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Abstract

This paper uses monthly financial data to construct a Financial Conditions Index

(FCI) for the Sub-Saharan African region to capture financial market fluctuations. We

use the TVP-FAVAR model, as proposed by Koop and Korobilis (2014), which allows

the FCI to vary with time. As such, we are able to decompose the FCI measure to

understand which financial sectors drive it, particularly in times of financial stress.

These indices might be used as an early warning signal to allow policymakers to adopt

decisions aimed at stabilising macroeconomic activity. We use this newly created FCI

to examine its correlation with macroeconomic variables and find that it is a good

indicator of economic growth in the downturn.
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1 Introduction

Prior to the Global Financial Crisis (GFC) there was a misconception commonly shared

by policy makers, academics, and practitioners that macroeconomic stability automatically

leads to financial stability. The latter was perceived as a natural consequence of the former.

However, both the GFC of 2007 to 2008 and European sovereign debt crisis of 2010 to 2012

proved otherwise as both crises adversely impacted worldwide economic activity. Recently,

the currency crisis in Argentina and Turkey of 2018 dampened macroeconomic growth for

a subset of developing countries. Emerging markets, such as India, Mexico, and South

Africa, were affected with plummeting exchange rates and weakened economic growth which

increased the risk of contagion to other emerging markets and developing economies.

The issue with the financial market is its size and complexity. Cases of financial distress,

like the GFC, become systemic affecting the entire financial market. However, not all crises

become systemic. Some crises, like the currency crisis of Argentina and Turkey, do not

necessarily spill over into other financial sectors. For example, a crisis in the foreign exchange

market may not necessarily spillover into the credit market. It is therefore important for

policymakers to closely monitor each financial sector as well as the entire financial system

before a crisis transmits into the real economy. In particular, the worldwide increase in

financial globalisation has highlighted the strong impact that financial developments may

have on the economies around the world. Therefore, it is important for policymakers to

monitor the evolution of macro-financial linkages.

Monitoring the financial sector is an important element for the conduct of monetary policy.

In most cases monetary authorities can monitor their domestic financial markets and the

propagation of domestic shocks, but it is more challenging to identify financial shocks com-

ing from the rest of the world. There are currently a large number of financial indicators

monetary authorities may use. For instance, the CBOE volatility index (VIX) has been

commonly used as a measure of global financial risk and investor sentiment and the World

MSCI is an equity index that captures movements of world stock funds1. However, solely

1More recently, the global uncertainty index has been introduced to monitor political and economic
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relying on such measures may pose a problem of inadequately capturing financial market

movements. For instance, post the GFC the VIX has suffered from a feedback loop in which

investors bet on markets remaining tranquil and thus report low volatility, ignoring the the

actual state of financial markets (Inman, 2018). The World MSCI only captures movements

in the equity markets and ignores all other sectors of the financial system such as foreign

exchange movements. Importantly, both of these measures are better equipped to signal

strain in the financial markets of advanced economies but may not capture shocks that are

idiosyncratic to developing economies.

An alternative approach is the construction of Financial Conditions Indices (FCIs) as they

have the ability to summarize a panel of financial market data into a single latent variable.

Since the GFC, institutions of many countries have embarked on the construction of FCIs

and use them to monitor the evolution of the financial system. For example, most major

US regional central banks, such as the St. Louis Fed, the Chicago Fed, and the Kansas

City Fed have adopted the use of FCIs, together with financial institutions such as Goldman

Sachs and Bloomberg (who have constructed FCIs for the US and major advanced economies

such as the Euro Area). As such, the literature in constructing FCIs is rich for advanced

economies. However, the literature pertaining to developing economies is very limited and

almost non-existent for African economies.

Currently, one measure African policymakers may use to monitor the financial system is the

MSCI Frontier Markets Index. This index captures large and mid cap movements for a panel

of 29 frontier markets countries that include 5 African countries, as well as the West African

Economic and Monetary Union. However, this indicator solely monitors movements in the

equity market and ignores all other financial sectors such as the funding market or foreign

exchange market. One aim of this paper is to provide a single measure of financial market

movements that African policymakers may use when making policy decisions.

It is against this backdrop that this paper constructs a Financial Conditions Index for the

Sub-Saharan Africa region to examine whether financial conditions can identify periods of

weak real economic activity. We use a time-varying factor augmented VAR, as proposed by

uncertainty.
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Koop and Korobilis (2014) that allows our FCI to vary with time and, therefore, capture

high frequency updates of financial market variables. Our FCI captures 4 main sectors of

the financial market, namely; the credit, equity, foreign exchange, and funding financial

markets, over the period December 2015 to June 2018. This FCI allows us to account for

exogenous changes in financial conditions and track the time-varying relationship between

macroeconomic and financial variables. Therefore, this paper makes a threefold contribution

to the literature; we construct the first FCI for the Sub-Saharan Africa region, we decompose

this FCI to understand which financial sectors drive it particularly during periods of financial

stress, and we examine its usefulness as a monitoring tool by assessing its correlation with real

economic activity (particularly, regional industrial production growth and inflation).

Hence, the central research questions of this paper are: 1) Can Sub-Saharan African pol-

icymakers use financial conditions to identify periods of financial stress? 2) Are financial

conditions a good indicator of economic downturn in Sub-Saharan Africa?

The results indicate that the constructed FCI captures global and idiosyncratic financial risk

to the Sub-Saharan African region such as the GFC and the commodity crisis. In particular,

the equity market drives large movements in the FCI over the analysed period. Additionally,

the FCI is a good indicator of regional industrial production growth, particularly when

growth is low, but does not predict inflation. However, the FCI is correlated with country

level inflation of a panel of selected individual African countries.

The rest of this paper is structured as follows; section 2 provides a review of the literature,

section 3 describes the construction of the FCI by describing the data, providing a graphical

illustration of the estimated FCI, and decomposing it. Section 4 provides the empirical

analysis and examines the impact of the FCI on real economic activity. The final section

concludes and gives policy recommendations.
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2 Literature Review

Financial conditions indices (FCIs) are a measure of the current state of financial vari-

ables and its influence on economic behaviour (Hatzius et al., 2010). As such FCIs signal

how financial variables might affect future economic activity. FCIs can be thought of as a

barometer of financial health and may reflect the ease of obtaining finance (Reinbold and

Restrepo-Echavarria, 2017; Arregui et al., 2018). Rey (2013), Miranda-Agrippino and Rey

(2015a) and Miranda-Agrippino and Rey (2015b) describe financial conditions as highlight-

ing fluctuations in financial activity. They define financial conditions as “a high degree of

co-movement in risky asset prices, credit growth, leverage and financial aggregates” (Rey,

2016, p.09)2. Financial conditions summarize a wide range of financial variables into a single

latent variable. By construction, FCIs map financial conditions onto real economic condi-

tions. As such, they primarily serve as a channel through which monetary policy affects the

real economy. When financial markets are under stress and subject to spells of volatility,

FCIs may be used as a warning signal of a possible financial spillover into the real economy.

This means that, empirically, measures of FCIs may be useful in indicating future economic

activity.

The global financial crisis presented a strong need to monitor both financial and macroeco-

nomic stability. This gave rise to an extensive literature on financial conditions, in particular

for advanced economies (AEs). Thus far, the consensus suggests that FCIs are a good pre-

dictor of future economic activity (Hatzius et al., 2010; Koop and Korobilis, 2014; Gilchrist

and Zakraǰsek, 2012). Moreover, tracking the evolution of financial conditions can provide

valuable information for policymakers when assessing the risks of future economic growth

as changes in financial conditions can shift the distribution of future GDP growth (IMF,

2017b). Arregui et al. (2018) and IMF (2017a) Global Financial Stability Report examine

2Moreover, this co-movement can be captured by a common component, a global factor, that is highly

and negatively correlated with uncertainty proxied such as the US index of stock volatility, the VIX. The

VIX is the Chicago Board Options Exchange volatility index and shows the market’s expectation of 30-day

volatility. It is constructed using the implied volatilities of a wide range of S&P 500 index options (stock

options) (Miranda-Agrippino and Rey, 2015b).
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the extent to which a selection of advanced and emerging market economies have influence

over their domestic financial conditions and find that countries are still able to steer their

domestic FCIs.

