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1 Introduction

The trade-off between inflation and real economic growth or unemployment, often summarized by the
Phillips curve, plays a central role in macroeconomic policy and has driven monetary and fiscal policy
discussions for decades since A.W. Phillips first uncovered the relationship in the United Kingdom in
the early 1950s. Estimating this relationship has proven difficult in many countries, however, with South
Africa being no exception. One of the major challenges in estimating the Phillips curve is the presence
of latent factors, such as inflation expectations and the output gap, which are not directly observable. In
this paper, we offer a novel approach to estimation of the contemporary Phillips curve relationship in the
South African economy by utilizing a deep learning technique that accounts for multiple measures of
economic slack/tightness and inflation expectations while addressing the issue of latent factors.

The deep learning technique we employ is based on a Hemisphere Neural Network (HNN) model, as
proposed by Goulet Coulombe (2022). This model constructs an approximate output gap measure by
combining various economic indicators related to labour market conditions, the production side of the
economy, and other national account information. In addition, it integrates information about price
variables, such as price indices and their lags, as well as inflation expectations from surveys. The
resulting output from this model, in its final layer, takes the form of a linearized New-Keynesian Phillips
curve relationship.

Using the HNN model, we are able to overcome some of the traditional challenges in estimating the
Phillips curve, such as dealing with the aforementioned latent factors like inflation expectations and the
output gap. The deep learning approach allows us to capture the complex interplay of various factors that
influence inflation, thereby providing a more accurate representation of the Phillips curve relationship
in the South African context.

Our analysis reveals that long-run inflation expectations, historically anchored around 5%, have been
the primary driver of inflation in South Africa, but have been declining since the global financial crisis
of 2007–09. This trend indicates that the South African Reserve Bank’s (SARB) monetary policy stance
has become increasingly credible in addressing high inflation and price instability. Furthermore, we find
that short-run expectations and real economic activity play a substantial role in explaining deviations
from the long-run trend, supporting the existence of a quantifiable Phillips curve relationship in the
South African economy.

The deep learning methodology employed in this paper is highly interpretable, enabling policy-makers
to discern the key drivers of inflation and facilitating more targeted and effective monetary policy in-
terventions. The HNN model offers several advantages over traditional methods, as it can handle high-
dimensional problems and does not rely on restrictive assumptions about linearity or limited variables,
which are commonly found in state-space representations.

Our findings contribute to the ongoing debate on the relevance of the Phillips curve in South Africa,
where previous research has yielded inconclusive results. By providing a comprehensive estimation
of the Phillips curve relationship using a novel deep learning technique that addresses the challenges
posed by latent factors, we can help inform strategies to combat persistently high inflation rates in
South Africa, supporting the SARB’s ongoing efforts to achieve price stability and sustainable economic
growth.
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2 Evidence from South Africa

The Phillips curve is a key component of the policy discourse, both locally and internationally. The
so-called ‘flattening’ of the Phillips curve after the global financial crisis has been a challenge for policy-
makers in developed economies (see, for example, the recent work of Galí and Gambetti 2019). This
conundrum also holds true for developing economies as evidenced in Forbes et al. (2021). In a country
like South Africa with persistently high levels of inflation, it is useful to know how economic activity
and inflation expectations might be placing pressure on the prevailing price level.

In this section, we provide a brief overview of some of the most recent findings in the South African
literature on the Phillips curve. We place our focus on articles that investigate the Phillips curve rela-
tionship within the period of inflation targeting in South Africa. For a more in-depth discussion on the
contribution of papers in this literature in the period before the early 2000s, one can reference the work
of Vermeulen (2017).

