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Abstract 

 
In this paper, steady-state Bayesian vector autoregressive models are used to examine if changes 

in commodity prices could help to improve the forecasts of CPI inflation in Sweden, a small 

open economy. An in-sample analysis is conducted in terms of impulse response functions and 

an out-of-sample forecast exercise is performed in order to examine the out-of-sample relation. 

The variables used in this paper are different types of commodity price indices, CPI inflat ion, 

unemployment rate and the three-month Treasury bill rate, where the last two variables are used 

as control variables. Monthly data are used and the sample period ranges from 1993M01 to 

2019M01. The results from the impulse response functions show that a shock in either one of 

the commodity price indices have a significant positive effect on CPI inflation. The maximum 

effect of a shock in commodity price indices on CPI inflation is reached after 6-12 months, 

depending on model specification. The error measures for the out-of-sample forecasts show that 

models including commodities price indices tend to have, overall, smaller forecasting errors 

throughout the horizons. The Diebold-Mariano test indicates that a broad commodity price 

index does help to forecast CPI inflation in longer horizons. The test further shows that using 

different types of commodities could help to improve forecast performance on different 

horizons. The overall results from the DM test indicates that most of the significant differences 

in forecasting performance occurs in later horizons. 
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1. Introduction  

 

The link between commodity prices and inflation has been a hot topic for several decades and 

has been drawing lots of attention from economists and policymakers alike. Ben S. Bernanke, 

who is known as a former chairman of the Federal Reserve, managed to raise the importance 

of the topic during an annual economic conference in Massachusetts in 2008. 

 

“Rapidly rising prices for globally traded commodities have been the major source of the 

relatively high rates of inflation we have experienced in recent years, underscoring the 

importance for policy of both forecasting commodity price changes and understanding the 

factors that drive those changes”  

   (Ben S. Bernanke 2008) 

 

The quote above can be related to the macroeconomic arguments which suggest that there is a 

dynamic and positive relation between commodity prices and inflation. The inflation is of 

importance for policy makers since it affects borrowing costs, labor wage contracts, mortgage 

rates etc. This further means that information from forecasting inflation could be of vital 

importance for policy makers, since it could improve the effectiveness of monetary policy 

decisions.  

 

One common argument that commodity prices can act as a leading indicator for inflation is that 

commodities are used as important inputs into the production of final goods. This means that 

changes in commodity prices directly affect the general price level in the economy (Garner, 

1989). Most commodity prices are determined in auction markets according to Cody and Mills 

(1991). Adams and Ichino (1995) argued that the price today contains all the information 

available and implicitly anticipates the future price. As soon as new information is availab le, 

commodity prices change immediately, while the prices of final goods react sluggishly because 

of restrictions from contracts or menu costs. Combining these arguments, one could possibly 

argue that the prices of commodities affect inflation through expectations (Verheyen, 2010). 

Another potential way for commodities to affect and lead inflation is that commodity prices 

themselves constitute a certain part of the CPI1, for example food, beverages and fuels (Von 

zur Muehlen, 1990).   

                                                                 
1 Consumer price index 
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Most of the previous research done in the field have either examined the shocks from 

commodity prices to the overall price level or the usage of commodity prices as a leading 

indicator for inflation. 2 These papers tend to examine large economies, such as the US or the 

major OECD countries, while the small open economies have been left for further research. The 

purpose of this paper will therefore be to empirically investigate how inflation in a small open 

and inflation targeting economy, is affected by changes in world commodity prices. Hence, the 

research question is: 

 

Can changes in commodity prices be used to improve forecasts of CPI inflation in Sweden, a 

small open economy? 

 

In order to answer the research question, both an in-sample analysis and an out-of-sample 

analysis will be conducted. The in-sample relation between commodity prices and inflation will 

be examined using impulse response functions. To investigate whether changes in commodity 

prices Granger-causes inflation in an out-of-sample environment, a recursive out-of-sample 

forecast will be used. The forecasts will initially use approximately 50% of the sample and the 

forecasts will be evaluated from horizon 1 - 36 using root mean square error (RMSE), mean 

absolute error (MAE) and the Diebold-Mariano test.  

 

Furthermore, a sensitivity analysis will be conducted in order to examine if the results differ 

between different kinds of commodities. 3 We will also control for effects from domestic 

macroeconomic variables throughout the paper, namely unemployment rate and the three-

month Treasury bill rate. This paper will employ steady-state BVAR models, as introduced by 

Villani (2009). The choice of using BVAR models is due to the fact that Sveriges Riksbank has 

an outspoken inflation target. An advantage with BVAR models, compared to the more 

commonly applied VAR models in the field, is that one can infuse that specific inflation target 

as a prior into the models. BVAR models have also been shown to have advantages when it 

comes to forecasting performance, see for example Beechey and Österholm (2010) and Villani 

(2009). The steady-state BVAR therefore allows the user to specify prior beliefs about the 

unconditional mean (steady-state) of the process.  

                                                                 
2 See for example Boughton and Branson (1988), Durand and Blöndal (1988), Webb (1988), Garner (1989), Von 

zur Muehlen (1990), Furlong and Ingenito (1996) and Cecchetti and Moessner (2008). 
3 Energy, Food and Beverages, Metals, Agricultural Raw Materials, Fertilizers. 
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The results show a positive relation between changes in commodity prices and CPI inflation in 

Sweden. The impulse response functions imply that shocks in commodity prices have a 

significant effect on CPI inflation. This result seems to be true for both a broad commodity 

price index (PCI) and specific types of commodities. The out-of-sample forecasting exercise 

implies somewhat lower error measures from most of the estimated models that includes 

commodities. However, the patterns of the error measures are similar for all models across all 

horizons, indicating comparable forecasting performance. The bivariate BVAR including PCI 

improves the forecasting performance of CPI inflation at longer horizons, compared to a 

univariate model. The results from the sensitivity analysis show that models including specific 

types of commodities tend to outperform models that exclude commodities, in longer horizons.  

 

This paper is structured as follows. To start with, previous literature relating to this subject will 

be presented. In the third part, a theory section will be presented where the macroeconomic 

theories, which are linked to commodities, inflation and the relation between these variables 

will be described in further detail. Thereafter comes the data section where one can find sample 

period, descriptive statistics, figures etc. which will give an overview of the data that is being 

used. The fourth section consists of the empirical method, where both the method and empirica l 

models will be presented in detail. The fifth section shows the empirical results in tables and 

figures. The results are thereafter followed by a discussion about how the findings relate to the 

macroeconomic theories and previous studies. The final section consists of conclusions and 

recommendation for further research within this field.  
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2. Previous literature  

 

Previous studies regarding the relation between inflation and commodities will be presented in 

this section. The last part of this chapter describes the main differences between this paper and 

earlier literature.   

 

This paper is primarily inspired by Furlong and Ingenito (1996), where the authors used non-

oil commodity prices as stand-alone indicators of inflation and in conjunction with other leading 

indicators of inflation4, to examine if there is an empirical link between changes in commodity 

prices and inflation. The authors used data for US inflation based on the CPI and two indices 

representing the commodity prices, namely the Commodity Research Bureau (CRB) Index for 

all commodities and an index for raw materials (CRBRAW). Furlong and Ingenito (1996) used 

bi– and multivariate VARs to investigate the relation between commodity prices and inflat ion.  

Furlong and Ingenito (1996) examined if there was a long-run relation between CPI infla t ion 

and commodity prices. This was done by performing cointegration tests, where the results 

implied that there were no long-run relation. They further proceeded with bivariate VARs to 

study the short-run relation and found an empirical relation between CPI inflation and 

commodity prices. However, the relation seemed to change throughout the sample, which led 

them to use subsamples (1973-1983 and 1984-1995) in order to study this change more 

explicitly. The results from the subsamples showed that a shock to commodities did cause a 

significant shock to inflation in the first subsample but not in the second. The out-of-sample 

forecast of the bivariate VARs implied that the commodity prices were not a reliable stand-

alone indicator for inflation.  

 

The authors then used multivariate VARs to study if commodity price indices could provide 

some extra information about the CPI inflation movements in conjunction with control 

variables. The impulse response functions for the first subsample of the multivariate VARs 

implied that the response in inflation to a shock in commodity prices was not statistica l ly 

significant, as before, while the second subsample did show statistically significant effects. The 

authors argued that shocks to commodity prices did not overlap significantly with other 

variables in the period 1984-1995, and that the shocks to commodity prices were more 

idiosyncratic in the second period, relative to the first. The authors stated that non-oil 

                                                                 
4 Such as the tightness in the labour market, spot price of oil, exchange rate and the federal funds rate . 
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commodity prices were relatively strong and statistically significant leading indicators for CPI 

between 1970s and early 1980s. They suggested that shocks in oil prices could have been more 

important in explaining inflation after the 1980s than it was before this period, therefore 

emphasizing that the information content of oil prices increased after the early 1980s. However, 

the authors stated that pinpointing the exact reasons for the difference in the information content 

of commodity prices between the 70s and the early 80s is problematic. They further argued that  

theoretical explanations for this pattern, such as the decline in the commodities’ share in overall 

output or the offsetting response of monetary policy is inadequate to account for the 

deterioration in the relation between changes in commodity prices and overall inflation.  

 

Verheyen (2010) studied whether commodity prices indicate future CPI inflation and if they 

could be used as indicator variables for the central banks to help achieve price stability. 

Verheyen (2010) argued that the past years were characterized by rises in commodity prices 

such as oil and food at the same time as the inflation rates in the US rose above the mark of two 

percent. This further led to a revival of the debate of whether commodity prices indicated future 

CPI inflation and if they could be used as indicator variables or not. The author used quarterly 

US data and the sample ranged from 1967Q1 to 2007Q4. In order to examine the linkage 

between commodity prices and consumer prices, Verheyen used Granger causality tests, 

impulse response functions and structural vector autoregressive (SVAR) models. The author 

also split the sample into two sub-samples (1967Q1-1983Q1 and 1984Q1-2007Q4) in order to 

examine if the linkage has changed over time. The variables included in the paper were CPI 

inflation, CRB index, Federal Funds rate, GDP, CRB Raw industrial sub-index and industr ia l 

production (IP), of which the last two variables were used as robustness checks.  

 

The results of the study showed that there was a strong link between commodity prices and CPI 

inflation in the 1970s and beginning of 1980s. However, the relation seemed to have weakened 

and diminished over time. 5 Verheyen concluded that policy makers should not take commodity 

price changes as signals for future CPI inflation. However, he suggested that central banks 

should monitor if commodity prices could affect inflation expectations in the future. This 

suggestion was motivated by the fact that food and petroleum are goods which are bought 

frequently and a rise in these commodity prices could increase inflation expectations.  

 

                                                                 
5 These results are in accordance with Furlong and Ingenito (1996). 
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Sekine and Tsuruga (2018) investigated the effects of commodity price shocks on headline 

inflation with a balanced panel of cross-country data. They used monthly data for 144 countries 

and the sample used stretched from 2000M1 to 2010M12. The main variables used in their 

study were CPI and the non-energy commodity price index, published by the World Bank. The 

authors started with presenting an AR model and thereafter a local projections model. The local 

projections model was then used to produce impulse response functions assuming that all 

countries are equal and that the impulse response functions are the same across all countries. 

Sekine and Tsuruga (2018) then used regression models that allow for cross-country differences 

with dummy variables such as exchange-rate flexibility, inflation targeting, degree of economic 

development and degree of trade openness.6 They also used a smoothed transit ion 

autoregressive (STAR) model to account for cyclical factors and study how the impulse 

response functions differs between high- and low inflation regimes. 

 

The results from the impulse response functions, based on the regression assuming equal 

countries, implied that the CPIs increased by 1.87 percent at an annual rate in period 12 and the 

estimated responses after this period ranged from 1.80-2.13 percent. 7 The authors measured the 

response of inflation using the slope of the impulse response function and they found that the 

effect is transitory and virtually disappeared in the second year after the shock, at least in terms 

of the cross-country average. The results from the regressions allowing for cross-country 

difference indicated that the CPI of countries that pegged their currency against the US dollar 

is more affected by a commodity price shock than countries with a flexible exchange-rate. 

Countries that have an inflation target are less affected than countries without an inflation target. 

Low developed countries tend to be more affected by a commodity price shock than developed 

countries in the longer run (horizon 18, 19 and 21-24) and results for the trade openness dummy 

did not show a statistically significant difference between countries. The impulse response 

functions from the regression allowing for cross-country difference show similar results as the 

main regression, namely that the effect on CPI is transitory. The results from the STAR model 

implied that commodity price shocks may have a non-transitory effect on inflation with 

exchange rates pegged to the US-dollar. Nevertheless, the effects are still transitory in the 

                                                                 
6 The dummy for exchange-rate flexibil ity takes the value 1 if a country pegs its currency to the US dollar, the 

dummy for inflation targeting takes the value 1 if the country has an inflation target, the dummy for degree of 
economic development takes the value 1 if a country is categorized as a low development country (LDC) by the 
World Bank and the dummy for trade openness takes the value 1 if a country is categorized as a country with a 

high degree of trade openness.  
7 These numbers are the responses of CPI to a 10 percent increase in commodity prices. 
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countries with exchange rate flexibility. The authors’ main conclusion in the paper is that a 

shock in commodity prices does affect the inflation, however, the effect is transitory. 

 

Boughton and Branson (1988) studied the usefulness of broad commodity price indices as 

predictors of the CPI inflation in the G-78 industrial countries, as a group, using data from 1960 

to 1987. They argued that changes in commodity prices played an important indicative role in 

the analysis of global economic conditions because of their importance for developing 

countries. The authors argued that changes in inflation in individual countries may be relative ly 

more affected by policy actions and domestic events. Therefore, they constructed an aggregate 

inflation measure and a group currency unit for the G-7 countries. They used a commodity 

index consisting of 40 commodity prices, constructed by the International Monetary Fund 

(IMF), and was weighted according to 1979-81 shares in world exports. They also used GDP 

and money supply in their analysis. The authors used the Granger causality test to examine if 

lagged values of the commodities index could improve the predictions for the aggregate 

inflation.  

 

The results from the granger causality tests implied that, when using the full sample (1960-

1987), the direction of the estimated causation depends entirely on the currency denomination. 