Additionally, Adrian et al. (2018) explore whether FCIs matter for economic growth. Us-

ing a panel of advanced and emerging market countries, Adrian et al. (2018) run quantile

regressions to show that the conditional distribution of GDP growth depends on financial

conditions. In particular, GDP growth is more responsive to financial conditions in the lower

5th percentile (during periods of extremely low growth) than the median or upper percentiles

(50th, 75th, and 95th). We intend to examine this question later in this paper.

Empirically, the approach to measure FCIs has been contested. Most notably, an impor-

tant contribution in this literature is that of Hatzius et al. (2010). These authors compare

a variety of different approaches and propose a financial indicator based on a simple prin-

cipal components analysis (PCA) of a very large number of quarterly financial variables.

There have been numerous approaches for the construction of FCIs for AEs. For example,

Cline Gauthier and Liu (2004) construct FCIs for Canada using three approaches: weights

derived from an IS-Phillips curve; weights from a vector autoregressive’s (VAR) impulse-

response functions; and employing the PCA approach. These authors find that the weighted

sum approach produces better FCIs than the PCA approach. Goodhart and Hofmann (2001)

estimate FCIs for the Group of Seven (G7) countries using a reduced-form VAR model that

includes short-rates, exchange rates, house prices and share prices, whilst Swiston (2008)

estimates an FCI for the United States by obtaining weights from the impulse responses

from a reduced-VAR.

A number of AEs use financial conditions as an indicator of economic activity. For instance,

ETH Zurich produces the KOF Barometer to measure the Swiss business cycle. The KOF

Barometer extracts a principal component from a large panel dataset of over 400 finan-

cial variables and identifies the common variance of the variables. The National Financial

Conditions Index (NFCI), deployed by Brave and Butters (2011), is constructed using a

Dynamic Factor Model (DFM). Through the application of the Kalman filter, this method

enables the Federal Reserve Bank of Chicago to compute a real-time indicator of financial
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conditions. Following Hatzius et al. (2010), the authors also created a purged version of the

NFCI known as the Adjusted National Financial Condition Index (ANFCI) which studies

asymmetric responses to shocks from financial conditions.

A leading approach in the construction of FCIs is that developed by Koop and Korobilis

(2014). These authors construct a FCI for the United States by using a factor augmented vec-

tor autoregressive model with time-varying coefficients (TVP-FAVAR). Econometric meth-

ods using TVP-FAVAR are well established, proving this method as superior (Banerjee et al.,

2008; Bates et al., 2013; Koop and Korobilis, 2013). The authors further develop a dynamic

model averaging (DMA) technique that allows the financial variables used to construct the

FCI to change over time. Their FCI is estimated using 20 quarterly financial variables.

They find their estimated FCI is a leading indicator of macroeconomic activity (namely;

GDP growth, inflation, and the real interest rate). We develop on this approach by using

the TVP-FAVAR methodology in constructing our FCI.

The literature for emerging market economies (EME) and Sub-Saharan Africa (SSA) is less

extensive mainly due to data availability. For instance, Park and Mercado (2014) construct

an indicator for 25 EMEs by adopting a static principal component analysis (PCA). They

sum up the first three components and compute missing values by using the average of

the preceding and succeeding monthly values. Similarly, Osorio et al. (2011) construct a

quarterly FCI for 13 developed and developing countries from the Asia Pacific region. The

authors use two methodologies in its construction: in the first they estimate a VAR model

while in the second, similar to Koop and Korobilis (2014), they employ a DFM to purge the

FCI of contemporaneous macroeconomic conditions. Bicchetti and Neto (2017) construct

FCIs for 11 emerging market and developing countries using a DFM. The authors find that

the constructed indicators are good predictors of periods of stress and are able to lead GDP

growth. Gaglianone and Areosa (2017) construct a FCI for Brzail by employing the method

of Brave and Butters (2011).

The construction of FCIs for the SSA region is mainly limited to South Africa. Gumata

et al. (2012) construct a FCI for South Africa from 11 nominal indicators by applying two

alternative approaches, PCA and Kalman filter with constant loadings and homoscedastic
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errors, over the period 1991Q1 to 2011Q4. The authors demonstrate that their indicator

has predictive information for near-term GDP growth and outperforms the South African

Reserve Bank’s leading indicator. Similarly, Thompson et al. (2015) re-evaluates the FCI

derived by Gumata et al. (2012) by applying a recursive principal component analysis (PCA)

with constant loadings on 16 monthly financial variables and three macroeconomic variables

(output, inflation and interest rates) over the period 1966 to 2011. After performing causality

tests the authors find their FCI is a good in-sample predictor of industrial production growth

but a weak predictor of inflation. Lastly, Kabundi and Mbelu (2017) use 39 monthly financial

variables from January 2000 to April 2017 and follow the TVP-FAVAR proposed by Koop

and Korobilis (2014) to estimate an FCI for South Africa. They find that their FCI predicts

risks in the financial market and outperforms the constant-loadings FAVAR model and the

traditional VAR model. The FCI constructed by Kabundi and Mbelu (2017) has been

adopted as part of policymaking decisions by the South African Reserve Bank (SARB). For

example, the Financial Stability Committee of the SARB sets a countercyclical capital buffer

rate and use the FCI constructed by Kabundi and Mbelu (2017) as a possible indicator/

measure of financial risk (SARB Financial Stability Department, 2017).

3 FCI for Sub-Saharan Africa

In this section we discuss the construction of an FCI for the Sub-Saharan African region.

We go on to show that the FCI identifies periods of financial tensions and global financial

crises. Finally, we decompose the FCI to understand which financial sectors drive it.

3.1 Constructing an FCI

We estimate a time-varying factor augmented vector autoregressive (TVP-FAVAR), as pro-

posed by Koop and Korobilis (2014), as follows:

yt = λzt zt + λft ft + υt (1)
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where yt is an n x 1 vector of financial variables, zt is a q x 1 vector of observed macroeconomic

variables, ft is a s x 1 single latent factor, υt is a vector of idiosyncratic terms, λzt is a n x

q matrix of coefficients and λft is a vector of factor loadings. Following Oet et al. (2012), yt

covers 5 key sectors of the financial market; namely credit, equity, foreign exchange (FX),

funding, and global (foreign) financial sector. ft captures the largest covariation of the

financial variables, yt, and is therefore interpreted as the FCI. υt ∼ N(0, Vt) is normally

distributed and has time-varying covariances.

The state space equation follows a VAR(p) process, and can be expressed as follows: zt

ft

 = ct + βt,1

 zt−1

ft−1

 + βt,2

 zt−2

ft−2

 + . . .+ ψt (2)

where ψt ∼ N(0,Ψt) is a normally distributed vector of disturbances with time-varying

covariances Ψt and βt,p is a time-varying matrix polynomial of order p. The time-varying

parameters follow multivariate random walks such that:

λt = λt−1 + εt (3)

βt = βt−1 + ωt

where λt = (λf ′t , λ
z′
t )′ and βt = (c′t, vec(βt,1)

′, . . . , vec(βt,p)
′)′, εt ∼ N(0,Ξt) and ωt ∼ N(0,Wt)

are vectors of idiosyncratic components with time-varying covariances Ξt and Wt, respec-

tively. υt, ψt, εt, and ωt are uncorrelated over time with each other and with ft.

We follow the two-step estimation procedure proposed by Koop and Korobilis (2014). This

procedure is an update of the two-step method of Doz et al. (2011). In the first step we esti-

mate a factor f̃t with static loadings. To do this we first estimate covariances Vt, Ψt, Ξt, and

Wt using exponential weighted moving average (EWMA) estimators based on information

available up to time t - 1. We then estimate the first principal component of the unobserved

common factor f̃t, from the vector of financial variables, yt, based on initial parameters λ0,

β0, f0, V0, and Ψ0 using the Principal Component Analysis approach. Once we estimated

f̃t, we obtain (static) estimates for λt and βt from equation (3) above. In the second step we

estimate dynamic weights and update the factor f̃t. To do this we use a Kalman smoother
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to update the estimates of the time-varying coefficients λt and βt based on the covariances

Vt, Ψt, Ξt, and Wt and the common factor f̃t. Finally, we use a Kalman filter to update our

estimate of ft conditional on λt, βt, Vt, Ψt, Ξt, and Wt. ft is then interpreted as the FCI

with time-varying weights (factor loadings).

