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1. Introduction

It is generally of central importance for gov-
ernments to improve the accuracy of corporate 
tax revenue forecasts, since they typically con-
stitute an important source of income in the 
central budget.1 More precise forecasts will 
usually improve the overall forecast of central 
budget income, and thus contribute to a more 
reliable basis for government planning. More-
over, emphasising consistency, governments 
are inclined to connect budget forecasts to in-
house macroeconomic forecasts within a co-
herent framework. In this respect, connecting 
corporate tax revenue to the macroeconomic 
development could increase the overall under-
standing and be used for policy purposes and 
risk assessments. Previous studies have shown 
that decomposing corporate tax revenues is 
valuable to understand its development. The 
purpose of this paper is to provide a frame-
work that connects a decomposition of corpo-
rate tax revenues to macroeconomic forecasts, 
via corporate earnings. In this particular study, 
we consider corporate tax revenue forecasts in 
Sweden, which is a small open economy. How-
ever, we propose that the framework may be 
applied to any other economy, as long as nec-
essary adjustments are made to the included 
variables.

Forecasting corporate tax revenues, as with 
any macroeconomic aggregate, is subject to a 
high degree of uncertainty. In Sweden, corpo-
rate tax revenue is among the taxes with the 
largest forecast errors, as stated by The Swedish 
National Audit Office (2007). There are some 
distinctive considerations and difficulties when 
forecasting and analysing corporate tax reve-
nues. First, Corporate incentives, behaviour 
and ability to reduce their taxable profits are 
many and significant. Tax codes vary among 
countries, but do often allow corporates to make 

1 In 2014, Swedish state revenues from the corporate income tax 
amounted to SEK 97 billion, representing 5.8 per cent of total tax re-
venue. The OECD continuously makes a compilation of various tax 
revenues as share of GDP (https://stats.oecd.org). The Swedish corpo-
rate tax revenue was 2.6 percent in 2014, which was also the average 
corporate tax revenue among all OECD countries, ranging between 
0.4 and 7.1 percent. 

deductions, allocations, group contributions, 
offsetting of taxes paid abroad, etcetera. This 
makes it difficult to connect firms’ accounting 
profit to their taxable profit as determined by 
the tax authorities. Second, corporates’ taxes are 
settled with a considerable delay. In Sweden, 
the tax on corporate profits is settled in Decem-
ber of the year after the income year.2 The long 
lag between forecast and outcome causes there-
fore great difficulties in forecasting corporate 
tax revenues. Third, corporates can minimize 
their tax payments by changing their financing 
strategy. In Sweden, the capital cost of assets 
financed with borrowed capital is lower than for 
assets financed with equity because corporates 
are allowed to make deductions for their inter-
est costs. This provides incentives for debt fi-
nancing of investments. Fourth, in a small open 
economy with many multinational companies, 
tax payments can be further minimized, for ex-
ample through transfer pricing of intra-group 
transaction, and shifts in location of taxable 
activities due to establishment of subsidiaries 
in a particular country. Such decisions can be 
hard to predict, but are often related to taxes, 
prices, wages, requirements for construction, 
legislation governing cross-border trade, and 
legal protections governing investors, contracts, 
insolvencies, and so on. Fifth, data of corporate 
tax revenues are often observed in a low fre-
quency, normally yearly, with a small number 
of data points, resulting in difficulties of accu-
rate modelling, such as running in to scarce de-
grees of freedom for statistical models. 

Given the aforementioned difficulties, the 
structural decomposition of tax receipts tends 
to also vary over time. A number of studies 
have demonstrated this. For instance, Auer-
bach and Poterba (1987) developed a method-
ology for decomposing and attributing changes 
in corporate tax revenues to different sources, 
and showed that falling average tax rates and 
a decline in profitability have contributed to 
lower corporate taxes. Desai (2003) examines 
the relationship between book income and tax 
income and demonstrates that this relationship 

2 A first preliminary outcome is available in August.
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has broken down because of different treat-
ments of depreciation, the reporting of foreign 
source income, and in particular the changing 
nature of employee compensation. Auerbach 
(2007) uses the same decomposition as in Au-
erbach and Poterba (1987) and finds offsetting 
trends in the ratio of profits to GDP (which is 
declining over time) and in the average tax on 
profits (which is increasing over time). Dyreng 
et al. (2017) finds even at the microeconomic 
level a clear decrease in effective tax rates.

Quite naturally, decomposing tax revenues 
in line with some of the previous studies might 
lead to insights also in terms of forecasting. In 
this paper, we therefore make a decomposition 
based on the definition of corporate tax receipts, 
and then tie the macro economy to the com-
ponents using Bayesian vector autoregressive 
(BVAR) models. This is done in several steps: 
First, we estimate a quarterly BVAR model for 
net operating surplus and its determinants. Sec-
ond, we bridge net operating surplus and esti-
mate a yearly BVAR model for net business in-
come, that is, the tax base, and tax adjustments 
made by the corporates and discretionary fis-
cal policy measures within the area of corpo-
rate taxation. Output from the second BVAR 
model is then used to forecast and analyse the 
tax base, which, in turn, may be extrapolated 
to forecast corporate tax revenues. In a small 
forecast evaluation, the extrapolations from the 
BVAR forecasts are compared with direct tax 
revenue forecasts from a mixed data sampling 
(MIDAS) equation and typical naïve forecasts 
from simple integrated autoregressive mod-
els with exogenous variables (ARIX). Our tax 
revenue sample is small. However, the results 
suggest that (i) a considerable part of the vari-
ation in forecasting errors of the net operating 
surplus, as well as net business income, can be 
attributed to shocks in the factors identified in 
the literature, (ii) the forecasting performance 
for these variables can be improved when the 
forecasts are conditioned on the macroeconom-
ic development, and (iii) combining forecasts 
from BVAR, MIDAS and ARIX is an appro-
priate approach for corporate tax revenue fore-
casting. Standard sensitivity and scenario anal-

yses indicate that the BVAR models are robust 
and produce reasonable conditional forecasts. 
We therefore propose that the empirical frame-
work proposed in this paper is reliable and can 
be used as a policy tool to forecast and analyse 
corporate tax revenues.

The rest of the paper has the following struc-
ture. Section 2 motivates the choice of models. 
Section 3 defines corporate tax revenues and 
uses its main determinants found in the liter-
ature to discuss the variable selection. Section 
4 introduces the BVAR framework. Section 5 
summarises the empirical findings and investi-
gates the robustness of the results in a sensitiv-
ity analysis. Section 6 concludes. Time series 
graphs for the included variables are collected 
in Appendix A, and tables related to the sensi-
tivity analysis are collected in Appendix B.

2. Motivation behind the choice  
of empirical models

The academic literature on tax revenue fore-
casting is scarce. However, according to Jen-
kins et al. (2000), the main methods used to 
forecast corporate tax revenues, in various 
ministries of finance and other agencies, are (i) 
the extrapolation of tax revenue method, (ii) 
the underlying tax development method, (iii) 
the auditing method, (iv) the elasticity meth-
od and (v) macroeconomic regression models. 
The extrapolation of tax revenue method uses 
ARIMA models to estimate the development of 
tax revenue. The underlying tax development 
method estimates the ‘structural’ or ‘underly-
ing’ tax base, after which information on tax 
rules, legislation and corporate tax behaviour 
are used to calculate the underlying corporate 
tax revenue. The auditing methodology uses 
the difference between the calculated tax and 
extra tax paid by the firm when the tax is set-
tled on the audit day to make assessments about 
the tax revenue level. The elasticity method is 
a conditional projection, where the future tax 
revenue is calculated based on a starting point, 
combined with an estimate of the ratio of the 
change in tax revenues and the change in the 
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appropriate macroeconomic variable (see, for 
instance, Wolswijk, 2007). Finally, macroeco-
nomic regression models estimate functional 
relationships between sets of macroeconomic 
variables and the tax revenue in question.

Concerning macroeconometric time series 
models, Baghestani and McNown (1992) as-
sume that expenditures and revenues are random 
walks and estimate integrated autoregressive 
models, such as ARIMA models, cointegrated 
VAR models, and error-correction models, and 
show that, in general, such models have good 
predictive abilities compared with official fore-
casts. A decade later, Basu et al. (2003) evaluated 
the different forecast methods for corporate tax 
and showed that expert judgment forecasts tend 
to outperform strict model-based projections for 
short forecast horizons. Gamboa (2002) came 
on the other hand to the overall conclusion that 
the elasticity method is preferable.