If the commodity price indices were denominated in US dollars, it seemed that consumer prices 

lead commodity prices. However, if the commodity indices were presented in terms of the group 

currency unit, the reverse was true. The granger causality tests for the shorter samples (1972- 

1987 and 1974-1987) implied that there was no evidence of causation in either direction for 

non-oil commodity prices. However, when the oil prices were included in the index and data 

was denominated in the group currency unit, they observed a causation going from commodity 

prices to consumer prices. They further found that commodity prices and consumer prices were 

not cointegrated, so the hypothesis of a long run relation between the levels of commodity prices 

and consumer prices was rejected. Boughton and Branson (1988) also found that the inclus ion 

of commodity prices improved the in-sample fit. However, the results were not stable enough 

to improve the out-of-sample forecast. They concluded that changes in commodity prices have 

led the consumer prices, if one were to use the group currency. On the other hand, the consumer 

prices seemed to have led the commodity prices if one used data denominated in US dollars. 

                                                                 
8 France, Italy, Japan, Canada, Great Britain, Germany and USA.   
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The authors finally stated that the most important finding is that turning points in commodity 

prices frequently preceded turning points in consumer prices.  

 

Our paper is similar to the previous studies presented above in both purpose and general 

approach. The purpose of the previous literature was to examine the relation, in one way or 

another, between commodity prices and inflation. However, there are small differences 

regarding the purpose that is worth mentioning. For example, Verheyen (2010) presented the 

purpose from a policy perspective of using commodity prices as indicator variables for central 

banks to help achieve price stability. This is not the main goal of our paper, but the discussion 

is still of interest since Sveriges Riksbank used the CPI inflation as a target variable to achieve 

price stability. Regarding the general approach, most papers examined both the in- and out-of-

sample relation. All of the previous literature presented above controlled for other 

macroeconomic variables, which will also be done in our paper, although not explicit ly 

following any previous literature´s choice of control variables. But regardless of which 

(relevant) control variables that have been used, the idea of not overstating the effect of changes 

in commodity prices on CPI inflation is the same. The major difference in our study compared 

to previous papers in this field is that we use a Bayesian framework and focus on a small open 

economy, Sweden, with data that is more up to date. Another difference is that we will perform 

a sensitivity analysis, to examine the effects from different types of commodities.  
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3. Theory  

There are two main macroeconomic theories commonly used to explain the link between 

commodity prices and inflation. These are the cost push inflation theory and the demand pull 

inflation theory, both of which will be describe in more detail below. 

3.1 Cost push inflation theory 

The cost push inflation theory suggests that the increase in the overall price level origina tes 

from increased price for inputs for production, such as labour and raw materials (Federal 

Reserve Bank of San Francisco, 2002). The theory implies that an increase in commodity prices 

leads to higher production cost for firms, this could further be described as a negative supply 

shock (Fregert and Jonung, 2018). Assume an economy where demand is constant, while 

production cost increases (because of higher commodity prices). In that case, one would expect 

less supply in the market, which would mean that the cost-push inflation was triggered from 

the supply side of the economy.  One example of this phenomenon was the rise of oil prices in 

the 1970s. The increased prices of energy and other commodities at that time caused a rise in 

the cost of producing and transporting goods, which ultimately lowered the supply in the 

economy. The cost push inflation is graphically presented in Figure 1 below.  

  

Figure 1. Cost Push Inflation  

 

Source: Self-made  

 

In Figure 1, one can see an illustrated aggregate demand - aggregate supply model (AD-AS).  

The price level is presented on the Y-axis and the output (GDP) is presented on the X-axis. 

Let's assume that the economy in Figure 1 is in equilibrium where the aggregate demand curve 
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and aggregate supply curve crosses in point A. If the commodity prices increase at that point, 

the aggregate supply curve shifts to the left because of less supply. This is illustrated by the 

shift in the AS curve from AS1 to AS2. This further results in a new equilibrium in the economy, 

represented by point B in Figure 1. The new equilibrium implies a lower output in terms of 

GDP and a higher price level.  

3.2 Demand pull inflation theory 

The demand pull inflation theory suggests that the overall price level increases when aggregate 

demand for goods and services in an economy rises more rapidly than the productive capacity 

(Federal Reserve Bank of San Francisco, 2002). One example of this is when the central bank 

increases the money supply in the economy, boosting the demand for goods and services. This 

means that, in the short-run, firms cannot significantly increase production to the same extent 

as demand, because of the inflexible nature of contracts (Ibid). The UK experienced demand 

pull inflation during the second half of 1980s in connection to the Lawson boom, where 

consumer confidence rose in conjunction with higher housing prices and tax cuts. This led to 

increased demand and a relative constant supply of goods and services, which pushed up the 

prices (Congdon, 1988).  

 

The demand pull inflation theory is connected to commodity prices in the sense that commodity 

prices respond more quickly to economy-wide shocks of demand than what general prices do. 

This further means that one could expect commodity prices to lead and be positive correlated 

with changes in inflation, as a response to aggregate demand shocks, see Furlong and Ingenito 

(1996) and Boughton and Branson (1988). The demand pull inflation is graphically presented 

in Figure 2 below.  

 

 

 

 

 

 

 

 

 



11 
 

Figure 2. Demand pull inflation  

 

Source: Self-made  

 

Figure 2 illustrates an aggregate demand - aggregate supply model (AD-AS), where the price 

level is presented on the Y-axis and the output (GDP) is presented on the X-axis. Point A in the 

graph shows the equilibrium of the economy where the aggregate demand and aggregate supply 

curve crosses. Let’s assume an increase in the aggregate demand because of an increase in, for 

example, money supply. This is illustrated by a shift in the AD curve from AD1 to AD2. This 

results in a new equilibrium of the economy, represented by point B in Figure 2. The new 

equilibrium implies a small increase in the output and a relatively higher price level. The 

steepness of the aggregate supply curve implies that the supply side of the economy can not 

completely meet the new demand for goods and services, leading to increased prices. However, 

the prices for goods and services are sticky in comparison to commodity prices, which are 

traded in auction markets. Hence commodity prices will change as a response to aggregate 

demand and the prices of goods and services will change thereafter.  

 

Both theories presented in this section suggest that there is a positive relation between 

commodity prices and the overall price level in an economy. This relation can further be 

described as a hypothesis which one can test and examine. However, commodity prices affect 

the overall price level through two different channels according to these two theories. The cost 

push inflation theory suggests that the commodity prices affects the overall price level through 

the fact that commodity prices acts as inputs into production. While the demand pull infla t ion 

theory suggests that commodity prices affect the overall price level through an aggregated 

demand shock. We are not going to distinguish between these two channels in this paper. 

However, the hypothesis of a positive relation between the variables will be examined.  
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4. Data 
 

In this section, the data used in this paper will be described. To start with, a brief description of 

how the data have been handled will be presented. Thereafter, a detailed exposition of infla t ion 

and the Primary Commodity Index will be introduced together with descriptive statistics. In 

order to properly perform a sensitivity analysis, different types of commodities will be 

described and presented in a similar fashion. Then, control variables will be described and 

motivated. Lastly, a discussion regarding potential issues with the dataset will be presented.  

 

All data used in this paper will be monthly, times series data, stretching from 1993M01 to 

2019M01. Since this paper aims to examine how changes in world commodity prices affect 

Swedish inflation, changes in commodity indices have been calculated using the following 

formula:  

 Growth in  𝑦𝑡 =  
(𝑦𝑡 − 𝑦𝑡−12 )

𝑦𝑡−12

 (1) 

 

Where 𝑦𝑡 is the value for variable 𝑦 at time 𝑡. Since CPI inflation is commonly discussed in 

annual terms (YoY), the changes in the commodity indices compare one period, to the same 

period last year. Some of the benefits of using growth rates in annual terms (YoY) compared 

to monthly (MoM) or quarterly (QoQ) growth rates is that it reduces the importance of 

seasonal fluctuation and is possibly less noisy. The choice of measuring growth in annual 

terms is consistent with previous literature, see for example Boughton and Branson (1988) 

and Sekine and Tsuruga (2018). 

 

Table 1 presents a compilation of the variables used in this paper, where the second column 

presents how the indices and the three macroeconomic variables (CPI inflation, unemployment 

and three-month Treasury bill rate) will be named in this study. 
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Table 1. Compilation of variables 

Data Variables 

CPI Inflation INF 

Primary Commodity Price Index* PCI 

Energy Index* ENE 

Food and Beverages Index* F&B 

Metals Index* MET 

Agricultural Raw Materials Index* ARM 

Fertilizers Index* FER 

Unemployment UMP 

Three-month Treasury bill rate 3-MT 

Note: The asterisk (*) implies that the data has been transformed into growth rate using equation (1). 

 

Test for stationarity and unit roots has been conducted and can be found in Table A1 and Table 

A2 in the appendix. The results from the KPSS tests shows that all variables, excluding 3-MT 

and UMP, could be considered stationary. The ADF test implies that INF, PCI, ENE, ARM and 

FER does not contain a unit root on at least the 10 percent significance level. The rest of the 

variables could be considered to have unit roots. 

4.1 Inflation  

The time series data for the CPI inflation has been downloaded from Statistics Sweden (SCB) 

(2019a). The CPI is essentially a Laspeyres index which uses a basket of consumer goods to 

weight its constituent prices (Stock and Watson, 1999). The change in CPI measures the average 

price development for the private domestic consumption (SCB, 2017) and is the most common 

way to measure headline inflation (Sveriges Riksbank, 2018a). CPI could be considered to be 

a basket of consumer goods and services, and is meant to, justly, proportionate each 

consumption category9 for the average consumer.  

 

In 1992, Sveriges Riksbank abandoned the fixed exchange rate against the European Currency 

Unit (ECU), in favor for inflation targeting, which started in 1993. One reason for having an 

inflation target was so that Sveriges Riksbank could help maintain price stability (Sveriges 

Riksbank, 2018b). This in turn would create good conditions for sustainable growth. Sveriges 

                                                                 
9  Housing, Transport, Culture, Food (and nonalcoholic beverages), Restaurants and Accommodation, Household 

Goods, Health Care, Shoes and Clothes, Mail and Telecommunication, Alcohol and Tobacco, Education and 

Others. 
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Riksbank chose to aim for two percent inflation10, for a variety of reasons11 (Ibid). Since 

Sweden did not become an inflation targeting country until 1993, data before this period will 

not be used.  

 

Figure 3. Swedish CPI inflation.  

  

Note: Monthly data is used with a sample period of 1994M1 to 2019M1. The CPI inflation is given in growth rates as 

changes with respect to the same month in the preceding year (annual growth rates) in percent. Source: SCB (2019a). 

 

Figure 3 shows that the inflation peaked in 2008M09 at 4.4 percent and reached its lowest point 

one year later in 2009M09 at -1.9 percent. According to Table 2 the mean of the INF is 

approximately 1.21 percent and the standard deviation (S.D) is 1.18 percent.  

4.2 Primary commodity price index  

The primary commodity price index was downloaded from the International Monetary Fund 

(IMF, 2019a) and consists of several sub-indices, with 68 individual commodities in total. To 

see the primary commodity price index in full detail, see Table A3 in appendix. Changes in 

commodity prices have been calculated using equation 1.  IMF (2019b) constructs indices for 

different categories of commodities and weight them every five years12. The weights are 

calculated as import weights, which means that the weight of a certain commodity is based on 

that commodities share in the total global commodity imports. 

                                                                 
10 Plus minus one percentage. 
11  For example, the inflation at the time when inflation targeting was introduced was approximately two percent. 

An inflation target at two percent was also considered to give sufficient room for maneuver for monetary policy. 
12 The weights in the commodity indices reflects the structure of trade in 2014-2016. 
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 Figure 4. Changes in Primary Commodity Price Index.  

 

 Note: Monthly data is used with a sample period of 1994M1 to 2019M1. PCI is given in growth rates as changes with 

respect to the same month in the preceding year (annual growth rates) in percent. Source: IMF (2019a). 

 

The changes in commodity prices are rather volatile during the sample, which is illustrated in 

Figure 4. The mean of PCI in the sample was approximately 5.64 percent with a S.D at 19.26 

percent, which can be observed in Table 2. Another observation is that PCI ranged from -42.24 

percent in 2009 to 56.84 percent in 2008. The peak of the commodity prices in the early 2000s 

can be directed to the unexpected and persistent acceleration in economic growth in emerging 

economies (Helbling, 2012).  One should also notice the boom in the changes in commodity 

prices in 2006-2008. The boom was argued to originate from strong and sustained economic 

growth, a weak dollar, fiscal expansion, lax monetary policy and low past investment in 

extractive commodities (Baffes and Haniotis, 2010). The boom in 2006-2008 was followed by 

a steep decline in commodity prices, mainly because of a lower global demand from the 

financial crisis. The drop in commodity prices in 2015 was mainly due to excess supply and 

concerns about slowing growth in major emerging economies (The World Bank, 2016). 
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Table 2.  Descriptive statistics   

 

 

 

 

 

 

 

Note: Monthly data is used with a sample period of 1994M 01 to 2019M01. PCI, ENE, F&B, MET, ARM and FER is given in 

growth rates as changes with respect to the same month in the preceding year (annual growth rates) in percent, while INF is 

presented in percent. 

4.3 Categories of Commodities 

The section below will briefly describe the characteristics of the variables that will be used in 

the sensitivity analysis of this paper. The PCI is originally composed by four main indices13, 

where the Food and Beverages price index is a part of the Agriculture price index. In this paper, 

the index for food and beverages prices has been extracted and used as a stand-alone index in 

order to make it possible to examine them as an individual group of commodities.  

 

The Energy price index constitutes 40.9 percent of the total share in PCI and is therefore the 

largest of the sub-indices14. The change in the Energy price index (ENE) has a mean of 9.64 

percent and a standard deviation (S.D) of 30.93 percent in this sample, which can be observed 

in Table 2. The second largest sub-index is the Food and Beverages price index, it contributes 

to 30.1 percent of the total share in PCI. The mean of the change in Food and Beverages price 

index (F&B) is 2.44 percent and has a S.D of 11.32 percent. The third largest sub-index is the 

Metal price index, which constitutes 22.7 percent of PCI. The mean and S.D for the change in 

the Metals price index (MET) is 6.78 and 22.7 percent respectively. The fourth largest sub-

index is the Agriculture price index with a weight of 4.3 percent of the total share in PCI. The 

change in Agriculture price index (ARM) has a mean of 2.07 percent and a S.D of 15.05 percent. 