3.2 Data

The financial dataset covers the period December 2005 to June 2018. It includes 23 monthly

variables, however, when we include South African and African stock price and exchange rate

(which includes South African stock prices and exchange rate) data the dataset increases to

34 variables3. South African financial data is richly available whereas African financial data

is more difficult to find. We therefore construct two FCIs for the Sub-Saharan African (SSA)

region; one including, and one excluding, South African (and all related) financial market

variables. We focus on FCI for SSA excluding South African data.

The data has a balanced panel and covers 13 countries in the region namely; Botswana,

Kenya, Mauritius, Mozambique, Nigeria, and the west African countries of the BRVM

(Bourse Régionale des Valeurs Mobilières stock exchange with countries Benin, Burkina

Faso, Guinea Bissau, Côte d’lvoire, Mali, Niger, Senegal, and Togo). These countries have

some of the top performing stock exchanges in Africa4. For instance, over the last 6 years,

each of these country’s stock exchange ranked in the top 10 countries in Sub-Saharan Africa

excluding South Africa with the largest initial public offerings (pwc, 2017). The Nigerian

Stock Exchange has over 150 listed companies and has one of the largest levels of market

capitalisation in Africa. In 2017 Kenya’s and Mauritius’s market capitalisation as a percent-

age of nomainal GDP was approximately 30.96 percent and 58.15 percent, which is high for

African stock exchanges.

In choosing the variable dataset, we follow Oet et al. (2012), who select data covering the

following market sectors: Credit markets, Equity markets, Funding markets and Foreign

3A detailed data description table for both FCIs can be found in the Appendix table A1 and A2.
4South Africa and Egypt form part of the top stock exchanges in Africa, however, we exclude them from

the dataset (Egypt does not fall within the Sub-Saharan African region).
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Exchange (FX) markets markets. We do not include the Real Estate market and Securitisa-

tion market that Oet et al. (2012) include as these are relatively small markets within SSA

and hence not viewed as major markets impacting financial conditions in SSA, in addition

data coverage is limiting. The four markets covered are identified as being key and cover

the financial system in Sub-Saharan Africa (SSA) well. We weight the data for the FCI by

the country specific share of 2017 nominal GDP for the panel of 13 countries. In addition,

we include two macroeconomic variables for the SSA region, namely; industrial production

growth (that we use as a proxy for GDP growth) and inflation5. The financial data is sourced

from Haver and Bloomberg while the macroeconomic data from the World Bank. All series

are transformed to be stationary and standardised. The list of variables and their description

is included in a tables A1 and A2 in the Appendix.

Data covered in the credit market includes bank credit as well as claims made on the public

and private sector6. The equity market has variables covering stock market prices. It includes

the BRVM 10 index which comprises of the most active companies on the BRVM stock

exchange, the Botswana Gabarone Index which captures movements in the Botswana Stock

Exchange, and the Nigeria stock exchange oil/gas index. We also construct a stock market

crash variable, following Oet et al. (2012), as:

StockCrasht =
xt

max[xt ∈ (xt−i|i = 1, ..., 12)]

where xt is the stock market price and max[xt ∈ (xt−i|i = 1, ..., 12)] is the maximum of the

stock market prices over the previous 12 months. The StockCrasht variable describes the

extent to which the stock market outperformed (or underperformed) relative to the previous

year. The funding market includes interest rate spreads, which is the difference between

the lending and deposit rate, and the difference between the interbank rate and its 91 day

treasury bill. These spreads give a measure of liquidity risk in the banking sector. The

FX market incorporates an FX crash variable, as proposed by Oet et al. (2012), and is

5These variables include South African data although our focus is on the SSA region excluding South

Africa.
6Unfortunately, due to data limitations, we are unable to include credit variables pertaining to the west

African countries of the BRVM (Bourse Régionale des Valeurs Mobilières stock exchange
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constructed similar to the stock market crash variable:

FXcrasht =
xt

max[xt ∈ (xt−i|i = 1, ..., 12)]

where xt is the nominal effective exchange rate and max[xt ∈ (xt−i|i = 1, ..., 12)] is the

maximum of the nominal effective exchange rate over the previous 12 months. The FXcrasht

variable indicates liquidity demand by measuring the extent to which the nominal effective

exchange rate has improved or deteriorated compared to the previous year. The FX market

also includes the Nigerian crude oil price index as it co-move with exchange rate data.

We standardize all the data by demeaning it and dividing it by its standard deviation be-

fore we estimate the FCI for the SSA region. This means that the FCI is a standardized

measure.

3.3 Estimated FCI for Sub-Saharan Africa

We use a single factor model based on the first principal component. We confirm this using

the information and panel criteria of Bai and Ng (2002). The first principal component

explains about 16.4 percent of the the variance in the underlying financial variables. This is

slightly smaller than that of Koop and Korobilis (2014) in which the variance explained is

approximately 20 percent for their constructed FCI for the US. Consistent with the literature,

we interpret this single factor as the FCI for Sub-Saharan Africa (SSA).

Currently, one measure African policymakers may use to monitor the financial system is

the MSCI Frontier Markets Index, which captures large and mid cap movements. However,

this indicator solely monitors movements in the equity market and ignores all other financial

sectors. Constructing an FCI for the SSA region will allow policymakers to monitor the key

sectors of the financial system before a crisis transmits into the real economy. In addition,

financial markets in the region are relatively integrated with the exception of South Africa.

The South African financial market is segmented from the region but is heavily integrated

with the global financial market. Domestic shocks generally do not propagate within the

region however global shocks do.
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We first construct a regional FCI for the SSA region that includes South African financial

variables. However, we notice that this FCI for SSA including South Africa (SA) follows

closely the trend of the constructed FCI for SA by Kabundi and Mbelu (2017). This is largely

due to the size and strength of the South African financial market within the region as well

as the largely available SA financial data. South Africa has one of the leading financial

markets in Africa, with both primary and secondary markets. In contrast, financial systems

in the rest of SSA are small (both in absolute and relative terms) and have a lower financial

depth and breadth than that of SA (Kuada, 2016).

Figure 1 plots both the FCI for SSA with South African financial market data against the

FCI for SA. The FCIs are standardized to 0. This is used as a threshold such that values

below 0 indicate stress in the financial market whereas values above 0 indicate an ease of

financial market tensions. Both FCIs in figure 1 are below 0 over the period 2006 to 2009

and are above the 0 threshold over the rest of the period. The massive decline in both FCIs

captures the GFC of 2007 to 2009. In contrast, the FCIs generally remained above the 0

threshold following the GFC. This is idiosyncratic to the South African financial market,

owing to a rise in credit growth.

Owing to the fact that the SA financial market data is richly available and appears to drive

the FCI for the region, we construct a regional FCI for SSA excluding SA financial market

variables and find noticeable differences. We propose these differences are driven by the FCI

for SA. The comparison of both the FCI for SSA excluding SA and the FCI for SA is graphed

in Figure 2. After removing South African financial market data from the FCI, the periods

idiosyncratic to South Africa (the rise in credit growth) fall away. What’s interesting is that

the FCI for SA is positive indicating less stress post the GFC, whereas the FCI for SSA

excluding SA dips below zero over a few periods indicating stress in SSA that was specific to

the region and not SA. This period captures the commodity crisis of 2015 to 2016. A large

share of banks in SSA oil exporting countries crashed, causing financial market tensions.

The European debt crisis captures the fall of the FCI for SSA excluding SA in 2011 to

2012, largely due to frictions in the Western African region as the currency, CFA franc, is

pegged to the Euro. Given the stark difference between the two FCIs, as well as the size and
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Figure 1: FCI for SSA including South African financial market variables against FCI for

South Africa

Note: This figure gives a graphical representation of the FCI for SSA region which includes SA data against

the FCI for SA for the period December 2005 to June 2018. The FCI SA is constructed by Kabundi and

Mbelu (2017) using a TVP-FAVAR model as proposed by Koop and Korobilis (2014) and is given by the

dashed line, while the FCI for the SSA region is given by the solid line. The US recession dates are as given

by NBER and taken from Federal Reserve Bank of St. Louis (2019). Both FCIs are standardized such that

values below 0 represent periods of financial tension whereas values above 0 represent an easing of financial

market tensions.

complexity of the South African financial market, we focus on the FCI for SSA excluding

SA for the remainder of the paper. In addition, the FCI for SA has been constructed by

Kabundi and Mbelu (2017)7.

