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Staff memos

A staff memo provides Riksbank staff members with the opportunity to publish ad-
vanced analyses of relevant issues. It is a staff publication, free of policy conclusions
and individual standpoints on current policy issues. Publication is approved by the

head of department concerned. The opinions expressed in staff memos are those of
the authors and should not be regarded as the Riksbank’s standpoint.




Summary

Good short-term forecasting is crucial for assessing economic develop-
ments also in the longer term. The Riksbank uses a large number of indi-
cators and various models to forecast variables such as GDP, employ-
ment and inflation. At the same time, the availability of new indicators is
increasing rapidly. In this staff memo, we examine which indicators im-
prove the short-term forecasts for Swedish GDP growth, employment
growth and CPIF inflation. We also refer to earlier evaluations. In our
evaluation, we compare “newer” indicators with indicators that have
been part of the economic assessment for a long time, but may not have
been formally evaluated. Examples of the first group of indicators are
guantitative responses from the Riksbank’s Business Survey, internet
data on food prices and card data. Examples of data that have been in-
cluded in the analysis for a long time are data from the Economic Ten-
dency Survey and the Swedish Public Employment Service. This study
also examines whether the indicators can help explain the turbulent eco-
nomic developments since 2020.

For example, we find that various financial market indicators, such as
stock market developments, help to improve the forecasts for GDP and
employment. Employment forecasts are also improved when statistics on
redundancies are included in the models. Data from the Riksbank’s Busi-
ness Survey and an index of supply chain disruptions also contribute to
better forecasts of CPIF inflation in the short term. In general, the contri-
bution of the indicators to forecast accuracy increases when the turbu-
lent years 2020-2023 are included.

We also find that credit card data is a good indicator in several areas of
consumption. New data on food prices from the price monitoring com-
pany Matpriskollen can be used to improve forecasts of corresponding
prices included in the CPI.

Authors: Marten Lof and Par Stockhammar, working in the Monetary Policy Department.?

I The authors thank Mikael Apel, Vesna Corbo, Charlotta Edler, Mattias Erlandsson, Tanja Lind, Dmytro
Stoyko, David Vestin and Anders Vredin for valuable comments and discussions during the course of the
work.



The amount of new data is increasing
rapidly

Making good present assessments and short-term forecasts of the macroeconomy is
important for forecast accuracy in the longer term, and for making well-informed eco-
nomic decisions.? The importance of a good nowcast was also recognised by Faust
and Wright (2013), who concluded that it is very difficult to beat a medium-term infla-
tion forecast that links a good nowcast with long-term inflation expectations.

Forecasts are often based on historical data and modelling. Although the develop-
ment of new forecasting models is progressing relatively slowly, more is happening in
terms of data availability.® By analysing new data sources, we can gain a better under-
standing of economic trends and changes, which can improve forecast accuracy, see
for example Stock and Watson (2002a and 2002b), Giannone et al. (2008), Banbura et
al. (2011), Andreou et al. (2013) and Laine and Lindblad (2021).% This staff memo ex-
amines some examples of new information, and whether it can be used to improve
short-term forecasts.

Credit card data is an example of data that can be used to improve short-term fore-
casting. Such information can, for example, provide early signals of changing con-
sumer behaviour, where a reduction in consumption expenditure can be a sign of an
upcoming economic downturn. Carlsen and Storgaard (2010) were among the first to
use card data in forecasting models, when they utilised Dankort payments to improve
the nowcasting of retail sales indices in Denmark. Galbraith and Tkacz (2015) used Ca-
nadian debit card transactions to improve forecasts for the Canadian economy. Du-
arte et al. (2017) use high-frequency ATM data to model current private consumption
in Portugal. Using Mixed Data Sampling (MIDAS) models, they find that such data im-
prove forecast accuracy in the short term. Weekly data performs particularly well,
while daily data seems to be too volatile. Barnett et al. (2016) first develop an indica-
tor of monetary and credit card services, which is then used in a multivariate state-
space model to improve nowcasts of GDP growth in the United States. Aprigliano et
al. (2017) use more traditional economic indicators together with payment data in a
dynamic factor model to forecast Italian GDP growth. They find that monthly payment
data help to improve forecast accuracy in the short term. Examples of traditional eco-
nomic indicators are electricity consumption, industrial production, inflation, stock
market indices and manufacturing indices. Examples of payment data are cheques,
credit transfers and card payments.

Online prices are a significant and growing source of data, which can improve forecast
accuracy. They are accessed through data scraping or web scraping. Traditional data
sources are often updated on a monthly or quarterly basis. Online prices, on the other
hand, are updated daily or even in real time. This makes it possible to capture rapid

2 Forecasting at shorter horizons is also known as nowcasting.

3 Some examples where short-term forecasting models are evaluated are Andersson and L6f (2007) and An-
dersson and den Reijer (2015).

4 During and after the pandemic, the Riksbank has started to explore data sources other than official statis-
tics more actively, see Ewertzh et al. (2020).



changes in economic conditions, which can prove valuable when making short-term
forecasts. Liinnemann and Wintr (2011) wrote one of the first papers in this area.
They collected more than five million price quotes from price comparison websites for
France, Italy, Germany, the United Kingdom and the United States, and they found
that prices change more frequently for certain product categories in the European
countries. Cavallo and Rigobon (2016) used web scraping to collect online prices from
the largest retailers in Argentina, Brazil, Chile, Colombia and Venezuela, and they
found that it improved short-term inflation forecasts. Over the years, the Riksbank
has collected and processed price information, which is published online, in order to
obtain a better current picture of price movements in certain areas. Examples include
the prices of fruit and vegetables and air travel.®

Financial market information is another example of continuously and rapidly updated
data that can provide an indication of where economic developments are heading.
These include stock prices, bond yields, interest rates and exchange rates. Such indica-
tors have long been used in the Riksbank’s nowcasting, and are thus not an example
of a new type of data. But they are included in this staff memo, so that they can be
evaluated more formally. Some of this data, such as stock indices, are forward-looking
as they are largely based on market expectations. This makes a forecast evaluation of
them particularly interesting.

Survey data have also long been used to inform short-term forecasts. Although this
type of data is subjective, it can provide insight into people's perceptions and expecta-
tions. This information can help us understand how people may react to different
events or changes, which in turn can help us make more accurate predictions, see for
example Gayer et al. (2014) and Kurz-Kim (2019). In this staff memo, we investigate
whether quantitative responses from the Riksbank’s Business Survey can contribute
to better short-term forecasts.®

In this staff memo, we look at each of the above data categories, and examine how
they contribute to increased forecast accuracy for Swedish GDP, employment and in-
flation in the short term. We then compare the result with the forecast accuracy
when using a univariate model. The analysis also compares the forecast accuracy of
these “new” indicators with more traditional indicators, such as data from the Eco-
nomic Tendency Survey, the Purchasing Managers' Index and the Swedish Public Em-
ployment Service.

In particular, we find that financial market indicators and some survey data contribute
to improved GDP forecasts. Employment forecasts also improve when financial indica-
tors are included, but here, statistics on redundancies are also important. For CPIF in-

flation, new data from the Riksbank’s Business Survey, together with an index of sup-

ply chain disruptions, contribute to better short-term forecasts. In general, the contri-
bution of the indicators to forecast accuracy is greater when the volatile period 2020-

2023 is included in the analysis. Our results also suggest that credit card data are a

> See, for example, Hull et al. (2017).

6 A summary index of the responses in the Riksbank’s Business Survey has been evaluated previously, see
Holmer (2023).



good indicator in several areas of consumption, and that online food prices from the
price monitoring company Matpriskollen can be used to improve the food price fore-
cast in the CPIF.

Method and data

To analyse the forecasting ability of the indicators, this staff memo mainly uses the
Bayesian vector autoregressive model (BVAR model):

GL)(y:—w =mn €Y

As the equation above indicates, the model is expressed in terms of the deviations of
the variables from their steady states, (. This property was introduced by Villani
(2009), and has the advantage that a prior distribution for the steady states of the var-
iables in the system can be used, the nx1 vector . This can be particularly useful
when forecasting Swedish CPIF inflation, for example, as the Riksbank has an explicitly
stated inflation target. This specification has also been shown to produce better fore-
casts on average than “ordinary” vector autoregressive models, simple comparison
models and the National Institute of Economic Research’s (NIER) published forecasts,
see for example Lindholm et al. (2020).

In model (1):
G(L) - I - GIL — = Gle

a polynomial of time shifts is of order m. In this study, however, the Schwarz infor-
mation criterion is minimised in the vast majority of cases when m = 1, which means
that model (1) can be written:

Ve—w = Y1 — ) +My

where y, is a nx1 vector of stationary variables and 1, is a nx1 vector of independent
and equally distributed error terms with:

EMy) = 0och EMmmy) = Z.

The priors on the dynamics of the model have been slightly modified compared to the
traditional Minnesota prior (see Doan et al., 1984), which is standard when using the
steady-state specification (see Villani, 2009).

