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Abstract

This paper develops a probabilistic approach to narrative identification. Traditional narrative

studies retain policy actions classified as exogenous and exclude the remainder from identifica-

tion. I instead assign each action a probability of exogeneity, allowing the broader policy record

to remain informative. Variation in this probability allows policy actions to be reweighted so

that the endogenous component cancels, recovering the component associated with exogenous pol-

icy. I construct these probabilities through a replicable mapping from policy documents using

large language models. Applied to the canonical tax-policy sample of Romer and Romer (2010),

the framework yields an estimated medium-run GDP contraction about two-thirds smaller than

under binary selection. I then extend the analysis to indirect taxation by constructing two new

datasets of U.S. budget and French VAT proposals. VAT illustrates how probabilistic identification

makes narrative analysis feasible when binary selection leaves too little credible identifying varia-

tion. Together, the applications reveal contrasting transmission patterns: U.S. tax increases lower

output and inflation, with similar consumption and investment contributions to the GDP decline,

whereas VAT increases initially raise prices and contract output, with consumption contributing

more than investment.
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Introduction

Identifying the macroeconomic effects of fiscal policy is difficult because policy actions respond to

current and anticipated economic conditions. A large literature addresses this identification problem

using restrictions on the dynamics of macroeconomic variables or external identifying information,

including instruments and narrative evidence (Ramey, 2016). Narrative identification exploits con-

temporaneous policy documents, including policymakers’ stated motivations, to isolate policy actions

that are plausibly exogenous to macroeconomic conditions. This approach has been applied across a

wide range of settings, including monetary policy, taxation, government spending, and oil-market dis-

ruptions (Friedman & Schwartz, 1963; Hamilton, 1985; Mertens & Ravn, 2012; Ramey, 2011; Romer

& Romer, 1989, 2010). Its implementation requires researchers to judge whether the documentary

evidence is sufficiently convincing to treat each policy action as exogenous to contemporaneous and

anticipated macroeconomic conditions.

In practice, however, researchers often face incomplete, ambiguous, or conflicting evidence in the

documentary record, leaving the case for exogeneity uncertain and open to interpretation. A tax

action may, for example, pursue a long-run reform objective while also reflecting concerns about

current economic conditions. Nevertheless, traditional narrative designs rely on a binary inclusion

decision, retaining policy actions for which the evidence is judged sufficiently convincing to support

an exogenous interpretation and excluding the remainder from identification. A demanding standard

retains only a few strongly supported policy actions, leaving limited identifying variation; a more

permissive standard broadens coverage but includes actions for which the case for exogeneity is less

clear.

The paper’s main contribution is to develop probabilistic narrative identification, a framework that

uses uncertainty about narrative classifications as information for identification. I complement the

framework with a document-based procedure that uses large language models to recover policymakers’

stated motivations and maps these motivations into narrative-support probabilities for individual policy

actions. The framework is particularly valuable for studying value-added tax (VAT), where infrequent

reforms and mixed motivations can leave little credible identifying variation under binary selection.

The identification argument starts from a distinction familiar from traditional narrative identifica-

tion: I represent each policy action as belonging either to an exogenous type or to a policy-response

type reflecting systematic responses to economic or fiscal conditions.1 However, the researcher does

not observe which type an action belongs to. The documentary record provides a probability p that the

action belongs to the exogenous type, which I refer to as narrative support for exogeneity. Intermediate

values of p therefore represent uncertainty about exogeneity. To give p this probability interpretation,

I assume that narrative support is calibrated in population: among policies assigned support p, the

fraction belonging to the exogenous type is p. Traditional narrative identification emerges as a special

case when a cutoff on p determines which actions are retained and the retained tax variation is assumed

to provide orthogonal policy variation.

To see how this probability object provides identifying information, consider its implications for

observed outcome–tax comovement. Reflecting the two unobserved policy types, this comovement

combines two components that cannot be observed separately: one associated with orthogonal policy

1For a causal interpretation, policy variation within the exogenous type is assumed orthogonal to other drivers of the
outcome. Traditional binary narrative identification imposes an analogous restriction on the policy variation retained
after classification.
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variation and the other with systematic policy responses. Traditional narrative identification isolates

the first component by treating policy actions classified as exogenous as a source of orthogonal policy

variation. The probabilistic framework instead uses the additional identifying variation in p to describe

how the two components enter observed outcome–tax comovement: the orthogonal component receives

weight p and the systematic component weight 1 − p. Different values of p therefore reveal different

weighted averages of the same two unknown components of outcome–tax comovement.2

The key idea is to combine these weighted averages in a way that eliminates the systematic-

policy contribution while preserving the orthogonal-policy contribution. With two distinct values of

p, for example, we have two weighted averages of two unknown comovement components, allowing

their contributions to be separated through appropriate reweighting. This reweighting also admits an

instrumental-variables representation: multiplying each observed tax change by a weighting function

w(p) produces an instrument for that tax change. This connects probabilistic narrative identification

to external-instrument methods widely used in applied macroeconomics (Stock & Watson, 2018).

Section 1 formalizes these restrictions and the identification argument.

The identification and estimation framework treats p as observed; in practice, I augment the col-

lected policy dataset with a measure of narrative support constructed from documentary evidence. I

develop a procedure that, for each policy, locates relevant passages in contemporaneous documents,

recovers policymakers’ stated motivations, and uses large language models to construct numerical

representations of the meaning conveyed by those motivations. Language-model representations are

particularly useful in this setting because narrative classifications often hinge on subtle contextual dif-

ferences in stated motivations and on ambiguities that simple lexical measures may not capture. Their

scalability also makes it feasible to conduct narrative analysis at the level of individual policy propos-

als, matching the unit of measurement to the level at which policies are stated and motivated. A fitted

classifier maps these representations into a measure of narrative support, whose probability interpreta-

tion rests on the population-calibration assumption stated above.3 The document-based measurement

procedure as a whole concentrates researcher judgment in a limited set of explicit choices, including

the motivation categories, language model, and calibration sample, rather than repeated case-by-case

classification decisions.4 The procedure is designed to make the measurement replicable while preserv-

ing an auditable trail from the underlying passages and stated motivations to each resulting support

score.5

I apply the framework to tax policy, retaining the full available policy record and using uncertainty

about narrative classification as identifying information. In the Romer–Romer benchmark, probabilis-

tic identification yields a substantially more muted medium-run GDP point estimate. I then broaden

coverage to individual U.S. budget proposals, including consumption and excise measures alongside

income taxes. The aggregate contraction is concentrated in income-tax proposals, while indirect taxes

make no similarly clear contractionary contribution. I therefore turn to VAT as a more clearly de-

fined indirect-tax instrument. VAT reforms are infrequent and often have mixed motivations, so a

2This interpretation requires within-type moment stability: the average outcome–tax moment within each policy type
does not vary with narrative support.

3The baseline classifier is a multinomial logit for policy-motivation categories.
4I assess how the empirical results change across alternative ways of measuring p, including varying the open-weight

large language model used to construct the representations. Because these measurements may share distortions, I also
use the sensitivity analysis of Armstrong and Kolesár (2021) to examine how large such distortions would need to be to
overturn the empirical conclusions.

5Exact numerical replication may still depend on the hardware used, as computations can differ slightly across
machines when generating outputs from fixed open-weight large language models.
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demanding binary selection rule can leave little credible identifying variation. Probabilistic narrative

identification keeps these reforms informative without requiring a sharp inclusion decision.

The constructed probabilities capture economically meaningful variation in narrative support for

exogeneity. I compare them with the narrative classifications of Romer and Romer (2010) and Cloyne

(2013), which provide external benchmarks for the document-based measure. In both samples, policies

classified as exogenous receive higher narrative support on average. In the Romer–Romer sample,

however, policies classified as exogenous receive average support of only 0.60, indicating substantial

residual uncertainty among the policies retained for identification.

Retaining the full available policy record and using uncertainty about narrative classification as

identifying information yields a substantially smaller estimated medium-run GDP contraction than

under traditional binary selection. In the Romer–Romer sample, for a tax increase equivalent to one

percent of GDP, the probabilistic specification yields a GDP point estimate of −0.78 percent after

two years, compared with −2.25 percent under the RR binary-selection benchmark using the same

macroeconomic outcomes and lag controls.6 When continuous narrative support is instead converted

into binary inclusion rules, one cutoff produces an estimate close to the RR benchmark, but the

magnitude of the medium-run contraction remains sensitive to the chosen threshold.7

I then combine a new granular policy dataset of U.S. budget tax proposals with probabilistic

narrative identification to study how tax composition shapes macroeconomic transmission. Different

tax instruments need not transmit through the same macroeconomic margins (Mertens & Ravn, 2013).

To preserve this instrument-level detail, I collect individual proposals from the annual federal budgets,

recording their projected revenue effects, implementation dates, and tax categories.8 Relative to

narrative series organized around major historical episodes, this broadens coverage of federal tax-

policy variation while preserving the composition of the reported proposals.9 I then augment this

policy dataset with a narrative-support measure for each proposal. Using the augmented dataset,

I apply the probabilistic framework to study individual tax instruments where a demanding binary

selection rule can leave little credible identifying variation. Together, the broader record and the

probabilistic framework allow me to assess which instruments contribute to the aggregate response,

including taxes outside the personal and corporate income-tax margins emphasized in earlier narrative

work.

I find that the contractionary aggregate response is concentrated in individual and corporate

income-tax proposals, while indirect taxes make no similarly clear contribution. Across this broader

policy record, the estimated response to a proposed tax increase equivalent to one percent of GDP

is a sizable output contraction accompanied by sustained medium-run disinflation: after two years,

GDP declines by 1.87 percent and inflation by 0.57 percentage points. Consumption and investment

make approximately equal contributions to the GDP decline after two years. Negative medium-run

6At two years, the smaller response mainly reflects a larger fitted squared-tax normalization. The comparison also
uses different control-fitting populations, as detailed in Section 5.

7This exercise applies traditional binary selection to the continuous support measure. The probabilistic framework
uses support directly and requires no inclusion cutoff. Section 5 discusses this comparison.

8The budget documents record tax proposals together with their contemporaneous rationales and reported implemen-
tation dates, following the spirit of Cloyne (2013). The analysis focuses on whether policy actions respond systematically
to macroeconomic conditions through their stated motivations. Anticipation between announcement and implementation
is a distinct identification issue (Leeper et al., 2013; Ramey, 2011) and is not addressed here.

9Unlike Romer and Romer (2010), which record major enacted tax changes, the budget dataset records administration
proposals at the individual-policy level. The two sources can overlap when a budget proposal is subsequently enacted,
but their units of observation and stages of the policy process differ.
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GDP point estimates for income-tax increases also emerge when other tax instruments are held fixed,

under stronger identifying restrictions. The U.S. federal record, however, combines selective excises

and levies affecting production as well as consumption. This leaves open how a broad consumption-tax

instrument shapes macroeconomic transmission.

To study consumption-tax transmission more directly, I construct a new long-run policy dataset of

French VAT proposals from 1960 to 2024 and combine it with UK VAT changes from Cloyne (2013).

VAT reforms are infrequent and often motivated by several competing objectives, so a demanding

binary selection rule can leave little credible identifying variation. A key empirical payoff of the

probabilistic framework is to retain these mixed-motive reforms without requiring a sharp inclusion

decision. VAT provides a more clearly defined indirect-tax instrument, with consumer prices and

household spending central to its transmission (Bachmann et al., 2026). The pooled UK–France

estimates show that VAT increases raise prices initially and contract output. Private consumption

makes a larger contribution than investment to the GDP decline after two years.

Taken together, the two applications highlight the importance of interpreting aggregate responses

in light of their tax composition. In the U.S. budget application, where the contractionary aggregate

contribution is concentrated in individual and corporate income-tax proposals, consumption and in-

vestment make approximately balanced contributions to GDP after two years and inflation declines.

For VAT, the contraction is instead more concentrated in private consumption and accompanied by an

initial increase in prices. These patterns are consistent with the different margins affected by income

and consumption taxation.10

Related Literature

Narrative and Macroeconomic Identification. This paper relates first to the literature identi-

fying policy shocks from time-series restrictions and the historical record. Structural VARs recover

shocks through timing, sign, or other model-based restrictions (Blanchard & Perotti, 2002; Sims, 1980;

Uhlig, 2005), while external-instrument methods use variables that are correlated with the target

policy shock and orthogonal to other structural innovations (Ramey, 2016; Stock & Watson, 2018).

Narrative approaches provide a distinct source of identifying information: contemporaneous records

are used to construct policy-shock measures that can enter estimation directly or serve as external

instruments. Foundational applications include monetary policy (Friedman & Schwartz, 1963; Romer

& Romer, 1989, 2004), oil and government spending shocks (Hamilton, 1985; Ramey, 2011; Ramey

& Shapiro, 1998), and tax changes (Cloyne, 2013; Romer & Romer, 2010). Recent work continues

to extend narrative identification to new settings, including global shipping disruptions and historical

tariff policy (Bini, 2025; den Besten et al., 2026; Känzig & Raghavan, 2026). Related work combines

sparse narrative shocks with additional time-series information (Barnichon & Mesters, 2025). This

paper extends traditional narrative identification by using uncertainty about narrative classifications

as information for identification.

Latent Components, Moment Recovery, and Constructed Instruments. The econometric

structure relates most directly to work that uses observation-specific probabilities of belonging to un-

10Simulations from the calibrated model of Trabandt and Uhlig (2011) illustrate this contrast. An equal mechanical-
revenue split between labor- and capital-income tax changes yields approximately balanced consumption and investment
contributions, whereas a consumption-tax change produces a more consumption-centered contraction.
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observed groups to recover group-specific moments. In mixture models with varying concentrations,

these mixing probabilities permit recovery of component moments through weights that need not be

positive (Doronin & Maiboroda, 2014; Liubashenko & Maiboroda, 2015; Maiboroda et al., 2013). The

same intuition applies here: groups of policy actions with different narrative support have different

proportions of exogenous and policy-response types. Under calibration and within-type moment sta-

bility, observed outcome–tax moments can therefore be combined so that the policy-response-type

moment cancels while the exogenous-type moment is preserved. Here, however, narrative support is

measured from documentary evidence, and its probability interpretation rests on maintained calibra-

tion. The resulting reweighting also admits an IV representation, with narrative support determining

the weights applied to the observed policy change. This connects more broadly to methods that con-

struct instruments from observed variation under additional restrictions, for instance restrictions on

heteroskedasticity (Lewbel, 2012; Rigobon, 2003; Rigobon & Sack, 2004). The same moment-recovery

argument yields both the constructed instrument and a conditional restriction that I exploit through

a finite set of unconditional moments (Chamberlain, 1987; Newey, 1990).

Text and AI in Economic Analysis. A growing literature uses text to measure economically rele-

vant objects that are not directly observed in conventional data (Ash & Hansen, 2023; Gentzkow et al.,

2019). Earlier applications use corporate disclosures to measure product-market similarity (Hoberg

& Phillips, 2016) and central-bank communications to measure monetary-policy information and de-

liberation (Hansen & McMahon, 2016; Hansen et al., 2018). More recent work uses language models

to recover structured information from economic documents, including labels, summaries, rationales,

and other features that would traditionally require human coding (Clayton et al., 2025; Jamilov, 2025;

Martell, 2025). Another strand uses model representations and probabilities as statistical signals for

classification, uncertainty assessment, and the construction of economic measures (Buckmann & Hill,

2025; Chen et al., 2026; Hartley, 2025). This paper combines these two uses. I first recover policymak-

ers’ stated motivations from contemporaneous fiscal documents and then use statistical representations

of those motivations to construct calibrated narrative support for exogeneity. The resulting measure-

ment strategy makes systematic narrative analysis feasible at the level of individual policy actions,

while preserving differences in their stated motivations and policy composition. These probabilities

then enter the identifying moments of the probabilistic narrative framework.

AI-Generated Measurements and Imperfect Moments. Because narrative support is gener-

ated from text, the paper relates to recent work on inference with variables constructed from un-

structured data (Battaglia et al., 2024; Carlson & Dell, 2025; Ludwig et al., 2026). This literature

emphasizes that generated measurements may contain systematic error and develops corrections when

validation data provide information about the target variable. Direct validation is more demanding

here because the target is a continuous probability of latent exogeneity, for which existing binary expert

classifications do not provide observed counterparts. Beyond assessing construction sensitivity, I draw

on corrected-moment methods (Evdokimov & Zeleneev, 2022) and approximate-moment sensitivity

analysis (Armstrong & Kolesár, 2021) to distinguish correction under an explicit measurement model

from robustness to departures from the identifying moments.
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Tax Transmission and Composition. The empirical applications connect to work on the macroe-

conomic effects of tax changes. Narrative evidence shows that tax increases are contractionary (Cloyne,

2013; Mertens & Ravn, 2012; Romer & Romer, 2010), while subsequent work emphasizes differences

across personal, corporate, and consumption taxes (Mertens & Ravn, 2013; Nguyen et al., 2021; Tra-

bandt & Uhlig, 2011). The U.S. application extends narrative tax evidence to a granular record of

routine federal tax proposals and uses measure-level information to characterize the tax composition

of the aggregate high-support response. This differs from Mertens and Ravn (2013), who separately

identify personal and corporate income-tax shocks to estimate tax-specific causal responses. The VAT

application also relates to evidence on the identification and measurement of consumption-tax shocks

(Riera-Crichton et al., 2016), VAT pass-through (Benzarti et al., 2020), and household consumption

responses (Bachmann et al., 2026; Cashin & Unayama, 2016). The new French narrative proposal

series, combined with UK VAT changes, links these indirect-tax margins to aggregate output, prices,

and consumption over a long historical sample.

The remainder of the paper is organized as follows. Section 1 develops the identification framework.

Sections 2 and 3 present the document-based measurement procedure and its implementation for

tax policy. Section 4 describes aggregation, estimation, inference, and measurement-error sensitivity.

Section 5 presents the external benchmarks and the Romer–Romer comparison. Sections 6 and 7 study

U.S. budget tax proposals and VAT reforms in the United Kingdom and France, respectively. Section 8

concludes.

1 A Probabilistic Model of Narrative Identification

The objective is to estimate the dynamic causal effects of discretionary tax-policy actions on macroe-

conomic outcomes using narrative evidence from policy documents. Let ∆τt denote the aggregate

tax-policy change recorded in period t, and let yt+h denote an outcome of interest at horizon h ≥ 0.

Consider the structural relation

yt+h = βh∆τt + εt+h,

where βh is the causal response to exogenous tax variation and εt+h collects other determinants of the

outcome. The identification problem arises because tax policy may respond systematically to economic

and fiscal conditions that also enter εt+h. Multiplying the structural relation by ∆τt gives

E(yt+h∆τt) = βh E(∆τ2t ) + E(∆τtεt+h).

The last term need not be zero when tax changes respond, for example, to economic activity, inflation,

fiscal pressure, or current spending decisions. Identification therefore requires separating outcome–tax

comovement associated with orthogonal policy variation from that associated with systematic policy

responses.

Traditional narrative approaches use contemporaneous documentary evidence to make this dis-

tinction, retaining policy actions judged sufficiently orthogonal for identification and excluding the

remaining variation. This strategy has proved influential in empirical work on tax policy, as in Romer

and Romer (2010), Mertens and Ravn (2013), and Cloyne (2013). The documentary record, however,

often leaves the case for exogeneity uncertain. Policy actions may combine several motivations, and

the available documents may provide stronger support for an exogenous interpretation for some ac-
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tions than for others.11 The framework below instead treats variation in documentary support for

exogeneity as identifying information. I first formalize traditional binary narrative identification as a

benchmark and then show how probabilistic narrative support can be used to separate the moments

associated with orthogonal and systematic policy variation.

1.1 Binary Narrative Identification

Traditional narrative identification maps documentary evidence into a binary inclusion decision: policy

actions are retained for identification when the documentary record is judged to provide sufficiently

convincing evidence that they are unrelated to current or anticipated macroeconomic conditions; the

remaining actions are excluded. Let 1{∆τt is retained} denote this decision.

The binary narrative decision can be represented schematically as a threshold rule on documentary

support. If pt indexes this support,

1{∆τt is retained} = 1{pt ≥ p̄},

for some cutoff p̄ ∈ (0, 1). Identification additionally requires the retained tax changes to satisfy

E[εt+h∆τt | pt ≥ p̄] = 0, h ≥ 0.

Binary narrative identification therefore combines a judgment about the documentary evidence with

an orthogonality restriction on the retained policy variation.

This representation highlights two implications of binary narrative identification. First, policy

actions below the cutoff do not contribute identifying information, even when the documentary record

provides substantial support for an exogenous interpretation that falls short of the cutoff. Second,

once the cutoff is crossed, residual uncertainty is set aside: retained actions are treated as providing

orthogonal policy variation. The probabilistic framework instead retains this variation in narrative

support as identifying information.12

1.2 Probabilistic Narrative Support and Policy-Response Moments

Traditional narrative identification relies on a binary inclusion decision that, for purposes of identifica-

tion, treats the policy type as resolved by the documentary evidence. A key element of the framework

is that the policy type remains unobserved, so that documentary evidence only provides probabilistic

information about type membership. Let ut ∈ {0, 1} denote the latent type of tax change ∆τt, with

ut = 1 denoting the exogenous type and ut = 0 the policy-response type reflecting systematic responses

to current or anticipated economic or fiscal conditions.13 The remaining uncertainty about policy type

is summarized by narrative support pt ∈ [0, 1].

Narrative support becomes informative for the macroeconomic relationship of interest through the

outcome–tax moment. At a given value of pt, this moment depends on two objects: the relative

11The same issue arises for other narrative instruments. For example, geopolitical motivations for defense-news shocks
may provide strong evidence against a domestic stabilization response without implying exogeneity with probability one
(Ramey & Zubairy, 2018).

12Appendix A.6 examines the trade-off between bias and sampling uncertainty under binary selection and probabilistic
identification, holding the policy series fixed.

13Appendix A.3 considers the stronger alternative in which a single tax-policy action contains both exogenous and
policy-response components and pt calibrates the latent exogenous share relevant for the outcome–tax moment.
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incidence of the exogenous and policy-response types, and the outcome–tax comovement within each

type. The restrictions below specify how narrative support relates to each.

Narrative-support calibration. To give pt a probability interpretation, we impose population

calibration:14

E(ut | pt = p) = Pr(ut = 1 | pt = p) = p. (1)

Calibration therefore determines how the two policy types enter the conditional outcome–tax moment:

at support p, the exogenous type has probability p and the policy-response type probability 1 −
p. However, the type-specific outcome–tax moments, E(yt+h∆τt | ut = j, pt = p), remain general

functions of p, for j ∈ {0, 1}.

Within-type moment stability. Recovering the two type-specific moments therefore requires re-

stricting how they vary with narrative support. To do so, I impose within-type moment stability: for

each horizon h ≥ 0 and all p in the support of pt,
15

E(yt+h∆τt | ut = j, pt = p) = E(yt+h∆τt | ut = j), j ∈ {0, 1}. (2)

In words, this restriction means that among actions of the same policy type, the average outcome–tax

moment should not vary systematically with narrative support. However, this does not mean that all

actions within a type need to have identical moments. A policy type may contain different subtypes

with different outcome–tax moments: for example, demand-management and spending-driven tax

actions may both belong to the policy-response type while having different average moments. Such

heterogeneity is compatible with the restriction, provided that it does not make the average outcome–

tax moment for the policy type vary with p.

When a policy type contains different subtypes, within-type moment stability constrains both the

moments within subtypes and their relative incidence.16 A natural, slightly stronger sufficient condition

is that the average outcome–tax moment within each subtype be stable across p and that changes in

subtype composition not alter the average moment for the policy type.

Support-indexed moments. Calibration and within-type moment stability can now be combined

to give a simple representation of the observed outcome–tax moment:17

E(yt+h∆τt | pt = p) = pE(yt+h∆τt | ut = 1) + (1− p)E(yt+h∆τt | ut = 0). (3)

Equation (3) is the central identifying relation. Narrative support determines the relative weight

placed on two fixed moments: the exogenous-type moment and the policy-response-type moment.

Different values of p therefore provide different weighted averages of these same two moments. At

14More generally, one could allow Pr(ut = 1 | pt = p) = g(p). The baseline imposes g(p) = p, giving p a direct
probability interpretation rather than merely an ordinal ranking.

15State dependence can be accommodated by imposing calibration and within-type moment stability conditional on
the observed state, provided sufficient support variation remains within states. Appendix A.2 shows how averaging the
recovered moments within the exogenous type preserves the baseline causal interpretation.

