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Do Deficits Cause Inflation?

Fiscal stimulus worth 13% of US GDP in Dec ’20 and Mar ’21, inflation rose to 8%

Empirical debate: some find deficits important for ’20s inflation [e.g. Barro & Bianchi ’23]

• Others—deficits not important [e.g. Bernanke & Blanchard ’23]

Empirical challenge: usual omitted variable concern [e.g. oil, supply bottlenecks, pandemic]

• Especially hard with single, episode specific shocks

Single episodes influential for macro theories [e.g. Great Depression, 60s-80s Inflation, Post Pandemic]

This paper: high frequency narrative approach for causal effect of deficits on inflation
• Narrative measure of shock: deficit news from key event [Friedman & Schwarz ’67]

• High frequency response: inflation expectations from asset prices [Gurkaynak et al ’05]

Advantage: causal effect of single episode specific shocks
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A High Frequency Narrative Approach: 2021 Georgia Senate Runoffs

Narrative identification of event: 2021 Georgia Senate Election Runoffs

Narrative measure of shock: deficit news from Georgia

High frequency response: inflation expectation from intraday swap prices

Combining narrative + high frequency: inflation multiplier + overall effect of ’21 deficits

Bottom line: ’21 deficits caused intermediate share of ’21 + ’22 inflation (≈ 30%)
→ Deficits important for inflation but not only cause

Loose monetary policy important: short term nominal rates unchanged after runoff
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• New hand collected data: time-stamped information from 20 investment banks
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Narrative identification of event: 2021 Georgia Senate Election Runoffs

Narrative measure of shock: deficit news from Georgia

High frequency response: inflation expectation from intraday swap prices
• Main identification strategy: single event study around election

• Also: regression w/ daily beliefs of Dem. victory from betting markets
• Advantage: excludes lower frequency omitted variables
• Result: expected price level increase of 0.38% over 2 years [persistent effect on inflation]

• Dividend futures + forecast revisions suggest strong real GDP growth
• Robustness: Capitol Hill Riots
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Narrative identification of event: 2021 Georgia Senate Election Runoffs

Narrative measure of shock: deficit news from Georgia

High frequency response: inflation expectation from intraday swap prices

Do deficits cause inflation?
• Many models: shocks to inflation expectations pass through to inflation via Phillips Curve

[e.g. Coibion et al ’18; Werning ’22; Beaudry et al ’24; Bigio et al ’24]
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• Evidence: response of expectations to shocks ≈ unbiased [Coibion & Gorodnichenko method]
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Inflation multiplier: 0.18% price level growth per 1% deficit-to-GDP shock
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Standard Models and the Inflation Multiplier

Can standard models quantitatively match the inflation multiplier? [Angeletos et al ’24]

• Post-Pandemic inflation + ’21 deficits = powerful test of model

Simple Heterogeneous Agent New Keynesian (HANK) model [Wolf ’21, Angeletos et al ’23]

• Calibrate to pre 2020 data incl. flat but upward sloping Phillips Curve [Hazell et al ’22]

• Inputs: “deficit bundle” of interest rates + spending + transfers + debt
• From narrative + high frequency info

Bottom line: standard model matches size + dynamics of post-Pandemic inflation multiplier
• Loose monetary policy important

Interpretations:
• HANK model “passes the market test”
• Stronger claim: HANK rationalizes response of inflation to deficits
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Literature

High frequency + narrative identification. (Friedman & Schwarz ’67, Romer & Romer ’89, Ramey & Shapiro ’98,
Velde ’09; Romer & Romer ’10, Ramey ’11, Mertens & Ravn ’13; Coglianese et al ’23; Gurkaynak et al ’05, Krishnamurthy
& Vissing-Jorgensen ’11, Gertler and Karadi ’15, Nakamura and Steinsson ’18, Bahaj ’20, Kaenzig ’21, ’23)

• Combine high frequency and narrative identification

• Causal effect of single episode specific shocks [e.g. Biden stimulus + Post pandemic inflation]

Cause of Post Pandemic Inflation. (Reis ’22, Bai et al ’23, Bernanke & Blanchard ’23, Gertler & Gagliardone ’23,
Guerrieri et al ’23, di Giovanni et al ’23; Benigno & Eggertsson ’23, Bianchi et al ’23, Bianchi & Barro ’23, Cerrato & Gitti
’23, Gitti ’23, Benigno & Eggertsson ’23; Cochrane, ’22; Barro and Bianchi, ’23; Bianchi, Faccini, and Melosi, ’23; Kaplan,
Nikolakoudis & Violante ’24; Beaudry, Hou & Portier ’24; Bigio, Caramp & Silva ’24)

• Causal evidence that deficits explain intermediate share of ’21-’22 inflation
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Data