The smallest of the sub-indices is the Fertilizers price index, which constitute 1.9 percent of the 

total share of PCI. The change of the Fertilizers price index (FER) has a mean of 7.02 percent 

and a S.D of 30.75 percent.  

                                                                 
13 Fuel (Energy) Index, the Agriculture Price Index, the Fertil izer Pr ice Index, and the Metals Price Index. 
14 For full  information regarding the weights of the sub-indices and individual commodities, see Table A3 in 

appendix. 
 

 
INF PCI ENE F&B MET ARM FER 

Mean 0.0121  0.0564  0.0964  0.0244  0.0678  0.0207  0.0702 

Median 0.0120  0.0654  0.0745  0.0113  0.0419  0.0032  0.0284 

Maximum 0.0440  0.5684  1.1175  0.3575  0.7727  0.6247  1.6871 

Minimum -0.019 -0.4224 -0.5380 -0.2712 -0.3515 -0.2718 -0.5943 

S.D 0.0118  0.1926  0.3093  0.1132  0.2052  0.1505  0.3075 

Obs 301 301 301 301 301 301 301 
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The price changes in the different commodity types is graphically presented below in Figure 5. 

The time-series are rather volatile and one can see that the financial crisis in 2008 had a notable 

negative effect on commodity prices.  

 

Figure 5. Commodity sub-indices. 

 

Note: Monthly data is used with a sample period of 1994M 01 to 2019M01. All growth rates are given as changes with respect 

to the same month in the preceding year (annual growth rates) in percent. Source: IMF (2019a). 

There is a distinct downward pattern in the ENE, F&B, ARM and FER during the financ ia l 

crisis. The downward slope is present in the MET as well, but it is harder to connect the financ ia l 

crisis for that movement, since the rate of change has dropped distinctively from 2006.  

 

-80

-40

0

40

80

120

94 96 98 00 02 04 06 08 10 12 14 16 18

P
er

ce
n

t

Year

ENE

-30

-20

-10

0

10

20

30

40

94 96 98 00 02 04 06 08 10 12 14 16 18

P
er

ce
n

t

Year

F&B

-40

-20

0

20

40

60

80

94 96 98 00 02 04 06 08 10 12 14 16 18

P
er

ce
n

t

Year

MET

-40

-20

0

20

40

60

80

94 96 98 00 02 04 06 08 10 12 14 16 18

P
er

ce
n

t

Year

ARM

-100

-50

0

50

100

150

200

94 96 98 00 02 04 06 08 10 12 14 16 18

P
er

ce
n

t

Year

FER



18 
 

4.4 Control variables  

In order to control for other potentially relevant macroeconomic factors, two additiona l 

variables have been included in the analysis; this way, one is less likely to overstate the 

importance of changes in commodity prices to inflation. The two control variables are the three-

month Treasury bill rate and unemployment rate, which will be described below. The two 

control variables have been chosen with economic theory in mind.  

 

4.4.1 three-month Treasury bill 
 

According to the Fisher hypothesis, there is a positive relation between the interest rate and 

expected inflation (see Jonsson and Reslow, 2015). Hence, one can argue that it is necessary to 

control for the interest rate when examining inflation. 

 

Monthly data for the three-month Treasury bill rate (3-MT) has been downloaded from Sveriges 

Riksbank (2019). The 3-MT has been averaged into monthly data from daily data, the time 

series is shown below in Figure 6. 

 

Figure 6. Three-month Treasury bill rate.  

  

Note: Monthly data is used with a sample period of 1994M1 to 2019M1. The three– month Treasury bill rate is given in percent. 

Source: Central bank of Sweden (2019). 

 

The 3-MT have had a negative trend since the beginning of the sample. In 2015M03 it reached 

a negative rate for the first time, and has since then never recovered to positive levels. The mean 

for the series is 2.8 percent with a S.D at 2.4 percent as can be seen in Table 3 below.  
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In this sample, the process is not stationary, which can be seen in Table A2 in appendix. 

However, consider the Fisher hypothesis in equation 2: 

 

 
𝑖𝑡 = 𝑟 + 𝐸𝑡(𝜋𝑡+1 ) (2) 

The nominal interest rate (𝑖𝑡) is dependent on real interest rate (𝑟) and expected inflat ion 

𝐸𝑡(𝜋𝑡+1). This paper assumes a stationary/mean reverting inflation and a stationary real interest 

rate; concluding that if the real interest rate is stationary, so should the nominal interest rate 

be.15 

Table 3. Descriptive statistic  

 

 
3-MT UMP 

Mean  0.0259  0.0779 

Median  0.0228  0.0760 

Maximum  0.0929  0.1170 

Minimum -0.0079  0.0560 

S.D  0.0246  0.0152 

Obs 301 301 

Note: Monthly data is used with a sample period of 1994M 01 to 2019M01. 3-MT and UMP is given in percent. 

 

4.4.2 Unemployment rate  
 

Data for unemployment rate has been downloaded from SCB (2019b). The offic ia l 

unemployment statistic measures the share of individuals between 15-74 years in the population 

that was not employed and actively searched for a job during a specific period of time. The time 

series for the Swedish unemployment rate is presented in Figure 7 below. 

 

 

 

 

 

 

 

 

                                                                 
15  Assuming real interest rate to be stationary, is based on argumentation by Österholm (2008), who also 

highlighted common criticism on the issue.  

 



20 
 

Figure 7. Swedish Unemployment rate (seasonally adjusted). 

 

Note: Monthly data is used with a sample period of 1994M01 to 2019M01. The unemployment rate is given in percent. Source: 

SCB (2019b). 

 

Sweden suffered an economic crisis in the 1990s. The crisis emerged partly from the tax 

reformation in housing market, but also due to other factors, such as deregulations in the 

financial sector and changes in interest deduction (Perbo, 1999). The crisis lead to a relative ly 

high unemployment rate during the 90s, which can be observed in Figure 7. The mean 

unemployment rate during the sample used is 7.9 percent, with a S.D of 1.6 percent as can be 

seen in Table 3.  

 

The results from the stationarity tests shows that UMP is not a stationary process, which can be 

seen in Table A2 in appendix. However, the bounded variation of the unemployment rate 

implies that it cannot contain a unit root, according to Edlund and Karlsson (1993).16 Hence, 

the unemployment rate process is assumed to be stationary in this paper. 

4.5 Critical views of the dataset 

All of the data used in this paper is collected from domestic and international authorities such 

as SCB, the IMF and Sveriges Riksbank. These sources can further be considered as 

appropriate, objective and reliable.  

                                                                 
16 If one assumes the maintained hypothesis that the unemployment rate can be represented as a stochastic 
l inear process, the presence of a unit root in the autoregressive polynomial implies that the varia nce tends to 

infinity with t. This is clearly contradicted by the fact that unemployment rate is restricted by 0 percent in the 
lower bound and 100 percent in the upper bound.  
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The most common measure for inflation in Sweden is the change in CPI. However, in 

September 2017, the central bank of Sweden decided to use the consumer price index with a 

fixed interest rate (CPIF) instead of traditional CPI inflation as the target variable (Sveriges 

Riksbank, 2018a). The reason CPI inflation is used in this paper instead of CPIF-inflation is 

because the forecasts for the out-of-sample analysis starts in 2007M01, a time when the Central 

bank of Sweden used CPI inflation as the target variable. Hence, one can argue that it is more 

logical to use CPI inflation as the dependent variable instead of CPIF-inflation, in this case. 

 

The primary commodity price index is weighted according to 2014-2016 world import weights, 

where the energy commodities make up 40.9 percent of the total share of world import weights. 

This can be seen as a rather big share and can be considered problematic. If a shock occurs to 

the energy prices, it will result in a relatively big change in primary commodity price index 

(ceteris paribus) because of the big share of 40.9 percent. However, if a shock occurs to 

agricultural raw materials, one can expect a relatively small change in the primary commodity 

price index because of the small total share of 4.3 percent. This means that a big change in, for 

example, agriculture raw material or fertilizers can be hard to capture in the primary commodity 

price index. To be able to see if changes in the different sub-indices can affect CPI inflation, a 

sensitivity analysis will be performed to capture the effects from the different categories of 

commodities. As stated earlier, the sub-indices that will be examined are Energy, Food and 

Beverages, Metals, Agricultural Raw Materials and Fertilizer. One can go into details about 

individual commodities such as oil or copper, however we chose to limit this study to these sub-

indices, mainly because of time restrictions. It is worth mentioning that the results and the 

interpretation of the results could possibly be affected if one uses commodity price indices 

denominated in SEK instead of US dollars, as it is originally from IMF. It is also worth to clarify 

that the purpose of this paper is not to find the best model for forecasting CPI inflation, but to 

examine if there is a marginal benefit of adding commodities into the models using the specific 

commodity price indices presented in section 4.2 and 4.3. A further discussion and examina tion 

of the possible implications of this will be presented in section 7.1 

 

As stated previously in this paper, SCB nowadays measures the unemployment rate for 

individuals between 15-74 years. However, during 1970M01 - 2000M12, SCB only measured 

the unemployment for the population aged 16-64. It was first in 2001M01 that SCB started 

measure the unemployment rate of individuals between 15-74 years, which later became the 

official unemployment statistic measure in 2007 (Andersson, Beijron and Karlsson, 2016). This 
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means that the first observations (1994M01 - 2000M12) of the unemployment rate in the dataset 

is based on the old definition (16-64), while the remaining part (2001M01- 2019M01) used the 

new (15-74). The difference between the unemployment rate using the old and the new way is 

small and can be seen as negligible. 
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5. Method 
 

This chapter starts with the fundamentals of Bayesian inference and a presentation of the 

Bayesian vector autoregressive model (BVAR) and the steady-state BVAR. Thereafter, the 

settings required to run the model will be presented, describing the choice of lag lengths and 

the Minnesota priors. Then, the empirical model will be described and lastly the measures for 

evaluation used in this paper will be introduced.  

5.1 The Bayesian Approach 

There are major differences between the Bayesian and the frequentist framework in regard to 

how they do their estimations, the most important ones will be described below. 

 

The frequentist uses the data while assuming that parameters are fixed and unknown, where the 

goal is to estimate these parameters under these prerequisites. The goal for the Bayesian is to 

estimate parameters from some observed data, but expressed as probability distributions instead 

of point estimates – that is, single values for these estimates. This is done by combining data 

and prior knowledge about the parameters, in order to estimate the distribution of the data.  This 

means that the Bayesian can infuse his or hers believes and combine those beliefs with the 

actual data.17 The advantages with the Bayesian approach are that it provides a way of 

combining prior information and data, within a solid theoretical framework. Given that the prior 

information infused in the model is good, the predictions given by the model should improve 

as well. There are, however, potential problems with this approach, but these will be discussed 

in chapter 7.1. 

5.2 Bayes’ Theorem 

Bayes theorem is a way to describe the probability of an event, based on prior knowledge on 

the conditions that is related to the specific event.  The starting point in Bayesian inference is 

Bayes’ theorem, and is shown in its basic form in Equation A1 in appendix. Adapting Bayes 

rule to empirical estimation is done by inserting a time series of data observations 𝑦𝑖 and prior 

believes, 𝜃, resulting in: 

 𝑝(𝜃|𝑦) =
𝑝(𝑦|𝜃) 𝑥 𝑝(𝜃)

𝑝(𝑦)
 (3) 

                                                                 
17 This is i l lustrated in Figure A1 in appendix. 



24 
 

where 𝑝 denotes some probability distribution. 𝑝(𝜃|𝑦) is defined as a conditional distribution 

of the parameter depended on data 𝑦. 𝑝(𝑦|𝜃) is the likelihood function, and denotes the 

conditional distribution of the data, given the parameter of the model. 𝑝(𝜃) is the prior 

distribution of the parameter. The prior knowledge incorporated in 𝜃 might be given by 

economic theory, reasoning and/or previous research. Therefore, the prior probability 

distribution function (pdf) for 𝜃 should reflect all the information about 𝜃 that we know of, 

before collecting the data (Asendorpf et al., 2013) 

 

In order to obtain a posterior distribution, the joint distribution of the data and the parameters 

is divided by 𝑝(𝑦), which is called the marginal likelihood. Consider equation 4. 

 

 𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 ∝ ∏ 𝑓(𝑦𝑖|𝜃) 𝑥 𝑝(𝜃)

𝑛

𝑖=1

 (4) 

 

Equation 4 shows that the posterior is proportionate to the prior times the likelihood, given that 

the distribution is independently and identically distributed (i.i.d.).  It is from equation 4 that 

all the inference is derived. To get a more detailed derivation of how the estimations are made, 

see equation A2-A12 in appendix. 

5.3 Bayesian vector autoregressive (BVAR) 

Karlsson (2013) gives in-dept explanations in the complex process of forecasting with BVAR 

models, and since the topic is of a multi- layered nature, this section will briefly reflect the main 

points important for this paper. 

 

The pioneer work of Sims (1980) suggested to replace the large-scale macroeconomic models 

from the 1960s with VARs. Furthermore, Sims (1980) suggested that Bayesian methods could 

improve the frequentist methods in the estimations of model coefficients. Litterman (1979) was 

first to include macroeconomic variables in BVAR for forecasting purposes, and the method 

has since then been recognized as a proper forecasting tool and applied by scholars and policy 

makers alike (Miranda-Agrippion and Ricco, 2018).  
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In the following equations, we will mostly follow Villani (2009) notations. Consider the 

traditional BVAR model: 

 𝐆(L)𝐱𝐭 =  𝛍 + 𝜺𝒕   (5) 

 

where 𝑥𝑡 is a 𝑛 𝑥 1 vector of stationary macroeconomic variables at time 𝑡. 

𝐆(L) = 𝐈𝐩 − 𝐆𝟏𝐋 − ⋯ − 𝐆𝐩𝐋𝐩   is a lag polynomial of order p. 𝐿 is a back-shift operator with 

the property 𝐿𝑥𝑡 = 𝑥𝑡−1. 𝜺𝒕  is an 𝑛 𝑥 1 vector of i.i.d. error terms with time invariant covariance 

matrix 𝐸(𝜺𝒕  𝜺𝒕
′) = ∑   and a mean of zero 𝐸(𝜺𝒕) = 0 . 