16Appendix A.1.1 formally derives this decomposition, separating variation in outcome–tax moments within subtypes
from changes in subtype composition across narrative-support levels.

17By iterated expectations over ut, equation (1) supplies the weights p and 1 − p, while equation (2) removes condi-
tioning on pt from the two type-specific moments.
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p = 1, the systematic-policy component receives zero weight and the support-indexed moment equals

the exogenous-type moment. Section 1.3 shows how variation in p can recover this moment without

requiring p = 1 to be observed.

Exogenous-type orthogonality. Finally, as in traditional narrative identification, giving the exogenous-

type moment a causal interpretation requires an orthogonality restriction. Here, I impose this restric-

tion on tax variation of the latent exogenous type:

E(∆τtεt+h | ut = 1) = 0, h ≥ 0.

This is the macroeconomic orthogonality restriction on the latent policy variation that narrative evi-

dence is intended to isolate.18

Normalization. The causal response per unit of tax change follows by normalizing the exogenous-

type outcome–tax moment by the corresponding squared-tax moment. The orthogonality restriction

gives E(yt+h∆τt | ut = 1) = βh E(∆τ2t | ut = 1). In the baseline, I recover the required squared-

tax moment by imposing the analogous within-type stability restriction on ∆τ2t and applying the

same support-indexed argument. Provided this moment is positive, the ratio of the exogenous-type

outcome–tax and squared-tax moments identifies βh.

1.3 Identification from Variation in Narrative Support

Variation in narrative support provides different weighted averages of the exogenous- and policy-

response-type moments, allowing the two to be separated. The case with two support values makes

the recovery of the orthogonal-policy moment transparent and leads naturally to an instrumental-

variables representation.

Two support values. Suppose pt takes two values, pL and pH , with pH > pL. Equation (3) then

implies

E(yt+h∆τt | pt = pL) = pL E(yt+h∆τt | ut = 1) + (1− pL)E(yt+h∆τt | ut = 0),

E(yt+h∆τt | pt = pH) = pH E(yt+h∆τt | ut = 1) + (1− pH)E(yt+h∆τt | ut = 0).

These are two weighted averages of the same type-specific moments. Solving for the exogenous-type

moment gives

1− pL
pH − pL

E(yt+h∆τt | pt = pH)− 1− pH
pH − pL

E(yt+h∆τt | pt = pL) = E(yt+h∆τt | ut = 1).

The weights preserve the exogenous-type moment while making the policy-response-type moment can-

cel. Importantly, neither support group needs to consist only of exogenous policy actions: identification

comes from their different probabilities of belonging to the exogenous type. The high-support moment

receives positive weight, while the low-support moment is subtracted to remove the systematic-policy

contribution.

18Calibration, within-type moment stability, and exogenous-type orthogonality are maintained identifying restrictions.
They are not directly testable because policy type is unobserved; orthogonality additionally involves the structural
disturbance εt+h.
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From two values to general support. When pt takes many values, replace the two group weights

by an observation weight w(pt) satisfying

E[w(pt)pt] = 1, E[w(pt)(1− pt)] = 0. (4)

The first condition gives the orthogonal-policy component total weight one, while the second gives the

systematic-policy component total weight zero. Applying these conditions to equation (3) gives

E[w(pt)yt+h∆τt] = E(yt+h∆τt | ut = 1).

The resulting weights preserve the moment associated with orthogonal policy variation and remove

the moment associated with systematic policy responses, just as in the two-value case. This argument

is closely related to estimators for mixtures with varying concentrations, which use known variation

in mixing probabilities and signed weights to recover component-specific moments and regressions

(Doronin & Maiboroda, 2014; Liubashenko & Maiboroda, 2015; Maiboroda et al., 2013).

Instrumental-variables interpretation. Applying the same weighting argument to the squared

tax change yields E[w(pt)∆τ2t ] = E(∆τ2t | ut = 1), under the corresponding moment-stability restric-

tion. The causal response can therefore be written as

βh =
E[w(pt)yt+h∆τt]

E[w(pt)∆τ2t ]
=

E[(w(pt)∆τt)yt+h]

E[(w(pt)∆τt)∆τt]
.

This is the familiar just-identified IV ratio, with the reweighted tax change w(pt)∆τt serving as an

instrument for ∆τt. The weighting representation therefore provides a direct link between probabilistic

narrative identification and external-instrument methods.

This representation also allows the same identification strategy to be used in other IV specifica-

tions. Under the corresponding relevance and orthogonality conditions, w(pt)∆τt can enter IV local

projections or serve as an external instrument in a structural VAR (Stock & Watson, 2018).

The recovery conditions in equation (4) do not uniquely determine w(·) when narrative support

takes more than two values. Different weighting rules can therefore recover the same population

moment. The next subsection develops the moment-condition formulation used for estimation and

shows how the baseline estimator selects a particular weighting rule.

1.4 Moment Conditions and a GMM Formulation

The preceding subsection shows how variation in narrative support can be reweighted to recover the

exogenous-type moment. I now express the same identification argument as moment conditions used

for estimation. Equation (3) implies that the outcome–tax moment is affine in narrative support:

E(yt+h∆τt | pt = p) = E(yt+h∆τt | ut = 0)︸ ︷︷ ︸
ah

+p [E(yt+h∆τt | ut = 1)− E(yt+h∆τt | ut = 0)]︸ ︷︷ ︸
bh

.

Thus, ah is the policy-response-type moment, while the p = 1 endpoint ah + bh is the exogenous-type

moment identified above. Write mh(p; θh) = ah + bhp, with parameter θh = (ah, bh)
′.
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The affine relation implies the following conditional moment restriction.19

E[yt+h∆τt −mh(pt; θh) | pt] = 0. (5)

Following Chamberlain (1987), multiplying equation (5) by functions of pt yields unconditional

moment conditions. For the baseline estimator, I project the conditional moment on (1, pt)
′, giving

E[(yt+h∆τt−mh(pt; θh))(1, pt)
′] = 0. Provided narrative support varies sufficiently, these two moments

identify ah and bh. The resulting just-identified GMM estimator is numerically equivalent to the OLS

projection of yt+h∆τt on a constant and pt. Viewed through the weighting argument of the preceding

subsection, this estimator selects a particular weighting rule that recovers the p = 1 endpoint.20

Applying the same construction to ∆τ2t recovers the exogenous-type squared-tax moment, so the ratio

of the two p = 1 moments yields βh.

The baseline moments do not exhaust the implications of equation (5). For any admissible instru-

ment function ϕ(pt), the conditional restriction implies E[(yt+h∆τt−mh(pt; θh))ϕ(pt)] = 0. The choice

ϕ(pt) = (1, pt)
′ is sufficient to identify the two affine coefficients but need not use the conditional re-

striction efficiently. Richer or optimally chosen instrument functions can in principle improve precision

(Chamberlain, 1987; Newey, 1990).21 I retain (1, pt)
′ as a parsimonious implementation that yields an

explicit endpoint-weighting rule and provides a common finite moment system for the measurement-

error and sensitivity analyses below. This choice is made for transparency and tractability rather than

efficiency.

The baseline identifying restrictions also determine how the outcome–tax moment varies with nar-

rative support: calibration and within-type moment stability deliver the linear relation in p derived

above. Relaxing these identifying assumptions generally allows the support-indexed moment to vary

nonlinearly with p. Such departures can be accommodated by allowing mh(p; θh) to take a more gen-

eral form, while retaining the conditional moment formulation above.22 Appendix A.5 characterizes

the identifying restrictions associated with departures from the linear benchmark.

1.5 Measurement Error in Narrative Support

The identification argument above treats narrative support pt as observed. In practice, the language-

model procedure developed below constructs a generated measure p̂t from policy documents. Discrep-

ancies between p̂t and pt can shift the support-indexed moments used for identification, particularly

when they reflect systematic features of the model, prompt, or document representation, or are related

to variables entering the estimating equations. Existing approaches address this problem by combining

generated measurements with trusted validation data to account for measurement error in downstream

19In the empirical applications, I impose the corresponding affine restrictions directly on the outcome–tax and squared-
tax moments formed from population residuals using the control projections in Section 4.2. These restrictions are
maintained for the residualized moments and do not follow mechanically from analogous restrictions on the unadjusted
moments.

20For the affine projection on (1, pt)′, the corresponding population weight is w(pt) = 1 +
(1−E[pt])(pt−E[pt])

Var(pt)
, which

satisfies the recovery conditions in equation (4).
21Conditional restrictions can also be exploited through larger collections of unconditional moments; see Carrasco and

Florens (2000). Expanding the instrument set, however, introduces a finite-sample trade-off rather than guaranteeing
better performance (Donald et al., 2009). I do not pursue instrument selection or efficient estimation here.

22In the empirical implementation, outcomes and tax changes are residualized on the controls included in each macroe-
conomic specification. Section 4.2 gives the corresponding two-step sample estimator, while Appendix C records the
application-specific samples and develops the corresponding estimation and inference procedures.
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inference (Battaglia et al., 2024; Carlson & Dell, 2025; Ludwig et al., 2026).23 These approaches are

more difficult to apply here because the relevant target is a probability of latent exogeneity, for which

trusted measurements are unavailable. Existing expert classifications provide a useful external bench-

mark for whether p̂t aligns with established binary narrative judgments, as examined in Section 5,

but they do not directly identify pt or the measurement-error distribution of p̂t. The analysis de-

scribed below therefore focuses on measurement error in the baseline moment system obtained from

the projection on (1, pt)
′.

In the absence of trusted measurements of latent support, I first assess how sensitive the results are

to alternative constructions of p̂t. These alternatives vary each step of the measurement procedure,

including the open-weight language models used to construct narrative support. Without further as-

sumptions, the resulting dispersion measures sensitivity to measurement choices, but does not reveal

how far the constructed probabilities are from latent support: baseline confidence bands capture sam-

pling uncertainty conditional on p̂t, but do not incorporate uncertainty from its measurement. Under

the additional assumption that the alternative constructions provide classical repeated measurements

of latent support, their differences can inform a correction to the baseline projected moments. I ex-

amine this benchmark using corrected projected moments in the spirit of Evdokimov and Zeleneev

(2022).

Comparisons across alternative constructions cannot reveal systematic measurement errors common

to all of them. I therefore complement these exercises by asking how large departures from the

maintained identifying moments would need to be to overturn the empirical conclusions, following

Armstrong and Kolesár (2021). The dispersion observed across alternative constructions provides

reference magnitudes for these departures, rather than bounds on remaining measurement error.24

2 Measuring Narrative Support for Exogeneity

The empirical task is to translate the qualitative evidence associated with each policy action into

action-level narrative support pi. I index individual policy actions by i; Subsection 4.1 aggregates

their scores into the quarterly pt used in estimation. I construct pi in three steps: recover the stated

motivations for the policy action from the relevant documentary record, measure how those motivations

map into economically defined narrative categories, and aggregate the resulting evidence into a policy-

level support probability. Section 3 specifies the choices used to implement this construction in the

tax applications. Figure 1 summarizes the construction.25

A policy action may have several stated motivations, some supporting an exogenous interpretation

and others indicating a response to economic or fiscal conditions. The measurement construction

preserves this mixed evidence rather than resolving it into a binary classification.

2.1 From Stated Motivations to Support Probabilities

I begin with the economically substantive step, mapping stated motivations into pi, before explaining

how those motivations are recovered from documents. A policy action can have several stated moti-

23Battaglia et al. (2024) also develop analytical and joint-estimation corrections when the upstream error process is
known, estimable from external information, or identified through a sufficiently specified measurement model. These
approaches likewise require information beyond the generated model outputs themselves.

24Section 4.3 describes the implementation, while Appendices C.7 and C.8 provide the assumptions and derivations.
25Online Appendix Figure OA.1 presents the full action-level implementation and subsequent quarterly aggregation.
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Documentary evidence
Policy documents

→ relevant passages
→ stated motivations

Economic taxonomy and calibration

Economic taxonomy
→ labeled synthetic motivations

Calibrated probability mapping

Motivations
→ narrative-category probabilities

Apply

Estimate

Narrative support

Support for exogeneity

pi ∈ [0,1]

Figure 1: Construction of narrative support. Documentary evidence supplies policy-specific stated
motivations. The economic taxonomy supplies labeled synthetic motivations for a calibrated proba-
bility mapping. Applying that mapping to documentary motivations yields category probabilities and
action-level narrative support for exogeneity, pi.

vations; I map each motivation separately into probability mass over a predetermined set of economic

categories and then aggregate the resulting support to the policy level. Mapping stated motivations

into support requires a well-defined set of economic categories against which the textual signal can be

interpreted (Ash & Hansen, 2023; Gentzkow et al., 2019). Let G denote these categories and Gexo ⊂ G
the subset whose stated rationales support an exogenous interpretation. Section 2.2 defines the tax-

specific taxonomy used in the applications. Given these categories, the empirical task is to map each

stated motivation M into probability mass over G,(
P̂c(M)

)
c∈G , P̂c(M) ≥ 0,

∑
c∈G

P̂c(M) = 1.

Language models are useful for this task because stated policy motivations can express subtle or

overlapping economic rationales that are difficult to capture with fixed dictionaries or surface-level

textual features. In the baseline implementation, a multinomial logit maps language-model represen-

tations of stated motivations into probabilities over the narrative categories. I estimate this mapping

using synthetic motivations generated with assigned category labels, then apply it to motivations re-

covered from policy documents. The economic taxonomy therefore determines the distinctions to be

measured, while the calibrated statistical model determines how strongly a stated motivation loads

on each category. Section 3.1 describes the calibration samples, language-model representations, and

statistical specification used in the applications.26

The support attached to motivationM is the probability mass assigned to the categories supporting

the exogenous type:

p(M) =
∑

c∈Gexo

P̂c(M).

For a policy action with several stated motivations, the baseline support pi averages their motivation-

level probabilities. This aggregation preserves mixed documentary evidence at the policy level: mo-

26Online Appendix OA.1.2.5 reports an alternative construction based directly on token-probability signals.
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tivations associated with systematic policy responses reduce support for the exogenous type, while

motivations associated with more orthogonal policy objectives increase it. Under the maintained

calibration interpretation, pi is support for assigning an action to the exogenous type, not a literal

exogenous fraction of its tax change.

2.2 Tax-Policy Taxonomy and Illustration

The tax applications illustrate this construction. I use the narrative taxonomy developed by Romer

and Romer (2010) and refined by Cloyne (2013). Its categories distinguish stated responses to economic

or fiscal conditions from motivations that support an exogenous interpretation.

The Cloyne taxonomy decomposes the policy-response component into economically distinct chan-

nels. Demand management and supply stimulus correspond primarily to responses to activity or

inflation; short-run deficit reduction responds to fiscal pressure; and spending-driven changes respond

to current expenditure decisions. Each category therefore corresponds to a different component of the

policy rule and to a potentially different source of bias. Long-run, ideological, external, and deficit-

consolidation motives instead provide support for assignment to the exogenous type. Figure 2 reports

the detailed category definitions and examples.

Figure 2: Narrative Classification of Tax Changes, Reproduced from Cloyne (2013)

The 1977 French VAT reform fixes ideas and illustrates the ambiguity that motivates this proba-

bilistic mapping. The reform was quantitatively important: it reduced the standard VAT rate from

20 percent to 17.6 percent, merged it with the intermediate rate, and carried a reported fiscal impact

of 8.5 billion francs, about 0.5 percent of GDP. It therefore provides substantial policy variation for

studying the macroeconomic effects of taxation, while its contemporaneous documentary record con-

tains both short-run stabilization and structural-reform motives. The retrieved documentary evidence
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is condensed into the following three stated motivations:

� Mitigate the rise in prices after the end of the price freeze: the measure aims to limit

the inflationary rebound likely to occur at the end of the price-freeze period by reducing the tax

burden on consumption.

� Complete a structural reform: the measure is the final step in a reform undertaken since

1969 to merge the standard VAT rate with the intermediate rate and reduce the number of VAT

rates.

� Fight inflation: the reduction of the rate is part of the broader government programme to

combat inflation by easing indirect taxation.

The first and third motivations concern current inflation and point toward demand management,

while the second describes a longer-run reform of the tax system. The construction retains this mixed

evidence through probabilities over the narrative categories. Subsection 3.1 reports the fitted mapping

for this example and the resulting support score.

2.3 Recovering Stated Motivations from Documents

The preceding subsection takes stated motivations as given. Recovering them is difficult when the

policy rationale occupies only a small part of a long documentary record. The procedure locates pas-

sages relevant to the policy action within its contemporaneous documents. Retrieval therefore restricts

the evidence available for motivation extraction to passages likely to contain the stated rationale for

the policy action; it does not itself classify the action. Semantic-distance retrieval is the baseline im-

plementation, but other auditable ways of locating the relevant evidence, including manually indexed

documents or model-generated document maps, could be used instead.

The retrieved passages are then converted into a short set of stated motivations. The language

model is instructed to recover only rationales supported by those passages and not to infer motivations

absent from the documentary record. This step has two roles. First, it isolates the substantive reasons

for the policy action from the retrieved text. Second, it expresses those reasons in a compact and

comparable form that can be mapped into category probabilities and manually audited against the

source passages. For the 1977 VAT reform, this stage produces the three motivations quoted above.

Traceability is maintained by preserving the evidence chain behind each score. Starting from

pi, one can recover the motivation-level category probabilities, the extracted motivations on which

they were computed, and the passages in the original documents supporting those motivations. The

calibration and aggregation choices used along this chain are recorded in the replication material.

This permits manual audit of the documentary basis of the score. The archived materials permit

reproduction of the probability construction and estimation conditional on the fixed motivation sets.27

Subsection 3.2 reports the embedding models, document segmentation, retrieval depth, extraction

prompts, and language models used in the applications.

The next section gives the tax-policy implementation. Section 4 then turns the resulting action-level

measures into quarterly inputs for estimation.

27Online Appendix OA.1.1.3 documents the coverage of the original extraction records.
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3 Measurement Implementation for Tax Policy

This section describes how I implement the probability mapping for tax policy, construct its documen-

tary inputs, and assess whether the recovered motivations are grounded in the source passages.

3.1 Synthetic Calibration and Probability Construction

Following Cloyne (2013), the economic distinction underlying the taxonomy can be represented schemat-

ically as

∆τi = ξi + r(yi, πi, bi, gi),

where yi denotes the state of economic activity, including relevant labor-market conditions; πi is

inflation; bi captures deficit or debt pressure; and gi captures current spending decisions. The function

r(·) captures systematic tax-policy responses to these conditions, while ξi denotes variation motivated

by objectives unrelated to them.

These category distinctions also clarify the within-type stability restriction in Section 1. The

scalar pi should measure support for exogeneity rather than differences in how the measurement pro-

cedure scores distinct policy-response motives. If deficit-, demand-, supply-, and spending-driven policy

changes receive systematically different support scores for reasons unrelated to exogenous membership,

and these channels have different outcome–tax moments, then pi also sorts the composition of policy-

response bias. The affine slope would then combine changes in the share of exogenous actions with

changes in the nature of the endogenous policy response, potentially distorting the p = 1 endpoint.

Estimating separate probabilities for the eight motives before aggregating them into pi helps place

these channels on a common scale and makes channel-specific differences in the scores observable.

Each extracted motivation is evaluated against the definitions of these eight motives. The definitions

are stated in fixed prompts, making the classification criteria explicit and reproducible. They can

be used either directly to score historical motivations or to generate labeled synthetic examples, as

described below.28

There are two ways to use the category prompts to extract a classification signal from a language

model. A direct approach examines how the model’s token-probability distribution changes when a

historical motivation is added to a category prompt.29 The baseline instead uses the category defini-

tions to generate synthetic motivations with known categories and estimates a probability mapping

from their language-model representations. Buckmann and Hill (2025) show that hidden states can

retain classification-relevant information that is not reliably revealed by a model’s generated answer,

and that simple statistical classifiers trained on these representations can match or outperform direct

prompting with relatively few labeled observations. Hartley (2025) similarly treats the mapping from

language-model representations to probabilities as an estimable component of economic measurement

and emphasizes the value of retaining probabilistic outputs when constructing aggregate indices.

The category prompts provide a compact semantic description of what each narrative category

includes and excludes. In the baseline construction, these definitions are used to sample a varied

collection of motivations for each category, following approaches that generate labeled text for down-

stream classification (Beck et al., 2026; Ye et al., 2022). The resulting samples allow the researcher

28The prompt templates are reported in Online Appendix OA.1.2.1.
29Online Appendix OA.1.2.5 describes this alternative.
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to inspect the motivations allocated to the different categories before estimating the probability map-

ping. By contrast, when classification is obtained directly from a prompt, the model’s interpretation

of the category remains largely implicit and may differ across models because their training produces

different representations of the same semantic distinctions.

I implement the probability mapping defined in Section 2.1 by estimating a multinomial logit of the

known synthetic category labels on the hidden-state representations. Coefficient shrinkage is selected

by stratified cross-validation to limit overfitting.30 Applying the fitted model to a historical motivation

yields probabilities over the eight categories. I sum the probabilities associated with exogenous policy

variation and, when an action has several motivations, average their support as described in Section 2.1.

The synthetic exercise calibrates probabilities over narrative categories. Interpreting their sum as a

probability of latent exogeneity additionally requires the population calibration condition in Section 1,

which the synthetic exercise cannot test because latent type is unobserved.

The synthetic calibration samples are constructed to span both clear and more ambiguous expres-

sions of each narrative category. I generate four types of motivations. Canonical examples closely

follow the category definitions, while institutional examples use the language and context typical of

fiscal-policy documents. Boundary examples introduce features associated with a nearby category

while preserving a clear primary motivation. Finally, mixed-motive examples include multiple stated

considerations but designate one category as primary. In the latter two cases, the additional consid-

erations remain in the text, while the primary motivation determines the label used to estimate the

probability mapping.

For each of these four designs, I generate three independently seeded calibration samples. Each

sample contains 70 motivations for each of the eight categories, for a total of 560 observations. This

produces twelve separate calibration samples. The Romer–Romer and Cloyne observations are not

used in their construction or in estimating the probability mappings and are reserved for external

validation.31

I estimate the probability mapping separately for each of the twelve calibration samples and each

of the three language-model representations. A given historical motivation therefore receives 36 prob-

ability estimates. The baseline averages across these estimates, reducing dependence on a particular

synthetic sample or representation model, while their dispersion provides a measure of sensitivity to

these choices. Appendix B reports holdout performance and agreement across sets and models.32 How

these alternative constructions enter the measurement-sensitivity analysis is discussed below. Reduc-

ing the hidden-state representations to 32 or 64 principal components additionally preserves policy

rankings, external-benchmark separation, and the main U.S. GDP and inflation responses.33

Table 1 applies the fitted mapping to the three motivations for the 1977 VAT reform introduced in

Subsection 2.2.

The first and third motivations load mainly on Demand Management and therefore contribute

primarily to the policy-response categories. The second places most of its probability mass on the

exogeneity-supporting Long Run and External categories. Aggregating across the three motivations

yields an interior policy-level support probability: 0.45 of the estimated probability mass supports the

30Online Appendix OA.1.2.3 provides the estimation details.
31Online Appendix OA.1.2.2 provides the generation instructions and examples; the complete synthetic samples are

included in the replication materials.
32Online Appendix OA.2.1 reports the construction audits.
33Online Appendix OA.2.2 reports this dimensionality check.
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Table 1: Calibrated Category Probabilities for the 1977 VAT Reform Example

Category M1 M2 M3 Overall policy prob.

Endo

Demand Management (DM) 0.76 0.00 0.81

0.55
Spending-Driven (SD) 0.02 0.00 0.01

Supply Stimulus (SS) 0.03 0.00 0.00

Deficit Reduction (DR) 0.01 0.01 0.01

Exo

Deficit Consolidation (DC) 0.10 0.09 0.13

0.45
External (EXT) 0.08 0.41 0.03

Ideological (IL) 0.00 0.01 0.01

Long-Run (LR) 0.01 0.48 0.00

Note: M1–M3 denote the price-freeze, structural-reform, and anti-inflation motivations, respectively, introduced in
Section 2.2. Each motivation column sums to one across the eight categories. The shaded cell marks the highest
category within each motivation. The final column reports probability mass assigned to the endogenous and exogenous
blocks after averaging across motivations.

exogenous interpretation, while 0.55 supports the policy-response interpretation.34

This interior score allows the reform to remain informative without classifying it as exogenous or

excluding it. Under the identifying restrictions in Section 1.3, differences in narrative support can

be used to reweight observed outcome–tax moments so that the policy-response-type moment cancels

while the exogenous-type moment is preserved. The score is therefore an input to this reweighting

across observations, not the weight itself; cancellation is a property of the combined moments, not of

this reform considered in isolation.