Asset prices:
• Intraday risk neutral inflation expectations

• 1, 2, 5 and 10 year inflation expectations from swaps (= contract on future inflation)
• Inflation risk premium is stable over this period [Cieslak & Pflueger ’23, Cleveland Fed]

• Intraday dividend futures 1, 2 years ahead [Gormsen & Koijen ’20]

• Intraday zero coupon yield curve for US Treasuries

Election odds from PredictIt—online exchange w/ traders betting on public events
• End-of-day and tick-by-tick probabilities associated with Georgia Senate election runoff
• Supplement with additional info. from BetFair

New narrative data from investment banks
• Source: investment banks + similar, 20 sources [e.g. Goldman Sachs, Bloomberg, Moody’s]

• Hand collected via contacting each bank
• Reports around events, distributed to market participants, time stamped, narrative detail
→ Proxy for markets’ beliefs
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Reports as a Proxy for Market Beliefs

Email distribution

Narrative information

Time stamp
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High Frequency Narrative Approach

Narrative

Shock

High frequency 
asset prices

Response

Account for 
mechanisms

Structural Model

response
shock

Reduced Form Multiplier
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Narrative Identification of Event: 2021 Georgia Senate Election Runoffs

Mar ’20: CARES Act $2.2 trillion≈ 10.3% of GDP

Nov ’20: Biden elected, Democrats with 48 Senate seats
• 2 Georgia Senate seats to be decided in Jan 5

Nov ’20 Election

Jan 5 ’21 Georgia Runoff
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• Not pivotal for non-fiscal legislation (requires 60 votes)

Dec ’20: Bipartisan stimulus, $900 billion, 4.2% of GDP

Outcome of Georgia: Jan 5—election day
• Jan 6 afternoon—Capitol Hill Riots
• Jan 7—both Democrats declared victors

Democrat legislation:
• Mar ’21: American Rescue Plan, $1.8 trillion, ≈ 8.4% of GDP
• Aug ’22: approx. deficit-neutral Inflation Reduction Act

Nov ’20 Election

Dec ’20 Bipartisan Bill

Jan 5 ’21 Georgia Runoff

Jan 6 ’21 Capitol Hill Riots

Jan 7 ’21
Democrats Declared
Victors

March ’21
American Rescue
Plan

Aug ’22 Inflation Reduction
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Narrative Measure of Shock to News About Deficits

What was the shock to expected fiscal deficits due to Georgia runoff?
• Challenge: need counterfactual beliefs if either Democrats or Republicans were to win
• Search hand collected data from 20 investment banks, one week window around election

Needed: E[stimulus|Democrat win], P(Democrat win), E[stimulus|Divided govt.]

• E[stimulus|Democrat victory] is $900 billion Table

• P(Democrat victory) ≈ 0.5

• E[stimulus|Republican victory] is zero

→ $450 billion of fiscal news after Democrat victory, 2.1% of 2020Q4 annualized GDP

Additional info:
• Expected: stimulus is deficit financed Table

• 70% transfers [rebates + unemployment insurance], 30% spending [state + local aid] Table

Additional policy: delayed + tax financed infrastructure [quantitatively unimportant]
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Needed: E[stimulus|Democrat win], P(Democrat win), E[stimulus|Divided govt.]
• E[stimulus|Democrat victory] is $900 billion Table

• P(Democrat victory) ≈ 0.5
Median of 5 banks
Deutsche Bank: “The web now has sites suggesting odds are only 52% in favour of the
Republicans maintaining control of the Senate—so a bit of a toss-up.”
— 4th January ’21

+ Additional evidence from betting markets + polling data Table

• E[stimulus|Republican victory] is zero
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Main Outcome of Democrat Victory is Stimulus

Darker = more likely, Larger = mentioned by more investment banks

Main outcomes: stimulus, tax + infrastructure
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High Frequency Response of Inflation Forecasts

• High frequency response of inflation expectations from swaps
→ Eliminates lower frequency omitted variables [e.g. oil shocks, post pandemic bottlenecks]

• Single event study: around Georgia shock, asset price yt follows process [MacKinlay ’97]

yt =

{
εt if t < T

εt +αt if t > T

αt is causal effect of election, εt is “typical” movement [e.g. liquidity shock]

• Estimated causal effect: α̂T+j = yT+j −ET

[
yT+j |{αT+k}= 0

]
• Construct expectation using ARIMA estimated before T (selected via Akaike Criterion)

• Identification assumption: distribution of εt did not change just before vs. just after T
→ No other “atypical” shocks just after Senate election
... But typical shocks “allowed”
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• Single event study: around Georgia shock, asset price yt follows process [MacKinlay ’97]

yt =

{
εt if t < T

εt +αt if t > T

αt is causal effect of election, εt is “typical” movement [e.g. liquidity shock]

• Estimated causal effect: α̂T+j = yT+j −ET

[
yT+j |{αT+k}= 0

]
• Construct expectation using ARIMA estimated before T (selected via Akaike Criterion)

• Identification assumption: distribution of εt did not change just before vs. just after T
→ No other “atypical” shocks just after Senate election
... But typical shocks “allowed”
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How Wide Should the Event Window Be?