The extrapolation method, the elasticity 
methods and macroeconomic regression mod-
els do not fully take into consideration the in-
teraction between tax revenues, the underlying 
base and the macro economy. Certainly, this 
interaction is important for structural analyses, 
which are generally conducted by governmen-
tal agencies. In this paper, we stress that tax 
revenues can be decomposed. The main com-
ponents are then tied to the macro economy 
using BVAR models, which tend to have high 
forecasting precision compared with classical 
VAR models; especially when the number of 
predictors is large (see, e.g., Krol, 2010). In do-
ing so, we wish to not only improve the corpo-
rate tax revenue forecast (or nowcast) ability, 
but also enable consistency between institu-
tions’ corporate tax revenue forecasts and their 
assessments of the macroeconomic outlook.

3. Determinants of corporate  
tax revenues

For any given year, the corporate tax revenues 
(TAX) in Sweden are by definition calculated as

(1) 𝑇𝐴𝑋𝑡 = 𝜏 × max(0, 𝑁𝐵𝐼𝑡) + 𝑅𝑂𝑇𝑡, 

where 𝜏  is the corporate tax rate, ROT (re-
duction of taxes) is adjustment for taxes paid 
by the companies in other countries, NBI (net 
business income) is the taxable income (often 
referred to as the tax base) and max(a, b) is 
function which returns the maximum value of 
the real numbers a and b. Equation (1) is sim-
ply based on the income tax return that limit-
ed liability companies, economic associations, 
etc., fill in each year and send to the Swedish 
Tax Agency.

Based on Equation (1), a forecast at horizon 
ℎ for the corporate tax revenue in levels could 
be found from 

(2) 𝑇A𝑋𝑡+ℎ = 𝜏 × max(0, 𝑁𝐵𝐼𝑡+ℎ) + 𝑅𝑂𝑇𝑡+ℎ , 

provided we have forecasts for the net busi-
ness income, 𝑁𝐵𝐼𝑡+ℎ, and the reduction of tax-
es, 𝑅𝑂𝑇𝑡+ℎ. The main idea in this paper is to 
divide the forecast for TAX into one part which 
we believe is conditionally forecastable from 
the macro economy, namely NBI, and one part 
which we believe is not, namely ROT. Because 
the current tax rate 𝜏  is known, and its future 
path is controlled by the government, we treat 
it as a known constant. We will also find it use-
ful to express the nominal variables in Equa-
tion (1) as shares of nominal GDP. Their devel-
opments in Sweden 1995–2014 are shown in 
Figure 1. By construction, TAX and NBI tend 
to move together. Yet, we believe they should 
have slightly different characteristics. Because 
corporate profits is related to economic activ-
ity and cannot increase more than the growth 
in the economy over a longer time period, NBI 
as share of GDP should behave as a bounded 
stationary process. Meanwhile, ROT is an ir-
regular component that depends on time-vary-
ing structural factors in different countries (see 
Section 1). We will therefore make the explicit 
assumption that the spread between NBI and 
TAX is driven by the constant 𝜏  and a bound-
ed random walk ROT. That is, we assume that 
TAX (as share of GDP) is the sum of a scaled 
bounded stationary process and a bounded 
non-stationary (random walk) process, so that 
TAX is itself a bounded non-stationary process, 
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with random walk-like behaviour. In essence, 
this is in line with Baghestani and McNown 
(1992), who explicitly assume that revenues 
are random walks. Note that ROT is much 
smaller in size than NBI. Hence, even when our 
assumptions are correct, the dominant force in 
TAX is still a stationary process. For forecast-
ing purposes, our assumptions imply that we 
should use the latest observed value on ROT 
as its forecast at any horizon, ROTt+h = ROTt, 
for all h.3 Meanwhile, we will link NBI to the 
macro economy as follows.

By definition, NBI is calculated by adjust-
ing companies’ earnings before interest and tax 
(EBIT) for different tax adjustments (TA),

(3) 𝑁𝐵𝐼𝑡 = 𝐸𝐵𝐼𝑇𝑡 + 𝑇𝐴𝑡.

Unfortunately, aggregated information of 
EBIT and TA are not available from the Swed-
ish official statistics. Therefore, in this paper, 
net operating surplus is used as a proxy for 
EBIT, whereas TA is approximated by the sum 
of net allocations to tax allocation reserves 
(including imputed income applied to tax al-

3 The Dickey-Fuller test cannot reject the null hypothesis of a unit root 
in ROT at the 5 % significance level.

location reserves) and loss carry forwards.4 
Whereas EBIT exists in both annual and quar-
terly frequency, NBI and (the approximation 
of) TA exist only in annual frequency. Because 
macroeconomic data is available on quarterly 
frequency, we will forecast EBIT through the 
macro economy. This forecast will then be 
bridged to forecast NBI. The model setup for 
this is specified in Section 4.

In what follows, we motivate the variables 
used to forecast EBIT. All selected variables, 
including those that are used to model NBI, are 
shown in Table 1, together with their means 
and standard deviations, after suitable transfor-
mations.

Financial markets: According to the aca-
demic literature, the cost of capital and labour 
is of central importance for firms’ investment 
decisions, production capacity and profits (see, 
e.g., Copeland and Weston, 2004). In addition, 
this literature emphasises the importance of 
including some variables that capture credit 
availability and stress in the financial markets. 
The lending rate (LR) is the interest rate firms 
actually pay for their loans, and is a central 
variable for the cost of capital. It is expressed 

4 Net operating surplus is defined as the value added after deducting 
compensation of employees, taxes on production and imports less subsi-
dies, and depreciation. At the company-level, net operating surplus may 
differ from profits shown on an accounting basis for several reasons, in 
particular as only a subset of total costs are subtracted from net output to 
arrive at national accounts estimate of net operating surplus. 

1.6
2.0
2.4
2.8
3.2
3.6

6

8

10

12

14

95 00 05 10

TAX (left) NBI (right)

Year

Pe
rc

en
t

Percent

 

.04

.08

.12

.16

.20

.24

.20

.22

.24

.26

.28

.30

95 00 05 10

ROT (left) Corporate tax rate (right)

Year

 

Figure 1. Elements of corporate tax revenues as shares of GDP 1995–2014
Source: The Swedish Tax Agency and the Swedish Ministry of Finance.
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as an average of the lending rates offered to 
companies for different maturities. The share 
price deviation from its historical trend (the 
share price gap, XGAP) is used as a proxy for 
stock market development and return on equity. 
The share price gap is defined as the deviation 
of the Stockholm OMX index from its trend, 
divided by the trend. The real share price gap 
captures whether developments in the stock 
market are following the historical trend. Here, 
the trend is calculated through a one-sided HP 
filter with the help of a smoothing parameter 
lambda equal to 400,000, as suggested by Dre-
hmann et al. (2010). The credit gap (CGAP) 
is used to identify possible credit constraints. 
It is constructed technically in the same way 
as the share price gap. As a first step the credit 
ratio is generated (lending to the corporates in 
relation to GDP at current prices). The credit 
gap is then defined as the deviation of the credit 
ratio from its trend, divided by the trend. The 
financial stress index measures uncertainty in 
financial markets, which is considered to be 
important for corporates’ option to postpone 
their investments. The index is an average of 
(i) stock market volatility, (ii) currency market 
volatility, (iii) the interest rate spread between 
housing and government bonds, and (iv) the 
interest rate spread between the interbank rate 
and the interest rate on treasury bills.

Macro domestic: GDP growth (at market 
and constant prices) in Sweden (GDP) is used 
to measure the increase in demand for firms’ 
products. Inflation is used to measure domestic 
purchasing power and demand for firms’ prod-
ucts, as high inflation undermines the value of 
money. Higher inflation contributes to firms’ 
profits by increasing their incomes and costs in 
nominal terms, and may decrease their willing-
ness to invest. The inflation is calculated using 
the consumer price index with fixed interest rate 
(CPIF). The real effective exchange rate (KIX) 
is included, since Sweden is a small open econ-
omy. The real exchange rate captures uncertain-
ty about domestic purchasing power and the de-
mand for corporates’ products. It is a weighted 
average for the 16 largest trading partners of 
Sweden, where the weights are calculated ac-

cording to Erlandsson and Markowski (2006).
Macro abroad: GDP growth in the rest of 

the world (GDPA) is used to measure the in-
ternational demand for firms’ products. Here, 
weighted GDP for the 16 largest trading part-
ners of Sweden is used, where the weights are 
those that are used to calculate the effective ex-
change rate KIX (see aforementioned).

