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Abstract

In a turbulent world, effective policy requires granular estimates of firm responses
to shocks as they unfold. We develop a replicable framework that combines high-
frequency administrative and survey microdata with a pre-registered shift-share de-
sign to estimate multi-margin firm responses in real time. We show that the resulting
coefficient vectors can be interpreted as first-order perturbations of firms’” optimal-
response functions. We apply the framework to the 2021-2023 UK energy price shock
and find that energy-intensive firms pass on cost increases, build cash reserves and
shift towards homeworking. We find little evidence of aggregate employment losses
or firm exits. Responses are highly heterogeneous: small firms drive price pass-
through; large firms, capital investment. We show that our real-time estimates are
consistent with the UK’s structural business survey, released two years later, and
across survey instruments. We apply the framework out of sample and in real time
to the energy price shock triggered by the 2026 US-Israeli strikes on Iran and discuss
implications for the design of energy support schemes and environmental policy.
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1 Introduction

Economic shocks arrive without warning: the Covid-19 pandemic shut down entire sec-
tors overnight; Russia’s invasion of Ukraine quadrupled European wholesale energy
prices within months; the 2026 US-Israeli strikes on Iran triggered an unforeseen dis-
ruption to oil shipments. In each case, policymakers needed to understand how firms
responded not just on average but across the whole size and industry distribution, and
across many adjustment margins, to design targeted support. However, the data infras-
tructure to provide these answers in real time rarely exists, and statistics based on struc-
tural business surveys are typically published with lags of one to two years (R. A. Decker
& Haltiwanger, 2022; Fetzer et al., 2024; Feld & Fetzer, 2024). This lag creates space for
anecdotes, media narratives and aggregate indicators that mask firm heterogeneity to
influence the public policy discussion in the interim.

In this paper, we build a replicable framework for estimating how firms respond
to economic shocks in near-real time. Three building blocks make this possible. First,
we link high-frequency administrative and survey microdata from the UK Office for
National Statistics (ONS), combining the universal coverage of administrative records
with the richness of qualitative survey data. Second, we pre-register the analysis plan to
discipline hypothesis generation across a large number of outcome margins. Third, we
show that the coefficient vectors we estimate can be seen as entries of the comparative-
statics Jacobian of the firm’s optimal-response function. This gives the multi-margin
analysis a clear economic interpretation: each estimated coefficient corresponds to a
tirst-order perturbation of the firm’s re-optimised choice along a specific margin.

We developed and applied the framework for the 2021-2023 UK energy price shock
triggered by Russia’s invasion of Ukraine, which led to a large and sudden increase in
energy prices. Figure 1 shows that within a few months, wholesale energy prices in the
UK quadrupled. Differentially exposed firms, based on their pre-shock energy intensity,
provide the identifying variation for a shift-share design (Bartik, 1991; Borusyak et al.,
2022). But the methodology is not specific to this event. Any shock that generates

differential firm-level exposure can be studied within this framework, as we demonstrate



Figure 1: System Average Price for natural gas in Great Britain
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Notes: The figure displays the System Average Price (SAP) of all gas traded through the balancing market. The SAP aggregates all
trades conducted on the On-The-Day Commodity Market. The horizontal grey line denotes November 2021.
with the oil price shock triggered by the 2026 US-Israeli strikes on Iran.

We then subject the real-time estimates to three validation exercises. First, we com-
pare estimates from the Business Insights and Conditions Survey (BICS) to those from
the Bank of England’s Decision Maker Panel (DMP), testing whether the two main high-
frequency survey instruments available to UK policymakers give consistent signals. Sec-
ond, we compare our survey-based estimates to the 2022 and 2023 Annual Business
Survey (ABS), which provides a high-quality but slow-moving benchmark. Third, we
apply the same methodology out of sample to the energy price shock triggered by the
2026 US-Israeli strikes on Iran. This last exercise is a proof of concept for generalisation:
we built the framework for the Ukraine shock, and yet it produced sensible, real-time
estimates for a different shock in a different geopolitical context.

Using quarterly administrative data, we find that on average firms exposed to the
2021-2023 energy shock do not reduce labour inputs. Only small firms are slightly more
likely to exit the market. For the smaller sample of firms in the BICS, we additionally

observe rich qualitative outcomes at high frequency. On average, energy-intensive firms



increase their output prices as they see the prices of their inputs rise. Turnover expec-
tations adjust downwards, and firms shift towards working from home. We also find
some evidence of precautionary liquidity management, including statistically significant
changes to cash reserves, debt repayments and reported confidence in firms’ ability to
meet their debt obligations. We find important differences in how large and small firms
react. The estimated price pass-through response of small firms is roughly twice that of
large firms, consistent with imperfect pass-through by firms with market power. Only
larger firms adjust their capital to a statistically significant degree. When we estimate
coefficients for small industry cells and cluster across response margins, we see that
tirms” adjustments are highly heterogenous by industry and correlated across margins.
Applied out of sample to the 2026 oil shock, the framework delivers credible estimates
within two months of the survey reference period. Specifically, we find that higher ma-
terials prices, output prices and stock levels have been the most significant adjustment
margins for energy-intensive firms.

We make three contributions. The first and primary contribution is methodolog-
ical. We show that combining real-time administrative and survey microdata with a
pre-registered shift-share design can recover multi-margin firm responses to economic
shocks with little delay. The approach exploits data products that already exist in many
national statistical systems but are rarely linked or analysed at this frequency. Pre-
registering quasi-experimental research is still uncommon in economics,! but Brodeur et
al. (2024) find that a posted pre-analysis plan reduces the likelihood of p-hacking and
publication bias.?2 Our theoretical framework links the estimated coefficients to entries
of the comparative-statics Jacobian of the firm’s optimal-response function (Section 2).
Chetty et al. (2024), who build a public database to track consumer spending, employ-
ment and business revenues during Covid-19, are closest to us in real-time economic
tracking. Our framework extends this approach in two directions: from descriptive
tracking to causal estimation, and from aggregate or consumer outcomes to firm-level,

multi-margin adjustment. Almuzara & Sancibridn (2024) provide the econometric foun-

1For a recent exception, see Clemens & Lewis (2026).
2C. Decker & Ottaviani (2023) find that pre-registering trials reduces p-hacking for medical studies.



dations for the class of panel regressions we estimate, showing how to interpret hetero-
geneous coefficients and obtain valid inference when micro outcomes are regressed on
aggregate shocks interacted with unit-level exposure. Schneebacher et al. (2025) apply a
similar real-time, multi-margin evaluation framework to London’s Ultra Low Emission
Zone, providing further evidence that the approach generalises across policy settings.

Our second contribution is to the literature on the impact of the recent energy price
shocks. Research has explored fiscal (Bachmann et al., 2022; Auclert et al., 2023), trade
(Itskhoki & Mukhin, 2022; Babina et al., 2026) and inflationary (Lafrogne-Joussier et al.,
2023) effects of Russia’s war in Ukraine. We are among the first to investigate the real
effects on firm behaviour across a variety of margins. Much existing evidence on firm
responses to energy price shocks comes from the oil crises of the 1970s (Kilian, 2008,
2014). Even recent exceptions, including Fontagné et al. (2024) on French manufacturing
and Alpino et al. (2023) on Italian firms, stop short of the recent shocks we analyse.

Third, our estimates have implications for the design of environmental policy. A
proportional carbon tax on energy inputs operates through a similar channel as energy
price shocks, though important differences remain: environmental taxation allows firms
to prepare over a longer time horizon, and the associated uncertainty is more within
policymakers’ control. Subject to these caveats, our short- and medium-run estimates
are informative of the behavioural responses to targeted taxes and subsidies on the path
to Net Zero (Gillingham & Stock, 2018; Glennerster & Jayachandran, 2023). Our results
are consistent with large firms acting as “shock absorbers” by incompletely passing cost
increases through, possibly because they have greater market power.?

The paper proceeds as follows. Section 2 outlines our theoretical framework and
our pre-analysis plan. Section 3 describes the data construction and main variables of
interest, Section 4 our empirical strategy, and Section 5 our empirical results. Section 6
validates our real-time estimates and applies the framework to an out-of-sample shock.

Section 7 discusses implications for policy design and a brief final section concludes.

3In finding evidence of incomplete pass-through our paper is consistent with a large literature. For
instance, see Gron & Swenson (2000), Nakamura & Zerom (2010) and Hong & Li (2017).



2 Theoretical framework and pre-analysis plan

In this section, we make explicit what the estimated coefficient vector represents eco-
nomically. The empirical object in the paper is a first-order response of multiple firm
margins to an exposure-weighted energy-price shock, rather than a direct estimate of
structural primitives.

Define the firm-specific effective shock as
Tt = wiPtE/ (]-)

where PF is the common energy-price component and w; is pre-shock energy inten-
sity. The identifying variation in the difference-in-differences (DiD) design comes from
differential w; exposure to the same aggregate shock path.

At the firm level, consider a dynamic optimisation problem over controls u; =
(pit, git, mit, Uit ki 141, bi 141, . . .) and state x;;, subject to exogenous constraints and market

conditions r;. Let the optimal-response function be*
wip = h(xie, 1, Tie), Xiper = §(Xi, Ujp, Tit)- 2)
A compact flow-profit representation is
Tt = Pitqit — Wilip — P’tnmit — Tit€jr — I(ki,t—l—l/kit) - ¢(bi,t+1)/ 3)

with standard transition equations for inventories, liquidity, leverage and continuation.
Appendix A provides more detail on this mapping.