Key decision: event window should capture effect but exclude omitted variables

Event window from beginning of January 5th to end of January 7th in baseline
• Inflation swaps take 2-3 days to incorporate fundamental information [Bahaj et al 2023]

• Goldman Sachs: “democratic senate control looks likely” — January 6th, 2:01 AM
• Similar in high frequency betting data Details

• Start on morning of election to include “pre-announcement drift” Details

• Narrative evidence: Georgia main shock to asset prices until payroll release on January 8th
• Goldman Sachs: “The Georgia senate runoff results remain the key event of the week for

rates, notwithstanding the pandemic-driven drop in December payrolls.” — January 8th
• Consistent with Bloomberg intraday “data surprise” index Details

Potential confounder: January 6th Capitol Hill Riots
• Robustness: end event window at 2PM on January 6th + other robustness to come
• Bloomberg daily “round up”: no other significant events Details
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Event Study: Causal Effect of Georgia Shock on Inflation Expectations
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Event Study: Causal Effect of Georgia Shock on Inflation Expectations

First

Jan 5

2pm

Jan 6

Last

Jan 7

Estimate at 2 PM on
Jan. 6: 0.18 (0.04)

Estimate at close of
Jan. 7: 0.38 (0.05)
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Dynamics: Causal Effect of Georgia Shock on Inflation Expectations
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Dividend Futures + Investment Banks: Positive Growth (“Demand Shock”)

First
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Estimate at 2 PM on
Jan. 6: 1.23 (0.51)

Estimate at close of
Jan. 7: 3.32 (0.51)
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2 year nominal dividend future ≈ forecast of 2 year nominal dividends Details Additional Results

→ Increase in ’22 real GDP of ≈ 1.9% [Gormsen & Koijen ’20]

After runoff: median investment bank raises ’22 output forecast by 1.8%
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Robustness: Capitol Hill Riots

1. Similar results excluding January 6th riots

2. Inflation forecast remains high after Riots disperse

3. Real outcomes suggest expansionary shock

4. Narrative evidence from news: Capitol Hill Riots not important for asset prices

5. Credit default swaps did not respond Details
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Robustness: Capitol Hill Riots

  
“The markets appear to be putting zero probability on the U.S. becoming a banana republic ...
[o]n Jan. 6, as a mob stormed the Capitol, the S&P 500 merely trimmed its gains.”
— Bloomberg Economics, January 19th ’21

5. Credit default swaps did not respond Details
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Causal Effect of Georgia Shock: Identification Strategies

1. Single event study

• Drawback: relies on a single, high-powered observation

2. Regression specification ←
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Identification Strategy: Daily Democrat Win Probability

Motivation:

• Variation over November-January in probability of Democrat victory in Georgia

• Markets paid close attention Barclays Example

Daily probability of Democrat victory from betting markets as measure of fiscal news

yt = α +βprobabilityt−1+ εt ,

• probabilityt−1 is daily probability of Democrat victory from PredictIt

• Sample: one week after November presidential election to one week after Georgia runoff

• Identification assumption: macro news does not cause P(Democrat Victory)
+ No correlated macro shocks
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Regression: Causal Effect of Georgia Shock on Inflation Expectations

Full Sample Regression: 1.39 (0.14)
Pre Jan 5 Regression: 5.4 (0.59)
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Comparison across strategies: regression ≈ 40% larger than single event study Table + Robustness

• Robustness: IV with polls, controls, differences
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High Frequency Narrative Approach

2.1% of GDP

Narrative Shock
High Frequency 

Response

:

0.38%, 2 years

𝔼ΔPrice Level

response
shock

Reduced Form Multiplier
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Do Deficits Cause Inflation?

Two possibilities so far ...

1. Many models: shocks to inflation expectations pass through to inflation via Phillips Curve
[e.g. Coibion et al ’18; Werning ’22; Beaudry et al ’24; Bigio et al ’24]

→ These models + our evidence: deficits cause inflation Household vs. Markets

2. Stronger claim: if response of expectations to shocks is unbiased [“wisdom of the crowds”]

• Then ∆inflation expectations/∆deficits≈ E[∆actual inflation]/∆deficits
→ From high frequency response of expectations to (low frequency) response of actual inflation
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Evidence: Inflation Expectations as an Unbiased Forecast

Standard test: is response of expectations to shocks unbiased? [Coibion & Gorodnichenko ’15]

