Standards Board 2014). The credit risk
models used in the derivation of the IFRS 9 impairments at banks are complex and typically
cover client- or deal-specific idiosyncratic risk indicators with a systemic risk overlay. The
models include assessments of the probability of default, loss given a default event, and the
exposure at default. The risks associated with these models are interlinked and demand a
strong model risk governance framework to ensure the appropriateness of the estimated
impairments (Bank of England 2023; Cosma et al. 2023; Stander 2023).

Credit loss provisioning is a key focus area for auditors due to the risk of material mis-
statement. The IFRS is principle-based, which leads to significant judgment incorporated
in the outcomes, thus resulting in a greater demand for audit evidence. The audit evidence
is expected to be convincing and from multiple sources to judge the appropriateness of the
impairment outcomes (International Auditing and Assurance Standards Board 2018; Basel
Committee on Banking Supervision 2020). Industry norms are often used as audit evidence
(Peytcheva et al. 2014; Boyle 2024). Vinson et al. (2024) examined a behavioral aspect of
audit evidence by examining whether the way in which audit evidence is framed affects
auditor judgment. Another objective of this study is to explore the feasibility of using
news sentiment as audit evidence, thus using South African news sources and economic
indicators in the case study.

Credit risk is adversely affected by worsening macroeconomic conditions (Fallanca et al.
2020; Xing and Yang 2020). The use of macroeconomic indicators to estimate default risk
has been presented by Yang (2017), Gubareva (2020), Martinelli et al. (2020), Schutte et al.
(2020), and Blümke (2022). This study explores whether news sentiment can be used as an
early warning signal to increases in credit risk. This may be useful for a bank as part of
the required IFRS 9 forward-looking information, but it can also be used more broadly by
regulators who enforce policies to prevent credit deterioration to unsustainable levels (Eu-
ropean Systemic Risk Board 2019; Carvalho et al. 2022). The study explores whether news
sentiment could serve as a more timely gauge of economic activity compared to survey-
based measures of sentiment. It is an extension of the work by Segawa (2021), who explored
the causality of the SARB MPC statements on the BER inflation expectations survey.

A news sentiment index is constructed from South African central bank communica-
tions and speeches, articles from the Financial Mail, and headlines from the Financial Times.
Two global reports from the World Economic Forum (WEF) and Bank for International
Settlements (BIS) are included to capture contagion risk. NLP is performed with FinBERT, a
Python library that has been pretrained on a large financial corpus with the BERT (Bidirec-
tional Encoder Representations from Transformers) language model as its base (Araci 2019;
Devlin et al. 2019). Using FinBERT addresses the issues with financial sentiment analysis
raised by Chen et al. (2021), who highlighted that as much as three-quarters of the negative
words in the Harvard Dictionary are not negative in financial narrative, as well as that
bullish words in finance often get labeled as neutral words in general sentiment dictionaries.
By combining the different news sources in the construction of the news sentiment index,
the concerns raised by Buckmann et al. (2021) around biased data are addressed.

Rather than focusing on any specific economic indicator, the relationship between news
sentiment and an economic systemic index is analyzed over time in a rolling regression. The
systemic index is derived with a principal component analysis (PCA) and intended to capture
the general trend of the economy (Dai et al. 2021; Caporin et al. 2022; Pan et al. 2022).

An aspect-based sentiment analysis is performed to identify specific sentiment topics that
may be leading indicators of systemic risk, thus following on the work of Barbaglia et al. (2022).

The remainder of the paper is structured as follows. Section 2 covers a literature review
of NLP and various applications of news sentiment indicators. Section 3 summarizes the
methodologies to process the different data sources. Section 4 summarizes the approaches
used to construct the systemic and sentiment indices and explore the importance of a rolling
regression in capturing changing relationships over time. The analyses in Section 5 establish
the link between news sentiment and credit risk, and the section then considers the causal
effects of central bank communications on economic narratives. The relationship between
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the news sentiment index and systemic risk index is evaluated, thus also incorporating
the impact of survey-based measures of sentiment. The aspect-based sentiment analysis
identifies important news topics. Section 6 links the outcomes to approaches that may
enhance the quantification, governance, and audit procedures of IFRS 9 loss provisions.
Conclusions are drawn in Section 7.

2. Literature Review

The use of artificial intelligence (AI) has increased markedly in finance and economics
(Cao 2021). Applications include extracting topical issues from news (Rönnqvist and Sarlin
2017), extracting value-relevant information from financial disclosures (Bae et al. 2023;
Mahlendorf et al. 2023; Ranta and Ylinen 2023; Cao et al. 2024), detecting fake news and
filtering spam (Oshikawa et al. 2018), training an AI economist to propose new tax policies
(Engler 2020), using AI in the interpretation of regulations to reduce bias (Buckmann et al.
2021), and using AI to perform auditing tasks (Zhang et al. 2022).

NLP is a field that combines learnings from AI, linguistics, and behavioral finance.
It involves interpreting and classifying unstructured text data into positive, neutral, or
negative sentiment; assessing subjectivity; or extracting emotions (Lee and Seo 2023;
William et al. 2023). Gupta et al. (2023) also included emojis in the polarity assessment.
Approaches to train AI to perform NLP have been explored in studies such as Vicari and
Gaspari (2021), Chen et al. (2021), and Huang et al. (2023), with the latter study showing
the superiority of FinBERT trained specifically for finance. Zaremba and Demir (2023)
discuss how the development of GPT (Generative Pre-training Transformer) technology
has improved the performance of NLP in financial applications but raises ethical and
regulatory concerns.