One of the most comprehensive recent attempts to quantify the relationship is captured by Fedderke and
Liu (2018). They use various methods to estimate and establish the Phillips curve relationship and find
that the search for this relationship in South Africa has resulted in a ‘consistent failure’ to estimate it
(Fedderke and Liu 2018: 197). The general consensus from the literature is that there is no conclusive
evidence for effects originating from an output gap on the inflation rate (Vermeulen 2017; Fedderke and
Liu 2018). Despite this lack of empirical evidence for a strong (and theoretically consistent) relationship,
there are some papers that provide sound evidence, against the prevailing consensus, for the existence
of a Phillips curve relationship. Articles by Dladla and Malikane (2022) and Botha et al. (2020) find a
measurable impact from changes in the output gap on inflation.

The paper of Kabundi et al. (2019) is the closest to ours in terms of the methodological approach in the
context of the South African literature. They use the method from Chan et al. (2016) that allows for time
varying parameters in estimating the Phillips curve relationship. Kabundi et al. (2019) find that the slope
of the Phillips curve flattened out in the early-to-middle 2000s, with the biggest dampening occurring
after the financial crisis.

The reason for the flattening of the slope of the Phillips curve is seen as a combination of events. With the
advent of inflation targeting in many countries, inflation has become more anchored which has reduced
the impact of real activity on inflation. On South Africa, Kabundi et al. (2019) interpret this finding to
be a result of both an increase in the credibility of the SARB to maintain their inflation target and ‘good
luck’ (p. 94).1 In contrast to Kabundi and Rapapali (2019), their findings do not point to a decreased
potency of monetary policy on inflation through the real economy following the global financial crisis. In
short, rather than being ‘dead’, the Phillips curve more likely exhibits non-linear relationships over time
and in response to permanent versus temporary shocks, which leads to a complex lead–lag relationship
between inflation and real activity (Reinbold and Wen 2020).

In our discussion section we will make direct reference to the results obtained from Kabundi et al.
(2019) since it is one of the only papers that is directly comparable in the literature. Most other papers
consider constant coefficients with respect to the variables in the Phillips curve equation. This means
that comparison is not entirely accurate, as we are considering two different narratives.

1 Kabundi et al. (2019) define credibility (or ‘faith in the IT regime’) to be ‘the degree to the extent of which inflation expecta-
tions are anchored to the target’ (p. 75).
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3 Method

We employed a method for this paper based on the work of Goulet Coulombe (2022). The author finds
that a Hemisphere Neural Network can act as a natural environment to capture the inherent nonlineari-
ties that are present in the Phillips curve relationship. In this paper, we present the network architecture
within the context of the expectations-augmented Phillips curve. The model can be expressed as fol-
lows:

πt = θtEt (πt+1)+γtgt + vt

where θt and γt are parameters that represent the coefficients on inflation expectations and the output
gap, and may vary over time. vt is considered a noise term.

One of the features of this network is that we can arbitrarily add new hemispheres to the existing struc-
ture of the model. These new hemispheres (which will often be called blocks) represent nonlinear
combinations of the variables that comprise it. We can, as an example, add a commodity price block and
reformulate the equation as follows,

πt = θtEt +γtgt + ζtct + vt

In this equation, Et represents expectations, gt is the output gap, and ct represents commodity prices. As
currently phrased this model is similar to a factor model with three factors. We refer to these components
as hemispheres in the Hemisphere Neural Network.

We can define the hemispheres,H s, broadly as ht,E = θtEt ,ht,g = γtgt , and ht,c = ζtct . Note that ht,E ∈
HE , ht,g ∈Hg, and ht,c ∈Hc. We can then refer toHg,HE , andHc as the expectations, real activity,
and commodities prices hemispheres.

Since the architecture is constructed in such a way as to be extendable, we can easily split some of the
hemispheres into sub-hemispheres. In our model this entails splitting the expectations hemisphere into
short-run and long-run expectations.

There is no real limitation on the number of hemispheres that can be added. One potentially useful
hemisphere that can be included for future research is a credit block that contains information on the
balance sheet of banks, equity prices, and other financial market indicators. In addition, one could
include an international block, which would contain exchange rate variables as well as information on
terms of trade. This idea to include an international dimension is in line with the exploration of Botha et
al. (2020).