πt,t+1−Ftπt,t+1 = α +β (Ftπt,t+1−Ft−1πt,t+1)+ εt

• πt,t+1 = year-over-year CPI inflation, sample: 2004-2023
• Ftπt,t+1 = forecast of πt,t+1 from swaps, Ft−1πt,t+1 = forecast of πt,t+1 a year earlier
• If β = 0, revisions do not predict errors → inflation forecast likely unbiased

Estimates: β = 0.05 (0.3) [cf. professional forecasters]

• Additional tests: Mincer-Zarnowitz & serial correlation of forecast errors
2019-2023 estimates + additional

Implication:
• Use response of expectations to learn about response of actual inflation
• Next section takes this approach
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Narrative + High Frequency:
Effect of ’21 Deficits on Inflation
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Combining Narrative + High Frequency: the Inflation Multiplier

2.1% of GDP

Narrative Shock
High Frequency 

Response

Inflation Multiplier
1% deficit/GDP: 


 0.18% over 2 yearsΔPrice Level

:

0.38%, 2 years

𝔼ΔPrice Level

  

Assumes: Δinflation forecast/Δdeficits ≈ Δactual inflation/Δdeficits
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Combining Narrative + High Frequency: the Inflation Multiplier

Inflation Multiplier
1% deficit/GDP: 


 0.18% over 2 yearsΔPrice Level

13% of GDP [Dec ’20 + Mar ’21 stimulus]  0.18 [inflation multiplier]


= 2.3%  over ’21-’22
×

ΔPrice Level

Extrapolation: Effect of Deficits on ’21-’22 Inflation
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Combining Narrative + High Frequency: the Inflation Multiplier

Inflation Multiplier

Explains 30% of ’21-’22 inflation 
 Deficits important but not only cause→

Extrapolation: Effect of Deficits on ’21-’22 Inflation

13% of GDP [Dec ’20 + Mar ’21 stimulus]  0.18 [inflation multiplier]


= 2.3%  over ’21-’22
×

ΔPrice Level

1% deficit/GDP: 

 0.18% over 2 yearsΔPrice Level
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Combining Narrative + High Frequency: the Inflation Multiplier

Inflation Multiplier

Explains 30% of ’21-’22 inflation 
 Deficits important but not only cause→

13% of GDP [Dec ’20 + Mar ’21 stimulus]  0.18 [inflation multiplier]


= 2.3%  over ’21-’22
×

ΔPrice Level

1% deficit/GDP: 

 0.18% over 2 yearsΔPrice Level

’21 Deficits + ’20 CARES Act 

explains 50% of ’21-22 inflation

Extrapolation: Effect of Deficits on ’21-’22 Inflation
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Loose Monetary Policy Important: Short Term Rates Unchanged

First
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2pm
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But long term rates rise [cf. Mian, Straub & Sufi 2024] Long Term Rates + Robustness

• Real rate multiplier of 0.1pp per 1% deficit-to-GDP shock (5 year - 5 year forward) 22 / 29



Can HANK Models Match the Inflation
Multiplier?
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Can HANK Models Match the Inflation Multiplier?

Can HANK models match the inflation multiplier?
• Qualitatively, yes. But quantitatively ...?
• ’21 deficits + post-Pandemic inflation = powerful test of the model

Simple + standard Heterogeneous Agent New Keynesian (HANK) model:
• Fraction µ of hand to mouth households
• Fraction 1−µ of overlapping generation households with mortality risk

Accurate approximation to richer HANK model [Wolf 2021, Angeletos et al 2023]

• New Keynesian Phillips Curve for wages

In model: evaluate inflation multiplier after “deficit bundle” from Georgia runoff
• Standard calibration to pre 2020 data [Hazell et al 2022; Angeletos et al 2023]

Results:
• Model quantitatively matches size + persistence of inflation multiplier
• Loose monetary policy key mechanism for multiplier
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A Simple Heterogeneous Agent Model

Environment:
• Fraction µ hand to mouth: consume after tax income CH,t =WtNH,t −TH,t

• Fraction 1−µ of OLG households with survival probability φ [Wolf ’21; Angeletos et al ’23]

max
{Ci ,Ai}

Et

+∞

∑
j=0

(βφ)j

C
1− 1

σ

i ,t+j −1

1− 1
σ

−
N

1+ 1
ϕ

i ,t+j

1+ 1
ϕ

 s.t.Ci ,t+Ai ,t =
1
φ

1+ it−1

Πt
Ai ,t−1+WtNi ,t−Ti ,t+Zi ,t

• Market clearing: Yt = Ct +Gt

• Sticky wages: πt = κ

(
yt − ϕ

ϕ+σ
Css
Yss

gt

)
+βEtπt+1 [Phillips Curve]

Policy: government sets {it ,Tt ,T
H
t ,Gt}∞

t=0 s.t. budget constraint
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Calibration and Modelling ’21 Deficit Shock