The margins we estimate are measurements of this optimal system:
Yit = M(xie, ujy, Tie), (4)

where y;; stacks turnover expectations, output and input prices, inventories, cash buffers,

4We write the optimum as a function for expositional clarity. The argument generalises to a set-valued
correspondence under standard regularity conditions; see, for instance, Milgrom & Segal (2002).



capital mix, output-price expectations, working practices, debt, repayment capacity and

survival. A local expansion around the pre-shock equilibrium gives

dv
dyy =Tidty,  Ty= ©)
1
Define the sector-size cell average
Ty =E[l;|ie(s0). (6)

The DiD coefficient vector identifies reduced-form approximations to I'yy. The coeffi-
cients are best read as first-order perturbations of the firm’s optimal-response function
around the pre-shock optimum (that is, local equilibrium shifts after re-optimisation),
rather than derivatives of primitive objective functions with controls held fixed.
Applying the chain rule to profits:
driy dyit

= Vi 24w, 7
d,l_lt ynlt dTlt + 7T"L',lt ( )

with expanded form

dry dpis dgi dpy' m Ay _ dlit B

= — m; — Wy e;
AT lthit lthit lt AT ! AT AT "
T de;t iy /dki,t—i—l _ & dbj ;1 ®)
lthz’t g AT b dtye

The direct effect —e;; captures the mechanical cost increase at the pre-shock level of en-
ergy use; —‘qt% captures the endogenous adjustment in energy quantity. Pricing, quan-
tities, substitution, labour, adaptation and financing channels jointly determine the profit
derivative with respect to the shock. Repayment and survival margins are continuation-
value derivatives of the same system. Appendix A derives the relevant expressions.
Table 1 summarises the compact mapping from reduced-form estimates and the in-
tuition behind it. Energy becomes more expensive for high-w; firms, and adjustment can

occur across prices, volumes, input mix, processes, balance sheet and survival.



Table 1: Mapping from derivatives to empirical estimates

Margin Theoretical object Empirical proxy Directional prior
. dp; A, [p; R
Output pricing d%f: and % Bsprice_so1d,bs Pass-through pressure
Bsp_so1d. e raises prices
d m A . . .

Input cost dﬁ; Bs price mat,b Input prices rise with ex-
posure

Output 9 and Eliel] B Output and expectations

tP at; Aty s,turnover_expn,b P p
weaken under cost pres-
sure
dn; . . A .

Inventory %ﬁ“ (holding n; fixed)  Bs stockleva,b Sign depends on buffer
drawdown vs. precaution-
ary build-up

.. de; db; dp; 5 A . .
Liquidity ;’gl, d"T'_jl, g’;_f“ Bs,casn3 bs Bs,aevt,p, Financial stress weakens
i 1 i AT 4 4 4
Bs repayturn2,b liquidity position
dk; 5 .

Investment # Bs capital mix,b Sign depends on postpone-
ment vs. adaptation invest-
ment

duj, 5 . .

Process Component of T Bs work_h b Firms may shift energy
costs to employees via
homeworking

. . dp ival; 5
Continuation M i Cost pressure lowers sur-
at; s,survival,b P
risk vival chances

2.1 The pre-registered analysis plan

Before commencing data linking and analysis in the ONS Secure Research Service (SRS),
we publicly and irreversibly posted a pre-analysis plan (PAP) on 1 December 2022 at the
Open Science Foundation (OSF) using the URL https://osf.io/5entz/.

Our goal was to create a transparent, public record of the order of hypothesis gener-
ation and testing. As per the initial PAP, and to further prevent data mining, we built
the energy intensity measure E; separately from the outcome dataset. An update to the
PAP on 1 April 2023 set out additional predictions due to a change in energy support

policies for UK firms. The evaluation of this policy change remains work in progress.
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3 Data sources and key variables

3.1 Data structure

Unit of analysis. The unit of analysis in this project is an individual firm i, measured
at the UK Office for National Statistics (ONS) reporting unit level (RUREF).> A firm
might have multiple establishments or local units, denoted by the local unit reference
(LUREF) and may be part of an enterprise (ENTREF) or an enterprise group, denoted by
the Who-Owns-What reference (WOWREEF).

Energy data. We use the Annual Purchases Survey (APS) to obtain firm-level pre-shock
energy cost shares. The APS records detailed information on annual input expenditures.®
The next subsection describes the APS in more detail. Energy-shock exposure variables

follow the energy intensity measures reported in Office for National Statistics (2022).

Outcome data. We use two main outcome data sources. The first is the Business In-
sights and Conditions Survey (BICS), a large, voluntary business survey running since
the early days of the Covid-19 pandemic. The second is the Longitudinal Business
Database (LBD), a new administrative data product derived from the UK’s business
register. This provides sparse but near-universal information for the UK’s business pop-

ulation. The next subsection gives more information on specific sources.

3.2 Data sources

The Annual Purchases Survey. The Annual Purchases Survey (APS) collects detailed

information on business expenditures classified as intermediate consumption. We use

SMore precisely, the reporting unit is the economically meaningful entity at which ONS surveys are
administered. Some larger firms may consist of multiple reporting units.

%We also produced alternative estimates using the Annual Business Survey (ABS), the UK's structural
business survey. Because the ABS reports less fine-grained and potentially more noisy input information
for individual purchase items such as energy for smaller firms, we consider the APS more appropriate for
the purposes of this work.



the latest pre-energy crisis year’ available, APS 2018, to construct our baseline energy in-
tensity measure, E;. We define E; as total energy expenditure divided by total purchases
for intermediate consumption. If a firm is not sampled in APS 2018, we go back to APS
2017. For robustness, we also estimate results for an expanded sample where we impute
energy input intensities as average energy intensities in the same industry-region-size
cell for firms not present in either wave. Alternative measures using the full breakdown

of specific energy inputs (natural gas, electricity, diesel) are available on request.

The Longitudinal Business Database. The Longitudinal Business Database (LBD) is
an experimental ONS data infrastructure project, aimed at allowing the quick assembly
of firm-level linked datasets from a variety of sources for microdata analysis (Lemma
et al.,, 2023). The LBD is a quarterly, linked, firm-level dataset constructed using the
UK’s business register, the Inter-Departmental Business Register (IDBR). The IDBR cap-
tures the universe of UK firms that either pay value-added tax (VAT) or contribute to
pay-as-you-earn (PAYE) income tax schemes. In a given quarter, the IDBR captures ap-
proximately 3 million firms. The LBD is available in the ONS Secure Research Service
(SRS). We use survival, employment, and establishment count at a quarterly frequency
as outcome variables in our analysis. The LBD also contains turnover (which can be
used to construct labour productivity). However, since turnover (and to a lesser extent
employment) is recorded on the IDBR from a variety of sources and with variable lags,

we do not make use of it in this analysis.

The Business Insights and Conditions Survey. The Business Insights and Conditions
Survey (BICS) is a qualitative, fortnightly, voluntary, topical business survey established
during the pandemic. The BICS is sent to approximately 50,000 businesses every two
weeks, with a response rate of roughly 25%. Large businesses often receive many con-
secutive survey waves, whereas small firms are rotated in and out to reduce survey

burden. The BICS provides rich and timely information for a sample of the UK busi-

"The APS was re-introduced as a survey in 2015 and runs annually. Processing for the 2019 and 2020
APS was de-prioritised during the Covid-19 pandemic and data for these years have not been published.
Source: ONS Quality and Methodology Information, 2023.
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ness population. We use two main types of variables from the BICS. First, we use a set
of questions on firm input, output, pricing and innovation behaviour, as well as firms’
subjective measures of financial and economic health, as the main outcome variables in
this project. The exact variables of interest as well as how we construct the BICS panel
can be found in the online appendix. Second, we use questions about a firm’s climate
attitudes and behaviour as well as their perceived exposure to the energy shock.®

The voluntary nature of the BICS and its 25% response rate raise a potential concern
about selective non-response. If energy-intensive firms under financial stress are differ-
entially more or less likely to respond to the survey after the shock, our treatment effect
estimates could be biased. We address this concern by validating our BICS-based esti-
mates against the UK’s structural business survey, the Annual Business Survey (ABS),
in Section 6.2. Because the ABS is drawn from the same register with near-universal
coverage of large firms, agreement between the two sets of estimates bounds the scope

for non-response bias in the average effects.

3.3 Data linking and cleaning

Figure 2 summarises the data linking process. We link BICS waves 1-89, corresponding to
March 2020 to August 2023, by RUREF to our units of analysis. We harmonise responses
to BICS questions on variables of interest, over time. For some variables a sufficiently
long pre- and post-treatment panel exists to test anticipation effects. For others, we only
have a post-treatment panel or even a single cross section.

We then link BICS respondents to the APS 2018 and 2017 using the latest available
data point for each RUREF. The resulting sample consists of 9,550 firms and 199,083 ob-
servations. We strip our energy intensity measure of outliers by trimming observations
below the first and above the 99th percentile in each two-digit SIC (Standard Industrial

Classification) indus’cry.9 This leaves 9,225 firms and 192,999 observations.

8As a robustness check, we also use intermittently asked BICS questions on the length and coverage
of firms’ energy contracts to construct an alternative energy intensity measure that interacts our baseline
measure with a dummy for contracts that expire in the near term or cover energy costs only partially.