7We have also constructed FCIs for selected individual countries in Africa. Results can be found in the

Appendix
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Figure 2: FCI for SSA excluding South African variables against FCI for South Africa

Note: This figure gives a graphical representation of the FCI for SSA excluding SA financial variables against

the FCI for SA constructed by Kabundi and Mbelu (2017) over the period December 2005 to June 2018.

The FCI for the SSA region is given by the solid line while the FCI for SA is given by the dashed line. Both

FCIs are standardized. Values below 0 represent financial market tension and values above 0 represent an

easing of financial market tensions. The US recession dates are as given by NBER and taken from Federal

Reserve Bank of St. Louis (2019).

3.4 Decomposing the FCI

One advantage of using a time-varying FAVAR model is it allows us to decompose the FCI

to establish which financial sectors drive it, particularly during periods of financial stress.

Figure 3 provides the contribution of each of the 5 financial sectors to the FCI. The equity

market is appears to be a major driver of the FCI over the estimation period. However,

between the 2015 and 2016 commodity crisis the foreign exchange (FX) market significantly
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Figure 3: Contributions to FCI

Note: This figure presents a decomposition of the FCI by the 5 financial sector contributions, over the

period December 2005 to June 2018. The contribution labelled Macroeconomic Activity is the effect of

purging the FCI of macroeconomic variables and applying Kalman filters and smoothers to create the FCI

with time-varying weights.

contributes to the decline in the FCI. The macroeconomic activity contributions is the effect

of purging the FCI of macroeconomic variables, namely; industrial production growth and

inflation. It is also the effect of applying Kalman filters and smoothers to create an FCI with

time-varying weights.

Figure 4 takes a closer look into the equity market contributions to the FCI 8. The downward

spike in over the GFC period in 2008 and in 2011 is mainly owed to the stock market under

performance in Nigeria and Mauritius as well as the a fall in the BRVM composite share

index. The BRVM composite share index fell over the 2011 European debt crisis because its

currency, the CFA Franc, is pegged to Euro. Downward pressure during the 2015 to 2016

commodity crisis period is primarily due to the Nigeria stock exchange oil/gas index and the

Nigeria stock market crash.

8More individual financial sector contributions can be found in the Appendix
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Figure 4: Decomposition of Equity Market Contributions to the FCI

Note: This figure gives a detailed look into the equity market contributions to the FCI.

3.5 Forecasting against current measures

To determine whether the FCI outperforms other existing measures, we compare the in-

sample prediction of industrial production growth and inflation for the SSA region using the

FCI against the VIX and the MSCI Africa index. We forecast regional industrial production

growth and inflation using a simple linear regression of lagged FCI on regional industrial

production growth and inflation, respectively, over the period December 2016 to November

2017. Similarly, we run a simple linear regression of either the one lag of VIX or the MSCI

Africa on regional industrial production growth and inflation, respectively. Once we have

obtained these forecasts we calculate the relative root mean square forecast error (rRMSFE)

of the in-sample forecast using one lag of the FCI relative to the in-sample forecast using one

lag of either the VIX or the MSCI Africa. The results can be seen in Table 1. Columns (1)

and (2) show the rRMSFE, which represents the forecasting ability, of the FCI relative to

the VIX while columns (3) and (4) are the rRMSFE of the FCI relative to the MSCI Africa.

Values below 0 suggest the FCI outperforms the VIX (or the MSCI Africa), whereas values
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above 0 suggests the VIX (or the MSCI Africa) outperforms the FCI. A value of 1 indicates

equal performance.

Table 1: rRMSFE of the FCI relative to the VIX and MSCI Africa

FCI relative to VIX FCI relative to MSCI Africa

(1) (2) (3) (4)

Forecast Horizon IP INFLATION IP INFLATION

1 0.0866795 0.1455838 0.1453107 3.565001

2 0.5888167 7.213348 0.3514222 0.4867659

3 0.3329836 0.5451009 0.3010221 0.5157791

4 0.1257324 0.2219189 0.0042515 0.0097858

5 0.0516204 0.1407685 1.00272 1.954158

6 0.5015627 1.054739 0.2376802 4.43758

7 0.918306 1.587325 0.4237023 16.24591

8 1.343655 3.410728 0.9466146 2.448546

9 1.315995 2.489169 0.232268 0.0883044

10 1.111465 3.213331 0.4475136 0.5972652

11 0.5016294 0.6007512 0.6161634 0.2098304

12 0.0691731 0.0130901 1.376693 0.7930977

This table shows the relative root mean square forecast error of the FCI relative to

the VIX (columns (1) and (2)) and the MSCI Africa (columns (3) and (4)). Industrial

Production growth (IP) and Inflation for the SSA region are forecast using a simple

linear regression of IP (or inflation) on a lag of FCI (or the VIX or MSCI Africa,

respectively. The forecasts are taken in-sample over the period December 2016 to

November 2017. The rRMSFE < 0 indicates a better FCI forecasting performance

relative to the VIX or MSCI Africa. The rRMSFE > 0 indicates a better VIX or

MSCI Africa forecasting performance relative to the FCI. rRMSFE = 0 indicates

equal forecasting performance.
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As seen in Table 1, the FCI generally outperforms the VIX in forecasting regional industrial

production growth (column (1)) and, to a lesser extent, inflation (column (2)). Likewise,

the FCI generally outperforms the MSCI Africa in forecasting regional industrial production

growth (column (3)) and, to a lesser extent, inflation (column (4)). We can thus conclude

that the FCI more strongly predicts regional industrial production growth than inflation

and is a better indicator of SSA macroeconomic variables than current measures. This

result points to the important contribution of the FCI as a tool in predicting SSA regional

macroeconomic activity and its usefulness against existing indicators.

4 Empirical Analysis

In this section we examine the relationship between the FCI and real economic activity.

As seen in the literature, a change in the FCI impacts changes in macroeconomic growth.

In particular, IMF (2017b) Global Financial Stability Report shows that the FCI predicts

growth in advanced economies. We seek to investigate this for the SSA region.

4.1 FCI and Real Economic Activity

In the previous section we have shown that the FCI is a good indicator of financial market

movements and identifies periods of global financial crises. In this section we examine the use

of the FCI by asking whether it is a good indicator of real economic variables. In particular

we investigate whether there is a relationship between the FCI and both industrial production

growth and inflation for the SSA region. Figure 5 shows the evolution between the industrial

production growth for the SSA region and the FCI to give an idea of how they co-move.

Both the FCI and industrial production growth appear to co-move over the sample period.

Moreover, industrial production growth seems to lag the FCI, and is particularly seen over

the GFC period.

Figure 6 shows the relationship between the evolution of FCI and inflation for the SSA

region. It is clear the two series co-move throughout the sample. Evidence of this is given by
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Figure 5: Relationship between FCI and regional Industrial Production Growth

Note: This figure shows the evolution of industrial production growth for the Sub-Saharan African region

and the FCI. Industrial production growth is taken as a year-on-year change of the summation of industrial

production, and it is standardized. Additionally, the industrial production growth for the SSA region includes

South African industrial production data.

a correlation coefficient of -52 percent. This relationship, however, is negative particularly

over the GFC period. Prior to the GFC period, instances of loosening of financial tensions

is met with inflation. However, this relationship is less evident post the GFC period.