3.2 Document Processing and Motivation Recovery

Let qi denote a short description of the policy action indexed by i, and let Di denote the collection

of passages drawn from its contemporaneous policy documents. A text representation ψ(·) places the
policy description and document passages in a common semantic space. The baseline retrieval rule

retains the K passages closest to the policy description:

RK(qi;Di) =
K

argmin
d∈Di

dist{ψ(qi), ψ(d)} . (6)

Retrieval settings. In the applications, I implement equation (6) using corpus-specific text rep-

resentations. I use OpenAI’s text-embedding-3-large for the French VAT documents, OpenAI’s text-

embedding-3-small for the reconstructed Cloyne sources, and Google’s text-embedding-004 for the U.S.

budget documents. The Romer–Romer validation starts from edited narratives and therefore does not

require document retrieval. Documents are split into fixed-length chunks and the retrieval keeps the

ten most relevant passages.

I use the French VAT corpus to assess retrieval quality in this fiscal-policy setting. Each VAT

measure is manually linked to the Senate-report article discussing the corresponding budget-law pro-

34An alternative would use the separate category probabilities as controls in a tax-policy reaction equation. That
approach requires those probabilities and other relevant controls to capture systematic policy responses sufficiently
well that the remaining tax variation is orthogonal to εt+h. Here I instead use the category probabilities to construct
narrative support. Under calibration and within-type moment stability, variation in support recovers the exogenous-type
outcome–tax moment without requiring the policy-response-type moment to be zero.
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vision. Retrieval performance changes little across chunk lengths and retrieval depths. Among the ten

highest-ranked passages, the correct article is retrieved for between 97 and 100 percent of measures

across chunk lengths from 512 to 4,096 characters. With the baseline length of 2,048 characters, the

correct article is retrieved in 97 percent of cases, with an average of 5.2 of the ten passages overlap-

ping it.35 I do not have an analogous hand-linked benchmark for the U.S. and UK corpora. I expect

retrieval performance to be similar, although the appropriate settings may differ because annual U.S.

budget documents and UK fiscal and parliamentary records are structured differently from French

Senate reports.

Motivation extraction and representation. The retrieved passages are passed to the language

models with a fixed prompt asking for the government’s stated motivations for the tax change. The

prompt instructs the model to rely only on the retrieved excerpts, avoid adding interpretation, and

return at most three motivations in a uniform bullet-point format. The dynamic fields in the prompt

are the fiscal year, the tax type, and the policy description taken from the policy dataset.36

Baseline implementation. For each policy action, the retrieval rule retains the ten passages most

closely related to the policy description, and the baseline holds one extracted set of at most three

motivations fixed. Let Li denote the number of motivations retained for action i, and let p̂
(m,k)
iℓ denote

the support assigned to motivation ℓ using representation model m and calibration sample k. The

baseline policy-level score is

pi =
1

Li

Li∑
ℓ=1

(
1

36

3∑
m=1

12∑
k=1

p̂
(m,k)
iℓ

)
.

Each motivation is therefore evaluated under 36 representation-by-calibration mappings before the

motivation-level scores are averaged within the policy action. The baseline averages across represen-

tation and calibration choices, but not across alternative motivation extractions.

Model variation and replication. The hidden-state representation stage uses three open-weight

instruction-tuned models: Gemma-4B,Mistral-7B, and Qwen-9B. To assess whether the results depend

on motivation extraction, I separately retain twenty fixed-seed stochastic motivation draws from each

of Qwen-9B, Gemma-4B, and Mistral-7B. Holding retrieval fixed, I reconstruct policy-level support for

each draw and re-estimate the macroeconomic responses. These alternative extractions are retained as

an end-to-end sensitivity exercise rather than included in the baseline average. All retrieved passages,

prompts, outputs, model identifiers, hidden-state files, and probability-mapping settings are stored

so that each support score can be traced back to the source text, extracted motivations, calibration

sample, and model calls. Appendix B.3 separates variation across draw-averaged extraction models

from stochastic variation within a model. 37

35Online Appendix OA.1.1.2 reports the complete comparison.
36Online Appendix OA.1.1.3 reports the exact extraction instructions and the settings used in the open-weight extrac-

tion sensitivity exercise.
37Online Appendix OA.1.2.4 reports the exact Hugging Face repositories, pinned revisions, and runtime environment

used for replication.
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3.3 Grounding and Placebo Diagnostics

Because the support score is generated from text, reproducibility and agreement across alternative

constructions do not by themselves establish validity. Similar scores may reflect generic linguistic

patterns or model priors rather than the passages associated with the specific policy action. Errors may

enter through evidence retrieval, motivation extraction, or the subsequent probability construction.

The diagnostics below examine whether the extracted motivations are grounded in the retrieved policy

evidence.

The diagnostic builds on perturbation-based analyses of model behavior, which assess how outputs

change when selected parts of the input are altered or withheld (Feng et al., 2018; Prabhakaran et al.,

2019). The implementation is closest to Cohen-Wang et al. (2024): both vary which context sources are

included and approximate the resulting changes in the model output with a linear surrogate. Here, the

context sources are retrieved passages from policy documents, so the resulting contributions provide

evidence linking an extracted motivation to specific parts of the documentary record.

Marginal passage contributions. For a policy action with K retrieved passages, let vℓ indicate

whether passage ℓ is included when the extracted motivation is evaluated. I generate random passage-

inclusion patterns v = (v1, . . . , vK) while holding all other inputs fixed and use the linear approximation

logodds(v) ≈ b+

K∑
ℓ=1

wℓvℓ,

where the left-hand side is the sequence-level log odds assigned to regenerating the motivation. The

coefficients are estimated by OLS across the random inclusion patterns and summarize the contribution

of each passage. A positive wℓ indicates that including passage ℓ increases the model’s support for the

extracted motivation, while a coefficient near zero indicates limited dependence on that passage.

Placebo comparison. Positive passage contributions do not necessarily establish policy-specific

grounding. For each policy action, I therefore repeat the exercise after adding semantically unrelated

placebo passages drawn from the same document. I compare the contributions of the retrieved passages

with the empirical distribution of contributions assigned to the placebo passages. If a motivation is

grounded in the policy-specific evidence, the passages selected by retrieval should contribute more

strongly than unrelated text from the same documentary source.

Table 2 reports the passage-level contributions and placebo comparisons for the 1977 French VAT

reform.

I also apply a complementary event-level randomization diagnostic to the French VAT proposals.38

These diagnostics assess whether the extracted motivations are anchored in the documentary record.

They do not establish the macroeconomic identifying restrictions. They do not quantify how alterna-

tive support constructions affect the estimated macroeconomic responses; that sensitivity analysis is

described in Subsection 4.3.

This construction provides action-level support scores pi. Section 4 combines them with recorded

revenue effects for quarterly macroeconomic estimation.

38Online Appendix OA.1.1.5 formalizes this diagnostic and reports the results.
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Table 2: Passage-Level Attribution Coefficients for the 1977 VAT Reform

Retrieved segments (1–10)

1 2 3 4 5 6 7 8 9 10

M1 41.56 20.92 7.33 -0.24 -1.76 8.36 2.78 -0.69 -4.93 4.47

M2 18.82 -4.13 15.29 -4.56 0.25 1.20 1.93 -3.47 -0.51 -3.26

M3 2.88 8.99 1.19 0.76 -1.26 1.04 1.05 -1.40 -0.46 2.67

Note: M1–M3 are the three motivations introduced in Section 2.2, in the order quoted. Each entry reports the OLS
estimate of the corresponding passage’s marginal contribution to the sequence-level log odds assigned to regenerating
the motivation. The coefficients are estimated from 64 random inclusion patterns over ten retrieved and thirty placebo
passages. Shaded cells identify positive retrieved-passage coefficients that exceed every positive placebo coefficient for
the same motivation. The shading is a descriptive coefficient-level comparison; Online Appendix OA.1.1.5 defines a
complementary event-level randomization diagnostic.

4 Econometric Implementation

I combine the action-level support scores pi with the source-reported revenue effects ∆τi. Here t indexes

quarters: I first aggregate action-level information and then describe estimation and measurement

sensitivity using the resulting quarterly series.

4.1 Policy-to-Quarter Aggregation

Let At denote the set of policy actions assigned to quarter t. Each action has a source-reported revenue

effect ∆τi and a policy-level support score pi ∈ [0, 1]. The quarterly tax-policy measure is

∆τt =
∑
i∈At

∆τi.

When at least one action is recorded, the quarterly support index is the absolute-tax-weighted average39

pt =

∑
i∈At

|∆τi|pi∑
i∈At

|∆τi|
.

Under the conditional calibration restriction stated in Appendix A.4.1, pt is the expected share of

gross tax variation in the quarter that belongs to exogenous policy actions. Equivalently, it is the

probability that a randomly selected unit of gross tax variation comes from an exogenous action. It is

not generally the probability that the entire quarter belongs to a single exogenous type. Nevertheless,

pt = 1 retains the interpretation that all policy variation in the quarter belongs to the exogenous type.

I retain quarters without a recorded policy action and set ∆τt = pt = 0 in the estimation sample.

Because no policy action is observed, the maintained model does not give pt a latent-type interpretation

in those quarters. Setting pt = 0 is therefore a convention for completing the quarterly series, rather

than a statement that no-action quarters belong to the policy-response type. This convention is

nevertheless empirically consequential: it determines where no-action observations enter the affine

moment relation and may therefore affect the variation used to recover the moments evaluated at

p = 1. The fitted moment at p = 0 consequently reflects both no-action quarters and policy-action

39Appendix A.4.1 shows when action-level calibration carries through this aggregation and states the corresponding
within-type moment-stability conditions needed for identification with the quarterly support index.
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quarters receiving little support for exogeneity.

Appendix F assesses the importance of this convention by assigning alternative common values

between zero and one to no-action quarters and by estimating the relevant moments using recorded-

action quarters only.

4.2 Support-Indexed Moment Estimation

This subsection gives the sample counterpart of the support-indexed moment in Section 1.4. For each

horizon, I remove predictable variation in outcomes and tax changes using the controls in the empirical

specification, estimate affine numerator and denominator moments, and evaluate both at p = 1. The

application sections specify the samples, outcomes, horizons, and controls.

Estimation and inference. Fix a horizon h. Let Th denote the usable quarterly sample at that

horizon and let Dt = 1{|∆τt| > 0} indicate a quarter with nonzero net tax variation. Let Wt,h collect

a constant and the controls used in the application. I estimate the outcome and tax-change control

projections over quarters in Th for which Dt = 1:

γ̂y,h = argmin
γ

∑
t∈Th

Dt

(
yt+h −W ′

t,hγ
)2
, γ̂τ,h = argmin

γ

∑
t∈Th

Dt

(
∆τt −W ′

t,hγ
)2
.

The identifying restrictions are maintained for the population residuals corresponding to these projec-

tions, before the separate calendar-completion step described below. I then define zero-filled residuals

ỹEt,h = Dt

(
yt+h −W ′

t,hγ̂y,h
)
, ∆̃τ

E

t,h = Dt

(
∆τt −W ′

t,hγ̂τ,h
)
.

Thus the numerator and denominator observations

xt,h = ỹEt,h∆̃τ
E

t,h, zt,h =
(
∆̃τ

E

t,h

)2
equal zero outside quarters with nonzero net tax variation. The affine projections themselves use every

quarter in Th:

θ̂N,h = argmin
(a,b)

∑
t∈Th

(xt,h − a− bpt)
2, θ̂D,h = argmin

(aD,bD)

∑
t∈Th

(zt,h − aD − bDpt)
2,

where θN,h = (ah, bh)
′ and θD,h = (aD,h, bD,h)

′. No-action quarters therefore enter the second-stage

projections as zero moment observations located at the baseline completion pt = 0. This distinction

between the residualization and affine-projection samples is maintained at every horizon. Below I

suppress the superscript E on the zero-filled residuals for notational economy.

The estimated high-support response is

β̂h =
âh + b̂h

âD,h + b̂D,h

.

For the baseline U.S. application, inference uses a fully stacked Bartlett-HAC covariance for the control

projections and the joint affine numerator and denominator, with bandwidth Lh = max{4, h}. The
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VAT application likewise includes country-specific residualization coefficients in its fully stacked covari-

ance. The delta method is applied to each response ratio. The harmonized Romer–Romer comparison

uses its paired fully stacked covariance, including the separate binary and probabilistic residualiza-

tion coefficients. Appendix C records the application- specific implementation and provides the rank

conditions, long-run covariance estimator, and response variance.

For compactness below, collect the first-step and affine parameters in ηh = (γ′y,h, γ
′
τ,h, θ

′
N,h, θ

′
D,h)

′.

For later reference, let qt denote any candidate support value and define the four-dimensional

support-moment block

gSt,h(ηh; qt) =

 (1, qt)
′
[
ỹt,h∆̃τ t,h − ah − bhqt

]
(1, qt)

′
[
∆̃τ

2

t,h − aD,h − bD,hqt

]
 , (7)

where the residuals are evaluated at their estimated projection coefficients. For any complete support

sequence q = (qt) over the estimation sample, define

gSh(ηh;q) = Êh

[
gSt,h(ηh; qt)

]
.

The baseline sequence is p = (pt); an alternative evaluator, calibration sample, or motivation extraction

generates a complete alternative sequence p(r) = (p
(r)
t ).

4.3 Sensitivity to Measurement Error in Narrative Support

The document-to-support mapping can be varied along three dimensions: the motivations extracted

from the retrieved passages, the language model used to represent those motivations, and the synthetic

sample used to calibrate the probability mapping. I first examine how these choices affect support

scores and estimated responses. The baseline score averages across three representation models and

twelve calibration samples. For the U.S. budget application, a joint exercise retains all 3×20×3×12 =

2,160 extraction-model, extraction-draw, representation-model, and calibration-sample combinations.

These are alternative measurement constructions, not independent draws from a statistical model of

measurement error.

Narrative support does not enter the first-step control projections. Changing pt therefore leaves

the residualized outcome and tax-change sequences fixed. In the U.S. budget specification, it changes

the four affine support moments in gSt,h. The classical benchmarks and breakdown calculations below

concern this application. The separate VAT construction-sensitivity exercise uses the pooled VAT

specification and its own covariance procedure.

Corrected-moment benchmark. To ask what a classical correction would imply, write the mea-

sured quarterly score as pt = p∗t +et, where p
∗
t is latent narrative support. This benchmark additionally

assumes that et is conditionally mean zero and orthogonal to the variables entering the support-indexed

moments. Let ωt denote its conditional variance. The corrected support-moment block is

gS,ME
t,h = gSt,h(ηh; pt) + ωt(0, bh, 0, bD,h)

′. (8)
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The correction applies to the two moments in which support also enters as a weight (Evdokimov &

Zeleneev, 2022). Its derivation and the additional measurement assumptions are given in Appendix C.7.

I first apply the correction to the baseline average of 36 constructions. I then extend the bench-

mark to the average of all 2,160 constructions, additionally treating extraction variation as classical

measurement error. This extension changes both the measured support and the correction applied to

its moments. To distinguish these effects, I report the response obtained with the expanded average

before and after correction. The variance calculations allow dependence across constructions under the

appendix’s stated restrictions. Fully stacked inference uses the corrected scores, including variation

in the estimated correction statistic under the benchmark. Appendix D.2 reports both benchmarks

alongside the construction-sensitivity results.

Approximate-moment sensitivity. To assess remaining distortions, including those shared across

constructions, I allow the four identifying moments to deviate from zero and ask how large an adverse

deviation would need to be to change the empirical conclusion. Let Bh be diagonal, with entries equal

to the HAC standard deviations of the four support moments after accounting for the fitted control

projections. The sensitivity set allows

E[gSt,h(ηh,0; pt)] =
Bhδh√
nh

, ∥δh∥2 ≤M. (9)

The case M = 0 imposes exact validity of the baseline affine moments. Larger values permit greater

misspecification relative to the sampling variability of those moments. Following Armstrong and

Kolesár (2021), I construct pointwise confidence intervals allowing for the largest absolute local re-

sponse bias within each radius.40

I report separately the smallest radius at which the bias-aware 68% interval includes zero and

the radius at which the point response can reach zero. The first is zero when the baseline interval

already includes zero. For the response ratio, I distinguish the local linearized sign calculation from an

exact calculation within the specified moment perturbation, and check the fitted denominator before

interpreting a sign change.

The sensitivity radius describes how much the identifying moments are allowed to depart from zero,

but its magnitude is easier to interpret against observed measurement changes. I therefore calculate

the moment displacement induced by each alternative support construction and express it in the same

standardized units. Holding the baseline parameter estimate fixed, define the moment displacement

from construction r as

∆
(r)
h = gSh(η̂h;p

(r))− gSh(η̂h;p).

Its equivalent sensitivity radius is

M
(r)
h,eq =

√
nh

∥∥∥B−1
h ∆

(r)
h

∥∥∥
2
. (10)

Expressing observed measurement changes in these units provides a reference for interpreting the stress

test, without treating those changes as bounds on shared error.

40The baseline affine system is just identified and has no overidentification test. Even with additional moments,
non-rejection need not exclude local misspecification that biases the response. Armstrong et al. (2025) study adapta-
tion between restricted and more robust estimators; here I instead report sensitivity over posited bounds on moment
departures.
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The same displacement size can have different consequences depending on its direction. I measure

its endpoint relevance by directional alignment: the absolute linearized response change divided by the

largest absolute linearized change at the same radius. Alongside this local comparison, I report the re-

sponse re-estimated under each construction. Appendix C.8 defines the calculation, and Appendix D.2

reports the results.

5 External Benchmarks and the Romer–Romer Comparison

This section first evaluates the proposed narrative-support measure against external benchmarks and

then compares binary selection with probabilistic narrative identification in the Romer–Romer macroe-

conomic sample. The external exercises assess whether the measure preserves the ordering implicit in

expert narrative classifications; because latent type is unobserved, they do not test the population cal-

ibration condition maintained in Section 1. Using edited Romer–Romer narratives, I ask whether the

probability-construction stage assigns higher support to episodes classified as exogenous in the canon-

ical U.S. series. Using Cloyne’s UK tax data, I ask whether the full document-grounded procedure

aligns with an independent classification when retrieval, summarization, and motivation extraction are

all performed from policy documents.

Expert narrative classifications inevitably involve difficult judgment calls, particularly for episodes

with mixed or ambiguous motivations. Nevertheless, because the support measure is built from the

same semantic distinction between categories that underlies the narrative literature, one would expect

episodes classified as exogenous to receive stronger documentary support for exogeneity on average.

Establishing this relationship is what makes the probability object informative for the budget-document

application that follows.

5.1 Validation using the Romer–Romer narratives

This subsection applies the common procedure in Section 3 to the edited narratives used in Romer

and Romer (2010). It first asks whether the procedure assigns systematically higher exogeneity sup-

port to RR-exogenous episodes. The subsequent macroeconomic comparison then asks how retaining

probabilistic narrative information rather than applying the original binary selection rule changes the

estimated response.

By conditioning on the Romer–Romer narratives, this benchmark abstracts from document re-

trieval while preserving the summarization, motivation decomposition, and probability aggregation

stages of the framework. It therefore isolates the probability-construction stage before turning to the

macroeconomic comparison.

5.1.1 Setup

The Romer–Romer replication material documents 50 major federal tax changes in the United States

between 1945 and 2007. For each episode, the authors provide a detailed narrative discussion of the

motivations underlying the reform, drawing on contemporaneous sources such as presidential speeches,

budget documents, and Congressional records. Each narrative concludes with a classification of the

tax change as either exogenous or endogenous.
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To construct the benchmark validation task, I extract the narrative text describing each policy

episode and remove the portion in which the authors explicitly state and justify their classification.

In particular, I delete the sentence reporting the final classification along with the two immediately

preceding sentences, which often contain direct cues revealing the intended label.41 The resulting

edited narratives form the input to the validation exercise.

5.1.2 From edited narratives to policy-level probabilities

The edited RR narrative does not enter the benchmark as a single paragraph to be mapped directly

into a binary label. Instead, each edited narrative is first summarized into a set of stated motivations.

Because a single RR episode can contain several rationales, the same policy may generate multiple

motivations, each of which is scored separately. These motivation-level outputs are then mapped into

exogeneity probabilities and aggregated into a policy-level narrative-support probability.

The construction combines the probability mappings estimated across calibration sets and language

models as described in Subsection 3.1. Throughout this benchmark, the object of interest is therefore

the policy-level narrative support measure pi, rather than the output from any single mapping.

5.1.3 Probability validation against RR classifications

Table 3 reports the original Romer–Romer binary label and asks whether RR-exogenous episodes

receive systematically higher policy-level support. Mean support rises from 0.43 for RR-endogenous

episodes to 0.60 for RR-exogenous episodes.

Table 3: Average Narrative Support by Original Romer–Romer Classification

Class N Mean p

Endogenous 24 0.43
Exogenous 26 0.60
Difference (exo - endo) – 0.18

Note: Entries are computed from the 50 edited RR narratives. p is the baseline support probability averaged
across twelve calibration samples and three representation models.

Mean support of 0.60 among RR-exogenous episodes remains well below one and, under the main-

tained calibration interpretation, implies material uncertainty about latent type.42

5.1.4 Binary selection and probabilistic identification in the Romer–Romer sample

I next compare the traditional Romer–Romer binary design with the probabilistic framework. The

binary benchmark retains only tax amounts attached to actions classified as exogenous by Romer and

Romer. The probabilistic specification retains the broader set of RR tax actions and uses continuous

narrative support to recover the response evaluated at p = 1. Both use the same outcomes, lag

controls, timing, horizons, and HAC convention, but their control-fitting populations differ. The

binary benchmark is controlled OLS on all usable quarters, with selected tax amounts set to zero

41Online Appendix OA.3.1.1 provides examples.
42Online Appendix OA.3.4 relates intermediate probabilities to ambiguities in the original narratives, including current-

macro motives, spending-package dependence, and deficit or social-insurance financing. Appendix D.1 reports proba-
bilistic label-prediction diagnostics; Online Appendix OA.3.5 reports the training-leakage diagnostic.
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outside retained actions; its regression residuals are not set to zero. The probabilistic specification fits

the outcome and tax controls on recorded-action quarters and sets residual moment products to zero

elsewhere. The tax series also differ by design because exclusion of RR-endogenous amounts is part

of the binary identification procedure. This is a comparison of the two implemented designs, not a

replication of the published RR distributed-lag estimator or an isolated test of the role of continuous

support. For the probabilistic specification, the affine moment projections then use all usable calendar

quarters, with no-action quarters assigned the baseline completion pt = 0.

0 4 8 12 16 20
Horizon (quarters)

−3.0

−2.5

−2.0

−1.5

−1.0

−0.5

0.0

0.5

1.0

GD
P 

re
sp

on
se

 (%
)

GDP

0 4 8 12 16 20
Horizon (quarters)

−1.25

−1.00

−0.75

−0.50

−0.25

0.00

0.25

0.50

In
fla

tio
n 

re
sp

on
se

 (p
p)

Inflation

RR labels (binary, full-quarter OLS) RR policy record (probabilistic)

Figure 3: Traditional Romer–Romer Binary Selection and Probabilistic Narrative Identification

Note: The black line is controlled OLS on all usable quarters using the RR-label-selected tax series.
The blue line evaluates the probabilistic response at p = 1, using recorded-action control fits and
all-quarter affine moment projections with no-action support zero. Outcomes, lag controls, timing,
and horizons are common; control-fitting populations and tax series differ. Each response uses
its corresponding squared-tax normalization. Shaded areas are pointwise 68% confidence bands
from the jointly stacked HAC covariance, including control estimation and numerator–denominator
covariance.

Figure 3 shows a substantially smaller medium-run GDP contraction under the probabilistic frame-

work. At horizon 8, the RR selected-shock response is −2.25, compared with −0.78 for the continuous-

support response. The latter is about 65 percent smaller in absolute value. For inflation, the estimated

decline at horizon 8 is 0.22 percentage points under RR binary selection and 0.08 percentage points

under probabilistic identification. Both responses are expressed per one-percentage-point-of-GDP tax

increase. The paired 95 percent interval for the GDP difference, [0.11, 2.84], excludes zero under this

specification; the corresponding inflation interval includes zero. This inference conditions on the con-

structed support measure and does not establish that the difference is caused by correcting selection

bias.

