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Abstract4

Surging food prices disproportionately burden low-income households, affect inflation expecta-5

tions, and influence political outcomes. Between January 2020 and August 2025, U.S. food prices6

increased 30%, the steepest rise in more than four decades. We show this episode was structurally7

different from prior surges, including the 2008 Global Financial Crisis. Decomposing prices into8

supply- and demand-driven components and attributing each to macroeconomic channels, we9

find that labor scarcity and logistics disruptions—not commodity prices—dominated the supply10

side, while fiscal transfers and then wage growth account for an unprecedented demand-side11

contribution. Wage growth sustained elevated prices for four years through both labor costs12

and household income, a pattern absent in earlier episodes. Our work reveals underappreciated13

vulnerabilities in food-system resilience, illuminates how compound shocks generate persistent14

inflation, and shows why effective response must address logistics, labor, and wage pressure—not15

commodity availability alone.16

This work is partially supported by USDA NIFA award #2024-67023-42871. Adjemian is an academic consultant
with the Commodity Futures Trading Commission. The analyses and conclusions expressed in this paper are those
of the authors and do not necessarily reflect the views of the USDA Office of the Chief Economist, the USDA,
Commission staff, the Commission’s Economic Research Section, or the Commission. The authors thank conference
participants at the XVII Congress of the European Association of Agricultural Economists and the 2024 Annual
Meeting of the Agricultural & Applied Economics Association for their helpful feedback, and Matthew Mcelroy for
his research assistance. This version has not been peer reviewed, and should be viewed as a preprint/submitted
manuscript.

1



Food prices touch nearly every dimension of household welfare. They take up a larger share17

of low-income household budgets than other essentials1, anchor inflation expectations across the18

broader economy2, and even shape political outcomes3. Sustained food inflation therefore has19

consequences that extend well beyond the supermarket. Between January 2020 and August 2025,20

American consumers experienced a 30% increase in food prices, including a 12.4% rise over the21

12 months ending in August 2022 according to the U.S. Bureau of Economic Analysis (BEA)4—22

the sharpest annual advance in more than four decades, and faster than inflation in other goods23

and services. Food consumption is unavoidable, and the welfare consequences fall hardest on24

the households least able to absorb them. Naturally, the general public, the media, academics,25

and policy makers want to know why. Researchers have offered a variety of explanations for the26

economy-wide inflationary surge5, including on the demand side the rapid growth in real economic27

output following the COVID-19 shock6, fueled in part by historically-large fiscal stimulus7. On the28

supply side, factors such as pandemic-induced lockdowns, a tight labor market, and supply chain29

bottlenecks—as well as disruptions in wheat and fertilizer markets due to the Russian invasion of30

Ukraine—also played a role. While related work applies conventional time series methods that31

rely on strong assumptions8–11, few clearly differentiate between these explanations. So, the public32

is left to wonder whether the post-pandemic food price inflation episode was driven by familiar33

mechanisms—chiefly commodity price spikes, as in 2008—or by something else?34

We show that it was structurally different by separating food price changes into supply- and35

demand-driven components using the joint behavior of category-level prices and quantities12, and36

then attributing each component to observable macroeconomic channels—farm input costs, energy37

costs, supply chain disruptions, and sectoral labor costs on the supply side; the business cycle,38

financial market stress, fiscal stimulus, and income on the demand side—using a Shapley value39

decomposition13–15. Our analysis focuses on food consumed at home (FAH, or “off-premises con-40

sumption”) and food consumed away from home (FAFH, or “food service”), yielding a complete,41

additive accounting of food price inflation over time.42

We illustrate our findings by comparing the two most recent food price inflation episodes ob-43

served in the United States: the pandemic shock and its aftermath, and the Global Financial44

Crisis (GFC) of 2008–2009. Our results confirm that the two spikes had fundamentally different45

anatomies. Pandemic-era demand shocks accounted for almost 40% of the peak price increase,46

2



attributable mostly to fiscal transfers and wage growth, while supply chain disruptions made up47

a large share of the supply-driven inflation. In contrast, commodity price spikes dominated the48

supply-driven component of GFC-era food price rises, while the demand side had almost no ex-49

planatory power. Most strikingly, wage growth remained associated with elevated prices through50

both sides of the market simultaneously for four years—a dual-channel transmission with no clear51

analog in earlier episodes. These findings carry implications for our understanding of inflation un-52

der compound shocks, for food-system resilience, and for consumer welfare and the distributional53

consequences of policy responses, which we discuss in turn.54

Results55

Our analysis proceeds in two stages. First, we use a Shapiro decomposition12 to separate food56

price inflation into the portions driven by supply and demand shocks, based on the joint behavior57

of category-level prices and quantities (see Methods). This tells us how much of each food price58

episode was driven by each side of the market, but not why. In the second stage, we apply a Shapley59

value decomposition13,14 that divides each component’s variation among observable macroeconomic60

channels, producing a complete, additive accounting. These attributions are associational rather61

than causal, but the first stage cleanly separates supply from demand; combining that identification62

with timing patterns of attribution, channels selected according to theoretical priors, and cross-63

episode contrasts provides a clear understanding of why each episode unfolded as it did. Channel64

variables are purged of seasonality and trend and the decomposition is centered on the component65

mean (see Methods). A positive Shapley value at a given date means the channel’s recent behavior66

is associated with above-normal inflation on that side of the market; a negative value indicates67

below-normal pressure. By tracking these attributions over time, we identify which forces most68

likely pushed food inflation above its baseline during each episode, and when one force gave way69

to another. Because our channels cannot capture all variation, we include an unexplained residual.70

Our central findings are robust to alternative precision thresholds for classifying stage 1 shocks (see71

Supplementary Note A4). From here, we present the supply- and demand-side attributions in turn,72

then compare the two episodes.73
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Two different food price inflation episodes74

Our baseline findings for the contribution of supply- and demand-side shocks to year-over-year (yoy)75

food price inflation as measured by the monthly U.S. BEA personal consumption expenditures76

(PCE) index are displayed in figure 1. For each panel, inflation driven by unexpected shifts in77

supply is shown in orange, while demand pressure is shown in blue. The vertical sum of the two78

sets of contributions matches the total observed food price inflation, by construction. Panels a & b79

represent all food consumed, the weighted average of FAH (in Panels c & d) and FAFH (in Panels e80

& f). Darker colors in the right-hand side panels are measured more precisely; the gray portion is81

labeled “ambiguous” because it is below the precision cutoff.82

For most of the three decades in the figure, supply shocks account for the clear majority of U.S.83

food price inflation. This is not surprising for FAH, since its provision is closely tied to crop supply84

and cannot be scaled up or down as easily as, e.g., industrial goods, due to weather and biological85

shocks. The same is true for FAFH, although it is relatively more sensitive to demand-side shocks—86

this is intuitive since demand for food at eateries is more susceptible to income changes. What is87

striking is that the most-precisely measured demand shocks in the figure appeared only recently.88

This fact is highlighted by the two notable food price spikes that occur in the data: they89

illustrate a marked change in the nature of domestic food price inflation. During the GFC, supply90

shocks overwhelmingly dominated FAH; the demand-side contributed barely at all. The pandemic91

episode was qualitatively different. FAH inflation registered twice as high as it did during the GFC,92

and though supply pressure was strikingly similar in magnitude—representing nearly all the initial93

price increase—by mid-2021 the demand-side contribution surged to nearly half the yoy increase.94

For FAFH, the demand side actually became the majority contributor during the pandemic rise. By95

late 2025 FAH inflation and its supply-demand composition returned to levels more in line with its96

historical pattern, but FAFH inflation remained elevated and demand-oriented. Our second stage97

analysis reveals that these two episodes differed not only in the responsible side of the market, but98

in the specific channels most likely to be responsible.99
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Figure 1. Contributions of supply and demand to U.S. food price inflation, year-over-
year. Panels show all food, food at home (FAH), and food away from home (FAFH), with and
without precision labeling. Supply-driven contributions are shown in orange; demand-driven con-
tributions in blue. Darker colors are measured more precisely; light gray represents ambiguous
contributions. Recession periods (NBER) are shaded in gray. The vertical sum of supply and
demand contributions equals observed total food price inflation, by construction.
Source: Authors’ calculations based on BEA data.
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The supply side: from commodity pass-through to logistics bottlenecks100