4.2 Can the FCI Indicate Real Economic Activity?

The extent to which the FCI affects both regional industrial production growth and inflation

is unclear. However, the figures presented in the previous section seem to indicate that
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Figure 6: Relationship between FCI and Inflation for the SSA region

Note: This figure shows the evolution of inflation for the Sub-Saharan African region and the FCI.. Inflation

is taken as a year-on-year change of consumer prices, and it is standardized. Additionally, the inflation for

the SSA region includes South African consumer prices data.

there might be a relationship between the FCI and real economic activity. IMF (2017b)

Global Financial Stability Report shows that the FCI predicts periods of low GDP growth

for a selection of advanced countries. We believe this relationship may hold true in the SSA

region. Thus, as proposed by IMF (2017b) Global Financial Stability Report, we run a

quantile regression, to examine this relationship, of the form:

∆Zt = β1FCIt−1 +

p∑
n=1

κn∆Zt−n + εt (4)

where FCIt−1 is the FCI in period t - 1, Zt is either industrial production growth or inflation

for the SSA region in period t (or period t−n), εt is the error term, and p indicates the number

of lags. We include 3 lags of both regional industrial production growth and regional inflation
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in equation 4. We standardize both regional industrial production growth and regional

inflation such that coefficients β1 and κn are also standardized and therefore interpreted as

a magnitude effect rather than a scale effect9. Our coefficient of interest is β1. It provides

the magnitude to which real economic activity responds to a 1 unit increase in the FCI

across various percentiles. From a policy perspective, it is worthwhile to investigate whether

the FCI is linked to the evolution of real economic variables. This will allow policymakers

to prevent any financial market spillovers by using the FCI as an indicator of potential

financial tensions that might affect real economic activity. We take the entire distribution of

regional industrial production growth and inflation and classify it into percentiles. As such,

we consider the 5th, 25th, 50th, 75th, and 95th percentiles such that low percentiles (i.e. the

5th and 25th percentile) indicate periods of low growth (inflation) and high percentiles (i.e.

75th and 95th percentile) indicate periods of high growth (inflation). The 50th percentile

indicates baseline growth or real economic activity at its median.

Table 2 provides the baseline results. In the first 5 columns the dependent variable is

regional industrial production growth while the remaining columns 6 to 10 focus on regional

inflation. The results for Zt as regional industrial production growth are robust up to 12

lags of industrial production, while the results for Zt as regional inflation are robust up to 3

lags of inflation. The results presented in Table 2 show that lagged FCI is correlated with

industrial production growth at the 5th, 25th, 50th and 75th percentile. The correlation is

highest when growth is at its lowest (i.e. the 5th and 25th percentiles), and when growth

is at its median (the 50th percentile). Additionally, the magnitude at which industrial

production growth is impacted is highest at the 25th percentile (low growth at its tail). On

the contrary, these results shows that there is no correlation between the FCI and regional

industrial production growth at the highest percentile (the 95th percentile). However, there

is a correlation between high growth (the 75th percentile) and the lagged FCI suggesting

that the FCI can impact both high and low levels of growth but more strongly impacts low

levels of growth. Overall, results in Table 2 columns (1) to (5) suggest that the FCI impacts

the downside tail of regional industrial production growth. Interestingly, when we look at

9Recall that the FCI is itself standardized such that values above 0 indicate instances of financial tensions

and values below 0 indicates instances of financial loosening.
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Table 2: Impact of FCI on IP growth and Inflation for the SSA region

Industrial Production Growth Inflation

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

p05 p25 p50 p75 p95 p05 p25 p50 p75 p95

FCI (t-1) 0.762** 0.802*** 0.762*** 0.703*** 0.550 0.143 0.0153 -0.0361 0.0735 0.184**

(0.319) (0.236) (0.197) (0.239) (0.423) (0.190) (0.181) (0.0955) (0.0608) (0.0905)

IP Growth (t-1) 0.431*** 0.401*** 0.371*** 0.601*** 0.119

(0.161) (0.131) (0.0988) (0.142) (0.183)

IP Growth (t-2) 0.347 0.216 0.230** 0.158 -0.0834

(0.255) (0.140) (0.116) (0.169) (0.131)

IP Growth (t-3) -0.0801 0.0244 0.0162 -0.0362 0.187

(0.214) (0.0946) (0.0862) (0.148) (0.180)

Inflation (t-1) 1.262*** 1.163*** 1.021*** 1.125*** 1.189***

(0.232) (0.227) (0.0864) (0.0933) (0.119)

Inflation (t-2) 0.0138 -0.271 0.187 -0.0696 0.0342

(0.324) (0.441) (0.141) (0.129) (0.146)

Inflation (t-3) -0.221 0.0556 -0.295** -0.0950 -0.189*

(0.148) (0.291) (0.118) (0.0938) (0.108)

Pseudo R2 0.68 0.51 0.38 0.30 0.26 0.62 0.74 0.77 0.80 0.86

Mean per percentile -2.90 -0.41 0.01 0.45 1.26 -1.39 -0.67 -0.14 0.36 2.75

This table reports the results of the regression of the FCI on industrial production growth and inflation for the Sub-Saharan African region.

The dependent variable in columns (1) to (5) is industrial production growth for the SSA region while the dependent variable in columns (6) to (10)

is inflation for the SSA region. IP - Industrial Production growth. The regression results in column (1) to (5) are robust up to 12 lags of IP.

The mean gives the average value of IP (in columns (1) - (5)) and inflation (in columns (6) - (10)) in each percentile.

The regression results in column (1) to (5) are robust up to 3 lags of inflation. Standard errors are in parentheses. Number of observations: 146.

* p < 0.10, ** p < 0.05,*** p < 0.01.

the correlation between lagged FCI and inflation in columns (6) to (10) of Table 2 we notice

that lagged FCI does not appear to be statistically different from 0 across all the percentiles

of inflation’s distribution, except the 95th percentile (high inflation). However, it is weakly

correlated with inflation at the 95th percentile.

Next, we identify periods changes in the variation of the FCI and ask whether this variation is

associated with changes in real economic variables. To this end, we identify three threshold

regions in FCI and examine each region’s correlation with regional industrial production

growth and inflation. We analyse the following equations:
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∆Zt = β1FCIt−1 +

p∑
n=1

βn∆Zt−n + εt, if −∞ < FCIt−1 ≤ γ

∆Zt = β1FCIt−1 +

p∑
n=1

βn∆Zt−n + εt, if γ < FCIt−1 ≤ ξ

∆Zt = β1FCIt−1 +

p∑
n=1

βn∆Zt−n + εt, if ξ < FCIt−1 <∞

(5)

where FCIt−1 is the FCI in period t - 1, Zt is either industrial production growth or inflation

for the SSA region in period t (or period t − n), εt is the error term, and p indicates the

number of lags. We include 3 lags of both regional industrial production growth and regional

inflation in equation 5. We use the Bayesian Information Criterion (BIC) to identify the

number of thresholds in the FCIt−1. The thresholds are taken as the value that minimizes

the least squares of the regression of each region. As such, γ is -0.22 and ξ is 0.03 when

the dependent variable is regional industrial production growth, and γ is -0.36 and ξ is 0.17

when the dependent variable is regional inflation. The FCI thresholds can be seen in figure

7. Examining the FCI in this way will allow it to be used in policymaking as a signal of

potential risks to real economic variables.

The results of the estimation of equation 5 can be seen in Table 3 focus on the correlation

between lagged FCI and real economic variables over various thresholds of the former. Fo-

cusing on columns (1) to (3), lagged FCI is correlated with industrial production growth

across all three regions, however, it is most correlated with industrial production growth in

region 2 when the FCI is between -0.22 and 0.031. This correlation is lowest when the FCI

is strictly above 0.031, i.e. when financial tensions are loose. These results suggest that

the FCI could be used as a signal of potential growth such that policy actions on growth

could be taken when the FCI is between -0.22 and 0.031. Overall, the impact of lagged

FCI on regional inflation in columns (4) to (5) of Table 3 largely remains unchanged and is

statistically insignificant.