Standard calibration to pre 2020 data: Calibration Details

• Calibrate consumption block to target intertemporal MPC [Fagereng et al ’21; Auclert et al ’23]

• Flat but positively sloped Phillips Curve [Hazell et al ’22]

Main exercise: evaluating inflation response implied by model to “deficit bundle” from Georgia

Measuring policy shock {it ,Tt ,T
H
t ,Gt}∞

t=0

• Deficit size + composition (i.e. G vs. T) from narrative reports

• Timing of spending from realized American Rescue Plan [Edelberg & Sheiner ’21]

• Debt repayment from long term interest rates + Congressional Budget Office debt forecast

• Nominal interest rate shocks from high frequency response of interest rates

• Assume economy in steady state after 10 years
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Model Quantitatively Matches Size + Persistence of Inflation Multiplier
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Key Mechanism for Inflation Response: Loose Monetary Policy

Counterfactual: Fed follows historical policy rule [Orphanides & Williams 2002, Campos et al 2024]

→ it = it−1+φπ πt φπ = 1.5
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Interpretation of the Model Results

1. HANK “passes the market test”: market agrees w/ HANK about how inflation affects deficits

2. Stronger claim: HANK rationalizes response of inflation to deficits
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Conclusion
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Conclusion

This paper: high frequency narrative approach for causal effect of deficits on inflation

• Narrative measure of shock: deficit news from key event

• High frequency response: inflation expectations from asset prices

Bottom line:

• Dec ’20 + Mar ’21 stimulus explains intermediate share of ’21-’22 inflation

→ Deficits important for inflation but not only cause

High frequency narrative approach estimates causal effect of single episode specific shocks

• In principle applicable to other influential episodes
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Betting Markets Return
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High Frequency Betting Data Return
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Swaps IV - 1 Year

Full Sample Regression: 0.87 (0.09)
Pre Jan 5 Regression: 3.42 (0.4)
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Swaps IV - 5 Years

Full Sample Regression: 2.12 (0.22)
Pre Jan 5 Regression: 8.24 (0.91)
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Swaps IV - 10 Years

Full Sample Regression: 2.84 (0.34)
Pre Jan 5 Regression: 12.3 (1.6)
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Dividends IV - 1 Year

Full Sample Regression: 6.06 (0.73)
Pre Jan 5 Regression: 17.14 (3.55)
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Dividends IV - 2 Years

Full Sample Regression: 9.69 (1.07)
Pre Jan 5 Regression: 27.2 (3.72)
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Betfair Regular IV - 2 Years

Full Sample Regression: 1.01 (0.14)
Pre Jan 5 Regression: 2.14 (0.82)
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Coefplot IV Full Model Swaps
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Swaps Single Event Study - 1 year
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Estimate at 2 PM on
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Swaps Single Event Study - 5 Years
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Estimate at 2 PM on
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Swaps Single Event Study - 10 Years
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Estimate at 2 PM on
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Dividends Single Event Study - 1 Year Return
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Long Term Interest Rates Event Study Return
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Regression: Causal Effect of Georgia Shock on Short Term Rates

Full Sample Regression: 0.01 (0)
Pre Jan 5 Regression: −0.01 (0.02)
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Regression: Causal Effect of Georgia Shock on Long Term Rates

Full Sample Regression: 0.47 (0.04)
Pre Jan 5 Regression: 0.9 (0.15)
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Credit Default Swaps Return
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Surprise Index Hourly Return
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Event Study: Percent increase in the price level from inflation swaps

Return
Overall outcome: Percent increase in the price level from inflation swaps

Panel A: Percent increase over 1 year

Jan 7, non Stationary Jan 6, non Stationary Difference Jan 7, Stationary Drop missing

(1) (2) (3) (4) (5)

Jump in Expectations 0.28 0.18 0.28 0.28 0.28
(0.07) (0.05) (0.03) (0.03) (0.12)

Observations 231 231 231 232 231

Panel B: Percent increase over 2 year

Jump in Expectations 0.38 0.18 0.37 0.45 0.38
(0.05) (0.04) (0.04) (0.05) (0.09)

Observations 659 659 659 660 659

Panel C: Percent increase over 5 year

Jump in Expectations 0.58 0.29 0.58 0.76 0.58
(0.22) (0.16) (0.08) (0.08) (0.23)

Observations 1048 1048 1048 1049 1048

Panel D: Percent increase over 10 year

Jump in Expectations 0.77 0.44 0.74 0.99 0.75
(0.18) (0.14) (0.12) (0.11) (0.49)

