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Appendix

A Data

• GDP per capita: the measure of activity is the real GDP (at market prices) per capita. For
1271-1700, we use the data for England, and for 1701-1870, we use the data for Great
Britain, as harmonised by Broadberry et al. (2026). From 1871 on, we use UK post-1922
definition. For the 1701-1870 period, where these three series are available their pairwise
correlation is very strong: 99%.

• Inflation: the measure of inflation is the CPI variation. For 1271-1869, the series measures
the cost of living in England only. For 1870 onwards, it measures inflation in the entire UK.

• Broad Money: the measure of broad money is M4x (M4 excluding intermediate OFCs)
from 1997 on; from 1996 to 1963 the variation in M4 is used to backward extrapolate it;
from 1962 to 1880, the variation of a syntheticM4 (M3+building society shares + building
society deposits - building societies holdings of cash) is used to construct the series. Then
the variation of M3 is applied to construct the series until 1870; and, finally, from 1869 to
1271, the variation of an M3 estimate is used.

• Money: from 1833, the measure of money is the result of the merging of three different
series of M0. From 1832 to 1271, the variation of an M3 estimate is used to backward
extrapolate this series. Thus, for the first centuries of the sample our measures of money
and broad money exhibit the same behaviour.
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Figure A.1: Data

Notes: The blue lines depicts the log differences of the series, as used in the estimation.

B Prior distributions and starting values

The initial conditions for the VAR coefficients ϕ0 are obtained via an OLS estimate of a fixed
coefficient VAR using the first 50 observations of the sample period.

Let v̂ols denote the OLS estimate of the VAR covariance matrix estimated on the pre-sample
data. For identification, the initial value of the stochastic volatility σ2

0 is fixed to the diagonal
elements of v̂ols.

The prior for the off-diagonal elements At is A0 ∼ N
(
âols, V

(
âols
)) where âols are the

off-diagonal elements of v̂ols, with each row scaled by the corresponding element on the
diagonal. V

(
âols
) is assumed to be diagonal with the elements set equal to 10 times the

absolute value of the corresponding element of âols. The prior on Q is assumed to be inverse
Wishart Q0 ∼ IW

(
Q̄0, T0

) where Q̄0 is assumed to be var(ϕ̂OLS) × 10−4 and T0 is the length of
the sample used to for calibration. The results are not sensitive to this prior. We obtain similar
results for larger values of the scaling parameter. The prior distribution for the blocks of S is
inverse Wishart: Si,0 ∼ IW (S̄i, Ki) where i indexes the blocks of S. S̄i is calibrated using âols.
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Specifically, S̄i is a diagonal matrix with the relevant elements of âols multiplied by 10−3.

Following Carriero et al. (2022) we postulate an inverse-gamma distribution for the elements
of G, σ2 ∼ IG ((n+ 3)× 0.15× In, n+ 3).

Following Koop (2003), the prior for λk,i = 1/ϖk,i is gamma

p (λk) ˜Γ (1, vλ,k)

p (vλ,k) ˜Γ (v0, 2)

where v0 = 20 and Γ (a, b) is the gamma density with mean a and df b.

C Simulating the posterior distribution

We use a Gibbs sampling algorithm to sample from the posterior distribution. The details of
each conditional distribution are provided below.

C.1 Time-varying VAR coefficients

Conditional on the time-varying volatilities and contemporaneous coefficients, the model is a
SUR system with time-varying parameters. The Carter and Kohn (2004) algorithm is used to
sample from the conditional posterior of ϕt. The distribution of the time-varying VAR
coefficients ϕt conditional on all other parameters and hyperparameters is linear and Gaussian:
ϕt\Zt,Ξ ∼ N

(
ϕT\T , PT\T

) and ϕt\ϕt+1,Zt,Ξ ∼ N
(
ϕt\t+1,ϕt+1 , Pt\t+1,ϕt+1

) where t = T − 1, ..1, Ξ

denotes a vector that holds all the other VAR parameters and
ϕT\T = E (ϕT\Zt,Ξ) , PT\T = Cov (ϕT\Zt,Ξ) , ϕt\t+1,ϕt+1 = E (ϕt\Zt,Ξ, ϕt+1) and
Pt\t+1,Ft+1 = Cov (ϕt\Zt,Ξ, ϕt+1) . As shown by Carter and Kohn (2004) the simulation
proceeds as follows. First we use the Kalman filter to draw ϕT\T and PT\T and then proceed
backwards in time using ϕt|t+1 = ϕt|t + Pt|tP

