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1 Introduction 

Structural Vector Autoregression (SVAR) models are widely used by macroeconomists 

in academia, international institutions and central banks. This class of models is 

closely related to Vector Autoregression (VAR) models that, since their introduction 

by Sims (1980), have been extensively studied using both frequentist and Bayesian 

inference (for which they assume the acronym: BVARs), extended to various non­

linear frameworks and applied in numerous empirical settings. While BVARs have 

proven to be an especially powerful tool for forecasting the economy, they miss a 

structural interpretation of the shocks in the model. Bayesian SVARs add a structure 

to BVARs and offer a versatile framework to analyse the transmission mechanisms 

of economic shocks, as well as to understand how the economy responds to different 

disturbances. 

Being such an important tool for macroeconomic analysis, SVAR models are part 

of the toolkit used regularly by the Bank of England. The aim of this Macro Technical 

Paper is twofold. First, it discusses the recent specification of a SVAR model that 

is currently used at the Bank, in particular to disentangle domestic drivers of the 

UK business cycle. Second, it illustrates some of the most relevant applications of the 

model and explains how it can help monetary policymakers on a round-by-round basis. 

The model is designed as a tool for studying economic dynamics at business-cycle 

frequencies, focused on short- to medium-term horizons. It has featured in various 

recent speeches of the MPC members (see, e.g., Pill, 2024; Taylor, 2025; Breeden, 

2025). 

Main ingredients of the model. Broadly speaking, VAR models help to shed light 

on the relationship between variables at time t and their own past values. This delivers 

a set of estimated correlations that hold over the estimation sample. The identification 

of shocks then helps interpret those correlations as responses to structural, unexpected, 

shocks that hit the economic system. Due to the nature of the model, each shock is 

associated with a dynamic response of the variables in the system. As such, the model 

can help to uncover in real time which shocks have hit the economic system, and 

illustrate how their effects propagate in the near term. This can support policymakers 

in assessing the state of the economy over the business cycle. 

The model discussed in this paper includes eight macroeconomic indicators, span­

ning three global variables and five UK variables. On the global side, the model 
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lined in Canova (2011) and Kilian and Liitkepohl (2017), and surveyed in Christiano 

(2012). Our UK-specific model contributes to the literature by employing SVAR mod­

els to decompose forecast revisions. Some contributions along the same direction were 

proposed by Todd (1992) and Giannone et al. (2004), although in models with fewer 

structural shocks, and with a more limited exploration of data revision. 

Outline. The paper proceeds as follows. Section 2 outlines the model specification, 

data, estimation approach and shock identification. Sections 3 and 4 then briefly 

present standard model properties and a decomposition of past data through the lens 

of the identified shocks. In Section 5, we describe a new tool that helps to interpret 

forecast revisions and provide information relevant to the policymakers. To do this, 

we present 'real-time' analysis from the perspective of a forecaster in 2024Q2. Section 

6 concludes. 

2 Model Overview 

In this section, we describe the building blocks of our model for interpreting the 

macroeconomic drivers of the key aggregate variables for the UK economy. We begin 

with the data and the model framework, before moving to the shock identification 

strategy and estimation. 

2.1 Data 

Our VAR includes a total of eight global and UK variables, listed in Table 1. The 

data is quarterly and our estimation sample begins in 1992Ql. Later in this paper, 

we carry out analysis from the perspective of a forecaster in 2024Q2. For this, we 

use the same data vintages that were available for the preparation of the August 2024 

Monetary Policy Report. This gives us a sample that runs from 1992Ql to 2024Q2 and 

that captures several episodes of interest for the UK economy, including the Global 

Financial Crisis (GFC) in 2007-2008, the Brexit referendum in 2016Q2, and the Covid-

19 pandemic. 