Labour market: Employment (E) along with 
unemployment (U) provide a good picture of 
labour force and labour market trends, which 
are of central importance for firms’ output ca-
pacity. They are measured by the number of 
employed and unemployed persons, respec-
tively, in the population of working age (per-
sons aged 15–74), thousands of people. Wages 
per hours worked (w) provides a good picture 
of the labour cost and is used as a proxy for the 
marginal cost of labour.

Policy: The interest rate on three-month 
treasury bills (ITB) is directly affected by mon-
etary policy and is therefore used as a good 
monetary policy indicator. 

The variables discussed above will be used 
to model EBIT on quarterly frequency. For NBI, 
on yearly frequency, the fiscal policy measures 
(FP) reported by the Government in the area of 
corporate taxation as a percentage of GDP in cur-
rent prices is used as an indicator of fiscal policy 
stance in this area. Starting in 1995, data on NBI, 
FP and TA are available yearly only until 2014, 
because of the fact that corporate tax revenues 
are settled the year after the year the income was 
acquired. Thus, the number of observations for 
these variables is 20. The number of observa-
tions for the quarterly variables is 90 and cov-
ers 1993Q1–2015Q2. The reason for choosing 
the starting point 1993Q1 is that between 1990 
and 1992 Sweden reformed its tax system, and 
in 1992 the framework for the economic policy 
was reformed, introducing a flexible exchange 
rate system. Graphical illustrations of the varia-
bles in Table 1 are provided in Appendix A.

Table C1 in Appendix C shows cross-corre-
lations between TAX (in first differences) and 
the variables in Table 1, including correlations 
with TAX itself. The table shows that the varia-
bles are fairly correlated with changes in corpo-
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rate tax revenues, suggesting that at least some 
of the variables could be useful in univariate 
or multivariate modelling of corporate tax rev-
enues directly. The main proposal in this paper, 
however, is to jointly relate all of the variables 
in Table 1 to corporate tax revenues in a coher-
ent framework by using VAR models at differ-
ent frequencies. Additionally, we will exploit 
the fact that the macro variables are available 
well before corporate tax revenues are settled. 

Table 1. Summary of variables
Variable Unit Name  Mean Stdev

Quarterly frequency

Net operating surplus Percentage of GDP EBIT 13.60 1.96

Macro domestic
Inflation Percentage change CPIF 0.39 0.48
GDP Percentage change GDP 0.64 0.92
Real exchange rate Percentage change KIX 0.19 2.47

Macro abroad
GDP in the rest of the world Percentage change GDPA 0.59 0.51

Financial markets
Financial stress index Index SI 0.14 0.97
Share price gap Per cent XGAP 7.81 26.48
Credit gap Per cent CGAP –0.48 11.27
Lending rate Per cent LR 5.06 2.44

Labour market 
Unemployment Per cent U 8.03 1.58
Employment Percentage change E 0.18 0.50
Wage per hour worked Percentage change W 0.36 1.30

Monetary policy
Interest rate on three month treasury bill Per cent ITB 3.25 2.40

Yearly frequency
Fiscal policy in the area of corporate tax Percentage of GDP FP –0.02 0.09

Tax adjustments Percentage of GDP TA 0.76 0.71

Net operating surplus Percentage of GDP EBIT 13.46 1.91

Net business income Percentage of GDP NBI 9.75 1.98

4. The Bayesian VAR framework 

In Section 3, we demonstrated that tax reve-
nues can be decomposed into NBI and reduc-
tions before taxes, where the latter is a highly 
irregular component, and where NBI can be 
further decomposed into EBIT and associated 

adjustments. Additionally, we proposed that 
EBIT, and therefore also NBI, can be tied to the 
macro economy. This connection is important, 
since tying the taxable income to the macro 
economy could improve the precision in tax 
revenues forecasts. To forecast EBIT and NBI, 
we use VAR models. Because our data consists 
of short time series, the classical unrestricted 
VAR model will tend to be over-parametrised. 
By applying Bayesian shrinkage, however, we 
are able to handle large unrestricted VARs; 
see e.g. Banbura et al. (2010a), and references 
therein. In this paper, we also use priors on the 
unconditional mean, the VAR steady state, fol-
lowing the methodology in Villani (2009).

The Bayesian VAR framework that we use 
in this paper is outlined as follows. Let 𝑥𝑡 = 
(𝑥1, 𝑡,  𝑥2, 𝑡,  … ,  𝑥𝑛, 𝑡)′ be an 𝑛 × 1 vector with sta-
tionary variables, and let 𝐿 be the lag-operator 
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such that 𝐿 𝑥𝑡 = 𝑥𝑡−1. The Gaussian VAR model 
can be written as

(4) Π(𝐿 )𝑥𝑡 = 𝑐 + 𝜀𝑡 ,

where Π(𝐿 ) = 𝐼 − Π1𝐿 − ⋯ − Π𝑝𝐿 𝑝 is a vector 
lag polynomial of order p, c is a constant and 𝜀𝑡 
is an n-dimensional multivariate Gaussian error 
which is independent and identically distribut-
ed over time with mean zero and covariance 
matrix ∑. The mean-adjusted, or steady state, 
Gaussian VAR model can be written as

(5) Π(𝐿 )(𝑥𝑡 − 𝜇) = 𝜀𝑡,

where 𝜇 = 𝐸(𝑥𝑡) = Π−1(1)𝑐  is the uncondi-
tional mean of 𝑥𝑡.

As outlined in Section 3, we aim to tie quar-
terly EBIT to the macro economy, and then 
bridge and tie EBIT to yearly NBI, TA and FP, 
which, in turn, can be used to forecast year-
ly corporate tax revenues from Equation (2). 
First, based on Equation (3), we define a VAR 
model on yearly frequency with vector

(6) 𝑥t = (𝐹𝑃𝑡,  𝐸𝐵𝐼𝑇𝑡,  𝑇𝐴𝑡,  𝑁𝐵𝐼𝑡)′

We refer to this model as the NBI model. In 
estimating the NBI model, annual data from 
1995 is used, with two lags (i.e. p = 2). Sec-
ond, to tie EBIT to the macro economy, we 
use a VAR model on quarterly frequency with 
vector

(7) 𝑥𝑡 = (𝐺𝐷𝑃𝐴𝑡,  𝐾𝐼𝑋𝑡,  𝐶𝑃𝐼𝐹𝑡,  𝑤𝑡,  𝐸𝑡,  𝑈𝑡,  𝐺𝐷𝑃𝑡,  
      𝑋𝐺𝐴𝑃𝑡, 𝐶𝐺𝐴𝑃𝑡,  𝐼𝑇𝐵𝑡,  𝐿 𝑅𝑡,  𝐸𝐵𝐼𝑇𝑡,  𝑆𝐼𝑡)′

We refer to this model as the EBIT model. 
Its specification follows partly Jenkins et al. 
(2000). In estimating the EBIT model, quarter-
ly data starting in 1993Q1 is used, with four 
lags (i.e. p = 4). Because Sweden is a small 
open economy, we expect foreign GDP to af-
fect all variables, but not vice versa. Therefore, 
GDPA is treated as block exogenous (achieved 
by imposing the necessary restrictions on the 
polynomial Π(𝐿 ), whereas the other variables 
are treated as endogenous.

Consider the VAR parametrisation (4). A 
Bayesian approach requires prior distributions 
of the model parameters Π1,…, Π𝑝, c and Σ. 
To impose the prior belief, we follow, in large, 
Adolfson et al. (2007) and Österholm (2010). 
That is, for , we apply Minnesota type priors in 
the spirit of Litterman (1986), who proposed to 
shrink the prior mean for processes in levels to-
wards independent random walks, such that Π1 
is the identity matrix and Πj are zero for j > 1. 
However, for variables in levels, the prior mean 
on the first lag coefficients is set to 0.9, reflect-
ing the idea of a persistent stationary series. For 
variables in growth rates, the prior mean for the 
first lag is set to zero, which is consistent with 
a random walk expressed in first differences. 
The prior distribution variance is controlled 
by three hyperparameters that concern, respec-
tively, the overall tightness, the cross-variable 
tightness, and the lag decay. The overall tight-
ness parameter is set to 0.2, the parameter that 
controls cross-variable tightness is set to 0.5, 
and the lag decay parameter is set to 1 implying 
that variances shrink linearly with the lengths 
of the lags. For the covariance matrix Σ, the 
standard non-informative prior |Σ|–(n+1)/2 is used. 
We set the number of draws to B = 20,000.