The prior on pis given by p~N(0,,, Q,,) and specified in detail in Table Al in Appendix
A. The parameters of the model's prior distribution, so-called hyper-parameters, are
also in line with what is commonly used in the literature. We set the overall tightness
parameter to 0.2, the cross-variable tightness to 0.5 and the lag-decay parameter to
1.

Model 1 is estimated both univariately, i.e. with only one of the three evaluation vari-
ables GDP growth, employment growth and CPIF inflation, and bivariately, where one
indicator at a time is included (the indicators are listed in Table 2-5 below). This makes
it easy to study whether the indicators contribute to improving forecast accuracy. The



results are presented in terms of ratios of root mean square error (RMSE) from the bi-
variate BVAR model to the univariate model:

1 o 2

1 o 2
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, (2)

where T is the number of forecasts made, y is one of the evaluation variables and h is
the forecast horizon. If the ratio in (2) is less than 1 at a given forecast horizon h, it im-
plies that the forecast accuracy of the bivariate model is better than that of the uni-
variate model and vice versa. We will also test whether the forecast accuracy is statis-
tically significantly better using the Diebold and Mariano test (1995), see Appendix B
for details.

Regardless of the length of the historical data available, we have chosen to focus on
evaluating the forecasts for the period 2013Q1 to 2023Q2 for all indicators.” This is
done with a progressively longer estimation period. The first forecast generated is
based on data up to 2012Q4, and then forecasts are made from 2013Q1 onwards.? In
the next step, the model is estimated on data up to 2013Q1, and forecasts are calcu-
lated from Q2, etc.

For reference, the numerator of equation (2) also uses RMSE from a couple of com-
parison models. In this study, we use a so-called naive forecast as a comparison model
for which the forecast h points in time ahead is always equal to the latest actual out-
come. We also use the mean of the last 12 outcomes as a comparison forecast, and
finally we use two BVAR models with 7 and 11 variables each. See footnote to Table
Al in Appendix A for details on the variables included in BVAR (7) and BVAR (11).

Table 1 below provides information on the variables to be forecast, and Tables 2 to 5
provide information on the indicators that will be assessed in this staff memo.®

Table 1: Evaluation variables'®

Variable Time period Transformation
GDP growth 1996Q1-2023Q2 YoY
CPIF inflation 1996Q1-2023Q2 YoY
Employment growth 1996Q1-2023Q2 YoY
HUKO 2020m1-2023m12 YoY
Food prices in the CPIF 2021m1-2023m12 MoM

Note. YoY indicates annual percentage change and MoM monthly percentage change.
Employment applies to the 15-74 age group. HUKO is the Household Consumption In-
dicator at current prices observed on a monthly basis.

Source: Statistics Sweden.

7 Section 3.1 also evaluates models for the period 2013Q1-2019Q4, see Tables 9-11.

8 We focus on the short term, which means one to two quarters ahead. However, the appendix provides
results for forecasts further ahead, up to eight quarters ahead.

9 In the different categories of indicators, we have chosen to evaluate those that are most highly correlated
with the evaluation variable.

10 Household consumption expenditure (HCE), including five subgroups of HCE, and food prices are evalu-
ated in partial models in Section 3.2. An alternative measure of inflation, und24f, has also been evaluated
(see footnote 17).



Table 2: Data from the Riksbank’s Business Survey

Variable Time period Transformation
Indicator of Economic Activity!! 2008Q2-2023Q2 SuU
Economic situation (now) 2008Q2-2023Q2 SuU
Employment (3m) 20080Q2-2023Q2 SuU
Investment plans (6m) 2008Q2-2023Q2 SuU
Price changes (12m) 2008Q2-2023Q2 SuU
Wage drift (12m) 2008Q2-2023Q2 SU
Profitability (now) 20080Q2-2023Q2 SuU

Note. SU indicates standardised units, where the variables have been transformed so
that the mean is equal to 100 and the standard deviation is equal to 10. The suffix
(now) refers to a nowcast, while the suffixes (Xm) refer to expectations at the different
horizons of 3, 6 or 12 months.

Source: Sveriges Riksbank.

Table 3: Data from the National Institute of Economic Research's (NIER) Economic
Tendency Survey*?

Variable Time period Transformation
Confidence indicator (ind) 1996Q2-2023Q2 SuU
Confidence indicator (tot) 1996Q2-2023Q2 SuU
Recruitment plans 2001Q1-2023Q2 SU
Unemployment (households) 1996Q1-2023Q2 Su
Price plans (trade) 2003Q2-2023Q2 Su
Price plans (services) 2003Q3-2023Q2 SuU
Labour hoarding indicator (LHind) 2010Q3-2023Q2 SuU

Note. SU indicates standardised units. Confidence indicator refers to the NIER’s confi-
dence indicators where the suffix (ind) refers to the manufacturing industry. These in-
clude both questions about the current situation and plans (expectations). Recruit-
ment plans refer to the expectations for the next three months (next quarter). Unem-
ployment (households) refers to the question, which is asked to households: During
the past 12 months, has your risk of becoming unemployed increased, decreased or
remained unchanged?. The labour hoarding indicator (LHind) refers to an indicator of
the proportion of firms that have a larger workforce than they need, in other words,
the proportion of firms that are labour hoarding.

Source: National Institute of Economic Research.

1 This is an aggregation of 11 questions in the Riksbank’s Business Survey, see Holmer (2023).

12 Many of the indicators from the NIER’s Economic Tendency Survey have long been included in the Riks-
bank’s short-term models, but they have not been evaluated in this way before. The contribution of the
economic tendency survey data is also interesting to use as a comparison with the other indicators in this
study.



Table 4: Financial data

Variable Time period Transformation
OMX30 1996Q1-2023Q2 YoY
OMX all share 1996Q1-2023Q2 YoY
OMX mid cap 1996Q1-2023Q2 YoY
OMX small cap 1996Q1-2023Q2 YoY
EPU_Sweden 1996Q1-2023Q2 SU
EPU_Global 1996Q1-2023Q2 SU
Spread (10y 2y) 1996Q1-2023Q2 Per cent
Spread (1y 3m) 1996Q1-2023Q2 Per cent
Volatility (VIX CBOE) 1996Q1-2023Q2 Index
Volatility (VIX futures) 2004Q2-2023Q2 Index
Financial conditions (FCI RB) 1996Q1-2023Q2 SuU

Note. For transformations, see note to Tables 1 and 2. OMX30 is an index of the 30
most frequently traded shares on the Stockholm stock exchange. OMX all share is an
index of all shares on the Stockholm Stock Exchange and OMX mid cap and OMX small
cap are indices of the shares on the mid cap and small cap lists. EPU_Sweden and
EPU_Global refer to so-called economic policy uncertainty indices, see Baker et al.
(2016). Spread (10y 2y) and Spread (1y 3m) refer to the difference between the yields
on a 2-year and a 10-year government bond and between a 1-year and a 3-month gov-
ernment bond. VIX CBOE and VIX futures are two measures of expected stock market
volatility, see Chicago Board Options Exchange. The FCI RB is a summary index of finan-
cial conditions calculated by the Riksbank.

Sources: Nasdag OMX Nordic, Sveriges Riksbank and the Chicago Board Options Ex-
change.

Table 5: Other data®3

Variable Time period Transformation
Supply chain pressure (GSCPI) 1997Q4-2023Q2 SuU

PMI (ind) 1996Q1-2023Q2 su
Redundancies 1996Q1-2023Q2 Number of persons
Card data 2020m1-2023m12 YoY

Food prices_MPK 2021m1-2023m12 MoM

Note. For transformations, see note to Tables 1 and 2. Supply chain pressure (GSCPI)
refers to a summary index measuring the degree of supply chain disruption, see Fed-
eral Reserve Bank of New York. The PMI (ind) from Swedbank refers to the Purchasing
Managers Index (PMI) and is a business cycle indicator for the Swedish economy for
the manufacturing industry. Card data refers to card transaction data from Swedbank
and Food_Prices_MPK refers to food prices from price monitoring company
Matpriskollen.

Sources: Federal Reserve Bank of New York, National Institute of Economic Research,
Statistics Sweden, Swedbank, Swedish Public Employment Service and Matpriskollen.

13 Card data and Food_prices_MPK are evaluated in partial models in Section 3.2. Card data and HUKO are
divided into five subcategories.



Results

This section presents the results. First, forecasts for the longer period, to Q2 2023, are
evaluated. Section 3.1 evaluates forecasts excluding the period 2020-2023.

Tables 6-8 below show the one- and two-quarter root mean square errors for the bi-
variate models, relative to the root mean square errors for the univariate models cal-
culated using the BVAR model (1). Appendix C shows actual RMSEs for each model
and also for longer forecast horizons.