Observations 647 647 647 648 647

Table 1: Regression Results for Intra-day Swap Analysis

Note: Each panel corresponds to the expected percent increase in the price level over a specific maturity. The data for inflation expec-
tations come from the intraday prices of zero-coupon inflation swaps at 10-minute frequency, sourced from Bloomberg. In all panels,
we adjust the price of the inflation swap to take into account the 3-month lag of the inflation index used in the contracts. In all panels,
we calculate the increase in inflation expectations compared to the counterfactual scenario where the series would have continued to
behave as before beginning of January 5th, 2021, just before the announcement of the Georgia election results. In column (4) we force
an algorythm to choose stationary ARMA model, in all other columns we let the algorytm to choose the best model itself. As a result,
the choice is as follows. In Column (1), we fit a non-stationary ARIMA model to the data from the start of December 18th, 2020 to
the start of January 5th. We then use the model’s prediction at the end of January 7th as the counterfactual. The ‘causal’ jump in
inflation expectations is the difference between the actual swap price and this ARIMA prediction. Column (2) sets the counterfactual
at 2:00 PM on January 6th, 2021 and fits non-stationary ARIMA model as well. In Column (3), we simply take the difference between
the swap prices at the end of January 7th and the beginning of January 5th. Column (4) fits a stationary ARMA model to the data
from December 18th, 2020 to January 7th,2021 to estimate the counterfactual. Column (5) drops all missing values and then fits the
non-stationary ARIMA model. In Columns 1,2,4, and 5 the standard error is the ARMA prediction’s standard error at the point of
calculating the effect. In Column 3, we calculate the standard error empirically by calculating the standard deviations of the price
series before January 5th, over periods equal in length to the time between the start of January 5th and the end of January 7th.



Event Study: Percent increase in the price level from inflation swaps

Overall outcome: Percent increase in the price level from inflation swaps

Panel A: Percent increase over 1 year

Jan 7, non Stationary Jan 6, non Stationary Difference Jan 7, Stationary Drop missing

(1) (2) (3) (4) (5)

Jump in Expectations 0.28 0.18 0.28 0.28 0.28
(0.07) (0.05) (0.03) (0.03) (0.12)

Observations 231 231 231 232 231

Panel B: Percent increase over 2 year

Jump in Expectations 0.38 0.18 0.37 0.45 0.38
(0.05) (0.04) (0.04) (0.05) (0.09)

Observations 659 659 659 660 659

Panel C: Percent increase over 5 year

Jump in Expectations 0.58 0.29 0.58 0.76 0.58
(0.22) (0.16) (0.08) (0.08) (0.23)

Observations 1048 1048 1048 1049 1048

Panel D: Percent increase over 10 year

Jump in Expectations 0.77 0.44 0.74 0.99 0.75
(0.18) (0.14) (0.12) (0.11) (0.49)

Observations 647 647 647 648 647

Table 1: Regression Results for Intra-day Swap Analysis

Note: Each panel corresponds to the expected percent increase in the price level over a specific maturity. The data for inflation expec-
tations come from the intraday prices of zero-coupon inflation swaps at 10-minute frequency, sourced from Bloomberg. In all panels,
we adjust the price of the inflation swap to take into account the 3-month lag of the inflation index used in the contracts. In all panels,
we calculate the increase in inflation expectations compared to the counterfactual scenario where the series would have continued to
behave as before beginning of January 5th, 2021, just before the announcement of the Georgia election results. In column (4) we force
an algorythm to choose stationary ARMA model, in all other columns we let the algorytm to choose the best model itself. As a result,
the choice is as follows. In Column (1), we fit a non-stationary ARIMA model to the data from the start of December 18th, 2020 to
the start of January 5th. We then use the model’s prediction at the end of January 7th as the counterfactual. The ‘causal’ jump in
inflation expectations is the difference between the actual swap price and this ARIMA prediction. Column (2) sets the counterfactual
at 2:00 PM on January 6th, 2021 and fits non-stationary ARIMA model as well. In Column (3), we simply take the difference between
the swap prices at the end of January 7th and the beginning of January 5th. Column (4) fits a stationary ARMA model to the data
from December 18th, 2020 to January 7th,2021 to estimate the counterfactual. Column (5) drops all missing values and then fits the
non-stationary ARIMA model. In Columns 1,2,4, and 5 the standard error is the ARMA prediction’s standard error at the point of
calculating the effect. In Column 3, we calculate the standard error empirically by calculating the standard deviations of the price
series before January 5th, over periods equal in length to the time between the start of January 5th and the end of January 7th.