The relationship between FCI and regional inflation remains unclear. This may be a result

of focusing on regional level inflation. There may be countries driving this relationship that

have a high weighting in construction of the regional level inflation rate, such as South
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Table 3: Impact FCI on regional IP growth and Inflation for various thresholds of FCI

Industrial Production Growth Inflation

(1) (2) (3) (4) (5) (6)

Region1 Region2 Region3 Region4 Region5 Region6

FCI (t-1) 1.889*** 2.773*** 0.936** 0.497 0.0102 0.351

(0.468) (1.061) (0.433) (0.422) (0.215) (0.358)

IP Growth (t-1) 0.539*** -0.0727 0.381***

(0.195) (0.153) (0.108)

IP Growth (t-2) -0.0316 0.567*** 0.0571

(0.171) (0.169) (0.116)

IP Growth (t-3) 0.0607 0.0762 0.231**

(0.141) (0.152) (0.110)

Inflation (t-1) 0.974*** 1.084*** 1.060***

(0.206) (0.133) (0.132)

Inflation (t-2) -0.176 0.232 -0.112

(0.319) (0.211) (0.173)

Inflation (t-3) 0.238 -0.246 0.0338

(0.319) (0.155) (0.131)

Threshold -0.22 0.031 -0.36 0.1728

Threshold SSR 38.49 33.85 8.1487 7.6465

BIC -138.64 -355.85

This table reports the results of the regression of FCI on industrial production growth

and inflation for 3 thresholds of FCI (t-1). Region 1 represents the threshold where FCI (t-1) is

less -0.22, the threshold in region 2 is between -0.22 and 0.03 Region 3 threshold is strictly greater

than 0.03. Region 4 represents the threshold where FCI (t-1) is less -0.36,the threshold in region

5 is between -0.36 and 0.17. Region 6 threshold is strictly greater than 0.17.The dependent variable

in columns (1) to (3) is industrial production growth for the SSA region while the dependent variable

in columns (4) to (6) is inflation for the SSA region. BIC - Bayesian Information Criterion. Threshold

SSR is the squared sum of residuals. Number of observations: 146. * p < 0.10, ** p < 0.05,*** p < 0.01.
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Table 4: Impact of FCI on country level inflation

(1) (2) (3) (4) (5) (6)

BWA EGY KEN MOZ MUS NGA

p05

FCI (t-1) -0.596** -0.463 -0.306 -0.444 -1.370*** -1.096***

(0.289) (0.445) (0.332) (0.504) (0.142) (0.310)

Inflation (t-1) 0.144*** 0.00658 0.119*** 0.0275 0.177*** 0.0482**

(0.0259) (0.0103) (0.0152) (0.0184) (0.0411) (0.0216)

Pseudo R2 0.19 0.03 0.15 0.08 0.30 0.06

p25

FCI (t-1) -0.748*** -0.721** -0.277 -0.881*** -1.255*** -0.727**

(0.136) (0.292) (0.238) (0.268) (0.149) (0.286)

Inflation (t-1) 0.154*** -0.0184 0.106*** 0.0566*** 0.221*** -0.0258

(0.0310) (0.0200) (0.0136) (0.00766) (0.0167) (0.0502)

Pseudo R2 0.26 0.04 0.18 0.14 0.40 0.04

p50

FCI (t-1) -0.637*** -0.971*** -0.323 -0.654** -1.382*** -0.991***

(0.186) (0.256) (0.310) (0.254) (0.165) (0.300)

Inflation (t-1) 0.183*** 0.000330 0.0780*** 0.0347*** 0.233*** -0.0314

(0.0409) (0.00667) (0.0292) (0.0103) (0.0241) (0.0431)

Pseudo R2 0.25 0.06 0.13 0.11 0.40 0.06

p75

FCI (t-1) -0.216 -1.014*** 0.616 -0.789*** -1.387*** -1.232***

(0.357) (0.320) (0.470) (0.234) (0.261) (0.334)

Inflation (t-1) 0.243*** 0.00139 0.270*** 0.108** 0.255*** -0.0807***

(0.0574) (0.0522) (0.0869) (0.0480) (0.0459) (0.0184)

Pseudo R2 0.28 0.05 0.17 0.11 0.42 0.12

p95

FCI (t-1) -1.218*** 0.254 0.946** -1.143** -2.445*** -3.643***

(0.430) (0.275) (0.446) (0.564) (0.391) (0.935)

Inflation (t-1) 0.329*** 0.211*** 0.316*** 0.211*** 0.370*** -0.217***

(0.0318) (0.0310) (0.0550) (0.0452) (0.0575) (0.0462)

Pseudo R2 0.56 0.39 0.49 0.40 0.60 0.23

This table shows the correlation between country level inflation and lagged FCI. The dependent

variable is country level inflation. Number of observations: 147. Standard errors in parentheses.

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. BWA: Botswana, EGY: Egypt, KEN:Kenya,

MOZ: Mozambique, MUS:Mauritius, NGA: Nigeria.26



Figure 7: FCI Thresholds

Note: This figure gives a graphical representation of the thresholds for the FCI when regional industrial

production growth is the dependent variable in equation 5. The first threshold is from −∞ to -0.22. The

second threshold is between -0.22 and 0.03. The last threshold strictly above 0.03. When regional inflation

is the dependent, the FCI thresholds are −∞ to -0.36, -0.36 to 0.17, and strictly above 0.17.

Africa. To examine this, we re-run the quantile regression in equation 4 on the country level

inflation of a selected set of 6 African countries. These countries are selected based on the

size of their stock exchanges in the African region10. The results can be seen in Table 4. The

first thing we notice is that most country level inflation rates are negatively correlated with

lagged FCI across all percentiles. This means that the lagged FCI indicates both low and

high inflation. Importantly, the magnitude of this correlation (in absolute terms) generally

increases as the percentile increases suggesting a high correlation between the lagged FCI

10We exclude South Africa.
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and high country level inflation. The FCI is also highly correlated with most country level

inflation rates on the 75th and 95th percentile (when inflation is high). This result suggests

that policymakers could use the FCI as a tool to contain adverse financial activity from

inducing high inflation.

5 Conclusion

This paper estimates a financial conditions index (FCI) for the Sub-Saharan African (SSA)

region over the period January 2000 to June 2018. Our financial data covers 4 key sectors

in the financial markets of SSA, namely; the credit, equity, foreign exchange (FX), and

funding. The FCI is estimated using a time-varying factor augmented vector autoregressive

model (TVP-FAVAR). To estimate the FCI, we use a panel of financial variables and two

macroeconomic variables; (regional) industrial production growth and inflation.

The results show that the FCI is able to identify periods of financial stress in the SSA

region. Additionally, as we use time-varying weights, we are able to decompose the FCI

to determine which financial sectors drive its evolution. We find that the largest financial

sector contribution to the FCI is the equity financial market. We also find that the FCI

is a good identifier of economic downturn (specifically industrial production growth) in the

region. It also identifies (regional) industrial production growth at various thresholds of

lagged FCI. The FCI also identifies the inflation of a selected set of African economies. The

results suggest that policymakers could use the FCI as an identifier of regional industrial

production growth. Finally, policy decisions could be taken when the FCI is between -0.22

and 0.031.

Future research investigate the FCI’s use as a real time indicator of financial activity by

estimating the FCI using a TVP-FAVAR rolling window regression. Future research could

also seek to determine whether the number of principal components make a fundamental

difference to the estimation of the FCI. As it stands, the FCI is estimated using the first

principal component which explains 16.4 percent of the variance in the underlying financial

variables. We ask whether this matters and suggest using second order principal component
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analysis. Finally,it might be useful to fully automate the estimation of this FCI using databot

and make it available as a monitoring tool. By automating it, the the rich set of African

financial market data would become available, allowing policymakers to obtain real-time

updates of the FCI.
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A Appendix