While most of the data enters the VAR in log-levels, some of the charts will be 

reported after transforming the data into a more informative scale. Table 1 shows 

the transformations applied to the data as it enters the estimated model and as it 

is shown in selected figures. Figure A-1 and Figure A-2 in the Appendix plot the 

5 



Table 1: Variables in the model and transformations 

Variable 
Real World GDP 
World CPI 
Real oil price 
Bank Rate 
Exchange-rate index (ERI) 
UK CPISA 
UK CPI Energy 
Real UK GDP 

Enters model 
100-log 
100-log 
100-log 
level 

100-log 
100-log 
100-log 
100-log 

Shown in some figures 
YoY growth 
YoY growth 
YoY growth 

level 
level 

YoY growth 
YoY growth 
YoY growth 

Note: World GDP and CPI are UK-trade weighted. The real price of oil is in sterling. The 
Bank of England exchange-rate index is a trade-weighted exchange value of sterling computed 
using bilateral exchange rates (a decrease in the index corresponds to a sterling depreciation). We 
include UK CPI Energy as it captures the combined role of oil and gas prices to the UK CPISA. 
This will help in the identification of the world energy shock, as recent episodes underlined the 
importance of accounting for the role played by gas prices in energy-price fluctuations. 

variables graphically. 

2.2 Model Setup 

VAR models estimate correlations among a set of variables, both contemporaneously 

and dynamically. The starting point is a vector Yt of k variables of interest . These 

variables are studied as a function of the same variables at previous periods. The goal 

is to trace how these variables are dynamically driven by the underlying structural 

shocks Et.

Formally, the model is given by 

p q 

Yt = L IlzYt-l + C + L dcdt-c + Ut,

l=l c=l 

where II1 are k x k matrices of autoregressive model coefficients and c is a k x 1 vector of 

constants. In addition to the autoregressive terms, we include a scalar dummy variable 

<5c to account for the Covid-19 period. This takes the value 1 if period t - c includes 

the Covid-19 pandemic, which we define from 2020Ql to 2021Q2, and 0 otherwise. 

This implies dummy variables for a total of six periods. 

The k x 1 vector of reduced-form innovations Ut are normally distributed, with 

k x k covariance matrix :E: 

These reduced-form innovations are related to a k x 1 vector of structural shocks that 
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drive the data according to: 

(2) 

where B is a k x k matrix and the structural shocks are assumed to be normally 

distributed with a covariance matrix normalised to the k x k identity matrix h: 

Et~ N(O, h). 

The reduced-form covariance matrix� relates to the impact effect of the shocks matrix 

B via the expression: 

�=BB'. (3) 

Finally, the following equation relates (:E, B) via the function x(.), which is the unique 

Cholesky decomposition, and Q, which is an orthogonal matrix: 

B = x(�)Q. (4) 

We refer readers to Arias et al. (2018) and Canova et al. (2024) for a detailed discussion 

of alternative parameterisations of VARs. 

As discussed in the introduction, the model estimates the contribution of individual 

structural shocks to the evolution of the data. In our notation, these shocks of interest 

are given by Et- The assumption that these shocks are statistically independent is 

necessary to view these shocks as structural. For instance, a shock can capture an 

exogenous increase in aggregate demand, which might lead the central bank to respond 

via changing the policy rate. Matrix B captures by how much each variable of the 

model responds to each shock. This response is contemporaneous, in that it occurs at 

the same horizon in which the shock hits the economic system. The combination of 

matrices B and II1 , l = 1, .. , p then helps trace out how responses evolve over time. 

2.3 Shock Identification 

As with all Gaussian SVAR models, the structural shocks Et are not identified unless 

some identifying restrictions are introduced. We identify six structural shocks out of 

the eight in equation (2), specifically shocks to: 

1. world demand;

2. world energy;
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A future Macro Technical Paper will expand on the identification of world shocks. 

Nevertheless, in our current specification, a positive world demand shock is assumed 

to exert a positive impact on world and domestic GDP as well as world and domestic 

CPI. An expansionary ( and disinflationary) world energy shock, instead, leads to an 

increase in world and domestic real GDP, a decrease in world and domestic CPI, and 

a decrease of oil prices and CPI energy. The positive world supply shock implies an 

increase in world and domestic real GDP, and a decrease in world and domestic CPI. 