Our supply-side Shapley decomposition in figure 2 attributes inflation driven by supply shocks to101

four channels: farm input costs, energy costs, supply chain pressure, and sectoral wage costs (see102

Methods for channel definitions and theoretical motivation); we present the statistical significance103

of those Shapley attributions in figure 3. During the GFC, we find that FAH inflation was mostly104

explained by commodity pass-through—consistent with the prevailing interpretation in the liter-105

ature16. Farm input and energy costs were the two dominant channels during 2008, contributing106

roughly equally (and significantly). Over the following decade both channels reversed as commodity107

supplies corrected. Logistics bottlenecks and sectoral wages were generally negligible, and the un-108

explained residual at times played an outsize role—suggesting that our four supply channels do not109

fully capture that era’s supply-side dynamics. For FAH therefore, the GFC supply-side episode was110

a commodity-led boom and bust. Not so for FAFH: commodity channels played a far smaller part;111

instead, sectoral wages were the largest identifiable (and significant) channel, though even they112

were modest and the residual was substantial. This is consistent with restaurants’ labor-intensive113

cost structure; for them, agricultural and energy commodity prices pass through only indirectly.114

Pandemic-era supply side inflation was structurally different. For FAH, supply-side pressures115

emerged in early 2020, well before demand. The model identifies sectoral wages as the channel most116

associated with the initial supply surge, reflecting labor scarcity from lockdowns and processing117

plant closures (wages here are sector-specific and represent a cost input). It surged to over a118

full percentage point by mid-year. Supply chain pressure followed by mid-2020 as transportation119

bottlenecks mounted. Energy costs pulled in the opposite direction as the oil price collapsed120

through demand destruction. The pandemic food price surge began as a pure supply shock, with121

labor scarcity leading the way.122

By mid-2021, farm and energy costs began to pressure FAH prices higher as well. The Ukraine123

invasion in early 2022 likely served as a catalyst for both channels, disrupting expected wheat, fer-124

tilizer, and energy commodity availability17,18. At the August 2022 peak, all four supply channels’125

attributions are statistically significant, and supply chain pressure alone exceeded the contribution126

of any single channel to FAH prices during the average GFC month. For FAFH, sectoral wages and127

supply chain pressure contributed roughly equally, with commodity inputs negligible—again con-128
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sistent with restaurants’ labor-intensive cost structure. The pandemic supply shock was therefore129

structurally novel; it was not primarily a commodity price phenomenon, but a disruption to the130

physical capacity of the food supply chain—port congestion, container shortages, processing plant131

closures, reduced availability of truck drivers19,compounded by labor scarcity. By 2024, supply132

chains adjusted and farm input costs reversed. The sole remaining positive supply-side forces were133

sectoral wage and energy costs.134

The demand side: sparked by stimulus, sustained by income growth135

Our Shapley attribution of the demand component in figure 4 includes four channels: global real136

economic activity20, financial stress (the Chicago Fed’s adjusted National Financial Conditions137

Index, or NFCI21), fiscal stimulus, and economy-wide wage growth; figure 5 displays the boot-138

strapped confidence bands. During the GFC, the overall demand component was small. Global139

real economic activity was the largest demand-side channel for both FAH and FAFH—and the140

only one consistently significant. Notably, despite the severity of the financial crisis we find no141

substantive role for financial stress in food price inflation. Across the entire sample demand for142

FAH and FAFH is responsive to actual household cash flow but appears not to respond strongly143

to credit availability, asset prices, or financial market conditions (see Supplementary Note A4 for144

additional detail on financial stress attribution under alternative specifications), at least directly.145

Breaking with several decades of precedent, the demand side was central to food price infla-146

tion during the pandemic; it unfolded in two phases. Fiscal stimulus pressure grew steadily more147

positive from mid-2021 to nearly a full percentage point by late 2021 before peaking close to 2148

percentage points in early 2022, and remained the dominant demand-side force through mid-2022.149

FAFH followed the same pattern with similar timing and magnitude. Confidence bands confirm150

that the FAH stimulus attribution is statistically robust during the pandemic; FAFH bands are151

wider, though Supplementary Note A4 shows that fiscal attribution still excludes zero at the 68%152

confidence level in roughly two-thirds of pandemic months under the most-precise specification. As153

transfers expired and households spent them down, wage growth emerged as the leading demand154

channel by mid-2022, consistent with the temporary nature of transfer programs versus the per-155

sistence of income rises. By 2023, FAFH demand pressure and its income attribution remained156

elevated and substantially larger than for FAH. This may reflect a structural difference between157
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grocery and restaurant spending, since recurring discretionary expenditure depends on sustained158

income rather than lump-sum transfers. Both demand-side channels also flowed disproportionately159

through lower-income households—fiscal transfers by design, and pandemic-era wage gains because160

they were concentrated at the bottom of the income distribution22. The households that ultimately161

bore the largest food-price burden were therefore also a primary source of the demand-side pressure162

on those prices, with significant distributional consequences.163

The unexplained residual is more prominent in FAFH’s demand side than FAH throughout the164

sample. This likely reflects the fact that restaurant spending is shaped by behavioral factors our165

macroeconomic channels are not designed to capture, like the evolving mix of limited- and full-166

service formats and other idiosyncratic drivers of discretionary food spending. Pandemic-specific167

effects—pent-up demand for dining out after lockdowns, shifts to takeout and delivery, changes in168

tipping behavior—likely contributed to the residual, too.169

Comparing the two inflation episodes170

By 2023, fiscal stimulus zeroed out, supply chain pressure on food prices reversed, and commodity171

prices moderated. Yet food price inflation in figure 1 remained elevated for both FAH and FAFH.172

Our Shapley decomposition attributes the persistence of elevated inflation primarily to wage growth173

on both sides of the ledger, simultaneously boosting food prices through higher labor costs and174

greater purchasing power. For FAFH these effects were larger from both sides of the market, which175

is intuitive because restaurant prices are doubly wage-sensitive: labor is both a key cost input and176

a critical determinant of consumer decision making when it comes to dining out. This dual-channel177

wage exposure distinguishes the pandemic episode from the earlier food price spike in our sample.178

During the GFC, food price inflation was predominantly on the supply-side and commodity179

driven, so relief occurred once those markets adjusted—that is, once high prices led producers to180

respond. During the pandemic, every non-wage channel also eventually self-corrected: bottlenecks181

cleared, farm input costs reversed, and fiscal stimulus expired on its own timeline. But wage growth182

persisted on both sides of the market. Pandemic-era frictions like mandatory lockdowns, coupled183

with historic levels of fiscal and monetary stimulus, fueled unprecedented levels of excess savings23,184

far more than following the fiscal stimulus associated with the financial crisis. The resulting labor185

market tightness sustained food price increases through both the demand and supply channels186

12



simultaneously. By 2024, as the labor market cooled, wage contributions declined and food inflation187

moderated accordingly, confirming that labor market conditions were the key swing factor for food188

price persistence.189

Discussion190

Rising food costs distress all households but especially low-income ones, whose budgets are dom-191

inated by food spending1; they also have political salience, with voters expecting policy makers192

to act24. Our analysis reveals that the post-pandemic food price surge was not just larger than193

historical food inflation generally, and the GFC spike in particular; it was structurally different, a194

compound shock operating through novel channels. Our Shapiro decomposition shows that stan-195

dard supply-side forces cannot fully explain recent food price inflation. And rather than typical196

commodity-oriented input costs, our Shapley analysis attributes its origin to labor scarcity and197

supply chain pressure on the supply side, fiscal stimulus on the demand side, and then a persis-198

tent wage-dominated regime operating through both sides of the market: labor costs and income.199

This pattern suggests that future compound food price shocks—those involving both demand and200

supply—may have similarly large and prolonged food price effects, and that the appropriate policy201

response depends on which side of the market is generating the pressure and which specific forces202

are at work.203

The model identifies logistics disruptions as the dominant supply-side driver of FAH inflation,204

coinciding with recent evidence highlighting how U.S. agri-food distribution depends on interlock-205

ing waterways, highways, railways, and logistics hubs25–27. Through the Infrastructure Investment206

and Jobs Act, the federal government invested significantly in transportation network resilience:207

roughly $1.9 billion in port development awards since FY202228–32, $17.1 billion in Army Corps208

navigation funding33, USDA’s $400 million Resilient Food Systems Infrastructure program for209

middle-of-the-supply-chain capacity34, and USDOT freight programs addressing surface and inter-210

modal bottlenecks35–37. Regulatory reform could also help, since even well-intended regulations211

add substantial costs to food production38. During the pandemic the FDA temporarily permitted212

food originally prepared for restaurants to be diverted to grocery stores39; though later with-213

drawn40, the episode suggests distribution channel barriers can be relaxed without compromising214