9By removing within-industry outliers, we effectively remove any firms with zero or near-zero energy
purchases. This raises the mean energy intensity compared to the full sample (see online appendix).
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Figure 2: Data linking and cleaning

Energy intensity construction E;
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Notes: Figure illustrates the data components and the associated sample sizes that we work with in the analysis as they arise when
we merge different datasets together.

3.4 Key variable construction

Energy intensity measure. We measure energy intensity E; as a share of total interme-
diate expenditure. This raises three concerns. First, there may be firm-specific idiosyn-
cratic variation in the energy cost shares that is not due to the technical requirements in
the production processes used by firm i. Second, firms may be exposed to the energy
price shocks indirectly, through the costs they pay for other inputs if the production of
these inputs is energy-intensive (or in turn requires energy-intensive inputs). Third, to
the extent that some firms have long-term energy contracts or do not pay for their energy

costs directly, their energy input may not reflect the financial cost they bear.!® While we

19Firms may also be shielded from full cost increases by government support. In the UK, the government
introduced the Energy Bill Relief Scheme (EBRS) from October 2022 to March 2023, which capped the
wholesale element of non-domestic energy bills at 21.1p/kWh for electricity and 7.5p/kWh for gas. It
was replaced by the less generous Energy Bills Discount Scheme from April 2023. Eligibility required a

12



do not observe the necessary data to shed light on these hypotheses at the firm level, we
investigate them here with industry-level data. Figure B.1 in the appendix shows that
the distribution of energy intensities varies substantially across firm size-bands within
industries, confirming that the energy intensity measure carries within-industry varia-
tion across firms of different sizes. A further concern is that E; is measured from the
APS 2018 (or 2017), three to four years before the shock. Firms may have changed their
energy intensity over the intervening period through investment, output mix changes or
efficiency improvements. To the extent that this introduces classical measurement error

in E;, our treatment effect estimates will be attenuated towards zero.

Validating the energy intensity measure. We validate our cost-share measure of en-
ergy intensity against four alternative industry-level measures in the appendix. Direct
calorific energy quantities from the ONS environmental accounts are highly correlated
with our measure (Figure B.2). Indirect energy intensity, computed by inverting the ONS
input-output supply-and-use tables, is likewise highly correlated with direct exposure
(Figure B.3).! Real-time energy expenditure payment flows from Office for National
Statistics (2023a) are positively correlated with our measure (Figure B.4), confirming
that firms with higher energy use are indeed more financially exposed. Finally, per-
unit prices of gas and electricity rose sharply across all consumption bands (Figure B.5),

suggesting that long-term contracts did not fully shield firms from the shock.

4 Empirical methodology

This section explains the empirical methodology we employ. It describes the estimating
equation and assumptions required for causal inference, outlines how we analyse het-
erogeneity and finally explains how we explore correlations across adjustment margins

by clustering on industry-specific estimates.

non-domestic contract agreed on or after 1 December 2021. We therefore measure the net, rather than
gross, impact of the energy price shock.

11See ONS energy use by industry, source and fuel, 2024 and ONS input-output supply-and-use tables,
2023.
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4.1 Estimating equation

We pre-registered our main estimating equation in the initial Pre-Analysis Plan (PAP).

This estimating equation takes the following form:

Yist = a; + Bst +C - Posty - E; +v - Xjgp + €454 )

w; captures a firm i fixed effect, absorbing any time-invariant firm characteristics. We
also control for time-fixed effects Bs;. These account for common time-varying non-linear
shocks. These time-fixed effects could be specific to a group the firm belongs to, such as
the industry or region that a firm i operates in, as indicated by subscript s.12

E; denotes our energy intensity measure. The indicator Post; is a binary variable
that captures the time period after the energy price shock. Figure 1 indicates that by
November 2021 an invasion was seen as likely, leading to an anticipatory spike in the
energy price. We therefore use this as our baseline treatment. Since November 2021,
spot market prices for natural gas have averaged around 7 p/kWh. This is 4.3 times
the average for the period from 2018 to October 2021 inclusive. For robustness, we also
estimate our results with the treatment time defined as 24 February 2022, the day the

invasion began. The term Xj.; allows for the inclusion of additional control variables.

Logic of the estimation protocol. Three design choices govern how far equation (9)
can be saturated: the granularity of the industry mapping s = g(i);'> whether energy
intensity is measured at the firm level or imputed at the industry level, Eg(i) ; and the
functional form of the exposure measure. A continuous measure assumes that the treat-
ment effect increases monotonically in E;; the alternative discretises E; relative to the
within-industry median and contrasts more and less energy-intensive firms within the
same industry. How demanding a specification the data can support depends on the
intra-industry variation in E; and on the size and distribution of the effects. We did

not know either when we formulated our PAP. We therefore estimate the full menu of

12For conciseness, in the rest of the paper we refer to a firm grouping s as “industry”.
13The UK’s Standard Industrial Classification (SIC) distinguishes between 732 industry codes. See Com-
panies House, 2024.
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Figure 3: Set of estimable two-way fixed effects models

Unit fixed effects
Firm only SIC Region SIC & Region SIC x Region

Wave only X
Ti SIC1 X X X X
) (0] X X X X
fixed
effects SIC3 X X X X
SIC4 X X X X
SIC5 X X X X

Notes: Figure illustrates the menu of two-way fixed effects specifications that can be estimated. The full set of results across all
specifications is reported in the online appendix.
specifications, from least to most demanding, and report results across all of them.
Figure 3 illustrates the set of estimable two-way fixed effects models. As the granular-
ity of the fixed effects increases, the estimand ¢ on Post; - E; may become collinear with
industry-by-time fixed effects if energy intensity varies predominantly between rather
than within industries. Stable estimand sizes across specifications indicate a robust re-
sult; attenuation under more demanding fixed effects may reflect collinearity or mea-
surement error. We can also estimate industry-aggregated models, which reduce the
risk of demand spillovers from treated to untreated firms that may violate the Stable
Unit Treatment Value Assumption (SUTVA) (Alves et al., 2024). Such spillovers are a
concern here: if energy-intensive firms raise output prices, their less-energy-intensive
competitors within the same industry may gain market share, attenuating the estimated
treatment effect. The progressively more demanding fixed effects specifications help as-
sess the sensitivity of results to within-industry spillovers. The full set of results across

all specifications is reported in the online appendix.

Estimation of the treatment effect. We estimate the causal effect by interacting com-
mon, unanticipated shocks to energy prices with pre-existing variation in exposure, as
measured by a firm’s pre-shock energy intensity. In the empirical specification the esti-
mated coefficient ¢ on the interaction term Post; - E; captures this effect. In the notation
of Section 2, E; corresponds to the firm’s pre-shock energy intensity w; and ¢ recovers

elements of the sector-averaged Jacobian T'yy. This identification strategy is in the spirit of
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the shift-share approach pioneered by Bartik (1991) and recently characterised in much
tuller detail by Borusyak et al. (2022). The key identifying assumption is that, conditional
on firm and industry-by-time fixed effects, pre-shock energy intensity E; affects post-
shock outcomes only through the energy price channel. This would be violated if, for
instance, energy-intensive firms were differentially exposed to other concurrent shocks
(such as supply-chain disruptions) that are not absorbed by the fixed effects. The pro-
gressively more demanding fixed effects specifications reported in the online appendix
help assess sensitivity to such confounds. For brevity we report here the treatment effect
estimates obtained from the continuous exposure measure E;, after confirming that the

monotonicity assumption in the treatment effects appears to hold.

4.2 Methods for higher-dimensional analysis and clustering

Most econometric analysis focuses on a single adjustment margin. Yet as Section 2
formalises, a firm’s response to a cost shock is jointly determined across all margins.
We therefore estimate treatment effects separately for small industry cells and use the
resulting high-dimensional coefficient vectors to discover joint distribution patterns.

To achieve this, we estimate heterogeneous treatment effects across a broad range of
industry cells resulting in a vector of estimates §s = ({51, ...Csx) capturing the relation-
ship between the energy-price shock exposure of firms in industry cell s on an outcome
variable j as §s;. Each element (j; is the analogue of the scalar ¢ from equation (9), es-
timated separately for industry cell s and outcome j; in the notation of the conceptual
framework, ¢; approximates the sector-averaged Jacobian T's;. We focus on eleven dif-
ferent outcomes, estimating each for dozens of different industry cells. The estimated
vectors §s can be thought of as capturing the joint distribution of the impact of the en-
ergy price shock on a representative firm within industry cell s. As before, we carry out

the analysis at different industry granularities.

Clustering on the Js vector We employ a k-means clustering algorithm to identify

common archetypes or patterns in how variables co-move across industries in response
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to the energy price shock.'* We then examine this heterogeneity by industry charac-
teristics to explain differences found, such as why some industries adjust capital while
others increase stock levels. K-means clustering allows us to compute Euclidean dis-
tances between the industry-level coefficient vectors {s and group industries with high

intra-cluster and low inter-cluster similarity in their response profiles.'

5 Results

This section presents our main results, proceeding from pre-trends through average
treatment effects and industry heterogeneity to the higher-dimensional analysis.

By way of motivation, Figures B.6 and B.7 in the appendix show the only direct, self-
reported evidence on firms’ mitigation behaviour. They confirm that energy-intensive
tirms were significantly more likely to report taking actions to reduce energy use af-
ter the price shock, including switching equipment off, adopting more energy-efficient
equipment and reducing trading hours. Because the questions were only asked on one

wave each, these results are descriptive rather than causal.