Numerous studies have proved the value of news sentiment collected from economic
and financial news using NLP. News sentiment can predict survey-based measures of
consumer sentiment (Shapiro et al. 2022; Seki et al. 2022) and improve economic forecasts
(Ardia et al. 2019). The relationships between news and stock markets, foreign exchange
markets, cryptocurrency, and commodities have been explored in Agyei et al. (2023),
Kulbhaskar and Subramaniam (2023), Raza et al. (2023), and Tadphale et al. (2023).
Gardner et al. (2021) showed how macroeconomic news have an asymmetrical impact on
asset prices, with an increased effect during economic downturns. Macaulay and Song
(2023) considered the impact of social media on traditional news sources. Buckman et al.
(2020) used a news sentiment index in nowcasting to handle lags in published economic
data, which is especially useful during periods of high uncertainty and stress. Ghirelli et al.
(2019) created an economic policy uncertainty index based on newspaper headlines.

The effect of market sentiment on economic outcomes is explored in the study of neu-
roeconomics. Neuroeconomics highlight the important connection between narrative, senti-
ment, and human decision making (Loewenstein et al. 2008). Narratives inform market sen-
timent through the emotions triggered and the subjectivity that gets evoked. Mäkelä et al.
(2021) showed how viral, emotive narratives can distort an intended rhetoric. They can
lead to severe impacts on the financial market and heightened contagion risk between
markets and countries. Researchers have found evidence of bias in economic narratives.
There is the anchoring hypothesis, where narratives display overreaction towards current
events; there is also confirmation bias, which refers to the tendency of the human mind
to pay more attention to information that confirms preconceptions (Campbell and Sharpe
2009; Afrouzi et al. 2020; Buckmann et al. 2021; Kohlhas and Walther 2021).

It is important to understand the impact of news sentiment on systemic risk. Systemic
risk is typically hard to measure, and the approach depends on its intended use. It can
be developed to measure general risk in a system, as well as provide information on the
business cycle or specific market aspects; more recent work has also incorporated the
impact of climate change (Ardia et al. 2019; Hanley and Hoberg 2019; Montagna et al. 2021;
Li et al. 2021; Lee and Seo 2023). Approaches to identify the indicators of a systemic risk
measure are explored in Hartwig et al. (2021).
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In a regulatory setting, a systemic risk index is an important tool to proactively identify
and manage emerging risks to the financial system (European Central Bank (ECB) 2011;
Chatterjee and Sing 2021; Hartwig et al. 2021). In South Africa, the mandate of the South
African Reserve Bank (SARB) is to monitor and mitigate systemic risks. The Financial
Stability Committee is responsible for macroprudential policy. Rising vulnerabilities are
identified by conducting systemic risk assessments through tools such as common stress
tests across the banking and insurance sectors, with the results published in the Financial
Stability Review (FSR) (Rooplall and Nkosi 2021). The SARB implements monetary policy
to manage inflation by setting the short-term policy rate through the Monetary Policy Com-
mittee (MPC). The causal effects of central bank communications on economic narratives
have been explored in studies such as Correa et al. (2021) and Kryvtsov and Petersen (2021).
Du Rand et al. (2021) showed that the MPC statements reflect the policy stance of the SARB
more clearly than speeches.

The complex interdependencies between markets and the changing dynamics of those
markets necessitate assessments of the observed behaviors and relationships over time
(Giacomini and Rossi 2015; Rossi 2021). The impacts of news sentiment on systemic risk are
not necessarily consistent across different parts of the economic cycle (Ashwin et al. 2024).

3. Data Sources

In this section, the approaches to extract, clean, and transform the different data
sources are summarized. All data series were converted to a monthly frequency. Where
the data were only available quarterly or annually, the data were kept constant for that
observation period. The data series were converted to a standard Gaussian distribution
using the probability integral transform. Outliers were identified using the interquartile
range and smoothed with linear interpolation.

3.1. News Data

The news data include central bank communications and speeches, articles from the
Financial Mail, headlines from the Financial Times, and two global reports from the WEF
and BIS to capture contagion risk.

Table 1 summarizes the economic and financial news sources. The sources were selected
to cover current events in South Africa (SS_FT = Financial Times, and SS_FM = Financial
Mail), speeches and reports from the South African central bank (SS_BISSP = BIS speeches,
SS_SARBFSR = SARB Financial Stability Review, SS_SARBMPC = Monetary Policy Com-
mittee Statement, and SS_SARBQB = Quarterly Bulletin), and global economic views
(BISER = BIS Annual Economic Report, and SS_WEF = WEF Global Risks Report).

Table 1. News sources used in the construction of a news sentiment index.

Source Description Frequency Date Range Online Source

BIS Code = SS_BISER; Annual
Economic Report Annual 2005 to 2023 https://www.bis.org/

BIS Code = SS_BISSP; Central
banker’s speeches—South Africa No set frequency 2012 to 2023 https://www.bis.org/

Financial Mail
Code = SS_FM; Financial views

and news
(South Africa)

Mid-Month 2013 to 2023 Newsbank

Financial Times
Code = SS_FT; Financial views

and news
(South Africa), headlines

No set frequency 2010 to 2023 https://www.ft.com/south-africa
(accessed on 16 April 2024)

SARB Code = SS_SARBFSR; Financial
Stability Review Quarterly 2004 to 2023 https://www.resbank.co.za/

https://www.bis.org/
https://www.bis.org/
https://www.ft.com/south-africa
https://www.resbank.co.za/
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Table 1. Cont.

Source Description Frequency Date Range Online Source

SARB Code = SS_SARBMPC; Monetary
Policy Committee Statement No set frequency 2013 to 2023 https://www.resbank.co.za/

SARB Code = SS_SARBQB;
Quarterly Bulletin Quarterly 2008 to 2023 https://www.resbank.co.za/

WEF Code = SS_WEF; Global
Risks Report Annual 2006 to 2023 https://www.weforum.org/

BIS = Bank for International Settlements, SARB = South African Reserve Bank, WEF = World Economic Forum.