The results for GDP growth show that comparative models perform worse than the
univariate model, in this particular period and with these specifications. For a naive
forecast, which means that the forecast is always equal to the last known outcome,
and for a mean forecast, the precision is 10-20 per cent worse than for a univariate
forecast at the forecast horizons of 1 and 2 quarters, see Table 6. Furthermore, the
univariate model performs about as well in the short run as the “heavier” multivariate
models BVAR(7) and BVAR(11).1* Quantitative data from the Riksbank’s Business Sur-
vey make, on average, a weakly positive contribution to forecast accuracy when
added to a univariate model.'® This result is broadly in line with results where data
from the Economic Tendency Survey are included. As already mentioned, financial
market data often have a clear forward-looking element which, in some cases, help to
improve the accuracy of GDP growth forecasts. This is especially true for equity indi-
ces (OMX30, OMX all share and OMX mid cap), which all have a significantly lower
RMSE compared to the univariate model. This is according to Diebold and Mariano's
test. Uncertainty indices (VIX CBOE and VIX futures), financial conditions (FCI RB) and
PMI also contribute to up to about 10 per cent better GDP forecasts, but here the dif-
ference from the univariate forecast is not statistically significantly different from
zero.

14 The univariate model is specified in the same way as the VAR models, but only includes the forecast varia-
ble itself.

15 Holmer (2023) obtains similar results with the new Indicator of Economic Activity, which is based on data
from the Riksbank’s Business Survey. The results also suggest that the indicator improves forecast accuracy
more clearly if pandemic data are included in the evaluation period (compare with the results in Section
3.1). The measurable quantitative responses can be followed over time. In addition, the respondent's quali-
tative descriptions of the economic situation are summarised in the Business Survey.

10



Table 6. Relative forecast accuracy for GDP growth
Evaluation period 2013Q1 to 2023Q2

1 quarter 2 quarters

Models Univariate 1.00 1.00
Naive forecast 1.07 1.14
Mean_12 1.17 1.12
BVAR(7) 1.02 1.00
BVAR(11) 1.02 0.99
Business Survey (RB) Indicator of Economic Activity 0.97 0.94
Economic situation (now) 1.00 0.99
Employment (3m) 0.98 0.98
Investment plans (6m) 0.93 0.94
Economic Tendency Survey (NIER) Confidence indicator (ind) 0.99 0.98
Confidence indicator (tot) 0.96 0.93
Financial data OMX30 0,87" 0,82"
OMKX all share 0,89" 0.88
OMX mid cap 0.92 0,85"
OMX small cap 0.92 0.93
EPU_Sweden 0.99 0.97
EPU_Global 1.02 1.03
Spread (10y 2y) 0.98 0.99
Spread (1y 3m) 1.02 1.00
VIX CBOE 0.95 0.89
VIX futures 0.95 0.90
FCIRB 0.98 0.93
Other data PMI (ind) 0.93 0.93
Supply chain pressure (GSCPI) 1.06 1.09
Redundancies 0.94 0.97

Note. Ratios of RMSE relative to univariate forecast. A value below 1 means that the model
with indicators has a lower RMSE than the univariate model without indicators. *, ** and
*** means that the model with indicators has significantly higher forecast accuracy than a
univariate model at the 10, 5 and 1 per cent significance level, according to Diebold and
Mariano's (1995) test. Italicised rows show comparative models. Mean_12 refers to a run-
ning mean value over the last 12 observations. Due to data availability, the estimation pe-
riods differ for the different indicators, see Tables 1-5 above. However, in Table 6 the rela-
tive forecast accuracy (RMSE for bivariate model/RMSE for univariate model) is calculated
for the same estimation period.

The relative forecast accuracy for employment growth is shown in Table 7. With the
exception of the mean forecast, the comparative models perform roughly in line with
the univariate model. Adding the business survey data helps to improve the forecast
accuracy slightly. The same applies if equity indices are included in the models. This is
particularly the case for the OMX mid cap and OMX small cap stock indices, where the
difference from the univariate forecast is significantly different from zero (for OMX
small cap). Uncertainty indices (VIX CBOE and VIX futures) and financial conditions
(FCI RB) contribute to about 10 per cent lower RMSEs over two quarters. Recruitment
plans according to the NIER’s Economic Tendency Survey contribute to a marginally
better precision of the forecasts, while households' expectations of the risk of their
own unemployment weaken the forecasts. As in the case of GDP growth, the supply
chain index (GSCPI) contributes to a slightly lower forecast accuracy. Statistics on re-
dundancies contribute to more than 10 per cent better forecast accuracy one quarter
ahead, and here the difference compared with the univariate forecast is statistically
significant. Forecast accuracy is also better at longer horizons, see Table C2 in Appen-
dix C.
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Table 7. Relative forecast accuracy for employment growth
Evaluation period 2013Q1 to 2023Q2

1 quarter 2 quarters

Models Univariate 1.00 1.00
Naive forecast 1.03 1.06
Mean_12 1.69 1.41
BVAR(7) 1.01 1.02
BVAR(11) 0.99 0.99
Business Survey (RB) Indicator of Economic Activity 0.96 0.96
Economic situation (now) 0.96 0.98
Employment (3m) 0.95 0.97
Investment plans (6m) 0.95 0.96
Economic Tendency Survey (NIER) Recruitment plans 0.95 0.97
Unemployment (households) 1.02 1.04
LHind 1.01 0.98
Financial data OMX30 0.96 0.96
OMX all share 0.95 0.92
OMX mid cap 0.92 0.87
OMNX small cap 0.90 0,83"
EPU_Sweden 0.99 0.98
EPU_Global 1.01 1.03
Spread (10y 2y) 0.97 0.97
Spread (1y 3m) 0.99 0.98
VIX CBOE 0.99 0.94
VIX futures 0.98 0.93
FCI RB 0.97 0.89
Other data Supply chain pressure (GSCPI) 1.03 1.07
Redundancies 0,86" 0.88

Note. See note in Table 6.

The univariate model's current forecasts for CPIF inflation are on average worse than
a naive forecast, about as good as alternative BVAR models and significantly better
than mean value forecasts, see Table 8. It is interesting to note that the naive forecast
has performed well during the high inflation of recent years, compared to the alterna-
tives examined here.'® The main reason is that the model forecasts underestimated to
a greater extent the rapid rise in inflation in 2022.

Indicators from the business survey contribute to slightly lower RMSE at one and two
quarters. Unlike the forecasts for GDP and employment growth, financial market data
do not improve forecast accuracy that much. The possible exception is financial condi-
tions (FCI RB), which contribute to a decrease in the RMSE of around 5 per cent. Of
the NIER's indicators, price plans in the services sector appear to be the most promis-
ing. Statistics on redundancies and the supply chain pressure indicator lower the
RMSE by up to 10 per cent when included in the univariate model. However, none of
the changes in the forecast accuracy for CPIF inflation are statistically significant.

16 The naive forecast improves significantly compared to the univariate forecast when the period 2020-2023
is included in the assessment, compare Table 8 and Table 11.

12



3.1

Table 8. Relative forecast accuracy for CPIF inflation?’
Evaluation period 2013Q1 to 2023Q2

1 quarter 2 quarters

Models Univariate 1.00 1.00
Naive forecast 0.91 0.86
Mean_12 2.52 1.52
BVAR(7) 1.02 0.99
BVAR(11) 1.00 0.99
Business Survey (RB) Indicator of Economic Activity 0.95 0.95
Wage drift (12m) 0.94 0.94
Profitability (now) 0.97 0.98
Price changes (12m) 0.94 0.95
Economic Tendency Survey (NIER) Price plans (trade) 0.98 0.99
Price plans (services) 0.96 0.96
Financial data OMX30 1.01 0.99
OMKX all share 1.01 1.00
OMX mid cap 0.97 0.97
OMX small cap 0.96 0.96
EPU_Sweden 0.98 0.99
EPU_Global 0.99 1.02
Spread (10y 2y) 0.96 0.98
Spread (1y 3m) 0.98 0.99
VIX CBOE 1.02 1.10
VIX futures 1.00 1.06
FCIRB 0.95 0.95
Other data Supply chain pressure (GSCPI) 0.93 0.92
Redundancies 0.96 0.95

Note. See note in Table 6.

Sensitivity analysis

In this study we have chosen to: Firstly, evaluate the forecasts for the period, which
include the turbulent period of pandemic and war in recent years. Second, make the
evaluation variables and indicators available up to and including the same quarter of
the evaluation.®® In this subsection, we change these conditions to see how the results
change.

Excluding 2020-2023 from the evaluation period, there are signs that the contribu-
tions from the indicators decrease. The indicators have thus been particularly valuable
in recent times. If the period 2020-2023 is excluded for GDP growth, for example, the
relative forecast accuracy deteriorates for virtually all indicators and horizons, com-
pare Table 9 and Table 6. The same is also true for forecasts at longer horizons, com-
pare for example Tables C1 and C4 in Appendix C.

The value of the indicators in improving accuracy since 2020 can be explained by the
fact that the indicators move faster and more in response to various shocks. For ex-
ample, during the pandemic outbreak, several indicators already moved in the first

7 The contributions of the indicators are on average slightly larger if the inflation measure und24 is used
instead. This measure implies that price groups that have fluctuated relatively much over the past 24
months will have a lower weight and vice versa. But even with this measure, the forecast accuracy is not
significantly higher for any indicator than for a univariate model.