5.1 Pre-trends

Figure 4 reports pre-trends for our key outcome variables using an event study design
in the spirit of Sun & Abraham (2021). For most margins (prices, capital, debt, work-
ing practices) there are no clear pre-trends, with the trend break at or after our baseline
treatment date of November 2021. A small number of forward-looking margins (material
input prices, cash reserves, stock levels, insolvency risk) show slight anticipation effects
before November 2021. This is consistent with precautionary behaviour: firms antici-
pating higher energy costs may pre-emptively build cash buffers or reassess insolvency

risk, whereas realised price and capital adjustments require the shock to materialise.

4The joint distributions found in the data can serve as a check on the often simple one-dimensional
economic narratives that attract media attention.

>Hjerarchical clustering techniques yield comparable results. We prefer k-means for its geometric
interpretability in high-dimensional vector space.
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Figure 4: Pre-trends for key outcome margins
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Notes: Figures present event-study coefficients from the baseline specification, interacting the
continuous exposure measure E; with wave indicators and including firm and wave fixed effects.
Standard errors are clustered at the industry-by-wave level. 95% confidence bands indicated.
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5.2 Average treatment effects

Tables 2 to 4 report coefficients from our main specification using the linked waves of
the Business Insights and Conditions Survey (BICS).!® These coefficients correspond to
the entries of the sector-averaged Jacobian I'y;, described in Section 2 and mapped to
empirical proxies in Table 1. We find statistically significant effects on the following ad-
justment margins: output and input prices; capital and working practices; cash reserves;
and expectations over future turnover and survival.

Panel A of Table 2 shows average treatment effects for price variables. The coefficient
of interest for materials prices (which include energy) is 0.370 for all firms. At 0.326, it
is slightly smaller for large firms (defined as firms with 250 or more employees) than
for small and medium-sized firms (SMEs, defined as firms with fewer than 250 employ-
ees), for whom the coefficient is 0.456. On average, energy-intensive firms increase their
output prices as they see the prices of their inputs rise. This average treatment effect is
driven by small firms (coefficient of 0.389 and significant at the 1% level) but not large
tirms (coefficient of 0.185 and not statistically significant). These results are consistent
with incomplete pass-through by firms with market power (proxied by size) and com-
plete pass-through by a competitive fringe of small firms. Future price expectations are
directionally similar but attenuated and only marginally significant for small firms.

As Panel B of Table 2 shows, there were no immediate turnover effects but turnover
expectations varied between large and small firms. Large firms anticipated declines in
revenue due to the energy cost increases (coefficient of -0.173, statistically significant
at the 5% level). However, small firms did not expect decreases to the same degree.
These differences may be due to differences in forecasting abilities, because small firms
feel insulated through supply contracts or because they view themselves as price takers.
Small firms reported higher confidence in their survival prospects despite raising stock

levels and not adjusting capital. Large firms became less optimistic despite making

16The BICS outcome variables are ordinal indicators of the direction of change during the reference
period, typically with three to five categories. We estimate linear models on these ordinal outcomes. This
recovers average marginal effects that closely approximate those from ordered probit or logit specifica-
tions when the number of categories is small and the distribution of responses is not concentrated at the
boundaries, as is generally the case in our setting.
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Table 2: Impacts of the energy price shock on prices and output, for large and small firms

Panel A: Average treatment effects, firm prices

Panel B: Average treatment effects, firm output

Estimate Estimate
Prices (¢ Treatment x Energy intensity) Output (¢ Treatment x Energy intensity)
all large sme all large sme
Price of materials ¢ 0.370%* 0.326** 0.456*** Turnover change (3 cat) ¢ 0.0781 0.0831 0.0685
se (0.103) (0.141) (0.0988) se  (0.112)  (0.126) (0.190)
RZ 0392 0.359 0.434 R?> 0374 0.361 0.397
N 94321 58584 35706 N 115592 72300 43244
Price of goods sold ¢ 0249 0.185 0.389%** Turnover expectations (3 cat) ¢ -0.164*** -0.173** -0.157*
se (0.115) (0.129) (0.119) se (0.0573) (0.0694) (0.0855)
RZ  0.350 0.321 0.392 R?> 0274 0.257 0.304
N 97954 61229 36687 N 103876 65011 38865
Prices of goods sold expectations ¢ 0.162*  0.163 0.155* Export status (3 cat) ¢ -0.0704 -0.0464 -0.100
se (0.0908) (0.112) (0.0844) se (0.0538) (0.0715) (0.0606)
RZ 0365 0.335 0.404 R?> 0942 0.938 0.946
N 66702 42277 24353 N 75718 45647 30071

Notes: Estimated treatment effects from regressions with firm and wave fixed effects. Standard errors are clustered by wave and two-digit SIC
industry. Outcome variables are ordinal indicators of the direction of change during the reference period. Standard errors are reported in
parentheses. Stars denote statistical significance obtained from estimating clustered standard errors with stars indicating *** p<0.01, ** p<0.05, *

p<0.10
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Table 3: Impacts of the energy price shock on inputs and processes, for large and small firms

Panel A: Average treatment effects, firm input mix Panel B: Average treatment effects, firm processes

Estimate Estimate
Input mix (¢ Treatment x Energy intensity) Production process (¢ Treatment x Energy intensity)
all large sme all large sme
Capital ¢ 0161 0.152 0.220 Stock levels ¢ 0.0329 -0.0256 0.164
se  (0.105)  (0.180) (0.231) se (0.135) (0.181) (0.120)
R*  0.644 0.624 0.676 R* 0359 0.335 0.397
N 32354 21217 11137 N 68668 42271 26397
Capital mix ¢ 0.225*  0.262** 0.203 Hybrid working ¢ -5.769** -6.404 -5.131
se  (0.0943) (0.120) (0.163) se  (2.816) (4.714) (3.126)
R  0.490 0.472 0.518 R*  0.787 0.768 0.817
N 37758 24722 13036 N 58129 35349 22780
Redundancies (share) ¢ 0141 0.00461 0.413 Working from home ¢ 51.39%* 63.11*** 30.00%**
se  (0.321) (0.241) (0.675) se  (10.96) (15.19) (7.288)
R* 0230 0.214 0.254 R* 0725 0.718 0.734
N 138778 87177 51601 N 126124 79111 47013
Redundancy expectations ¢  0.0125 -0.0158 0.0526 Working from normal place of work ¢  16.63**  13.07 20.34**
se  (0.0337) (0.0481) (0.0359) se (8.160) (9.261) (8.627)
R* 0501 0.479 0.542 R* 0739 0.741 0.732
N 43003 25538 17465 N 126124 79111 47013

Notes: Estimated treatment effects from regressions with firm and wave fixed effects. Standard errors are clustered by wave and two-digit SIC
industry. Outcome variables are ordinal indicators of the direction of change during the reference period. Standard errors are reported in
parentheses. Stars denote statistical significance obtained from estimating clustered standard errors with stars indicating *** p<0.01, ** p<0.05, *
p<0.10
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Table 4: Impacts of the energy price shock on liquidity and survival, for large and small firms

Panel A: Average treatment effects, firm liquidity = Panel B: Average treatment effects, firm survival

Estimate Estimate
Debt & liquidity (¢ Treatment x Energy intensity) Survival (¢ Treatment x Energy intensity)
all large sme all large sme
Cash reserve duration (5 cat) ¢ 0.263* 0.245 0.288** Insolvency risk ¢ -0.162** -0.0800 -0.263**
se  (0.140)  (0.177) (0.135) se  (0.0800) (0.0967) (0.100)
R*  0.787 0.786 0.786 RZ  0.666 0.664 0.669
N 77355 48748 28607 N 81177 49908 31269
Confidence will meet obligations (5 cat) ¢ -0.278*** -0.266** -0.293** Change in insolvency risk ¢ 0.0239  0.0361 0.0274
se (0.0870) (0.101) (0.125) se (0.0773) (0.108) (0.0835)
R*  0.663 0.645 0.690 RZ  0.500 0.475 0.542
N 40204 24308 15896 N 40037 24954 15083
Repayments over turnover (5 cat) ¢ -0438** -0.231 -0.778*** Confidence of 3m survival ¢  0.0803  0.0369 0.169%
se  (0.149) (0.171) (0.200) se  (0.0593) (0.0735) (0.0877)
R*  0.693 0.677 0.716 RZ 0703 0.692 0.714
N 26521 15612 10909 N 59784 37104 22680

Notes: The cash reserve duration, confidence the firm will meet debt obligations and repayments compared to turnover variables have 5 possible
responses. Estimated treatment effects from regressions with firm and wave fixed effects. Standard errors are clustered by wave and two-digit SIC
industry. Outcome variables are ordinal indicators of the direction of change during the reference period. Standard errors are reported in
parentheses. Stars denote statistical significance obtained from estimating clustered standard errors with stars indicating *** p<0.01, ** p<0.05, *

p<0.10



capital adjustments. This divergence between behaviours and expectations may reflect
differences in information sets or planning horizons.

Panel A of Table 3 shows the average treatment effects for a firm’s input mix. Overall,
firms adjust planned and realised capital expenditure (capital mix coefficient of 0.225,
statistically significant at the 5% level). This effect is driven by large firms. The effect for
small firms is smaller and not statistically significant. This is consistent with larger firms
anticipating the need to adapt their production process to the energy cost increases.
Realised redundancies and redundancy expectations do not respond for either large or
small firms, and in fact yield precisely estimated null effects in most cases.