−1
t+1|t (ϕt+1 − ϕt) and ϕt|t+1 = ϕt|t − Pt|tP

−1
t+1|tPt|t.
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C.2 Elements of Ht

Following Primiceri (2005) and Del Negro and Primiceri (2015), the diagonal elements of the
VAR covariance matrix are sampled based on the method presented in Kim et al. (1998),
which consists of transforming a nonlinear and non-Gaussian state space form in a linear and
approximately Gaussian. In order to that, a mixture of normals approximation of the log χ2

distribution is used. Kim et al. (1998) select a mixture of 7 normal densities with component
probabilities qj , means mj − 1.2704, and variances v2j , j = 1, ..., 7, chosen to match a number of
moments of the log χ2 (1) distribution. Mixtures states are then used to select which member
of the mixture of normal approximation has to be used. Conditional on the data, the
remaining parameter block and the states, Ht can be drawn relying on the state space
representation and Carter and Kohn (1994).

C.3 Elements of At

Given a draw for ϕt, the VAR model can be written as A′
t

(
Z̃t

)
= ut, where

Z̃t = Zt −
∑L

l=1 ϕl,tZt−l = vt and V AR (ut) = Ht. This is a system of equations with
time-varying coefficients and given a block diagonal form for V ar(τt) the standard methods for
state space models described in Carter and Kohn (2004) can be applied.

C.4 VAR hyperparameters

Conditional onZt, ϕl,t,Ht, andAt, the innovations to ϕl,t,Ht, andAt are observable, which allows
us to draw the hyperparameters—, the elements of Q, S, and the σ2

i—, from their respective
distributions.

C.5 Elements of λt

The conditional posterior distributions related to the t-distributed shock structure of the model
are described in Koop (2003). Note that conditional on Φt and At, the orthogonalized residuals
can be obtained as ε̃t = Atut. The conditional posterior distribution for λi,t derived in Geweke
(1993) applies to each column of ε̃t. As shown in Koop (2003), this posterior density is a gamma
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distribution with mean (vλ,i + 1) /
(

1
σ2
i,t
ε̃2i,t + vλ,i

)
and degrees of freedom vλ,i + 1. Note that ε̃i,t

is the ith column of the matrix ε̃t.

C.6 Degrees of freedom vλ,i

The conditional distribution for the degree of freedom parameter is non-standard and given by:

G (vλ,i\λi) ∝
(vλ,i

2

)Tvλ,i
2

Γ
(vλ,i

2

)−T

exp

(
−

(
1

v0
+ 0.5

T∑
t=1

[
ln
(
λ−1
t,i

)
+ λt,i

])
vλ,i

)
(C.1)

As in Geweke (1993) we use the RandomWalkingMetropolis Hastings Algorithm to draw from
this conditional distribution. More specifically, for each of the n equations of the VAR, we draw
vnewλ,i = voldλ,i + c1/2ϵ with ϵ ∼ N(0, 1). The draw is accepted with probability G(vnew

λ,i \λi)
G(voldλ,i \λi)

with c

chosen to keep the acceptance rate close to the range 20%-40%.

D The Gibbs sampling algorithm

The Gibbs algorithm for the model cycles through the following eight conditional posterior
distributions:

1. G (At\Ψ)where Ψ denotes the remaining parameters of the model.

2. G (QA\Ψ)

3. G (Φt\Ψ)

4. G (QΦ\Ψ)

5. G (g\Ψ)

6. G(λi,t\Ψ)

7. G (vλ,i\λi,t)

8. G (σ2
t \Ψ)

We employ 60,000 iterations, with a burn-in of 10,000 draws. Moreover, in order to reduce the
correlation across draws and increase efficiency, only every 10th is kept.
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E Additional results

E.1 Matching the Business Cycle Shocks with Narrative Accounts

This figure shows that during episodes such as the Elizabethan famine (1594–1597), themilitary
peak of the English Civil War (1645), the Napoleonic Wars (1812–1814), the 1816 crop failure,
and the Irish Famine (1845–1852), themodel consistently identifies large negative business cycle
shocks. These are characterized by declining output and rising prices, confirming the supply-
side nature of macroeconomic disruptions in this era (Broadberry et al., 2015).