13



food safety. Our results also show that labor scarcity was the first supply channel to activate in215

2020, suggesting that policies affecting labor availability in food sectors—worker safety regulations,216

visa policy, minimum wage levels in retail and hospitality—likewise affect supply-side pressure on217

food prices41,42.218

Policy makers have also focused on industrial organization within the supply chain, proposing219

bans on price gouging and restrictions on digital shelf labels and data-driven individualized pric-220

ing43,44, and using antitrust enforcement to block mergers45,46. If oligopolistic retailers use pricing221

technologies as coordination mechanisms47, they may maintain or increase margins as supply pres-222

sures decrease; on the other hand, price ceilings could generate shortages if they prevent prices from223

permitting suppliers to meet demand48. (Our decomposition does not include a markup channel224

and cannot directly evaluate these claims; exploring that question likely requires firm-level margin225

data.) Other policy makers have pursued direct intervention: thirteen states have supported in-226

dependent grocery stores in low-income areas49, and several have proposed a “public option” for227

retail food50–52. Whether publicly-run grocery stores can lower food prices depends on their effi-228

ciency of operation, a clear challenge since they do not have access to the same logistics networks,229

experience, and expertise of large retailers.230

Tariffs may introduce new supply-side pressure if they raise landed costs for imported foods231

and agricultural inputs. Evidence from the 2018–2019 trade war shows near-complete pass-through232

to import prices but smaller and more gradual effects at the retail level53–56. The magnitude and233

duration of tariff price effects depends on the capacity of markets to adjust57.234

On the demand side, our finding that financial stress has negligible explanatory power implies235

that monetary policy has limited direct effect on food demand, although it may operate indirectly236

through other channels. The demand-side channels that matter are fiscal transfers and wages:237

U.S. policy makers injected trillions of dollars into the economy at a time of lockdowns8,58, raising238

Americans’ savings23—which our Shapley attribution associates with demand-driven food price239

increases. The initial demand-side food price inflation was, in this sense, an unintended outcome240

of fiscal policy. Our findings cannot speak to what caused wages to cool, but they do identify the241

wage channel as the key inflationary transmission channel on both sides of the market.242

Recent legislative action speaks directly to these demand channels. The 2025 reconciliation243

law reduces projected SNAP outlays59,60 and imposes new responsibilities on states61. While our244
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decomposition does not directly measure SNAP’s contribution to food demand, fiscal channel results245

suggest that policies reducing household cash flow can lower demand-side pressure on food prices,246

although perhaps at the cost of disproportionately burdening the very households most vulnerable247

to food price increases.248

A common thread runs through several other prominent post-pandemic policy responses: in-249

creasing funding for agricultural researchers and USDA’s Agricultural Research Service to improve250

crop resilience and boost yields62, supporting domestic energy production to reduce input costs,251

adjusting tariffs on imported agricultural inputs, and limiting food waste63. Each of these tar-252

gets commodity availability or producer costs, beneficial to be sure especially if future inflationary253

episodes resemble the commodity-led pattern of 2008. However, focusing on the supply side alone254

would be an incomplete response to the post-pandemic episode and leave the households who bore255

its largest welfare consequences without targeted relief. Effective response for low-income con-256

sumers calls for policies that also address logistics resilience, labor capacity in food sectors, and the257

fiscal-and-income channels our analysis associates with the recent inflation episode.258

Our findings have broader implications that extend well beyond food markets. Compound259

inflation shocks operating simultaneously through fiscal, supply-chain, and labor channels may260

become more common under climate, geopolitical, and epidemiological disruption. As a result,261

modern food-system resilience is as vulnerable to logistics and labor capacity as it is to commodity262

availability, reframing how infrastructure and workforce policy can be directed to effectively reduce263

the constraints that lead to food price volatility. And the same households that bear the largest264

welfare consequences of food inflation are also a principal source of demand-side pressure during265

recovery episodes, so the design of fiscal stimulus and safety-net programs has direct distributional266

consequences for food affordability. Diagnosing which side of the market is responsible, and which267

specific forces are at work within it, is a first step toward responses that fit the specific inflation268

episode at hand.269

15



Methods270

Stage 1: Supply–demand decomposition271

We adopt Shapiro’s12 decomposition approach to analyze food price inflation, using category-level272

regressions on personal consumption expenditure (PCE) data. This allows us to identify supply-273

and demand-side shocks by examining monthly changes in price and quantity indices for various274

food categories. While recent studies on U.S. food price inflation apply conventional time series275

methods that rely on strong assumptions8–11, applying Shapiro’s model offers a more robust and276

intuitive analysis of economic shocks’ impact on food prices. Our general approach is to estimate a277

time series model of price and quantity at the food category level; residuals to the model represent278

unexpected changes in the price or quantity of food over time. We categorize the latter as demand-279

driven when the price and quantity residuals move in the same direction, and supply-driven when280

the residuals are opposite-signed64. (Supplementary Note A1 provides the conceptual framework281

linking these reduced-form residuals to underlying supply and demand shocks.) By weighting each282

category according to its share of total U.S. expenditures on food, we then aggregate to estimate283

the overall contributions of demand and supply shocks to food price inflation.284

Specifically, for each of the 30 PCE food subcategories tracked by BEA, we estimate bivariate285

vector autoregressions (VARs) in log prices and log quantities:286

∆ ln qi,t =
12∑
j=1

γqpj ∆ ln pi,t−j +
12∑
j=1

γqqj ∆ ln qi,t−j + c+ uqi,t (1)

∆ ln pi,t =

12∑
j=1

γppj ∆ ln pi,t−j +

12∑
j=1

γpqj ∆ ln qi,t−j + c+ upi,t (2)

Regressions include twelve lags to control for trends in the purchase of food categories that do287

not represent unexpected shocks, but rather more gradual preference changes, improvements in288

technology, or population changes. These regressions are estimated via a rolling five-year (60-289

month) window, permitting parameters to vary with time.290

Same-sign price and quantity residuals (upi,t and uqi,t) indicate a net demand shock; opposite-sign291

residuals indicate a net supply shock. These are “net” shocks in the sense that they set-identify the292

dominant side of the market: being assigned a net demand shock means the category experienced293
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at least a demand shock, though a simultaneous supply shock could co-exist (see Supplementary294

Note A2 for the formal proof). Category-level contributions are aggregated using contemporaneous295

expenditure weights ωi,t−1:296

πt =
∑
i

1
sup
i,t ωi,t−1 πi,t︸ ︷︷ ︸
supply

+
∑
i

1dem
i,t ωi,t−1 πi,t︸ ︷︷ ︸
demand

. (3)

where πi,t is the month-over-month price change for category i. Year-over-year contributions are297

computed as twelve-month running products, since inflation rates are multiplicative.298

PCE data299

The U.S. Bureau of Economic Analysis PCE dataset tracks expenditures on goods and services by300

U.S. resident ”persons,” defined as households or nonprofit institutions serving households. While301

the CPI represents only urban residents, the PCE data include expenditures of both urban and302

rural Americans. The two broad categories relevant to food purchases are ”food and beverages303

purchased for off-premises consumption” (FAH) and ”food services” (FAFH). We use the lowest304

level of aggregation available for analysis, yielding thirty food subcategories in total. For each305

subcategory, BEA provides price and quantity indices, as well as total expenditure levels at the306

monthly frequency. While most subcategories have complete observations from January 1959, three307

food service subcategories (meals at limited-service eating places, meals at other eating places, and308

meals at drinking places) are only available from January 1987. We use the first five years of309

available data to establish a baseline for model estimation.310

Precision thresholds311

In our baseline results, all unexpected price and quantity shifts are classified as either supply- or312

demand-driven. To guard against the possibility that the model misidentifies shocks when residuals313

are small, we also define an “ambiguous” category for cases in which at least one residual is within314

0.025 food category-specific standard deviations of zero, and we report less precise, mid precise,315

and more precise classifications using thresholds of 0.025, 0.05, and 0.25 food category-specific316

standard deviations, respectively. See Supplementary Note A1 for the conceptual framework and317
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Supplementary Note A4 for a robustness illustration.318