We also consider setting a prior distribution 
on the VAR unconditional mean μ. Because μ 
is a function of the parameters, it will always 
have an implied prior. This implied prior is im-
portant, since long-term forecasts will approach 
the unconditional mean. By re-parametrising 
the VAR into the steady state form (5), we can 
impose a prior distribution on μ directly; see 
Villani (2009).5 This way, there is instead an 
implied prior on the constant c in the VAR par-
ametrisation (4).

Table 2 presents all steady state priors as 95 
per cent probability intervals for the relevant 
variables. Where available, these priors follow 
Adolfson et al. (2007) and Österholm (2010). 
In other cases we use broad intervals encom-
passing most of the data in the sample. In the 

5 A practical concern: In the simulation of the posterior distribution 
it is possible to obtain draws which imply a non-stationary VAR pro-
cess. However, we enforce the VAR to be stationary by discarding these 
draws, which is standard practice.
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EBIT model, GDP growth is assumed to have 
a steady state value centred on 0.56 per cent, 
which is equivalent to an annual growth of 
2.25 per cent. Foreign GDP growth is assigned 
a narrower interval centred on 0.5 per cent. 
Swedish inflation is centred on 2 per cent at an 
annual rate, the Swedish central bank’s infla-
tion target. The prior for the short-term interest 
rate is centred on 3.75 per cent, while the lend-
ing rate is assumed to have the same interval as 
the short-term interest rate but one percentage 
point higher. This constitutes approximately 
the historical spread between the two interest 
rates. Unemployment is centred on 6.2 per cent, 
and the real exchange rate is centred on zero, 
with fairly broad intervals. The credit gap and 
share price gap are centred on zero due to the 
definition of the gap (see Section 3) and may 
therefore deviate from the historical average. 
The stress index is centred on zero, which by 
construction is its mean value. The remaining 
variables are centred on their historical averag-
es, unless otherwise stated. For the variables in 
the NBI model, broad probability intervals are 
chosen. All posterior steady state intervals are 
shown in the graphs of the respective variables 
in Appendix A.

In Sweden, corporate tax revenues are set-
tled in December of the year after the income 

year, a considerable time after macroeconomic 
data are released. Therefore, conditional short-
term forecasts for the current or preceding year 
corporate tax revenues are often nowcasts.6 
Considering the importance of such nowcasts, 
in this paper, we consider one-step forecasts.

4.1 Identfication 
The orderings of the variables in the vectors 
specified by Equations (4) and (5) matter for 
the structural implications of the model. Here, 
we motivate the selected order of the variables 
by some previous orderings found for similar 
models in the literature.

Hubrich et al. (2013) place foreign variables 
first, followed by output, inflation and interest 
rates, which is also the case in Christiano et al. 
(1999). Eichenbaum and Evans (1995) place 
the real exchange rate subsequent to production 
and inflation. Christiano et al. (1996) also place 
unemployment after production and inflation.

The macroeconomic variables are then fol-
lowed by financial variables. However, for the 
financial variables, there seems to be no clear 
guidance on how to order them. Abildgren 
(2012), Adalid and Detken (2007), and Hubrich 
et al. (2013) all agree that the macroeconomic 
variables should precede the financial varia-
bles. Abildgren (2012) place credit after share 
prices. Adalid and Detken (2007) place equity 
prices prior to private credit growth. Goodhart 
and Hofmann (2008) similarly put house prices 
before credit. 

The ordering in Equation (6) is motivated by 
the identification assumptions made in previ-
ous studies as discussed above. The ordering in 
Equation (7) is done using the definition of cor-
porate tax revenues and net business income in 
Equation (1) and Equation (3).7 That is, we ex-
pect NBI to react contemporaneously to shocks 

6 Nowcasting refers to the prediction of the very recent past, the pre-
sent or the very near future using contemporary high frequency infor-
mation that is released before the main variable of interest; see, e.g., 
Banbura et al. (2010b). 
7 The identifications of shocks in the models implied by Equations (6) 
and (7) are both motivated using orderings in previous studies and ba-
sed simply on timing convention. One way to expand the structural 
analysis is to deliver identifying constraints by imposing sign restric-
tions, see, e.g., Fry and Pagan (2011), and references therein. 

Table 2. Prior probability intervals for variable 
steady states
Variable 95% prior P.I. Variable 95% prior P.I.

EBIT model, quarterly frequency

GDPA (0.25, 0.75) XGAP (–2, 2)

R (–3, 3) CGAP (–2, 2)

CPIF (0.35, 0.65) ITB (3, 4.5)

W (0.15, 1.575) LR (4, 5.5)

E (5.8, 6.8) EBIT (9, 18)

S (–0.3, 0.7) SI (–2, 2)

GDP (0.5, 0.625)

NBI model, yearly frequency

FP (–2, 2) TA (–2, 3.4)

EBIT (9, 18) NBI (0, 19.45)

Note: P.I. abbreviates probability interval. All steady state priors fol-
low the normal distribution.
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in FP, EBIT and TA. We put FP first because of 
the findings in the corporate finance literature 
that corporate tax rules have impact on corpo-
rates financing and investment behavior, and, 
consequently, on their net operating surplus as 
well as their willingness to make tax alloca-
tions (see, e.g., Copeland and Weston, 2004). 
Moreover, TA is placed after EBIT because we 
believe that shocks in corporate profits should 
have a contemporaneous impact on the deci-
sions to make tax allocations.

5. Empirical results

5.1 Forecast performance
In Sweden, corporate tax revenues are settled 
in December the year following the income 
year. Therefore, the conditional forecast for the 
current year and preceding year tax revenues, 
i.e. the nowcast, is particularly important. Here, 
we undertake a small forecast evaluation to es-
timate the ability of the EBIT model and the 
NBI model to forecast, respectively, net operat-
ing surplus and net business income, and sub-
sequently the ability to forecast corporate tax 
revenues based on the forecast of NBI, itself 
dependent on the EBIT forecast.

We first turn to the EBIT models. Two differ-
ent forms of BVAR forecasts are evaluated: un-
conditional forecasts, and forecasts conditional 
on macroeconomic information. The condition-
al forecasts would typically arise in the second 
quarter of the year, when the national accounts 
have been released. By then, macro variables 
for the preceding year are available, where-
as tax revenue data are not. For each type of 
BVAR forecast, we consider both the standard 
non-steady state priors, and steady state priors, 
respectively. This renders four BVAR models, 
that we denote, respectively, BVAR-U (uncon-
ditional), BVAR-C (conditional), BVAR-US 
(unconditional with steady-state priors), and 
BVAR-CS (conditional with steady-state pri-
ors). For each model, the one-step ahead fore-
cast for the th draw is given by 

�̂�𝑖, 𝑡+1 = 𝑐 ̂ + Π̂i, 1𝑥𝑡 + Π̂i, 2𝑥𝑡−1 + Π̂i, 3𝑥𝑡−2 + Π̂i, 4𝑥𝑡−3, 

where 𝑥𝑡 is defined as in equation (7). The 
one-step ahead forecast 𝑥̂𝑡+1 is given by the 
median forecast among 𝑥̂̂𝑖, 𝑡+1, for i = 1,2 ... , B, 
where B is the number of draws (see Section 
3).

The forecasts from the BVAR models are 
compared to one-step ahead forecasts from two 
naïve models: a random walk (no-change fore-
cast), and a stationary first-order AR process of 
order 1, 

(8) 𝐸𝐵𝐼𝑇𝑡+1 = 𝐸𝐵𝐼𝑇𝑡 + 𝜀𝑡+1, 

(9) 𝐸𝐵𝐼𝑇𝑡+1 = 𝑐 + 𝜙𝐸𝐵𝐼𝑇𝑡 + 𝜀𝑡+1, 

where 𝑐  and 𝜙 are coefficients that are es-
timated by ordinary least squares (OLS), and 
𝜀𝑡+1 is the regression error. Both models would 
be natural choices to forecast EBIT. Following 
standard time series notation, the models (8) 
and (9) are denoted ARI(0,1) and ARI(1,0), 
respectively, where ARI(a,b) abbreviates an 
autoregressive process of order a, integrated 
of order b. That is, the first difference of the 
ARI(0,1) is ARI(0,0), i.e. white noise, whereas 
the ARI(1,0) is simply a stationary AR(1).