Panel B of Table 3 shows the effects on firm processes: the stock levels held on
premises (a measure of their efficiency and expectations about future uncertainty) and
their homeworking practices. The latter is particularly relevant as homeworking may
allow firms to offload energy costs onto their employees. We do not find statistically
significant effects on stock levels, overall or for either size category. Working from home
increases overall (coefficient of 51.39, statistically significant at the 1% level), and for
both large (coefficient of 63.11, statistically significant at the 1% level) and small firms
(coefficient of 30.00, statistically significant at the 1% level). This increase in working
from home is accompanied by a decrease in hybrid working.!”

The shift towards working from home among energy-intensive firms admits sev-
eral interpretations. First, firms may be directly reducing their commercial energy con-
sumption by closing offices or reducing operating hours; the associated heating, light-
ing and equipment costs are then borne by employees at home. Second, the shift may
reflect a broader cost-cutting response in which firms reduce expenditure on commer-
cial premises. Third, in principle energy-intensive firms could have been on a different
working-from-home trajectory for reasons unrelated to the energy shock. However, we
note that the pre-trends for working practices in Figure 4 show no evidence of such
differential trends before our treatment date.

Finally, Table 4 shows the average treatment effects on firm liquidity and survival.

17 Among small firms, working practices become bimodal: both fully remote and fully on-site atten-
dance increase (office attendance coefficient of 20.34, statistically significant at the 5% level), while hybrid
arrangements decline. We do not observe the same pattern for large firms.
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Panel A focuses on liquidity. On average, firms built up cash reserves. This is driven
predominantly by small firms (coefficient of 0.288, statistically significant at the 5% level).
All firms were less confident they would meet their debt obligations (coefficient of -0.278,
statistically significant at the 1% level). The estimated effects for large and small firms
are similar in size and statistical significance in this regard. Affected firms increased
their debt repayments relative to turnover (coefficient of -0.438, statistically significant at
the 1% level), consistent with prcautionary liquidity management. This overall effect is
driven predominantly by small firms (coefficient of -0.778, statistically significant at the
1% level).

Panel B focuses on firm survival. We find significant decreases in the perceived level
of insolvency risk (coefficient of -0.162, statistically significant at the 5% level) driven
predominantly by smaller firms. This is likely related to the increase in cash reserves
and debt repayment we observe among the same firms. The average treatment effects
we estimate are small and statistically insignificant for firms’ confidence to survive the
next three months and the change in insolvency risk, although both are estimated on
smaller samples.

Using quarterly data on employment, number of business sites and survival from
the Longitudinal Business Database (LBD) we find similar results, shown in Table B.1
in the appendix. We find no statistically significant drops in firm-level employment for
affected firms following the energy price shock. The LBD results do show an increase in
firm exits among more energy-intensive small firms.

We estimate effects on approximately fifteen outcome variables, separately for all
firms, large firms and small firms, raising concerns about multiple hypothesis testing.
As our conceptual framework in Section 2 makes explicit, all outcome margins are en-
tries of the same Jacobian T';;, generated by the firm’s joint re-optimisation decisions in
response to the shock. A firm that raises output prices ( ﬁp > 0) will, all else equal, also
change its debt position and cash reserves. The k-means clustering analysis in Section 5
recovers this joint structure. We therefore interpret our results as correlated rather than

independent responses, and focus on the consistency of the estimated pattern across

24



margins rather than on the statistical significance of any individual coefficient.'8

For our baseline outcome variables, we also exploit the panel nature of most questions
on the BICS to investigate the dynamics of firms’ response to the energy price shock.
Figure B.8 in the appendix plots the dynamics at quarterly frequency. The results reveal
important differences between short- and long-run responses and between large and
small firms. Smaller firms adjusted their prices almost instantaneously, with the effect
peaking in April to June 2022 and fading by summer. Turnover expectations dropped
following the peak in price rises. Debt repayments relative to turnover rose after April

2022 and peaked during the summer.

5.3 Heterogeneous industry effects

The average effects estimated in the previous subsection mask substantial heterogene-
ity. Firms adjust differently on different margins based on their production function,
market structure or management capabilities. In addition to firm size, in our PAP we
conjectured that industry is an important dimension of heterogeneity. In this subsection,
we show that there is indeed large variation between fine-grained industries across all
margins. Figure 5 plots the distribution of the estimated coefficients from restricted sam-
ple regressions over two-digit industries. For all margins, the variation across two-digit
industries swamps the difference between estimated average effects and zero.

Not only do firms display substantial heterogeneity, but responses are correlated
across response margins in predictable ways. This is consistent with the conceptual
framework in Section 2: because all margins are jointly determined by the firm’s re-
optimisation, the entries of Ty, will in general covary across sectors. Figure 6 plots the
estimated responses across response margins j, §s = (gsl,...gsj,...gsk), for two example
sectors, manufacturing and hospitality. Even at high levels of aggregation, firms across
these industries display starkly different adaptation behaviours. For instance, manufac-

turing sees large adaptations on indebtedness, debt repayment, turnover expectations

18Formal joint inference across margins could potentially account for cross-equation correlation, but the
ordinal nature of the outcomes and the rotating panel structure of the BICS make this infeasible in our
setting.

25



Figure 5: Coefficient distributions over industries
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Notes: Figure shows the distribution of average treatment effects estimated separately for each industry division against the
sample-wide average treatment effect denoted by the dotted line.
and stock levels, but a moderate capital response and no response in their cash reserves.
Accommodation and food services see large impacts on their stock levels, indebtedness
and survival, but no capital investment. Figure B.10 shows that these correlations across
margins are not particular to the two example sectors, but apply more broadly: for in-
stance, wholesale and retail trade sees large impacts on input and output prices, and
substantial adjustment on capital and debt margins.

Adaptations likewise differ substantially by firm size. Figure B.9 in the appendix
shows that large firms are more likely to adjust on output price, capital, cash, and debt
repayment margins. By contrast, small firms are more likely to adjust stock levels and

to see their survival prospects worsen.

26



Figure 6: Adjustments across margins: manufacturing and hospitality
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5.4 Higher-dimensional analysis and clustering

Because each firm reoptimises jointly across its choice variables (Section 2), the estimated
treatment effects are systematically correlated across response margins. To uncover the
structure of these joint distributions, this section reports results from a simple k-means
clustering exercise. This descriptive exercise summarises the joint distribution of esti-
mated treatment effects across margins and sectors but does not identify the structural
determinants of differences across clusters.

The algorithm uncovers six distinct groupings of industries. Based on their responses,
we call them “the passthrough-financed investors”, “the survivors”, “the cruisers”, “the
disinvestors”, “the wrecked” and “the cash-constrained”. Appendix table B.2 and Figure
B.11 give more detail about the industries in each cluster and the average treatment
effect along each margin. Here, we focus on industry characteristics that may explain
the differences in responses, as shown in Table 5.

“Passthrough-financed investors” are predominantly drawn from ICT, engineering
and real estate and represent about 12% of economy-wide Gross Value Added (GVA).

The typical firm in this cluster is small, well-managed and relatively investment-intensive.
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Table 5: Characteristics of firms in each cluster

The The The cruisers The The The cash
passthrough- survivors disinvestors wrecked constrained
financed
investors
Description ICT, engineering ~ Complex Manufacturing of Pharmaceuticals, Printing and Scientific
and real estate manufacturing wood, textiles, furniture, arts, reproduction research and
chemicals, electrical and motion media development
metals, food equipment, and picture and and advertis-
products, and business services other ing
non-business such as wholesale professional
services such as  and retail trade and  scientific
human health land transport, activities
and education telecoms, and
waste collection
Energy intensity 13% 14% 10% 10% 8% 7%
Average turnover 1,821 8,800 5,269 7,453 795 3,584
(£000)
Average 9 35 23 18 8 15
employment
Management 0.54 0.50 0.49 0.48 0.47 0.53
practices
Investment 15% 19% 16% 8% 10% 6%
intensity
(NGFCF/GVA)
Concentration 537 740 1106 635 1358 381
index (Turnover
HHI)
Average profit 0.24 0.18 0.12 0.26 0.20 0.22
margin
Average IC 1.40 1.38 1.27 1.40 1.19 1.28
markup
Average labour 2.27 1.84 2.18 3.02 2.03 4.18
markup
EU trade intensity 3% 9.5% 10.4% 1.9% 2.2% 9.6%
Non-EU trade 3.3% 9.2% 9.2% 5% 2.3% 11.8%
intensity
Number of 9 27 13 5 1 2
divisions
% GVA 12.1% 32.7% 15.9% 6.7% 1.2% 2.9%

Notes: The table presents weighted averages of each industry division in each cluster. Average employment and turnover are the
author’s calculations using the 2021 IDBR universe, investment intensity is the author’s calculations using net gross fixed capital
formation over GVA at basic prices from the 2021 ABS, trade intensity is calculated as the average ratio of goods imports and
exports to each divisions 2021 turnover. Management practices are taken from the 2020 Management and Expectations Survey, and
turnover concentration is based on CMA calculations using the 2021 Business Structure Database. % of GVA in each cluster is
calculated using the UK 2021 GVA by industry division published by the ONS in “Regional gross value added (balanced) by
industry” (Office for National Statistics, 2024). The average profit margin, and mark-ups are from the ONS’ dataset accompanying
the publication “Trends in UK business dynamism” calculated using the 2021 ABS (Office for National Statistics, 2023b).
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In line with the small firm size, industry concentration in this cluster is quite low but
markups and profit margins are nonetheless on the upper end of the spectrum. “The
survivors” in contrast represent the most energy-intensive cluster and make up almost
33% of GVA, including business services, health and education and some manufactur-
ing. This cluster features on average larger firms by turnover and employment and the
highest investment intensity. Concentration, profit margins and markups are among
the lowest of all clusters. “The cruisers” have intermediate energy intensities of about
10% and represent a further 16% of GVA, including wholesale and retail, telecoms and
waste collection. They are characterised by some concentration but low profit margins
and markups, and high exposure to international trade. Firms in this cluster fall in the
upper range of investment and come from the middle of the management distribution.
Finally, there are three smaller clusters of industries that adjust less well to the energy
price shock, namely “the disinvestors” (7% of GVA, including pharmaceuticals, arts and
some scientific activities), “the wrecked” (1% of GVA, printing and reproduction me-
dia) and “the cash constrained” (3% of GVA, scientific research and advertising). These
industries feature mostly lower management quality, considerably lower investment in-

tensity and relatively high profit margins.