18 This is not a real-time evaluation. In other words, we do not use different versions of forecast variables
and indicators.
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quarter of 2020, while GDP and employment data largely fell only in the second quar-
ter. Inflation only began to rise clearly in 2022Q1, which can largely be explained by
supply chain disruptions, see Table 8 and L6f and Stockhammar (2024).

Table 9. Relative forecast accuracy for GDP growth
Evaluation period 2013Q1 to 201904

1 quarter 2 quarters

Models Univariate 1.00 1.00
Naive forecast 1.06 1.11
Mean_12 1.93 1.44
BVAR(7) 1.24 1.32
BVAR(11) 1.16 1.22
Business Survey (RB) Indicator of Economic Activity 0.98 1.01
Economic situation (now) 1.07 1.08
Employment (3m) 0.99 1.01
Investment plans (6m) 0.99 0.95
Economic Tendency Survey (NIER) Confidence indicator (ind) 1.01 1.00
Confidence indicator (tot) 0.97 0.96
Financial data OMX30 0,88" 0,84"
OMX all share 0,90" 0,81"
OMX mid cap 1.00 0.98
OMX small cap 0.99 1.01
EPU_Sweden 1.03 1.02
EPU_Global 1.16 1.27
Spread (10y 2y) 1.02 1.04
Spread (1y 3m) 1.07 1.11
VIX CBOE 0.98 0.92
VIX futures 0.97 0.93
FCIRB 0.98 0.95
Other data PMI (ind) 0.95 0.95
Supply chain pressure (GSCPI) 1.02 1.00
Redundancies 0.98 0.97

Note. See note in Table 6.

The results for GDP growth show that comparative models perform worse than the
univariate model, in this particular period and with these specifications. Data from the
Riksbank’s Business Survey and from the National Institute of Economic Research's
Economic Tendency Survey contribute neither positively nor negatively on average to
the forecast accuracy. As with the results when also assessing the 2020-2023 period,
financial market data contribute in some cases to a clear increase in the forecast accu-
racy for GDP growth. This is especially true for stock indices (OMX30 and OMX all
share), which have a significantly lower RMSE compared to the univariate model. Un-
certainty indices (VIX CBOE and VIX futures) and financial conditions (FCI RB) also con-
tribute to slightly better GDP forecasts.

The relative forecast accuracy of employment growth is shown in Table 10. In this re-
spect, the forecast accuracy of the comparative models is quite similar to the results
of the univariate model. If data from the business survey are added, they contribute
only marginally to improving forecast accuracy. The same applies to the OMX30 and
OMX all share indices. Similarly to the use of 2020-2023 data, the forecast accuracy
increases when small cap stock indices are included and the difference from the uni-
variate forecast is significantly different from zero two quarters ahead. Uncertainty
indices (VIX futures) and financial conditions (FCI RB) contribute to about 5 per cent
lower RMSE two quarters ahead. Recruitment plans according to the NIER’s Economic
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Tendency Survey contribute to marginally better forecast accuracy, while households'
expectations of the risk of their own unemployment weaken the forecasts. Statistics
on redundancies contribute to a 5 per cent improvement in forecast accuracy, while
the supply chain pressure index (GSCPI) marginally worsens forecast accuracy.

Table 10. Relative forecast accuracy for employment growth
Evaluation period 2013Q1 to 2019Q4

1 quarter 2 quarters

Models Univariate 1.00 1.00
Naive forecast 1.00 0.94
Mean_12 1.30 1.12
BVAR(7) 1.00 0.97
BVAR(11) 1.00 0.98
Business Survey (RB) Indicator of Economic Activity 0.98 1.03
Economic situation (now) 1.02 1.00
Employment (3m) 0.98 1.04
Investment plans (6m) 1.01 0.99
Economic Tendency Survey (NIER) Recruitment plans 0.96 1.00
Unemployment (households) 1.08 1.32
LHind 1.08 1.01
Financial data OMX30 0.99 1.00
OMX all share 0.99 0.95
OMX mid cap 0.94 0,83"
OMNX small cap 0.94 0,82"
EPU_Sweden 1.02 1.04
EPU_Global 1.08 1.20
Spread (10y 2y) 1.02 1.04
Spread (1y 3m) 1.04 1.04
VIX CBOE 1.00 0.98
VIX futures 0.99 0.94
FCI RB 0.99 0.95
Other data Supply chain pressure (GSCPI) 1.01 1.05
Redundancies 0.95 0.95

Note. See note in Table 6.

For CPIF inflation, the forecasts from a univariate model are on average slightly better
than simple comparative models, see Table 11. The new indicator of economic activity
and the question on wage drift in one year (Wage_drift_12m) contribute to a few per
cent lower RMSE, one and two quarters ahead. Other indicators from the business
survey and financial market data contribute neither positively nor negatively to the
forecast accuracy. The possible exception is financial conditions (FCI RB), which con-
tribute to a decrease in the RMSE of around 5 per cent. Price plans in the services sec-
tor appear to be the most promising of the NIER indicators. The GSCPI contributes, if
anything, to marginally worse forecast accuracy for CPIF inflation. This is not the case
when the period 2020-2023 is included in the evaluation. However, none of the
changes in forecast accuracy are statistically significantly different from zero. This also
applies to the longer evaluation period.
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Table 11. Relative forecast accuracy for CPIF inflation
Evaluation period 2013Q1 to 2019Q4

1 quarter 2 quarters

Models Univariate 1.00 1.00
Naive forecast 0.98 0.99
Mean_12 1.98 1.74
BVAR(7) 1.03 1.11
BVAR(11) 1.02 1.08
Business Survey (RB) Indicator of Economic Activity 0.96 0.99
Wage drift (12m) 0.97 0.96
Profitability (now) 1.00 1.05
Price changes (12m) 1.00 1.01
Economic Tendency Survey (NIER) Price plans (trade) 1.05 1.13
Price plans (services) 0.97 0.97
Financial data OMX30 0.99 1.02
OMKX all share 0.98 1.02
OMX mid cap 0.97 0.98
OMX small cap 0.96 0.97
EPU_Sweden 1.01 1.06
EPU_Global 1.00 1.08
Spread (10y 2y) 0.99 1.01
Spread (1y 3m) 0.98 1.01
VIX CBOE 0.99 1.02
VIX futures 0.98 0.99
FCIRB 0.94 0.96
Other data Supply chain pressure (GSCPI) 1.04 1.09
Redundancies 0.98 0.99

Note. See note in Table 6. As for the evaluation period 2013Q1 to 2019Q4, there is no significant change in the
results if und24 is used as a measure of inflation, see footnote 17.

Forecast accuracy increases slightly if indicators are shifted

In the analysis above, we have chosen to leave the evaluation variables and
indicators available until the same quarter. In practice, however, it may be
the case that the indicators are available a few months later than the evalua-
tion variable. In some cases, the indicator is even available a full quarter
ahead of the evaluation variable. For example, the number of redundancies
may be available for quarter 2, while employment growth is only available for
quarter 1 of a specific year. Taking this into account should lead to better
forecasts for the evaluation variables. Such specifications are examined be-
low, where all indicators are available a full quarter ahead of GDP, employ-
ment and the CPIF. The evaluation period here is 2013Q1 to 2019Q4. The
conclusions are the same if one instead evaluates the projections to 2023Q2.

For GDP growth, the RMSE relative to the univariate projection improves
slightly if the indicators are available for one more quarter. But the difference
is rather small with the exception of a couple of financial indicators two quar-
ters ahead, compare Table 12 and Table 9.
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Table 12. Relative forecast accuracy for GDP growth
The indicators are available one quarter longer than for GDP. Evaluation period 2013Q1 to

2019Q4.
1 quarter 2 quarters
Models Univariate 1.00 1.00
Naive forecast 1.06 1.11
Mean_12 1.93 1.44
BVAR(11) 1.16 1.22
Business Survey (RB) Indicator of Economic Activity 0.95 0.95
Investment plans (6m) 1.02 0.98
Economic Tendency Survey (NIER) Confidence indicator (tot) 0.97 0.94
Financial data OMX30 0,90" 0,75™
OMX all share 0.95 0,82"
OMX small cap 1.01 0.90
VIX CBOE 0.99 0.93
FCIRB 0.99 0.95
Other data Supply chain pressure (GSCPI) 1.04 1.02
Redundancies 0.97 0.93

Note. See note in Table 6.

For employment growth, it matters even less if the indicators are available for
another quarter. The difference is very small, compare Table 10 and Table 13.

Table 13. Relative forecast accuracy for employment growth

The indicators are available one quarter longer than for employment. Evaluation period

2013Q1 to 2019Q4.
1 quarter 2 quarters
Models Univariate 1.00 1.00
Naive forecast 1.00 0.94
Mean_12 1.30 1.12
BVAR(11) 1.00 0.98
Business Survey (RB) Indicator of Economic Activity 0.98 0.91
Investment plans (6m) 0.97 1.03
Economic Tendency Survey (NIER) Recruitment plans 0.99 1.02
Financial data OMX30 0.99 0.96
OMX all share 1.00 0.97
OMX small cap 0.97 0.85
VIX CBOE 1.00 0.97
FCIRB 1.00 1.03
Other data Supply chain pressure (GSCPI) 1.01 1.03
Redundancies 0.99 0.96

Note. See note in Table 6.