The unstructured nature of news data often requires preprocessing to reduce the noise.
Examples include correcting misspelled words or unifying typesetting to handle upper- and
lowercases (Hassani et al. 2020). Reputable news sources reduce the need for preprocessing.

The document downloads were automated in Python with the Selenium and Beautiful
Soup libraries (Richardson 2007; Raghavendra 2021; Python Software Foundation 2024). All
PDF files were converted to text using the pypdf Python library (Fenniak et al. 2024). Full
reports were extracted for all news sources, except the Financial Times, where only news
headlines were extracted.

Natural language processing of the text was performed with the FinBERT library. The
news sentiment was derived for each sentence. The sentences were tokenized to remove
stop words, numbers, and symbols. The words were then lemmatized to obtain the root
words. The updated sentences were analyzed with FinBERT and assigned a positive,
negative, or neutral score. The FinBERT scores range from −1 (negative sentiment) to
1 (positive sentiment).

Figure 1 illustrates how the narratives extracted from the Financial Times have changed
over time. In 2018, the focus was around political scandals and then shifted in 2020 to the
pandemic and global crisis. News around the pandemic still featured in 2021. The 2023
news shifted to the electricity crisis and the impact of it on the economy.
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Research often analyzes news sentiment by tracking the proportion of positive to
negative sentences over time (Nguyen and La Cava 2020; Du Rand et al. 2021; Correa et al.
2021; Lee and Seo 2023). In this study, the sentiment data series were derived by calculating
the average sentiment by month, thus ignoring all sentences with a neutral score. The
method took into account not just whether the sentiment is generally more positive or
negative but also how strongly positive or negative the statements are.

3.2. Economic Data

The economic data used in the construction of the systemic index are summarized in
Table 2. The economic categories covered are the following:

• Stock market: JSE All-Share Index (ALSI); JSE Financial 15 Index (FINI).
• Economic activity: real GDP (GDP); purchasing managers’ index (PMI).
• Credit extension: private sector credit extension (PCE).
• Compensation: employee compensation (ECOMP); personal disposable income (PDI).
• Interest rates: long-term bond yield (BOND).
• Inflation: consumer price index (CPI); producer price index (PPI).
• Exchange rate: Rand per US dollar (USDZAR).

Table 2. Economic data used in the construction of an economic systemic index.

Category Code Description Source Data
Frequency

Stock Market ALSI JSE All-Share Index. Closing price. Year-on-year. EquityRT Daily

Stock Market FINI JSE Financial 15 Index. Closing price. Year-on-year. EquityRT Daily

Economic Activity GDP
Gross domestic product at market prices. Constant

2010 prices.
Seasonally adjusted. Code: KBP6006D. Year-on-year.

SARB Quarterly

Economic Activity PMI Absa Purchasing Managers’ Index. Survey-based. BER Monthly

Credit Extension PCE All monetary institutions: total credit extended to the
private sector. KBP1347M. Year-on-year. SARB Monthly

Compensation ECOMP Compensation of employees at current prices:
Total. Code: KBP6240L. Year-on-year. SARB Quarterly

Compensation PDI Disposable income of households. Current prices.
Seasonally adjusted. Code: KBP6246L. Year-on-year. SARB Quarterly

Interest Rates BOND
Yield on loan stock traded on the stock exchange for

government bonds 10 years and over. Code:
KBP2003M. Annual moves.

SARB Monthly

Inflation CPI Consumer price index. Headline CPI Year-on-year rates;
Code: P0141. Stats SA Monthly

Inflation PPI Producer price index. Final manufactured goods.
December 2016 = 100. Code: P0142.1. Year-on-year. Stats SA Monthly

Exchange Rate USDZAR Rand per US Dollar. Year-on-year. EquityRT Daily

Confidence Index BCI Composite business confidence index. Survey-based. BER Quarterly

Confidence Index CCI Consumer confidence index. Survey-based. BER Quarterly

Confidence Index SARBLEAD SARB business confidence indicator–leading.
Year-on-year. SARB Monthly

Confidence Index SARBCOIN SARB business confidence indicator–coincident.
Year-on-year. SARB Monthly

Confidence Index SARBLAG SARB business confidence indicator–lagging.
Year-on-year. SARB Monthly

SARB = South African Reserve Bank; BER = Bureau for Economic Research.
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There are three business cycle indicators published by SARB, namely the SARB leading
indicator (SARBLEAD), the coincident indicator (SARBCOIN), and the lagging indicator
(SARBLAG), as well as two survey-based indices compiled by the Bureau for Economic Re-
search (BER), namely the business confidence indicator (BCI) and the consumer confidence
indicator (CCI). This study investigates whether news sentiment could serve as a more
timely gauge of economic activity compared to the business cycle and confidence indicators.

4. Methodology

The methodologies to construct the economic systemic index and news sentiment
index are summarized in this section. A rolling regression was applied to determine
the dependence between the two indices, thus incorporating the changing relationships
over time.

4.1. Economic Systemic Index

Principal component analysis (PCA) was used to construct a macrofocused systemic
index that captures the general trend in the economy. The PCA summarizes multiple economic
indicators into a smaller set of new indicators that capture the most important aspects of the
original set (Dai et al. 2021; Caporin et al. 2022; Pan et al. 2022; Nyati et al. 2023).

The PCA was performed by calculating the eigenvectors and eigenvalues λ1, λ2, · · · , λn,
where n denotes the number of economic indicators in the PCA. The eigenvector
Λj =

(
β j1, β j2, · · · , β jn

)
corresponds to the eigenvalue λj. The eigenvalues indicate the

proportion of variance explained by each principal component and are sorted in descending
order, with the first component being the most important. The economic indicators are
adjusted to ensure a positive relationship with the systemic index; in other words, negative
values of the economic indicator denote negative economic conditions.