The smaller GDP response reflects its normalization rather than weaker negative GDP–tax comove-

ment. Under the displayed moment scales, the probabilistic numerator is about 2.07 times as large in

absolute value, but its squared-tax denominator is about 6.01 times as large. The larger normalization

therefore outweighs the stronger negative comovement. Appendix D.1.2 reports the moment account-

ing. Because the averaging operators and control-fitting populations differ, these factors are numerical

accounting, not a scale-invariant decomposition of causal bias.

The central medium-run attenuation is stable across the 22 alternative action-level constructions of

narrative support: all produce a negative GDP response at horizon 8 that is smaller in absolute value
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than the RR selected-shock estimate. The complete response path is less uniformly ordered, and the

exact continuous endpoint is sensitive to how quarters without recorded actions enter the sparse RR

support projection. Appendix D.1.2 documents the harmonized comparison, Appendix D.1.3 reports

the construction diagnostic, and Appendix F reports the separate no-action completion exercise.

5.2 External Label Validation: Cloyne (2013) UK Tax Changes

The Romer–Romer exercise above isolates the probability-construction stage by starting from curated

narrative text. I next ask whether the same probability object remains informative in a more demand-

ing setting, where the relevant policy documents must first be reconstructed. Cloyne (2013) provides

a useful benchmark for this purpose. The dataset records individual UK tax changes, their revenue

effects and implementation dates, and an expert narrative classification of each change as endogenous

or exogenous.

The validation starts from Cloyne’s row-level tax workbook. The reconstruction preserves the 2,462

tax-change rows in the original file and maps them into 85 narrative events. For each event, I build

an event-level source base from contemporaneous UK fiscal and parliamentary materials, apply the

retrieval and summarization procedure described above, and extract up to three stated motivations

for each policy row. These motivations are then mapped into narrative-support probabilities. Because

Cloyne’s classification is also defined at the policy-row level, it provides a direct external label against

which to compare the resulting probabilities.

Table 4 asks whether rows classified as exogenous by Cloyne receive systematically higher support

than rows classified as endogenous.

Table 4: Average Narrative Support by Cloyne Classification

Class N Mean p

Endogenous 795 0.72
Exogenous 1,306 0.82
Difference (exo - endo) – 0.10

Note: Entries use 2,101 policy rows with usable Cloyne labels and complete probability inputs. No UK
macroeconomic outcome enters the probability construction.

The Cloyne validation provides evidence about ranking, not calibration in levels or exact recovery

of the binary labels. Cloyne-exogenous rows have average support of 0.82, compared with 0.72 for

Cloyne-endogenous rows. Support is high in both classes, however, and the two distributions overlap

substantially. Many Cloyne-endogenous rows receive high support because the reconstructed source

text contains mixed package-level motivations, or because Cloyne’s row-level classification incorporates

dependencies within a fiscal package that are not summarized by current-macro motives alone. The

relevant result is the ordering across the two groups rather than the ability to reproduce Cloyne’s

classification exactly. Appendix D.1.5 reports the corresponding one-variable label-prediction exercise.

Together, the two benchmarks show that the support measure preserves expert ordering when ap-

plied both to edited narratives and to reconstructed policy documents. The Romer–Romer comparison

additionally shows that resolving that information through binary selection can materially affect the

estimated macroeconomic response. I now use the resulting support measure to study tax transmission

and the margins through which high-support tax changes operate.
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6 Macroeconomic Effects of U.S. Budget Tax Proposals

I now apply the narrative identification framework to individual tax proposals reported in the annual

Budget of the United States Government. Relative to existing narrative tax series, these documents

provide substantially broader coverage of federal tax-policy proposals and retain the information needed

to distinguish individual measures before they are consolidated into major historical episodes. They

also contain the contemporaneous policy discussion needed to recover the administration’s stated

motivations for each proposal. I use these data to estimate the macroeconomic response to proposed

tax changes with high narrative support and to characterize the tax composition of the aggregate

response.

6.1 U.S. tax data and narrative support

Existing narrative coverage. The narrative tax dataset of Romer and Romer (2010) identifies

major federal tax changes in the United States over the postwar period. It covers large legislative

episodes, including major tax reforms, Social Security legislation, and federal highway funding acts.

The resulting series provides a well-defined measure of large, infrequent tax changes, but covers only

a subset of federal tax-policy actions and records their composition at a relatively aggregated tax-

instrument level.

Budget-based extension. I construct a complementary dataset from the annual Budget of the

United States Government over 1950–2024. These documents report the administration’s proposed

changes to federal taxation as part of the fiscal program submitted to Congress. For each fiscal

year, I extract newly proposed tax measures at the highest level of detail reported in the Budget,

retaining their estimated revenue effects and tax category whenever available. A proposed measure

may introduce a new tax provision or modify an existing one, for example through an extension,

acceleration, reduction, or expiration. The relevant observation is therefore the proposed policy change

relative to prevailing tax policy, rather than whether the underlying tax provision itself is new.

The resulting data provide a substantially broader record of federal tax-policy proposals than the

canonical narrative series and preserve the contemporaneous policy text needed to construct narrative

support. The main application below uses the measures proposed in the annual budget documents.

The budget-based and Romer–Romer samples differ both in coverage and in the stage of the policy

process at which tax changes are recorded. Romer and Romer record enacted tax changes, whereas

the budget data record proposals made by the administration to Congress. The two sources can

nevertheless overlap when a proposal reported in the Budget is subsequently enacted and enters the

Romer–Romer series, or when a later budget proposes a modification of a provision associated with

an earlier Romer–Romer episode. A single Romer–Romer episode may also correspond to several

budget proposals distinguished by tax instrument or proposed effective date. Relating the two sources

therefore requires a provision-level crosswalk rather than a mechanical match by law, date, or aggregate

amount.43

Table 5 summarizes the proposed tax measures extracted from the annual budgets. The six tax

categories follow the classifications used in the source documents rather than an ex post taxonomy

43Online Appendix OA.3.1.2 documents the clearest overlaps.
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imposed by the researcher. For each measure, I record the proposed effective date reported in the

Budget and assign the measure to the corresponding quarter. When no specific effective quarter is

stated, I assign the measure to the first quarter of the fiscal year. The resulting dataset therefore

describes changes in federal taxation proposed by the administration to Congress through the annual

budget process, rather than the universe of enacted federal tax legislation.

Table 5: Distribution of Proposed Tax Measures by Category (United States)

Tax Category
# Proposed
Measures

Individual Income Tax 371
Corporate Income Tax 361
Consumption Tax 238
Payroll / Social Insurance Tax 114
Other Receipts 89
Wealth Transfer Tax 17

Total 1190

Documentary evidence. The documentary corpus consists of the same annual budget volumes. In

addition to reporting the administration’s proposed tax measures and their estimated revenue effects,

the budgets discuss the fiscal program and the motivations underlying individual proposals. They

therefore provide a contemporaneous documentary record from which to recover the stated rationale

for the measures in the dataset. For each proposed measure, I use its label as the query against the

corresponding budget volume and retrieve the passages most closely related to the proposal. The

retrieved passages are then used to recover the stated motivations and construct narrative support

following the common procedure in Section 3.

Quarterly variation in narrative support. I aggregate the proposed tax measures and their

policy-level support scores to the quarterly frequency using the procedure in Subsection 4.1. This

produces a quarterly budget-proposal series and a corresponding narrative-support index, pt, which

enter the support-indexed moment estimator.

The macroeconomic specification uses the 1947Q1–2007Q4 calendar and four lags each of log GDP,

inflation, and the aggregate budget tax-policy measure. At each horizon, the outcome and tax measure

are residualized over quarters with nonzero net tax variation, with residuals set to zero elsewhere; the

affine numerator and denominator projections then use all usable calendar quarters. Appendix Table 13

records the complete specification.

Figure 4 reports the distribution of narrative support across quarters with budget-tax activity. The

1,078 matched measures correspond to 134 event quarters. Support is concentrated in the interior of

the unit interval: its mean is 0.58 and its median is 0.59. The budget data therefore contain substantial

variation in the strength of narrative support without naturally separating into fully exogenous and

fully endogenous policy episodes.

Figure 5 shows the quarterly proposed revenue effects together with narrative support. The upper

panel compares the budget-proposal series with the original Romer–Romer enacted exogenous tax

series. The budget series contains 133 non-zero quarters, compared with 45 in the Romer–Romer
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Figure 4: Distribution of Quarter-Level Narrative Support for U.S. Budget Tax Measures

Note: The figure uses U.S. budget measures with complete proposed effective dates, tax amounts, and
narrative-support scores that can be matched to the quarterly macroeconomic sample. Policy-level support
is aggregated to the quarter using absolute tax amounts as weights. The matched sample contains 134
quarters with budget-tax activity.

series, and the correlation between the two series is −0.03. The lower panel reports pt for the budget

event quarters. Narrative support varies substantially over time and is nearly uncorrelated with the

absolute size of the net quarterly proposed revenue effect, with a correlation of −0.04.

6.2 Aggregate effects and tax composition

Figure 6 reports the estimated responses of GDP and inflation to a proposed tax increase at high

narrative support, alongside the RR binary-selection benchmark. The budget estimates apply the

support-indexed moment estimator in Section 1.4 to the granular budget-proposal record. At horizon

8, GDP is 1.87 percent lower and inflation is 0.57 percentage points lower. The GDP response reaches

its largest decline of 2.24 percent at quarter 9, while the inflation response reaches its largest decline

of 1.27 percentage points at quarter 11. Thus, across this broader policy record, high-support tax

increases generate a sizable joint contraction in output and inflation.44

The peak GDP contractions are close in the two applications, while the budget point estimates

show a more pronounced medium-run decline in inflation. At horizon 8, GDP declines by 1.87 percent

in the budget application and 2.25 percent under RR selection, while inflation declines by 0.57 and 0.22

percentage points, respectively. The RR benchmark uses the binary-classified tax series from Figure 3.

This comparison describes responses across policy records that differ in coverage, tax composition

44Appendix F varies the support assigned to no-action quarters over the unit interval and separately estimates the
relevant moments using recorded-action quarters only. Across valid specifications, GDP remains negative at horizons 4,
8, and 12, and the medium-run decline in inflation is preserved. The large investment contraction reported below is also
preserved.
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Figure 5: Quarterly Budget Tax Proposals and Narrative Support

Note: The upper panel plots proposed revenue effects for the budget series and enacted tax changes for the
original Romer–Romer exogenous series, both expressed as a percentage of contemporaneous GDP. The
lower panel reports the quarter-level narrative-support index pt for quarters with budget-tax activity.
“nzq” denotes the number of non-zero quarters.

and proposal-versus-enactment timing. I next examine which tax categories account for the aggregate

budget contraction.
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Figure 6: U.S. Budget Tax Proposals and the Romer–Romer Binary-Selection Benchmark

Note: Orange curves report the budget-proposal responses evaluated at p = 1, as in Section 1.4. Black
curves report the Romer–Romer binary-selection benchmark from Figure 3. Both series are scaled to a tax
increase of one percent of GDP. Shaded areas show pointwise 68% HAC confidence bands.

The aggregate GDP response combines tax proposals across several instruments. To assess which

instruments account for the contraction, I decompose the aggregate support-indexed moment into

32



additive tax-category contributions. Let ∆τk,t denote the quarterly proposed revenue effect associated

with instrument k, so that

∆τt =
∑
k

∆τk,t.

For each instrument, I estimate the outcome–tax moment using the aggregate narrative-support index

pt and normalize the resulting contribution by the same tax-variation moment used for the aggregate

response. The contribution of instrument k at horizon h is

β̂add
k,h =

âk,h + b̂k,h

âallD,h + b̂allD,h

.

Because the decomposition uses a common support index and normalization, the contributions add to

the aggregate response:

β̂all
h (1) =

∑
k

β̂add
k,h .

These contributions characterize which tax instruments account for the estimated aggregate response

in the historical sample; they do not separately identify causal responses to each instrument.

Table 6 reports the aggregate response and its tax-category contributions at horizons 4, 8, and 12.

The medium-run GDP contraction is concentrated in individual and corporate income-tax proposals.

At horizon 8, they contribute −2.01 and −0.86 percentage points, respectively, while the aggregate

response is −1.87: other categories partly offset the income-tax contraction. At horizon 12, their

contributions remain negative, at −2.17 and −0.68. Together, income-tax proposals account for 58.7

percent of gross recorded tax changes. The final column measures this share using absolute GDP-scaled

projected revenue changes at the policy-action level, before quarterly netting; it describes the policy

mix, not tax receipts or identifying weights. These contributions therefore reflect both the instruments

represented in that mix and their outcome–tax moments. This exercise is distinct from Mertens and

Ravn (2013), who separately identify personal and corporate income-tax shocks to estimate tax-specific

causal responses.45

The indirect-tax contributions are less coherent. Selective excises and bundles contribute a small

decline, while energy, transport and other indirect taxes contribute positively at the main horizons.

The first group includes familiar selective excises, generic bundles, and rate extensions; the second

includes energy and producer-related taxes, transport measures, customs measures, and refunds. These

proposals concern different tax bases rather than a single household consumption-tax wedge. Moreover,

the record contains neither a broad federal VAT nor state and local sales-tax changes. The estimates

therefore show which instruments carry the contraction in the observed federal budget mix; they do

not show that consumption taxes are ineffective or that increasing them raises output. The separate

UK–France VAT application provides a more narrowly defined consumption-tax contrast.

An additional joint-instrument exercise in Appendix D.3 estimates responses holding the other

contemporaneous tax instruments fixed. Under stronger joint moment and exclusion restrictions, the

income-tax GDP point estimates remain negative, although corporate-income estimates are imprecise.

45Appendix D.4 compares the additive contributions and instrument-specific responses with binary selection at cutoffs
0.6, 0.7 and 0.8.
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Table 6: Tax Composition of the U.S. GDP Response

GDP contribution (percentage points) Gross tax-change

Instrument h = 4 h = 8 h = 12 share (%)

All-budget total
−1.04∗

(0.67)

−1.87∗∗

(1.05)

−1.77∗

(1.16)
100.0

Individual income
−1.21∗∗

(0.57)

−2.01∗∗

(0.96)

−2.17∗∗

(0.99)
36.4

Corporate income
−0.57∗

(0.35)

−0.86∗

(0.53)

−0.68∗

(0.44)
22.3

Selective excises and bundles
−0.08
(0.15)

−0.24∗

(0.19)

−0.12∗

(0.10)
10.6

Energy, transport and
other indirect taxes

0.70∗∗

(0.34)

0.91∗

(0.56)

1.10∗∗

(0.56)
16.1

Other low-support taxes
0.12
(0.16)

0.32∗

(0.25)

0.10
(0.22)

14.6

Note: Entries are additive contributions to the aggregate affine p = 1 endpoint for a proposed tax increase of one
percent of GDP. All categories use the aggregate support index and common tax-variation denominator, so their
contributions sum to the aggregate response up to rounding. Grey parentheses report fully stacked joint HAC
standard errors, including fitted control projections and numerator–denominator covariance. ∗ and ∗∗ indicate
that the pointwise 68% and 90% confidence intervals exclude zero, respectively. The final column sums absolute
GDP-scaled projected revenue changes at the policy-action level, before quarterly netting; these shares are not
realized revenue shares or recovery weights. Entries are not separate instrument-specific multipliers.

6.3 Macroeconomic transmission

The aggregate contraction involves substantial adjustments in both consumption and investment. Fig-

ure 7 puts their responses in common GDP-contribution units, multiplying each estimated percentage

response by its average nominal expenditure share in GDP. Investment falls substantially more than

consumption in percentage terms, but its smaller expenditure share makes their GDP contributions

comparable. At horizon 8, consumption contributes approximately −1.17 percentage points of GDP

and investment −1.14. Describing the contraction as investment-driven alone would therefore miss

the role of consumption. This fixed-share accounting is a first-order comparison, not an exhaustive

additive decomposition of GDP: other expenditure components and accounting differences remain.

The pattern describes transmission of the composite historical policy mix, not an instrument-specific

mechanism.

The income-tax-heavy composition of the aggregate endpoint provides useful context for the large

proportional investment response. Earlier narrative evidence also finds that personal, corporate, and

consumption taxes operate through different margins (Mertens & Ravn, 2013; Nguyen et al., 2021).

Simulations from the calibrated model of Trabandt and Uhlig (2011) illustrate how different tax wedges

can generate these contrasting expenditure patterns.46 The U.S. estimates should be interpreted as

the response to a composite of tax proposals, dominated at high narrative support by individual and

corporate income-tax proposals, rather than as a common effect across tax instruments.47

46Online Appendix OA.5 reports the comparison and its normalization choices.
47Online Appendix OA.4.2 reports additional expenditure components and comparisons with the Romer–Romer re-

sponses.
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Figure 7: GDP and Domestic-Demand Contributions at High Narrative Support

Note: The figure reports the p = 1 responses underlying Figure 6. Consumption and investment log
responses are multiplied by their sample-mean nominal expenditure shares, approximately 0.625 and 0.175,
to express first-order contributions in percentage points of GDP. GDP is shown in percent. The figure
displays point estimates; these expenditure contributions need not sum to the GDP response.

6.4 Sensitivity of the U.S. Estimates

Table 7 examines how the estimated responses change when narrative support is constructed differently.

I vary the motivation-extraction model, extraction draw, representation model and calibration sample

separately, and then vary all four components jointly. Among the individual components, GDP is most

sensitive to the extraction model, while calibration-sample variation is relatively more important for

inflation. Differences across representation models and repeated extraction draws are smaller.

Table 7: Sensitivity of U.S. Endpoint Estimates to Narrative-Support Construction

GDP Inflation

Construction varied N Median P90 Median P90

Motivation-extraction model 3 0.256 0.320 0.060 0.087
Stochastic extraction draw 60 0.067 0.149 0.032 0.089
Representation model 3 0.114 0.129 0.024 0.040
Calibration sample 12 0.098 0.179 0.097 0.130
All stages jointly 2,160 0.267 0.605 0.144 0.326

Note: Entries report absolute changes in the re-estimated p = 1 response. The reference is the baseline
construction except for stochastic extraction draws, which are compared with the corresponding extraction
model’s draw average. Each entry is the median across the horizon-specific statistics at horizons 4, 8 and 12; it is
not a quantile pooled across horizons. GDP is measured in percent and inflation in percentage points. N is the
number of constructions at each horizon. Rows vary one stage at a time except for the last row, which varies all
stages jointly. These are measurement-sensitivity comparisons, not independent draws or confidence intervals.

Joint variation changes magnitudes but preserves the central medium-run pattern. Across horizons

4, 8 and 12, the median absolute change is 0.27 percentage points for GDP and 0.14 percentage points

for inflation; the corresponding summaries of the 90th-percentile changes are 0.61 and 0.33 percentage

points. GDP remains negative at all three horizons across all 2,160 constructions. Inflation is less
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stable at horizon 4, where 75 percent of constructions retain the positive baseline sign, but is negative

in all constructions at horizons 8 and 12.

I next ask whether interpreting these constructions under the classical repeated-measurement

benchmark materially changes the estimated responses. The additional moment correction is small for

both measurement averages. This finding is conditional on the classical restrictions, not evidence that

total measurement error is small.

The measurement comparisons also help interpret the approximate-moment stress test. At horizons

4, 8 and 12, median GDP directional alignment ranges from 18 to 27 percent: observed construction

changes typically have a much smaller absolute local effect than the most consequential distortion of

the same standardized magnitude. This provides context for the stress test, without restricting the

direction of errors shared across constructions. Appendix D.2 reports the confidence and point-sign

breakdown thresholds.

7 The Indirect-Tax Contrast: VAT in the United Kingdom

and France

The U.S. decomposition indicates that the contractionary aggregate contribution is concentrated in

income-tax proposals. Although the budget record also contains substantial consumption and excise

variation, these measures are heterogeneous and do not isolate a coherent indirect-tax experiment. I

therefore turn to VAT policy changes in France and the United Kingdom as a more narrowly defined

indirect-tax application.

VAT reforms are sparse, often proposed as part of broader tax packages, and frequently justified by

several motives at once, including revenue needs, price stabilization, purchasing power, simplification,

and competitiveness. These features make binary narrative methods especially restrictive. Applying

the same support-indexed estimator to this specific tax base complements the broader U.S. budget

application.

The VAT application asks whether document-based probabilities can turn this mixed narrative

evidence into a macroeconomic object. A VAT increase raises the tax-inclusive price of consumption

goods and lowers household purchasing power, making private consumption a natural margin through

which the policy may affect domestic absorption. It may also generate a short-run inflation response

and an external offset through lower imports. The empirical question is therefore not only whether

VAT shocks reduce output, but whether the response has the mechanism one would expect from an

indirect tax.

The United Kingdom and France provide a natural two-country setting. Both have long postwar

VAT or VAT-equivalent histories and rich documentary records, while the United States does not have

a federal VAT. The pooled application estimates the response to a high-support VAT increase using

the same probability scale and GMM logic as the U.S. application.

7.1 VAT policy data and documentary sources

The French VAT data are built from the Voies et Moyens Tome I, the revenue annex to the annual draft

budget law. This source decomposes the projected change in tax revenues into mechanical growth in

the tax base, accounting-scope changes, the continuing effects of previous reforms, and newly proposed

36



measures. The application focuses on discretionary policy actions with direct macroeconomic content,

rather than spontaneous revenue movements or scope transfers. In the full French corpus, the budget

documents record 140 new VAT measures and 324 previous-measure entries. VAT is also quantitatively

important: in the 2024 budget documents it accounts for about 38 percent of gross central-government

tax revenues and about 6 percent of GDP.

The French proposals are assigned to their stated effective quarter or, when none is reported,

to the first quarter of the budget year. The UK measures retain Cloyne’s implementation dates for

announced budget measures. Source-reported revenue effects retain their sign and are scaled by the

country-specific GDP normalization used in the panel application.

The documentary corpus for the French side consists primarily of contemporaneous Senate finance

reports. These reports are useful because they discuss the budget articles in detail, record the gov-

ernment’s stated rationale, and often scrutinize the economic and fiscal consequences of the proposed

measures. For the VAT corpus, each measure can be linked to the Senate-report discussion of the

corresponding budget-law provision. This structure is used to audit retrieval quality in Subsection 3.2:

the document retriever locates the relevant discussion for almost all VAT measures among the top

retrieved passages. The extracted motivations are then mapped into the same robust support score

used in the U.S. application.

For the United Kingdom, I use the action-level tax data underlying the Cloyne application and

select VAT rows from tax-type and source labels containing VAT or value-added-tax language. The

UK and French probabilities are placed on the same robust hidden-state calibration scale, so the panel

uses a common support measure rather than country-specific binary classifications.

Table 8 summarizes the country-level inputs. The main VAT panel is the common UK–France

sample from 1955Q1 to 2007Q4. It provides variation in recorded VAT actions and narrative sup-

port for estimating an instrument-specific response, while preserving the same quarter-level support

construction across countries.

Table 8: VAT Policy Data Used in the UK–France Panel

Country Main documentary source Rows nzq Mean p p75 p90

France
Voies et Moyens Tome I;

Senate finance reports
122 39 0.71 0.81 0.88

United Kingdom
Cloyne action-level data;

Budget, Hansard, Treasury record
168 72 0.80 0.91 0.94

Note: Rows count VAT policy actions and nzq counts nonzero VAT quarters in the common 1955Q1–

2007Q4 sample. Support statistics are computed over nonzero VAT quarters after aggregating policy-level

probabilities with absolute tax-change weights.

Figure 8 reports the resulting quarter-level support distribution. The object is not a country-

specific binary label: event-quarter support is interior in both countries, with the UK distribution

shifted toward higher support and the French distribution retaining more mass in the middle of the

unit interval.
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Figure 8: Quarter-Level Exogeneity Support for VAT Policy Actions

Note: The figure plots the distribution of quarter-level support pV AT
ct for nonzero VAT quarters. Quarter-

level support is the absolute-tax-weighted average of action-level support among VAT measures assigned to

the same country-quarter.

The average support is high, especially in the United Kingdom. This is an empirical feature of the

VAT narratives rather than a requirement of the method. Identification uses variation in narrative

support and does not require many actions to receive probabilities close to one, or any action to be

treated as certainly exogenous. Observations near one reduce the extrapolation required to evaluate

the fitted moment at p = 1, but they do not substitute for calibration, support dispersion, and a

well-behaved normalization. The high average is consistent with the nature of the VAT policy record.