To exogenise this with respect to the world energy shock, we impose that world supply 

shocks do not have any effect on CPI energy in the quarter of the shock. 

For UK shocks, we impose a small-open economy assumption (which has been 

used in previous Bank analysis by Cesa-Bianchi et al., 2021) and assume that domestic 

shocks have zero contemporaneous impact on global variables. In turn, we then impose 

that an expansionary UK supply shock increases UK real GDP and decreases UK CPI, 

while a positive UK demand shock increases both UK real GDP, UK CPI and Bank 

rate. Finally, a UK monetary policy tightening shock increases Bank rate, while 

decreasing both UK CPI and UK real GDP. 

Two shocks remain unidentified. We assume that one unidentified shocks satis­

fies the same zero block restrictions that separately identify UK shocks from world 

shocks. In doing so, we assume that one unidentified shock captures the unexplained 

component of global shocks, while the other unidentified shocks captures unexplained 

UK-specific shocks.3

2 .4 Estimation 

We estimate the model over the period from 1992Ql to 2023Q2. Starting the esti­

mation sample in 1992Ql ensures that we cover the period since the introduction of 

inflation targeting in the UK. The estimation ends one year before the final observa­

tion in the dataset (2024Q2), as data from the most recent year are often subject to 

revisions. Thus, excluding the final year helps ensure that parameter estimates are 

not influenced by potentially significant data revisions. 

To estimate the model, we use Bayesian methods. The Bayesian paradigm offers 

3Some authors introduce the additional restrictions that the unidentified shocks do not repeat the 
zero/ sign patterns of the identified shocks. In our specification, this is not possible with regard to the 
UK unidentified shock. Yet, the results are robust to a specification that removes the oil price and 
works with a single global unidentified shock, restricted to feature no repetition in the restrictions of 
the identified shocks. 
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a natural way of measuring uncertainty, and at the same time it allows for the intro­

duction of non-dogmatic prior beliefs. For example, the Bayesian approach delivers 

a suitable tool to quantify the probability, that, say, a demand shock was positive 

or negative in a given period of interest. In following a Bayesian approach, we are 

consistent with extensive common practice in central banking. 

More specifically, we follow Giannone et al. (2015) and use a Minnesota prior on 

the autoregressive parameters of the model along with the sum-of-coefficients priors.4

As anticipated in the previous section, we add Covid-19 dummies for the quarters 

from 2020Ql to 2021Q2 to deal with the unprecedented volatility observed for some 

variables during that period. To do this, we use the pandemic prior approach proposed 

by Cascaldi-Garcia (2022). While our baseline specification includes the Covid-19 

period in the estimation sample, we have also tested the sensitivity of our modelling 

to ending the sample prior to Covid-19. 

To pin down Q, we draw orthogonal matrices Q using the method proposed by 

Arias et al. (2018). This ensures that the implied matrix B satisfies the zero restric­

tions. Sign restrictions are introduced via an accept/reject approach. To improve 

the efficiency of the algorithm, we then combine the approach by Arias et al. (2018) 

with the approach by Chan et al. (2025) and fully explore all possible orderings of 

the columns of B, searching to see if any satisfy the sign restrictions. We found that 

this modification to Arias et al. (2018) delivers a significant computational gain, and 

significantly reduces the computational burden needed to generate accepted 10,000 

draws. 

3 Model Properties 

In this section, we describe the standard SVAR model outputs that summarise the key 

properties of the model. We first present estimated impulse response functions before 

moving to forecast-error variance decompositions. 