The systemic index is derived from the first m principal component weights:

ESI =
m

∑
j=1

λj

λtot
×

n

∑
i=1

β2
jiZi (1)

where EI denotes the economic systemic index, λtot = ∑m
j=1 λj, Zi denotes the ith standard-

ized economic indicator, and ∑n
i=1 β2

ji = 1. The percentage weight contribution denoted by

β2
ji is used to ensure that the correct relationship with the economic cycle is preserved.

4.2. News Sentiment Index

The news sentiment index is derived similarly to the economic systemic index by
applying PCA. The sentiment index indicators do not need to be adjusted for trend; the
trend is incorporated in the approach used to derive sentiment. The sentiment index is
derived for the first k principal component as follows:

NSI =
k

∑
j=1

λj

λtot
×

n

∑
i=1

β ji Ni (2)

where NSI denotes the news sentiment index, and Ni denotes the ith standardized news
indicator; the remaining PCA variables are as defined before in Equation (1).

4.3. Nonstationary Regression

An ordinary least squares (OLS) regression was used to analyze the relationship be-
tween news sentiment and macroeconomic variables, thus incorporating heteroskedasticity
and autocorrelation consistent standard errors. The regression equation is as follows:

Yt = φ0 +
m

∑
i=1

φiXti + εt (3)
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where Yt denotes the target variable, Xti denotes the m predictor variables—which can
include both news and macroeconomic variables—φi denotes the estimated regression coef-
ficients, and εt is the residual. The residuals were tested for stationarity with the augmented
Dickey–Fuller (ADF) test to ensure the validity of the regression and for handling nonsta-
tionarity in the variables. Stationary residuals indicate a cointegrated relationship between the
target and predictor variables (Engle and Granger 1987; Hyndman and Athanasopoulos 2021).

In econometric forecasting, it is key to handle model instabilities caused by structural
breaks that lead to changes in observed behavior and relationships. Structural breaks
can be caused by market forces such as economic stress periods or changing regulations
(Giacomini and Rossi 2015). Models do not necessary perform well under all phases of the
economic cycle. In this study, a rolling regression was used to analyze the trends in the
regression parameters over time. The optimal regression model was selected by ensuring
an appropriate in-sample fit, but giving more weight to the out-of-sample performance
(Rossi 2021).

5. Analysis

The analysis in this section first establishes the link between news sentiment and
credit risk. It then considers the causal effects of central bank communications on economic
narratives in the market. A news sentiment index is constructed, and its potential as
a leading indicator of systemic risk evaluated. This study explores whether the news
sentiment index could serve as a more timely gauge of economic activity compared to
survey-based measures of sentiment. An aspect-based sentiment analysis is performed to
identity important news topics.

5.1. Linking News Sentiment to Credit Risk

A relationship between news sentiment and credit risk has important implications.
A relationship of this kind may be useful in enriching the forward-looking information
required for accounting impairments, or it may serve as an early warning indicator to
regulators that enforces policies to prevent credit deterioration to unsustainable levels
(European Systemic Risk Board 2019; Carvalho et al. 2022).

Table 3 summarizes the average exposure-weighted probability of default (PD) ex-
tracted from the Pillar 3 reports of the biggest four banks in South Africa. The big-four
banks control around 80% of the South African market (Gwatidzo and Simbanegavi 2024;
PWC 2024). The PDs for the corporate, small- to medium-enterprise (SME) retail, revolving
retail, and retail mortgage asset classes are shown. The PDs differ significantly between as-
set classes and highlight that the risk may not be driven by the same market indicators. The
PDs for the same asset class, but between banks, also differ substantially, thus indicating
differences in the target markets and risk appetites of the banks.

The average PD was derived across all banks to obtain a view on the general trend, by
year, for the given asset class. In Figure 2, the average log changes of the PDs are plotted
against the average sentiment score for the year, which were extracted from the news
sources. Only the news sources with the strongest relationship with the change in PDs are
shown. All the plots show the expected negative relationship, thus indicating that more
positive news are related to lower systemic risk and thus lower PDs. The SARB MPC were
found to have a strong relationship with retail mortgages and revolving retail; global risks
highlighted by the WEF reports were found to be related to corporates; and the Financial
Mail news were found to be strongly related to the behavior observed for the retail SMEs.
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Table 3. Exposure-weighted average PD extracted from the Pillar 3 reports of the big-4 banks in South
Africa for selected asset classes.