The forecast evaluation period is 2006Q1–
2015Q2, increasing the initial estimation win-
dow 1993Q1–2005Q4 by one quarter for each 
new forecast. For the point forecasts we calcu-
late the mean error (ME), mean absolute error 
(MAE), and root mean square error (RMSE). 
The results are displayed in Table 3. Because 
the EBIT model is used to bridge EBIT into 
the yearly model for NBI, we also evaluate 
how these yearly aggregates (as ratios of GDP) 
compare against yearly forecasts from the ARI 
models. The results are displayed on the right 
side of Table 3, and cover the sample 2006–
2015.

For this period, the MAE is lower for the 
conditional forecasts, indicating that these 
models can be used to incorporate information 
of macroeconomic development or bridge mac-
roeconomic forecasts to improve the forecast 
ability for EBIT. The BVAR-C model (in bold 
numbers) has the lowest ME, MAE, and RMSE 
for both quarterly and yearly forecasts. 
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Table 3. Forecast error aggregates for net operating surplus (EBIT)
Quarterly: 2006Q1–2015Q2 Yearly: 2006–2014

Model ME MAE RMSE ME MAE RMSE

ARI(0,1) 0.06 0.46 0.62 0.28 1.33 1.66

ARI(1,0) 0.10 0.46 0.63 0.22 0.94 1.09

BVAR-U 0.22 0.42 0.60 0.30 0.79 0.86

BVAR-C 0.05 0.29 0.36 0.14 0.46 0.57

BVAR-US 0.22 0.41 0.60 0.29 0.93 1.09

BVAR-CS 0.05 0.32 0.40 0.18 0.60 0.83

Note: Errors are expressed as shares of GDP, where ME is the mean error, MAE is the mean absolute error and RMSE is the root mean square error. 
BVAR-U is unconditional, BVAR-C is conditional on macro, BVAR-US is unconditional with steady state priors, and BVAR-CS is conditional on macro 
with steady state priors.

where 𝐸𝐵𝐼𝑇Q
t and 𝐸𝐵𝐼𝑇𝑡

𝑌 are observed as 
shares of GDP on quarterly and yearly fre-
quency, respectively, and 𝐺𝐷𝑃Q

t and GDP𝑡
𝑌 are 

observed in levels on quarterly and yearly fre-
quency, respectively. For notational simplicity, 
the time index for quarterly observations is de-
fined as a fraction of the year. For the uncondi-
tional models (BVAR-U and BVAR-US), EBIT 
is simply bridged by the mean of the quarterly 
forecasts for each corresponding year.

The performances of the BVAR models one-
step ahead forecasts for NBI are compared with 
the one-step ahead forecasts from an ARI(0,1), 
i.e. a random walk model, and an ARI(1,0), i.e. 
a stationary AR(1). Because the number of ob-
servations is so small, we disregard RMSE and 
calculate only ME and MAE. Table 4 shows 
the results. For each BVAR model, the MAE 
is lower when incorporating the net operating 
surplus forecasts conditioned on information of 
the macro economy. Again, BVAR-C (in bold 
numbers) has the lowest MAE.

We turn next to NBI. The forecast evalua-
tion period is now yearly 2010–14. The period 
is simply chosen by estimation limitations due 
to the small number of observations. Again, we 
consider one-step ahead forecasts, increasing 
the estimation window by one year for each 
new forecast. We consider the same BVAR set-
up as before, but where forecasts now are given 
by the median forecast from 

�̂�𝑡+1 = 𝑐 ̂ + Π̂i, 1𝑥̃𝑡 + Π̂i, 2𝑥̃𝑡−1,         (𝑖 = 1, 2, . . . , 𝐵)

where 𝑥𝑡 is defined as in Equation (6). 
Here, the tilde in 𝑥̃𝑡 denotes that EBIT has been 
bridged from the EBIT model, whereas the hat 
in �̂�𝑡+1 denotes a forecast. For the conditional 
forecasts (BVAR-C and BVAR-CS), EBIT is 
bridged by

𝐸𝐵𝐼𝑇𝑡
𝑌 = 

∑4
j =1(𝐸𝐵𝐼𝑇Q

t – j/4 ×  𝐺𝐷𝑃Q
t – j/4 )

           GDP𝑡
𝑌

Table 4. Forecast errors for net business income (NBI)
Model 2010 2011 2012 2013 2014 ME MAE

ARI(0,1) –1.52 0.97 1.37 –1.17 –0.62 –0.19 1.13
ARI(1,0) –2.03 0.12 0.86 –1.21 –1.05 –0.66 1.05
BVAR-U –1.07 0.89 0.74 –1.18 –0.51 –0.23 0.88
BVAR-C –0.63 0.57 0.46 –1.32 –0.77 –0.34 0.75
BVAR-US –1.19 0.88 0.93 –1.05 –0.50 –0.19 0.91
BVAR-CS –0.91 0.64 0.81 –1.25 –0.77 –0.30 0.88

Note: Errors are expressed as shares of GDP, where ME is the mean error and MAE is the mean absolute error. BVAR-U is unconditional, BVAR-C is 
conditional on macro, BVAR-US is unconditional with steady state priors, and BVAR-CS is conditional on macro with steady state priors.
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Finally, we consider direct forecasting of 
corporate tax revenues. Following the proce-
dures outlined in Section 3, we use Equation 
(2) by plugging in forecasts for NBI from 
the conditional BVAR models BVAR-C and 
BVAR-CS, respectively, and using a no-change 
forecast for ROT. We compare performance of 
the BVAR-based forecasts, a random walk (no-
change) forecast (denoted ARI(0,1) as before), 
and forecasts from the following five naïve 
forecasting models, 

(10) 𝛥𝑇𝐴𝑋𝑡+1 = 𝑐 + 𝜙𝛥𝑇𝐴𝑋𝑡 + 𝜀𝑡+1, 

(11) 𝛥𝑇𝐴𝑋𝑡+1 = 𝑐 + 𝜙𝛥𝑇𝐴𝑋𝑡 + 𝛼𝐺𝐷𝑃𝑡+1 + 𝜀𝑡+1, 

(12) 𝛥𝑇𝐴𝑋𝑡+1 = 𝑐 + 𝜙𝛥𝑇𝐴𝑋𝑡 + 𝛼𝐺𝐷𝑃𝑡+1 + 
       𝛽𝑤𝑡+1 + 𝜀𝑡+1, 

(13) 𝛥𝑇𝐴𝑋𝑡+1 = 𝑐 + 𝜙𝛥𝑇𝐴𝑋𝑡 + 𝛼𝐺𝐷𝑃𝑡+1 +
        𝛽𝐶𝑃𝐼𝐹𝑡+1 + 𝜀𝑡+1, 

(14) 𝛥𝑇𝐴𝑋𝑡+1 = 𝑐 + 𝜙𝛥𝑇𝐴𝑋𝑡 + 𝛼𝐺𝐷𝑃𝑡+1 + 
       𝛽𝐿 𝑅𝑡+1 + 𝜀𝑡+1, 

where 𝐺𝐷𝑃𝑡 is yearly percentage change 
in GDP, 𝑤𝑡 is the yearly percentage change 
in wage per hour worked, 𝐶𝑃𝐼𝐹𝑡 is the yearly 
percentage change in prices, 𝐿 𝑅𝑡 is the year-
ly lending rate, and c, 𝜙, 𝛼 and 𝛽 are param-
eters that are estimated by OLS. Thus, the 
models in Equations (11) – (14) add macro-
economic information to the ARI(1,1) model 
in Equation (10). Following again standard 
notation, we denote the models (11) through 
(14) ARIX1(1,1) to ARIX4(1,1), where ARIX 
means ARI with exogenous variables. We use 
integrated processes because we view corpo-
rate tax revenues as share of GDP as a non-sta-
tionary, yet bounded, variable (see Section 3). 
All of the six alternative models are natural 
choices of ARIX models for forecasting cor-
porate tax revenue. Additionally, we consider 
the MIDAS equation

(15) 𝛥𝑇𝐴𝑋𝑡+1 = 𝑐 + 𝜙𝛥𝑇𝐴𝑋𝑡 + 𝛽𝐵(𝐿 1/4; 𝜃)
        𝐺𝐷𝑃𝑡+1 + 𝜀𝑡+1, 

where 𝑐 , 𝜙, 𝛽 and 𝜃 are regression param-
eters that are estimated with nonlinear least 
squares, and 𝐵 is a polynomial defined as 
𝐵(𝐿 1/4; 𝜃) = ∑K

k=0 𝑏(𝑘; 𝜃)𝐿 𝑘/4, a function of the 
quarterly lag-operator 𝐿 𝑘/4𝐺𝐷𝑃𝑡 = 𝐺𝐷𝑃𝑡−𝑘/4, 
where, as before, the time index for quarter-
ly observations is defined as a fraction of the 
year. For the functional form of 𝑏(𝑘; 𝜃), we 
choose the exponential Almon lag with one 
shape parameter, as proposed by Andreou et 
al. (2013), and we set K = 7, implying cur-
rent and preceding year GDP. Note that the 
MIDAS function (15) is regressing tax reve-
nues directly onto quarterly GDP, and that the 
parameters depend on the forecast horizon h 
= 1. MIDAS is well-known to be efficient for 
forecasting with mixed frequencies; see, for 
instance, Schumacher (2016), and references 
therein.