3.1 Extracting the output gap and its coeffcient

The field of deep learning has gained tremendous momentum in constructing models that accurately cap-
ture complex data structures. Despite its success, the utilisation of highly nonlinear approaches can result
in a significant loss of interpretability, limiting our understanding of the underlying relationships within
the model. To overcome this limitation and gain transparency into the ‘black box’ of fully connected
neural networks, we propose imposing specific structural assumptions to ensure interpretability.

In this model, the concept of output gap is denoted by gt . However, one should note that the neural
network model does not provide direct insight into either gt or γt . Rather, the architecture of the network
is exclusively intended to yield information regarding their product, denoted as ht,g, which captures
the contribution of the output gap to inflation. To obtain a precise understanding of gt or γt , certain
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assumptions regarding their temporal evolution must be made. It is customary in the field of economics
to make such assumptions with respect to the dynamics of the individual components.

A plausible approach to factorizing the variables involves setting γt = hγ(t) and gt = hg (Hg\t). By
defining gt in this manner, the time trend is removed from the set of predictors contained within this
domain. Nonetheless, the coefficient on the output gap retains its dynamic character. This particular
factorization bears similarities to the assumption of a Phillips curve coefficient that follows a random
walk. Consequently, the resulting output gap is composed of real activity data that are assumed to
remain fixed over time, with the exception of a scalar coefficient that is allowed to vary dynamically
(Goulet Coulombe 2022).

To implement this transformation, it is possible to extract a temporal dimension by introducing a time
trend within an additional hemisphere. The final layer in the HNN will then be the following,

π̂t = hE LR(t)+hθ(t)hESR (HE SR\t)+hγ(t)hg (Hg\t)+hζ (t)hc (Hc\t)+ vt

To identify the coefficients, it is necessary to impose non-negativity constraints on the coefficient hemi-
sphere outputs. This is achieved by subjecting the variables to an absolute value layer prior to their
integration into the final layer of the network.

The HNN method is considered a supervised learning approach that does not impose a parametric law of
motion on the variable of interest. Neither does it limit the output gap to be made up of a single variable,
such as performed in many studies on the Phillips curve, where the output gap is provided as a filtered
variable (Goulet Coulombe 2022).

In the case of the HNN method, the output gap measure, as an example, is implicitly generated as a
nonlinear combination of a collection of variables that are related to real activity. The HNN method
generates a sufficient statistic for the output gap that can be used to gauge the contribution to infla-
tion.

3.2 Estimation and tuning of the model

The neural network model used in this study has fully connected networks in each hemisphere. The state
and coefficient hemispheres have three layers, which is a relatively shallow network. The state hemi-
sphere has 400 neurons, while the coefficient hemisphere has 100 neurons. The number of epochs is set
at 500, and the activation functions within the network are all rectified linear unit (ReLU) functions. The
learning rate for the model is 0.005, and early stopping is implemented to perform a form of ridge reg-
ularization on network weights. The data are shuffled randomly through six quarters, and the optimizer
used is Adam. The dropout rate is set at 0.2, and standard scaling is applied to the predictors to improve
the performance of the regression network. Each hemisphere is given equal importance by dividing the
standardized block of variables by the square root of the number of variables in that hemisphere. This
ensures that hemispheres with more regressors are not weighted more heavily a priori.

4 Data

The target variable is inflation, as constructed by appropriate manipulation of the consumer price index
(CPI). Data for the CPI was gathered from Statistics South Africa (StatsSA), and inflation was calculated
as quarter-on-quarter growth, which was then annualized. The independent variables for the model were
gathered from the South African Reserve Bank’s quarterly bulletin. Independent variables that are not
in rate terms were transformed to induce stationarity. For the independent variables that present as rates,
a procedure of annualization was followed to allow for comparison with the target variable.
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Here we describe the process followed to induce stationarity for the subset of independent variables
that do not enter in rate form. The testing procedure is simple. All of the relevant predictors are tested
using both the Augmented Dickey Fuller (ADF) and Kwiatkowski Phillips Schmidt Shin (KPSS) test
for stationarity. If the variables are considered nonstationary then a quarter-on-quarter growth rate is
calculated to induce stationarity. Finally, there are variables that need to be differenced twice, those that
are integrated of second order.