3.1 Impulse Responses 

Figure 2 and Figure 3 report the estimated impulse responses for each identified struc­

tural shock in the model. These capture by how much, on average, each variable 

4 As shown by Bergholt et al. (2024), this prior helps to reduce the uncertainty around the deter­
ministic component. The Minnesota prior specification centres the parameters according to a random 
walk, as is common for this type of data. 
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responds to a single structural shock, holding the other shocks at zero. The under­

lying shocks of interest are simulated to equal one standard deviation of the shock, 

which is normalised to unity. The red dots in the figure report the periods in which 

sign or zero restrictions were applied. The solid lines in each sub-figure report the 

pointwise median impulse response, with the shaded areas plotting the 68% and 90% 

credible sets. The estimated impulse responses highlight a number of key findings: 

Global shocks. An expansionary global demand shock produces a large, positive, 

but relatively short-lived, impact on UK real GDP, and a significant positive response 

of UK CPI and Bank Rate. An expansionary world supply shock ( exogenous to the 

world energy shock) generates a positive and more persistent impact on UK real GDP 

and a negative response of CPI. Moreover, the oil price variable, which is unrestricted, 

increases in response to the expansionary supply shock, therefore excluding the pos­

sibility that the positive world supply shock may include some spurious world energy 

shock. Finally, an expansionary world energy shock exerts a positive effect on both 

world and UK domestic activity and a negative effect on World CPI, UK CPI, CPI 

energy, and real Oil price. Bank Rate, which is left unconstrained, does not signifi­

cantly respond to the shock. The results are quantitatively similar to Cesa-Bianchi 

et al. (2021). 

Domestic shocks. An expansionary UK supply shock generates a persistent in­

crease of the level of UK GDP and a fall in UK CPI and UK CPI energy. For the UK 

demand shock, the overall effect of the shock appears to be moderate on the domestic 

variables and not significant on the world variables. Finally, a UK monetary policy 

shock has a sizable impact on UK activity and UK CPI. In addition, it generates a 

negative response of CPI energy and World CPI, though not particularly significant. 

The results are qualitatively similar to Mountford (2005) and Braun et al. (2025). 

3.2 Forecast-Error Variance Decompositions 

Forecast-error variance decompositions highlight by how much, on average, the volatil­

ity of each of the variables in the dataset is driven by each shock. Figure 4 decomposes 

the mean of the sum of the decomposition into each identified shock (see Figure A-3 in 

the Appendix for the pointwise sum across shocks). The six identified shocks explain a 

substantial portion of the fluctuations in the variables included in our VAR: the share 
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of the explained variance is equal to around 80% for most of the domestic variables, 

while the corresponding figure for global variables is closer to 90%. 

Global shocks are important drivers of the UK economy, with the world supply-side 

and demand shocks explaining around 40% of variation in real GDP variation and 50% 

of CPI variation one year after the shocks. The global demand shock has a greater role 

over the initial quarters, while the world supply-side shocks gain importance towards 

longer horizons. 

Domestic shocks jointly explain an important share of the volatility of the two 

variables-around 40% for both CPI and real GDP. Of the former, the UK mone­

tary policy shock appears to have the largest relative importance across the domestic 

shocks, with a smaller role left for the UK demand shock. 

4 Explaining Fluctuations in Past Data 

In this section, we briefly describe another standard output of the SVAR, that can be 

used to assess past data through the lens of the structural shocks in the model. 

4.1 Estimated Shocks 

While impulse responses and forecast-error variance decompositions capture average 

properties of the model, the actual estimates of the structural shocks Et can begin 

to show how the model interprets the volatility of its endogenous variables at every 

period. Estimated time series for the six identified shocks are reported in Figure 5. 

Both panels in the figure report the pointwise median and corresponding credible sets 

for the six identified shocks, with panel A focusing on the pre-GFC period and panel B 

showing the post-GFC series. The dashed horizontal lines show two standard-deviation 

bounds on the shocks for reference, which complement the figure to provide a signal 

about the size of shocks. Together, the estimated shock series provide a narrative that 

is consistent with standard interpretation of key macroeconomic episodes: 

Global shocks. The global demand shock series exhibits a marked drop in the 

second half of the 1990s around the time of the East-Asian crisis, in 2001 following 9/11 

which marked a global pickup in uncertainty, and during the early stages of the GFC 

in 2007. The model also identifies positive global demand shocks over 2022 and 2023. 