 

Villani (2009) stated that it is generally difficult to specify priors for 𝜇 in equation 5, and that 

the solution usually has been to employ non-informative priors for these parameters.18 He 

further argued that the difficulty of specifying a prior for 𝜇 is related to the chosen specificat ion. 

Villani (2009) meant that forecasts from stationary VARs approach the unconditional mean of 

the process,𝝍 = 𝑮−1 𝛍 and that the prior for 𝝍  usually is available and important for the 

forecasting performance.  

5.4 Steady state BVAR 

Villani (2009) therefore proposed the alternative parameterization of the model: 

 

  𝑮(𝑳)(𝒙𝒕 − 𝝍) = 𝜺𝒕 (6) 

 

Where 𝑮(𝐿), 𝒙𝑡 and 𝜺𝑡 are defined as above. The model described in equation 6 is nonlinear in 

its parameters, but the unconditional mean is directly specified by 𝝍 which immediately gives 

the steady-state of the series for the variables in the system. This gives the forecaster a 

possibility to infuse his or her beliefs regarding the parameter and therefore specify an 

informative prior distribution (Zettlemyer and Österholm, 2008). To start with, one needs to 

specify a prior distribution on ∑, (𝐺1, . . , 𝐺𝑘) and 𝝍. In this paper, we follow Villani (2009) 

when estimating equation 6 with the priors on the time invariant covariance matrix ∑ set to be: 

 

 
𝑝( ∑ ) ∝ | ∑ |− 

(𝑝+1)

2   

 
(7) 

                                                                 
18 Non informative prior or ”flat priors” indicate that one base decisions on the data at hand. That is, there is no 
incorporation of historical knowledge. Mathematically it proposes 𝑝(𝜃) ∝ 𝑐 over the domain of 𝜃. 
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And let 𝑮 = (𝐺1, … , 𝐺𝑘)′. The prior for vec(𝑮) is a general multivariate normal distribution 

 

 𝑣𝑒𝑐(𝑮)~𝑁(𝜽𝑮,𝛀𝑮)  (8) 

 

Lastly, we assume prior independence between 𝐺 and 𝜓, and that: 

 

 𝑣𝑒𝑐 (𝝍) ~𝑁 (𝜽𝝍 ,𝛀𝝍) (9) 

 

The priors on ∑ is accordingly uninformative while the prior on 𝑣𝑒𝑐(𝑮) and the steady-state 

parameter 𝝍 is assumed to be normally distributed centered on a chosen specific value. 

 

The numerical evaluation of the posterior was conducted using Gibbs sampler. In this paper, 10 

000 draws were made from the posterior and predictive (forecast) distribution, with a burn- in 

rate of five percent19. The draws where restricted to be stationary, meaning that non-stationary 

Gibbs sampling draws were discarded.20 

5.5 Model settings  

In the following section, a discussion regarding the appropriate lag length and the Minnesota 

priors will be presented. 

 

5.5.1 Choosing the appropriate lag length 
 

Traditional VAR models have several disadvantages, where overfitting/heavy 

parameterization, is one of them. This means that they suffer heavily from the loss of degrees 

of freedom, which decreases exponentially w.r.t the number of lags included in the model 

(Caraiani 2010). Information criteria are therefore employed to penalize adding extra variables 

and lags into the model.  Overparameterization is not a problem to the same extent in BVAR 

models since they impose certain restrictions on the VAR parameters, which in turn are based 

on their prior pdfs (Chon, Song and Wong, 2005). Litterman (1986) argued that one should 

include as many lags that is computationally feasible while Doan (2014) recommended using 

the number of lags equal to one year plus one period. Test has been conducted using the 

                                                                 
19 Burn-ins are required since early iterations do not converge to the posterior distributions and is therefore 

“burned”, this means that the first 500 draws will  be omitted.  
20 A more detailed explanation of the Gibbs sampler is given by Gearhart (2018) and Yildirim (2012). 
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recommendations of Doan (2014). Going from 1 to 13 lags indicate no noteworthy difference 

between lag 8 to 13. Hence, the chosen lag length in this paper is therefore lag length k = 8.  

 

This means that the models will forecast inflation 36 month ahead, using eight lags on the 

variables included in the model. Since some of the variables are expressed in YoY growth rates, 

this setting could weaken the forecasting performance, as all variables are considered persistent, 

monthly-wise. If one would use monthly growth rates instead, it could be argued that the 

information imbedded in the autocorrelation of the series could be utilized in a more given way, 

since serial-correlation contains forecasting power. However, monthly growth rates could 

contain more noise, and therefore potentially worsen the forecasts.  The eight lags included in 

the models will capture some of the information in the autocorrelation in the series and therefore 

mitigate this potential issue.  

 

5.5.2 Minnesota priors  
 

To get model coefficients that generate good forecasts, Minnesota priors are often employed. 

They express the belief that independent random walks for each of the variables included in the 

model, is a good forecasting setting for many macroeconomic variables (Österholm, 2012). To 

summarize the standard deviation of the prior for 𝐺𝑖𝑗
𝑘 , that is, the row 𝑖, column 𝑗 element in the 

matrix 𝑮𝑘 , as: 

 𝒔(𝐺𝑖𝑗
𝑘 ) =  

𝜆1𝜆2
𝐼(𝑖,𝑗)

𝜎𝑖

𝑘𝜆3 𝜎𝑗

 (10) 

Where 𝜆1determines the overall tightness of the prior. 𝜆2 is a shrinking factor, describing the 

cross variables tightness. 𝐼(𝑖, 𝑗) is an indicator variable which is 1 if 𝑖 ≠ 𝑗 and 0 otherwise. k is 

the number of lags. 𝜆3 controls how the coefficients are shrunk towards 0 with increasing lag 

length, also called lag decay. 𝜎𝑖 and 𝜎𝑗 is a correction for the scale of variables 𝑖 and  𝑗. The 

traditional Minnesota prior settings are shown in Table 4. For more detailed explanation see 

Karlsson (2013). 
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Table 4. Minnesota prior beliefs  

Hyperparameter Description  Allowed Range Value in this study 

𝜆1 Overall Shrinkage of prior 𝜆 1 > 0 0.2 

𝜆 2 Cross variable shrinkage 0 < 𝜆 2 ≤ 1 0.5 

 𝜆 3 Lag-decay 𝜆 3 > 0 1 

Table 4 shows the framework of the traditional Minnesota prior settings and the settings used Inspired by Kumar et al. 

(2018).  

 

This paper follows the Minnesota prior settings, where the hyperparameters (𝜆1,𝜆2,𝜆3) enact 

tightness accordingly, as shown in Table 4 and should therefore be considered uncontrovers ia l, 

see Litterman (1986) for further explanations. These settings assume own lags to be more 

important than lags of other variables. The traditional setting is to set a prior with mean on the 

first own lag equal to 1 for all variables in level and 0 on all other coefficients in G in the model. 

This is however inconsistent with the mean adjusted model shown in equation 6, as random 

walks, per definition, do not have a well specified mean (Österholm, 2012). Therefore, the 

dynamics will be modified so that the prior mean of the first own lag is set equal to 0.9 for 

persistent variables and 1 for the others.21 

 

It is sometimes necessary to block effects from certain variables on other variables in the model, 

in order to make claims about exogeneity (Karlsson, 2013). This action is usually justified by 

economic reasoning and/or by following previous literature. This paper will block effects from 

domestic variable on the international traded commodity prices, since small open economies 

should not be able to impact global macroeconomic factors significantly. In order to block 

exogeneity one can add another hyperparameter,  𝜆4, as shown in equation 11, to help to resolve 

this issue. 𝜆4 determines the magnitude of the belief in exogeneity assumption, and 𝐼𝑖(𝑗) is an 

exogenity indicator that equals 1 if variable j is assumed exogenous in equation 𝑖 and 0 

otherwise. In this study 𝜆4 = 0.001 in equation 11, thus, imposing tightness around zero for 

domestic variables (UMP, INF and 3-MT) upon the remaining non-domestic variables. 

 

 𝒔(𝑓𝑖𝑗
𝑘) =  

𝜆1𝜆2
𝐼(𝑖,𝑗)

𝜎𝑖𝜆4

𝐼𝑖 (𝑗)

𝑘𝜆3 𝜎𝑗

 (11) 

                                                                 
21 This type of modification on the prior is commonly applied in empirical work. See for example Österholm 

(2012), Zettelmeyer & Österholm (2008), and Adolfsson et al (2007). In this paper all  variables have, 
independently relatively high serial correlation, which indicates persistence.  
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5.6 Empirical model 

In order to begin the evaluation of the models, one needs to first specify the priors. Table 5 

shows the steady state priors for 𝝍 in equation 6. They are justified as follows: 

 

 Priors for INF have been set in accordance to the outspoken inflation target of Sveriges 

Riksbank. 

 Commodity growth rates have been set assuming the indices, in level, follows a random 

walk with a small positive drift (Zettelmeyer and Österholm, 2008). The prior of the 

drift component or, the steady state growth, has been set with this in mind and compared 

to the arithmetic mean of the series and therefore evaluated judgmentally22.  The prior 

probability intervals have been set with respect to the volatility of each index, where a 

broader interval should be considered to be less informative. 

 Following Gustavsson, Stockhammar and Österholm (2016), the prior for 

unemployment has been set to 6.5 percent with a probability interval in line with the 

mentioned authors23. 

 Relying on the Fisher hypothesis, 𝑖𝑡 = 𝑟 + 𝐸𝑡(𝜋𝑡+1), assuming steady state inflation at 

two percent and the real interest rate to be two percent in accordance to Taylor (1993) 

the prior on the nominal interest rate should accordingly be four percent.  

 

 

 

 

 

 

 

 

 

 

 

 

                                                                 
22 We have set the priors of the indices growth rates, to what could be considered long-term tenable. 
23 The arguments for choosing the same prior for unemployment, is that the sample period used in this paper is 
comparable with the sample period used by Gustavsson, Stockhammar and Österholm (2016). 
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Table 5. Steady-state prior 

  95 Percent probability interval1 

INF (0.010,0.030) 

PCI (-0.020,0.060) 

ENE (-0.020,0.080) 

F&B (-0.005,0.025) 

MET (-0.01,0.060) 

ARM (-0.005,0.045) 

FER (-0.005,0.055) 

UMP (0.050,0.080) 

3-MT (0.030,0.050) 

Note: Units are in percentage points for the Swedish three-month Treasury bill (3-MT) and for Swedish unemployment (UMP). 

For all other variables (that is, Swedish consumer price index inflation (INF), growth in the Primary commodity price index 

(PCI), Energy price index (ENE), Food and Beverages price index (F&B), Metal price index (MET), Agricultural raw material 

price index (ARM) and Fertilize price index (FER)) the units are in percent.  

1 The priors are assumed to be normally distributed. 

 

The main models for the analysis are specified according to: 

𝑥𝑡 = (𝑃𝐶𝐼𝑡 , 𝐼𝑁𝐹𝑡 )′                   (12) 

𝑥𝑡 = (𝑃𝐶𝐼𝑡 ,𝑈𝑀𝑃𝑡 , 𝐼𝑁𝐹𝑡 , 3 − 𝑀𝑇𝑡)′                  (13) 

 

The sensitivity analysis will be done with regards to the following specifications:                

𝑥𝑡 = (𝐼𝑁𝐷𝐸𝑋𝑖𝑡 , 𝐼𝑁𝐹𝑡 )′                   (14) 

𝑥𝑡 = (𝐼𝑁𝐷𝐸𝑋𝑖𝑡 ,𝑈𝑀𝑃, 𝐼𝑁𝐹𝑡 , 3 − 𝑀𝑇)′                  (15) 

 

where 𝑖 = 𝐸𝑁𝐸, 𝐹&𝐵,𝑀𝐸𝑇, 𝐴𝑅𝑀, 𝐹𝐸𝑅 

 

The model specifications 12-15 will all be part of the in-sample analysis. In the out-of-sample 

analysis the bivariate model specifications 12 and 14 will be compared to the univariate model: 

𝑥𝑡 = (𝐼𝑁𝐹𝑡 )′                    (16) 

 

The multivariate model specifications, 15 and 17, will be compared to the trivariate model 

specification: 

𝑥𝑡 = (𝐼𝑁𝐹, 𝑈𝑀𝑃, 3 − 𝑀𝑇)                   (17) 
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The reason for comparing the models in this fashion, is so that we can examine the possible 

marginal benefit of adding commodity price indices into the model specifications.  

5.7 Measures for evaluation 

The measures for evaluation will be presented in this part of the paper. Both in- and out-of-

sample analysis will be done. The in-sample analysis will be performed in terms of impulse 

response functions. The out-of-sample analysis will consist of out-of-sample recursive 

forecasts, which will be evaluated in terms of the root mean squared error (RMSE), the mean 

absolute error (MAE) and the Diebold-Mariano (DM) test. 

 

5.7.1 In-sample analysis 
 

The impulse response function illustrates the evolution of a variable of interest along a specified 

time horizon after the variable has been exposed to a shock (Alloza n.d.). The impulse response 

functions in this paper are based on the standard Cholesky decomposition of the covariance 

matrix. We identify the orthogonal shocks (𝜺𝑡) using the reduced form shocks according to 

𝜼𝑡 = 𝑷−𝟏𝜺𝑡 where 𝑷 is obtained as  ∑ = 𝑷 𝑷′. 24  Sims (1980) used Cholesky decomposition 

in order to triangularise the VAR to achieve orthogonalisation. However, the triangularisa t ion 

imposes a recursive structure on the contemporary relations between the variables. Hence, the 

ordering of the variables in the VAR will determine which variable that affects which in a 

recursive way (Ronayne, 2011). The ordering of the variables in the impulse response function 

in this paper will be structured according to model specifications 12-15. Take model 

specification 13 as an example, 𝑥𝑡 = (𝑃𝐶𝐼𝑡 ,𝑈𝑀𝑃𝑡, 𝐼𝑁𝐹𝑡 , 3 − 𝑀𝑇𝑡)′. The ordering of the 

variables, in this case, means that the growth in the Primary Commodity Price Index (PCI) is 

assumed to be contemporaneously independent of all shocks except its own. The change in 

UMP is assumed to contemporaneously depend only on shocks to PCI and so on. One should 

also treat the commodity variables as block exogenous with respect to the domestic variables. 