Stage 2: Shapley value attribution319

Stage 1 tells us how much food price inflation at each date is supply- versus demand-driven. Stage320

2 asks a different question: which observable macroeconomic channels help explain each component?321

Our goal in stage 2 is to provide a transparent accounting of which channels line up most closely322

with the time variation in each stage-1 component using Shapley decomposition13,14.323

We regress each stage-1 component on four macroeconomic channel groups for each food type324

and each side of the market. Let yt denote the stage-1 component at month t. Each channel325

enters as a regressor group consisting of its current value plus 12 monthly lags (13 regressors:326

Xk,t, Xk,t−1, . . . , Xk,t−12). The regression yields a fitted value ŷt: the portion of the stage-1 com-327

ponent explained by the channels.328

Because channels move together and no single ordering of them is natural, we use Shapley’s329

approach to allocate ŷt: each channel’s marginal contribution is averaged across all 4! = 24 possible330

entry orders (see Supplementary Note A3 for the intuition behind this approach). This delivers an331

accounting identity at every date:332

ŷt = ȳ +

4∑
k=1

ϕk(t), (4)

where ȳ is the sample mean of the stage-1 component (its normal level) and ϕk(t) is the Shapley333

contribution of channel k at month t. We report the difference between the observed component334

and its fitted value as an unexplained residual, rt = yt − ŷt, so that:335

yt = ȳ +

4∑
k=1

ϕk(t) + rt. (5)

A channel receives a large attribution in a given month if its recent behavior helps explain336

why the supply- (or demand-) driven component is unusually high (or low) relative to its baseline,337

expected level. A channel can therefore receive a negative attribution if it is associated with pulling338

inflation below its normal level on that side of the market. Likewise, a channel can be statistically339

important in the regression sense but still have a small Shapley contribution in a particular episode340

if its movements during that episode are unremarkable.341
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Because channels are correlated, the marginal contribution of a channel depends on what is342

already in the model. We therefore compute the conditional expectations needed for the Shapley343

values under a Gaussian copula approximation to the joint distribution of channels14. We use 5,000344

Monte Carlo draws to evaluate these conditional expectations (results are insensitive to the draw345

count; see Supplementary Note A4).346

Finally, we note that the Shapley attribution is associational rather than causal: it identifies347

which channels co-move most strongly with each stage-1 component, not which channels caused it.348

The advantage is transparency and completeness. We quantify how much of the modeled supply-349

or demand-driven inflation aligns with each channel at each date, while allowing the data to assign350

the remainder to an unexplained residual.351

Supply-side channels352

We include four supply-side channels chosen to capture the major cost and capacity constraints that353

shift food supply curves over time. Farm input costs are measured by the Bureau of Labor Statistics354

(BLS) PPI for farm products, which captures upstream agricultural cost pressures that pass through355

most directly to FAH (rather than FAFH). Energy costs are measured by the BLS PPI for energy,356

reflecting production inputs, transportation, processing, and packaging costs that matter for both357

FAH and FAFH. Supply chain pressure is measured by the NY Fed’s Global Supply Chain Pressure358

Index (GSCPI)65; it summarizes disruptions such as bottlenecks, delivery delays, and scarcity of359

critical inputs—including pandemic-era transportation frictions like reduced availability of truck360

drivers19. Finally, we include sector-specific wage costs (average hourly earnings) to capture labor361

inputs: for FAH we use BLS series for grocery and food retail wages (series CEU4244500003), and362

for FAFH we use leisure and hospitality wages (series CES7000000008). This distinction reflects363

production technology: in restaurants, labor accounts for roughly 30% of operating costs, but labor364

is also an important cost component throughout the food distribution and retail network66–68.365

Demand-side channels366

On the demand side, we include four channels intended to capture broad macroeconomic forces367

that can shift willingness to pay for food, while separating global conditions, credit conditions, and368

household cash flow. Global real economic activity is measured by Kilian’s index constructed from369
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dry cargo shipping rates20; it captures the international business cycle and commodity-demand370

environment. Financial stress is measured by the GDP-adjusted National Financial Conditions371

Index from the Chicago Fed, which isolates credit availability and financial market stress from372

the business cycle; without it, credit booms and busts could be absorbed by aggregate demand or373

income measures. Fiscal stimulus is measured as the first principal component of three pandemic-374

era income support programs—excess unemployment insurance benefits relative to a 2015–2019375

baseline, economic impact payments, and the expanded child tax credit—all expressed per capita;376

this channel is meant to represent temporary, policy-driven cash inflows to household budgets.377

To capture the income channel for both FAH and FAFH, we use the Atlanta Fed’s median wage378

growth tracker69. Unlike average hourly earnings, the median wage tracker is constructed from379

micro data for continuously employed workers and is designed to measure underlying wage growth380

with less sensitivity to compositional shifts in employment and hours. This makes it a cleaner381

proxy for broad household income growth, the mechanism relevant for demand pressure in both382

grocery and restaurant spending.383

All channel variables are standardized as described above. Wages therefore appear on both sides384

of the decomposition, but they represent different mechanisms: wage growth proxies household385

income on the demand side, while sectoral wages proxy labor costs on the supply side. This is386

not double-counting. Stage 1 has already separated demand- and supply-driven components, so we387

focus on how labor market shocks operate through income and cost channels on different sides of388

the market.389

Bootstrap inference390

We quantify the precision of Shapley attributions using a moving block bootstrap70. We draw 1,000391

replications with a block length of 12 months, chosen to preserve the serial correlation structure392

of the monthly data. Each replication re-samples contiguous blocks from the original time series,393

re-estimates the OLS regression on the pseudo-sample, re-computes grouped Shapley values (with394

500 Monte Carlo draws per replication, sufficient for stable replication-level estimates given the395

smoothing across 1,000 replications), and records the resulting channel attributions. We extract396

the 16th/84th percentiles (68% confidence bands, analogous to ±1 standard error) and the 5th/95th397

percentiles (90% confidence bands) at each date. These bands reflect sampling uncertainty in both398
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the regression coefficients and the Shapley conditional expectations, but do not incorporate first-399

stage estimation error from the Shapiro VAR.400

Data availability401

All data used in this study are publicly available from the sources described in Methods. Processed402

datasets and replication code will be deposited in a public repository upon publication.403

Code availability404

All code is available from the corresponding author upon request and will be deposited in a public405

repository upon publication.406
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[3] Aytaç, S. E., McDowell, D. & Steinberg, D. A. Inflation and incumbent support: Experimental412

evidence from the 2024 us presidential election. British Journal of Political Science (2025).413

Published online 13 October 2025.414

[4] U.S. Bureau of Economic Analysis. Personal income and outlays, august 2022 and annual415

update (2022).416

[5] Furman, J. This inflation is demand-driven and persistent. Project Syndicate (2022).417

[6] Labonte, M. & Weinstock, L. Inflation in the wake of COVID-19. CRS Report, Congressional418

Research Service (2021).419

[7] de Soyres, F., Santacreu, A. & Young, H. Demand–supply imbalance during the COVID-19420

pandemic: the role of fiscal policy. Federal Reserve Bank of St. Louis Review 105 (2023).421

21



[8] Adjemian, M., Arita, S., Meyer, S. & Salin, D. Factors affecting recent food price inflation in422

the United States. Applied Economic Perspectives and Policy 46, 648–676 (2023).423

[9] Baek, J. & Koo, W. Analyzing factors affecting U.S. food price inflation. Canadian Journal424

of Agricultural Economics 58, 303–320 (2010).425

[10] Lambert, D. & Miljkovic, D. The sources of variability in U.S. food prices. Journal of Policy426

Modeling 32, 210–222 (2010).427

[11] Irz, X., Niemi, J. & Liu, X. Determinants of food price inflation in Finland—the role of energy.428

Energy Policy 63, 656–663 (2013).429

[12] Shapiro, A. Decomposing supply and demand driven inflation. Journal of Money, Credit and430

Banking (2024). Forthcoming.431

[13] Shapley, L. A value for n-person games. In Contributions to the Theory of Games, vol. 28 of432

Annals of Mathematics Studies, 307–317 (Princeton University Press, 1953).433

[14] Aas, K., Jullum, M. & Løland, A. Explaining individual predictions when features are de-434

pendent: more accurate approximations to Shapley values. Artificial Intelligence 298, 103502435