Figure E.1: Narrative evidence

Notes: The bars show the main business cycle shocks cumulated over the years for several famous episodes of
British history.

E.2 Predictability

We also examine the predictability of output, inflation, and money using forecast R2 (Cogley
et al., 2010) from the VAR model. As shown in Figure E.2, the rise in inflation predictability is
a relatively recent phenomenon, consistent with the findings of Cogley et al. (2010) for
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post-war U.S. data. Similar to Nason and Smith (2023), we find that inflation predictability
remained low throughout earlier centuries. Predictability increases substantially in the
twentieth century. Output, on the other hand, shows a contrasting trend: output predictability
has actually declined since the 1300s with the exception of the Great Financial Crisis.

Figure E.2: Predictability

Notes: The pink shaded areas represent the 68 percent credible sets and the red lines depict the medians.
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E.3 Three-variable VAR with M4

Figure E.3: Stochastic Volatility

Notes: The pink shaded areas represent the 68 percent credible sets and the red lines depict the medians.

Figure E.4: Impulse responses

Notes: The pink shaded areas represent the 68 percent credible sets for the IRFs and the red lines depict the median
IRFs using M4 as the measure of money.
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Figure E.5: Conditional Volatility

Notes: The dashed blue lines are the estimates of the time-varying volatilities of each variable conditional on
the business cycle shock. The solid black lines are the estimates of the unconditional volatilities of each of these
variables.

Figure E.6: Predictability

Notes: The pink shaded areas represent the 68 percent credible sets and the red lines depict the medians.
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E.4 Three-variable VAR using aggregate (non-per-capita) variables

Figure E.7: Stochastic Volatility

Notes: The pink shaded areas represent the 68 percent credible sets and the red lines depict the medians.

Figure E.8: Impulse responses

Notes: The pink shaded areas represent the 68 percent credible sets for the IRFs and the red lines depict the median
IRFs using aggregate (non-per-capita) variables.
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Figure E.9: Conditional Volatility

Notes: The dashed blue lines are the estimates of the time-varying volatilities of each variable conditional on
the business cycle shock. The solid black lines are the estimates of the unconditional volatilities of each of these
variables.

Figure E.10: Predictability

Notes: The pink shaded areas represent the 68 percent credible sets and the red lines depict the medians.
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E.5 Extra sign restriction plots

The sign restrictions follow this pattern:

Table E.1: Sign Restrictions on Impact

Shock / Variable GDP per capita Inflation Money per capita Interest rate
Demand shock +1 +1 +1 +1
Supply shock +1 -1 0 0
Money demand shock -1 -1 +1 +1
Money supply shock +1 +1 +1 -1

Figure E.11: IRF: aggregate demand

Notes: The pink shaded areas represent the 68 percent credible sets for the IRFs and the red lines depict the median
IRFs using sign restrictions.
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Figure E.12: IRF: aggregate supply

Notes: The pink shaded areas represent the 68 percent credible sets for the IRFs and the red lines depict the median
IRFs using sign restrictions.

Figure E.13: IRF: money demand

Notes: The pink shaded areas represent the 68 percent credible sets for the IRFs and the red lines depict the median
IRFs using sign restrictions.
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Figure E.14: IRF: money supply

Notes: The pink shaded areas represent the 68 percent credible sets for the IRFs and the red lines depict the median
IRFs using sign restrictions.

Figure E.15: FEVD: aggregate supply

Notes: The pink shaded areas represent the 68 percent credible sets and the red lines depict the medians.
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Figure E.16: FEVD: money demand

Notes: The pink shaded areas represent the 68 percent credible sets and the red lines depict the medians.

E.6 Dynamic Factor Model

Alternatively, we address measurement error by estimating a Dynamic Factor Model (DFM).
Figure E.17 shows that IRFs are similar to baseline results. A by-product of this approach is an
estimate of the natural rate of interest. Following Lubik and Matthes (2015), we estimate r-star
as the 5-year-ahead forecast of the observed real interest rate. Figure E.18 shows this estimate for
the UK over seven centuries. In line with Schmelzing (2020), our estimate exhibits a declining
trend throughout the early centuries of the sample, followed by a long period of relative stability.
This stability was disrupted in the late twentieth century, with the natural rate peaking at 8.7%
in 1974.
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Figure E.17: Main IRFs from DFMmodel

Notes: The grey shaded area represents the 68 percent credible set and the black line depicts the median IRFs of
CPI produced by a DFM. The pink shaded area and the red line display the equivalent quantities for the GDP per
capita.