As with GDP and employment growth, the relative forecasting precision for
CPIF inflation does not improve significantly if the indicators are allowed to be
available for one more quarter, compare Table 11 and Table 14.
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Table 14. Relative forecast accuracy for CPIF inflation.
The indicators are available one quarter longer than for the CPIF. Evaluation period
2013Q1 to 2019Q4

1 quarter 2 quarters

Models Univariate 1.00 1.00
Naive forecast 0.98 0.99
Mean_12 1.98 1.74
BVAR(11) 1.02 1.08
Business Survey (RB) Indicator of Economic Activity 0.95 0.95
Wage_drift_12m 0.96 0.98
Economic Tendency Survey (NIER) Price plans (services) 0.95 0.97
Financial data OMX30 0.99 1.03
OMX all share 0.97 1.00
OMX small cap 0.96 0.96
VIX CBOE 0.98 1.02
FCIRB 0.96 0.98
Other data Supply chain pressure (GSCPI) 0.97 0.99
Redundancies 0.97 1.00

Note. See note in Table 6.

The root mean square errors for the forecast horizons of 1 to 8 quarters for
all three evaluation variables, where the indicators are assumed to be availa-
ble one quarter later than the evaluation variables, are shown in Tables C7-C9
in Appendix C.

Private consumption and food price indicators

Private consumption

Swedbank’s card transaction data for the period August 2020 to January 2024 are an-
alysed here.'® These statistics are compared with data from Statistics Sweden's
monthly indicator of household consumption expenditure (HUKO) for a number of
consumption areas, measured in current prices. We ask whether short-term data are
useful as an early indicator, and more specifically whether they can help to make
HUKO forecasts one month before HUKO is published.?°

Total expenditure and five smaller areas of consumption are analysed here (see Table
15 below). Data from Swedbank are available as daily data and published weekly.
Data are expressed as annual percentage changes from 8 January 2020. HUKO is avail-
able further back in time and is published on a monthly basis by Statistics Sweden.
The analysis below uses a monthly average of the short series, so that it can be evalu-
ated against HUKO. The annual percentage change in total consumption expenditure
according to HICP and card data is shown in Figure 1 below. Figures 2 to 6 in Appendix
D show the correlation between HUKO and card data for the other consumption ar-
eas. It can already be seen here that short-term data for several types of consumption

1 The card statistics capture the transactions made with payment cards via Swedbank Pay's payment solu-
tion, both in store and online.

20 Short-term data for a full month are published at least one month before HUKO is published for the cor-
responding month.
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correlate relatively well with the consumption indicators.?! In cases where the correla-
tion is lower, it may be a matter of individual observations going in different direc-
tions, which contribute to a lower correlation.

Diagram 1. Total consumption according to HUKO and card data
Annual percentage change

20 .
15
10

Korrelation = 0,88
20 L J

19 20 21 22 23 24

Kortdata

Note. Correlation indicates the correlation between HUKO and the card data over the period.

Sources: Statistics Sweden and Swedbank.

Table 15. Consumption data from Statistics Sweden and Swedbank??

Total expenditure

Restaurants, cafés, hotels and other accommodation services

Food and drink

Recreation and culture, goods and services

Clothing and shoes

Furniture, furnishings, household equipment and consumables
Sources: Statistics Sweden and Swedbank (Macrobond)

We model annual percentage changes and use AR-like models instead of VAR models,
because the evaluation period is so short. Forecasts from models that include card
data are compared with forecasts from models without card data. We therefore ask
whether short-term data leads to better forecasting ability, for one or more of the
consumption areas analysed.?®> We further assume that card data are available one
month further ahead than HUKO.?* The models are first estimated on data for the pe-
riod January 2020 to June 2020. HUKO is then available until June, while short-term
data are assumed to be available until July. Forecasts are generated from both specifi-
cations. In the next step, HUKO data are used until July, while card data are available

21 See estimated correlation coefficients in the charts.

22 HUKO is the Household Consumption Indicator, current prices and the column labelled Card data refers
to Swedbank’s payment statistics, 7-day moving average.

23 The informational value may appear to be relatively limited in this case, when the forecasting ability for
several smaller consumption areas is analysed. However, such information was very important during the
pandemic when trying to get a grip on the current situation.

24 Transaction data are often available two months ahead of HUKO.
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until August. The models are re-estimated, and forecasts are generated one month
ahead and so on. The following specifications are used:

A1 CHYRO = g + By CLYC + BgAr CEORT + &, (3)

Ay CHYKO = By + By A1, CHYRO + e, (4)

where C//VX0 indicates consumption according to HUKO and CXRT swedbank card

data. Table 16 summarises the forecast results for the period August 2020 to January
2024 (43 months). As above, relative root mean square errors are calculated accord-
ing to equation (2), with values above one indicating that model 4 (without card data)
produces smaller forecast errors, while numbers below one mean that model 3 (with
card data) has made more accurate forecasts. In most cases, short-term data seem to
improve forecasting ability. However, there is one exception: recreation and culture,
goods and services. The evaluation period is very short and the period is special, as it
includes the pandemic. The results also change quite a lot as more observations are
gradually added to the analysis. Nevertheless, the results so far suggest that card data
can be a good indicator in several areas of consumption.

Table 16. Relative RMSE (model 3/model 4)

Relative RMSE

Total expenditure 0.96
Restaurants, cafés, hotels and other accommodation services 0.46
Food and drink 0.74
Recreation and culture, goods and services 1.06
Clothing and shoes 0.98
Furniture, furnishings, household equipment and consumables 0.71

Sources: Statistics Sweden and Swedbank (Macrobond).

Food prices

Since spring 2023, the Riksbank has subscribed to data from the price monitoring
company, Matpriskollen.?> The Riksbank updates data weekly for 20 product groups,
and the dataset is available from January 2021. Data from Matpriskollen are used as
an indicator in the Riksbank's short-term models for various aggregates of food prices,
and these models are evaluated here.?® The sub-aggregate being modelled is food ex-
cluding alcohol and tobacco, which has a weight of 13.3 per cent in the CPIF (denoted
p**? below). The information from the 20 product groups is summarised in two fac-
tors, which are derived using principal component analysis (pcl and pc2 below). Data
on vegetable prices from Matpriskollen are also included as an explanatory variable
(vegetables). The regression models monthly percentage changes. It uses the infor-
mation from Matpriskollen together with two dummy variables for the months of
March and July and a moving average term (MA). The model that includes data from

2> An independent application that collects prices from different chains and stores, https://Matpriskol-
len.se/.

26 For a more detailed discussion of this statistic, see Tysklind (2024).
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Matpriskollen is compared with a model that looks the same but does not include
data from Matpriskollen. The two specifications are thus as follows:

Alpggg % +'3MPKtpcl,pcz+gronsaker +yD;nars,juli + 5MA(1) +g (5)

A1p”°

ay + yD;narS’ju” + 0MA(1) + & (6)

Table 17 shows the relative RMSEs, evaluated for the period July 2022 to December
2023 (18 months). The value of 0.62 indicates that data from Matpriskollen contribute
to an average of about 40 per cent lower RMSE, compared to an alternative model.
However, the estimation and evaluation periods are very short, so the results should
be interpreted with caution.

Table 17. Relative RMSE (model 5/model 6)

Relative RMSE
CPI199 (food excluding alcohol and tobacco) 0.62
Sources: Statistics Sweden and Matpriskollen.

Conclusions

In this staff memo, we have examined the extent to which various indicators improve
the forecast accuracy of Swedish GDP growth, employment growth and CPIF inflation
in the short term. Some of the data we are studying are new, while other data have
been part of the nowcast for some time but have not been formally evaluated. We
find that, in some cases, financial market data contribute to increased forecast accu-
racy for all three variables. This should be explained by the fact that these data are
largely forward-looking. For example, some Swedish stock indices (OMX) contribute to
significantly improved forecast accuracy for GDP and employment growth. The Finan-
cial Conditions Index (FCI) contributes to more than 5 per cent more accurate fore-
casts on average for all three variables.