The results for the forecasts for TAX are 
shown in Table 5. Our sample is small. How-
ever, we conclude that MIDAS, the conditional 
BVAR (BVAR-C) and ARIX1 (in bold num-
bers) perform best, with the lowest MAEs. It is 
well-known that forecast combinations, in form 
of weighted averages of model forecasts, may 
produce smaller forecast errors than the sep-
arate models (see, e.g., Timmermann, 2006). 
Indeed, forecast combinations consisting of 
simple averages from the three best perform-
ing models, ARIX1, MIDAS and BVAR-C, 
produce lower MAE (denoted by the amper-
sand &). This suggests that all of these mod-
els contribute jointly with useful information 
when forecasting the tax revenues. The best 
performing combination is an average of MI-
DAS and BVAR-C. The forecast error for this 
combination is 0.03 percentage points smaller 
than for the next best performing combination. 
In 2014 that would have been equal to roughly 
SEK 1.2 billion, or about 1.2 per cent of total 
corporate tax revenues, which is a non-negligi-
ble amount for policy purposes. The difference 
is more than two times larger when comparing 
to the best single model, MIDAS. Due to the 



Finnish Economic Papers 1/2017 – Hovick Shahnazarian – Martin Solberger – Erik Spånberg

62

small number of yearly observations, the eval-
uation results for the NBI and TAX forecasts are 
only indicative. However, considering that the 
quarterly forecasts for EBIT perform well, we 
have reason to believe that also the precision in 
the yearly forecasts for NBI and TAX will carry 
over to larger samples.

5.2 Structural analysis
Governmental agencies may have an interest 
to analyse the determinants and mechanisms 
behind the development of corporate tax rev-
enue for policy purposes and risk assessment. 
A structural analysis could be used to try to 
isolate, for example, the effect of increased fi-
nancial stress on tax revenue. Here, we shortly 
demonstrate that the BVAR approach is suita-
ble for this task. Many structural forms may be 
considered. We consider a simple case of or-
thogonalisation of shocks based on the identifi-
cation assumptions given in Section 4.1. Tech-
nically, 𝜀𝑡 in the right hand side of Equation 
(4) is replaced with the process 𝐴𝜀𝑡, where 𝐴 is 
the lower triangular matrix from the Cholesky 

decomposition of the error covariance matrix, 
such that Σ = 𝐴𝐴′. This allows us to recursively 
identify shocks in the system; see, e.g., Adolf-
son et al. (2007). 

5.2.1 Forecast error  
variance decomposition

We first turn to forecast error variance decom-
positions. They show how much of the forecast 
error variances of EBIT and NBI that can be 
explained by exogenous shocks to the other 
variables in their respective VAR models. To 
facilitate interpretation of the empirical results, 
we group the variables as in Table 1. 

Figure 2 (a) shows the variance decomposi-
tion of the forecast errors for EBIT from an un-
conditional BVAR model without steady state 
priors. It indicates that external shocks, mac-
roeconomic shocks, as well as financial shocks 
explain a substantial part of the forecasting er-
ror variance.

Figure 2 (b) shows the decomposition of 
the variance in forecast errors for NBI from 

Table 5. Forecast errors for corporate tax revenue
Model 2010 2011 2012 2013 2014 ME MAE

ARI(0,1) 0.40 –0.22 –0.38 –0.07 0.10 –0.03 0.23

ARI(1,1) 0.34 –0.32 –0.44 –0.08 0.08 –0.08 0.25

ARIX1(1,1) 0.14 –0.25 –0.29 –0.07 0.07 –0.08 0.16

ARIX2(1,1) –0.28 –0.18 –0.22 –0.23 0.01 –0.18 0.18

ARIX3(1,1) 0.55 –0.37 –0.85 –0.47 –0.32 –0.29 0.51

ARIX4(1,1) –0.66 –0.34 –0.39 –0.29 –0.20 –0.38 0.38

MIDAS –0.18 0.05 –0.29 –0.13 0.06 –0.10 0.14

BVAR-U –0.28 0.20 0.22 –0.15 –0.08 –0.02 0.19

BVAR-C –0.16 0.11 0.14 –0.18 –0.14 –0.05 0.15

BVAR-US –0.31 0.20 0.27 –0.12 –0.08 –0.01 0.20

BVAR-CS –0.24 0.13 0.24 –0.17 –0.14 –0.04 0.18

BVAR-C & MIDAS & ARIX1 0.04 –0.10 –0.24 –0.01 0.09 –0.04 0.10

MIDAS & ARIX1 –0.02 –0.10 –0.29 –0.10 0.06 –0.09 0.11

BVAR-C & ARIX1 0.15 –0.18 –0.22 0.05 0.10 –0.02 0.14

BVAR-C & MIDAS –0.01 –0.03 –0.22 0.02 0.09 –0.03 0.07

Note: Errors are expressed as shares of GDP, where ME is the mean error and MAE is the mean absolute error. BVAR-U is unconditional, BVAR-C is 
conditional on macro, BVAR-US is unconditional with steady state priors, and BVAR-CS is conditional on macro with steady state priors. The amper-
sand & denotes a simple average.
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an unconditional BVAR model without steady 
state priors. About 57 per cent of the variance 
in the in-sample forecast errors is attributed to 
its determinants. That is, about 43 per cent of 
the variance is unexplained. Indeed, shocks in 
EBIT only explain about 16 per cent of the vari-
ance in forecast errors. This could also indicate 
that, as a proxy for EBIT, net operating surplus 
may not be the best candidate. Naturally, if a 
better proxy were to be available, then the user 
may simply replace the proxy in the current 
framework.

One way of supplementing the variance 
decomposition analysis is with an impulse re-
sponse analysis. Though left out, an examina-
tion of the impulse responses shows that the 
majority of the responses are as expected even 
if some have broad posterior probability inter-
vals encompassing zero.8 

5.2.2 Scenario analysis
A scenario analysis makes it possible to exam-
ine the extent of which NBI, and thereby cor-

8 The impulse responses can be supplied by the authors upon request.

porate tax revenues, will deteriorate as a con-
sequence of negative development in financial 
markets. As a short illustration, we compare 
two fictive scenarios. The first scenario (a main 
scenario) is conditioned upon the Ministry of 
Finance forecast for GDP growth abroad. The 
second scenario (a financial stress scenario) 
has the same condition but with the addition of 
imposed shocks in the financial markets. This 
scenario simulates a recurrence of the 2008 fi-
nancial crisis development in stress index and 
share prices, now starting 2015Q4; see Figure 
3. Compared to the main scenario, the financial 
stress scenario leads to a lower EBIT between 
2015 and 2017 and a higher EBIT between 2018 
and 2020 (see Table 6). This leads to a similar 
development of NBI. Further, the forecasts for 
corporate tax revenues initially decline under 
the financial stress scenario (see Figure 4).9 
Thus, the BVAR models’ conditional forecasts 
are reasonable, in the sense that corporate tax 
revenues deteriorate as a consequence of nega-
tive development in financial markets. 

9 The EBIT model scenario forecasts for GDP and CPIF are used to 
calculate proxy-forecasts for nominal GDP.

Figure 2. Variance decomposition of the median forecast deviation
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Table 6. Scenario forecasts for net operating surplus and net business income
2015 2016 2017 2018 2019 2020

Net operating Surplus (EBIT)

Main scenario 12.06 11.90 11.77 11.60 11.61 11.91

Financial stress scenario 12.03 11.19 11.44 12.15 12.24 12.14

Difference –0,03 –0.71 –0.33 0.55 0.43 0.23

Net business income (NBI)

Main scenario 11.79 11.72 11.39 11.05 10.74 10.56

Alternative scenario 11.79 11.71 11.03 10.84 10.94 10.81

Difference 0.00 –0.01 –0.36 –0.21 0.20 0.25

Note: Values are expressed as percentage of GDP.