Asset Class: Corporate

SA Bank 2016 2017 2018 2019 2020 2021 2022 2023

A 1.01 1.94 1.87 2.69 1.9 2.8 1.86 1.19

B 0.96 0.89 0.84 0.75 0.79 0.93

C 0.85 0.93 0.8 0.89 0.86 0.76 0.92 0.94

D 1.52 1.09 1.18 2.22 2.33 1.74 1.99 1.9

Average PD 1.13 1.32 1.20 1.67 1.48 1.51 1.39 1.24

LN Change in PD 15.8 −9.3 33.0 −12.1 2.0 −8.4 −11.4

Asset Class: Mortgages

SA Bank 2016 2017 2018 2019 2020 2021 2022 2023

A 3.53 3.28 3.07 3.26 3.19 3.33 3.46 3.88

B 3.28 3.33 3.44 3.06 3.03 2.79

C 3.38 3.26 3.02 2.53 2.63 2.58 2.79 3.11

D 4.97 5.34 5.36 6.33 7.42 7.67 6.98 7.29

Average PD 3.96 3.96 3.68 3.86 4.17 4.16 4.07 4.27

LN Change in PD 0.0 −7.3 4.8 7.7 −0.2 −2.3 4.9

Asset Class: Revolving Retail

SA Bank 2016 2017 2018 2019 2020 2021 2022 2023

A 7.28 7.18 7.23 7.57 7.34 7.43 7.65 8.36

B 4.21 4.38 4.32 4 4.13 3.58

C 4.78 4.76 4.9 5 5.0 4.92 5.33 5.33

D 5.94 6.05 5.59 8.35 9.33 9.58 8.86 9.1

Average PD 6.00 6.00 5.48 6.33 6.50 6.48 6.49 6.59

LN Change in PD −0.1 −9.0 14.3 2.7 −0.2 0.2 1.5

Asset Class: SME Retail

SA Bank 2016 2017 2018 2019 2020 2021 2022 2023

A 3.83 3.89 3.66 4.56 3.68 3.71 3.84 3.94

B 3.48 3.22 3.75 3.58 2.96 3.48

C 2.93 2.95 3.03 2.73 3.17 3.1 2.84 1.28

D 6.25 7.41 7.16 8.2 13.64 11.72 9.08 8.18

Average PD 4.34 4.75 4.33 4.68 6.06 5.53 4.68 4.22

LN Change in PD 9.1 −9.2 7.7 25.9 −9.2 −16.6 −10.3
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5.2. Causal Impact of Central Bank Communications

The causal effects of central bank communication on general economic narratives were
tested by calculating the crosscorrelation function at monthly lags out to one year based on
data from January 2016 to March 2023. Figure 3 shows a matrix of the bivariate dependence
structures between the South African central bank communications and other news sources,
thus incorporating the lag where the strongest correlation is observed. The darker areas
denote more observations.
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The dependence structures highlighted no strong causal relationship between the
central bank communications and the Financial Times. It can be a function of the South
African news in the Financial Times being more politically than economically focused, as
illustrated in Figure 1. It may also be a function of limited information content when only
extracting news headlines.

The strongest observed relationships are between the SARB FSR lagged by 12 months
and the Financial Mail, with a rank correlation of 53%, as well as the SARB MPC lagged by
12 months and the Financial Mail, with a rank correlation of 44%.

5.3. A Systemic Index and the Relationship with News

Instead of analyzing the relationship between news sentiment and specific economic
indicators, an economic systemic index was constructed to obtain a more general indicator
of the systemic risk.

The economic systemic index was derived as per Equation (1) from the set of economic
indicators {ALSI; FINI; PDI; ECOMP; PCE; PPI; CPI; BOND; USDZAR; GDP; PMI} using
historical data from January 2016 to March 2023. The eigenvalues and eigenvectors from the
PCA are summarized in Table 4. The first three principal components (PCs) were selected
to construct the systemic index, as they explained over 80% of the total variance. The first
PC captures the stock market with some weight to inflation and economic activity; the
second PC has most weight to inflation, interest rate, and currency; and the third PC is
heavily weighted to economic activity.

Next, the relationship between the systemic index and each of the individual news
series are analyzed. Figure 4 summarizes these relationships. The annual news series
SS_WEF and SS_BISER did not track the systemic index very well, but this may be
expected because they are global reports that were included to provide insight into possible
contagion risk. The SARB reports SS_SARBMPC and SS_SARBFSR tracked the systemic
index much closer; however, the SS_BISSP and SS_SARBQB showed less of a relationship
over time. The SS_FM and SS_FT news that were available at more regular intervals were
more volatile but did indicate a relationship with the systemic index over time.
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Table 4. Eigenvalues and eigenvectors used in the construction of the economic systemic index.

Eigenvector
Squared ALSI FINI PDI ECOMP PCE PPI CPI BOND USD

ZAR GDP PMI Eigenvalues
λj

% Variance
Explained

β2
1 9% 32% 7% 3% 1% 16% 7% 3% 6% 8% 10% 2.54 40%

β2
2 8% 1% 9% 1% 9% 17% 16% 16% 16% 3% 4% 1.87 29%

β2
3 0% 1% 3% 5% 1% 3% 0% 13% 7% 5% 61% 0.97 15%

β2
4 19% 19% 0% 1% 0% 0% 21% 12% 18% 3% 7% 0.29 5%

β2
5 14% 1% 0% 33% 0% 14% 2% 0% 8% 17% 11% 0.20 3%

β2
6 16% 0% 6% 27% 0% 0% 9% 6% 15% 19% 1% 0.16 3%

β2
7 12% 4% 5% 13% 0% 11% 1% 35% 17% 0% 0% 0.16 2%

β2
8 10% 11% 45% 4% 0% 6% 0% 11% 11% 1% 2% 0.10 2%

β2
9 1% 1% 0% 0% 86% 2% 0% 2% 1% 2% 4% 0.08 1%

β2
10 9% 29% 10% 1% 1% 15% 5% 1% 1% 27% 0% 0.05 1%

β2
11 3% 0% 14% 12% 0% 16% 38% 0% 1% 15% 0% 0.01 0%
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Figure 4. Summary of the relationship between the systemic index and each of the individual
news series.

Based on the observed trends, only four news variables were considered in the
construction of the news sentiment index, namely SS_FM, SS_FT, SS_SARBFSR, and
SS_SARBMPC. The eigenvalues and eigenvectors are summarized in Table 5. Only the
first two PCs were used in the construction of the index; they captured around 70% of the
variance in the news variables. The news sentiment index was derived using Equation (2).

Table 5. Eigenvalues and eigenvectors used in the construction of the news sentiment index.