Among the time series from the Riksbank’s Business Survey, the Indicator of Economic
Activity and the question on wage drift in 12 months’ time contribute to slightly lower
RMSEs for inflation one and two quarters ahead. This is similar to the forecasting abil-
ity of the NIER’s indicators, which contribute to slightly better forecast accuracy for
GDP growth (the confidence indicator), employment (recruitment plans) and inflation
(price plans in the services sector). The same is true for the manufacturing PMI. The
forecast accuracy for employment improves significantly when statistics on redundan-
cies are included in the model. Other measures such as the labour hoarding indicator,
global supply chain pressure index and simple comparative models generally lead to
lower forecast accuracy. The exception is the supply chain pressure index, which
proved to be valuable in improving the nowcasts for CPIF inflation. If the indicators
are assumed to be published one quarter later than the evaluation variable, the fore-
cast accuracy improves slightly. What makes a big difference to the results is the in-
clusion of data for the volatile period 2020-2023 in the forecast evaluation. Indicators
have generally been more important in the turbulent period of recent years than in
more normal times.
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In the case of card data, the conclusions depend on the data transformation used. In
this staff memo, only results using annual percentage changes are presented. The
evaluation period is short, and the period analysed is specific. The results also change
gradually, as more observations are added to the analysis. However, the results up to
December 2023 suggest that card data are a good indicator for several areas of con-
sumption. Although the time series are short, the results with new food price data
from the price monitoring company Matpriskollen also suggest that they can help to
improve the forecasts of food prices measured by Statistics Sweden.

Suggestions for future analysis to potentially improve the forecast accuracy of some
key macroeconomic aggregates include improving existing situation models and de-
veloping new ones. This can be done, for example, with new versions of dynamic fac-
tor models or other new methods, where different frequencies of data can be mixed,
see for example Algaba et al. (2023). The analysis can also be extended by including
new types of data, which are currently not available to the Riksbank. One example is
using mobile data to forecast GDP growth and employment. Mobile data can be, for
example, internet activity, mobile banking and GPS tracking. For example, Matsumura
et al. (2021) show that mobile data can improve nowcasts for production in the ser-
vices sector. Furthermore, online searches and text analysis can be used to try to im-
prove short-term forecasts of GDP, employment and inflation. Aswin et al. (2021)
show for example that newspaper articles from mainstream newspapers can improve
current forecasts of GDP growth in the euro area, as newspapers contain up-to-date
economic signals. This is particularly true early in the quarter, when there is a lack of
other indicators. The Riksbank is involved in the field of machine learning, which is an
exciting and rapidly developing field. Such methods are discussed, for example, in
Lenza et al. (2023).

22



References

Algaba, Andres, Samuel Borms, Kris Boudt and Brecht Verbeken (2023), “Daily news
sentiment and monthly surveys: A mixed-frequency dynamic factor model for now-
casting consumer confidence”, International Journal of Forecasting, vol. 39, pp.
266-278.

Andersson, Michael K. and Ard H.J. den Reijer (2015), “Nowcasting”, Economic Re-
view, 1, Sveriges Riksbank, pp. 73-86.

Andersson, M. K. and M. Lof (2007), “The Riksbank’s new indicator procedures”, Eco-
nomic Review 1, Sveriges Riksbank, pp. 77-90.

Andreou, Elena, Eric Ghysels and Andros Kourtellos (2013), “Should macroeconomic
forecasters use daily financial data and how?”, Journal of Business and Economic Sta-
tistics, vol. 31, pp. 240-251.

Aprigliano, Valentina, Guerino Ardizzi and Libero Monteforte (2017), “Using the pay-
ment system data to forecast the Italian GDP”, Working Paper No. 1098, Bank of Italy.

Aswin, Julian, Elini Kalamara and Lorena Saiz (2021), “Nowcasting euro area GDP with
news sentiment: a tale of two crises”, ECB Working Paper Series, No. 2616, November
2021.

Baker, Scott, Nicholas Bloom and Steven Davis (2016), “Measuring economic policy
uncertainty”, Quarterly Journal of Economics, vol. 131, pp. 1593- 1636.

Banbura, Marta., Domenico Giannone and Lucrezia Reichlin (2011), 'Nowcasting', in
Clements, Michael and David Hendry (eds), Oxford Handbook on Economic Forecast-
ing, Oxford University Press.

Barnett, Willam, Marcelle Chauvet and Danilo Leiva-Leon (2016), “Real-time nowcast-
ing of nominal GDP with structural breaks”, Journal of Econometrics, vol. 191, pp.
312-324.

Carlsen, Maria and Peter Storgaard (2010), “Dankort payments as a timely indicator of
retail sales in Denmark”, Working Paper No. 2010-66, Danmarks Nationalbank.

Cavallo, Alberto and Roberto Rigobon. (2016), “The billion prices project: Using online
prices for measurement and research”, Journal of Economic Perspectives, vol. 30, pp.
151-178.

Diebold, Francis and Roberto Mariano (1995), “Comparing predictive accuracy”, Jour-
nal of Business and Economic Statistics, vol. 13, pp. 253-263.

Doan, Thomas, Robert Litterman and Christopher Sims (1984), “Forecasting and con-
ditional projection using realistic prior distributions”, Econometric Reviews, vol. 3, pp.
1-100.

Duarte, Claudio, Paolo Rodrigues and Antonio Rua (2017), “A mixed frequency ap-

proach to the forecasting of private consumption with ATM/POS data”, International
Journal of Forecasting, vol. 33, pp. 61-75.

23


https://ideas.repec.org/a/eee/econom/v191y2016i2p312-324.html
https://ideas.repec.org/a/eee/econom/v191y2016i2p312-324.html
https://ideas.repec.org/s/eee/econom.html

Ewertzh, Jakob, Thomas Falk, Marie Hesselman, Isaiah Hull, Marten L6f, Oskar
Stigland and Markus Tibblin, “Real-time indicators provide information support during
rapid cyclical turnarounds”, Economic Commentary no 3, 2020, Sveriges Riksbank.

Faust, Jan and Jonathan Wright (2013), Handbook of Economic Forecasting, vol. 2, pp
2- 56, Elsevier.

Galbraith, John and Greg Tkacz (2015), “Nowcasting GDP with electronic payments
data”, Statistics Paper No. 10, ECB.

Gayer, Christian, Alessandro Girardi and Andreas Reuter (2014), “The role of survey
data in nowcasting euro area GDP growth”, Economic Papers 538, European Commis-
sion.

Giannone, Domenico, Lucrezia Reichlin and David Small (2008), “Nowcasting GDP and
inflation: The real-time informational content of macroeconomic data releases”, Jour-
nal of Monetary Economics, vol. 55, pp. 665-676.

Hull, Isaiah, Marten L6f and Markus Tibblin, “Price information collected online and
short-term inflation forecasts”, Economic Commentary, no 2, 2017, Sveriges Riksbank.

Holmer, Natalie (2023), “The Business Survey's new indicator of economic activity - an
early temperature gauge of economic activity”, Economic Commentary, no. 5, 2023,
Sveriges Riksbank.

Kurz-Kim, Jeong-Ryeol (2019), “A note on the predictive power of survey data in now-
casting euro area GDP”, Journal of Forecasting, vol. 38, pp. 489-503.

Laine, Olli-Matti and Annika Lindblad (2021), “Nowcasting Finnish GDP growth using
financial variables: a MIDAS approach”, Journal of the Finnish Economic Association,
vol. 2, pp. 74- 108.

Lenza, Michele, Ines Moutachaker and Joan Paredes (2023), “Forecasting euro area
inflation with machine learning models”, ECB Research Bulletin No. 112, ECB.

Lindholm, Unn, Marcus Mossfeldt and Par Stockhammar (2020), “Forecasting inflation
in Sweden”, Economia Politica: Journal of Analytical and Institutional Economics, vol.
37, pp. 39- 68.

Linnemann, Patrick and Ladislav Wintr (2011), “Price stickiness in the US and Europe
revisited: Evidence from internet prices”, Oxford Bulletin of Economics and Statistics,
vol. 73, pp. 593-621.

Lof, Marten and Par Stockhammar (2024), “What drove the surge in inflation?”, Staff
memo, June 2024, Sveriges Riksbank.

Matsumura, Kohei, Yusuke Oh, Tomohiro Sugo and Koji Takahashi (2021), “Nowcast-
ing economic activity with mobility data”, Bank of Japan Working Paper Series, No.
21-E-2.

24



Stock, James and Mark Watson (2002a), “Macroeconomic forecasting using diffusion
indexes”, Journal of Business and Economics Statistics, vol. 20, pp. 147-162.

Stock, James and Mark Watson (2002b), “Forecasting using principal components
from a large number of predictors”, Journal of the American Statistical Association,

vol. 97, pp. 1167-1179.

Tysklind, Oskar (2024), “New data sources in forecasting - high-frequency data for
food”, Economic Commentary, no. 10, 2024, Sveriges Riksbank.

Villani, Mattias (2009), “Steady-state priors for vector autoregressions”, Journal of Ap-
plied Econometrics, Vol. 24, pp. 630-650.