Many VAT changes are structural reforms of the tax system: introduction or coverage changes, rate

unification, simplification, European harmonization, or long-run revenue design. They are therefore

often documented as tax-design or fiscal-structure measures rather than as short-run stabilization

responses. The probabilities should not be read as saying that every VAT action is an ideal isolated

shock. They say that the stated motives often look closer to the exogenous/structural side of the

narrative taxonomy than to contemporaneous macroeconomic management. This distinction also

matters for Nguyen et al. (2021). The UK episodes they emphasize, including the VAT introduction

transition in 1973Q2 and the 1979Q3 rate unification, are not assigned low support in this calibration:

their quarter-level support is about 0.95 and 0.77, respectively. Their concern is therefore better

viewed as a concern about anticipation, tax packages, and the isolation of the VAT component within

broader consumption-tax measures, rather than as a prediction that these specific episodes should have

near-zero narrative support.

Figure 9 translates the VAT policy rows into the quarterly policy series used in the estimation. The

upper panels plot net quarterly VAT policy changes; the lower panels show the corresponding quarter-

level exogeneity support. This is the direct UK–France analogue of the U.S. construction figure, but

restricted to the VAT instrument.
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Figure 9: From VAT Measures to Quarterly VAT Policy Series in France and the United Kingdom

Note: The upper panels plot VAT policy rows aggregated to the country-quarter level, expressed as a

percent of GDP. The lower panels report the corresponding absolute-tax-weighted quarter-level support.

“nzq” denotes the number of nonzero VAT quarters in the common 1955Q1–2007Q4 sample.

7.2 Empirical design

The data are organized at the country-quarter level. In this subsection, ∆τict denotes the source-

reported revenue effect for VAT policy row i in country c, quarter t, while ∆τct and pct denote the

corresponding country-quarter VAT policy measure and support index. I aggregate them as

∆τct =
∑

i∈(c,t)

∆τict, pct =

∑
i∈(c,t) |∆τict|pict∑

i∈(c,t) |∆τict|
, (11)

I retain quarters without a recorded VAT action and set ∆τct = 0 and pct = 0, following the baseline

convention in Section 4.1. For quarters with recorded VAT actions, pct is the absolute-tax-weighted

measure of narrative support; actions with larger revenue effects receive more weight.

The estimator is the pooled version of the high-support estimator used in the U.S. application.

For each horizon, I residualize the outcome and VAT measure separately by country over quarters

with nonzero net VAT variation. The GDP and expenditure specifications use four lags each of GDP

relative to trend, inflation, and the aggregate all-tax measure; the inflation specification uses four lags

each of GDP, inflation, and the aggregate all-tax measure. The residuals are set to zero elsewhere. I

form xct,h = ỹEct,h∆̃τ
E

ct,h and estimate over all usable country–quarters

xct,h = Ah + dc,h (pct − 1) + uct,h. (12)

The parameter Ah is the common numerator at p = 1. The country-specific slopes dc,h allow the

support relation to differ across countries while imposing a common high-support numerator. For
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the normalization, I estimate a separate affine squared-tax relation in each country, evaluate each at

p = 1, and take their equal-weighted average. The response divides Ah by this pooled denominator

and is interpreted as the response to a high-support VAT policy increase of one percent of GDP.

Inference uses a fully stacked Bartlett-HAC covariance that jointly accounts for the country-specific

residualization, numerator, and denominator moments, with calendar-quarter spacing and bandwidth

max{4, h}. Appendix Table 13 records the complete specification.

7.3 Macroeconomic mechanism

A VAT policy increase changes the tax-inclusive price of consumption goods and reduces household

purchasing power. The relevant margins are therefore output, prices, private consumption, investment,

and the external offset through imports and net exports. Figure 10 reports the main response. The

top row shows output and prices; the bottom row shows the two domestic-absorption components that

are most directly relevant for the VAT mechanism. A high-support VAT policy increase of one percent

of GDP lowers GDP by about 2.5 percentage points of trend GDP after four quarters and by about 4.6

percentage points after eight quarters. Inflation rises initially and then returns toward zero, consistent

with a VAT policy change that combines a direct tax-inclusive price effect with a contraction in real

activity.
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Figure 10: UK–France VAT: Output, Prices, and Domestic Absorption

Note: The figure reports the pooled high-support VAT endpoint. GDP, private consumption, and invest-
ment are expressed as yc,t+h − yc,t−1 in percentage points of trend GDP. Inflation is in percentage points.
Responses are normalized by the equal-country average of the country-specific affine denominators evaluated
at p = 1. Shaded areas are 68 percent fully stacked HAC confidence bands.
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The response is concentrated in domestic absorption. Private consumption falls immediately and

continues to decline through the medium run. Investment also falls, but its contribution in trend-GDP

units is smaller than the consumption contribution. Table 9 summarizes this accounting at horizons

4, 8, and 12. At horizon 8, GDP is 4.6 percentage points below its pre-event trend-GDP position. The

measured private-consumption contribution is 2.5 percentage points, while the investment contribution

is 1.3. This contribution ranking partly reflects their different expenditure shares: in common units,

consumption and investment fall by 6.6 and 11.2 log points, respectively. High-support VAT increases

therefore raise prices initially and are followed by a broad contraction in domestic demand, with private

consumption making the larger measured contribution to the output decline.

Table 9: VAT Main Mechanism at Key Horizons

Outcome h = 4 h = 8 h = 12

GDP deviation from trend -2.46 -4.55 -4.04
Inflation 4.26 4.54 2.11
Private consumption response -1.61 -2.47 -3.01
Investment response -0.56 -1.30 -1.23

Note: GDP and expenditure components are changes from the pre-event quarter in percentage points of
trend GDP. Inflation is in percentage points. Imports enter as −M , so a positive import contribution denotes
import compression. The reported component sum is private consumption plus government consumption
plus investment plus exports minus imports. The accounting residual is the GDP response less that sum; it
absorbs omitted inventories and statistical discrepancies as well as chain-weighting differences.

Simulations from the calibrated model of Trabandt and Uhlig (2011) illustrate how different tax

wedges can generate these contrasting expenditure patterns.48

The main VAT conclusions are also stable across alternative measurements of narrative support for

recorded actions: at horizons 4, 8, and 12, all 22 constructions preserve the signs of the output and

inflation responses and the private-consumption and investment contributions. Appendix E.1 reports

the key-horizon estimates and links to the complete response paths in the online appendix.

Appendix F also varies the treatment of quarters without recorded VAT actions. The pooled

recorded-action-quarter estimates and the alternative assignments c = 0.5 and c = 1 preserve the

output contraction, decline in private consumption, and initial rise in inflation. Magnitudes are more

sensitive than in the U.S. application, however, and the affine normalization becomes weak for some

high-c assignments.

The additional expenditure components broaden the accounting interpretation.49 Government

consumption does not explain the initial contraction. Net exports move in the opposite direction and

partly offset the fall in domestic demand, mostly because imports decline. The reported components are

not an exhaustive additive decomposition of real GDP: inventories, statistical discrepancies, and chain-

weighting differences remain in an accounting residual. The VAT application therefore complements

the aggregate U.S. evidence with an output decline and an initial price response. Private consumption

accounts for the largest domestic-demand contribution in trend-GDP units, even though the separate

log-response estimates show that investment falls more proportionally.

A natural concern is that VAT changes may be bundled with other tax instruments. This is the

central warning in Nguyen et al. (2021): a broad consumption-tax proxy can attribute package effects

48Online Appendix OA.5 reports the comparison, its normalization choices, and its limitations.
49Online Appendix OA.6.1 reports these components.
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to indirect taxes if income-tax and consumption-tax changes are systematically linked. The same

concern is relevant here, but the diagnostics point to a VAT-specific result. Same-quarter overlap is

common because income-tax measures are frequent in budget quarters, yet the VAT-income correla-

tion is small. Appendix E.2 shows that an explicit VAT/income adjustment leaves the GDP endpoint

essentially unchanged and that dropping opposite-sign VAT-income package quarters does not weaken

the response. By contrast, broadening the object from VAT to VAT plus duties and excises substan-

tially attenuates the response. The result should therefore be read as a VAT-specific high-support

endpoint, not as evidence about the broader average-consumption-tax-rate object studied by Nguyen

et al. (2021).

8 Conclusion

This paper develops a probabilistic approach to narrative identification. Traditional narrative methods

use documentary evidence to classify policy actions as exogenous or endogenous and retain a subset of

observations for identification. I instead interpret the same evidence as probabilistic information about

whether a policy action belongs to a latent exogenous type. Variation in narrative support for exo-

geneity then identifies the outcome–policy moment associated with that type. This formulation allows

ambiguous and mixed-motive policy actions to remain informative without requiring any individual

action to be treated as perfectly exogenous.

I implement this approach using contemporaneous policy documents and apply it to tax policy.

The measurement procedure concentrates judgment in explicit choices over the narrative taxonomy,

calibration design, and language models. The mapping is auditable, and the probability construc-

tion and estimation are reproducible conditional on the archived fixed motivations. The resulting

probabilities are systematically related to the Romer–Romer and Cloyne classifications while retaining

substantial variation within their binary categories. In the Romer–Romer sample, retaining this in-

formation rather than imposing binary selection yields a substantially more muted medium-run GDP

point estimate. Applied at the level of individual U.S. federal tax proposals, the framework extends

narrative identification to a substantially broader policy record and yields a sizable joint contraction in

output and inflation. The aggregate endpoint is predominantly associated with individual and corpo-

rate income-tax proposals and is accompanied by a particularly large proportional investment decline.

I then combine the UK tax record with a newly constructed narrative dataset of French VAT proposals

from 1960 to 2024. The VAT application provides a complementary indirect-tax pattern: high-support

VAT policy increases contract output and generate a short-run increase in inflation. Private consump-

tion accounts for the larger domestic-demand contribution to the output decline, although investment

falls more in percentage terms. Across these applications, probabilistic narrative evidence enters the

identifying moments directly rather than first being resolved into a binary classification.

The same logic may be useful when the policy variation that is easiest to defend as exogenous is not

representative of the variation of broader economic interest. Narrative studies of government spend-

ing, for example, often rely on military expenditures associated with geopolitical events, although their

effects need not generalize to public investment or civilian purchases. Probabilistic narrative evidence

could permit a broader set of spending actions to remain informative while allowing documentary sup-

port for exogeneity to vary across them. The approach could similarly use monetary-policy statements,

minutes, and forecasts to distinguish different degrees of support for exogeneity across policy decisions.
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An important extension concerns anticipation effects. The analysis characterizes why a policy

action was taken but does not separately model when households and firms learned about it. A policy

change may have strong narrative support for exogeneity while nevertheless being anticipated before

implementation. Combining evidence about policy motivations with evidence about announcement

and information timing would extend the framework to this additional identification problem.
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Appendix

A Identification Extensions and Policy Aggregation

This appendix examines within-type heterogeneity, state conditioning, the alternative share interpreta-

tion, quarterly aggregation, departures from calibration and stability, and the bias–variance comparison

between binary selection and probabilistic recovery.

A.1 Within-Type Heterogeneity and Composition

The two latent policy types need not contain homogeneous actions. The following decomposition dis-

tinguishes changes in moments holding observed characteristics fixed from changes in their distribution

within latent type.

Fix a horizon h and the population of policy observations used in the identifying argument. Let Zt

collect observed characteristics, such as motivation, magnitude, tax instrument, timing, or macroeco-

nomic state. Let F (· | ·) denote the relevant conditional distribution of Zt. All conditional statements

below apply where the relevant conditioning values occur, and the displayed moments are assumed

finite.

A.1.1 A General Decomposition

Iterated expectations give

E(yt+h∆τt | ut = j, pt = p)− E(yt+h∆τt | ut = j)

=

∫ [
E(yt+h∆τt | ut = j, pt = p, Zt = z)− E(yt+h∆τt | ut = j, Zt = z)

]
dF (z | ut = j, pt = p)

+

∫
E(yt+h∆τt | ut = j, Zt = z)

[
dF (z | ut = j, pt = p)− dF (z | ut = j)

]
.

(13)

The identity follows by adding and subtracting∫
E(yt+h∆τt | ut = j, Zt = z) dF (z | ut = j, pt = p).

The first term in equation (13) captures changes associated with support after both latent type

and the observed characteristics are held fixed. It vanishes if

E(yt+h∆τt | ut = j, pt = p, Zt = z) = E(yt+h∆τt | ut = j, Zt = z). (14)

The second term captures changes in the distribution of Zt within latent type. It vanishes if that

distribution is unchanged across support. An unchanged distribution is sufficient but not necessary:

the distribution may change while leaving the weighted average moment unchanged.

Within-type moment stability requires the sum of the two terms in equation (13) to vanish. Condi-

tions eliminating each term separately are therefore sufficient, not necessary. Changes holding charac-

teristics fixed may average to zero or offset changes in composition. Conversely, equal average moments

across values of Zt eliminate the composition term but do not rule out support dependence holding Zt

fixed. Introducing Zt for this decomposition does not impose calibration conditional on Zt.
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A.1.2 Policy-Response Motivations

The example in Section 1 is a discrete special case. Suppose Zt ∈ {1, . . . ,K} records one of K

motivations within the policy-response type. If equation (14) holds for j = 0, then

E(yt+h∆τt | ut = 0, pt = p)

=

K∑
k=1

Pr(Zt = k | ut = 0, pt = p) E(yt+h∆τt | ut = 0, Zt = k).
(15)

Each probability is the fraction of policy-response actions with motivation k at support p. The

motivation-specific moments may differ, including in sign. Stability requires their weighted average in

equation (15), rather than the individual moments across motivations, to be the same at every support

level.

For the two-motivation example, let Zt = 1 denote demand management and Zt = 2 spending-

driven changes. Under equation (14),

E(yt+h∆τt | ut = 0, pt = p)− E(yt+h∆τt | ut = 0)

=
[
Pr(Zt = 1 | ut = 0, pt = p)− Pr(Zt = 1 | ut = 0)

]
×
[
E(yt+h∆τt | ut = 0, Zt = 1)− E(yt+h∆τt | ut = 0, Zt = 2)

]
.

(16)

Thus, when the two fixed motivation-specific moments differ, stability holds if and only if their relative

frequency within the policy-response type is unchanged across support. With more than two moti-

vations, changes in their relative frequencies can offset in the weighted average. Opposite signs alone

neither invalidate stability nor ensure such an offset.

A.1.3 The Squared-Tax Moment and Orthogonality

Replacing yt+h∆τt by ∆τ2t in equation (13) gives the corresponding decomposition for the squared-

tax moment. In particular, if squared-tax moments are stable across support after conditioning on

motivation, then

E(∆τ2t | ut = 0, pt = p) =
K∑

k=1

Pr(Zt = k | ut = 0, pt = p) E(∆τ2t | ut = 0, Zt = k). (17)

The benchmark requires this weighted average to remain unchanged as well. A change in composi-

tion that preserves the outcome–tax moment need not preserve the squared-tax moment. The same

requirements apply within the exogenous type.

Under the common-response structural relation,

E(yt+h∆τt | ut = j, pt = p) = βh E(∆τ2t | ut = j, pt = p)

+ E(εt+h∆τt | ut = j, pt = p).
(18)

This identity distinguishes support-related variation in policy magnitude from variation in policy–

disturbance comovement. The two may offset in the numerator, so outcome–tax stability alone does

not imply squared-tax stability. Joint stability of both moments makes the error–tax moment stable
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within each type. Together with exogenous-type orthogonality, it therefore implies

E(εt+h∆τt | ut = 1, pt = p) = 0 for all p in the support.

This is a consequence of the joint moment restrictions and exogenous-type orthogonality, not of cali-

bration. The corresponding policy-response-type error–tax moment may remain nonzero.

Observable comparisons. Differences in recorded motivations, instruments, timing, or other ob-

served characteristics across support levels can reveal plausible sources of instability. Their distribution

in the observed sample need not, however, coincide with their distribution within either latent type:

observed composition can change simply because the relative incidence of the two types changes. Such

comparisons therefore diagnose possible mechanisms of failure rather than establish the latent stability

restriction.

A.2 Observed State Dependence

Outcome–tax moments may differ across macroeconomic states. For example, tax actions undertaken

during periods of high unemployment may have different outcome–tax moments from actions under-

taken during periods of low unemployment. If narrative support also differs across these states, the

unconditional comparison may combine changes in latent-type composition with changes in economic

conditions. When the relevant state is observed, the identification argument can instead be applied

within states. The objective remains to recover the common causal response βh.

Let Zt now record an observed pre-policy macroeconomic state. Replace unconditional within-type

moment stability with stability conditional on Zt, as in equation (14), and its squared-tax counterpart.

These restrictions allow the moments to differ across states but rule out further sorting by narrative

support within each type and state. Additionally, impose conditional calibration:

Pr(ut = 1 | pt = p, Zt = z) = p.

This is stronger than baseline calibration. Iterated expectations then give

E(yt+h∆τt | pt = p, Zt = z) = p E(yt+h∆τt | ut = 1, Zt = z)

+ (1− p) E(yt+h∆τt | ut = 0, Zt = z).

The same relation holds for the squared-tax moment. Provided sufficient variation in support remains

within the relevant states, the two affine relations identify the exogenous-type moments at each state.

Averaging before normalization. Retain the common-response structural relation and the orig-

inal orthogonality restriction E(∆τtεt+h | ut = 1) = 0. This restriction need not hold separately in

every state. To preserve its causal implication, average the recovered moments over the state distribu-

tion within the exogenous type before taking their ratio. Conditional calibration identifies this state

distribution by assigning each observation weight pt/E(pt), provided E(pt) > 0. These weights recover

the distribution of states within the exogenous type; the moments at each state are recovered through
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the conditional identification argument above. Thus,

βh =

∫
E(yt+h∆τt | ut = 1, Zt = z) dF (z | ut = 1)∫
E(∆τ2t | ut = 1, Zt = z) dF (z | ut = 1)

,

provided the denominator is positive. By iterated expectations, the numerator and denominator are

the same exogenous-type average moments as in the baseline. The ratio at an arbitrary state need not

equal βh, since state-specific policy–disturbance comovement may be nonzero even when its exogenous-

type average vanishes.

Centering in an affine state specification. The probability-weighted mean state is

E(Zt | ut = 1) =
E(ptZt)

E(pt)
.

If the exogenous-type moments are affine in Zt, recenter the state as Zt − E(ptZt)/E(pt). The

exogenous-type endpoint of each moment, evaluated at centered state zero, then equals its average

within the exogenous type. Their ratio therefore recovers βh under the original orthogonality restric-

tion. Centering at the unweighted mean state does not generally deliver these average moments.

With nonlinear state dependence, the recovered moments must instead be integrated over the

exogenous-type state distribution. In either case, a ratio of average moments is not generally an average

of state-specific ratios. The state distribution, calibration restriction, and orthogonality restriction

must all refer to the same population of policy observations. In applications with controls, the moments

are formed from the population residuals specified in the main text; residualization alone does not

establish the conditional restrictions used here.

To interpret the state-specific ratios as causal responses, one would instead allow the structural

response to vary with the state and impose exogenous-type orthogonality within each state, together

with positive state-specific squared-tax moments.

A.3 Mixed Policy Actions and an Exogenous-Share Interpretation

The main text assigns each recorded tax-policy action to one of two latent types. Under a stronger

alternative interpretation, a single recorded action may contain both an exogenous component and a

policy-response component. Let st ∈ [0, 1] denote the latent exogenous share relevant for the outcome–

tax moment, so that these two components are represented by st∆τt and (1−st)∆τt. This proportional
decomposition is an additional assumption; it is distinct from the aggregation of several binary policy

actions considered below. The corresponding share calibration condition is

E(st | pt = p) = p.

Thus p is the average exogenous share among tax changes assigned support level p, rather than the

probability that the entire tax change is exogenous.

Share calibration alone is insufficient for identification. The component associated with the exoge-
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nous share must satisfy

E[st∆τtεt+h | pt = p] = 0,

and the contaminated covariance per unit of remaining policy-response share must be stable:

E[(1− st)∆τtεt+h | pt = p]

1− p
does not depend on p, p < 1.

The first restriction defines the component indexed by st as exogenous. The second is the share-

based analogue of within-type moment stability. Together, they imply that E(∆τtεt+h | pt = p) is

proportional to 1− p and therefore vanishes at p = 1. Combined with the analogous support-indexed

restriction for the squared tax change maintained in Section 1, this gives the same response evaluated

at p = 1 as the binary model.

This interpretation does not imply that pt∆τt is an exogenous shock. Indeed,

pt∆τt = st∆τt + (pt − st)∆τt,

so orthogonality of st∆τt does not imply orthogonality of pt∆τt. Calibration only requires E(st − pt |
pt) = 0; it does not require the discrepancy st − pt to be uncorrelated with ∆τtεt+h. The share

interpretation therefore supports the moment-sorting argument, not an observation-level construction

of the exogenous shock.

A.4 Quarterly Aggregation

A.4.1 Binary Policy Types and Quarterly Aggregation

The baseline model assigns each policy action a binary latent type. To distinguish the constituent

policy actions from the quarterly aggregate, let ui = 1 if action i is exogenous and ui = 0 if it belongs

to the policy-response type. For a quarter containing at least one policy action, define the realized

exogenous share of gross tax variation as

ūt =

∑
i∈At

|∆τi|ui∑
i∈At

|∆τi|
.

This definition does not make individual policy actions partially exogenous. Each ui remains binary;

ūt records only the composition of the actions assigned to the same quarter.

Marginal policy-level calibration, E(ui | pi) = pi, does not by itself imply calibration of the quarterly

aggregate. A sufficient condition is that each policy-level score remains calibrated conditional on the

tax amounts and the other scores entering the aggregation:

E(ui | {pj ,∆τj : j ∈ At}) = pi, i ∈ At.

Under this condition,

E(ūt | {pi,∆τi : i ∈ At}) =
∑

i∈At
|∆τi|pi∑

i∈At
|∆τi|

= pt.

It follows by iterated expectations that

E(ūt | pt = p) = p.

52



Equivalently, consider selecting one unit of gross tax variation at random from the quarter, with

each action selected in proportion to |∆τi|. Conditional on the information used in aggregation, pt is

the probability that this unit belongs to an exogenous action. This is not generally the probability

that every action in the quarter is exogenous. At pt = 1, however, calibration and ūt ∈ [0, 1] imply

ūt = 1 almost surely, so all gross tax variation belongs to exogenous actions.

The calibration result concerns the composition of quarterly policy variation; it does not by itself

imply the affine outcome–tax moment. That relation additionally requires that narrative support

does not systematically sort the size, sign, composition, or timing of policy actions in ways that

change the within-type outcome–tax and squared-tax moments. These are the within-type moment-

stability and denominator restrictions maintained in Section 1. Under those restrictions, the p = 1

endpoint recovers the same exogenous-policy moment as in the binary benchmark. The gross share ūt

need not coincide with the structural share st in Appendix A.3 without the additional proportional

decomposition imposed there.

Finally, because ūt is constructed using absolute tax amounts while ∆τt is the net quarterly tax-

policy measure, ūt∆τt need not equal the sum of exogenous action-level revenue effects when tax

increases and cuts coexist. The same is true of pt∆τt. The quarterly support score is therefore used

to sort moments and recover the p = 1 endpoint; it is not itself used to construct an observation-level

exogenous tax shock.

A.5 Departures from Calibration and Within-Type Moment Stability

The affine benchmark combines two restrictions. Calibration determines the relative incidence of

the exogenous and policy-response types at each support level, while within-type moment stability

holds the relevant moments fixed within each type. This appendix considers departures from each

restriction separately. Throughout, I retain the structural relation yt+h = βh∆τt+εt+h and the causal

interpretation of the exogenous type.

A.5.1 Relaxing Calibration

Retain within-type moment stability, but allow the probability of the exogenous type to differ from

the reported support score. Let

q(p) ≡ Pr(ut = 1 | pt = p).

The baseline imposes q(p) = p. More generally, iterated expectations give

E(yt+h∆τt | pt = p) = q(p)E(yt+h∆τt | ut = 1) + [1− q(p)]E(yt+h∆τt | ut = 0).

The observed moment is therefore affine in the true mixing probability q(p), but need not be affine in

the measured support score p. Nonlinearity in the support-indexed moment can thus arise even when

the two type-specific moments remain stable.

If q(·) is known or identified from auxiliary information, the main identification argument carries

through after replacing pt by q(pt). In particular, weights satisfying

E[w(pt)q(pt)] = 1, E[w(pt){1− q(pt)}] = 0

recover the exogenous-type moment. Under the analogous within-type stability condition for ∆τ2t ,
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applying the same construction to the squared tax change recovers the corresponding squared-tax

moment and hence βh.