Table A1: FCI for SSA excluding SA list of variables

No. Description Definition Transformation Source Country

Credit Market

1 Commercial Bank Loans Commercial bank loans to households 2 H Botswana

2 Comm Bk Asset: Domestic Credit Market Claims on Public Sector 2 H Kenya

3 Comm Bk Asset: Domestic Credit Domestic Credit: Claims on Private Sector 2 H Kenya

4 Comm Bk Asset: Domestic Credit Market Claims on Non-residents 2 H Mauritius

5 Bank Credit Market Bank Credit Market 5 H Mozambique

6 Domestic Credit Credit to domestic residents and citizens 2 H Nigeria

Equity Market

7 Botswana Gaborone Index Botswana Gaborone Index 5 B Botswana

8 BRVM Composite Share Index BRVM Composite Share Index: all securities listed on the exchange 5 A BRVM

9 Kenya: Stock market crash StockCrasht = xt
max[xt∈(xt−i|i=1,...,12)] 1 A Kenya

10 Mauritius: Stock market crash Stock market crash 1 A Mauritius

11 Nigeria Stock Exchange Oil/Gas Index Nigeria Stock Exchange Oil/Gas Index 5 B Nigeria

12 Nigeria Stock Market Crash Stock Market Crash 1 A Nigeria

Funding Market

13 Botswana: Interest Rates Interest Rates Spread : Lending - Deposit rate 1 A Botswana

14 BRVM Interest rate spread Interest rate spread 1 A BRVM

15 Kenya Interbank -91 day Treasury bill Interbank -91 day Treasury bill 1 A Kenya

16 Nigeria Interest rate spread Interest rate spread 1 A Nigeria

Foreign Exchange (FX) Market

17 Botswana: FX Market crash FXcrasht = xt
max[xt∈(xt−i|i=1,...,12)] 1 A Botswana

18 BRVM: FX Market crash FX Market Crash 1 A BRVM

19 Kenya: FX Market crash FX Market Crash 1 A Kenya

20 Mauritius: FX Market Crash FX Market crash 1 A Mauritius

21 Mozambique: FX Market Crash FX Market Crash 1 A Mozambique

22 Nigeria: Crude Oil Prices Nigeria: Crude Oil Price 5 B Nigeria

23 Nigeria FX Market crash FX Market crash 1 A Nigeria

Macroeconomic Activity

1 Industrial Production Growth Year-on-year change in industrial production 1 W Region

2 Inflation Year-on-year change in inflation 1 W Region

This table gives a description of the data used in constructing the FCI for SSA excluding SA.

Transformation: 1 = Level, 2 = First difference, 5 = First log difference;

Source: A = Author’s calculation, B = Bloomberg, H = Haver DLX, W = World Bank Global Economic Monitor dataset.
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Figure A1: Decomposition of Financial Sector Contributions to FCI for SSA excluding SA

(a) Credit financial market

(b) Funding financial market

(c) FX financial market

Note: The figure illustrates the financial sector decompositions and contribution to the FCI of the credit,

funding, and FX financial markets.
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Table A2: FCI for SSA including SA list of variables

No. Description Short Description Transformation Source Country

Credit Market

1 Commercial Bank Loans Commercial bank loans to households 2 H Botswana

2 Comm Bk Asset: Domestic Credit Market Claims on Public Sector 2 H Kenya

3 Comm Bk Asset: Domestic Credit Domestic Credit: Claims on Private Sector 2 H Kenya

4 Comm Bk Asset: Domestic Credit Market Claims on Non-residents 2 H Mauritius

5 Bank Credit Market Bank Credit Market 5 H Mozambique

6 Domestic Credit Credit to domestic residents and citizens 2 H Nigeria

7 SA Yield Market: Eskom bonds Eskom bonds - 91day Treasury bill 1 S SA

8 SA Yield Market: 5-10 year government bond 5 to 10 year government bond - 91 day Treasury bill 1 S SA

Equity Market

9 Botswana Gaborone Index Botswana Gaborone Index 5 B Botswana

10 BRVM Composite Share Index BRVM Composite Share Index: all securities listed on the exchange 5 A BRVM

11 Kenya: Stock market crash StockCrasht = xt

max[xt∈(xt−i|i=1,...,12)]
1 A Kenya

12 Mauritius: Stock market crash Stock market crash 1 A Mauritius

13 Nigeria Stock Exchange Oil/Gas Index Nigeria Stock Exchange Oil/Gas Index 5 B Nigeria

14 Nigeria Stock Market Crash Stock Market Crash 1 A Nigeria

15 FTSE/JSE Africa Index Africa Stock Market Index 5 B Region

16 FTSE/JSE Africa Stock Crash Stock Market Crash 1 A Region

17 FTSE/JSE Africa Top 40 Tradable Index Top 40 Tradable Stocks Index 5 B Region

18 SA financial beta βfin =
cov(rfin,t|tt−1,rJSE,t|tt−1)

var(rJSE,t|tt−1)
1 A SA

19 SA bank beta βbank =
cov(rbank,t|tt−1,rJSE,t|tt−1)

var(rJSE,t|tt−1)
1 A SA

Funding Market

20 Botswana: Interest Rates Interest Rates Spread : Lending - Deposit rate 1 A Botswana

21 BRVM Interest rate spread Interest rate spread 1 A BRVM

22 Kenya Interbank -91 day Treasury bill Interbank -91 day Treasury bill 1 A Kenya

23 Nigeria Interest rate spread Interest rate spread 1 A Nigeria

24 TED (SA) Jibor - 91 day Treasury Bill 1 S SA

25 SA Prime overdraft rate Prime overdraft rate - 91 day Treasury bill 1 S SA

Foreign Exchange (FX) Market

26 Botswana: FX Market crash FXcrasht = xt

max[xt∈(xt−i|i=1,...,12)]
1 A Botswana

27 BRVM: FX Market crash FX Market Crash 1 A BRVM

28 Kenya: FX Market crash FX Market Crash 1 A Kenya

29 Mauritius: FX Market Crash FX Market crash 1 A Mauritius

30 Mozambique: FX Market Crash FX Market Crash 1 A Mozambique

31 Nigeria: Crude Oil Prices Nigeria: Crude Oil Price 5 B Nigeria

32 Nigeria FX Market crash FX Market crash 1 A Nigeria

33 SA FX crash FX Market crash 1 A SA

34 SSA FX crash FX Market crash 1 A Region

Macroeconomic Activity

1 Industrial Production Growth Year-on-year change in industrial production 1 W Region

2 Inflation Year-on-year change in inflation 1 W Region

This table gives a description of the data used in constructing the FCI for SSA including SA.

Transformation: 1 = Level, 2 = First difference, 5 = First log difference;

Source: A = Author’s calculation, B = Bloomberg, H = Haver DLX, S = South African Reserve Bank W = World Bank Global Economic Monitor dataset.
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A.1 FCI for selected individual Sub-Saharan African countries

Table A3: Individual country list of variables

No. Description Source Period

Botswana

1 Lending rate - Deposit rate A 2005q2 - 2017q1

2 FX crash A 2005q2 - 2017q1

3 Commercial Bank Loans: Households H 2005q2 - 2017q1

4 Commercial Bank Loans: Households: Property H 2005q2 - 2017q1

5 Stock Market Crash A 2005q2 - 2017q1

6 Botswana Gaborone Index B 2005q2 - 2017q1

Egypt

1 FX Crash A 2004q2 - 2017q1

2 Bank Credit H 2004q2 - 2017q1

3 Bank Credit to Government Sector in Local Currency H 2004q2 - 2017q1

4 Bank Credit to Private Sector in Local Currency ) H 2004q2 - 2017q1

5 Mon Survey: Net Fgn Assets of the Bkg System H 2004q2 - 2017q1

6 Stock Market Crash A 2004q2 - 2017q1

7 J.P. Morgan Emerging Markets Bond Spread W 2004q2 - 2017q1

Kenya

1 nterbank - 91 day Treasury bill A 2009q1-2012q1

2 Interest Rates: Spread H 2009q1-2012q1

3 Repo - 91 day Treasury bill A 2009q1-2012q1

4 Comm Bk Asset: Dom Credit: Claims on Oth Public Sector H 2009q1-2012q1

5 Comm Bk Asset: Dom Cred: Claims on Private Sector H 2009q1-2012q1

6 FX crash A 2009q1-2012q1

7 Stock Market Crash A 2009q1-2012q1

Mauritius

1 Repo - 91 day Treasury bill A 2007q1-2017q2

2 Interbank - 91 day Treasury bill A 2007q1-2017q2

3 Lending rate - Deposit rate A 2007q1-2017q2

4 FX Crash A 2007q1-2017q2

5 Stock market crash A 2007q1-2017q2

Mozambique

1 Lending rate - Deposit rate A 2008q3-2017q3

2 Lending rate - 91 day Treasury bill A 2008q3-2017q3

3 Bank prime -91 day Treasury bill A 2008q3-2017q3

4 Monetary Survey: Domestics Credit H 2008q3-2017q3

5 Monetary Survey: Government Credit H 2008q3-2017q3

6 Commercial Banks: Credit to Government H 2008q3-2017q3

7 Bank Credit H 2008q3-2017q3

Nigeria

1 Prime - 91 day Treasury bill A 2010q1-2017q2

2 Interbank - 91 day Treasury bill A 2010q1-2017q2

3 Interest rate spread A 2010q1-2017q2

4 Rep - 91 day Treasury bill A 2010q1-2017q2

5 Stock Exchange Oil/Gas Index B 2010q1-2017q2

6 Stock Market Crash A 2010q1-2017q2

7 FX crash A 2010q1-2017q2

8 Crude Oil Prices B 2010q1-2017q2

Foreign Market

1 S&P500 B

2 Commod price index B

3 Global Total Return index B

4 TED (US) A

5 VIX B

Macroeconomic Variables

1 GDP growth W

2 Inflation H

This table gives a description of the data used in constructing individual country level FCIs

Transformation: 1 = Level, 2 = First difference, 5 = First log difference;

Source: A = Author’s calculation, B = Bloomberg, H = Haver DLX, W = World Bank Global Economic Monitor dataset.