25



Appendix A - Priors at steady state

Appendix A - Priors at steady state

Table Al. Prior interval for steady states in the BVAR model in equation (1)

Variable Abbreviation Prior interval
GDP abroad (1;2.5)
Inflation abroad (1;3)
Policy rates abroad (2.5; 4)
Unemployment (6.5; 8)
Wages (3;4.5)
CPIF excl. energy (1;3)
Policy rate (2.5; 4)
Real exchange rate (120; 135)
GDP (1;2.5)
Employment (0;0.5)
CPIF inflation (1;3)
Indicator of Economic Activity28 Indicator of Economic Activity (-1; 1)
Economic situation, now Economic situation (now) (90; 110)
Employment, 3 months Employment (3m) (90; 110)
Investment plans, 6 months Investment plans (6m) (90; 110)
Price changes, 12 months Prisforandring_12m (90; 110)
Wage drift, 12 months Wage_drift_12m (90; 110)
Profitability, now Profitability (now) (90; 110)
Confidence indicator, manufacturing industry Confidence indicator (ind) (90; 110)
Confidence indicator, total Confidence indicator (tot) (90; 110)
PMI manufacturing PMI (ind) (50; 60)
Recruitment plans Recruitment plans (-10; 10)
Households’ expectations of unemployment Unemployment (households) (-10; 10)
Price plans, retail Price plans (trade) (-10; 10)
Price plans, services sector Price plans (tj)n (-10; 10)
OMX30 index OMX30 (0; 10)
OMX all share, index OMX all share (0; 10)
OMX mid cap, index OMX mid cap (0; 10)
OMX small cap, index OMX small cap (0; 10)
Economic policy uncertainty (EPU), Sweden EPU_Sweden (90; 110)
Economic policy uncertainty (EPU), Global EPU_Global (90; 110)
Spread 10 years - 2 years Spread (10y 2y) (0.5; 1.5)
Spread 1 year — 3 months Spread (1y 3m) (0;1)
Volatility index (VIX) VIX CBOE (10; 30)
VIX futures VIX futures (10; 30)
Financial Condition Index (FCI) FCI RB (-0.5; 0.5)
Global supply chain pressure index GSCPI (-0.5; 0.5)
The winterisation indicator LHind (0; 10))
Redundancies Redundancies (10,000;
20,000)

2795 per cent probability interval for steady state. All these priors are assumed to be normally distributed.
The variables are defined in Section 2. The first 11 variables are included in "BVAR(11)" which is used as a
comparison model in cases where a long history is available. The external variables are trade weighted. The
comparative model "BVAR(7)" includes the same variables as in BVAR(11) except for international interest
rate, wages, unemployment and the CPIF excluding energy.

28 |s an aggregation of 11 questions in the Riksbank’s Business Survey, see Holmer (2023).
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Appendix B - Diebold and Mariano (1995) test for equal forecast accuracy

Appendix B - Diebold and Mariano (1995)
test for equal forecast accuracy

Let d; be the difference between the squared forecast error (SFE) of the univariate
forecast U and the bivariate forecast B at time t, that is:

dt = KPFU,t - KPFB,t .

We test the hypothesis Hy: E(d;) = 0 (equal forecast accuracy) against, for example,
Hy:E(d;) > 0, the bivariate model makes better forecasts than the univariate one, us-
ing the Diebold and Mariano test statistics:
d
DM = ,
f/n

where d is the mean of the differences, f is the estimated variance of the mean and n
is the number of observations. If the null hypothesis is true, the DM statistic asymptoti-
cally follows a standard normal distribution.
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Appendix C - Root mean square errors

Appendix C - Root mean square errors

Table C1. RMSE for GDP growth
Evaluation period: 2013Q1-2023Q2

Quarter 1 2 3 4 5 6 7 8
Univariate 254 279 318 362 341 340 321 320
BVAR(7) 2.60 279 3.15 362 344 342 326 324
BVAR(11) 259 278 3.13 362 348 343 332 329
Naive forecast 2.73 319 388 4.65 456 4.70 4.25 4.30
Mean_12 2.99 312 3.20

Indicator of Economic Activity — 2.47 336 3.22 321
Economic situation (now) 255 277 313 357 338 336 319 3.19
Employment (3m) 249 275 3.11 354 336 334 318 3.8
Investment plans (6m) 3.15
OMX30 3.25
OMX all share

OMX mid cap

OMX small cap

EPU_Sweden 2,52 272 313 357 338 339 321 3.20
EPU_Global 260 2.87 332 382 364 366 342 342
Spread (10y 2y) 250 277 3.17 3.62 342 341 323 321
Spread (1y 3m) 259 279 315 362 344 342 326 3.24
VIX CBOE

VIX futures

FCI RB 2.49 3.35 3.23 3.14
Confidence indicator (tot) 3.38 3.22 313
Confidence indicator (ind) 2,52 274 310 353 335 333 317 3.18
PMI (ind) 3.13 3.15
GSCPI 269 3.05 348 413 3.83 3.83 349 347
Redundancies 2.72 3,53 339 337 319 3.20

Note. See note in Table 6. Green and red numbers indicate that the forecast accuracy is more
than 0.1 percentage points better and worse, respectively, than the univariate forecast. Black
figures indicate that the forecast accuracy is approximately the same (within univariate fore-

cast +/- 0.1 percentage points).

Source: Own calculations.

Table C2. RMSE for employment growth
Evaluation period: 2013Q1-2023Q2

Quarter 1 2 3 4 5 6 7 8
Univariate 088 1.14 136 162 1.70 180 1.8 192
BVAR(7) 089 1.17 137 163 1.71 181 187 193
BVAR(11) 088 1.13 135 161 167 177 182 186
Naive forecast 091 1.20 145 1.77 191 206 220 232
Mean_12 149 160 169 1.75 1.79 180 1.79
Indicator of Economic Activity 0.85 1.10 1.29 165 175 1.81 1.87
Economic situation (now) 085 1.12 130 153 164 173 178 184
Employment (3m) 084 110 129 153 165 174 180 1.86
Investment plans (6m) 0.84 1.09 1.29 163 171

OMX30 0.85 1.10 1.28 1.62

OMX all share 0.84 1.05 1.27

OMX mid cap 0.81

OMX small cap 0.80

EPU_Sweden 0.87 1.11 134 159 169 179 185 1.90
EPU_Global 089 117 140 169 180 193 203 212
Spread (10y 2y) 0.86 1.10 133 157 164 173 179 1.83
Spread (1y 3m) 087 111 134 159 167 176 181 1.85
VIX CBOE 0.88 1.17 139 163 176 183 188 191
VIX futures 087 114 134 159 171 177 183 1.87
FCI RB 085 1.05 1.28 1.62

Recruitment plans 0.84 1.10 1.29 165 175 1.81 1.87
Unemployment (households) 090 1.19 140 168 178 191 2.00 2.08
LHind 089 112 133 159 167 176 182 1.87
GSCPI 091 122 144 174 186 196 2.03 2.09
Redundancies 1.70 176 1.83 1.89

Note. See notes in Table 6 and C1.
Source: Own calculations.

28



Appendix C - Root mean square errors

Table C3. RMSE for CPIF inflation
Evaluation period: 2013Q1-2023Q2

Quarter 1 2 3 4 5 6 7 8
Univariate 089 162 206 235 262 282 292 299
BVAR(7) 090 1.60 205 234 260 279 288 295
BVAR(11) 089 1.61 204 233 258 276 284 290
Naive forecast 0.81 223 256 288 310 3.27
Mean_12 224 246 264 2.78 287 293 296 297
Indicator of Economic Activity 0.84 1.54 1.97 226 254 274 285 293
Wage drift (12m) 0.84

Profitability (now) 086 159 199 228 254 273

Price changes (12m) 0.84 1.54

OMX30 0.89 1.61 207 236 264 284 294 3.02
OMKX all share 090 1.62 207 239 266 284 294 299
OMX mid cap 0.86 1.58 206 234 261 279 288 295
OMX small cap 0.85 156 206 234 260 278 2.87 293
EPU_Sweden 0.87 160 203 232 260 279 289 297
EPU_Global 0.88 1.64 203 231 258 277 286 293
Spread (10y 2y) 0.85 1.58 1.99 227 254 273 283 2091
Spread (1y 3m) 0.87 1.60 2.00 228 254

VIX CBOE 090 1.78 243 267 261 285 297 3.05
VIX futures 089 172 232 257 257 280 291 299
FCI RB 0.84 154 204 233 258 276 284 290
Price plans (services) 086 155 2.00 229 256 275 284 292
Price plans (trade) 0.87 1.60 2.03 232 259 278 288 296
GSCPI 0.84 198 235 263 2387 3.00 3.07
Redundancies 0.85 153 201 236 261 283 293 299

Note. See notes in Table 6 and C1.
Source: Own calculations.