6 Validating the real-time estimates

A central claim of this paper is that the combination of real-time survey and administra-
tive data can provide reliable, timely estimates of firm responses to economic shocks. In
this section, we subject this claim to three tests: consistency of the BICS estimates with
the Bank of England’s Decision Maker Panel (DMP); ex-post benchmarking against the
2022 and 2023 Annual Business Survey (ABS); and an out-of-sample application to the
energy price shock triggered by the 2026 US-Israeli strikes on Iran.
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6.1 Comparing across high-frequency survey vehicles

The BICS, which serves as the main rapid-response business survey vehicle of HM Trea-
sury and other central government departments, and the Decision Maker Panel (DMP),
which is run by the Bank of England, are two key real-time data sources used by UK
policymakers. If they produce divergent signals about how firms are responding to an
economic shock, this misalignhment could complicate policymakers” situational assess-
ment and thus the ensuing policy response. In this subsection, we test whether the
BICS and DMP give consistent estimates of firm responses to the 2021-2023 energy price
shock.

The lack of a common sampling frame and common unique identifier between the
DMP and ONS datasets prevent us from computing firm-level APS energy intensities,
as we do for the BICS.! We therefore compute them at the industry level, averaging
the APS measure within SIC cells (two-digit through to five-digit). We then estimate
the same shift-share specification on the DMP firms, using these industry-level energy
intensities as the exposure variable. Because all firms within an industry cell share
the same exposure, these are effectively between-industry regressions rather than the
within-industry regressions reported in the main results.

We compare the resulting BICS and DMP coefficient vectors for each outcome margin
that is available in both surveys. Table 6 provides a mapping of all the outcome variables
which can be compared in the DMP and BICS. Because the BICS captures qualitative
answers while the DMP measures quantitative responses, a direct comparison of the
magnitudes of the estimates is not possible. Instead, for each pair we consider whether
the coefficients agree or disagree on sign.

Figure 7 shows a scatterplot comparing the treatment effects across the two surveys.
In the DMP specifications, we use energy intensity measured at the SIC4 industry level,

and additionally include firm and time fixed effects. The BICS coefficients are the main

9Firms in the DMP are sampled from the population of UK businesses with ten or more employees in
the Bureau van Dijk FAME database, which itself covers all UK incorporated employee firms. For more
information on the survey design, see Bunn et al. (2024). The DMP also collects information at a higher
level of the business hierarchy compared to ONS surveys (the enterprise reference, or “entref”, level rather
than the reporting unit reference, or “ruref”, level, in ONS terminology).
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Table 6: Mapping of DMP survey outcomes to their corresponding BICS
variables

DMP outcome BICS variable(s) Sign

Annual sales growth Turnover change (3 cat); Turnover v
change (6 cat)

Annual real sales growth Turnover change (3 cat); Turnover
change (6 cat)

Expected sales growth Turnover expectations (5 cat); Turnover v
expectations (3 cat)

Expected real sales growth Turnover expectations (5 cat); Turnover v
expectations (3 cat)

Annual output price growth Price of goods sold v

Expected output price growth Prices of goods sold expectations v/

Annual capital expenditure growth Capital v

Expected capital expenditure growth Capital mix v

Annual employment growth Redundancies (share) X

Expected employment growth Share of workers expect to make redun- X

dant; Redundancy expectations

Notes: Each DMP outcome is compared against one or more BICS variables. A “X” in the Sign column
indicates that the BICS variable measures the opposite direction to its mapped DMP outcome (e.g.
redundancies rise when expected employment growth falls); the sign of its coefficient is reversed before
comparison so that it lines up with the DMP outcome.

estimates from Section 5.2. The blue markers in the figure correspond to specifications
which include all firms; green markers correspond to specifications which include large
tirms with 250 or more employees; and purple markers correspond to specifications for
tirms with fewer than 250 employees.

The results indicate strong sign alignment on treatment effects across the BICS and
DMP. For specifications with all firms, 80% of coefficients agree on sign and lie in the
top-right or bottom-left quadrants of the figure. The alignment is even stronger for large
tirms, where we find agreement in 93% of specifications. Meanwhile, for smaller firms
we find agreement in around 60% of specifications. In general, agreement across data
sources is consistently lower for smaller firms. One reason for this may be that larger
tirms are more likely to respond, on average, and therefore provide more consistent
estimates. In the BICS, all firms with 250 or more employees are included in the sample,

while firms with fewer than 250 employees are sampled using a random stratified design.
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Figure 7: Comparison of BICS and DMP average treatment effects
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Notes: Figure plots estimated BICS coefficients against DMP coefficients for the same outcome margin. Blue markers show
coefficient pairs for specifications across all firms; green markers show coefficient pairs for specifications of large firms (250+
employees) only; purple markers show coefficient pairs for specifications estimated on small firms (< 250 employees). The top-right
and bottom-left quadrants indicate coefficient pairs which agree on sign across the two surveys; the top-left and bottom-right
quadrants contain coefficient pairs which disagree on sign. Treatment effects agree on sign in 80% of specifications with all firms,
93% of specifications with large firms, and 60% of specifications with SMEs.

We conclude that the two surveys give consistent signals about the direction of firm
responses across a large majority of outcomes. This is particularly true for large firms,
which are likely to have the strongest effects on aggregate outcomes. The finding is
reassuring: it means that the real-time estimates available to fiscal and monetary poli-
cymakers would have pointed broadly in the same direction during the crisis, despite

differences in sampling frames, survey design and response populations.

6.2 Comparing real-time estimates to the “ground truth”

The ABS is the UK’s structural business survey and, unlike the DMP, is drawn from
the business register. We can therefore link the same firm-level APS energy shares to

ABS respondents and estimate the shift-share specification of equation (9) exactly as
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Figure 8: BICS and ABS average-effect comparison (baseline specification)
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Notes: The figure plots the standardised average effect of energy intensity on each outcome margin in the BICS (horizontal) against
the ABS (vertical), for the margins available in both surveys. Coefficients are estimated from the baseline shift-share specification
with firm and wave fixed effects, using firm-level APS energy shares. Markers are coloured by estimation sample: all firms, large
firms (250 or more employees) and SMEs. Points in the upper-right and lower-left quadrants indicate sign agreement. ABS
treatment effects are standardised for comparability with the BICS coefficients. Treatment effects agree on sign in 100% of
specifications with all firms, 64% of specifications with large firms, and 36% of specifications with SMEs.
we do on the BICS.2% This exercise benchmarks the real-time BICS estimates against
a near-universal, high-quality survey that became available only two and a half years
later. Because BICS outcomes are ordinal and ABS outcomes cardinal, we standardise
coefficients and compare their signs across the two surveys rather than their magnitude.

Figure 8 reports the comparison. In the pooled sample the two surveys agree on
the sign of the average effect for every common outcome.?! Agreement weakens once
we split by firm size, as we found for the BICS-DMP comparisons: the two surveys

agree on roughly two-thirds of margins for large firms (64%) and roughly one-third

20We restrict the comparison to BICS outcomes that have a direct counterpart in the ABS. The ABS is
annual, so we estimate average effects over the 2022 and 2023 waves.

2IThe outcomes for which we are able to provide a direct comparison across the BICS and ABS are
turnover, capital expenditure, stock levels, exports, imports, and redundancies.
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for SMEs (36%). The survey design suggests a likely culprit for this gradient. The
BICS rotates small firms in and out to limit response burden, while large firms receive
many consecutive waves (Section 3). SME coefficients are therefore estimated on thinner
panels, and their signs are more easily flipped by sampling noise. For the pooled and
large-firm estimates, where the BICS panel is densest, the real-time survey estimates
line up well with the ABS. These findings support the use of the BICS to track average
firm responses in real time. For pooled and large-firm averages, the agreement also
suggests that neither selective non-response in the voluntary BICS nor the categorical
nature of its responses drives the estimated direction of effects. The validation is weaker
for SME-specific estimates: with six comparable margins and a 36% sign-agreement rate,
the SME heterogeneity results rest more heavily on the BICS alone, and we flag them as
correspondingly less certain. The comparison also tests signs rather than magnitudes,

so it speaks to the direction of average effects rather than to their size.??