The model consists of four hemispheres as discussed above. The expectations hemisphere is split in two
additive components, namely long-run and short-run expectations. The other two hemispheres represent
real activity and commodity prices. Table 1 provides an example of the types of variables that were con-
sidered for the different hemispheres. Of particular importance is the short-run expectations component,
which consists of variables that relate to different prices and also the expectations of inflation as derived
from surveys conducted by the Bureau of Economic Researchv (BER). These surveys capture the cur-
rent year and one-year-ahead inflation expectations for financial analysts, business representatives, and
trade union representatives. Reid and Siklos (2021b) provide a detailed analysis strongly motivating the
usage of the disaggregated expectations series, which stands in contrast to most studies that only use the
aggregate (i.e. equally-weighted) expectations of the different groups.2 The list of independent variables
used for each hemisphere in the model is included in the appendix.

Different specifications were attempted, with different numbers of variables in each hemisphere. Specifi-
cations were robust to the addition of different variables (with results not significantly altered). Variables
added beyond the baseline specification presented in the paper did not add to the explanatory power of
the model. However, there is the possibility that additional variables could be included if merited.

Table 1: Defining the hemispheres

H Content

E LR
t t (exogenous time trend)

E SR
t

Inflation expectations from BER, lags of price indexes in SARB-QB,
lags of πt , t

gt Labour market variables, National Accounts, t
ct Oil, platinum, and gold price series from SARB-QB, t

Note: BER: Bureau of Economic Research, SARB-QB: South African Reserve Bank Quarterly Bulletin.

Source: authors’ elaboration.

Most of the data utilized were of quarterly frequency. However, some monthly series were utilized.
These monthly series were resampled and transformed into quarterly variables. The general rule for
the transformation was that rates were averaged across the quarter. When it came to flow variables, the
cumulative sum was calculated.

For our model specification we added two lags of both the independent and dependent variables. In
addition to the lags, moving averages of order two and four are included. This moving average inclusion
is referred to as a Moving Average Rotation of X (MARX) transformation. The reason for the inclusion
of the MARX transformed variables is discussed in detail in Goulet Coulombe et al. (2021). In this
article they find that this moving average rotation can provide a substantial increase in the predictive
ability of models that use nonlinear methods, such as the HNN model.

2 Reid and Siklos (2021a) provide a comprehensive literature review on the usage of BER survey data for inflation expectations
research in South Africa.
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Data for the model span the period from the second quarter of 2002 until the last quarter of 2021. The
reason for the selection of this sample period is data availability. As an example, a series such as inflation
expectations only starts in 2002.

5 Results and discussion

Figure 1: HNN prediction of inflation vs actual inflation

0

4

8

2005 2010 2015 2020
Date

In
fla

tio
n 

ra
te

 (
%

)

HNN Realized

Note: the blue line represents the prediction and the black line actual inflation. Recessions (business cycle turning points as
retrieved from the SARB) are depicted in pink.

Source: authors’ elaboration.

We start by considering the predictive performance of our model, as illustrated in Figure 1. The model
fit is better after the financial crisis in 2008. Before the crisis, the model misses out on parts of the large
reduction in inflation before 2005 and the model also does not fully reach the heights of the subsequent
increase in inflation. Except for this initial sample, the model tracks inflation well.