(2021).436

[15] Goyal, R., Adjemian, M. K., Glauber, J. & Meyer, S. Decomposing usda ending stocks forecast437

errors. Journal of Agricultural and Resource Economics 48, 260–276 (2023). URL https:438

//jareonline.org/articles/decomposing-usda-ending-stocks-forecast-errors/.439

[16] Headey, D. & Fan, S. Anatomy of a crisis: the causes and consequences of surging food prices.440

Agricultural Economics 39, 375–391 (2008).441

[17] Lin, F. et al. The impact of russia-ukraine conflict on global food security. Global Food Security442

36, 100661 (2023).443

[18] Arndt, C., Diao, X., Dorosh, P., Pauw, K. & Thurlow, J. The ukraine war and rising commodity444

prices: Implications for developing countries. Global Food Security 36, 100680 (2023).445

[19] U.S. Government Accountability Office. Food prices: Information on trends, factors, and446

federal roles (2023).447

22

https://jareonline.org/articles/decomposing-usda-ending-stocks-forecast-errors/
https://jareonline.org/articles/decomposing-usda-ending-stocks-forecast-errors/
https://jareonline.org/articles/decomposing-usda-ending-stocks-forecast-errors/


[20] Kilian, L. Not all oil price shocks are alike: disentangling demand and supply shocks in the448

crude oil market. American Economic Review 99, 1053–1069 (2009).449

[21] Brave, S. A. & Kelley, D. Introducing the chicago fed’s new adjusted national financial con-450

ditions index. Chicago Fed Letter 386, Federal Reserve Bank of Chicago (2017). Essays on451

Issues.452

[22] Autor, D., Dube, A. & McGrew, A. The unexpected compression: Competition at work in the453

low wage labor market. Working Paper 31010, National Bureau of Economic Research (2023).454

[23] Abdelrahman, H. & Oliveira, L. The rise and fall of pandemic excess savings. FRBSF Economic455

Letter (2023).456

[24] Kalaitzandonakes, M., Coppess, J. & Ellison, B. Lowering food prices: do consumers think457

politicians are able to reduce costs? farmdoc daily 14 (2024).458

[25] MacDonald, G. K. Logistics hubs hold food supply chains together. Nature Food 4, 548–549459

(2023).460

[26] Karakoc, D. B., Konar, M., Puma, M. J. & Varshney, L. R. Structural chokepoints determine461

the resilience of agri-food supply chains in the united states. Nature Food 4, 607–615 (2023).462

[27] Karakoc, D. B. & Konar, M. Trade-offs between resilience, sustainability and cost in the us463

agri-food transportation infrastructure. Nature Food 6, 401–409 (2025).464

[28] U.S. Department of Transportation. Biden-harris administration announces465

more than $703 million to improve port infrastructure. Briefing Room (press466

release) (2022). URL https://www.transportation.gov/briefing-room/467

biden-harris-administration-announces-more-703-million-improve-port-infrastructure.468

Accessed 2026-02-24.469

[29] Maritime Administration (MARAD). Biden-harris administration invests more470

than $653 million in ports to strengthen american supply chains. News-471

room (press release) (2023). URL https://www.maritime.dot.gov/newsroom/472

biden-harris-administration-invests-more-653-million-ports-strengthen-american-supply.473

Accessed 2026-02-24.474

23

https://www.transportation.gov/briefing-room/biden-harris-administration-announces-more-703-million-improve-port-infrastructure
https://www.transportation.gov/briefing-room/biden-harris-administration-announces-more-703-million-improve-port-infrastructure
https://www.transportation.gov/briefing-room/biden-harris-administration-announces-more-703-million-improve-port-infrastructure
https://www.maritime.dot.gov/newsroom/biden-harris-administration-invests-more-653-million-ports-strengthen-american-supply
https://www.maritime.dot.gov/newsroom/biden-harris-administration-invests-more-653-million-ports-strengthen-american-supply
https://www.maritime.dot.gov/newsroom/biden-harris-administration-invests-more-653-million-ports-strengthen-american-supply


[30] Maritime Administration (MARAD). Investing in america: Biden-475

harris administration announces nearly $580 million for ports. Newsroom476

(press release) (2024). URL https://www.maritime.dot.gov/newsroom/477

investing-america-biden-harris-administration-announces-nearly-580-million-ports.478

Accessed 2026-02-24.479

[31] Grants.gov. Port infrastructure development program (pidp): Fy 2025 notice of fund-480

ing opportunity. Funding opportunity listing (2025). URL https://www.grants.gov/481

search-results-detail/358404. Accessed 2026-02-24.482

[32] Maritime Administration (MARAD). Port infrastructure development grants (pidp): Fre-483

quently asked questions. Program FAQ page (2026). URL https://www.maritime.dot.gov/484

PIDP%20Grants/FAQs. Accessed 2026-02-24.485

[33] U.S. Army Corps of Engineers. Infrastructure investment and jobs act (iija): Supplemental486

work. Program page (2021). URL https://www.usace.army.mil/Missions/Civil-Works/487

Supplemental-Work/IIJA/. Accessed 2026-02-24.488

[34] USDA Agricultural Marketing Service. Resilient food systems infrastructure program (rfsi).489

Program page (2026). URL https://www.ams.usda.gov/services/grants/rfsi. Accessed490

2026-02-24.491

[35] U.S. Department of Transportation. Investing in america: Biden-harris ad-492

ministration announces more than $4.2 billion from the bipartisan infras-493

tructure law for transformational, national infrastructure projects. USDOT494

press release (2024). URL https://www.transportation.gov/briefing-room/495

investing-america-biden-harris-administration-announces-more-42-billion-bipartisan.496

Accessed 2026-02-24.497

[36] U.S. Department of Transportation. Investing in america: Biden-harris adminis-498

tration announces $1.8 billion in infrastructure grants across the country, putting499

more projects into the pipeline as part of our infrastructure decade. USDOT500

press release (2024). URL https://www.transportation.gov/briefing-room/501

24

https://www.maritime.dot.gov/newsroom/investing-america-biden-harris-administration-announces-nearly-580-million-ports
https://www.maritime.dot.gov/newsroom/investing-america-biden-harris-administration-announces-nearly-580-million-ports
https://www.maritime.dot.gov/newsroom/investing-america-biden-harris-administration-announces-nearly-580-million-ports
https://www.grants.gov/search-results-detail/358404
https://www.grants.gov/search-results-detail/358404
https://www.grants.gov/search-results-detail/358404
https://www.maritime.dot.gov/PIDP%20Grants/FAQs
https://www.maritime.dot.gov/PIDP%20Grants/FAQs
https://www.maritime.dot.gov/PIDP%20Grants/FAQs
https://www.usace.army.mil/Missions/Civil-Works/Supplemental-Work/IIJA/
https://www.usace.army.mil/Missions/Civil-Works/Supplemental-Work/IIJA/
https://www.usace.army.mil/Missions/Civil-Works/Supplemental-Work/IIJA/
https://www.ams.usda.gov/services/grants/rfsi
https://www.transportation.gov/briefing-room/investing-america-biden-harris-administration-announces-more-42-billion-bipartisan
https://www.transportation.gov/briefing-room/investing-america-biden-harris-administration-announces-more-42-billion-bipartisan
https://www.transportation.gov/briefing-room/investing-america-biden-harris-administration-announces-more-42-billion-bipartisan
https://www.transportation.gov/briefing-room/investing-america-biden-harris-administration-announces-18-billion-infrastructure
https://www.transportation.gov/briefing-room/investing-america-biden-harris-administration-announces-18-billion-infrastructure
https://www.transportation.gov/briefing-room/investing-america-biden-harris-administration-announces-18-billion-infrastructure


investing-america-biden-harris-administration-announces-18-billion-infrastructure.502

Accessed 2026-02-24.503

[37] Federal Railroad Administration. Investing in america: Biden-harris administra-504

tion announces $2.4 billion in new rail projects to improve safety, strengthen sup-505

ply chains and grow america’s freight and passenger rail networks. FRA press re-506

lease (2024). URL https://railroads.dot.gov/about-fra/communications/newsroom/507

press-releases/investing-america-biden-harris-administration-1. Accessed 2026-508

02-24.509

[38] Malone, T. & Staples, A. Regulatory restrictions are making food supply chain disruptions510

worse. The Hill (2021).511

[39] U.S. Food and Drug Administration. Temporary policy regarding certain food labeling re-512

quirements during the covid-19 public health emergency: Guidance for industry. Guidance513

document (PDF) (2020). URL https://www.fda.gov/media/138315/download. Accessed514