Both the macroeconomic variables and foreign market variables are included in each individual country FCI estimation.
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When looking at the individual FCIs for a few selected countries 11 in Figure A2, we notice

that they all pick-up the GFC quite significantly. Unfortunately, data for some of the

countries only begins much later and therefore for Nigeria and Kenya we cannot observe

this. Additionally, the FCIs for all the countries tighten around 2008 and 2009 reflecting the

GFC. The FCIs thereafter recover and remain relatively stable over the sample with a few

instances where it goes below the zero threshold indicating financial stress. These instances

occur in general around 2011 and 2012, and then again around 2015 and 2016. Both these

periods are associated with the European debt crises, the end of quantitative easing (QE) in

the US and the commodity price crises.

There are also a few idiosyncratic factors that caused the FCIs to tighten that can be seen

when zooming into the individual FCIs in Figure A2. With respect to Botswana, the big

dip in the FCI for Botswana from 2007 to 2009 reflects the GFC. There are some other

periods around 2011 to 2012 where the FCI falls below zero and signals a worsening of

the financial conditions. This was mainly as a result of constrained bank credit and the

European debt crisis. The fall around 2015 to 2016 was due to weak growth caused by severe

drought conditions, weak demand for diamond exports as well as electricity and water supply

shortages. These factors make the economy vulnerable to external shocks and hence worsen

financial conditions. However, monetary policy was accommodative with low interest rates

and could be the reason for the improvement for the FCI after 2016. The fall in 2015 to 2016

was also due to the sluggish recovery of the global economy and uncertainty surrounding

global trade and openness, which reduced export earnings. The underwhelming economic

conditions in South Africa also adversely affected South African Customs Union (SACU)

receipts12, and adverse weather that further weakened agricultural growth and lead to water

supply challenges. However, there was a robust recovery following the GFC.

11The countries selected were based upon the size of the financial market in Africa and data availability.

Although Egypt does not fall within the SSA region, we included it in this selection as it is a big economic

player in the continent with a well-developed financial sector.
12The South African Customs Union (SACU) is a customs union amongst Botswana, Lesotho, Namibia,

South Africa, and Eswatini (formerly Swaziland) with the aim of maintaining free interchange of goods

between the member countries.

38



Figure A2: FCI for selected Sub-Saharan African countries

(a) FCI for Botswana

(d) FCI for Mauritius

(b) FCI for Egypt

(e) FCI for Mozambique

(c) FCI for Kenya

(f) FCI for Nigeria

Note: The selected countries were based upon the size of its financial market in Africa and data availability.

Egypt was included, although not apart of the SSA region, because of the size and development of its financial

market in the continent.

The FCI for Egypt picks up the GFC during 2008 and 2009. It also falls below zero (tightens)

during 2011 and 2012, and 2015 to 2016. These periods could be characterised by the civil

unrest initiated by political instability during the Egyptian revolution (uprising) and the

commodity price crises, respectively. Unfortunately data for Kenya only begins in 2009

so we cannot observe the FCI for Kenya before the GFC. However we do notice that it
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was quite negative and hence worse from 2009 to 2010 due to the GFC. It recovered quite

nicely thereafter but then there was a slight decline in the FCI again in 2011 to 2012 as the

country was marred by drastic currency depreciation and high inflation. Thereafter the FCI

remained relatively stable and around the zero/neutral level for the rest of the period, with

it declining or tightening around the last quarter of 2015 possibly due to heavy rainfall and

floods. The FCI for Mauritius also reflects the GFC between 2007 and 2009. It then recovers

and remains fairly neutral over the duration of the sample. There is however a slight fall in

the FCI around 2011 to 2012 and then again around 2015. The last tightening in the FCI

was due to commodity price declines13.

Similar to the discussed countries, once again the FCI for Mozambique captures the GFC

from 2008 and remains weak up until end of 2010. There was a slight decline in the FCI again

in 2011 to 2012 as a result of the European debt crisis. There was also a fall around 2014 to

2016 which was as a result of declining commodity prices. Mozambique began exporting coal

in 2011 and had an oil and gas discovery 2013. When commodity prices began to decline, the

Mozambican financial market was adversely impacted. Lastly as with the case for Kenya,

data for the FCI for Nigeria only begins quite late (from 2010) so we cannot observe the

FCI during the GFC. We do see that it is tight around 2010 and this is probably the effects

from the GFC. It then recovers quite significantly but then falls below zero in 2011 and

2012 as a result of lower oil production, floods, and weaker consumer demand in 2012 which

hindered growth. The FCI for Nigeria is also quite tight between 2014 and 2015 signalling

tighter credit conditions mainly as a result of declining crude oil prices. It also picks up the

recession in 2016.

40



Figure A3: Relationship between inflation and FCI for selected SSA countries

(a) Botswana FCI & Inflation

(d) Mauritius FCI & Inflation

(b) Egypt FCI & Inflation

(e) Mozambique FCI & Inflation

(c) Kenya FCI & Inflation

(f) Nigeria FCI & Inflation

Note: The selected countries were based upon the size of its financial market in Africa and data availability.

Egypt was included, although not apart of the SSA region, because of the size and development of its financial

market in the continent. Each individual country’s inflation rate is standardized and its FCI is inverted.

A.2 FCIs and Macroeconomic Activity

Taking a closer look at the relation between country specific inflation and the FCI of the

selected SSA countries in Figure A3 we notice that country level inflation leads the FCIs

13Mauritius primarily exports fish, agricultural goods including cane or beet sugar and, to a lesser extent,

diamonds. In 2017 it fish, sugar, and diamonds accounted for 14.1, 12.1, and 3.0 percent, respectively of

products exported by Mauritius. 41



of Botswana and Egypt, particularly over the GFC. However, the FCIs of Mauritius and

Mozambique appear to lead its country level inflation, again particularly over the GFC.

Evidence of any lead/lag relationship is not clear for Kenya and Nigeria due to the shortened

period of analysis.

Figure A4: Relationship between GDP growth and FCI for selected SSA countries

(a) Botswana FCI & GDP

(d) Mauritius FCI & GDP

(b) Egypt FCI & GDP

(e) Mozambique FCI & GDP

(c) Kenya FCI & GDP

(f) Nigeria FCI & GDP

Note: The selected countries were based upon the size of its financial market in Africa and data availability.

Egypt was included, although not apart of the SSA region, because of the size and development of its financial

market in the continent. Each individual country’s GDP growth rate is standardized.
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Looking closer at the relationship between GDP growth and the FCIs of our selected SSA

countries in Figure A4 does not bring clarity. It is known that the estimated GDP growth

rates of African countries are noisy and thus quite volatile. We see this in Figure A4 in which

a clear relationship between the FCI and GDP growth rate for the each selected country is

difficult to observe, even over the GFC period. If we look hard enough, it appears that the

FCIs for Botswana, Mauritius, and Mozambique lag their respective GDP growth rates over

the GFC period. The relationship across the rest of the sample remains unclear. In contrast,

the spike observed in the FCI for Egypt in 2009 suggests this FCI leads its GDP growth rate

(at least over the 2009 to 2010 period). Again, the relationship across the rest of the sample

is unclear.
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