6.3 Out-of-sample application: the 2026 US-Israeli strikes on Iran

The 2026 US-Israeli strikes on Iran provide a real-time, out-of-sample test of the frame-
work. The shock differs from the 2021-2023 energy crisis in its origin, its primary fuel
and its transmission: where Russia’s invasion of Ukraine worked through European
natural gas markets over many months, the strikes on Iran produced a sharp rise in
global oil prices from 28 February 2026 onwards. We carried over the exact estimating
equation (9), the firm-level APS energy intensity measure E; and the linking pipeline
unchanged, re-defining only the treatment date and refreshing the exposure measure to
the latest pre-shock APS vintage (2023).23

The estimation sample comprises BICS waves 130-157, of which waves 153-157, cov-

ering February—April 2026, fall after the shock.?* For reference, BICS wave 157 had a

2In the online appendix, we also compare the coefficient estimates between the DMP and ABS. We find
stronger sign alignment for specifications with all firms (88%). Moreover, sign alignment is stronger for
large firms (75% of regressions) than small firms (62% of specifications).

23E; measures total energy intensity, so exposure to the primarily oil-driven 2026 shock is likely mea-
sured with error for firms whose energy mix is gas- or electricity-heavy, and the Iran coefficients may
be attenuated as a result. Decomposing exposure by fuel source, and incorporating indirect exposure
through input-output linkages, is the subject of ongoing work.

24Wave 153's reference period is 1-28 February 2026.
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Figure 9: Firm responses to the 2021-22 and 2026 energy price shocks
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Notes: Figure compares estimated treatment effects for the 202122 energy price shock (estimated over December 2021 to February
2022, matching the post-shock horizon available for the 2026 shock) and the 2026 oil price shock (estimated over late February to
late April 2026). Bars indicate 95% confidence intervals from industry-by-wave clustered standard errors. The estimates for the 2026
oil price shock are based on data up to April 2026.

reference period of 1-30 April, was in the field 18-31 May, was made available to users
on 4 June, and we obtained our cleared results on 17 June. This means we were able
to obtain our elasticity estimates within two months from the survey reference period.
Future estimates can be obtained on the same timescale.

As for the Ukraine shock, we use a 12-month pre-invasion period to assess pre-
trends. To compare like-for-like, we benchmark the Iran estimates against Ukraine-
shock coefficients estimated on a similarly-sized post-window (covering December 2021
to February 2022) rather than the full post-period used in our main estimates.

Figure 9 reports the comparison for all firms. The price margins respond consistently
across the two shocks: exposed firms report rising input prices and pass a substantial

part of the increase into output prices, with magnitudes similar to the equivalent horizon

of the Ukraine shock. The margins that differ do so in economically interpretable ways.
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Exposed firms report higher realised turnover in 2026, consistent with price-driven nom-
inal revenue growth,?® and build stock levels, consistent with precautionary stockpiling
under uncertainty about supply routes. By contrast, the forward-looking margins that
responded strongly to the sustained gas shock, output-price expectations and capital ex-
penditure expectations, show no significant response at this horizon. This is consistent
with firms interpreting the US-Iran conflict, and the resulting oil shock, as more tran-
sitory than Russia’s invasion of Ukraine (and the resulting gas shock). Pass-through is
again concentrated among smaller firms (Figure B.12 in the appendix).

This exercise demonstrates the central claim of the paper: a framework built for one
shock produced credible multi-margin estimates for a different shock, fuel source and
geopolitical context, within seven weeks of the reference period and with no modifi-
cation. Together with the survey cross-validation and the ex-post ABS benchmarking,
this completes the case that real-time firm-level shock evaluation is feasible with existing

statistical infrastructure.

7 Implications for policy design

The primary implication of this paper is that real-time, multi-margin estimation of firm
responses to economic shocks is feasible and replicable. The framework requires three
ingredients: high-frequency microdata with differential firm-level exposure to the shock,
a pre-registered analysis plan and a conceptual framework that gives the resulting coef-
ficients economic meaning. In the UK, these ingredients can be assembled from existing
ONS data products. Many other national statistical systems collect comparable data.
The validation exercises in Section 6 provide evidence that the real-time estimates are
reliable: they can be validated ex post by structural business surveys, they are consistent
across survey instruments and they produce sensible results when applied out of sample
to a new shock. Policymakers who invest in this data infrastructure can evaluate firm
responses to shocks as they unfold, rather than waiting one to two years for structural

surveys to be processed. Advances in open access to real-time data sources, combined

25 Appendix figure B.13 shows that turnover and price coefficients are highly positively correlated.
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with judicious supplementary surveys, will make this type of pre-planned, real-time
evaluation easier and eventually commonplace.?

The estimates themselves also have direct policy relevance. Even one year after Rus-
sia’s invasion, the direct energy price shock had not led to widespread exits for more
affected firms. But debt loads increased and firms built cash buffers, threatening long-
term firm survival. Large firms invested in capital to adapt to the shock and passed
through less of the input price increase, acting as “shock absorbers”. Small firms relied
more on stock levels, cash reserves and price pass-through. This implies that business
support in an energy crisis may need to be targeted to the specific needs of different
segments of the business population. When we cluster industries on their multi-margin
response profiles, we see that not all firms cope equally well. The observed heterogene-
ity forces policymakers to make their value judgements explicit: is the aim to help the
economy adapt as quickly as possible, or to provide aid to struggling businesses?

To make the heterogeneous estimates accessible, we have built an interactive web
tool at https://firmnarratives.trfetzer.com/. The tool allows users to explore the
estimated treatment effects by industry, firm size and adjustment margin, and translates
the industry-level coefficient vectors §s into written narratives in a variety of registers.

Our estimated responses also have implications beyond the immediate energy crisis.
A proportional carbon tax on energy inputs operates through a similar price channel
to the shock we study. However, three important differences may limit the direct ap-
plicability of our estimates. First, environmental taxation will generally allow firms to
prepare and adapt over a longer time horizon, particularly given the gradual nature
of conventionally proposed “climate ramps” (Nordhaus, 2007, Weitzman, 2007; Stern,
2008). Second, the uncertainty around future energy prices due to environmental taxa-
tion lies to a much larger extent within the control of policymakers (Bloom et al., 2007;
Bloom, 2009, 2014). Third, our energy intensity measure may not perfectly capture the
relevant exposure to a carbon tax: we document that direct energy expenditure is highly

correlated with both calorific measures and with wider indirect energy exposure at the

2In principle, any economic shock with differential firm-level exposure can be studied in this frame-
work, provided the national statistical system collects high-frequency administrative or survey firm data.
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industry level, but do not observe these measures at the firm level. Subject to these
caveats, our estimated short- and medium-run effects are informative of the behavioural
responses to targeted taxes and subsidies a large literature argues will be necessary on
the path to Net Zero (Acemoglu et al., 2012; Aghion et al., 2016; Acemoglu et al., 2023).

We provide the granular estimates to make such targeting possible.

8 Conclusion

We develop a replicable framework for estimating near-real time firm responses to eco-
nomic shocks. It estimates a pre-registered shift-share design on high-frequency admin-
istrative and survey microdata and interprets the resulting multi-margin coefficient vec-
tors as entries of the comparative-statics Jacobian of firms” optimal-response functions.

Applied to the 2021-2023 UK energy price shock, the framework reveals that affected
tirms passed through cost increases, built cash reserves and shifted towards homework-
ing. Administrative data show no aggregate employment decline; the adjustment on
the extensive margin was concentrated in increased exit among energy-intensive small
tirms, alongside modest employment reductions in large firms. Responses were highly
heterogeneous: small firms drove price pass-through while large firms drove capital
investment. When we estimate coefficients for small industry cells and cluster across
response margins, we uncover distinct firm-adaptation archetypes that differ systemati-
cally in production technology, market structure and management quality.

Three validation exercises support the reliability of the real-time estimates. Our esti-
mates are consistent across the two main survey instruments available to UK policymak-
ers. They also align with the structural business survey published 30 months later. And
the framework produces sensible estimates when applied out of sample to the 2026 Iran
shock. This last exercise demonstrates that the approach is not specific to the Ukraine
energy crisis but generalises to new shocks in new contexts.

More broadly, we show that real-time, multi-margin, heterogeneous estimation of
firm responses to economic shocks is feasible with the data infrastructure that already

exists in many national statistical systems. The approach is replicable in any setting with
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high-frequency administrative or survey data at the firm level and variation in shock
exposure. Policymakers who invest in linking and exploiting these data products can
evaluate shocks as they unfold and design targeted support with little delay. The energy-
crisis estimates also provide granular estimates that are informative for the design of

carbon taxes and business support on the path to Net Zero.
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A Mapping derivatives to estimates

This appendix spells out the derivative map in more detail. Let

dxit . du;ft
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*

From the measurement map y;; = M (x;, u};, T;¢), the total derivative is

T, = dyi

it = - Mint + MuHit + MT~ (10)
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From the optimal-response function u}, = h(x;;, ¢, T;y) and state recursion x; ;11 = g(xi, u};, Tit):

Hiy = hyEip + he, Eit41 = §x8ir + uHir + &1 (11)

Observed reduced-form derivatives therefore combine direct effects, endogenous re-
optimisation and dynamic state propagation. Take inventories as an example:
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where g;; denotes production and §;; denotes sales, holding beginning-of-period inven-
tories n;; fixed.