Event Study: Causal Effect of Georgia Shock on Price Level
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Regression: Causal Effect of Democrat Victory on Swaps

Overall Outcome: Percent increase in the price level from inflation swaps

Panel A: Percent increase over 1 year

Full Sample Before Jan 5 Outliers Dropped Diff

(1) (2) (3) (4)

Democrats Win Probability 0.87 3.42 0.95 0.08
(0.09) (0.40) (0.14) (0.04)

Observations 40 35 35 38

Panel B: Percent increase over 2 years

Democrats Win Probability 1.39 5.40 1.50 0.23
(0.14) (0.59) (0.22) (0.07)

Observations 41 36 36 40

Panel C: Percent increase over 5 years

Democrats Win Probability 2.12 8.24 2.33 0.33
(0.22) (0.91) (0.33) (0.10)

Observations 41 36 36 40

Panel D: Percent increase over 10 years

Democrats Win Probability 2.84 12.30 3.16 0.64
(0.34) (1.60) (0.51) (0.19)

Observations 41 36 36 40

Table 1: Regression Results for Daily Swap Analysis

Note: Each panel in the table presents a different horizon for changes in the price level. In all panels, we
adjust the price of the inflation swap to take into account the 3-month lag of the inflation index used in
the contracts. For all panels, we regress the expected increase in the price level on the lagged probability
of a Democratic win in the 2021 Georgia Senate election. We use Newey-West standard errors with three
lags. Our dataset is daily, sourcing expected increases in the price level from zero-coupon inflation swaps
from Bloomberg, and probabilities of a Democratic victory from PredictIt’s 2020 Senate election betting
prices. The data spans from November 17, 2020, to January 12, 2021. Column (1) analyzes the entire
dataset. Column (2) considers only data gathered before January 5, 2021. Column (3) omits data from
outliers, namely the 6th and 7th of January and the 2nd-4th December. Lastly, in Column (4), the anal-
ysis uses the differenced values of both dependent and independent variables. Counts refer to the number
of daily observations.



Regression: Causal Effect of Democrat Victory on Swaps

Overall Outcome: Percent increase in the price level from inflation swaps

Panel A: Percent increase over 1 year

Full Sample Before Jan 5 Outliers Dropped Diff

(1) (2) (3) (4)

Democrats Win Probability 0.87 3.42 0.95 0.08
(0.09) (0.40) (0.14) (0.04)

Observations 40 35 35 38

Panel B: Percent increase over 2 years

Democrats Win Probability 1.39 5.40 1.50 0.23
(0.14) (0.59) (0.22) (0.07)

Observations 41 36 36 40

Panel C: Percent increase over 5 years

Democrats Win Probability 2.12 8.24 2.33 0.33
(0.22) (0.91) (0.33) (0.10)

Observations 41 36 36 40

Panel D: Percent increase over 10 years

Democrats Win Probability 2.84 12.30 3.16 0.64
(0.34) (1.60) (0.51) (0.19)

Observations 41 36 36 40

Table 1: Regression Results for Daily Swap Analysis

Note: Each panel in the table presents a different horizon for changes in the price level. In all panels, we
adjust the price of the inflation swap to take into account the 3-month lag of the inflation index used in
the contracts. For all panels, we regress the expected increase in the price level on the lagged probability
of a Democratic win in the 2021 Georgia Senate election. We use Newey-West standard errors with three
lags. Our dataset is daily, sourcing expected increases in the price level from zero-coupon inflation swaps
from Bloomberg, and probabilities of a Democratic victory from PredictIt’s 2020 Senate election betting
prices. The data spans from November 17, 2020, to January 12, 2021. Column (1) analyzes the entire
dataset. Column (2) considers only data gathered before January 5, 2021. Column (3) omits data from
outliers, namely the 6th and 7th of January and the 2nd-4th December. Lastly, in Column (4), the anal-
ysis uses the differenced values of both dependent and independent variables. Counts refer to the number
of daily observations.



Event Study: Nominal Interest Rates

Overall Outcome: Nominal Interest Rate

Panel A: Percentage increase over 1 year

Jan 7, non Stationary Jan 6, non Stationary Difference Jan 7, Stationary Drop missing

(1) (2) (3) (4) (5)

Jump in Interest Rate 0.005 0.014 0.0047 0.005 0.005
(0.009) (0.006) (0.0051) (0.005) (0.015)

Observations 570 570 570 571 570

Panel B: Percentage increase over 5 years, after 5 years

Jump in Interest Rate 0.202 0.161 0.2024 0.202 0.202
(0.08) (0.059) (0.0213) (0.025) (0.106)