Figure E.18: Estimated Natural Rate

Notes: The pink shaded area represents the 68 percent credible set and the red line is the median natural rate of
interest.
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Estimation and specification We model the dynamics of 12 variables denoted by Xt
M×1

using
a Dynamic Factor model with time-varying parameters that allows for an unbalanced panel.
These variables are: earnings, GDP deflator, CPI, exports, commodity prices, GDP, GDP per
capita, M4, share prices, the dollar rate, the real interest rate, and public sector net lending.1

Variables are included in the model in log first differences, with the exception of the interest
rate (levels) and the public sector net lending (ratio of nominal GDP).

The observation equation of the model is defined as:

Xt = BFt + vt

vt = ρvt−1 + σ
1
2
t et

ln(σt) = ln(σt−1) + gt

Ft denotes k common factors in the dataset Xt, and the idiosyncratic components et accounts
for measurement error.

The transition equation is:

Ft = βtFt−1 + A−1
t H

1
2
t ϵt

β̃t = β̃t−1 + uβ,t

ht = ht−1 + uh,t

at = at−1 + ua,t

The model is estimated using anMCMC algorithm. Priors for var(uβ,t), var(uh,t) and var(gt)

are based on previous studies such as Cogley and Sargent (2005) and Primiceri (2005) like in
the VAR.

1The real interest rate is obtained from Schmelzing (2020) and the other variables are obtained from Thomas
and Dimsdale (2018) and Broadberry et al. (2026) as before.

17



References

Broadberry, S., B. M. Campbell, A. Klein, M. Overton, and B. Van Leeuwen (2015). British

Economic Growth, 1270–1870. Cambridge University Press. E.1

Broadberry, S., B. M. Campbell, A. Klein, M. Overton, and B. van Leeuwen (2026). British
business cycles, 1270–1870. Cliometrica 20(1), 37–68. A, 1

Carriero, A., J. Chan, T. E. Clark, and M. Marcellino (2022). Corrigendum to “Large Bayesian
vector autoregressions with stochastic volatility and non-conjugate priors”[J. Econometrics
212 (1)(2019) 137–154]. Journal of Econometrics 227(2), 506–512. B

Carter, C. and P. Kohn (2004). On Gibbs sampling for state space models. Biometrika 81, 541–53.
C.1, C.3

Carter, C. K. and R. Kohn (1994). On gibbs sampling for state space models. Biometrika 81(3),
pp. 541–553. C.2

Cogley, T., G. E. Primiceri, and T. J. Sargent (2010). Inflation-gap persistence in the us. American

Economic Journal: Macroeconomics 2(1), 43–69. E.2

Cogley, T. and T. J. Sargent (2005, April). Drift and volatilities: Monetary policies and outcomes
in the post wwii u.s. Review of Economic Dynamics 8(2), 262–302. E.6

Del Negro, M. and G. E. Primiceri (2015). Time varying structural vector autoregressions and
monetary policy: a corrigendum. The review of economic studies 82(4), 1342–1345. C.2

Geweke, J. (1993). Bayesian treatment of the independent student-t linear model. Journal of

applied econometrics 8(S1), S19–S40. C.5, C.6

Kim, S., N. Shephard, and S. Chib (1998). Stochastic volatility: likelihood inference and
comparison with arch models. The review of economic studies 65(3), 361–393. C.2

Koop, G. (2003). Bayesian Econometrics. Wiley. B, C.5

18



Lubik, T. A. and C. Matthes (2015). Calculating the natural rate of interest: A comparison of
two alternative approaches. Richmond Fed Economic Brief (Oct). E.6

Nason, J. M. and G. W. Smith (2023). UK inflation dynamics since the thirteenth century.
International Economic Review 64(4), 1595–1614. E.2

Primiceri, G. E. (2005). Time varying structural vector autoregressions and monetary policy.
Review of Economic Studies 72(3), 821–852. C.2, E.6

Schmelzing, P. (2020, January). Eight centuries of global real interest rates, R-G, and the
‘suprasecular’ decline, 1311–2018. Bank of England working papers 845, Bank of England.
E.6, 1

Thomas, R. and N. Dimsdale (2018). A millennium of macroeconomic data. Dataset, Bank of
England. 1

19