The world supply shock ( exogenous to world energy) series depicts strong positive 
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shocks at the end of the 1990s, which could reflect the diffusion of the internet on a 

world-wide scale. Conversely, 2022 is characterised by contractionary shocks, including 

a particularly large one in 2022Ql. Finally, the energy shock is especially negative 

during the Iraq invasion in 2003 and positive around 2014, which was characterised 

by low oil prices. The model also picks up marked contractionary shocks in 2022 

following Russia's invasion of Ukraine. These results are consistent with Cesa-Bianchi 

and Stratford (2016), Forbes et al. (2018) and Cesa-Bianchi et al. (2021). 

Domestic shocks. On the UK demand shock, the model signals a negative shock in 

2008 following the GFC, and some positive shocks between 2013 and 2014. Moreover, 

the model also identifies marked negative UK demand shocks around 2023. The UK 

supply shock is overall more muted, although it is still important to highlight that the 

period between 2010 and 2017 is characterised by a series of negative shocks. The series 

of UK monetary policy shocks partially reflects the tightening and loosening cycles. 

For instance, the model predicts loosening shocks at the end of 1999 and around 2001, 

and tightening shocks during 2004 and 2007. Finally, the series also exhibits a very 

strong loosening shock post 2022, and a strong tightening shock during the most recent 

year. The results are qualitatively consistent with Mountford (2005). 

It is important to remember that we have added Covid-19 dummies to our model, 

so the model will not use shocks to fully fit the volatility of the data over that specific 

period. For this reason, the shocks we identify appear relatively muted during 2020 

and 2021. 5

4.2 Historical Decompositions: Interpreting Data Outturns 

We can combine the results described in the previous sections to obtain a decomposi­

tion of the time series included in the model. In other words, for each quarter, we can 

compute the contribution of a given shock to the series of interest, thus obtaining the 

historical decomposition. 

Figure 6 depicts the historical decomposition of y-o-y UK CPI inflation in the left­

hand panel and y-o-y growth real GDP in UK in the right-hand panel, both reported 

in deviations from the deterministic component associated with the initial condition 

and constant. The decomposition also reports the role played by the Covid-19 dum­

mies in black bars and the portion of fluctuations due to the two unidentified shocks 

5Nevertheless, the Bayesian Covid-19 dummy approach still allows for some volatility to be ex­

plained by the model. 
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in pink bars (here summed together). Although both components lack a 'structural' 

interpretation, they still convey valuable information. The Covid-19 dummies com­

ponent helps to demonstrate the relative importance of the economic events around 

2020 and 2021 and their long-lasting effects on the variables. The pink bars, on the 

other hand, can be seen as the net effect of all other shocks that are not captured by 

the identification scheme. 

The historical decomposition helps to interpret historical events through the lens 

of structural shocks. For instance, strongly negative global demand shocks weighing 

on both GDP growth and CPI inflation in 2009, following the GFC. Moreover, during 

2015, positive world energy shocks ( orange bars) contribute positively to real GDP 

growth and negatively to inflation. 

The model indicates that, in 2022, y-o-y UK CPI inflation was pushed up by all 

the shocks identified in the model. The SVAR identifies a particularly strong role for 

the global demand shock ( aqua bars), along with some persistent effects from Covid-

19 (black bars) that continued to positively contribute to inflation until the end of 

2023. These effects were exacerbated by contractionary world energy ( orange bars) 

and world supply shocks (yellow bars), and by the domestic shocks. UK monetary 

policy shocks turn negative in mid-2023, contributing to the decrease in inflation. Our 

finding about the main role played by the compounded demand shocks is consistent 

with many recent analyses conducted for the US and EA (see, e.g., Bergholt et al., 

2024; Ascari et al., 2023; Giannone and Primiceri, 2024). Our results are also robust 

to an alternative specification shown in Figure A-10 in the Appendix, which depicts 

results obtained by stopping the estimation sample in 2019Q4 and letting that model 

interpret the volatility around the Covid-19 period. 

Finally, the historical decomposition suggests that global demand shocks ( aqua 

bars) contributed positively to y-o-y GDP growth over 2022, while the energy (orange 

bars) and world supply shocks (yellow bars) pushed down on growth. By 2023, UK 

monetary policy (red bars) and domestic demand (blue bars) shocks start to weigh on 

activity. Overall, it is important to stress that estimation uncertainty remains high 

around the decomposition of the contributors to both inflation and GDP around 2022. 