Performance could be improved through further hyperparameter tuning, but there is a risk that we will
overfit the model. One of the distinct dangers in applying neural networks is that the model tends to fit too
closely to the data, since neural networks allow for an arbitrary level of nonlinearity in its construction.
Because of the relatively weak fit on the period before the financial crisis, there is scope to include more
explanatory variables and even different hemisphere structure. As previously mentioned, a possible
extension considered is to include a credit / bank balance sheet hemisphere or even an international
hemisphere that contains information about exchange rates and terms of trade. However, for this paper
we focus on the baseline model with four hemispheres.

The contributions of the different hemispheres to the estimate of inflation is presented in Figure 2.
The training sample for this model ends in the third quarter of 2021. The dashed line provides an
indication of the out-of-sample period. Values after the dashed line are forecasts of the contribution of
each component to inflation.
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Figure 2: Contributions of hemispheres to inflation estimate
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5.1 Before the financial crisis

The upper left quadrant of Figure 2 shows that there is an initial negative and then corresponding positive
contribution of real activity to inflation in the early 2000s just before the financial crisis occurs. At their
peak the size of these movements accounts for about 1pp of inflation. Similarly commodity prices, situ-
ated in the lower left quadrant, experience an increase in 2005, which filters through to inflation.

In the upper right quadrant, we observe a sharp initial increase resulting from short-run expectations. The
magnitude of the contribution in this hemisphere is much larger than the effect observed in the case of
real activity (in the vicinity of 3.5pps for this initial increase). These short-run expectations contributions
experience a precipitous drop (about 5pps in total) after the initial high, and then slowly start increasing,
reaching a inflection point in 2007, after which the contribution becomes positive. This sharp fall in
short-run expectations drives most of the downward pressure experienced on the inflation rate between
2004 and 2008. This contribution can better be observed in Figure3. These findings corroborate the
literature on inflation expectations in South Africa linked to the increased credibility of the SARB and
the resultant improved anchoring of inflation expectations and inflation variability itself (Kabundi et al.
2015; Reid and Siklos 2021a, 2021b).

Commodities make one significant contribution to inflation in the period before the crisis, a small in-
crease in the run-up to the crisis. The reason for this increase might be as a result of a commodity price
boom in 2005, but it is not clear that this is the reason.

During the period before the financial crisis, long-run expectations of inflation are anchored around
5%, as depicted in the bottom right quadrant of Figure 2. A slight decrease in long-run expectations is
experienced before the financial crisis, but these expectations move again to above 5% in the immediate
aftermath of the crisis. This is in line with findings from Kabundi and Schaling (2013), who use a
basic Phillips curve estimation strategy which utilizes inflation expectations data from the BER to show
that the SARB’s implicit inflation target lies toward the upper bound of the inflation targeting band.
The midpoint of the targeted 3% to 6% inflation band is the one mandated by the National Treasury.
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However, we can clearly see that long-run expectations are at the top end of this band throughout until
about 2015.

5.2 After the financial crisis

We now return to a discussion on the post-2008 sample. An interesting observation regarding the be-
haviour of short-run expectations is worth pointing out. The main contributor to driving down inflation
in the years immediately after the financial crisis was short-run expectations. From the graph we can see
that between 2008 and 2010, short-run expectations contributed to an approximate 3−4 percentage point
decline in inflation. This was during a period where long-run expectations were on the incline, which
shows the importance of short-run expectations in driving down inflation during this period.

In the period directly after the financial crisis, we observe a progression to a more muted impact of real
activity on inflation until the end of 2016. This is similar to the finding of Kabundi et al. (2019), who
find that demand-side shocks in the period after the financial crisis do not contribute significantly to
inflation in their sample that ends in 2014. This representation is in line with the idea of a declining
Phillips curve over time as found in other papers on the impact of the output gap on inflation. However,
our paper spans a longer time period than most other studies, and one of the unique contributions of this
method employed is the ability to identify the time-varying nature of this relationship.