If q(·) is unknown, variation in pt alone does not generally determine the probability scale. A score

may correctly rank actions by narrative support while mapping nonlinearly into the incidence of the

exogenous type. The high-support endpoint also requires an appropriate normalization: interpreting

p = 1 as the pure exogenous-type endpoint requires q(1) = 1, or an equivalent limiting condition

when the endpoint is approached rather than observed. When observed support is bounded away

from one, additional structure is needed to extrapolate the calibration map to that endpoint. Thus,

relaxing calibration preserves the latent-component interpretation but shifts the identifying burden to

the mapping from measured support into type probabilities.

A.5.2 Relaxing Within-Type Moment Stability

Now retain calibration, Pr(ut = 1 | pt = p) = p, but allow the type-specific moments to vary with

support. Then

E(yt+h∆τt | pt = p) = pE(yt+h∆τt | ut = 1, pt = p)

+ (1− p)E(yt+h∆τt | ut = 0, pt = p).

Support now changes both the incidence of each type and the moments within types. One observed

function of p therefore contains two unknown type-specific functions. Variation in support alone no

longer separates the exogenous- and policy-response-type moments. In particular, an affine observed

relation need not recover the exogenous-type moment once within-type stability is removed.

Separate recovery of the two exogenous-type moments is, however, stronger than necessary for

identification of their causal ratio. A weaker sufficient restriction can be stated directly in terms of

the policy–disturbance moment. Suppose

E(∆τtεt+h | pt = p) = (1− p)κh

for some constant κh. Any weight satisfying the recovery conditions in Section 1.3 then gives

E[w(pt)∆τtεt+h] = κh E[w(pt)(1− pt)] = 0.

Using yt+h = βh∆τt + εt+h therefore yields

βh =
E[w(pt)yt+h∆τt]

E[w(pt)∆τ2t ]
,

provided the weighted squared-tax moment is nonzero. The numerator and denominator need not

each equal their exogenous-type counterparts: support may sort tax magnitudes or other within-type

features, provided the remaining policy–disturbance comovement has the stated form and is removed

by the same weights.

This weaker restriction clarifies the role of the baseline assumptions. Within-type stability for

yt+h∆τt and ∆τ2t is a transparent sufficient condition for recovering the two exogenous-type moments

separately. It is not necessary when the target is only βh and the relevant disturbance moment can

instead be made orthogonal after weighting. Without either form of structure, however, relaxing
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within-type stability leaves the component decomposition underidentified.

The two departures therefore have different implications. Relaxing calibration while retaining

within-type stability preserves stable latent-component moments but changes how narrative support

maps into their relative incidence. Relaxing within-type stability instead allows support to sort mo-

ments within each latent type and generally prevents component separation without additional re-

strictions. Nonlinear support-indexed specifications should therefore be interpreted according to which

departure they represent and which restrictions preserve the causal endpoint or weighted ratio.

A.6 Binary Selection and Probabilistic Recovery: A Bias–Variance Comparison

This appendix compares binary selection with probabilistic recovery under the baseline restrictions,

holding the policy series and control adjustment fixed and treating support as observed. The main

Romer–Romer comparison instead changes the policy series as well.

Population discrepancy. The restrictions in Section 1.2 imply E(∆τtεt+h | pt = p) = (1 − p)κh,

where κh = E(∆τtεt+h | ut = 0); see also Appendix A.5. Consider a cutoff p̄ that retains a positive

fraction of observations with positive squared-tax moment. The selected-moment ratio differs from

the causal response by

Bh(p̄) ≡
E(yt+h∆τt | pt ≥ p̄)

E(∆τ2t | pt ≥ p̄)
− βh

=
E(1− pt | pt ≥ p̄)κh

E(∆τ2t | pt ≥ p̄)
.

(19)

The discrepancy has the sign of κh and vanishes when κh = 0 or retained observations have support

one. Under the full baseline, including squared-tax stability, higher cutoffs weakly reduce its absolute

value. They retain fewer observations, but need not increase sampling variance: selection changes the

informativeness of the retained variation as well as its quantity.

The weights in Section 1.3 instead cancel the policy-response contribution. Under the baseline

restrictions and regularity conditions, probabilistic recovery consistently estimates βh, but need not

have smaller sampling variance.

Approximate sampling-risk comparison. Let nh be the common underlying sample size and

V B
h (p̄) and V P

h the asymptotic variance factors for the fixed-cutoff and probabilistic estimators. The

binary factor includes the retained fraction. An illustrative normal-approximation risk comparison,

neglecting finite-sample ratio bias, is

AMSEB
h (p̄) ≡ Bh(p̄)

2 +
V B
h (p̄)

nh
, AMSEP

h ≡ V P
h

nh
. (20)

Within this approximation, probabilistic recovery has lower risk when

Bh(p̄)
2 >

V P
h − V B

h (p̄)

nh
. (21)
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The comparison asks whether removing the population discrepancy compensates for any additional

sampling variance. It requires well-behaved denominators and is not an exact finite-sample MSE

ranking.50

Minimizing the binary approximation over cutoffs characterizes an oracle comparison, not a rule

implemented here. It requires identifying Bh(p̄), which binary selection alone does not provide, al-

though the probabilistic restrictions can identify the necessary moments. The minimizing cutoff may

differ across outcomes and horizons. Neither design has a universal finite-sample MSE advantage.

B Calibration Diagnostics

This appendix reports diagnostics for the synthetic calibration exercise used to construct the narrative-

support probabilities. The external Romer–Romer and Cloyne exercises in Section 5 assess the eco-

nomic content of the score; the diagnostics here assess the construction of the synthetic corpus and the

stability of the resulting probability scale across calibration datasets and language-model representa-

tions.

B.1 Synthetic Holdout Performance

For each synthetic calibration set and each language model, I train the multinomial hidden-state

decoder using five-fold stratified cross-validation within the synthetic corpus. The resulting diagnostics

evaluate whether the category distinctions embedded in the synthetic taxonomy can be recovered from

the hidden-state representations.

Table 10 reports average holdout performance across the twelve independently generated calibra-

tion sets. Performance is uniformly strong across models. Brier scores and log-loss values are low,

classification accuracy is high, and the binary exogeneity classification implied by the taxonomy is

almost perfectly separated in the synthetic environment.

Table 10: Synthetic Holdout Performance

Model Brier Log-loss Accuracy AUC 8-category log-loss

Gemma-4B 0.026 0.094 0.968 0.995 0.259
Mistral-7B 0.008 0.031 0.989 0.999 0.068
Qwen-9B 0.007 0.025 0.992 0.999 0.061

Note: Entries average five-fold stratified holdout performance across the twelve balanced synthetic calibration
samples.

These results should be interpreted with caution. Synthetic examples are necessarily cleaner and

more category-separated than real policy language. Strong synthetic performance therefore demon-

strates that the category definitions are internally coherent and recoverable from hidden-state repre-

sentations, but does not by itself establish external validity.

B.2 Stability Across Calibration Sets

The calibration design uses twelve separately generated datasets. Each dataset is used to train a

separate decoder, producing twelve set-specific probability estimates for every policy action. Because

50Any empirical variance comparison must include control-projection and joint numerator–denominator uncertainty
using the appropriate stacked HAC systems in Appendix C. Uncertainty in measuring support is separate.
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these estimates concern the same policy action and share the broader measurement architecture, they

should not be interpreted as independent statistical replications. Their dispersion instead measures

the sensitivity of the support score to the particular synthetic examples used during calibration.

Table 11 reports agreement across the twelve set-specific probabilities. Correlations are generally

high, although meaningful variation remains in some samples. The median standard deviation across

set-trained decoders ranges from roughly 0.08 to 0.11. The reported 90th percentile describes the

upper tail of this dispersion. These statistics measure calibration-sample sensitivity, not distance from

unobserved true support. The baseline averages the twelve scores.

Table 11: Agreement Across Calibration Samples

Sample Mean Pearson Mean abs. diff. Median set s.d. P90 set s.d.

U.S. RR replication 0.901 0.118 0.105 0.150
U.S. extension 0.788 0.133 0.108 0.186
France VAT 0.766 0.105 0.082 0.147
France non-VAT 0.747 0.095 0.076 0.136

Note: Pairwise agreement is computed across the twelve calibration-sample-specific support estimates after
averaging over representation models. The last two columns summarize within-policy dispersion across
samples.

B.3 Stability Across Models and Measurement Constructions

The baseline specification also averages probabilities across three open-weight language models: Gemma-

4B, Mistral-7B, and Qwen-9B. This averaging is intended to reduce dependence on any particular

hidden-state geometry.

Table 12 reports agreement across the model-specific probabilities after averaging over calibration

samples. Pairwise correlations are generally high across applications, although the French samples

exhibit somewhat greater dispersion than the U.S. samples. The lower panel separates variation across

extraction models from stochastic extraction variation and reports the joint U.S. budget construction.

Table 12: Agreement Across Models and Measurement Constructions

Sample or source N / variants Mean Pearson Mean abs. diff. Median s.d.

U.S. RR replication 50 0.817 0.130 0.095
U.S. extension 1,188 0.806 0.129 0.091
France VAT 140 0.679 0.155 0.114
France non-VAT 1,020 0.753 0.138 0.103
Extraction model, draw-averaged 3 0.797 0.108 0.077
Stochastic draw within extraction model 20 0.926 0.050 0.042
All varied choices jointly 2,160 0.525 0.214 0.202

Note: The first four rows vary the language model used to represent a fixed motivation after averaging over
calibration samples. The remaining rows use the U.S. budget application and vary motivation extraction. The
joint construction combines extraction model, extraction draw, representation model, and calibration sample;
its variants share components and are not independent draws.

The separate construction choices remain positively related, but their joint variation is materially

larger than variation along any single dimension.
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C Estimation and Inference for Support-Indexed Moments

This appendix records the sample construction and inference procedure for the high-support endpoint

reported in Subsection 4.2. The baseline U.S. and VAT estimators use different samples at two stages:

control projections are fitted over quarters with nonzero net tax variation, while the affine numerator

and denominator projections use every usable calendar quarter. In quarters without a recorded tax

action, I set both the tax change and narrative support equal to zero. Their zero-filled moment

observations therefore enter the affine relation at pt = 0; this is an estimation convention and does not

define a separately observed policy class.

For baseline inference, the constructed support scores are treated as observed regressors. The sam-

pling distribution describes uncertainty in the macroeconomic estimator conditional on the document-

to-support mapping; it does not add uncertainty from reconstructing the support scores. The baseline

U.S. bands, pooled VAT bands and paired Romer–Romer covariances include their application-specific

outcome and tax residualization coefficients in fully stacked moment systems. The four affine moments

conditional on those coefficients remain useful for displaying the estimator, but their covariance alone

is not the reported baseline covariance. The classical benchmark below uses corrected scores under an

additional measurement model.

C.1 Population Target and Sample Estimator

Fix a response horizon h, let Th denote the ordered quarterly estimation sample, and let nh = |Th|.
Let Dt = 1{|∆τt| > 0}, and let Wt,h contain a constant and the application-specific controls. The

first-stage estimates are

γ̂y,h = argmin
γ

∑
t∈Th

Dt (yt+h − γ′Wt,h)
2
, γ̂τ,h = argmin

γ

∑
t∈Th

Dt (∆τt − γ′Wt,h)
2
.

The implementation then forms the zero-filled residuals

ỹEt,h = Dt

(
yt+h − γ̂′y,hWt,h

)
, ∆̃τ

E

t,h = Dt

(
∆τt − γ̂′τ,hWt,h

)
,

and the numerator and denominator observations are

xt,h = ỹEt,h∆̃τ
E

t,h, zt,h =
(
∆̃τ

E

t,h

)2
.

For compactness, define

Rt = (1, pt)
′, θN,h = (ah, bh)

′, θD,h = (aD,h, bD,h)
′, ι = (1, 1)′, ϑh = (θ′N,h, θ

′
D,h)

′.

Provided that
∑

t∈Th
RtR

′
t is nonsingular,

θ̂N,h =

(∑
t∈Th

RtR
′
t

)−1 ∑
t∈Th

Rtxt,h, θ̂D,h =

(∑
t∈Th

RtR
′
t

)−1 ∑
t∈Th

Rtzt,h. (22)
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Table 13: Empirical Implementation Record

Application Calendar and
horizons

Outcomes and tax-policy
measure

Controls

Romer–Romer
comparison

1947Q1–2007Q4;
h = 0, . . . , 20;
horizon-specific
trimming for leads
and lags

GDP in 100 log points and
year-on-year GDP-deflator
inflation in percentage points;
RR tax amounts as a percent of
GDP

Four lags each of log GDP, inflation,
and the total RR tax-change series

U.S. budget
application

1947Q1–2007Q4;
h = 0, . . . , 20;
horizon-specific
trimming for leads
and lags

Real quantity indexes in 100 log
points and year-on-year
GDP-deflator inflation in
percentage points; proposed
revenue effects as a percent of
contemporaneous nominal GDP

Four lags each of log GDP, inflation,
and the aggregate budget tax-policy
measure

Pooled
UK–France VAT

1955Q1–2007Q4;
h = 0, . . . , 20;
horizon-specific
trimming within
country

GDP and expenditure changes
from t− 1, in percentage points
of a quadratic trend in
annualized real GDP;
country-specific quarterly
inflation series in percentage
points; VAT changes as a
percent of GDP

GDP and expenditure: four
country-specific lags each of GDP
relative to trend, inflation, and the
aggregate all-tax measure; inflation:
four lags each of GDP, inflation,
and the aggregate all-tax measure

Application Residualization sample Affine projection and
normalization

Inference

Romer–Romer
comparison

Binary: all usable
quarters; probabilistic:
recorded-action
quarters, with residual
products zero-filled
elsewhere

Binary selected-shock
covariance ratio;
probability affine
projections use all
usable quarters and are
evaluated at p = 1; each
response uses the
denominator associated
with its identifying tax
series

Paired fully stacked Bartlett-HAC
covariance, including separate binary
and probabilistic residualization
coefficients; bandwidth max{4, h}

U.S. budget
application

Quarters with nonzero
net quarterly tax
variation; residuals are
zero-filled elsewhere

All usable quarters;
affine numerator and
squared-tax
denominator evaluated
at p = 1

Fully stacked Bartlett-HAC
covariance, including outcome and tax
residualization coefficients and joint
numerator–denominator covariance;
bandwidth max{4, h}

Pooled
UK–France VAT

Country-specific
quarters with nonzero
net VAT variation;
residuals are zero-filled
elsewhere

All usable
country–quarters;
common numerator
endpoint with
country-specific support
slopes, divided by the
equal-country average of
country-specific p = 1
denominators

Fully stacked Bartlett-HAC
covariance, including country-specific
residualization coefficients and joint
numerator–denominator covariance;
bandwidth max{4, h}

Note: “Usable” observations have finite outcomes, tax measures, support, and controls at the stated horizon. Thus
effective start and end dates and the number of nonzero-net quarters vary with h. A recorded-action quarter can differ
from a nonzero-net quarter when multiple actions within the quarter offset in the aggregate. French inflation is year-
on-year GDP-deflator inflation; UK inflation is the quarterly series in the Cloyne replication macro data. Trend-GDP
outcomes use rolling four-quarter real flows divided by a quadratic trend fitted to annualized real GDP.
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The reported high-support response is

β̂h =
ι′θ̂N,h

ι′θ̂D,h

=
âh + b̂h

âD,h + b̂D,h

. (23)

The four-dimensional affine score, conditional on the fitted control projections, is

gAt,h(ϑh) =

(
Rt (xt,h −R′

tθN,h)

Rt (zt,h −R′
tθD,h)

)
. (24)

The affine estimator solves

gAh (ϑ̂h) =
1

nh

∑
t∈Th

gAt,h(ϑ̂h) = 0. (25)

This conditional score describes the point estimator but does not, by itself, account for estimation of

the control-projection coefficients. To state the U.S. inference, let ηh = (γ′y,h, γ
′
τ,h, θ

′
N,h, θ

′
D,h)

′, and

write xt,h(γy, γτ ) and zt,h(γτ ) for the zero-filled observations above evaluated at candidate control

coefficients. The full score is

gFt,h(ηh) =


DtWt,h(yt+h −W ′

t,hγy,h)

DtWt,h(∆τt −W ′
t,hγτ,h)

Rt{xt,h(γy,h, γτ,h)−R′
tθN,h}

Rt{zt,h(γτ,h)−R′
tθD,h}

 . (26)

The sequential control projections and affine projections jointly solve gFh (η̂h) = n−1
h

∑
t∈Th

gFt,h(η̂h) = 0.

The first two score blocks are zero outside the nonzero-net-tax residualization sample. The last two

blocks include every usable calendar quarter; their observed products are zero outside that sample,

but their affine fitted values need not be. This construction retains the original quarterly spacing in

the HAC calculation.

C.2 Identification of the Sample Moments

The two stages require distinct rank conditions. The event-sample control projections require ΣW,h =

plimn−1
h

∑
t∈Th

DtWt,hW
′
t,h ≻ 0. The affine coefficients require

ΣR,h = plim
1

nh

∑
t∈Th

RtR
′
t ≻ 0.

Because Rt = (1, pt)
′, the latter condition is equivalent to a positive limiting variance of pt over the

affine-projection sample. It identifies both affine coefficient vectors in equation (22). Together, the

two conditions make the full stacked Jacobian nonsingular: its diagonal blocks are −ΣW,h twice and

−ΣR,h twice, with lower off-diagonal blocks reflecting the dependence of the affine moments on the

control projections.

This rank condition concerns identification of the statistical affine projection. In the baseline im-

plementation, quarters without a recorded policy action satisfy pt = 0 by convention, so variation

between event and non-event quarters may contribute to ΣR,h. The structural interpretation of the
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high-support endpoint additionally relies on variation in narrative support over policy variation, to-

gether with the calibration and within-type moment-stability restrictions in Section 1.4. In particular,

the corresponding affine restriction must hold for both the numerator moment and the squared-tax

denominator. Absent these restrictions, equation (23) remains a well-defined affine projection ratio

evaluated at p = 1, but need not equal the structural response βh. Appendix F assesses directly

how the fitted response at p = 1 changes when the no-action completion is varied or when no-action

quarters are excluded from the support-indexed projections.

C.3 Regularity Conditions

The asymptotic results are pointwise in the response horizon and conditional on the constructed

narrative-support scores, but not on the estimated control projections. Thus h is held fixed while

nh → ∞. Let

gF,0
h (ηh) = lim

nh→∞
E
[
gFh (ηh)

]
whenever this limit exists.

Assumption C.1 (Fixed-horizon regularity). For each fixed horizon h, the following conditions hold.

1. The parameter space is compact, ηh,0 lies in its interior, and ηh,0 is the unique zero of gF,0
h (ηh).

2. For some δ > 0,

sup
t∈Th

E
[
∥gFt,h(ηh,0)∥2+δ +

∥∥∂gFt,h(ηh,0)/∂η′h∥∥1+δ
]
<∞,

and pt ∈ [0, 1]. These bounds cover both the control-projection and affine scores.

3. A uniform law of large numbers holds for the full stacked moments and their first derivatives in

a neighborhood of ηh,0. The sample Jacobian converges uniformly in probability to GF
h .

4. The rank conditions ΣW,h ≻ 0 and ΣR,h ≻ 0 hold, so GF
h is nonsingular.

5. The score sequence satisfies the central limit theorem

1
√
nh

∑
t∈Th

gFt,h(ηh,0) ⇒ N (0,Ωh), (27)

where Ωh is finite and positive semidefinite.

6. The population endpoint denominator is bounded away from zero:

ι′θD,h,0 ≥ q
h
> 0. (28)

Assumption C.1 is stated at a high level to allow for changes in the unconditional distribution of

the macroeconomic variables over the historical sample. It does not require strict stationarity. Stan-

dard weak-dependence conditions for time-series arrays, together with the displayed moment bound,

provide primitive sufficient conditions for the uniform laws and central limit theorem. The substantive

requirements for the fully stacked approximation are that the joint control-and-affine score sequence

obeys a central limit theorem, that support retains nondegenerate variation, and that the endpoint

denominator is separated from zero. Full rank of the event-sample control matrix is also required.
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C.4 Asymptotic Distribution

Under Assumption C.1, standard just-identified GMM arguments imply that the full Jacobian has the

block form

GF
h =


−ΣW,h 0 0 0

0 −ΣW,h 0 0

CNy,h CNτ,h −ΣR,h 0

0 CDτ,h 0 −ΣR,h

 ,

where the cross-derivative blocks are the probability limits of the corresponding sample averages:

CNy,h = −plim
1

nh

∑
t∈Th

DtRt∆̃τ
E

t,hW
′
t,h,

CNτ,h = −plim
1

nh

∑
t∈Th

DtRtỹ
E
t,hW

′
t,h,

CDτ,h = −2 plim
1

nh

∑
t∈Th

DtRt∆̃τ
E

t,hW
′
t,h.

These blocks carry first-stage estimation uncertainty into the endpoint covariance. At the population

control coefficients, they need not vanish merely because the controls include a constant: the factors

Rt vary with support. Consequently,

√
nh (η̂h − ηh,0) ⇒ N

(
0, (GF

h )
−1Ωh(G

F
h )

−1′) . (29)

Define the response map

βh(ηh) =
ι′θN,h

ι′θD,h
.

The estimator and target are obtained by evaluating this map at η̂h and ηh,0, respectively. Then

√
nh

[
β̂h − βh

]
⇒ N

(
0, σ2

β,h

)
, (30)

where

σ2
β,h = ∇βh(ηh,0)′(GF

h )
−1Ωh(G

F
h )

−1′∇βh(ηh,0). (31)

Equation (29) follows from a mean-value expansion of the sample moments, the score central limit theo-

rem, and Slutsky’s theorem. The denominator condition (28) makes βh(ηh) continuously differentiable

near ηh,0, so equations (30) and (31) follow from the delta method.

C.5 Long-Run Covariance Estimation

Let

ĝFt,h = gFt,h(η̂h), ĜF
h =

∂gFh (η)

∂η′

∣∣∣∣
η=η̂h

.

For ℓ ≥ 0, define

Γ̂ℓ,h =
1

nh

∑
t∈Th: t−ℓ∈Th

ĝFt,hĝ
F ′
t−ℓ,h.
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Here t − ℓ means ℓ calendar quarters earlier. Quarters excluded from the control projections have

zero first-stage scores but retain their affine scores; excluded calendar gaps are not compressed when

forming the HAC lags. The Bartlett-kernel HAC estimator is

Ω̂h = Γ̂0,h +

Ln,h∑
ℓ=1

(
1− ℓ

Ln,h + 1

)(
Γ̂ℓ,h + Γ̂′

ℓ,h

)
. (32)

For the asymptotic sequence, set

Ln,h = max
{
4, h,

⌊
n
1/4
h

⌋}
. (33)

For fixed h, this rule satisfies Ln,h → ∞ and Ln,h/n
1/2
h → 0.

Assumption C.2 (Long-run variance estimation). For each fixed h, the weak-dependence and moment

conditions governing the score sequence are sufficient for the Bartlett estimator in equation (32), with

bandwidth (33), to satisfy

Ω̂h
p−→ Ωh. (34)

Assumption C.2 is the standard HAC consistency requirement. It is satisfied, for example, under

conventional mixing or near-epoch-dependence conditions with summable dependence and the moment

bound in Assumption C.1. The bandwidth in (33) grows slowly enough to estimate increasingly distant

covariance terms while remaining asymptotically negligible relative to the sample size. In the samples

used in the paper, ⌊n1/4
h ⌋ ≤ 4, so the rule coincides with the implemented choice Lh = max{4, h}.

Thus the asymptotic sequence does not alter the reported estimates or standard errors. Robustness

checks vary the minimum bandwidth and its rate of increase.

The covariance estimator for the full parameter vector is

V̂η,h =
1

nh
(ĜF

h )
−1Ω̂h(Ĝ

F
h )

−1′. (35)

Under Assumptions C.1 and C.2, V̂η,h consistently estimates the pointwise asymptotic covariance of

η̂h, conditional on the constructed narrative support.

C.6 Inference for the High-Support Response

The gradient of the response map satisfies

∇θNβh(ηh) =
ι

ι′θD,h
, ∇θDβh(ηh) = − ι′θN,h

(ι′θD,h)2
ι.