2026-02-24.515

[40] U.S. Food and Drug Administration. Foods program withdrawn or ex-516

pired guidance. FDA webpage (2024). URL https://www.fda.gov/food/517

guidance-documents-regulatory-information-topic-food-and-dietary-supplements/518

foods-program-withdrawn-or-expired-guidance. Accessed 2026-02-24.519

[41] Renkin, T., Montialoux, C. & Siegenthaler, M. The pass-through of minimum wages into u.s.520

retail prices: Evidence from supermarket scanner data. The Review of Economics and Statis-521

tics 104, 890–908 (2022). URL https://gspp.berkeley.edu/assets/uploads/research/522

pdf/The_Pass-Through_of_Minimum_Wages_into_US_Retail_Price.pdf. Ungated working-523

paper version available online.524
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Figure Legends613

Fig. 1 | Contributions of supply and demand to U.S. food price inflation, year-over-614

year. Panels show all food (a, b), food at home (FAH; c, d), and food away from home (FAFH; e,615

f), with and without precision labeling. Supply-driven contributions are shown in orange; demand-616

driven contributions in blue. Darker colors are measured more precisely; light gray represents617

ambiguous contributions. Recession periods (NBER) are shaded. The vertical sum of supply and618

demand contributions equals observed total food price inflation, by construction. Fig. 2 | Shap-619

ley value decomposition of supply-side food price inflation, year-over-year. a, FAH. b,620

FAFH. Channels: farm input costs, energy costs, supply chain pressure, and sectoral wage costs621

(grocery/retail for FAH; hospitality for FAFH). The dashed red line shows total supply-side in-622

flation. Fig. 3 | Bootstrapped Shapley value decomposition of supply-side food price623

inflation, year-over-year. a, FAH. b, FAFH. Lines show estimated channel contributions. Dark624

shading denotes the 68% confidence interval; light shading denotes the 90% confidence interval.625

Intervals are based on 1,000 12-month moving-block bootstrap replications with 500 Monte Carlo626

draws each. Fig. 4 | Shapley value decomposition of demand-side food price inflation,627

year-over-year. a, FAH. b, FAFH. Channels: aggregate demand (Kilian’s REA), financial stress628

(GDP-adjusted NFCI), fiscal stimulus (PC1 of pandemic-era transfers), and wage growth. The629

dashed red line shows total demand-side inflation. Fig. 5 | Bootstrapped Shapley value de-630

composition of demand-side food price inflation, year-over-year. a, FAH. b, FAFH. Lines631

show estimated channel contributions. Dark shading denotes the 68% confidence interval; light632

shading denotes the 90% confidence interval. Intervals are based on 1,000 12-month moving-block633

bootstrap replications with 500 Monte Carlo draws each.634
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Supplementary Notes635

A1 Conceptual Model: Identifying Supply and Demand Shocks636

Following Shapiro12, with quantity and price data for food category i, and facing supply curve637

slope βs and demand curve slope βd, running the vector autoregression (VAR) model:638

∆ ln pit

∆ ln qit

 =
J∑

j=1

Aij

∆ ln pi,t−j

∆ ln qi,t−j

+

upit
uqit

 (A1)

where pit and qit denote the price and quantity indices, and J lags produces reduced-form residuals639

upit and uqit. These residuals can be transformed to recover the structural supply and demand shocks640

εsit, ε
d
it, where:641

εsit = uqit − βdupit, (A2)

642

εdit = uqit − βsupit, (A3)

according to:643 upit
uqit

 =
1

βs − βd

 1 −1

βs −βd


εdit
εsit

 . (A4)

Restrictions on the sign of the supply and demand slopes specified in (A4) (consistent with basic644

economic theory) imply restrictions on both the signs of the reduced-form residuals and structural645

shocks64. That is, the relationship in equation (A4) indicates how unexpected time t shifts in646

price and quantity for different food categories reveals evidence about the existence and direction647

of category-level shocks. We categorize them as follows:648

Positive Supply Shock: upit < 0, uqit > 0 (A5)

Negative Supply Shock: upit > 0, uqit < 0 (A6)

Positive Demand Shock: upit > 0, uqit > 0 (A7)

Negative Demand Shock: upit < 0, uqit < 0 (A8)
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For a given food category i at time t, same-sign price and quantity residuals from equation (A1)649

represent a change in market equilibrium characterized primarily as a demand shock, while opposite-650

sign residuals represent an identified supply shock. Likewise, the sign of any demand or supply651

shock depends on the signs of the residuals. However, because the supply and demand curves can652

move simultaneously, using unexpected price and quantity changes in equations (A5)–(A8) is more653

accurately referred to as revealing what we term a “net” supply or demand shock. That is, the654

signs of the model residuals set-identify the net result of movements in either or both curves: being655

assigned a net shock means that the category experienced at least that labeled shock, as shown656

in Supplementary Note A2. In the case of simultaneous demand and supply curve shifts, the net657

shock reveals their combined influence.658

A1.1 Determining contributions to food price inflation659

Once time t shocks for each food category are segregated into net supply and demand shocks, they660

can be used to decompose observed food price inflation into the portion driven by each broad side661

of the market. Following Shapiro12, we specify indicator functions:662

⊮s
it =


1 if sign(upit) ̸= sign(uqit)

0 otherwise

, ⊮d
it =


1 if sign(upit) = sign(uqit)

0 otherwise

. (A9)

Then observed price inflation between t − 1 and t can be decomposed into supply-driven (πs
t )663

and demand-driven (πd
t ) components, each of which represents sums of category-level inflation—664

classified by type of shock—and weighted by their share of the overall consumption basket:665

πt = πs
t + πd

t , where πk
t =

∑
i

wi,t−1 ·∆pit · ⊮k
it, k ∈ {s, d}. (A10)

In this equation, wi,t−1 represents the share of time t − 1 expenditures on category i, while ∆pit666

is the percent change in price for category i between t − 1 and t. If the data are monthly, then667

the contributions to year-over-year inflation are their twelve-month running product, since inflation668

rates are multiplicative:669

Πk
12,t =

11∏
j=0

(
1 + πk

t−j

)
− 1, k ∈ {s, d}. (A11)
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A1.2 Precision thresholds670

In the baseline results, our estimates leave no space for uncertainty; all unexpected price and671

quantity shifts are classified as either a supply or demand shock. However, it may be the case672

that our model misidentifies these shocks if changes in price and quantity are small. To guard673

against that possibility, we define cutoff values for precision of identification. Small reduced-form674

residuals increase the risk of a mislabeling, so like Shapiro12 we re-interpret a given food category’s675

contribution to inflation as ambiguous if at least one of the residuals is within 0.025 food category-676

specific standard deviations from zero (the idea being that a residual close to zero does not provide677

enough evidence of a net shift in the supply or demand curve). We also report the relative precision678

of our contribution estimates, defining as less precise, mid precise, and more precise those non-679

ambiguous inflation contributions whose residuals exceeded a threshold of 0.025, 0.05, and 0.25 food680

category-specific standard deviations away from zero, respectively. As shown in Fig. 1, in addition681

to including the largest demand-driven contributions to inflation over the last thirty years, recent682

food price spikes also exhibit the most precisely-measured demand classifications. The darkest683

demand shading is most apparent in the food price rises observed in mid-2021 and 2022, just as684

Americans began to spend down the historic levels of excess savings they built up through fiscal685

stimulus during the pandemic lockdowns23. At the same time, more precisely-measured supply686

shocks became more important, as fertilizer prices increased ahead of (and then in response to)687

Russia’s invasion of Ukraine.688

A2 Net Shocks Are Set Identified689

Net supply or demand shocks in this article are identified by the sign pattern of the model residuals.690

Furthermore, they are set identified; they imply at least the existence of that type of shock. But691

simultaneous shocks can occur on both sides of the market. To show that the existence of a net shock692

requires an underlying structural shock of that type, we begin with the model in equations (A1)–693

(A4), suppress subscripts, and assume a no-shock prior period without loss of generality. For any694

subcategory of food the relationship between the structural shocks and reduced-form residuals is:695

up =
εd − εs

βs − βd
, uq =

βsεd − βdεs

βs − βd
. (A12)
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Inverting this system yields:696

εd = uq − βdup, εs = uq − βsup. (A13)