Eigenvectors SS_FM SS_FT SS_SARBFSR SS_SARBMPC Eigenvalues
λj

% Variance
Explained

β1 −0.03 0.44 0.65 0.62 1.64 44%

β2 −0.91 −0.34 0.22 −0.04 0.98 26%

β3 0.35 −0.83 0.24 0.36 0.72 19%

β4 −0.20 0.02 −0.69 0.70 0.41 11%
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Figure 5 show the relationship between the systemic index and the news sentiment
index. The correlation was highest when the sentiment index was lagged by 3 months, thus
indicating that the news sentiment index is a leading indicator of systemic risk.
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The bivariate dependence structure between the systemic index and the lagged sen-
timent index is shown in Figure 6. Darker areas denote more observations. There is a
clear upper-tail dependence, which indicates that the two indices are more highly corre-
lated in positive economic environments. In economic downturn conditions, there is more
uncertainty leading to greater volatility in the outcomes.
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5.4. News vs. Other Business Cycle and Survey-Based Indicators

The study explores whether news sentiment may be a more timely indicator of sys-
temic risk compared to other business cycle and survey-based indicators. An OLS was
used to test how the NSI, the survey-based indicator BCI, and the SARB leading indicator
SARBLEAD behave as leading indicators of the ESI. The regression equation was defined
by Equation (3). Historical data from January 2016 to March 2023 were used in a rolling



J. Risk Financial Manag. 2024, 17, 282 14 of 23

regression using 40 datapoints at a time to estimate the regression parameters following a
general rule of thumb of 10 observations per regression coefficient estimated and moving
forward one month at a time. The OLS algorithm iterates through different lags to ensure
each of the predictor variables are included at the optimal lag.

Figure 7 show the estimated regression coefficients over time. Generally the NSI,
BCI, and SARBLEAD consistently had statistically significant coefficients in the regression,
with the weight of the sentiment index increasing over time. The estimated regression
coefficients are shown in Table 6 for September 2022, thus ensuring a hold-out sample of
6 months. The individual indicators were found to be nonstationary; however, the residuals
were found to be stationary as indicated by the ADF test statistic. The variance inflation
factors (VIFs) indicate no issues with multicollinearity. The NSI was included at a lag of
3 months; all other variables were included at no lag.
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Table 6. Regression results with the systemic index ESI as target variable for September 2022.

Symbol Description Lag (Months) Regression
Coefficient φi

ADF Test Statistic ADF p-Value

Y ESI 0 −1.3 18.0%
X1 NSI 3 0.21 * −1.5 11.5%
X2 BCI 0 0.15 ** −1.1 24.0%
X3 SARBLEAD 0 0.10 * −1.4 15.8%
φ0 intercept −0.25 *
εt Residuals −3.5 <0.01%

*—statistically significant at the 1% confidence level; **—statistically significant at the 5% confidence level.

The R2 value indicates an in-sample goodness of fit of 70%. Figure 8 shows the out-of-
sample performance of the model. The mean squared out-of-sample error was 0.022 over
the first 3 months and 0.048 over 6 months.

In Table 7, the SS_BISER is included in the regression to also incorporate the impact
of contagion risk. The R2 value indicates an in-sample goodness-of-fit increase to 75%.
The mean squared out-of-sample error was 0.021 over the first 3 months and 0.022 over
6 months, thus showing that by including SS_BISER, both the in-sample and out-of-sample
fit of the model were improved.
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Table 7. Regression results with the systemic index ESI as target variable for September 2022.

Symbol Description Lag (Months) Regression
Coefficient φi

ADF Test Statistic ADF p-Value

Y ESI 0 −1.3 18.0%
X1 NSI 3 0.16 * −1.5 11.5%
X2 SS_BISER 0 0.12 * −1.9 5.9%
X3 BCI 0 0.07 *** −1.1 24.0%
X4 SARBLEAD 0 0.17 * −1.4 15.8%
φ0 intercept −0.34 *
εt Residuals −4.35 <0.01%

*—statistically significant at the 1% confidence level; ***—statistically significant at the 10% confidence level.

5.5. Aspect-Based Sentiment Analysis

In this section, an aspect-based sentiment analysis was performed to identify the news
topics with the strongest correlation with the ESI. The news topics considered include
economic growth, currency, supply chain, inflation, AI, electricity, sovereign, climate,
consumption, property, tourism, interest rate, stock market, finance, commodity, pandemic,
healthcare, contagion risk, and agriculture. The specific keywords searched for in the text
under each topic are summarised in Table 8.

Table 8. Summary of the keywords by news topic.

Topic Keyword

economic growth gdp, pmi, economic growth, recession, gross domestic product

currency currency, currencies, usd, zar, rand, forex, foreign exchange, fx, exchange rate, crypto

supply chain supply chain, freight, logistics, import, export, deglobal, logistics

inflation inflation, stagflation, disinflation, consumer price index, cpi, producer price index, ppi

AI chatgpt, chatbot, artificial intelligence, ai, robot, machine learning, automat, algo, cyber

electricity load-shed, loadshed, solar, renewable, electricity, eskom, coal, karpowership, energy, power, diesel

sovereign government, ramaphosa, zuma, president, sovereign downgrade, elections, strike, war, sanction, russia,
state capture, fiscal, credit rating, risk premium, protest action, unrest, labour cost

climate climate, weather, natural disaster, water, storm, drought, flood, global warming, esg, green economy, cop
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Table 8. Cont.

Topic Keyword

consumption retail, wage, consumption, job, employ, disposable income, compensation, salary, consumer, income,
demand, stagflation

property real estate, property, house price, housing, mall, tenant, vacancy rate, construction

tourism aviation, tourism, hotel, tourist, airplane, flight, leisure, travel, hospitality

interest rate cost of borrowing, interest rate, repo rate, monetary policy, borrowing cost, bond, reserve bank, policy rate,
lending rate, cost of borrowing

stock market corporate, jse, alsi, equity, stocks, stock price, company, earnings, shares, shareholder

finance bank, fintech, crypto, fatf, greylist, grey list, insurance, hedge fund, asset manager, financial institution

commodity manufacture, pmi, commodity, mining, gold, diamond, oil, petrol

pandemic corona, virus, pandemic, covid, lockdown, vaccination, vaccinate

healthcare nhi, health insurance, disease, illness, hospital, healthcare, nurse, doctor

contagion risk global recession, contagion, usa, china, trade war, russia, ukraine, war

agriculture agriculture, agricultural, farm, food

The analysis was performed by sentence. If the specific sentence contained any of
the keywords, it was assigned to the topic. It is possible for one sentence to be assigned
to more than one topic. The average sentiment score was calculated by month and topic.
Table 9 summarizes the rank correlation between the ESI and the sentiment scores derived
by topic for SS_FM, SS_SARBMPC, and SS_SARBFSR. The correlation was derived for
the lagged news sentiment monthly out to 12 months; but only the strongest correlation
and the lag at which it occurred is shown in Table 9. This points to whether the particular
news topic can serve as a causal indicator of systemic risk.