Interestingly, if you were to consider averages on the contribution of short-run expectations and real
activity, one would struggle to identify the time-varying impact. This is one of the major drawbacks of
time series methods that impose the restriction of time-invariant coefficients, they miss out on an im-
portant dimension. Constant coefficient methods don’t express the distribution of events. This can only
be observed in methods that implement time-varying coefficients. If one were to construct a narrative
on the nature of the Phillips curve relationship with a constant coefficient estimation, one would find
different results depending on the time series sample selected. As evidenced by the results thus far, the
combination of incorrect selection of output gap measure and usage of constant coefficient estimates
could prove fatal to any serious argument concerning the nature of the Phillips curve relationship.

In the direct aftermath of the financial crisis, in 2012, there was a negative impact to inflation originating
from the commodities sector. However, beyond that, the most prominent result in the post-2010 period
is that the effect of real activity and short-run expectations on inflation has been variable and somewhat
muted between 2010 and 2016. This makes sense given the nature of inflation behaviour since 2010. If
one looks back to Figure 1, one observes that inflation was not particularly volatile and that it exhibits
almost mean-reverting behaviour.

Thus far our results align with the findings from Reid and Siklos (2022) who find that after the finan-
cial crisis, ‘inflation expectations become less volatile and tend to remain at the top of the SARB’s
inflation-targeting band’. Our specification allows us to disentangle the long- and short-run expectation
components. We can therefore observe the long-run tendency to stay at the top of the inflation targeting
band and the short-run reduction in volatility by looking at the short-run expectations component.

In Kabundi et al. (2019) they look at inflation persistence. This aligns with the long-run expectations
component in our model. They also find that inflation persistence increases up until the financial crisis,
and then the model showcases a plateau and slow decline of expectations. Our result extends beyond
the 2014 time frame from their paper and shows a further decline in inflation persistence. In the period
following 2015, long-run expectations appear to have decreased from a high of around 5% to almost
4.5% in 2020, with a further decline predicted by our model. This might be indicative of the ability of
the central bank to target the middle of the band more effectively in recent years.

It is in 2019 that we see a sharp decline in inflation, which is explained in our model as a phenomenon
linked to declining long-run expectations and diminished real activity. One interpretation is that the
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SARB has established confidence in its ability to drive down inflation, and this has reduced the anchoring
of expectations to a new target. However, the impact as observed in the long-run expectations panel is
one of a slow and marginal decline.

It would be interesting to include more variables within the real activity block, or even attach another
block to determine what the driving factors behind the decrease in inflation are during this period. It
appears to be a combination of short- and long-run factors that have driven inflation down during this
period. Kabundi et al. (2019) find that inflation in South Africa since 2008 has been less persistent.
SARB’s credibility has been improving, with a movement toward the midpoint of the band.

Consider the output of Figure 3, which acts to provide a better indication of the relative contribution
that each of the different hemispheres makes to the fit to the inflation target. It is clear that there are still
some movements in inflation that need to be explained by the model, but one needs to be careful to overfit
the target with neural networks. The main contributor to inflation is definitively long-run expectations.
Deviations from long-run expectations are mostly driven by changes in short-run expectations, with a
supporting role played by real activity.

Figure 3: Historical decomposition of inflation estimate
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Inflation has made a comeback in many developed countries and there is reason to believe that elevated
inflation rates are the result of an increase in real activity. The training sample for this model does not
cover the last few quarters of 2022, but one can already see from the forecast beyond the training sample
that increasing inflation is predicted to be driven by real activity and potentially commodities in South
Africa. In a year or two we might be able to see whether the higher inflation currently experienced since
the COVID-19 pandemic (annualized inflation rates of 7 per cent and above since mid-2022) has also
meant a dislodging of long-run expectations.