A positive net demand shock is assigned when up > 0 and uq > 0. Because βd < 0, this implies697

εd = uq − βdup > 0; that is, a positive net demand classification guarantees an underlying positive698

structural demand shock. However, the accompanying structural supply shock εs = uq −βsup may699

be positive or negative depending on magnitudes. Likewise, a negative net demand shock with700

up < 0 and uq < 0 implies εd < 0, while still permitting εs of either sign. Turning to the other side701

of the market, a positive net supply shock is assigned when up < 0 and uq > 0. Because βs > 0,702

this implies εs = uq − βsup > 0, but permits a demand shock of either sign. Similarly, a negative703

net supply shock (up > 0, uq < 0) implies εs < 0 while allowing εd to be positive or negative.704

Figure A1 illustrates the point graphically: both panels generate the same net demand shock, even705

though one accompanies a positive structural supply shock and the other a negative one. The key706

result is that set identification guarantees the presence (and sign) of the labeled shock type, even707

though it cannot rule out simultaneous shocks on the other side of the market.708

A3 Shapley value attribution: intuition709

We use Shapley’s value decomposition13,14 to allocate the fitted value ŷt across correlated macroe-710

conomic channels. During the pandemic, for example, wages, aggregate demand, and supply chain711

pressure all shifted sharply, and in an ordinary regression there is no single, natural way to decide712

how much of ŷt should be “credited” to each channel when predictors are correlated. Incremental713

exercises (like adding one channel at a time and tracking ∆R2) are inherently order-dependent.714

A Shapley approach addresses this directly. Fix a month t. Start from the baseline prediction715

for that month, which is the sample mean ȳ of the stage-1 component (that is, the normal level716

of inflation). Now consider adding the four channels to the model one at a time. Each ordering is717

one possible way in which the channels enter. Because the channels are correlated, the incremental718

change in the fitted value when (say) wages enter will generally depend on whether fiscal stimulus719

or aggregate demand has already entered. Shapley resolves this by repeating the exercise for every720
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(a) A net demand shock with εd > 0 and εs > 0.

(b) A net demand shock with εd > 0 and εs < 0.

Figure A1. Net shocks are set identified. Both panels generate up > 0 and uq > 0 (a net
demand shock), but each case permits a latent underlying supply shock of either sign.
Source: Authors’ illustration.
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possible entry order (with four channels, there are 4! = 24), recording the incremental change in721

the fitted value when each channel enters, and then averaging that increment across orders. That722

average is the Shapley contribution of the channel at month t. The decomposition therefore assigns723

each channel a share of the fitted component, with shares summing exactly (plus the residual),724

rather than relying on order-dependent measures like incremental ∆R2 or partial correlations.725

A4 Robustness of Shapley Attributions726

A4.1 Channel rankings727

Because small residuals increase the risk of mislabeling a shock, we evaluate the robustness of our728

results by comparing the baseline model against two increasingly strict filters: a “No Ambiguity”729

specification that removes marginal classifications, and a “Most Precise” specification that retains730

only the strongest inflationary pressure from each side of the market. If our core findings are robust,731

the relative importance of the macroeconomic channels should remain stable even as we filter the732

underlying data for shock precision.733

Table A1 confirms that they are. Each cell reports a channel’s share of total absolute Shapley734

attribution on that side of the market during the pandemic (2020–2023). Our attribution rankings735

do not change very much when we use more precisely-measured inflation shocks. On the supply736

side, sectoral wages and supply chain pressure account for roughly 70% of FAH attribution across737

all three specifications, with farm costs a stable third. For FAFH the same two channels dominate,738

though in reverse order: supply chain pressure leads, consistent with the different cost structures739

of grocery retail versus food service. Energy costs rank towards the bottom for both food types740

regardless of the filter applied.741

For the demand side, wage growth is the leading channel for both FAH and FAFH across all742

specifications, absorbing 31–36% of attribution. Fiscal stimulus is the next-largest identifiable743

channel: it ranks second under the baseline specification (24% for FAH, 27% for FAFH) and third744

under the stricter specifications, where the unexplained residual edges ahead of it. Aggregate745

demand is consistently fourth across all specifications, reflecting that the global business cycle was746

a secondary force during this episode. Although wage growth is the largest channel over the full747

pandemic window, our timing analysis (figure 4) shows that fiscal transfers were the dominant force748
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Table A1: Robustness of Shapley channel rankings across stage 1 specifications (pan-
demic 2020–2023).

Market Rank Baseline No ambiguity Most precise

Supply FAH
1st Sec. wages (37%) Sec. wages (38%) Sec. wages (40%)
2nd Supply chain pressure (32%) Supply chain pressure (32%) Supply chain pressure (30%)
3rd Farm costs (22%) Farm costs (21%) Farm costs (24%)
4th Residual (5%) Residual (5%) Energy costs (5%)
5th Energy costs (4%) Energy costs (4%) Residual (1%)

Demand FAH
1st Wage growth (34%) Wage growth (33%) Wage growth (36%)
2nd Fiscal (24%) Residual (25%) Residual (26%)
3rd Residual (23%) Fiscal (23%) Fiscal (23%)
4th Agg. demand (15%) Agg. demand (14%) Agg. demand (11%)
5th Fin. stress (4%) Fin. stress (5%) Fin. stress (4%)

Supply FAFH
1st Supply chain pressure (37%) Supply chain pressure (42%) Supply chain pressure (43%)
2nd Sec. wages (29%) Sec. wages (34%) Sec. wages (38%)
3rd Residual (14%) Farm costs (13%) Farm costs (13%)
4th Farm costs (13%) Residual (6%) Residual (6%)
5th Energy costs (6%) Energy costs (6%) Energy costs (0%)

Demand FAFH
1st Wage growth (31%) Wage growth (32%) Wage growth (32%)
2nd Fiscal (27%) Residual (30%) Residual (31%)
3rd Residual (25%) Fiscal (19%) Fiscal (20%)
4th Agg. demand (13%) Agg. demand (13%) Agg. demand (12%)
5th Fin. stress (4%) Fin. stress (5%) Fin. stress (5%)

Notes: Values in parentheses represent the channel’s percentage share of the total absolute inflation contribution on
that side of the market for the specified 12-lag model.
Source: Authors’ calculations using BEA, FRED (Federal Reserve Bank of St. Louis), Federal Reserve Bank of New
York, and BLS data.

in the early phase (2021–mid-2022) before income persistence took over through 2023. Financial749

stress ranks last in nearly every model and specification, confirming that food demand is more750

responsive to household cash flow than credit conditions. The demand-side residual is notably751

larger for FAFH (25–31%) than for FAH (23–26%), consistent with the main text’s observation752

that restaurant spending is shaped by difficult-to-capture behavioral factors.753

A4.2 Bootstrap confidence levels754

Table A2 reports the percentage of pandemic months (2020–2023) in which each channel’s bootstrap755

confidence interval excludes zero, across the three stage 1 specifications, at both the 68% and 90%756

confidence levels. Three broad patterns stand out.757
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First, attributions are estimated more precisely for the supply side than the demand side–their758

CIs include zero less often. This is intuitive: our supply channels include farm costs, energy costs,759

and supply chain pressure are measured by producer price indices and logistics indicators; they760

connect directly to production costs, leaving less room for omitted behavioral variation. On the761

demand side, the link between macroeconomic conditions and consumers’ willingness to pay for762

food is noisier—shaped by savings behavior, expectations, and idiosyncratic spending decisions763

that our four channels cannot capture as smoothly. The larger demand-side residual (see Table A1)764

reflects this, and wider confidence bands follow naturally. Even so, fiscal stimulus—the most765

directly measurable demand channel, constructed from observed per-capita transfer payments—766

excludes zero at the 68% level in roughly four out of every five pandemic months for FAH (79–83%767

across specifications) and at the 90% level in 35–58% of months. This is the strongest demand-768

side result in the table, and consistent with the fact that transfers are concrete, measurable cash769

infusions (relative to a baseline) rather than an indirect proxy for purchasing power. Second, FAFH770

attributions are less precise than FAH attributions on both sides of the market. Restaurant spending771

is inherently discretionary, more sensitive to local conditions, and more shaped by behavioral forces772

(format mix, tipping norms, delivery platform adoption) than grocery store buying. Those factors773

are more difficult to capture with our macroeconomic channels, so their attributions are as a result774

less precise. For FAFH supply, sectoral wages are the exception: they exclude zero at the 90% level775

in 67–79% of months regardless of specification, consistent with labor being the single largest and776

most directly observable cost input for restaurants. Supply chain pressure is also reliably significant777

under the baseline and no-ambiguity specifications. For FAFH demand, fiscal stimulus excludes778

zero at the 68% level in 38–65% of months across specifications, and wage growth in 35–40%—each779

consistent with the channel rankings above—but neither excludes zero at the 90% level in any780

meaningful share of months, likely because unexplained variation in restaurant demand widens the781

bands around every channel in the model.782

Third, financial stress includes zero at the 90% level in nearly all months across all specifications783

and both food types. Quite apart from imprecision, it is a precisely estimated zero. Once we control784

for cash flow (through wage growth and fiscal stimulus), our model results indicate that credit785

conditions, asset prices, and financial market stress do not help explain food demand variation.786

38



Table A2: Bootstrap significance across stage 1 specifications (percentage of pandemic
months, 2020–2023).