The arguments for doing this are based on economic reasoning suggesting that a small open 

economy should not be able to affect the prices for international traded commodities. Regarding 

the ordering of the domestic variables, one could argue that unemployment is a relatively sticky 

macroeconomic variable with respect to the other two domestic variables. The price level could 

be considered to be relatively sticky compared to the 3-MT, which is a fast moving financ ia l 

                                                                 
24 This notation follows Österholm (2010)  
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variable. This will logically put INF before the 3-MT in a slow-to-fast moving approach.   

 

5.7.2 Out-of-sample analysis 
 

For changes in commodity prices to Granger cause inflation (in an out-of-sample 

environment), we require that the out-of-sample forecasting performance of the BVAR model 

including changes in commodity prices is better than that of an otherwise identical model 

excluding these changes. The out-of-sample exercise will be conducted using a recursive out 

of sample forecast.  

 

We will initially estimate all models using data based on the sample period 1994M01-

2007M01, which correspond to approximately 50% of the sample. The models will then 

forecast CPI inflation 36 months ahead, and when the first forecast sequence is done the 

models are re-estimated but with an extended sample size by one period. This is done until the 

last forecast is conducted in 2018M12 forecasting only one month ahead, using a model 

estimated from 1994M01-2018M12.   

 

The evaluation measures employed in this paper is the standard forecast errors RMSE and 

MAE.25 Both of the measures are presented below this section. 

 

 𝑅𝑀𝑆𝐸ℎ =  √𝑇−1 ∑(𝑦𝑡+ℎ − �̂�𝑡+ℎ|𝑡)
2
 

𝑇

𝑡=1

 (128) 

 

 𝑀𝐴𝐸ℎ = 𝑇−1 ∑|𝑦𝑡+ℎ − �̂�𝑡+ℎ|𝑡|

𝑇

𝑡=1

 (19) 

   

Where 𝑦𝑡+ℎ is the actual value of variable 𝑦 at time t+h and �̂�𝑡+ℎ|𝑡 is an ℎ step ahead forecast 

of 𝑦 generated at time 𝑡. These accuracy measures can give an indication whether one model is 

performing better than another. Nevertheless, a formal test is needed in order to examine 

whether there is a statistically significant difference in forecasting performance between 

different models. The test conducted in this study is a test presented by Diebold and Mariano 

                                                                 
25 These measures are well applied in previous l iterature, see for example Berger and Österholm (2011) and 
Beechey and Österholm (2010) 
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(1995). To start with, let (𝑒𝑎,ℎ ,𝑡)𝑡=1
𝑇  and (𝑒𝑏,ℎ,𝑡)𝑡=1

𝑇  denote sequences of h-step-ahead forecast 

errors from the two competing models a and b when trying to forecast the variable (𝑥𝑡)𝑡=1
𝑇 . 

Second, let us denote 𝑑ℎ,𝑡 as the loss-differential between the two competing models according 

to equation 20: 

 

  
𝑑ℎ,𝑡 = (𝑒𝑎,ℎ,𝑡)2 − (𝑒𝑏,ℎ,𝑡)2 (20) 

The sample mean loss differential can be written as in equation 21. 

 

 𝑑̅
ℎ = 𝑇−1 ∑𝑑ℎ,𝑡

𝑇

𝑡=1

 (21) 

 

Thereafter comes the spectral density of the loss differential at frequency zero presented in 

equation 22: 

 𝑓𝑑(0) =
1

2𝜋
∑ 𝛾𝑑(𝑘)

∞

𝑘=−∞

 (22) 

 

Where 𝛾𝑑 (𝑘) is the autocovariance of the loss differential at lag k and can be written as in 

equation 23: 

         𝛾𝑑(𝑘) = 𝐸[(𝑑ℎ,𝑡 − 𝜇)(𝑑ℎ,𝑡−𝑘 − 𝜇)] (23) 

 

Where 𝜇 is the population loss differential. Thereafter, a test of the null hypothesis of equal 

forecasting performance of model a and b can be based on the DM test statistic presented in 

equation 24: 

 
𝑆1 =

𝑑̅
ℎ

√2𝜋𝑓𝑑(0)
𝑇

 
(24) 

 

Where �̅�ℎ is defined in equation 21 and 𝑓𝑑(0) is a consistent estimate of the spectral density at 

frequency 0. The test statistic asymptotically follows a standard normal distribution with 

𝑆1~𝑁(0,1).  

 

The DM test does not take into account the recursiveness and non-linearity of the models used 

in this paper or that the forecasting horizon is longer than one (Clark and McCracken, 2001, 
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2005). However, the test could still be used as a tentative indicator of statistical significance 

(Berger and Österholm, 2011). 
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6. Results 
 

In this section, the results from the evaluation of the different model specifications will be 

presented. The first part will consist of the in-sample analysis for model specification 12 and13. 

The second section will consist of the in-sample analysis for model specification 14 and15. The 

third part will contain the results from the out-of-sample analysis for model specification 12 

and 13, and the last part will consist of the out-of-sample results from model specification 14 

and 15. 

6.1. In-sample results 

The impulse response functions for model specification 12 and 13 are presented in Figure 8 

respectively Figure 9. The bottom left graph in Figure 8, which represent the bivariate model 

including PCI and INF, shows that a shock in PCI has a significant effect on INF up to 

approximately horizon 16-17.  

 

Figure 8. Impulse response functions from the bivariate BVAR (including PCI and INF). 
 

 
 
Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month.  Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. 
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Figure 9, which represent the multivariate model specification including INF, PCI and control 

variables also implies that a shock to PCI affect INF. The effect is still statistically significant, 

even after controlling for UMP and 3-MT. 

 

Figure 9. Impulse response functions from the multivariate BVAR (including PCI, UMP, INF 

and 3-MT). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  

 

6.1.1. In-sample results for sensitivity analysis 
 

The results from the impulse response functions for the sensitivity analysis regarding the 

bivariate BVAR models (specification 14) can be found in Figure A2-A6 in appendix. The 

results differ somewhat between the different types of commodities in terms of the magnitude 

and the persistence of the effect. A shock to ENE seems to have the highest impact INF while 

a shock to MET seems to have the most persistent effect on INF. Nevertheless, the main results 

from Figure A2-A6 in appendix is that each of the different types of commodities individua lly 

have a statistically significant effect on INF. 

 

Impulse response functions for model specification 15 can be found in Figure A7-A11 in 

appendix. The results imply that the effect from each of the sub-indices still is significant when 
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controlling for UMP and 3-MT, however the effect is generally smaller in magnitude and less 

persistent than in the bivariate models.  

6.2. Out of sample analysis 

The results from the out-of-sample recursive forecasts exercise, in terms of RMSE, MAE and 

the DM test is presented in this part of the paper.  

 

Figure 10 show the forecast errors (RMSE) in each horizon for the univariate model 

(specification 16) together with model specification 12. The univariate model is represented by 

the solid line. The bivariate model which includes INF and PCI is represented by the dotted 

line. The RMSE for both models increases up to approximately horizon 13. Thereafter, one can 

observe a decline in RMSE for the models between horizon 17-36 according to Figure 10 

below.26  

  

Figure 10. RMSE forecast errors for model specification 12 and 16. 

  

Note: Out-of-sample recursive forecasts generated on sample ranging from 1993M01 to 2007M01.  

 

Figure 11 presents the RMSE for model specification 13 and 17. The errors increases up to 

horizon 13 and decrease thereafter, similarly, to Figure 10. However, after horizon 13, there 

seems to be a more distinct difference between the forecast errors. The numerical results can be 

found in Table A4 in appendix 

 

                                                                 
26 The numerical results from Figure 10 is presented in Table A4 in appendix.  
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Figure 11. RMSE forecast errors for model specification 13 and 17. 

 

Note: Out-of-sample recursive forecasts generated on sample ranging from 1993M01 to 2007M01.  

 

The MAE forecast errors for the univariate model and the bivariate model specification 12 is 

presented in Figure 12. The bivariate model perform at least as good as the univariate model 

throughout the horizons and the patterns in Figure 12 are similar to the patterns in the figures 

above. 

 

Figure 12.  MAE forecast errors for model specification 12 and 16. 

 

Note: Out-of-sample recursive forecasts generated on sample ranging from 1993M01 to 2007M01.  

 

Figure 13 shows the MAE forecast errors for the trivariate model specification 17 and the 

multivariate model specification 13. The multivariate model performs better in almost all 
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horizons in terms of MAE, compared to the trivariate model. It is only in the first two 

horizons that the models perform equally.  

 

Figure 13.  MAE forecast errors for model specification 13 and 17. 

 

Note: Out-of-sample recursive forecasts generated on sample ranging from 1993M01 to 2007M01.  

 

The results from Figures 10-13 indicate that models including PCI generally lowers the forecast 

errors, compared to the otherwise identical models that exclude PCI. The results from the 

Diebold-Mariano test regarding model specification 12,13,16 and 17 are given in Table 6 

below. The results are given as p-values from the test, were a low p-value indicates significantly 

different performances between the competing models. 
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Table 6. Results from Diebold-Mariano test for the bivariate model (specification 12) vs the 

univariate model (specification 16) and the multivariate model (specification 13) vs the 

trivariate model (specification 17).  

Horizon 
Bivariate (INF PCI) model vs 

Univariate (INF) model   

Multivariate (INF PCI UMP 3-MT) model vs 

Trivariate (INF UMP 3-MT) model  

1 0.1141 0.2487 
2 0.1748 0.4750 
3 0.2409 0.5399 
4 0.4071 0.7562 
5 0.5297 0.7399 
6 0.5715 0.7453 
7 0.7197 0.6648 
8 0.8100 0.6129 
9 0.7885 0.5136 

10 0.8324 0.3734 

11 0.9144 0.3886 
12 0.9235 0.5474 
13 0.9801 0.4581 
14 0.9552 0.4486 
15 0.9488 0.4209 
16 0.7949 0.3802 
17 0.5900 0.3313 
18 0.4649 0.2970 
19 0.3494 0.2508 
20 0.3044 0.1770 

21 0.2394 0.1287 

22 0.2333   0.0751* 
23 0.1975     0.0304** 
24 0.1149       0.0075*** 
25   0.0865*       0.0011*** 
26   0.0689*       0.0001*** 
27   0.0646*       0.0000*** 
28     0.0479**       0.0000*** 
29     0.0275**       0.0000*** 
30     0.0307**       0.0000*** 

31     0.0307**       0.0000*** 

32     0.0251**       0.0000*** 
33     0.0271**       0.0001*** 
34     0.0223**       0.0005*** 
35     0.0336**       0.0012*** 
36     0.0310**       0.0022*** 

Note: OLS regressions for each horizon has been made, and the corresponding p -values is shown in the table above. As 

discussed in the method section, the DM test is not directly applicable in this case and only indicative of the statistical difference 

between the forecasting errors. H0: There is no difference in forecasting performance, H1: The alternative model specification 

has better forecasting accuracy than the competing model. *** Significance at the 1 percent level, ** Significance at the 5 

percent level and * Significance at the 10 percent level using the standard-normal approximation.   
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The results from the second column in Table 6 indicate that the bivariate model including INF 

and PCI outperform the univariate model at the longer horizons (25-36) on at least a 10 percent 

significance level. The DM test indicate that there is a significant difference in forecasting 

performance between the multivariate model and the trivariate model at horizon 22-36, on at 

least a 10 percent significance level. 

 

6.2.1. Out-of-sample Sensitivity analysis 
 

Figure 14 shows the RMSE for the model specifications 14-17. The univariate model is used as 

a comparison in the two left graphs while the trivariate model is used a comparison in the two 

right graphs. 

 

The top left graph in Figure 14 shows the RMSE for model specification 14, were i = ENE, 

F&B, MET. The bottom left graph presents the RMSE for model specification 14 were i = 

ARM, FER. The top right graph in Figure 14 represents the RMSE for model specification 15 

where i = ENE, F&B, MET. The bottom right graph of Figure 14 shows the RMSE for model 

specification 15 where i = ARM, FER. One can observe a similar pattern for all the models with 

increasing RMSE up to approximately horizon 12 and thereafter declining. Observing the lower 

left graph, it seems that the bivariate model including FER, in general, has the highest RMSE 

compared to the other models.27 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                                 
27 The results are presented in numerical form in Table A5 and A6 in appendix. 
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Figure 14. RMSE forecast errors for model specification 14,15,16 and 17.28 

 

Note: Out-of-sample recursive forecasts generated on sample ranging from 1993M01 to 2007M01.  

 

                                                                 
28 MAE forecast errors for model specification 14,15,16 and 17 and 16 can be found in Figure 12 in appendix. Numerical presentat ions of the MAE forecast errors are shown 
in appendix Table A7 and A8. 
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The results from the DM test regarding the bivariate BVAR models (specification 14) are 

presented in Table 7. The table shows the p-values from the DM test, comparing the difference 

in forecasting performance between the bivariate models (including sub-indices) and the 

univariate model. The results imply that the bivariate model including ENE have a statistica l ly 

significant better forecast performance at horizon 30-36 at the ten percent level. Column 3 

shows that the bivariate model including F&B is statistically significant better at forecasting 

CPI inflation for horizon 16-33 at the five percent level. The bivariate model which includes 

MET, has a statistically significant better forecasting accuracy than the univariate model at 

horizon 9 to 22, at least at the ten percent level. The results for the bivariate model includ ing 

ARM are statistically significant at horizon 1-3 and 9-10 on at least a ten percent level.  The 

results from the bivariate model including FER, presented in the last column of Table 7, implies 

a statistically significant difference in forecasting performance in comparison to the univar iate 

model, but only at the last 2 horizons and at the five percent level. 
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Table 7. Results from Diebold-Mariano test for the bivariate models (specification 14).  