6 Conclusion

We have shown that it is not empirically appropriate to claim that the slope of the Phillips curve has
permanently flattened. It is clear from our results that long-run expectations were historically anchored
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at the top of the SARB’s inflation target band, but more recently this anchoring has started to shift to the
midpoint of the band. Deviations from this long-run expectation do occur quite frequently, especially in
recent years, and are primarily driven by short-run expectations and changes in real activity. While the
effect of the different components that make up the Phillips curve has dampened over time, especially
for short-run expectations, it is not correct to claim that the relationship has disappeared. The results
from our model confirm that the slope of the Phillips curve has a time-varying nature, which might have
obscured results from the literature that purely employ constant coefficient techniques. The resurgence
of the contribution of real activity to inflation shows that while the Phillips curve might have been
dormant for a while, it is too soon to pronounce it dead.
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Appendix

Table A1: Benchmark model variables: real sector

Real quarterly variables

Variable Description

KBP7000L Employment in the Public sector: General government
KBP7001L Employment in the Public sector: Business enterprises
KBP7002L Total employment in the Public sector:
KBP7003L Employment in the private sector: Mining
KBP7004L Employment in the private sector: Manufacturing
KBP7005L Employment in the private sector: Construction
KBP7006L Employment in the private sector: Trade
KBP7007L Employment in the private sector: Financial institutions
KBP7008L Total employment in the private sector
KBP7009L Total employment in the non-agricultural sectors
KBP6006D Gross domestic product at market prices
KBP6007D Final consumption expenditure by households: Total
KBP6109D Gross fixed capital formation: Private business enterprises (Investment)
KBP6100D Gross fixed capital formation: General government (Investment)
KBP6008D Final consumption expenditure by general government
KBP6009D Gross fixed capital formation
KBP7014L Labour productivity in the non-agricultural sectors
KBP7079L Manufacturing: Labour productivity
KBP7013D Total remuneration per worker in the non-agricultural sector
KBP7015L Nominal unit labour costs in the non-agricultural sectors

Real monthly variables

Variable Description

KBP7082T Manufacturing: Orders and sales: Sales
KBP7086T Trade: Retail sales
KBP7087T Trade: Wholesale sales
KBP7202M Ratio of inventories to sales in manufacturing and trade
KBP7203M BER: Constraints on current manufacturing activities: shortage of raw materials
KBP7204M BER survey: Manufacturing, stocks of finished goods / expected demand
KBP7196M Transnet: Total cargo handled at ports in South Africa
KBP7064T Buildings completed
KBP7060N Mining production: Gold
KBP7061N Mining production excluding gold
KBP7067N Trade: Number of new vehicles sold
KBP7068N Electric current generated
KBP7091N Coincident indicator of South Africa
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Table A2: Benchmark model variables: price and commodities

Price variables

Variable Description

KBP7160N Consumer prices of services: Housing and utilities
KBP7162N Consumer prices of services: Health
KBP7163N Consumer prices of services: Transport
KBP7164N Consumer prices of services: Communication
KBP7147N Consumer prices of goods: Clothing and footwear
KBP7145N Consumer prices of goods: Food and non-alcoholic beverages
KBP7170N Total consumer prices
KBP7155N Consumer prices of goods: Total
KBP7169N Consumer prices of services: Total
KBP7151N Consumer prices of goods: Transport
KBP7198M PMI: Prices
KBP7201M Shipping rates: Baltic Dry Index

Price expectations variables

Variable Description

KBP7114K Inflation expectations: Financial analysts: Current year
KBP7115K Inflation expectations: Financial analysts: One year ahead
KBP7117K Inflation expectations: Business representatives: Current year
KBP7118K Inflation expectations: Business representatives: One year ahead
KBP7120K Inflation expectations: Trade union representatives: Current year
KBP7121K Inflation expectations: Trade union representatives: One year ahead

Commodity variables

Variable Description

KBP5343M Platinum price in US dollar
KBP5344M Brent crude oil price in US Dollar
KBP5356M London gold price in rand
KBP5346M Platinum price in Rand
KBP5349M Brent crude oil price in Rand
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