(a) Financial stress index    (b) Share price gap 

Figure 3. Scenarios for the financial stress index and share price gap

Figure 4. Scenario forecasts for corporate tax revenues

-2

-1

0

1

2

3

4

95 00 05 10 15

Year Year

Year

In
de

x 
un

it

-60

-40

-20

0

20

40

60

80

95 00 05 10 15

Pe
rc

en
t

88

92

96

100

104

108

112

116

120

11 12 13 14 15 16 17 18 19 20

Main scenario
Financial stress scenario

Main scenario (model forecast)
Financial stress scenario

Main scenario (model forecast)
Financial stress scenario

Bi
lli

on
 S

EK



Finnish Economic Papers 1/2017 – Hovick Shahnazarian – Martin Solberger – Erik Spånberg

65

5.3 Sensitivity analysis

We investigate the robustness of the results by 
making forecasts for NBI and EBIT 2015–18 
and calculating forecast error variance decom-
positions under different prior and structural as-
sumptions. The baseline models for the EBIT 
models and NBI models, respectively, are those 
with steady state priors as described in Section 
4. By comparing to these models we can contain 
the impact of individual changes to the steady 
states. The case without steady state priors 
are also compared to the baseline models. All 
changes are made one by one. The results from 
the sensitivity analysis are provided in Tables 
B1-B4 in Appendix B. Tables B1 and B2 show 
the results for the EBIT models, and Tables B3 
and B4 show the results for the NBI models. 

Two different types of changes in steady 
state priors are considered. First, we let all prior 
probability intervals keep their length, but shift 
their centre downwards by one sample stand-
ard deviation of the specific variable. Second, 
the centres of prior probability intervals are 
unchanged, but the lengths of the intervals are 
doubled. For the hyperparameters, the param-
eters controlling the overall tightness (𝜆1) and 
the cross-variable tightness (𝜆2) are changed to 
0.1 and 0.2, respectively, which increase their 
informativeness, and the parameter controlling 
the lag decay (𝜆3) is changed to 0.5, which re-
laxes its informativeness. Additionally, alterna-
tive orderings of the variables are considered. 
For the EBIT model we put financial market 
variables in front of macro variables and for the 
NBI model an arbitrary alternative ordering is 
considered.

The results in Table B1 suggest that the 
forecasts for EBIT are essentially insensitive 
to changes in the steady states (rows 3-15 and 
16-28), with the exception of the steady states 
for unemployment, the credit gap and the share 
price gap. When the steady state of unemploy-
ment is increased, the model predicts lower 
EBIT in the long run. In the case of the credit 
gap and share price gap, the steady state priors 
are set tightly to zero, indicating that the gaps 
should close in the long run. As this is far from 

their particular sample unconditional means, a 
change in their prior has a relatively large im-
pact on the overall forecasts in these cases. The 
hyperparameter changes (rows 29-31) have 
larger impact, which is expected as they can be 
seen as equivalent to changing the model spec-
ification. The specific alternative ordering of 
the variables (row 32) does not seem to have a 
major impact on forecasts.

Table B2 shows that the forecast error var-
iance decomposition of EBIT is insensitive to 
changes in steady state priors (rows 3-28) and 
alternative orderings of the variables (row 32), 
but not when it comes to the hyperparameters 
(rows 29-31). A smaller part of the forecast er-
ror variance is explained by the determinants 
when the data is suppressed by tighter hyper-
parameters.

The results in Tables B3 and B4 suggest that 
the changes in steady state priors (rows 3-10) 
as well as an arbitrary ordering of variables 
(row 14) do not have any major impact on the 
forecasts or the forecast error variance decom-
position of NBI. This is also the case when the 
hyperparameters are changed (rows 11-13). 

6. Conclusions
This paper decomposes Swedish corporate tax 
revenues and connects the tax base to the mac-
ro economy and other relevant variables us-
ing BVAR models. A number of studies have 
demonstrated that the structural decomposition 
of tax receipts tends to vary over time and that 
such decomposition is valuable for analysing 
tax revenues. Thus, decomposing tax revenues 
might lead to insights also in terms of forecast-
ing. In light of this, we use the conventional 
wisdom that tax revenues are essentially ran-
dom walks, but then stress that a decomposi-
tion of the tax base may be connected to the 
macro economy and other determinants found 
in the literature. The BVAR models are used to 
analyse how important different shocks are for 
profits and the tax base, and to make forecasts 
for corporate tax revenues.

Our empirical results indicate that external 
shocks, macroeconomic shocks, as well as fi-
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nancial shocks explain a substantial part of the 
forecasting error variance of corporates’ profit, 
and that shocks in profits, tax adjustments and 
fiscal measures explain a major part of the fore-
casting error variance of the tax base for corpo-
rate tax. These factors are all identified in the 
literature, and the implications of our findings 
can be of broad importance for understanding 
the way different factors impact corporate earn-
ings, and essentially, corporate tax revenues. 
This is especially important because firms can 
decide when, how and in what way they would 
like to report their profits due tax deductions, 
transfer pricing, group contributions and other 
special arrangements.

Furthermore, our results indicate that the 
predictive performance of net operating sur-
pluses, net business income and corporate tax 
revenues can be improved when they are con-
ditioned on obtained macroeconomic infor-
mation that is available before the tax revenue 
outcome, and, additionally, that combining 
forecasts from BVAR models, MIDAS models 
and ARIX models is a viable approach for fore-
casting corporate tax revenues. 

Whereas our quarterly sample for net operat-
ing surplus is fairly large, our yearly tax revenue 
sample is short. Therefore, the results for the 
yearly tax revenue forecasts are only indicative. 
However, since the quarterly forecasts for net 
operating surplus perform well, we have reason 
to believe that also the precision in the yearly 
forecasts for net business income and corporate 
tax revenues will carry over to larger samples.

For consistency, governments are typically 
inclined to connect budget forecasts to their 
macroeconomic forecasts. A key benefit of the 
forecasting models proposed in this paper is 
that they clearly link the forecast for corporate 
tax revenues to macro variables and other de-
terminants. Because of these links, the models 
provide tools to assess a range of corporate tax 
revenues given different scenarios for the deter-
minants. The model-based input can be of great 
importance for forecasting of government’s 
corporate tax revenues as well as analysing the 
sensitivity of these revenues in alternative mac-
roeconomic environments.
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Appendix 

Appendix A: Variables and posterior steady state intervals
The figures in this Appendix show each variable in Table 1 with posterior steady states based on the 
steady state priors shown in Table 2.
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Figure A1. Variables in the EBIT model with posterior steady states
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Figure A1, cont’d. Variables in the EBIT model with posterior steady states

(g) Unemployment (U)                                      (h) Wage per hour worked Q/Q (w)   

(i) Lending rate (LR)                                        (j) Share price gap (XGAP)

  (k) Credit gap (CGAP)                                        (l) Net operating surplus (EBIT)

(m) Financial stress index (SI)
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Figure A2. Variables in the NBI model with posterior steady states 

(c) Tax adjustments (TA)                                                       (d) Net business income (NBI)

(a) Fiscal policy in area of corporate taxation (FP) (b) Net operating surplus (EBIT)
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Appendix B: Tables related to the sensitivity analysis

Table B1. Sensitivity analysis of the forecasts for EBIT
2015 2016 2017 2018

Baseline 12.13 12.10 11.89 11.81
One standard deviation negative change 
in the steady state mean 

GDPA –0.06 –0.13 –0.11 –0.04

KIX 0.01 0.00 –0.03 0.02
CPIF 0.05 0.06 0.09 0.06

w 0.02 0.05 0.01 0.01

U –0.02 –0.04 -0.09 –0.22

E –0.01 0.00 0.00 0.01

GDP –0.02 –0.04 0.03 0.07

CGAP 0.04 0.04 –0.09 –0.21

XGAP 0.00 0.08 0.18 0.32

ITB 0.06 0.12 0.03 –0.07

LR –0.01 –0.02 –0.02 –0.01

EBIT –0.02 –0.06 –0.12 –0.08

SI 0.01 0.01 0.00 0.01

Doubling of the steady state interval GDPA –0.06 –0.13 –0.11 –0.04

KIX 0.01 0.00 –0.03 0.02

CPIF –0.01 –0.02 –0.04 0.06

w 0.01 –0.03 –0.03 0.01

U 0.04 0.06 0.00 0.01

E 0.00 0.01 –0.04 –0.04

GDP –0.03 0.00 0.00 0.03

CGAP –0.02 –0.07 –0.07 –0.03

XGAP 0.01 0.01 0.04 0.06

ITB –0.01 0.02 –0.02 –0.02

LR –0.01 –0.02 –0.02 –0.01

EBIT –0.02 –0.06 –0.12 –0.08

SI 0.01 0.01 0.00 0.01

Changes in hyperparameters λ1 = 0.1 –0.17 –0.24 –0.32 –0.25

λ2= 0.2 –0.21 –0.41 –0.58 –0.55

λ3= 0.5 0.01 0.05 –0.01 –0.01

Alternative order: 𝑥𝑡 = (𝐺𝐷𝑃𝐹𝑡 ,  𝐶𝐺𝐴𝑃𝑡 ,  𝑋𝐺𝐴𝑃𝑡 ,  𝐼𝑇𝐵𝑡 ,  𝐿 𝑅𝑡 ,  
𝐾𝐼𝑋𝑡 ,  𝐶𝑃𝐼𝐹𝑡 ,  𝑤𝑡 ,  𝑈𝑡 ,  𝐸𝑡 ,  𝐺𝐷𝑃𝑡 ,  𝐸𝐵𝐼𝑇𝑡 ,  𝑆𝐼𝑡)′ 0.01 –0.02 –0.02 0.04