Horizon INF ENE INF F&B INF MET  INF ARM INF FER 

1 0.3831 0.0799* 0.1241 0.0459** 0.7484 

2 0.6576 0.0906* 0.1463 0.0395** 0.5320 

3 0.7691 0.0640* 0.1470 0.0771* 0.5550 

4 0.8098 0.1309 0.1880 0.1740 0.4987 

5 0.9548 0.1738 0.1676 0.1788 0.4658 

6 0.9878 0.1653 0.1596 0.1409 0.4148 

7 0.8723 0.1814 0.1515 0.1084 0.3660 

8 0.8007 0.2094 0.1202 0.1052 0.3439 

9 0.7695 0.2202 0.0865* 0.0934* 0.3186 

10 0.7597 0.2128 0.0895* 0.0979* 0.2934 

11 0.6601 0.1659 0.0702* 0.1062 0.2763 

12 0.5301 0.1127 0.0574* 0.1024 0.2586 

13 0.5878 0.0763* 0.0418** 0.1420 0.2516 

14 0.6119 0.0586* 0.0470** 0.2081 0.2571 

15 0.5844 0.0683* 0.0476** 0.2602 0.2499 

16 0.6776 0.0408** 0.0337** 0.1795 0.2516 

17 0.7302 0.0239** 0.0292** 0.1385 0.2533 

18 0.7081 0.0154** 0.0344** 0.1406 0.2464 

19 0.8441 0.0118** 0.0303** 0.1421 0.2558 

20 0.8197 0.0075*** 0.0429** 0.1745 0.2533 

21 0.9558 0.0028*** 0.0645* 0.1663 0.2722 

22 0.9639 0.0012*** 0.0883* 0.1840 0.2739 

23 0.8461 0.0008*** 0.1139 0.1286 0.2883 

24 0.6663 0.0007*** 0.1553 0.0940* 0.3375 

25 0.5874 0.0005*** 0.2141 0.0953* 0.3434 

26 0.4957 0.0003*** 0.3073 0.1548 0.3495 

27 0.3575 0.0006*** 0.3079 0.1321 0.3918 

28 0.3230 0.0011*** 0.4013 0.1139 0.4311 

29 0.1472 0.0018*** 0.3517 0.1094 0.5510 

30 0.0995* 0.0038*** 0.4655 0.2075 0.6205 

31 0.0766* 0.0096*** 0.4763 0.4757 0.8244 

32 0.0499** 0.0135** 0.4313 0.5872 0.7728 

33 0.0356** 0.0288** 0.4257 0.8658 0.5073 

34 0.0178** 0.0563* 0.3931 0.9980 0.2004 

35 0.0181** 0.0946* 0-3260 0.9011 0.0496** 

36 0.0118** 0.1212 0.3217 0.9504 0.0248** 
Note: OLS regressions for each horizon has been made, and the corresponding p -values is shown in the table above. As 

discussed in the method section, the DM test is not directly applicable in this case and only indicative of the statistical difference 

between the forecasting errors. H0: There is no difference in forecasting performance, H1: The alternative model specification 

has better forecasting accuracy than the univariate model. *** Significance at the 1 percent level, ** Significance at the 5 

percent level and * Significance at the 10 percent level using the standard-normal approximation.   

 

The results from the DM test between the multivariate model specifications 15 and the trivariate 

model specification 17 can be seen in Table 8. The table show significant differences in 

forecasting errors at horizon 25-36 in the model including ENE and significant differences 

between horizon 14-36 in the model including F&B. The multivariate model specifica t ion 

including MET has significant differences in forecasting errors at horizon 29-36. The 
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multivariate model specification including ARM, presents significant results at horizon 1-9 and 

at 20-36. This is the model which have the most significance forecast differences, in terms of 

numbers of horizons between all model specifications. It is also the only model that show 

significant differences in forecast errors at the earlier horizons. Lastly the model specifica t ion 

including FER shows significant results at horizons 31-36. 

 

Table 8. Results from Diebold-Mariano test for the multivariate model (specification 15) vs 

the trivariate model (specification 17) 

Horizon 
INF ENE UMP 

3-MT 

INF F&B UMP 

3-MT 

INF MET UMP 

3-MT  

INF ARM UMP 

3-MT 

INF FER UMP 

3-MT 

1 0.5165 0.1019 0.7525 0.0137** 0.2488 

2 0.7635 0.1405 0.9850 0.0095*** 0.2410 

3 0.7839 0.0591 0.9262 0.0027*** 0.2934 

4 0.7313 0.1391 0.9023 0.0137** 0.2737 

5 0.7215 0.1603 0.9752 0.0124** 0.2933 

6 0.6628 0.1843 0.9764 0.0137** 0.3016 

7 0.6065 0.1762 0.9502 0.0132** 0.3324 

8 0.5628 0.1940 0.9296 0.0305** 0.3529 

9 0.5237 0.2135 0.9815 0.0697* 0.3635 

10 0.4110 0.1883 0.9579 0.1113 0.3948 

11 0.5058 0.1581 0.9708 0.1803 0.3983 

12 0.7612 0.1325 0.9801 0.2735 0.3712 

13 0.6669 0.1085 0.8749 0.3092 0.3925 

14 0.6255 0.0844* 0.8291 0.3344 0.4509 

15 0.6194 0.0740* 0.7437 0.3501 0.5220 

16 0.5386 0.0584* 0.5956 0.2875 0.6556 

17 0.5273 0.0437** 0.4766 0.2371 0.8835 

18 0.5493 0.0372** 0.3942 0.1934 0.9103 

19 0.5836 0.0230** 0.3386 0.1586 0.6919 

20 0.4880 0.0011*** 0.2498 0.0937* 0.4707 

21 0.5061 0.0057*** 0.2412 0.0709* 0.4302 

22 0.4138 0.0022*** 0.2032 0.0376** 0.3834 

23 0.3524 0.0007*** 0.1857 0.0241** 0.3823 

24 0.1805 0.0003*** 0.1744 0.0110** 0.3555 

25 0.0917* 0.0001*** 0.1647 0.0063*** 0.3279 

26 0.0254** 0.0000*** 0.1300 0.0027*** 0.2585 

27 0.0177** 0.0000*** 0.1250 0.0025*** 0.2546 

28 0.0090*** 0.0000*** 0.1118 0.0020*** 0.1993 

29 0.0046*** 0.0000*** 0.0773* 0.0015*** 0.1740 

30 0.0024*** 0.0000*** 0.0422** 0.0014*** 0.1355 

31 0.0016*** 0.0001*** 0.0257** 0.0010*** 0.0883* 

32 0.0023*** 0.0003*** 0.0177** 0.0016*** 0.0648* 

33 0.0036*** 0.0007*** 0.008*** 0.0013*** 0.0392** 

34 0.0045*** 0.0021*** 0.0040*** 0.0016*** 0.0152** 

35 0.0079*** 0.0048*** 0.0024*** 0.0017*** 0.0057*** 

36 0.0145** 0.0078*** 0.0013*** 0.0019*** 0.002*** 

 
Note: OLS regressions for each horizon has been made, and the corresponding p -values is shown in the table above. As 

discussed in the method section, the DM test is not directly applicable in this case and only indicative of the statistical 

difference between the forecasting errors. H0: There is no difference in forecasting performance, H1: The alternative model 

specification has better forecasting accuracy than the competing model. *** Significance at the 1 percent level, ** 

Significance at the 5 percent level and * Significance at the 10 percent level using the standard-normal approximation.   
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7. Discussion  
 

The results from the in-sample analysis shows that there is a positive relation between changes 

in commodity prices and CPI inflation in Sweden during the sample period. This seems to be 

true, both for PCI and for the sub-indices, which were used in the sensitivity analysis of this 

paper. The effect on CPI inflation of a shock in either one of these commodity price indices is 

statistically significant both in the bivariate models and in the multivariate models. The effect 

differs somewhat in magnitude and persistence between different types of commodities. The 

in-sample results confirm the hypothesis that there is a positive relation between the general 

price level and commodity prices, suggested by the cost push inflation theory and the demand 

pull inflation theory.   

 

Furlong and Ingenito (1996) found significant in-sample effects for their multivariate model in 

the latest of the two subsamples, but not for the bivariate model in the first of the two 

subsamples. This somewhat contradicts the results from our paper, since all models show 

significant effects in-sample, regardless of the model specification. Furthermore, the result from 

the impulse response functions showed that the effect from a shock in commodity prices on CPI 

inflation is significant, but transitory, which are in line with Sekine and Tsuruga (2018). Most 

of the effects shown in the impulse response functions in this paper increases up to 

approximately horizon 10-11 and is thereafter transitory, which could be compared to Sekine 

and Tsuruga (2018) where the effect is transitory after horizon 12. The in-sample results, 

however, distinctly contradicts the results from Verheyen (2010), who found that commodit ies 

do not affect CPI inflation when controlling for other macroeconomic factors.  

 

Regarding the out-of-sample results, the DM test in Table 6 show that a bivariate BVAR 

including INF and PCI significantly outperforms a univariate model at the longer horizon (25-

36).  Table 6 also show that the number of significant horizons increases when we compare the 

multivariate model specification 13 to the trivariate model specification 17.  

 

The out-of-sample results presented in this paper are not in line with the findings of Boughton 

and Branson (1988) and Furlong and Ingenito (1996), who argued that broad commodity price 

indices probably could not improve the out of sample forecast of inflation, at least not after the 

early 1980s. One could argue that the different results could partly be explained by the fact that 

different models have been used (Bayesian vs traditional VAR). Another possible reason for 
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the different results could be that we examine a small open economy with more recent data 

compared to both Boughton and Branson (1988) and Furlong and Ingenito (1996) who 

examined larger economies with an older sample period. 

 

The DM test in Table 7 shows some interesting results regarding the usage of different types of 

commodities as predictors of CPI inflation. The bivariate BVAR model that contains energy 

commodity prices seems to be the best at the longer horizons (30-36). The model containing 

metal prices is mainly the best model for forecasting CPI inflation in horizon 9-22, while the 

bivariate models including either Agricultural Raw Material or Fertilizers is only margina l ly 

better in few of the horizons compared to the univariate model. The bivariate model includ ing 

food and beverages have the most (26 out of 36 horizons) significant results compared to the 

other models presented in Table 7. This is perhaps not surprising since food and beverages 

contributes to a big share of the CPI inflation in Sweden. 

 

Comparing Table 7 and Table 8, it is noticeable that later forecast horizons, overall, become 

significant, although it differs in both significance level and in the number of periods between 

the multivariate model specifications. It seems like the difference in forecasting performance is 

more significant when using commodities in conjunction with other macroeconomic variables 

than as stand-alone indicators. This is an important observation, since it could indicate that the 

link between the overall price level and commodity prices, are in line with the potential relation 

suggested from the in-sample results and the theories.  

 

With this in mind, one could argue that a model including changes in commodity prices could 

possibly improve the forecast accuracy compared to, otherwise identical models excluding 

changes in commodity prices. 

7.1 Caveats 

One common issue when it comes to Bayesian estimations is the difficulty of choosing the 

“right” priors. Informative priors must be set by the forecaster and are therefore subject to his 

or her subjective opinions. Although this, judgmental approach, is part of the Bayesian way to 

estimate, one could always question the subjective choices the forecaster made. For some of 

the steady state priors used in this paper, we had the long run arithmetic mean of the series in 

consideration, and though to use that as tenable prior (Although we tweaked it somewhat). 

However, the arithmetic mean of each of the commodity price indices is based on the full 
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sample (1993M01-2019M01), while the forecasts starts in 2007M01. It could perhaps be argued 

that it is more correct to use priors that are “based” on the arithmetic mean from the sample 

period of 1993M01-2007M01, since no data after 2007M01 was known when the forecasts 

started in 2007M01. Also, the DM test does not take the non-linearity and the recursiveness of 

the models used into account or that the forecasting horizon is longer than one (Clark and 

McCracken, 2001, 2005). The DM test is also well known to lack power, especially at longer 

forecast horizons, see for example Luger (2004) and Hjalmarsson (2006). 

 

In section 4.5, it was mentioned that exchange rate could possibly have implications for the 

results and the interpretation of the results. Therefore, we conducted a brief analysis of how the 

in-sample results could have been affected if growth rates were calculated on the indices in 

SEK instead of USD. It does not seem to be any distinct difference in the impulse response 

functions using PCI denominated in SEK instead of USD, for either the bivariate or the 

multivariate model, as can be seen in Figure A13 and A14 in Appendix. In table A9 in appendix, 

a correlation analysis for the growth of the commodity price indices between the indices 

denominated in US dollars and SEK are presented. The correlation can be argued to be rather 

high for most of the indices. However, the correlation for the F&B and ARM indices, 

denominate in different currencies, is relatively low compared to the others (0.34 respectively 

0.65). We examined the possible implications this could have had for the in-sample results 

regarding those specific commodities. Both F&B and ARM denominated in SEK shows 

significant in-sample effect on CPI inflation, although on fewer horizons and less persistent 

than when denominated in USD. This can be observed in Figure A15-A18 in appendix. Since 

we found significant in-sample effects when using growth rates based on indices denominated 

in SEK, and since we are mainly interested in examine the marginal benefit of adding 

commodities into our models and not to produce the best forecasting model for inflation, this 

issue will not be investigated any further. 
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8. Conclusion 
 

The research question of this paper was:  

“can changes in commodity prices be used to improve forecasts of CPI inflation in Sweden, a 

small open economy?”.  

 

The answer to that question is rather ambiguous and depends on what measure one choses.  It 

is true that commodities could be used to improve forecast errors compared to both the 

univariate and the trivariate model specification. It is also true that the DM test indicates that 

the majority of all the commodity price indices significantly outperform the models excluding 

commodity price indices in the longer horizons. This could imply that there is a positive 

marginal benefit of adding a commodity price index to models that aims to forecast CPI 

inflation.  The question arises, is this enough to conclude that commodities actually bear 

significant characteristic that helps to predict inflation? Our conclusion is that that it might do, 

although some further elaboration is in place.  