Equivalently,

∇βh(ηh) =


0dim(γy,h)

0dim(γτ,h)

ι/(ι′θD,h)

−(ι′θN,h)ι/(ι
′θD,h)

2

 . (36)
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The estimated variance of the response is

V̂β,h = ∇βh(η̂h)′V̂η,h∇βh(η̂h). (37)

The resulting standard error accounts jointly for the estimated control projections, the affine numer-

ator and denominator, and their covariance. The four-moment covariance based on equation (24)

conditions on the estimated residuals; the fully stacked covariance also incorporates uncertainty from

their estimation.

The same variance can be written using the estimated influence score

ψ̂t,h = −∇βh(η̂h)′(ĜF
h )

−1ĝFt,h. (38)

Applying equation (32) to {ψ̂t,h}t∈Th
yields the scalar long-run variance entering (37).

The delta-method approximation requires the denominator evaluated at p = 1 to be well separated

from zero. Accordingly, the estimation diagnostics report âD,h + b̂D,h, its standard error, and the

fitted denominator over the empirical support of pt. Delta-method bands should not be interpreted

at horizons for which this condition is empirically doubtful; such cases require inference designed for

a weakly identified ratio.

C.7 Corrected Moments for Generated Support

To distinguish the generated score from latent narrative support in this subsection, write

pt = p∗t + et, E(et | p∗t , xt,h, zt,h) = 0, ωt = E(e2t | p∗t , xt,h, zt,h).

The classical-error benchmark also requires the residual measurement error to be orthogonal to the

structural residuals in the numerator and denominator projections. Let

ϑh = (ah, bh, aD,h, bD,h)
′.

Conditional on the residualization coefficients, the four corrected affine moments are

gME
t,h (ϑh) =


xt,h − ah − bhpt

(xt,h − ah − bhpt) pt + bhωt

zt,h − aD,h − bD,hpt

(zt,h − aD,h − bD,hpt) pt + bD,hωt

 , E
[
gME
t,h (ϑh,0)

]
= 0. (39)

This is the componentwise form of the compact correction in equation (8). The first and third entries

are the intercept moments; the second and fourth are the support-weighted moments affected by

measurement error in pt.

The correction follows directly from the quadratic expansion used by Evdokimov and Zeleneev

(2022). For example, the second numerator moment has the form

gx(p) = (xt,h − ah − bhp) p, g′′x(p) = −2bh.
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The first-order term generated by et has mean zero. The second-order term shifts the naive moment by

−bhωt, which is removed by the correction in equation (39). Because gx(p) is quadratic, the expansion

is exact under the maintained additive classical-error assumptions. The same argument applies to the

denominator support moment.

Exactness here concerns the population moment correction under the stated assumptions, not

finite-sample unbiasedness of the estimated response ratio.

Baseline measurement average. Let p
(m,k)
i denote the score for action i from representation model

m ∈ {1, 2, 3} and calibration sample k ∈ {1, . . . , 12}. Each construction is first aggregated using the

baseline absolute-tax weights:

p
(m,k)
t =

∑
i∈At

|∆τi|p(m,k)
i∑

i∈At
|∆τi|

, pt =
1

36

3∑
m=1

12∑
k=1

p
(m,k)
t .

The variance calculation therefore applies to the quarterly objects used in estimation, without assuming

independent measurement errors across actions in the same quarter. Under the benchmark, write

p
(m,k)
t = µt + ξt,m + ζt,k + rt,mk,

with mutually uncorrelated mean-zero model, calibration and residual effects, and a common variance

within each component. The untruncated estimate of the variance of the average is

ω̂t =
σ̂2
model,t

3
+
σ̂2
calibration,t

12
+
σ̂2
residual,t

36

=
MSmodel,t +MScalibration,t −MSresidual,t

36
. (40)

The MS terms are the ordinary mean squares in the balanced two-way decomposition. This com-

bination is unbiased under the stated error structure. Component estimates, and potentially the

combined estimate, can be negative because they involve differences of mean squares. Setting negative

components to zero introduces upward bias; I retain that truncation only as a diagnostic. In the

U.S. benchmark, the combined estimates are nonnegative.51 The baseline zero-support convention is

retained in quarters with zero net tax variation, including quarters without recorded actions; their

correction statistic is also zero.

Expanded measurement average. The expanded benchmark additionally varies extraction model

and stochastic draw. I first aggregate every construction to quarters, then average the twenty draws

within each extraction model. Write p
(e,m,k)
t for these draw averages, where e indexes the three ex-

traction models. Their grand mean uses all 2,160 original constructions. The benchmark assumes

that these cells share the same latent mean and that their measurement errors are uncorrelated when

all three indices differ. Errors in cells sharing an index may be correlated. The classical orthogonal-

ity conditions on the controlled outcome–tax and squared-tax variables are also maintained in this

benchmark.

Let D contain the ordered pairs with e ̸= e′, m ̸= m′ and k ̸= k′, and let p̄t be the grand mean of

51Truncating components changes corrected responses by at most 0.000042 across horizons 0–20.
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the draw averages. The local variance statistic is

ω̂t = p̄2t −
1

|D|
∑

((e,m,k),(e′,m′,k′))∈D

p
(e,m,k)
t p

(e′,m′,k′)
t .

Under the disjoint-cell restriction, the expected product in the second term is the square of latent

support, whereas the expected squared grand mean also contains the variance of its measurement

error. Their difference therefore estimates that variance. Averaging draws within extraction models

respects their nesting; it does not treat matching draw numbers across models as a common crossed

factor or the 2,160 cells as independent measurements.

The disjoint-cell restriction is an assumption, not a property established by the model labels. Shared

architectures, calibration designs or documentary omissions can generate dependence even when indices

differ. A distortion common to every construction is not identified by this variance calculation.

Inference for the corrected benchmark. The estimated ω̂t enters the quarterly corrected scores

together with the observed support and controlled variables. I stack these scores with the control-

projection normal equations and use the corresponding Jacobian, calendar-spaced HAC covariance

and response-ratio gradient. This includes the local correction statistic’s variation and covariance with

the other scores under the stipulated classical and time-series assumptions. It is neither held fixed in

uncorrected scores nor added as an independent variance term. This calculation does not integrate

over an unknown distribution of shared training or calibration decisions. I check corrected support

variation, rank and denominator positivity before reporting a ratio.

C.8 Approximate-Moment Sensitivity

The approximate-moment exercise is complementary to the classical correction. In the reported appli-

cation it is centered on the baseline four-dimensional affine moment block in equation (7) and allows

those moments to deviate locally from zero:

E
[
gSt,h(ηh,0; pt)

]
=
Bhδh√
nh

, ∥δh∥2 ≤M. (41)

Here, Bh is diagonal, with entries equal to the HAC standard deviations of the four moment contri-

butions after profiling out the estimated control projections. Thus each coordinate of δh describes a

possible violation in units of the sampling variability of the corresponding moment. The vector δh

determines how the violation is distributed across the numerator and denominator moments, while

M bounds its joint magnitude. The case M = 0 imposes exact moment validity. For M > 0, the

confidence interval allows for the largest absolute linearized endpoint bias over the permitted moment

distortions, following Armstrong and Kolesár (2021). The baseline sampling variance and the moment

scales are held fixed as M varies.

The sensitivity radius can also be related to a concrete perturbation of the support scores. Let

∆h denote the resulting displacement of the four population moments. Its equivalent standardized

magnitude is

M eq
h =

√
nh
∥∥B−1

h ∆h

∥∥
2
. (42)

For classical error with average variance ω̄, the leading displacement of the two support moments is
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proportional to −bhω̄ and −bD,hω̄. More generally, equation (42) can translate the moment changes

induced by an alternative language model, calibration set, or motivation extraction into the M scale

used in the sensitivity figures.

The equivalent radius measures the norm of the complete standardized displacement, not its effect

on the endpoint. To make this distinction explicit, let

GS
h = E

[
∂gSt,h(ηh,0; pt)

∂ϑ′h

]

denote the Jacobian of the four support moments with respect to ϑh = (θ′N,h, θ
′
D,h)

′, conditional on

the residualization coefficients, and let βh(ϑh) denote the response ratio evaluated at p = 1. Define

κh = −
(
GS

h

)−′ ∇βh(ϑh,0).

For a small observed displacement ∆h, the resulting first-order endpoint change is κ′h∆h. Among all

displacements with equivalent radius M eq
h , the largest first-order endpoint change is

M eq
h√
nh

∥B′
hκh∥2 .

The directional alignment reported in the application is therefore

ρalignh =
|κ′h∆h|

M eq
h ∥B′

hκh∥2/
√
nh
. (43)

Directional alignment lies between zero and one. A value near one means that the observed displace-

ment has a large absolute local effect relative to other displacements of the same standardized size;

a value near zero means that its local effect is small. This is an absolute-change comparison, not

specifically a measure of movement toward zero. Re-estimation under each construction provides the

corresponding nonlinear response comparison. Neither comparison bounds a distortion shared by all

constructions.

Confidence and point-sign breakdown. I distinguish losing confidence evidence for a sign from

changing the sign of the estimated response. The confidence-breakdown radius is the smallest M at

which the bias-aware 68% pointwise interval includes zero. It is zero if the baseline interval already

includes zero. The local point-sign radius divides |β̂h| by the largest absolute linearized response change

per unit radius. Neither calculation is an exact nonlinear confidence result.

For a finite perturbation, the response is a ratio. I therefore also calculate when the numerator

can reach zero while the denominator stays positive. Using the sample counterpart of the existing

support-moment Jacobian, with Rt = (1, pt)
′,

ĜS
h = −diag

(
1

nh

∑
t∈Th

RtR
′
t,

1

nh

∑
t∈Th

RtR
′
t

)
.
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The fixed affine-moment experiment shifts the four fitted coefficients to

ϑ̂h(δh) = ϑ̂h − (ĜS
h)

−1Bhδh/
√
nh, ∥δh∥2 ≤M.

Both fitted endpoint moments are linear in this shift. The exact point-sign radius is the smallest ∥δh∥2
for which

âh(δh) + b̂h(δh) = 0, âD,h(δh) + b̂D,h(δh) > 0.

I also report the smallest radius permitting a zero denominator. Because ĜS
h is block diagonal and Bh

is diagonal, numerator and denominator shifts occupy orthogonal coordinate blocks. The minimum-

norm numerator-zero shift leaves the denominator unchanged. I nevertheless check its minimum over

the entire ball before interpreting the radius. A sign reversal obtained only by making the denominator

negative is not an admissible reversal of the response.

Exactness refers to this fixed, four-moment perturbation experiment. It is not an exact coverage

statement or a claim that every permitted moment shift can be generated by changing action-level

support probabilities. The reported confidence thresholds continue to use the local bias-aware intervals.

C.9 Pooled Applications

The pooled UK–France application allows the numerator support slope to differ across countries while

imposing a common high-support numerator endpoint. With a fixed number C of countries, define

RP
ct = (1,1{c = 1}(pct − 1), . . . ,1{c = C}(pct − 1))

′
. (44)

The first coefficient, denoted Ah, is the common numerator value at pct = 1; the remaining coefficients

are country-specific support slopes. The denominator is not constrained to have a common endpoint.

For each country, I separately project the zero-filled squared residualized VAT change on (1, pct) over

all usable quarters and evaluate the fitted relation at pct = 1, obtaining Qc,h(1). The main pooled

normalization is

Qh(1) =
1

C

C∑
c=1

Qc,h(1), β̂P
h =

Âh

Q̂h(1)
.

An event-count-weighted average of the country denominators is retained as a diagnostic.

For inference, the country-specific outcome and VAT residualization equations, the pooled numera-

tor projection, and the country-specific denominator projections are estimated as one stacked system.

Scores at a common calendar quarter are summed before applying the Bartlett-HAC estimator, allow-

ing contemporaneous dependence across countries and serial dependence across quarters. The delta

method therefore incorporates residualization uncertainty, numerator–denominator covariance, and

cross-country denominator covariance. The bandwidth is max{4, h}, as in the U.S. application.
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D External Benchmarks and U.S. Empirical Diagnostics

This appendix reports the external-label checks, the harmonized RR comparison, and U.S. measure-

ment diagnostics and an instrument-specific extension under stronger joint restrictions. Online Ap-

pendix OA.3 contains supplementary RR documentary and estimator-specific checks. The U.S. fitted

p = 0 endpoint is reported separately in Online Appendix OA.4.1.

D.1 Romer and Romer replication Robustness checks

D.1.1 Probabilistic validation against the RR classification

As a complementary check, I estimate a simple probabilistic model for whether the original Romer–

Romer label is exogenous. Let

DRR
i = 1{episode i is classified as exogenous by Romer–Romer}.

I fit the one-variable calibration model

Pr(DRR
i = 1 | pi) = Λ

(
a+ b log

pi
1− pi

)
,

where Λ(·) is the logistic cdf. The null b = 0 corresponds to no monotone predictive content in the

policy-level probability. This exercise is deliberately exploratory: the RR classification is used as an

external benchmark, not as a definitive latent truth, and the sample contains only 50 policy episodes.

Table 14: Exploratory Logit Validation Against the Original RR Classification

Statistic Estimate

Number of RR episodes 50
Coefficient on log(p/(1− p)) 0.712
Standard error 0.291
Wald p-value 0.014
Likelihood-ratio p-value 0.006
McFadden pseudo-R2 0.109
In-sample AUC 0.699
Leave-one-out AUC 0.660

Note: The dependent variable equals one for episodes classified as exogenous by Romer and Romer. The
leave-one-out AUC refits the one-variable logit after dropping each episode in turn.

The positive and statistically significant slope indicates that higher policy-level probabilities are

systematically associated with the original RR exogenous classification. At the same time, the AUC

remains far below one. This is consistent with the interpretation in the main text: the probability

contains meaningful narrative information, but ambiguous policy episodes are not perfectly separable

by a single continuous score.

D.1.2 Harmonized Binary Selection and Probabilistic Identification

This appendix documents the comparison in Figure 3. The binary benchmark uses a quarterly tax series

formed only from tax amounts attached to actions that Romer and Romer classify as exogenous. The

probabilistic specification uses the broader quarterly tax series and the continuous policy-level support

measure. The two tax series consequently differ by construction. The outcome transformation, lag
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controls, timing, horizons, and HAC treatment are common. Binary OLS fits both control projections

on every usable quarter, including quarters with zero selected taxes. The probability estimator fits both

control projections on recorded-action quarters, sets residual products to zero elsewhere, and projects

the affine moments over all usable quarters with no-action support zero. At horizon 8 there are 228

usable quarters and 67 recorded-action quarters. The responses are estimated jointly so that inference

for their difference accounts for shared observations, control estimation, and numerator–denominator

covariance. HAC standard errors allow for serial dependence in the quarterly moment conditions, with

Bartlett bandwidth max(4, h).

At horizon 8, the binary selected-shock response is −2.25, compared with −0.78 for the continuous-

support response. The probability-minus-binary difference is 1.48, with a paired 95% interval of

[0.11, 2.84], which excludes zero for this specification. The corresponding inflation interval includes

zero. These statements condition on constructed support and do not validate the identifying restric-

tions. The archived comparison that holds the total RR tax series fixed and changes only its binary

or continuous support representation is a decomposition diagnostic; it is not the primary economic

comparison because it retains tax amounts that the traditional RR design excludes.

Table 15: Romer–Romer GDP Moment Accounting at Eight Quarters

RR binary (all usable quarters) Probabilistic

Outcome–tax moment -0.103 -0.214
Squared-tax moment 0.046 0.276
GDP response (%) -2.25 -0.78

Table 15 reports the numerator and denominator of the displayed GDP responses. The binary

moments average over all usable quarters; the probability moments evaluate their fitted affine rela-

tionships at p = 1. Under the maintained restrictions, the latter squared-tax moment pertains to the

unobserved exogenous type. Its larger fitted value outweighs the larger negative outcome–tax moment.

The comparison does not by itself establish that latent exogenous actions are intrinsically larger: its

averaging operators and control-fitting samples differ.

D.1.3 Action-Level Probability Construction

This exercise varies the construction of narrative support for recorded RR policy actions while holding

the quarterly tax series and macroeconomic specification fixed. The alternatives include the baseline

ensemble, evaluator-specific representations, calibration-family averages, individual calibration sam-

ples, and PCA reductions. They are alternative constructions of the same generated support measure,

not independent replications. At horizon 8, all 22 constructions yield a negative GDP response that

is smaller in absolute value than the RR binary selected-shock response. The ordering is less uni-

form away from the central medium-run horizon: at horizons 4, 12, and 20, the number of negative

constructions is respectively 16, 21, and 21 out of 22. Figure 11 summarizes the resulting range of

GDP responses. The separate no-action completion exercise in Appendix F changes the treatment of

quarters without recorded policy actions after quarterly aggregation; it does not alter the construction

of support for recorded RR actions.
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Figure 11: Romer–Romer GDP Response Across Action-Level Support Constructions

Note: The black line reports the RR binary response and the thick blue line the probabilistic
response. The blue band is the baseline 68% HAC interval. Colored envelopes summarize the
responses across 22 probability constructions, covering evaluator models, calibration families, indi-
vidual calibration sets and PCA reductions.

D.1.4 Binary Inclusion Threshold Diagnostic

This exercise is diagnostic. The baseline probabilistic framework does not require a support threshold;

the results below instead show how the estimated response changes when continuous narrative support

is deliberately collapsed into a binary inclusion rule. Figure 12 reports controlled OLS on all usable

quarters for each cutoff. A cutoff retains the whole quarterly net tax change when absolute-tax-

weighted quarterly support is at least p̄, setting the raw selected series to zero otherwise. Original RR

labels instead select individual action amounts before quarterly aggregation.
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Figure 12: Romer–Romer Responses under Binary Support Cutoffs

Note: Every curve uses controlled OLS on all usable quarters and the same lag controls. Cutoffs
0.5, 0.6, and 0.7 retain the whole quarterly tax change using the same measured support. Original
RR labels select action amounts before aggregation. The shaded 68% HAC band is shown only for
the original-label benchmark. No continuous-support curve is displayed in this diagnostic.
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At horizon 8, the GDP estimates are −1.46, −1.87, and −2.24 for cutoffs 0.5, 0.6, and 0.7, re-

spectively, compared with −2.25 under original RR selection. The cutoff rules retain 44, 35, and 20

quarters with nonzero selected tax changes, while all four OLS fits use 228 usable quarters. Inflation

responses are −0.02, 0.46, and 1.68 percentage points, respectively, compared with a decline of 0.22

under original labels. Thus, the 0.7 GDP estimate is close to the original-label benchmark, but the

magnitude of the contraction and the inflation response depend on the inclusion rule. These changes

reflect different selected policy compositions, not progressively cleaner versions of a fixed response.

Online Appendix OA.3.4 discusses the associated narrative ambiguities.

D.1.5 Probabilistic validation against the Cloyne classification

I apply the same one-variable probabilistic check to the Cloyne validation sample. Let

Ci = 1{policy row i is classified as exogenous by Cloyne}.

I estimate

Pr(Ci = 1 | pi) = Λ

(
a+ b log

pi
1− pi

)
,

where the sample consists of Cloyne policy rows with usable canonical labels and complete probability

inputs. Because many policy rows belong to the same narrative event, I report both row-level and

event-clustered uncertainty, and I also evaluate prediction after holding out entire narrative events.

Table 16: Exploratory Logit Validation Against the Cloyne Classification

Statistic Estimate

Number of Cloyne policy rows 2,101
Coefficient on log(p/(1− p)) 0.579
Row-level standard error 0.048
Row-level Wald p-value < 0.001
Event-clustered standard error 0.087
Event-clustered Wald p-value < 0.001
Likelihood-ratio p-value < 0.001
McFadden pseudo-R2 0.059
In-sample AUC 0.655
Leave-one-event-out AUC 0.641

Note: The dependent variable equals one for policy rows classified as exogenous by Cloyne. Event-clustered
inference groups policy rows by narrative event. The held-out AUC refits the one-variable logit after dropping
each event in turn.

The Cloyne probability is therefore statistically predictive of the external expert label: the slope is

positive and remains precisely estimated after clustering by narrative event. The predictive strength

is still modest, however. The AUC is 0.65 in sample and 0.64 when entire narrative events are held

out. This is consistent with the main-text table: the probability ranks Cloyne-exogenous rows above

Cloyne-endogenous rows on average, but the two distributions overlap substantially. I interpret this

as evidence of monotone external-label validity, not as evidence that the procedure mechanically re-

produces Cloyne’s binary taxonomy.
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D.2 Measurement Diagnostics for the U.S. Budget Endpoint

This appendix reports construction-sensitivity comparisons, classical corrected-moment benchmarks

under additional measurement assumptions, and breakdown thresholds for the approximate-moment

stress test. It relates permitted distortions to the magnitude and direction of observed measurement

changes.

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Horizon (quarters)

−4

−3

−2

−1

0

1

2

GD
P 

re
sp

on
se

M= 1
M= 0.5
M= 0.25
Exact moment (M= 0)

(a) GDP

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Horizon (quarters)

−2.5

−2.0

−1.5

−1.0

−0.5

0.0

0.5

1.0

In
fla

tio
n 

re
sp

on
se

 (p
p)

M= 1
M= 0.5
M= 0.25
Exact moment (M= 0)

(b) Inflation

Figure 13: U.S. Budget Endpoints: Approximate-Moment Sensitivity

Note: Each panel reports 68% pointwise bias-aware intervals for the high-support response. M = 0
reproduces the baseline full-calendar estimate and its fully stacked HAC interval. Larger values
allow deviations of the four affine moments, scaled by their nuisance-profiled HAC variability. The
permitted response bias is evaluated locally around the baseline; the sampling variance and moment
scales are held fixed. These are not simultaneous bands or exact nonlinear ratio intervals.

Breakdown and denominator checks. Table 17 separates confidence breakdown from a change in

the point response’s sign. At horizons 4, 8 and 12, the GDP intervals exclude zero at 68%, but lose this

sign conclusion before the permitted distortion can bring the point estimate to zero. Inflation’s baseline

68% intervals already include zero at horizons 4 and 8; only horizon 12 has a positive confidence-

breakdown radius.

The fitted denominator remains positive throughout each ball up to the exact point-sign radius.

Separately, each of the 2,160 constructions has a positive denominator and a positive pointwise 95%

lower confidence limit at all three horizons. These denominators are common to GDP and inflation. No

construction is excluded by these warning checks, which do not constitute a general weak-identification

test.

Figure 14 shows that the model-specific endpoints are not identical, but they preserve similar

medium-run patterns for both GDP and inflation. This diagnostic indicates that the main pattern is

not driven by a single representation model.

Figure 15 shows that varying the motivations extracted from the same retrieved passages changes

the magnitude of some estimates but preserves the contractionary GDP response and the medium-run

decline in inflation. The draw-averaged extraction-model probabilities have a mean Pearson correlation

of 0.80 with one another; stochastic draws within an extraction model have a mean correlation of 0.93.

Figure 16 provides reference magnitudes for interpreting the sensitivity radius under one-at-a-time

perturbations. Across the main horizons, calibration-sample perturbations have median equivalent

radii aroundM = 0.5, representation-model perturbations aroundM = 0.7, and motivation-extraction
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Table 17: Confidence and point-sign breakdown in the four-moment experiment

Outcome h Baseline 68% CI Local sign Exact sign Denominator
response radius radius radius zero radius

GDP 4 -1.039 0.673 0.976 1.037 2.888
GDP 8 -1.874 0.801 1.087 1.187 2.708
GDP 12 -1.772 0.680 0.993 1.073 2.618
Inflation 4 0.228 0.000 0.372 0.376 2.888
Inflation 8 -0.568 0.000 0.671 0.692 2.708
Inflation 12 -1.159 0.982 1.243 1.412 2.618

Note: Radii use the fixed nuisance-profiled four-moment scale. Zero confidence radius means the baseline pointwise 68%
interval already includes zero. Confidence and local sign calculations use the derivative at the baseline. The exact sign
radius attains a zero numerator with positive denominator in the fixed affine-coefficient experiment; it is not an exact
coverage result. The entire ball remains denominator-positive through each reported exact sign radius. Larger radii can
permit a sign reversal. Baseline response units are percent for GDP and percentage points for inflation.
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Figure 14: U.S. Budget Endpoints: Representation-Model Stability

Note: Each line recomputes the same endpoint using support scores from one representation-model
family. The exercise isolates sensitivity to the language-model representation used to construct the
support score.
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Figure 15: U.S. Budget Endpoints: Motivation-Extraction Sensitivity

Note: The black line uses the baseline support score. The blue line uses the support score averaged
across alternative motivation extractions. The gray region is the 10th–90th percentile range of
endpoint estimates across 60 constructions: 20 stochastic motivation draws from each of Qwen-9B,
Gemma-4B, and Mistral-7B. Retrieval is held fixed, and each extraction is passed through the same
evaluator-model and calibration-set construction.
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Figure 16: Observed Probability Perturbations in Equivalent Sensitivity Units

Note: For each alternative evaluator model, calibration set, or motivation-extraction construction,
the figure evaluates the four affine moments at the baseline parameter and replaces only the support
sequence. The resulting moment displacement is scaled by the nuisance-profiled HAC variability
used in Figure 13. Solid lines report the median equivalent M within each family; dashed lines
report the 90th percentile.

perturbations around M = 0.7. These values should not be interpreted as estimates of structural

misspecification: they report how far the implemented moments move when observed measurement

choices are changed.