Table 9. Summary of the correlation between the news topic and the economic systemic index ESI.

News Source: SS_SARBFSR SS_SARBMPC SS_FM

Topic Lag (Months) Rank
Correlation Lag (Months) Rank

Correlation Lag (Months) Rank
Correlation

Economic Growth 0 45% 2 33% 0 12%
Currency 2 −40% 12 −10% 10 −41%

Supply Chain 5 59% 2 29% 0 6%
Inflation 12 −13% 12 −9% 4 −38%

AI 8 28% 0 −19% 10 29%
Electricity 0 3% 1 17% 1 16%
Sovereign 2 43% 12 17% 10 12%
Climate 0 28% 3 25% 6 37%

Consumption 0 41% 0 31% 0 13%
Property 12 −7% 9 15% 1 0%
Tourism 0 20% 0 26% 9 26%

Interest Rate 12 −24% 12 −6% 0 7%
Stock Market 0 16% 12 40% 0 25%

Finance 3 20% 1 51% 6 24%
Commodity 0 42% 9 41% 0 11%
Pandemic 0 1% 7 25% 0 9%
Healthcare 0 3% 11 0% 12 7%

Contagion Risk 0 40% 4 67% 0 −5%
Agriculture 0 20% 3 49% 4 12%

The SS_SARBFSR news topics that exhibited the highest correlation with ESI are
currency, contagion risk, consumption, commodity, sovereign, economic growth, and
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supply chain, with lags that varied between 0 and 5 months. The correlations between
currency news and the ESI were negative, which is expected because a more positive
outlook is related to a currency appreciation (lower USDZAR). The SS_SARBMPC news
topics with the highest correlation are stock market, commodity, agriculture, finance, and
contagion risk, with lags ranging from 1 to 9 months. The contagion risk news had the
strongest correlation among all the news sources. The SS_FM topics with the highest
correlation are climate, currency, and inflation, with lags from 6 to 10 months. Figure 9
shows a comparison between the news sources with the strongest relationships with the
systemic index.
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5.6. Summary of the Results

The link between news sentiment and credit risk is important, both in the context
of the IFRS 9 and the forward-looking information required for accounting provisions,
in addition to its importance as an early warning of systemic risk. In this study, the link
between news sentiment and credit risk is illustrated based on the published PDs of the
biggest four banks in South Africa in the Pillar 3 reports. It was shown how news sentiment
was found to have a negative relationship with the PDs, thus indicating that positive news
are related to lower systemic risk and thus lower PDs.

The SARB implements monetary policies to manage inflation by setting the short-term
policy rate through the Monetary Policy Committee. News sentiment extracted from the
SARB MPC reports was found to have a strong relationship with the retail asset classes
such as mortgages and revolving loans, which is intuitive given how sensitive these asset
classes are to inflation and interest rates (Gumata and Ndou 2021; Bullock 2023; Albertazzi
et al. 2024). Corporates were found to be more strongly affected by global risks highlighted
by the WEF reports. Smaller businesses such as retail SMEs were found to be strongly
related to news extracted from the Financial Mail. These results enforce the idea that news
sentiment may be used as a causal indicator of systemic risk.

The central bank communications did not have a similar causal impact on all news
sources in South Africa. It was shown to not have a strong causal relationship with the
Financial Times. It may be a result of the Financial Times’ coverage of South African news,
which leans more toward politics than economics; or it may be due the limited information
in only using the news headlines. The SARB FSR and MPC may have a causal impact on
the Financial Mail of up to 12 months.
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News sentiment is a leading indicator of economic systemic risk. The bivariate de-
pendence structure between the ESI and the lagged NSI (Figure 6) demonstrate upper-tail
dependence, which indicates that the two indices are more highly correlated in positive
economic environments. In economic downturn conditions, there is more uncertainty
leading to greater volatility in the outcomes.

In a regression study, the NSI was shown to be a leading indicator of ESI of up to 3
months compared to the survey-based measures of sentiment BCI and the SARBLEAD,
which both had the strongest relationship with the ESI at no lag. By including the conta-
gion risk news indicator SS_BISER, both the in- and out-of-sample fits of the regression
improves. The rolling regression shows that the importance of the news sentiment has
increased over time.

Finally, the study identified the news topics extracted from the SARB FSR, MPC, and
the Financial Mail, with the strongest relationship with the ESI. Their outcomes showed
no consistent trend in the topics between the different news sources.

The results presented in this study are in line with studies such as Ardia et al. (2019),
Hanley and Hoberg (2019), Barbaglia et al. (2022), and Lee and Seo (2023) that showed how
news sentiment tracks the business cycle closely and can be used in nowcasting to manage
the accuracy and timeliness of economic forecasts.

6. Discussion

The role of the external audit is to ensure the reasonableness of accounting estimates
and disclosures. Credit loss provisioning is a key focus area because of the risk of material
misstatement. A greater demand for audit evidence arises from the fact that the IFRS
is principle-based, which incorporates significant judgment. The auditor is expected to
show how different sources of audit evidence contradict or corroborate the outcomes
(International Auditing and Assurance Standards Board 2018; Basel Committee on Banking
Supervision 2020).