 

First of all, the forecast errors hold little economic significance and are probably of low practical 

relevance because of the small differences between the models. Secondly, it is questionable if 

one should use the DM-test as the definitive judge to determine our conclusion. Therefore, we 

would like to underline that one should not overemphasize the role of commodities in 

forecasting CPI inflation, although the results indicate a rather strong positive relation. We 

believe, however, that this result could potentially be of interest for policymakers and should 

therefore be examine further. We propose for further research, to include commodities (in 

different types) in similar model specifications used in this paper. One could possibly include 

other control variables, such as GDP or exchange rate and study other small open economies to 

examine if the results differ. For further research, we would also suggest comparing and run 

models used by institutions that forecast inflation and examine how these models would 

perform if one incorporated commodities as independent variables. This comparison could also 

be made between traditional VAR models and the steady-state Bayesian VAR model, in order 

to examine if and how the performance differ between these models. 
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10. Appendix 

 
Table A1. Stationary/unit roots tests  

 
       INF    PCI ENE F&B MET ARM FER 

 
ADF KPSS ADF KPSS ADF KPSS ADF KPSS ADF KPSS ADF KPSS ADF KPSS 

Statistic -3.046** 0.069 -2.814* 0.142 -3.591*** 0.116 -2.564 0.134 -2.536 0.165 -3.989*** 0.089 -4.392*** 0.130 

1% level -3.453 0.739 -3.453 0.739 -3.453 0.739 -3.453 0.739 -3.453 0.739 -3.452 0.739 -3.453 0.739 

5% level -2.871 0.463 -2.871 0.463 -2.871 0.463 -2.871 0.463 -2.871 0.463 -2.871 0.463 -2.871 0.463 

10% level -2.572 0.347 -2.572 0.347 -2.572 0.347 -2.572 0.347 -2.572 0.347 -2.572 0.347 -2.572 0.347 

Prob 0.0320 
 

0.0575 
 

0.0065 
 

0.1017 
 

0.1080 
 

0.0017 
 

0.0004 
 

Notes: Schwarz information criteria has been used, and the tests has been conducted assuming a constant with no trend. Sample size = 301. Test statistic for ADF-test is T-statistic and statistic 

for the KPSS-test is LM-Statistic. The H0 for ADF = There is a unit root. The H0 for KPSS = Process is stationary. Significance level attained * = 10% level. ** = 5% level. *** = 1% level. 

Table A2. Stationary/unit roots test for control variables 

          3-MT        UMP 

  ADF KPSS ADF KPSS 

Statistic -1.927  1.716*** -1.841  0.675** 

1% level -3.452  0.739 -3.452  0.739 

5% level -2.871  0.463 -2.871  0.463 

10% level -2.572  0.347 -2.5720  0.347 

Prob  0.3196    0.3603   

 Notes: Schwarz information criteria has been used, and the tests has been conducted assuming a constant with no trend. Sample size = 301. Test statistic for ADF-test is T-statistic and statistic 

for the KPSS-test is LM-Statistic. The H0 for ADF = There is a unit root. The H0 for KPSS = Process is stationary. Significance level attained * = 10% level. ** = 5% level. *** = 1% level.
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Table A3. Individual commodities and their weights in the Primary Commodity Price Index. 

F&B 30.10%  Metals 22.7%  Energy 40.9% 

Food 27.8% 
 

Base Metals 11.2% 
 

Coal 3.0% 

Cereals 3.5%  Aluminum 1.6%  Coal. Australia 1.5% 

Barley 0.2% 
 

Cobalt 0.1% 
 

Coal. South Africa 1.5% 

Maize (Corn) 1.1%  Copper 3.4%  Crude Oil 28.6% 

Oats 0.1% 
 

Iron Ore 3.4% 
 

Brent 9.5% 

Rice 0.6%  Lead 0.4%  Dubai Fateh 9.5% 

Sorghum 0.1% 
 

Molybdenum 0.6% 
 

WTI 9.5% 

Wheat 1.4% 
 

Nickel 0.7% 
 

Natural Gas 7.8% 

Meat 4.9%  Tin 0.2%  Natural Gas. E.U. 2.6% 

Beef 2.1% 
 

Uranium 0.4% 
 

Natural Gas. Japan 2.6% 

Lamb 0.3%  Zinc 0.6%  Natural Gas. U.S. 2.6% 

Poultry 1.0% 
 

Precious Metals 11.6% 
 

Propane 1.5% 

Swine (Pork) 1.5% 
 

Gold 10.2% 
   

Seafood 3.9%  Silver 0.7%  Fertilizers 1.9% 

Shrimp 1.4% 
 

Palladium 0.3% 
 

Nitrogen 0.9% 

Fish 2.5%  Platinum 0.4%  Phosphate 0.5% 

Sugar 1.5%     Potassium 0.6% 

Sugar. U.S. 0.2% 
 

Agricultural Raw Materials  4.3% 
   

Sugar. World 1.4% 
 

Cotton 0.8% 
   

Vegetable Oil Index 5.7%  Hides 0.2%    
Olive Oil 0.3% 

 
Rubber 0.8% 

   
Palm Oil 1.1% 

 
Timber 2.2% 

   
Rapeseed Oil 0.9% 

 
Hardwood 1.0% 

   
Soybean 1.8% 

 
Hardwood Logs 0.3% 

   
Soybean Oil 0.3%  Hard Sawnwood 0.7%    
Soybean Meal 0.8% 

 
Softwood 1.2% 

   
Sunflower Seed Oil 0.4% 

 
Softwood Logs 0.3% 

   
Other Food 8.4%  Sawn Softwood 0.9%    

Bananas 0.9% 
 

Wool + Yarn 0.3% 
   

Citrus Fruit + Orange Juice 1.1% 
 

Wool. Coarse 0.2% 
   

Dairy Products (Milk) 0.9% 
 

Wool. Fine 0.2% 
   

Fishmeal 0.1%       
Groundnuts + Tree Nuts 1.0% 

      
Legumes (Chickpea) 0.4% 

      
Non-Citrus Fruit (Apple) 1.2%       
Vegetables (Tomato) 2.8% 

      
Beverages 2.3% 

      
Coffee 1.5% 

      
Coffee. Arabica 0.7% 

      
Coffee. Robusta 0.7% 

      
Cocoa 0.6% 

      
Tea 0.2% 

      
Source: IMF (2019).  
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Figure A1. Illustration of the Bayesian process. 

 

Note: Inspired by Doll and Jacquemin (2018) 

 

Bayesian theorem  

 𝑝(𝐴|𝐵) =
𝑝(𝐵|𝐴)𝑥 𝑝(𝐴)

𝑝(𝐵)
 (A1) 

Where A and B are events with some probability of occurring. 𝑝(𝐴|𝐵) is a conditional 

probability. It’s the likelihood of A happening, given that event B already happened. 𝑝(𝐵|𝐴) 

is the same, but other way around. Substituting event A to a parameter 𝜃 and B to data, gives 

us the Bayesian inference: 

 

Bayesian inference: 

 𝑃(𝜃|𝑦) =
𝑃(𝑦|𝜃) 𝑥 𝑃(𝜃)

𝑃(𝑦)
 (A2) 

 

 

Integrating out the marginal likelihood while assuming the likelihood function is independent 

and identical distributed result in: 
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 𝑀𝑎𝑟𝑔𝑖𝑛𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑓𝑜𝑟 𝜃 =  ∫ ∏ 𝑓(𝑦𝑖|𝜃) 𝑥 𝑝(𝜃)

𝑛

𝑖=1

𝑑𝑦  (A3) 

 

The marginal distribution 𝑝(𝑦), w.r.t  𝜃 is just a constant. That way, it does not really matter 

what the value of 𝑝(𝑦) is, however, it makes the integration much more difficult to calculate. 

So, the common approach is to write: 

 𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 ∝ ∏ 𝑓(𝑦𝑖|𝜃) 𝑥 𝑝(𝜃)

𝑛

𝑖=1

 (A4) 

 

Bayesian estimation 

Starting with the likelihood and assuming data 𝑥1,… 𝑥𝑛 is a random sample from a Gaussian 

distribution. In the standard form, the likelihood has two parameters, the mean 𝜇 and the 

variance 𝜎 2, that is, 𝑝(𝑥|𝜇)~𝑁(𝜇, 𝜎 2). 

 

 ∏ 𝑝

𝑛

𝑖=1

(𝑥𝑖|𝜇,𝜎 2) = (2𝜋𝜎 2)−
1
2 exp  ( −

1

2𝜎 2
∑(𝑥𝑖 −  𝜇)2)

𝑛

𝑖=1

 (A5) 

 

Expressed in terms of a normal distribution, the pdf for the mean is 𝜇 ~ 𝑁(𝜇0, 𝜏0
2).  

We specify the parameters 𝜇0 and 𝜏0
2, which is chosen to represent our prior beliefs about 𝜇.  

The Gaussian pdf of the mean is given by 

 

 𝑝(𝜇) = (2𝜋𝜏0
2)−0,5 exp (−

1

2
∗

(𝜇 − 𝑢0)2

𝜏 2
) (A6) 

 

The product of two Gaussian distributions multiplied together is an Gaussian distribution 

hence: 

 𝑝(𝜇|𝑥) ∝ 𝑝(𝑥|𝜇, 𝜎 2)𝑥 𝑝(𝜇|𝜇0, 𝜏0
2)   (A7) 

where 

 𝑝(𝜇|𝑥)~𝑁(𝜇0, 𝜏0
2) (A8) 

 

Since the prior distribution and the posterior distribution comes from the same distribution- 

family, its common call them conjugate distributions.  The first terms in the likelihood and 
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prior distributions pdf’s, (2𝜋𝜎 2)−
1

2 and (2𝜋𝜏0
2)−0,5 respectively, do not include any 

dependents on 𝜇, these can be dropped from the equation resulting in a posterior distribution: 

 

 𝑝(𝜇|𝑥) ∝ exp (−
∑ (𝑥𝑖 −  𝜇)2𝑛

𝑖=1

2𝜎 2
) 𝑥 exp (−

(𝜇 − 𝑢0)2

2𝜏0
2

) (A9) 

 

After some derivation, removing terms not including 𝜇 (since we are interested in the 

distribution depending on 𝜇) and expanding the parenthesis (Taboga not date) 

one gets: 

 

 
𝑝(𝜇|𝑥) ∝ (

1

√2𝜋𝜏𝑛
2
) exp(−

(𝜇 − 𝜇𝑛)

2𝜎 2

2

) (A10) 

 

where   

 𝜇𝑛 = (
𝑛

𝜎 2
+

1

𝜏0
2
)

−1

[
𝑛

𝜎 2
 ( 

1

𝑛
 ∑ 𝑥𝑖) +

𝜇0

𝜏0
2

𝑛

𝑖=1

] (A11) 

 

 𝜏𝑛
2 = (

𝑛

𝜎 2
+

1

𝜏0
2
)

−1

 (A12) 

 

Where 𝑛 is the number of observations in the sample, 𝜇𝑛 is partly, the sample mean for the 

posterior,  
1

𝑛
∑ 𝑥𝑖

𝑛
𝑖=1 , and partly the prior mean 𝜇0 ,and the weights for each parts increased 

when precision ( 
1

𝜎2  ) increases. 
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Figure A2. Impulse response functions from the bivariate BVAR (including ENE and INF).  

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  

 

Figure A3. Impulse response functions from the bivariate BVAR (including F&B and INF). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  
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Figure A4. Impulse response functions from the bivariate BVAR (including MET and INF).  

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  

 

Figure A5. Impulse response functions from the bivariate BVAR (including ARM and INF). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  
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Figure A6. Impulse response functions from the bivariate BVAR (including FER and INF). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  

 

Figure A7. Impulse response functions from the multivariate BVAR (including ENE, INF, 

UMP and 3-MT). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  
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Figure A8. Impulse response functions from the multivariate BVAR (including F&B, INF, 

UMP and 3-MT). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. 

  

Figure A9. Impulse response functions from the multivariate BVAR (including MET, INF, 

UMP and 3-MT). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. 
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Figure A10. Impulse response functions from the multivariate BVAR (including ARM, INF, 

UMP and 3-MT). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  

 

Figure A11. Impulse response functions from the multivariate BVAR (including FER, INF, 

UMP and 3-MT). 

 

Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months.  
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Table A4. Numerical results of forecasting errors (RMSE and MAE) for model specification 12,13,16 and 17. 

  INF INF-PCI INF-UMP-3MT 
INF-PCI-UMP-

3MT INF INF-PCI INF-UMP-3MT 
INF-PCI-UMP-

3MT 

Horizon RMSE RMSE RMSE RMSE MAE MAE MAE MAE 

1 0.004 0.004 0.004 0.004 0.003 0.003 0.003 0.003 

2 0.005 0.005 0.005 0.005 0.004 0.003 0.003 0.003 
3 0.007 0.007 0.007 0.006 0.005 0.005 0.005 0.004 

4 0.008 0.008 0.008 0.008 0.006 0.006 0.006 0.005 
5 0.009 0.009 0.009 0.009 0.007 0.007 0.007 0.006 

6 0.011 0.011 0.010 0.010 0.008 0.008 0.008 0.007 

7 0.012 0.012 0.011 0.011 0.009 0.008 0.009 0.008 
8 0.013 0.013 0.012 0.012 0.010 0.009 0.010 0.009 

9 0.013 0.013 0.013 0.013 0.010 0.010 0.010 0.009 
10 0.014 0.014 0.014 0.013 0.011 0.010 0.011 0.010 

11 0.015 0.015 0.014 0.014 0.011 0.011 0.012 0.010 
12 0.015 0.015 0.015 0.015 0.012 0.011 0.012 0.011 

13 0.016 0.016 0.016 0.015 0.012 0.011 0.013 0.011 

14 0.016 0.016 0.016 0.015 0.012 0.012 0.013 0.012 
15 0.016 0.016 0.016 0.015 0.012 0.012 0.013 0.012 

16 0.016 0.016 0.016 0.015 0.013 0.012 0.013 0.012 
17 0.016 0.015 0.016 0.015 0.013 0.012 0.013 0.012 

18 0.015 0.015 0.016 0.015 0.013 0.012 0.013 0.012 
19 0.015 0.015 0.016 0.015 0.013 0.012 0.013 0.012 

20 0.015 0.014 0.015 0.014 0.012 0.012 0.013 0.012 
21 0.015 0.014 0.015 0.014 0.012 0.012 0.013 0.011 

22 0.014 0.014 0.015 0.014 0.012 0.012 0.013 0.011 

23 0.014 0.014 0.015 0.014 0.012 0.012 0.013 0.011 
24 0.014 0.014 0.015 0.014 0.012 0.011 0.012 0.011 

25 0.014 0.013 0.015 0.014 0.012 0.011 0.012 0.011 
26 0.014 0.013 0.015 0.013 0.012 0.011 0.012 0.011 

27 0.014 0.013 0.015 0.013 0.012 0.011 0.012 0.011 
28 0.013 0.013 0.015 0.013 0.012 0.011 0.012 0.010 