68% Confidence Interval 90% Confidence Interval

Market Channel Baseline No Amb. Most Prec. Baseline No Amb. Most Prec.

Supply FAH
Farm costs 58% 56% 56% 48% 48% 50%
Energy costs 65% 62% 67% 46% 46% 56%
Supply chain pressure 79% 79% 79% 62% 62% 56%
Sec. wages 81% 77% 73% 46% 44% 58%

Demand FAH
Agg. demand 56% 42% 48% 31% 29% 10%
Fin. stress 19% 19% 35% 0% 2% 0%
Fiscal 81% 79% 83% 56% 58% 35%
Wage growth 42% 40% 44% 29% 25% 31%

Supply FAFH
Farm costs 25% 29% 50% 4% 10% 4%
Energy costs 12% 15% 56% 2% 4% 2%
Supply chain pressure 79% 77% 69% 44% 62% 0%
Sec. wages 81% 83% 90% 67% 77% 79%

Demand FAFH
Agg. demand 56% 48% 46% 25% 23% 0%
Fin. stress 27% 35% 38% 0% 0% 0%
Fiscal 54% 38% 65% 0% 0% 2%
Wage growth 35% 35% 40% 0% 0% 0%

Notes: Values indicate the percentage of pandemic months where that channel’s indicated bootstrap confidence
interval excludes zero for the baseline, 12-lag model.
Source: Authors’ calculations using BEA, FRED (Federal Reserve Bank of St. Louis), Federal Reserve Bank of New
York, and BLS data.

A4.3 Lag length in stage 2787

Comparing Shapley models using 6, 12 (baseline), and 18 monthly lags offers insight into how788

quickly different macroeconomic channels transmit food price pressure. Modifying lags this way789

reveals a clear distinction between fast- and slow-transmitting channels. Channels that transmit790

quickly will account for a consistent share of attribution even with a short lag window; channels791

that operate with long delays gain attribution share as the stage 2 lag window expands. Table A3792

reports absolute attribution shares during the pandemic under each lag specification, at a monthly793

frequency, along with a column that indicates the change in share from the shortest to the longest794

window.795

Two channels transmit quickly. Supply chain pressure accounts for half or more of our supply-796

side attribution at 6 lags for both FAH (54%) and FAFH (50%), and its share declines as the797
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Table A3: Lag sensitivity (pandemic 2020–2023).

Market Channel 6 lags 12 lags 18 lags ∆(6→18)

Supply FAH
Farm costs 2% 22% 27% +25 pp
Energy costs 4% 4% 9% +5 pp
Supply chain pressure 54% 32% 35% −19 pp
Sec. wages 33% 37% 26% −7 pp
Residual 8% 5% 3% −5 pp

Demand FAH
Agg. demand 13% 15% 19% +6 pp
Fin. stress 2% 4% 5% +3 pp
Fiscal 10% 24% 29% +19 pp
Wage growth 27% 34% 29% +1 pp
Residual 47% 23% 19% −29 pp

Supply FAFH
Farm costs 0% 13% 19% +19 pp
Energy costs 1% 6% 12% +11 pp
Supply chain pressure 50% 37% 38% −11 pp
Sec. wages 23% 29% 27% +4 pp
Residual 25% 14% 3% −23 pp

Demand FAFH
Agg. demand 12% 13% 16% +4 pp
Fin. stress 2% 4% 2% +0 pp
Fiscal 19% 27% 31% +12 pp
Wage growth 24% 31% 22% −2 pp
Residual 43% 25% 28% −15 pp

Notes: Values represent the average attribution shares of each channel during the pandemic period. The ∆(6 → 18)
column displays the percentage point change in attribution when expanding the model’s lag window from 6 to 18
months.
Source: Authors’ calculations using BEA, FRED (Federal Reserve Bank of St. Louis), Federal Reserve Bank of New
York, and BLS data.

window expands—indicating that logistics disruptions pass through to food prices within months.798

Aggregate demand is similarly stable across lag lengths on the demand side (13–19% for FAH, 12–799

16% for FAFH), consistent with the global business cycle operating through commodity markets800

and trade flows that adjust relatively rapidly.801

Two channels transmit slowly. Fiscal stimulus accounts for 10% of FAH demand attribution802

and 19% of FAFH demand attribution at 6 lags but grows to 29% and 31%, respectively, at 18803

lags. This is intuitive: households receive transfers, accumulate savings, and draw them down over804

time—a behavioral process that a 6-month window is too narrow to fully capture. Farm input805

costs show a strikingly similar pattern on the supply side, rising from 2% to 27% for FAH as the806

lag window expands, consistent with the delay in agricultural commodity pass-through to retail807
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shelves.808

A final point offers a key robustness result: shortening the lag length does not shuffle attribution809

between the named channels. Instead, it pushes more variation into the unexplained residual. For810

demand FAH, moving from 6 to 12 to 18 lags reduces the residual attribution from 47%, to 23%, to811

19%; the pattern is similar across all four models. The model’s explanatory power increases steadily812

as the lag window rises, confirming that longer transmission horizons capture a more complete813

picture of the macroeconomic forces associated with food price inflation, without changing which814

channels matter most.815

A4.4 Monte Carlo convergence and bootstrap parameters816

Calculating exact Shapley values requires evaluating the model’s expected prediction across all817

possible combinations of predictor variables. When a variable is excluded from a given combination,818

its effect must be integrated out using its conditional distribution given the included variables.819

Because these conditional expectations generally lack closed-form solutions, we approximate them820

using Monte Carlo integration under a Gaussian copula assumption14.821

For our baseline (point-estimate) Shapley attributions, we use 5,000 Monte Carlo draws per822

observation. To verify that this is sufficient, we compared a 1,000-draw run to the 5,000-draw823

baseline: the maximum deviation across all channel-period combinations was 0.018 percentage824

points, confirming full algorithmic convergence. For the bootstrap confidence bands we use 1,000825

block-bootstrap replications with 500 Monte Carlo draws per replication. Within each replication826

500 draws is sufficient because the bootstrap percentiles aggregate Shapley estimates across 1,000827

replications: per-replication Monte Carlo noise averages out, and reducing the per-replication draw828

count delivers a roughly tenfold reduction in run-time while keeping band widths stable.829

A5 Limitations830

We take stage 1 VAR supply and demand share results as given rather than estimating them with831

uncertainty and propagating that uncertainty into the Shapley decomposition. As a result, the832

bootstrap confidence bands address only second-stage sampling variability. This treatment follows833

established practice in the supply–demand decomposition literature: Shapiro12 reports the stage 1834
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classification as a point estimate without confidence bands, and related applications using the same835

identification strategy proceed similarly.836

Moreover, two features mitigate the consequences of this approach. First, our central conclusions837

rest on cross-episode contrasts (the Global Financial Crisis versus the pandemic) and cross-channel838

relative attributions, both of which are robust to stage 1 sampling uncertainty: the qualitative dif-839

ferences between episodes are large enough to overcome classification noise. Second, our robustness840

analysis in Supplementary Note A4 confirms that leading channel rankings are stable to varying841

the stage 1 precision thresholds. Bootstrap bands we report should therefore be interpreted as a842

lower bound on total uncertainty. Finally, our stage 2 approach naturally omits possible channels843

that could help explain inflationary pressure; we represent them with a residual. Although not844

an exhaustive list, candidate omitted factors include consumer sentiment, inflation expectations,845

pandemic behavioral shifts, and trade policy.846
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