Finding appropriate sources of audit evidence is complicated. The IFRS 9 audit
includes an assessment of the models used to derive the impairments (the main models are
probability of default, loss given default, and exposure at default), forecasts and forward-
looking information, the assessment of a significant increase in credit risk, and disclosure.
In Section 5.1, it was shown how the credit risk behavior of the big-four banks in SA differ
significantly even for the same asset class, thus possibly indicating differences in the target
markets and risk appetites of the banks. It is difficult to justify using information from
one bank to benchmark the client behavior at another. The nuances of benchmarking
the IFRS 9 forward-looking information have been explored in Stander (2023). Limited
published forecasts, differences in economic narratives, and timing differences of economic
publications are some of the aspects that complicate the benchmarking substantially.

This study established the link between news sentiment, systemic risk, and credit
risk, and it showed how news sentiment can be a leading indicator of systemic risk. There
are many ways in which news sentiment can be used to inform or benchmark IFRS 9
impairments. The results suggest that a news sentiment index may be a useful exogenous
variable in the econometric models used to derive the IFRS 9 macroeconomic scenarios. It
was shown how news sentiment compliments market indicators such as the SARB leading
indicator and survey-based indicators such as the BCI in explaining the systemic risk in
an OLS. The news sentiment index can also enhance the IFRS 9 models used to estimate
default risk. Currently, researchers focus more on macroeconomic indicators (Yang 2017;
Gubareva 2020; Martinelli et al. 2020; Schutte et al. 2020; Blümke 2022), but news sentiment
may add an additional layer of information.

The audit function typically evaluates the appropriateness of the IFRS 9 economic
scenarios by benchmarking to internally derived indicators, consensus forecasts, third-
party scenarios, or by comparing to the scenarios published by other banks (Stander 2023).
Economists responsible for the derivation of the scenarios may use expert judgment to
handle data and model constraints. The expert judgment in the forward-looking informa-
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tion can be tested by comparing modeled outcomes with the final outcomes, thus ensuring
that adjustments are in the correct direction. For instance, when the news sentiment index
indicates further deterioration in systemic risk, it can confirm a conservative adjustment to
the economic outlook.

The news sentiment index may provide insight into the current state of the economy
and whether additional conservatism is necessary in the credit loss provisioning. The
analysis in Section 5.3 shows a clear upper-tail dependence in the dependence structure of
the systemic index and the lagged sentiment index. The upper-tail dependence indicates
that the two indices are more highly correlated in positive economic environments. In
economic downturn conditions, there is more uncertainty leading to greater volatility in
the outcomes which has implications for the audit process. In an economic downturn, this
may indicate the need for added conservatism in the provisions. Where a risk cannot be
handled explicitly in a model, evidence-based overlays are used (McCaul and Walter 2023).

The news sentiment index can be used as audit evidence to inform or justify trends
in the IFRS 9 impairments. For example, positive news signal an improved economic
environment, lower systemic risk, and lower impairments needed. Counterintuitive trends
may trigger the need for further investigation and require additional audit evidence.

Aspect-based sentiment analysis indicates important news topics that can inform
systemic risk. These topics can be used in the formulation of the economic narrative that
forms part of the IFRS disclosure, or they can be used as inputs to derive alternative news
sentiment indices.

A study by Du et al. (2022) showed a conditional conservatism in accounting for
provisions where banks tend to react more to negative news. Banks respond to negative
news by increasing impairments, but there is a reluctance to incorporate positive news
and release impairments, thus reducing the information content in the outcomes. Another
general downside is that unforeseen stress events such as the COVID-19 pandemic will not
be captured by news sentiment.

7. Conclusions

The main objective of this study was to explore innovative approaches to incorporate a
news sentiment index in the quantification, governance, and audit of credit loss provisions
at a bank. This was achieved by establishing news sentiment as a useful tool in benchmark-
ing trends in the accounting provisions and in informing financial disclosures; it was also
established as an exogenous variable in econometric forecast models.

The news sentiment index was shown to compliment other business cycle and survey-
based indicators in explaining systemic risk. The causal relationship between news sen-
timent and systemic risk suggests that news sentiment could serve as an early warning
signal of increasing credit risk and as an effective indicator of the state of the economic
cycle. This is useful when benchmarking the observed trends in the accounting provisions,
thus being included as audit evidence.

The news sentiment index may be a useful exogenous variable in the econometric
models used to derive the IFRS 9 forward-looking information and the credit risk parame-
ters that include the probability of default, loss given default, and exposure at default. It is
an extension of existing research that focuses more on macroeconomic indicators.

An aspect-based sentiment analysis was shown to be useful in identifying important
news topics that inform systemic risk. These topics can be used in the formulation of the
economic narrative that form part of the IFRS disclosure, or they can be used to inform the
derivation of alternative news sentiment indices.

This study highlighted how the relationship between news sentiment and systemic
risk is not necessarily consistent across different parts of the economic cycle. The bivariate
dependence structure of the systemic index and the lagged news sentiment index, indicates
that the two indices are more highly correlated in positive economic environments. In
economic downturn conditions, there is more uncertainty leading to greater volatility in
the outcomes and indicating the need for added conservatism in the quantification.
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Interestingly, the study found no consistent causal effect of central bank communica-
tions on the economic narrative in the market.

An avenue for future research is to consider more news sources and track the infor-
mation content over time to ensure the appropriateness of including them in a sentiment
index. This study employed a rolling regression to show how the impact of news sentiment
on systemic risk changed over time, with the importance of news sentiment increasing in
recent years. The research can be extended to also consider the impact of social media.

This study highlighted the information content in news sentiment; however, it is
important to use AI that is trained on reputable news sources to manage bias and ensure
that financial phrases are correctly interpreted.
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