No steady state prior 0.04 0.09 0.11 0.15

Note: Values are expressed in differences from Baseline. For hyperparameters, λ1 refers to the overall tightness, λ2 refers to the cross-variable 
tightness and λ3 refers to the lag decay.



Finnish Economic Papers 1/2017 – Hovick Shahnazarian – Martin Solberger – Erik Spånberg

72

Table B2. Sensitivity analysis of forecast error variance decomposition for EBIT
Macro 
abroad

Macro 
domestic

Labour 
market

Financial 
factors

Monetary 
policy EBIT

Baseline 21.1 14.3 19.2 19.2 7.8 18.4

One standard deviation negative change 
in steady state mean

GDPA 18.4 14.2 20.2 20.4 7.5 19.4

KIX 21.0 14.6 19.8 18.4 8.0 18.3

CPIF 20.3 13.4 20.4 20.3 7.6 18.0

W 20.4 14.5 19.0 18.9 8.7 18.5

U 23.8 14.7 18.4 17.2 9.1 16.9

E 21.4 13.9 19.4 18.3 8.4 18.6

GDP 19.8 13.3 20.0 20.1 7.0 19.8

CGAP 20.4 14.2 19.7 19.3 7.5 18.9

XGAP 19.9 14.2 18.2 22.5 8.0 17.2

ITB 21.8 14.3 19.1 16.7 10.2 17.8

LR 19.5 14.2 19.9 18.7 8.9 18.8

EBIT 21.2 14.1 19.5 18.6 7.9 18.8

SI 19.8 14.4 19.9 20.0 7.7 18.1

Doubling of the steady state interval GDPA 22.0 14.3 18.7 18.8 8.1 18.1

KIX 21.2 13.9 19.3 18.8 8.4 18.3

CPIF 20.6 14.0 19.2 19.6 8.0 18.6

W 20.9 14.4 19.5 18.4 8.1 18.8

U 21.8 14.0 18.8 18.5 8.4 18.5

E 21.4 14.0 19.3 18.8 7.9 18.6

GDP 21.3 14.1 19.4 18.8 8.5 17.9

CGAP 21.2 14.1 19.1 19.0 8.6 18.1

XGAP 21.2 14.7 19.3 18.9 8.2 17.8

ITB 21.9 13.8 19.8 18.2 7.9 18.5

LR 21.1 14.6 19.6 18.1 8.4 18.2

EBIT 21.9 14.1 19.5 17.9 8.0 18.6

SI 21.7 13.9 19.5 18.8 8.2 17.9

Changes in hyperparameters
 

λ1 = 0.1 16.3 11.2 24.3 13.6 6.6 27.9

λ2= 0.2 16.4 11.5 25.5 10.2 5.9 30.6

λ3= 0.5 25.7 14.2 17.9 18.6 8.7 14.8

Alternative order: xt = (𝐺𝐷𝑃𝐴𝑡 ,  𝐶𝐺𝐴𝑃𝑡 ,  𝑋𝐺𝐴𝑃𝑡 ,  𝐼𝑇𝐵𝑡 ,  
𝐿 𝑅𝑡 ,  𝐾𝐼𝑋𝑡 ,  𝐶𝑃𝐼𝐹𝑡 ,  𝑤𝑡 ,  𝑈𝑡 ,  𝐸𝑡 ,  𝐺𝐷𝑃𝑡,  𝐸𝐵𝐼𝑇𝑡 ,  𝑆𝐼𝑡)′ 21.2 6.0 13.2 23.0 17.7 18.9

No steady state prior 21.6 14.2 19.2 19.1 8.0 17.9

Note: Values are expressed in percentage share. For hyperparameters, λ1 refers to the overall tightness, λ2 refers to the cross-variable tightness and λ3 
refers to the lag decay.
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Table B3. Sensitivity analysis of the forecasts for NBI
2015 2016 2017 2018

Baseline 11.79 11.77 11.57 11.49

One standard deviation negative change 
in the steady state mean

FP –0.01 –0.04 –0.14 –0.09

EBIT 0.05 0.11 –0.01 –0.03

TA –0.04 –0.04 –0.18 –0.17

NBI –0.02 0.06 –0.08 –0.07

Doubling of the steady state interval FP –0.02 0.07 –0.05 –0.03

EBIT –0.01 0.05 –0.01 0.01

TA 0.07 0.17 0.15 0.16

NBI 0.02 0.12 –0.01 –0.01

Changes in hyperparameters λ1 = 0.1 –0.03 –0.03 –0.23 –0.23
λ2= 0.2 0.00 0.07 –0.06 –0.06
λ3= 0.5 0.02 0.08 0.02 0.02

Alternative order: 𝑥t = (𝐸𝐵𝐼𝑇𝑡,  𝑁𝐵𝐼𝑡,  𝐹𝑃𝑡,  𝑇𝐴𝑡)′ 0.01 0.01 –0.12 –0.12

No steady state prior –0.09 –0.07 –0.23 –0.27

Note: Values are expressed in differences from Baseline. For hyperparameters, λ1 refers to the overall tightness, λ2 refers to the cross-variable tightness 
and λ3 refers to the lag decay.

Table B4. Sensitivity analysis of forecast error variance decomposition for NBI
FP EBIT TA NBI

Baseline 11.9 16.2 26.8 45.0
One standard deviation negative change in the 
steady state mean

FP 12.1 16.0 26.9 44.9

EBIT 11.8 16.5 27.6 44.0

TA 12.0 17.0 26.1 44.9

NBI 12.2 16.4 27.1 44.3

Doubling of the steady state standard deviation FP 12.4 16.2 27.3 44.1

EBIT 11.9 16.2 26.4 45.5

TA 12.1 16.0 27.2 44.7

NBI 11.8 16.1 27.4 44.6

Changes in hyperparameters λ1 = 0.1 9.2 18.4 25.4 47.0

λ2= 0.2 9.2 17.5 25.2 48.1

λ3= 0.5 12.4 15.3 27.3 45.0

Alternative order: 𝑥t = (𝐸𝐵𝐼𝑇𝑡,  𝑁𝐵𝐼𝑡,  𝐹𝑃𝑡,  𝑇𝐴𝑡)′ 5.8 1.6 18.7 73.9

No steady state prior 14.1 16.4 26.4 43.1

Note: Values are expressed in percentage share. For hyperparameters, λ1 refers to the overall tightness, λ2 refers to the cross-variable tightness and 
λ3 refers to the lag decay.
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Appendix C: Cross-correlations with changes in corporate tax revenues

Table C1. Yearly cross-correlations with changes in corporate tax revenues
j ΔTAXt–j EBITt–j TAt–j FPt–j GDPt–j GDPAt–j Et–j Ut–j

0 1 0.33 –0.35 0.16 0.38 0.26 –0.25 0.30

1 0.06 –0.06 –0.11 –0.12 –0.27 –0.37 –0.52 0.24

2 –0.36 –0.24 0.04 –0.03 –0.22 –0.18 –0.22 –0.13

wt–j CPIFt–j LRt–j KIXt–j ITBt–j CGAPt–j XGAPt–j SIt–j

0 –0.63 –0.44 –0.28 –0.02 –0.28 –0.26 0.35 –0.43

1 –0.09 0.09 0.04 –0.08 –0.04 –0.20 –0.30 –0.28

2 0.14 0.30 0.29 –0.05 0.27 –0.04 –0.40 –0.04