Observed directions and the stress test. At horizons 4, 8 and 12, median GDP directional

alignment among the joint constructions is 0.269, 0.187 and 0.177. Their median, 0.19, is the summary

reported in the Table 18; the inflation summary is also 0.19. This limited alignment helps explain why

observed constructions preserve negative GDP responses even when their equivalent radii exceed worst-

direction breakdown thresholds. Alignment is a local comparison; the re-estimated responses provide

the nonlinear check. Neither comparison bounds shared error.

Classical corrected-moment benchmarks. Table 19 separates the effect of changing the mea-

surement average from the additional classical correction. With the baseline 36 constructions, the GDP

response at horizon 8 changes from −1.87424 to −1.87405 after correction. At this horizon, changing

the measurement average has a larger effect than the additional correction. Over both outcomes and

horizons 0–20, the largest absolute corrections are 0.004675 for the baseline average and 0.002450 for

the expanded average.

The small ratio corrections do not imply that every moment is unchanged: numerator and de-

nominator changes can offset. Nor do they establish that shared measurement error is small. These

comparisons describe the consequences of the stipulated classical model, not a correction validated

against observed latent support.
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Table 18: Magnitude and Endpoint Relevance of Observed Support Perturbations

Outcome Source Median Meq P90 Meq Median relevance Median |∆β̂|

GDP Representation model 0.70 0.74 0.15 0.114
GDP Calibration sample 0.54 0.84 0.11 0.098
GDP Extraction model 0.74 0.75 0.27 0.256
GDP Stochastic extraction draw 0.09 0.16 0.56 0.067
GDP All choices jointly 0.85 2.20 0.19 0.267
Inflation Representation model 0.67 0.68 0.07 0.024
Inflation Calibration sample 0.53 0.84 0.19 0.097
Inflation Extraction model 0.73 0.74 0.15 0.060
Inflation Stochastic extraction draw 0.09 0.16 0.58 0.032
Inflation All choices jointly 0.82 2.24 0.19 0.144

Note: Each entry is the median of the corresponding horizon-specific statistic at horizons 4, 8 and 12. Meq is
the standardized size of the observed displacement of the four support moments, using their nuisance-profiled
HAC scales. Relevance is the absolute linearized response change divided by the largest absolute linearized
change at the same radius. The final column reports the absolute response change after re-estimation.
Stochastic draws are compared with their extraction-model draw average; other constructions are compared
with the baseline. The separate summary statistics need not describe the same construction. They provide
magnitude and direction references, not bounds on shared measurement error.

Table 19: Classical benchmarks: changing the measurement average versus correcting it

Baseline average (36) Expanded average (2,160)

Outcome h Uncorrected Corrected Uncorrected Corrected

Panel A: point estimates
GDP 4 -1.03857 -1.03838 -1.13245 -1.13301
GDP 8 -1.87424 -1.87405 -1.92083 -1.92102
GDP 12 -1.77197 -1.77285 -1.74337 -1.74397
Inflation 4 0.22755 0.22831 0.07961 0.07914
Inflation 8 -0.56763 -0.56980 -0.61385 -0.61625
Inflation 12 -1.15850 -1.16000 -1.23171 -1.23369

Panel B: pointwise 68% intervals
GDP 4 [-1.706, -0.371] [-1.706, -0.371] [-1.754, -0.511] [-1.755, -0.511]
GDP 8 [-2.918, -0.831] [-2.919, -0.829] [-2.823, -1.019] [-2.824, -1.018]
GDP 12 [-2.925, -0.619] [-2.929, -0.617] [-2.745, -0.742] [-2.747, -0.741]
Inflation 4 [-0.190, 0.645] [-0.190, 0.647] [-0.312, 0.471] [-0.313, 0.471]
Inflation 8 [-1.148, 0.012] [-1.150, 0.010] [-1.169, -0.059] [-1.171, -0.062]
Inflation 12 [-1.675, -0.642] [-1.677, -0.643] [-1.749, -0.714] [-1.751, -0.716]

Note: GDP responses are percentages and inflation responses are percentage points. The corrected columns impose the
stated classical repeated-measurement restrictions. The expanded average includes extraction variation and is not the
paper baseline. Intervals use the full stacked covariance, including control estimation, the two endpoint moments and
the local correction statistic where applicable. The 2,160 constructions are not independent replications. These intervals
do not test differences between columns.
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D.3 Instrument-Specific Responses under Stronger Joint Restrictions

The decomposition in Table 6 identifies additive contributions to the aggregate budget response, not

responses holding other tax instruments fixed. Separating the latter matters because tax groups

frequently move together: 88 of the 134 quarters with recorded actions contain more than one group.

Presence is measured from gross action amounts, so offsetting actions remain visible. This is evidence

of quarterly co-occurrence, not necessarily of a common legislative package.

The instrument-specific object. Let ∆̃τ t,h collect the residualized quarterly changes in the five

tax groups used in the main decomposition, with the same zero-filling convention as Subsection 4.2.

Consider a common linear, additive response equation

ỹt,h =

5∑
k=1

βk,h(1)∆̃τk,t,h + εt,h.

Here εt,h is the disturbance in this joint equation, rather than the disturbance in the scalar aggregate-

tax equation. Each coefficient describes the response to an increase in one tax group holding the

other contemporaneous groups fixed. Collect the conditional outcome–tax moments and tax second

moments as

Nh(p) = E
[
∆̃τ t,hỹt,h | pt = p

]
,

Qh(p) = E
[
∆̃τ t,h∆̃τ

′
t,h | pt = p

]
.

The diagonal of Qh(p) contains own-tax squared moments; its off-diagonal entries contain cross-tax

moments. Unlike the common scalar normalization in the additive decomposition, this matrix allows

the point estimates to account for taxes moving together.

Additional identifying restrictions. Four restrictions are maintained for an instrument-specific

causal interpretation. First, the linear, additive equation must provide a common partial-response

vector; omitted tax interactions or package-specific responses need not have this interpretation. Second,

the support restrictions must recover the relevant high-support endpoint for every entry of Nh(p) and

Qh(p). The empirical implementation fits each entry as affine in the same aggregate support index.

The stability requirement therefore extends to all outcome–tax and own- and cross-tax moments:

support must not sort within-type tax size, signs or composition in ways that change these moments.

Action-level calibration and quarterly support aggregation alone do not establish this extension. Nor is

aggregate support interpreted as the probability that every tax in a quarter is exogenous. An endpoint

outside observed support relies on the maintained affine extension rather than an observed group with

pt = 1.

Third, exclusion must hold separately for every tax group, so that

E
[
∆̃τ t,hεt,h | pt = 1

]
= 0.

Aggregate orthogonality would only restrict the sum of these instrument–disturbance moments and

could conceal offsetting biases. Fourth, Qh(1) must have full rank: fixed-proportion tax packages
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cannot identify separate responses. Under these restrictions, Nh(1) = Qh(1)βh(1), giving the estimator

β̂h(1) = Q̂h(1)
−1N̂h(1).

Inverting the matrix does not remove correlated spending changes, anticipation or other omitted policy

disturbances. The controls retain aggregate tax lags, not a separate history for each instrument.

Estimation and results. The exercise preserves the baseline U.S. sample, probabilities and controls.

Control projections are fitted on quarters with nonzero aggregate net tax variation, and residuals are

zero-filled elsewhere. All usable quarters enter the affine projections; tax changes and support remain

zero in no-action quarters. Five outcome–tax products and fifteen distinct own- and cross-tax products

are projected on (1, pt) and evaluated at p = 1. Fully stacked HAC standard errors allow for serial

dependence in the quarterly moment conditions, using Bartlett bandwidth max{4, h}. The matrix-

inverse delta method includes uncertainty and covariance from the control projections, numerator

vector and entire second-moment matrix, following the inference construction in Appendix C.

All 63 outcome–horizon fits yield positive-definite endpoint matrices, with diagonal-standardized

condition numbers between 3.58 and 3.81. These are numerical admissibility checks, not tests of exclu-

sion, stability or statistical identification strength. The pointwise intervals are not weak-identification-

robust and condition on the constructed support sequence and fixed expenditure shares.

Table 20: Instrument-Specific Responses at Eight Quarters

Tax group GDP Consumption Investment

Individual income
−1.49

(1.03)

−1.21

(0.64)

−1.03

(0.58)

Corporate income
−2.13

(2.96)

−0.80

(1.80)

−1.32

(1.56)

Selective excises and bundles
−4.48

(4.33)

−1.02

(2.18)

−0.99

(1.88)

Energy, transport and

other indirect taxes

4.54

(1.90)

3.01

(1.35)

1.96

(1.00)

Other low-support taxes
2.88

(2.95)

1.30

(1.86)

0.53

(1.20)

Note: Responses to a proposed revenue increase equivalent to one percent of GDP in the indicated tax group,

holding the other contemporaneous groups fixed under the restrictions in this appendix. Parentheses contain

fully stacked HAC standard errors, including control projections and all numerator and cross-tax moments.

Consumption and investment are converted to approximate percentage points of GDP using fixed sample-mean

nominal expenditure shares of 0.6250 and 0.1746; GDP is in percent. These are instrument-specific responses,

not additive contributions to the aggregate budget response. Inference conditions on the constructed support

sequence and expenditure shares.

At eight quarters, individual-income estimates are negative for GDP, consumption and investment.

The corporate-income GDP estimate is also negative, but imprecise. Indirect-tax results remain hetero-

geneous, including positive estimates for the broader energy, transport and other indirect group. These

are partial responses under stronger maintained restrictions, not additive contributions or validation

of causal assumptions. Online Appendix OA.4.3 reports the complete response paths.
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D.4 Binary Selection and Instrument-Level Responses

Tables 21 and 22 compare eight-quarter GDP responses using the same measured support continuously

or converted to binary selection at cutoffs 0.6, 0.7 and 0.8. Selection retains individual tax actions

before quarterly aggregation. Controls follow Section 4.2 but are fitted on quarters with nonzero

selected net tax changes in the binary columns. Selection changes the policy mix, fitted controls and

normalization.

Table 21: Additive GDP Contributions under Binary Selection

Probabilistic Binary cutoff

Tax group 0.6 0.7 0.8

All-budget total −1.87∗∗ (1.05) −2.44∗∗ (1.39) −3.29∗∗ (1.53) −2.36∗ (1.58)

Individual income −2.01∗∗ (0.96) −2.17∗∗ (1.26) −2.74∗∗ (1.18) −1.83∗ (1.50)

Corporate income −0.86∗ (0.53) −1.71∗ (1.14) −0.53∗ (0.52) −0.26 (0.81)

Selective excises and bundles −0.24∗ (0.19) −0.33∗ (0.27) −0.04 (0.13) −0.23∗ (0.14)

Energy, transport and
other indirect taxes

0.91∗ (0.56) 1.87∗ (1.35) 0.06 (0.13) −0.05∗ (0.04)

Other low-support taxes 0.32∗ (0.25) −0.12∗ (0.10) −0.05 (0.09) 0.01 (0.03)

Control-fit quarters 129 96 76 60

Note: Eight-quarter GDP contributions for a proposed tax increase of one percent of GDP. Entries sum to their
column total, with column-specific aggregate normalization. Grey parentheses contain fully stacked HAC
standard errors. ∗ and ∗∗ indicate that pointwise 68% and 90% intervals exclude zero, respectively.

At cutoff 0.7, the aggregate GDP response is −3.29 percent, compared with −1.87 under proba-

bilistic identification. The selected-record contraction is concentrated in individual income taxes, with

indirect-tax contributions close to zero. Additive magnitudes and precision reflect their place in the

selected mix.

Table 22: Instrument-Specific GDP Responses under Binary Selection

Probabilistic Binary cutoff

Tax group 0.6 0.7 0.8

Individual income −1.49∗ (1.03) −1.31 (1.66) −3.69∗∗ (1.93) −0.91 (1.36)

Corporate income −2.13 (2.96) −3.05 (4.57) −4.37 (6.10) −2.03 (6.97)

Selective excises and bundles −4.48∗ (4.33) −9.36 (10.68) 1.62 (7.46) −72.74∗∗ (24.25)

Energy, transport and
other indirect taxes

4.54∗∗ (1.90) 6.70∗∗ (3.22) 3.55 (3.91) −190.17∗∗ (69.85)

Other low-support taxes 2.88 (2.95) −12.68 (17.13) 1.55 (20.77) 20.67 (22.06)

Control-fit quarters 129 96 76 60

Note: Eight-quarter percent GDP responses to a proposed revenue increase of one percent of GDP in the
indicated tax group, holding the other included tax groups fixed under the joint restrictions in Appendix D.3.
Grey parentheses contain fully stacked HAC standard errors. ∗ and ∗∗ indicate that pointwise 68% and 90%
intervals exclude zero, respectively.

All five tax groups remain jointly estimable under the restrictions in Appendix D.3. At cutoff 0.7,

corporate-income and selective-excise standard errors rise from 2.96 and 4.33 to 6.10 and 7.46. At

cutoff 0.8, the large indirect-tax coefficients use very little surviving variation.

Causal interpretation requires each specification’s exclusion restrictions, including restrictions on

correlated effects of excluded contemporaneous policies.
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E VAT Shocks and Macro Transmission in the United Kingdom and France

E.1 Sensitivity to Action-Level Support Construction

The baseline support measure averages across representation models and calibration samples. To

isolate sensitivity to these action-level measurement choices, I reestimate the pooled VAT application

using 22 constructions: the baseline ensemble, three representation-model averages, four calibration-

family averages, twelve individual calibration samples, and two PCA reductions. Tax amounts, the

1955Q1–2007Q4 sample, quarterly aggregation, controls, residualization, denominator specification,

and inference procedure remain fixed; both numerator and denominator moments are reestimated

under each support construction. Quarters without recorded VAT actions continue to enter with

support equal to zero, so this exercise is distinct from the quarterly-completion analysis in Appendix F.

Because the constructions share documents and calibration components, their dispersion is interpreted

as measurement sensitivity rather than sampling uncertainty.

Table 23: VAT Sensitivity to Action-Level Support Construction

Outcome h Baseline Minimum Median Maximum Sign retained

GDP 4 -2.46 -2.68 -2.44 -2.31 22/22
8 -4.55 -4.83 -4.55 -4.26 22/22

12 -4.04 -4.26 -4.04 -3.64 22/22

Inflation 4 4.26 3.48 4.25 5.25 22/22
8 4.54 3.65 4.54 5.08 22/22

12 2.11 1.77 2.11 2.36 22/22

Private consumption contribution 4 -1.61 -1.72 -1.61 -1.50 22/22
8 -2.47 -2.57 -2.46 -2.31 22/22

12 -3.01 -3.18 -3.01 -2.80 22/22

Investment contribution 4 -0.56 -0.61 -0.56 -0.51 22/22
8 -1.30 -1.42 -1.30 -1.21 22/22

12 -1.23 -1.31 -1.24 -1.11 22/22

Note: The table compares 22 action-level narrative-support constructions: the baseline ensemble, three
representation-model averages, four calibration-family averages, twelve individual calibration samples, and two
PCA reductions. Minimum, median, and maximum are calculated across the 22 estimates. “Sign retained”
reports the number retaining the baseline sign. Tax amounts, the sample, quarterly aggregation, controls,
residualization, denominator specification, and inference procedure are held fixed; both numerator and
denominator moments are reestimated under each support construction. GDP, private consumption, and
investment are changes from the pre-event quarter in percentage points of trend GDP; inflation is in percentage
points. The constructions share documents and calibration components and are not independent replications.

Online Appendix Figure OA.14 reports the complete paths. At horizons 4, 8, and 12, all 22

constructions preserve the negative GDP response, positive inflation response, and negative private-

consumption and investment contributions. At horizon 8, GDP ranges from −4.83 to −4.26, inflation

from 3.65 to 5.08, the private-consumption contribution from −2.57 to −2.31, and the investment con-

tribution from −1.42 to −1.21. Differences in sign arise only near the end of the GDP and investment

paths, where the corresponding baseline responses are close to zero.
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E.2 VAT Packages and the Nguyen–Onnis–Rossi Concern

Nguyen et al. (2021) emphasize that UK income-tax and consumption-tax changes frequently occur

together. In their proxy-SVAR, the broad consumption-tax object is an average consumption tax

rate built from VAT and consumption duties. They find modest effects for this broad object once

income-tax and consumption-tax shocks are jointly identified, while single-proxy specifications can

make consumption taxes look much more powerful. This appendix asks whether the same concern

jeopardizes the VAT endpoint reported in the main text.

The checks keep the UK–France sample fixed at 1955Q1–2007Q4. They vary only the tax actions

entering the VAT object. The first diagnostic is a co-movement audit. Same-quarter overlap is high,

but the VAT-income correlation is small: the pooled correlation between the VAT shock and the

income-like shock is 0.02 over all quarters and 0.04 over policy quarters. An explicit two-instrument

denominator diagnostic gives nearly identical GDP endpoints. At horizons 4, 8, and 12, the naive VAT

endpoints are −2.39, −4.43, and −3.92, while the VAT/income adjusted endpoints are −2.40, −4.44,

and −3.94.

Table 24 reports the main sensitivity estimates. Dropping UK 1979Q3, the VAT unification episode

highlighted by Nguyen et al. (2021), weakens precision but preserves the negative GDP response.

Dropping both UK 1973Q2 and UK 1979Q3 weakens the result more substantially, which shows that

large UK VAT transition episodes are empirically important. By contrast, dropping VAT actions in

quarters where income-like taxes move in the opposite direction and are at least half as large as the VAT

move makes the response stronger, not weaker. Thus the VAT result is not driven by compensating

VAT-income packages. The main attenuation occurs when the VAT object is broadened to include

duties and other excise-like measures, closer to the Nguyen–Onnis–Rossi average-consumption-tax-rate

object.

Table 24: VAT Sensitivity to Tax Packages and Broad Consumption-Tax Definitions

Specification h = 4 h = 8 h = 12

Baseline VAT -2.46 (< 0.001) -4.55 (< 0.001) -4.04 (< 0.001)
Drop UK 1979Q3 VAT -2.32 (< 0.001) -3.45 (< 0.001) -2.80 (0.053)
Drop UK 1973Q2 and 1979Q3 VAT -1.72 (0.073) -3.46 (0.006) -4.44 (< 0.001)
Drop compensating VAT–income packages -3.02 (< 0.001) -5.08 (< 0.001) -4.92 (< 0.001)
Drop full compensating-package quarters -3.06 (< 0.001) -5.17 (< 0.001) -4.76 (< 0.001)
VAT plus duties/excise-like measures -0.69 (0.037) -1.57 (0.009) -1.57 (0.026)

Note: Entries are pooled GDP endpoints at p = 1, in percentage points of trend GDP; p-values from the
fully stacked HAC covariance are in parentheses. The sample is 1955Q1–2007Q4 in every row. The broad row
combines VAT with duties and excise-like measures.

Complete package-sensitivity paths and country-specific diagnostics appear in Online Appendix

Figure OA.15 and Online Appendix OA.6.4, respectively.
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F Treatment of Quarters without Recorded Policy Actions

The baseline specification retains all calendar quarters and assigns ∆τt = pt = 0 when no policy action

is recorded. The tax change is then observed to be zero, while the value assigned to narrative support

is a completion used for estimation rather than an economic support value. This appendix assesses

the empirical relevance of that completion.

Let

It = 1{at least one policy action is recorded in quarter t}.

For c ∈ {0, 0.1, . . . , 1}, define

pt(c) =

pt, It = 1,

c, It = 0.

The value c is a sensitivity parameter, not an estimate of narrative support in quarters without a policy

action. The indicator is based on recorded policy rows, so quarters with offsetting actions and a zero net

tax change satisfy It = 1 and retain their measured support. For each value of c, I re-estimate the affine

numerator and denominator projections while holding the tax changes, support in recorded-action

quarters, controls, horizons, and outcome transformations fixed. A second specification retains the

same controls, transformations, and residualization procedure but estimates both the residualization

equations and the affine numerator and denominator projections using recorded-action quarters only.

The original quarterly spacing is retained when constructing HAC standard errors.

F.1 Main U.S. application

Figure 17 reports the U.S. GDP and inflation responses at horizons 4, 8, and 12. GDP remains

negative at every value of c and under the recorded-action-quarter specification. The medium-run

inflation response also retains its baseline sign. The estimates can change in magnitude as the no-

action mass is moved along the support scale, but the contractionary output response and medium-run

disinflationary pattern are preserved.
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Figure 17: U.S. Responses under Alternative Placements of No-Action Quarters

Note: Each panel reports the response evaluated at p = 1 after assigning the common sensitivity value c to

quarters without a recorded budget action. The black marker is the baseline c = 0 estimate. The orange

dashed line is the estimate using recorded-action quarters only. Shaded areas are pointwise 68% fully stacked

HAC confidence bands.

Table 25 reports the principal mechanism variables under selected completions and recorded-action-

quarter estimation. U.S. consumption is negative in each displayed specification. The investment con-

traction remains large at horizons 8 and 12 throughout the full c-grid, supporting the large proportional

investment response reported in the main text.
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Table 25: Mechanism Responses under Alternative Treatments of No-Action Quarters

Application Outcome and horizon c = 0 c = 0.5 c = 1 Recorded actions

U.S. budget Consumption, h = 4 -1.42 -1.32 -1.32 -1.45

Consumption, h = 8 -1.87 -1.45 -1.47 -1.53

Consumption, h = 12 -1.22 -0.78 -0.80 -0.92

Investment, h = 4 -3.52 -2.63 -2.67 -2.60

Investment, h = 8 -6.50 -8.02 -7.93 -7.55

Investment, h = 12 -6.05 -9.99 -9.82 -10.41

UK–France VAT Private consumption, h = 4 -1.61 -1.87 -0.68 -1.08

Private consumption, h = 8 -2.47 -2.83 -1.02 -1.61

Private consumption, h = 12 -3.01 -3.41 -1.23 -1.90

Note: The table reports responses evaluated at p = 1. “Recorded actions” restricts both first-step

residualization and the support-indexed projections to quarters containing at least one recorded policy action

while preserving calendar spacing for HAC inference. For the pooled VAT estimates, the fitted

country-specific endpoint denominators fail the maintained positivity condition at c = 0.9, so no pooled

response is reported at that value.

F.2 Pooled VAT application and supporting diagnostics

Figure 18 reports the corresponding pooled UK–France VAT paths. The recorded-action-quarter es-

timates and the completions c = 0.5 and c = 1 preserve the output contraction and the initial rise

in inflation. Table 25 shows that private consumption also remains negative. Magnitudes are more

sensitive than in the U.S. application, and the fitted country-specific endpoint denominators fail the

maintained positivity condition at c = 0.9. The pooled VAT evidence therefore supports the qual-

itative mechanism, while also showing that its normalization is less stable under some high-support

completions.
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Figure 18: Pooled VAT Responses under Alternative Placements of No-Action Quarters

Note: Each panel reports the pooled UK–France response evaluated at p = 1 after assigning the common

sensitivity value c to country-quarters without a recorded VAT action. The black marker is the baseline c = 0

estimate, and the orange dashed line is the estimate using recorded-action quarters only. Shaded areas are

pointwise 68% fully stacked HAC confidence bands. Grey markers identify values of c for which the fitted

endpoint denominator fails the maintained positivity condition.

The sparse Romer–Romer and France-only exercises do not provide the same denominator stabil-

ity. In the Romer–Romer sample, the fitted endpoint denominator is nonpositive over several interior

values of c. Under recorded-action-quarter estimation, it is small relative to observed event-quarter

tax variation, producing very imprecise estimates. For France alone, the fitted endpoint denominator

is nonpositive under recorded-action-quarter estimation. I therefore treat these results as support-

ing diagnostics rather than as robustness evidence comparable to the main U.S. and pooled VAT

applications.
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