For continuation outcomes, if

Pits1 = R(Cit11,bit41,---), Pr(survival; ;1) = S(ciri1,bipr1,Kitr1,---),
then dpi i1 dei i dbi 11
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To link this map to the stacked empirical object, define branch-specific sector vectors
- N N /
By = (Bstbs -/ Bsmo) -
Under standard linearisation and branch-specific regressor scaling,
By, ~ Dy T, (13)

where T is the average sector derivative vector and D, is a diagonal matrix of scaling
constants that absorbs normalisation differences across branch definitions. With contin-
uous energy intensity, D, is approximately the identity; with a binary indicator (above
or below the within-industry median), each diagonal element rescales the corresponding
derivative by the local difference in mean exposure between treated and control firms.
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B Figures and tables

Figure B.1: Distribution of industry group average energy intensities by
employment size-band
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Energy intensity by industry division

Notes: Figure plots the distribution of industry group average energy intensities separately by employment size-band. Energy
intensity is measured as the share of energy expenditure in total purchases for intermediate consumption from the APS.



Figure B.2: Gross calorific tones of energy used compared to APS energy
intensity measure by 2-digit industry

Log energy intensity (APS)
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Notes: Figure plots the gross calorific tonnes of energy used by each 2-digit SIC industry, taken from the ONS environmental
accounts on energy use by industry, source and fuel, against the survey-based APS energy intensity measure that we use in the
analysis. Each point represents a 2-digit industry.
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Figure B.3: Indirect energy intensity against direct energy intensity mea-
sure

Indirect energy intensity from input-output tables
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Notes: Figure plots the direct energy intensity measure that we obtain from the APS against indirect energy intensity from
input-output relationships and embodied energy intensity in intermediate good consumption.
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Figure B.4: Energy intensity in the APS against BACS transaction energy
intensity

Log energy intensity from industry payment flows
(BACS direct debit and credit payments)
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Notes: Figure plots the energy intensity from the survey-based measure that we use across industries on the horizontal against a
payment-flow based energy intensity measure that can be derived from industry-to-utility transaction level payment flows data. We
observe that the survey based measure and the transaction-level data are highly correlated.

47



Figure B.5: Prices of gas and electricity purchased by non-domestic con-
sumers in different consumption bands in the United Kingdom

Gas (pence/kWh)
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Notes: The date come from "Non-Domestic Energy Prices” statistics published by the Department for Energy Security and Net Zero
on 28th March 2024. The prices include the Climate Change Levy (CCL) equivalent to 0.7p/kWh for electricity and 0.4-0.7p/kWh
for gas. The CCL does not affect the relative trends between the consumers of different size bands. For gas, very small consumption
corresponds to annual consumption less than 278 MWh, small - 278-2,777, medium - 2,778-27,777, large - 27,778 - 277,777, very large
- 277,778 - 1,111,112. For electricity: very small corresponds to annual consumption of 0-20 MWh, small - 20-499, small/medium -
500 - 1,999, medium - 2,000 - 19,999, large - 20,000 - 69,999, very large - 70,000 - 150,000, extra large - > 150,000.
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Figure B.6: Relationship between energy expenditure share and direct

energy mitigation measures

Took at least one of these actions
Switched electrical equipment to standby or off
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Notes: Figure shows the coefficient of energy intensity in a cross-sectional regression of firms’ responses to the question “What
actions, if any, has your business taken to reduce energy costs in the last three months?” in Wave 75. Each response is coded as zero
if a business has not reported taking this action and one if it has. We cannot distinguish non-response to the question from
reporting not taking this action. We control for the firm’s employment size band, 5-digit industry and region. Standard errors are
clustered by 2-digit industry.
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Figure B.7: Relationship between energy expenditure share and self-

reported impacts of the energy price rise.

Had to pass on price increases to customers
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Notes: Figure shows the coefficient of energy intensity in a cross-sectional regression of firms’ responses to the question "How has
your business been affected by recent energy price rises?” asked every 2 waves between Waves 52 - 89. Each response is coded as
zero if a business has not reported taking this action and one if it has. We can’t distinguish non-response to the question from
reporting not taking this action. We control for the firm’s employment size band, 5-digit industry and region. Standard errors are
clustered by 2-digit industry.
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Figure B.8: Dynamic effects for key margins of adjustment, by firm size
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Notes: Each panel plots dynamic treatment effect coefficients of energy intensity for one outcome margin, estimated separately for
all firms, large firms (250+ employees) and SMEs (< 250 employees). Effects are estimated from the baseline specification with firm
and wave fixed effects. Standard errors are clustered by wave and two-digit SIC industry. 95% confidence bands indicated.



Figure B.9: Average coefficients by firm size: baseline outcomes
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Notes: Each axis represents a different adjustment margin. Values show the standardised estimated average treatment effect of
energy intensity on that margin for all firms, large firms (250+ employees) and SMEs (< 250 employees). Effects are estimated from
the baseline specification with firm and wave fixed effects. The shaded areas connect the estimated coefficients across margins to
illustrate the response profile of each firm size group.
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Figure B.10:
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The corresponding profiles for manufacturing and accommodation and food services are shown in Figure 6.
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Figure B.11: Cluster archetypes
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Notes: Figure shows the average treatment effect along each outcome margin for each of the six clusters identified by the k-means algorithm. Clusters are formed by grouping
industry divisions on the vectors of industry-level treatment effects s, as described in Section 4. Table B.2 lists the industry divisions assigned to each cluster and Table 5 summarises
their characteristics.



Figure B.12: Responses to the 2022 and 2026 shocks, by firm size
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Notes: Each axis represents a different adjustment margin. Radar plots show estimated treatment effects for all firms, large firms
(250 or more employees) and SMEs, for the 2021-2022 shock (matched December 2021 to February 2022 window) and the 2026
shock. The red circle marks zero. Specification as in Figure 9. The estimates for the 2026 oil price shock are based on data up to

April 2026.
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Figure B.13: Scatterplot of industry-level output price and turnover re-
sponses, 2026 shock
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Notes: Scatterplot of industry-level output price and turnover treatment effects, from the 2026 shock. The
estimates for the 2026 oil price shock are based on data up to April 2026.
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Table B.1: Average treatment effects for firms’ survival in the LBD

Estimate
Survival (LBD) (¢ Treatment x Energy intensity)
all large sme

Log employment (LBD) ¢ 0.0186  -0.0615***  0.0422***
se (0.0177)  (0.0212)  (0.0149)
R? 0.985 0.985 0.979
N 299650 69542 230000

Local sites (LBD) ¢ -0.0718 -1.988 0.0439
se  (0.497) (2.137) (0.0400)
R? 0.964 0.963 0.920
N 285430 67684 217580

Survival (LBD) ¢ -0.0926**  0.00806  -0.100***
se  (0.0224) (0.0233)  (0.0226)
R? 0.632 0.651 0.637

N 299790 69542 230141

Notes: Table represents estimated treatment effects with firm and quarter fixed effects. Standard errors are
reported in parentheses. Stars denote statistical significance obtained from estimating clustered standard
errors by 2 digit industry with stars indicating *** p<0.01, ** p<0.05, * p<0.10
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Table B.2: Division cluster assignment

Cluster 1
Manufacture of beverages

Civil engineering

Accommodation
Computer programming, consultancy and related activities

Information service activities
Real estate activities
Activities of head offices; management consultancy activities
Architectural and engineering activities; technical testing and analysis
Office administrative, office support and other business support activities
Other personal service activities

Cluster 2
Manufacture of food products
Manufacture of chemicals and chemical products
Manufacture of basic metals
Manufacture of fabricated metal products, except machinery and equipment
Manufacture of machinery and equipment
Manufacture of other transport equipment
Repair and installation of machinery and equipment
Water collection, treatment and supply
Waste collection, treatment and disposal activities; materials recovery
Construction of buildings
Specialised construction activities
Wholesale and retail trade and repair of motor vehicles and motorcycles
Wholesale trade, except of motor vehicles and motorcycles
Retail trade, except of motor vehicles and motorcycles
Land transport and transport via pipelines
Warehousing and support activities for transportation
Postal and courier activities
Food and beverage service activities
Publishing activities
Legal and accounting activities
Rental and leasing activities
Employment activities
Security and investigation activities
Services to buildings and landscape activities
Education
Human health activities
Sports activities and amusement and recreation activities

Cluster 3
Other mining and quarrying
Manufacture of textiles
Manufacture of wood products and cork, straw and plaiting
Manufacture of paper and paper products
Manufacture of rubber and plastic products
Manufacture of other non-metallic mineral products
Manufacture of computer, electronic and optical products
Manufacture of electrical equipment
Manufacture of motor vehicles, trailers and semi-trailers
Other manufacturing
Telecommunications
Travel agency, tour operator and other reservation service activities
Libraries, archives, museums and other cultural activities

Cluster 4
Manufacture of basic pharmaceutical products and preparations
Manufacture of furniture
Motion picture, video, television, sound recording and music publishing
Other professional, scientific and technical activities
Creative, arts and entertainment activities

Cluster 5
Printing and reproduction of recorded media

Cluster 6
Scientific research and development
Advertising and market research

Note: Additional tables and figures are available in the online appendix at https://
firmnarratives.trfetzer.com/. These include: energy intensity descriptives and cross-
sectional regressions; additional coefficient distributions across industries; k-means ex-
cluded industries; average treatment effects under the full menu of increasingly demand-
ing fixed effects specifications (for all firms, large firms and small firms separately); and
average treatment effects at different post-treatment windows (for all firms, large firms
and small firms separately). All estimates can also be explored interactively at the same

web address.
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