29 0.013 0.013 0.014 0.013 0.011 0.011 0.012 0.010 

30 0.013 0.012 0.014 0.013 0.011 0.010 0.012 0.010 
31 0.012 0.012 0.014 0.012 0.010 0.010 0.011 0.010 

32 0.012 0.011 0.014 0.012 0.010 0.010 0.011 0.010 
33 0.012 0.011 0.013 0.012 0.010 0.009 0.011 0.010 

34 0.011 0.010 0.013 0.011 0.010 0.009 0.011 0.010 
35 0.011 0.010 0.013 0.011 0.009 0.009 0.011 0.010 

36 0.011 0.010 0.013 0.011 0.009 0.009 0.011 0.010 



68 
 

Table A5. Numerical results of forecasting errors (RMSE) for model specification 15 and 16 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 CPI CPI-ENE CPI- F&B CPI- MET CPI- ARM CPI- FER 

Horizon RMSE RMSE RMSE RMSE RMSE RMSE 

1 0.004 0.004 0.004 0.004 0.004 0.004 

2 0.005 0.005 0.005 0.005 0.005 0.005 

3 0.007 0.007 0.006 0.007 0.006 0.007 

4 0.008 0.008 0.008 0.008 0.008 0.009 

5 0.009 0.009 0.009 0.009 0.009 0.010 

6 0.011 0.011 0.010 0.010 0.010 0.011 

7 0.012 0.012 0.011 0.011 0.011 0.013 

8 0.013 0.013 0.012 0.012 0.012 0.014 

9 0.013 0.014 0.013 0.013 0.013 0.015 

10 0.014 0.014 0.014 0.014 0.013 0.016 

11 0.015 0.015 0.014 0.014 0.014 0.017 

12 0.015 0.016 0.015 0.015 0.015 0.018 

13 0.016 0.016 0.015 0.015 0.015 0.018 

14 0.016 0.016 0.015 0.015 0.015 0.018 

15 0.016 0.016 0.015 0.015 0.015 0.018 

16 0.016 0.016 0.015 0.015 0.015 0.018 

17 0.016 0.016 0.015 0.015 0.015 0.018 

18 0.015 0.015 0.014 0.014 0.015 0.017 

19 0.015 0.015 0.014 0.014 0.015 0.017 

20 0.015 0.015 0.014 0.014 0.014 0.017 

21 0.015 0.015 0.013 0.014 0.014 0.016 

22 0.014 0.014 0.013 0.014 0.014 0.016 

23 0.014 0.014 0.013 0.014 0.014 0.016 

24 0.014 0.014 0.013 0.014 0.014 0.016 

25 0.014 0.014 0.013 0.013 0.014 0.015 

26 0.014 0.014 0.013 0.013 0.014 0.015 

27 0.014 0.013 0.012 0.013 0.013 0.015 

28 0.013 0.013 0.012 0.013 0.013 0.014 

29 0.013 0.013 0.012 0.013 0.013 0.014 

30 0.013 0.012 0.012 0.013 0.013 0.013 

31 0.012 0.012 0.012 0.012 0.012 0.013 

32 0.012 0.012 0.011 0.012 0.012 0.012 

33 0.012 0.011 0.011 0.011 0.012 0.011 

34 0.011 0.010 0.010 0.011 0.011 0.011 

35 0.011 0.010 0.010 0.011 0.011 0.010 

36 0.011 0.010 0.010 0.011 0.011 0.010 
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Table A6. Numerical results of forecasting errors (RMSE) for model specification 15 and 17 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

INF-UMP - 

3MT 

INF-ENE-

UMP-3MT 

INF-F&B-

UMP-3MT 

INF-MET-

UMP-3MT 

INF-ARM-

UMP-3MT 

INF-FER-

UMP-3MT 

Horizon RMSE RMSE RMSE RMSE RMSE RMSE 

1 0.004 0.004 0.003 0.004 0.003 0.004 

2 0.005 0.005 0.005 0.005 0.005 0.005 

3 0.007 0.006 0.006 0.007 0.006 0.007 

4 0.008 0.008 0.007 0.008 0.007 0.008 

5 0.009 0.009 0.008 0.009 0.008 0.009 

6 0.010 0.010 0.010 0.010 0.009 0.011 

7 0.011 0.011 0.011 0.011 0.010 0.012 

8 0.012 0.012 0.012 0.012 0.011 0.013 

9 0.013 0.013 0.012 0.013 0.012 0.014 

10 0.014 0.013 0.013 0.014 0.013 0.015 

11 0.014 0.014 0.014 0.014 0.014 0.015 

12 0.015 0.015 0.014 0.015 0.015 0.016 

13 0.016 0.015 0.015 0.015 0.015 0.017 

14 0.016 0.016 0.015 0.016 0.015 0.017 

15 0.016 0.016 0.015 0.016 0.015 0.016 

16 0.016 0.016 0.015 0.015 0.015 0.016 

17 0.016 0.016 0.014 0.015 0.015 0.016 

18 0.016 0.015 0.014 0.015 0.015 0.016 

19 0.016 0.015 0.014 0.015 0.015 0.015 

20 0.015 0.015 0.014 0.015 0.015 0.015 

21 0.015 0.015 0.013 0.014 0.014 0.015 

22 0.015 0.015 0.013 0.014 0.014 0.015 

23 0.015 0.015 0.013 0.014 0.014 0.015 

24 0.015 0.015 0.013 0.014 0.014 0.014 

25 0.015 0.015 0.013 0.014 0.014 0.014 

26 0.015 0.014 0.013 0.014 0.014 0.014 

27 0.015 0.014 0.013 0.014 0.014 0.014 

28 0.015 0.014 0.013 0.014 0.014 0.014 

29 0.014 0.014 0.012 0.013 0.013 0.014 

30 0.014 0.014 0.012 0.013 0.013 0.013 

31 0.014 0.013 0.012 0.013 0.013 0.013 

32 0.014 0.013 0.012 0.012 0.013 0.013 

33 0.013 0.013 0.011 0.012 0.012 0.012 

34 0.013 0.012 0.011 0.011 0.012 0.012 

35 0.013 0.012 0.011 0.011 0.012 0.011 

36 0.013 0.012 0.011 0.011 0.012 0.011 
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Figure A12. MAE forecast errors for model specification 15 and 16 (ENE, F&B, MET, ARM 

and FER). 

 

Note: Out-of-sample recursive forecasts generated on sample ranging from 1993M01 to 2007M01.  
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Table A7. Numerical results of forecasting errors (MAE) for model specification 14 and 16 

 INF INF ENE INF F&B INF MET INF ARM CPI FER 

Horizon MAE MAE MAE MAE MAE MAE 

1 0.003 0.003 0.003 0.003 0.003 0.003 

2 0.004 0.004 0.003 0.004 0.003 0.004 

3 0.005 0.005 0.004 0.005 0.004 0.005 

4 0.006 0.006 0.005 0.006 0.005 0.006 

5 0.007 0.007 0.007 0.007 0.006 0.007 

6 0.008 0.008 0.008 0.008 0.007 0.008 

7 0.009 0.009 0.009 0.008 0.008 0.009 

8 0.010 0.010 0.009 0.009 0.009 0.010 

9 0.010 0.010 0.010 0.010 0.010 0.011 

10 0.011 0.011 0.010 0.010 0.010 0.011 

11 0.011 0.011 0.011 0.011 0.010 0.012 

12 0.012 0.012 0.011 0.011 0.011 0.012 

13 0.012 0.012 0.011 0.011 0.011 0.012 

14 0.012 0.012 0.012 0.011 0.012 0.013 

15 0.012 0.012 0.012 0.012 0.012 0.013 

16 0.013 0.012 0.012 0.012 0.012 0.013 

17 0.013 0.012 0.012 0.012 0.012 0.013 

18 0.013 0.012 0.012 0.012 0.012 0.013 

19 0.013 0.012 0.012 0.012 0.012 0.013 

20 0.012 0.012 0.011 0.012 0.012 0.013 

21 0.012 0.012 0.011 0.012 0.012 0.013 

22 0.012 0.012 0.011 0.012 0.012 0.013 

23 0.012 0.012 0.011 0.012 0.012 0.013 

24 0.012 0.012 0.011 0.012 0.012 0.013 

25 0.012 0.012 0.011 0.012 0.012 0.013 

26 0.012 0.012 0.011 0.012 0.012 0.013 

27 0.012 0.011 0.011 0.011 0.011 0.012 

28 0.012 0.011 0.011 0.011 0.011 0.012 

29 0.011 0.011 0.010 0.011 0.011 0.012 

30 0.011 0.011 0.010 0.011 0.011 0.011 

31 0.010 0.010 0.010 0.010 0.010 0.011 

32 0.010 0.010 0.010 0.010 0.010 0.010 

33 0.010 0.009 0.009 0.010 0.010 0.010 

34 0.010 0.009 0.009 0.010 0.010 0.009 

35 0.009 0.009 0.009 0.009 0.009 0.009 

36 0.009 0.009 0.009 0.009 0.009 0.009 
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Table A8. Numerical results of forecasting errors (MAE) for model specification 15 and 17 

 

 
 
 

 
 

 
 
 

 
 

 
 
 

 
 

 
 
 

 
 
 

 
 

 
 
 

 
 

 
 
 

 
 

 
 
 

 
 

 
 
 

 
 

 
 
 

 
 

 

CPI -UMP - 

3MT 

CPI-ENE-

UMP-3MT 

CPI-F&B-

UMP-3MT 

CPI-MET-

UMP-3MT 

CPI-ARM-

UMP-3MT 

CPI-FER-

UMP-3MT 

Horizon MAE MAE MAE MAE MAE MAE 

1 0.003 0.003 0.003 0.003 0.003 0.003 

2 0.003 0.003 0.003 0.003 0.003 0.004 

3 0.005 0.004 0.004 0.004 0.004 0.005 

4 0.006 0.005 0.005 0.006 0.005 0.006 

5 0.007 0.006 0.006 0.006 0.006 0.007 

6 0.008 0.007 0.008 0.007 0.007 0.008 

7 0.009 0.008 0.008 0.008 0.008 0.009 

8 0.010 0.009 0.009 0.009 0.008 0.010 

9 0.010 0.010 0.010 0.010 0.009 0.010 

10 0.011 0.010 0.010 0.010 0.010 0.011 

11 0.012 0.011 0.011 0.011 0.010 0.011 

12 0.012 0.012 0.011 0.012 0.011 0.012 

13 0.013 0.012 0.011 0.012 0.011 0.012 

14 0.013 0.012 0.012 0.012 0.012 0.012 

15 0.013 0.012 0.012 0.012 0.012 0.013 

16 0.013 0.013 0.012 0.013 0.012 0.013 

17 0.013 0.013 0.012 0.013 0.012 0.012 

18 0.013 0.013 0.011 0.013 0.012 0.012 

19 0.013 0.013 0.011 0.012 0.012 0.012 

20 0.013 0.012 0.011 0.012 0.012 0.012 

21 0.013 0.012 0.011 0.012 0.012 0.012 

22 0.013 0.012 0.011 0.012 0.012 0.012 

23 0.013 0.012 0.011 0.012 0.012 0.012 

24 0.012 0.012 0.011 0.012 0.012 0.012 

25 0.012 0.012 0.011 0.012 0.012 0.012 

26 0.012 0.012 0.010 0.012 0.012 0.012 

27 0.012 0.012 0.010 0.011 0.011 0.012 

28 0.012 0.011 0.010 0.011 0.011 0.012 

29 0.012 0.011 0.010 0.011 0.011 0.011 

30 0.012 0.011 0.010 0.011 0.011 0.011 

31 0.011 0.011 0.010 0.011 0.011 0.011 

32 0.011 0.011 0.010 0.010 0.010 0.010 

33 0.011 0.010 0.010 0.010 0.010 0.010 

34 0.011 0.010 0.010 0.010 0.010 0.010 

35 0.011 0.010 0.009 0.010 0.010 0.010 

36 0.011 0.010 0.010 0.010 0.010 0.010 
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Figure A13. Impulse response functions from the bivariate BVAR (including PCI and INF) 

when the commodity price index is denominated in SEK instead of US dollars 

 
Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. Data for historical exchange rates 

(USD/SEK) has been downloaded from Bloomberg (2019). 
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Figure A14. Impulse response functions from the multivariate BVAR (including PCI, INF, 

UMP and 3-MT) when the commodity price index is denominated in SEK instead of US 

dollars 

 
Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. Data for historical exchange 

rates (USD/SEK) has been downloaded from Bloomberg (2019). 

 

Figure A15. Impulse response functions from the bivariate BVAR (including F&B and INF) 

when the commodity price index is denominated in SEK instead of US dollars 

 
Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. Data for historical exchange 

rates (USD/SEK) has been downloaded from Bloomberg (2019). 
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Figure A16. Impulse response functions from the multivariate BVAR (including F&B, INF, 

UMP and 3-MT) when the commodity price index is denominated in SEK instead of US 

dollars 

 
Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. Data for historical exchange 

rates (USD/SEK) has been downloaded from Bloomberg (2019). 

 

Figure A17. Impulse response functions from the bivariate BVAR (including ARM and INF) 

when the commodity price index is denominated in SEK instead of US dollars 

 
Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. Data for historical exchange 

rates (USD/SEK) has been downloaded from Bloomberg (2019). 
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Figure A18. Impulse response functions from the multivariate BVAR (including ARM, INF, 

UMP and 3-MT) when the commodity price index is denominated in SEK instead of US 

dollars 

 
Note: Y-axis is given in ppt and X-axis express the horizons, which is given in month. Shocks in columns, responses in rows. 

The impulse responses were calculated using a standard Cholesky decomposition of the covariance matrix. Black line is the 

median. Colored bands are 68% and 95% confidence bands. Maximum horizon is 60 months. Data for historical exchange 

rates (USD/SEK) has been downloaded from Bloomberg (2019). 

 

 

Table A9. Correlation table for commodity price indices denominated in different currencies. 

 
PCI ENE MET F&B ARM FER 

Correlation 0.7938 0.9197 0.8095 0.3391 0.6463 0.9031 

Note: Correlations between indices denominated in SEK and USD. Data for historical exchange rates (USD/SEK) has been 

downloaded from Bloomberg (2019). 