Table C4. RMSE for GDP growth
Evaluation period 2013Q1-2019Q4

Quarter 1 2 3 4 5 6 7 8
Univariate 0.76 1.05 129 145 146 139 135 134
Naive forecast 081 1.17 148 1.75 181 178 1.75 1.74
Mean_12 1.47 1.52 1.55 158 1.55 1.51 146 1.40
BVAR(7) 094 139 176 201 211 215 215 209
BVAR(11) 090 131 163 184 188 191 189 185
Indicator of Economic Activity 0.74 1.06 1.32 140 143 144 137 141
Economic situation now 081 1.14 132 146 148 141 134 130
Employment (3m) 075 106 131 143 141 139 136 138
Investment plans (6m) 0.75 1.00 130 133 1.37
OMX30 0.68 144 138 132 1.34
OMKX all share 0.69 135 135 134
OMX mid cap 0.77 1.05

OMX small cap 0.76 1.09 1.31 1.40

EPU_Sweden 0.79 1.09 132 147 148 142 134 1.30
EPU_Global 089 136 173 188 192 180 174 1.82
Spread (10y 2y) 0.79 1.12 138 152 141

Spread (1y 3m) 0.83 1.18 147 164 167 156 150 1.51
FCI RB 075 102 125 140 139 137 134 133
VIX CBOE 0.76 0.98

VIX futures 0.75 1.00 1.21 132 130 131
Confidence indicator (ind) 0.77 107 130 147 144 136 131 130
Confidence indicator (tot) 0.75 1.03 126 139 140 140 138 1.32
PMI (ind) 074 1.02 124 139 150 147 139 1.36
GSCPI 0.79 1.07 128 140 141 135 128 1.32
Redundancies 0.76 1.04 123 136 137 135 129 131

Note. See notes in Table 6 and C1.
Source: Own calculations.
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Table C5. RMSE for employment growth
Evaluation period 2013Q1-20190Q4

Quarter 1 2 3 4 5 6 7 8
Univariate 045 054 067 078 084 096 096 1.03
Naive forecast 045 051 061 074 074 089 0.88
Mean_12 0.58 0.60 0.63

BVAR(7) 045 053 068 082 087 095 093
BVAR(11) 044 049 061 075 0.76

Indicator of Economic Activity 0.44 056 0.68 0.81 092 1.05 1.06 1.14
Economic situation now 046 054 067 081 08 099 100 1.08
Employment (3m) 044 056 069 084 091 105 1.07 114
Investment plans (6m) 045 053 064 077 084 097 101 104
OMX30 044 050 065 080 091 103 101 1.08
OMX all share 044 048 059 074 078 094 094 101
OMX mid cap 0.41

OMX small cap 0.41 091 1.01
EPU_Sweden 045 052 064 075 079 092 091 0.97
EPU_Global 048 060 0.78 091 096 1.10 1.04 1.10
Spread (10y 2y) 045 052 062 073 078 090 094 094
Spread (1y 3m) 0.46 052 063 076 081 095 096 1.04
FCI RB 0.43 0.70 0.94
VIX CBOE 043 047 061 072 075 089 086 0.95
VIX futures 0.43 0.46

Recruitment plans 043 050 063 073 081 090 0.89
Unemployment (households) 0.48 0.66 0.86 1.08 1.23 134 141 1.43
LHind 049 054 068 082 089 100 099 1.06
GSCPI 0.45 052 063 076 079 090 0.88 0.95
Redundancies 0.42 048 059 0.69 0.76 0.88 0.94

Note. See notes in Table 6 and C1.
Source: Own calculations.

Table C6. RMSE for CPIF inflation
Evaluation period 2013Q1-2019Q4

Quarter 1 2 3 4 5 6 7 8
Univariate 028 035 042 049 049 053 0.55 0.57
Naive forecast 027 034 040 049 052 059 067 0.77
Mean_12 055 061 068 074 078 083 086 0.90
BVAR(7) 028 039 045 054 058 064 0.69 0.73
BVAR(11) 029 038 045 051 055 057 059 0.61
Indicator of Economic Activity 0.27 035 041 047 048 050 0.53 0.55
Wage drift (12m) 0.27 034 041 047 048 052 053 0.56
Profitability 0.28 0.37 043 049 049 054 054 0.57
Price changes (12m) 0.28 035 044 051 052 055 058 0.59
OMX30 028 0.36 043 048 046 049 049 049
OMKX all share 028 036 044 049 047 049 049 0.51
OMX mid cap 0.27 0.34 040 047 047 049 049 051
OMX small cap 0.27 0.34 040 045 044 047 047 0.50
EPU_Sweden 0.28 0.37 043 049 051 053 052 0.53
EPU_Global 0.28 0.38 046 0.51 0.52 0.53 0.53 0.54
Spread (10y 2y) 0.28 0.36 043 048 048 0.50 0.50 0.50
Spread (1y 3m) 0.28 0.36 042 048 048 051 0.50 0.50
FCI RB 026 034 043 048 049 051 050 0.50
VIX CBOE 0.28 0.36 043 049 048 0.51 049 0.50
VIX futures 0.27 035 040 047 047 050 051 0.53
Price plans (trade) 030 040 046 052 051 052 049

Price plans (services) 0.27 034 042 049 049 052 051 0.53
GSCPI 029 0.38 045 051 050 0.52 050 0.51
Redundancies 028 0.35 041 047 046 048 048 0.49

Note. See notes in Table 6 and C1.
Source: Own calculations.
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Table C7. Relative forecast accuracy for GDP growth
The indicators are assumed to be available one quarter ahead of GDP.
Evaluation period: 2013Q1-2019Q4

Quarter 1 2 3 4 5 6 7 8
Univariate 0.77 1.07 130 144 143 138 134 132
BVAR(11) 090 1.31 163 184 188 191 189 185
Naive forecast 081 117 148 1.75 181 178 1.75 1.74
Mean_12 1.47 1.52 1.55 1.58 1.55 151 146 1.40
Indicator of Economic Activity 0.73  1.01 139 139 137 133
Investment plans (6m) 0.79 1.05 1.21
OMX30 0.75 1.01 121 134 1.32
OMX all share 0.69 1.38 139 1.30
OMX small cap 0.73 130 130 1.26
VIX CBOE 0.78 140 1.34
FCI RB 0.76 1.00 123 140 147 154 157 155
Confidence indicator (tot) 0.76 1.02 134 129 1.27 1.23
GSCPI 080 109 129 141 142 137 137 135
Redundancies 0.75 1.00 1.21

Note. See notes in Table 6 and C1.

Source: Own calculations.

Table C8. Relative forecast accuracy for employment growth

The indicators are assumed to be available one quarter ahead of employment.

Evaluation period: 2013Q1-2019Q4
Quarter 1 2 3 4 5 6 7 8
Univariate 044 050 061 072 074 084 084 091
BVAR(11) 044 049 061 075 076 083 082 0.84
Naive forecast 045 051 061 074 074 089 088 092
Mean_12 0.58 0.60 0.63 065 067 0.70 070 072
Indicator of Economic Activity 0.43 0.49 0.60 0.71 0.73 0.83 0.83 0.90
Investment plans (6m) 0.43 046 056 069 078 092 094 1.02
OMX30 043 052 060 0.71 0.77 087 093 1.00
OMX all share 043 051 060 068 073 081 0.80 0.87
OMX small cap 0.44 048 057 072 077 091 094 0.99
VIX CBOE 0.44 048 057 070 0.73 085 0.89 094
FCI RB 043 043 0.79 0.84
Confidence indicator (tot) 0.44 048 059 071 072 085 0.82 0.92
GSCPI 044 052 061 073 076 0.87 0.87 094
Redundancies 0.45 052 061 074 077 090 0.86 0.93

Note. See notes in Table 6 and C1.

Source: Own calculations.

Table C9. Relative forecast accuracy for CPIF inflation

The indicators are assumed to be available one quarter ahead of the CPIF.

Evaluation period: 2013Q1-2019Q4
Quarter 1 2 3 4 5 6 7 8
Univariate 0.28 0.35 043 048 048 049 049 0.50
BVAR(11) 029 038 045 051 055 057 059 061
Naive forecast 027 034 040 049 052 059 067 0.77
Mean_12 0.55 0.61 068 074 078 083 086 090
Indicator of Economic Activity 0.28 0.34 0.42 047 047 048 0.48 0.49
Investment plans (6m) 0.27 033 040 046 048 0.52 0.54 0.59
OMX30 0.27 034 041 048 049 053 055 0.60
OMX all share 0.27 034 043 049 050 052 052 054
OMX small cap 0.28 036 044 049 048 049 049 049
VIX CBOE 0.27 035 043 049 047 048 048 048
FCI RB 0.27 034 041 047 046 049 049 0.50
Confidence indicator (tot) 0.27 036 042 048 048 0.51 049 0.49
GSCPI 0.27 034 041 045 043 043 041
Redundancies 0.27 035 041 047 047 049 048 0.50

Note. See notes in Table 6 and C1.
Source: Own calculations.
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Appendix D - HUKO and card data for
different consumption areas

Diagram 2. Restaurants, cafés and accommodation, HUKO and card data
Annual percentage change
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Note. See note in Chart 1.

Sources: Statistics Sweden and Swedbank.

Diagram 3. Food and drink, HUKO and card data
Annual percentage change
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Note. See note in Chart 1.

Sources: Statistics Sweden and Swedbank.
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Diagram 4. Recreation and culture, goods and services, HUKO and card data
Annual percentage change
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Note. See note in Chart 1

Sources: Statistics Sweden and Swedbank.

Diagram 5. Clothing and footwear, HUKO and card data
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Note. See note in Chart 1.

Sources: Statistics Sweden and Swedbank.
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Diagram 6. Furniture, equipment and consumables, HUKO and card data
Annual percentage change
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Note. See note in Chart 1.

Sources: Statistics Sweden and Swedbank.
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