5 Interpreting Forecast Revisions 

The outputs explained so far are common in SVAR modeling. In this section, we de­

scribe a different and more novel application. Our goal is to form a narrative around 
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the drivers of forecast revisions. This is a powerful informative tool that offers a 

decomposition of marginal changes in forecasts-compared to the absolute decompo­

sition of data we described in Section 4.2-and implicitly provides a timely narrative 

for the latest shocks to hit the economy in the most recent quarter. 

To fix ideas, we return to Figure 1 from the introduction. Our goal is to compare 

the forecast formed in May 2024 ( time T-1) with that formed in the subseqent quarter, 

August 2024 (time T). For the former, we compute the unconditional forecast from 

the SVAR ( dashed dotted line) using data for the estimation sample up to 2024Q 1. 

For the latter, we compute the unconditional forecast using data up to 2024Q2. This 

is reported by the solid dotted line, along with the 68%/90% credible bands (shaded 

areas). As is evident from the figure, different forecasts can arise from the two different 

rounds. For example, between the two quarters, the forecast for output growth was 

revised upwards, while the forecast for inflation was left practically unchanged. 

From a policy perspective, it important to establish which types of shocks explain 

these revisions, as this information may be important to interpret the state of the 

economy. Moreover, it is worthwhile understanding how these shocks develop over 

time and, more specifically, how they impact key variables of interest over the forecast 

horizon. Despite this, forecast revisions have typically been studied in reduced-form 

terms only, and often lack of a structural interpretation. Our goal is to bridge this 

gap and to provide a structural narrative to reduced-form forecast revisions by using 

our SVAR model. 6 

5.1 Decomposing Forecast Revisions: Methodology 

We first discuss the foundations of our forecast-revision decomposition. Consider two 

unconditional forecasts constructed, in this case, with our SVAR model: one is built 

at time T, the other at time T- 1. Overall, forecast revisions from T- 1 to T can be 

explained by: 

a) the fact that the forecast made at time T - 1 assumed zero average shocks at

time T. Yet, the realization of the data at time T allows for the estimation of 

the shocks that hit at time T, and hence for the assessment of the relevance of 

these shocks over the course of the forecast horizon; 

6We are aware of only two attempts to use SVAR models to form a narrative over forecast revision, 
Todd (1992) and Giannone et al. (2004). The former takes a purely narrative approach to the model, 
while the latter limits the analysis to a less comprehensive set of identified shocks compared to the 
analysis of our paper. 
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Figure 12: Forecast revision: full decomposition 
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Note: The August 2024 forecast is shown as pointwise median, and 68% and 90% credible band. 
The May 2024 forecast is shown only via pointwise median. 

dashed and solid orange lines can be attributed to: 1) the newly estimated shocks at 

time T and 2) data revisions. The contribution of the former is depicted by the green 

dotted line, which is the sum of the t-1 forecast and the composite IRFs of the shocks 

estimated at time T. This explains around half of the overall forecast revision. The 

role played by data revision is instead shown by the difference between the green dotted 

line and the blue squared line, which adds the composite impulse responses associated 

with up to 15 quarters before time T. As described in this section, including the 

composite IRFs for previous quarters accounts for the role of data revisions. 

6 Con cl us ions 

In this paper, we presented a SVAR model for the UK economy, which includes key 

global and UK variables and identifies demand and supply shocks on both the global 

and domestic side. The model is intended for use on a quarterly basis, and comple­

ments the broader modelling toolkit of the Bank used to inform policy discussions. 

It serves multiple purposes: cross-checking results from theoretical models, provid-
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A Additional figures 

Figure A-1: Data, transformed as it enters the model 

Real World GDP 
lO0*Log 

World CPI 
lO0*Log 

lO0*Log 

Real Oil price (sterling) 
IO0*Log 

Note: Vertical line shows the time at which the estimation sample ends. 
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