Observations 570 570 570 571 570

Table 1: Regression Results for Nominal Interest Rates

Note: Each panel corresponds to the percentage increase in the interest rate over a specific maturity. The data for interest rates come from the
intraday prices of US government treasuries at 10-minute frequency, sourced from CME group. We calculate the zero-coupon yield of the trea-
suries using bootstrapping and interpolate using cubic smoothing spline. In all panels, we calculate the increase in interest rates compared to the
counterfactual scenario where the series would have continued to behave as before the beginning of January 5th, 2021, just before the announce-
ment of the Georgia election results. In column (4) we force an algorythm to choose stationary ARMA model, in all other columns we let the
algorytm to choose the best model itself. As a result, the choice is as follows. Column (1), we fit a non-stationary ARIMA model to the data from
the start of December 18th, 2020 to the start of January 5th. We then use the model’s prediction at the end of January 7th as the counterfactual.
The ‘causal’ jump in interest rate is the difference between the actual rate and this ARIMA prediction. Column (2) sets the counterfactual at
2:00 PM on January 6th, 2021 and algorythm chooses non-stationary ARIMA model. In Column (3), we simply take the difference between the
interest rate at the end of January 7th and the beginning of January 5th. Column (4) fits a stationary ARMA model to the data from December
18th, 2020 to January 7th,2021 to estimate the counterfactual. Column (5) drops all missing values and then fits the non-stationary ARIMA
model. In Columns 1, 2, 4, and 5 the standard error is the ARMA prediction’s standard error at the point of calculating the effect. In Column
3, we calculate the standard error empirically by calculating the standard deviations of the interest rate series before January 5th, over periods
equal in length to the time between the start of January 5th and the end of January 7th.



Event Study: Dividends

Overall Outcome: Increase in 100*Log(Expected S&P 500 dividends)

Panel A: 2021 dividends

Jan 7, non Stationary Jan 6, non Stationary Difference Jan 7, Stationary Drop missing

(1) (2) (3) (4) (5)

Jump in Expectations 2.74 1.09 2.79 2.79 2.89
(1.63) (1.27) (0.31) (0.54) (1.55)

Observations 77 77 77 78 77

Panel B: 2022 dividends

Jump in Expectations 3.32 1.23 2.88 3.32 3.49
(0.51) (0.51) (0.52) (0.51) (0.51)

Observations 76 76 75 76 76

Table 1: Regression Results for Expected Dividends

Note: Each panel corresponds to the increase in the 100*Log(Expected S&P 500 dividends) for a specific year. The data for dividend futures
come from BloombergCME. In all panels, we calculate the increase in the the 100*Log(Expected S&P 500 dividends) compared to the counter-
factual scenario where the series would have continued to behave as before last observation on January 4th, 2021, just before the announcement
of the Georgia election results. In contrast to other tables, we choose end of January 4th instead of January 5th since dividend data starts late
in the second part of the day. In column (4) we force an algorythm to choose stationary ARMA model, in all other columns we let the algorytm
to choose the best model itself. As a result, the choice is as follows. In Column (1), we fit a non-stationary ARIMA model to the data from the
start of December 18th, 2020 to the end of of January 4th for 2021 dividends and stationary ARMA for 2022 dividends. We then use the model’s
prediction at the end of January 7th as the counterfactual. The ‘causal’ jump in expected dividends is the difference between the actual expec-
tations and this ARIMA prediction. Column (2) sets the counterfactual at 2:00 PM on January 6th, 2021 and fits non-stationary ARIMA model
for 2021 dividends and stationary ARMA model for 2022 dividends. In Column (3), we simply take the difference between the expected dividends
at the end of January 7th and the beginning of January 4th. Column (4) fits a stationary ARMA model to the data from December 18th, 2020
to January 7th,2021 to estimate the counterfactual. Column (5) drops all missing values and then fits the non-stationary ARIMA model for 2021
dividends and stationary ARMA model for 2022 dividends. In Columns 1, 2, 4, and 5 the standard error is the ARMA prediction’s standard error
at the point of calculating the effect. In Column 3, we calculate the standard error empirically by calculating the standard deviations of the ex-
pected dividends series before January 4th, over periods equal in length to the time between the end of January 4th and the end of January 7th.



IV Controls Return

Controls 1 Year 2 Years 5 Years 10 Years

1. No Control 3.93 5.78 10.31 16.41
(0.70) (1.17) (1.81) (3.12)

Observations 29 30 30 30

2. 10-year Bonds 2.12 2.77 6.30 10.97
(0.84) (1.39) (1.60) (2.91)

Observations 29 30 30 30

3. Surprise Index 0.90 1.38 5.90 11.84
(0.63) (1.20) (1.83) (3.50)

Observations 23 23 23 23

4. Oil Price -0.05 -0.003 4.39 9.13
(1.29) (1.87) (1.59) (3.36)

Observations 29 30 30 30

5. S&P 500 1.1 1.03 5.34 10.46
(1.03) (1.71) (1.89) (3.67)

Observations 28 29 29 29

6. Vaccine Dummy 3.77 5.51 9.96 15.9
(0.66) (1.11) (1.7) (2.95)

Observations 29 30 30 30

7. COVID Effect 3.96 5.76 10.39 16.5
(0.74) (1.22) (1.97) (3.45)

Observations 29 30 30 30

Table 1: IV Regression With and Without Controls

Note: Each panel in the table represents a different control vari-
able added to the baseline IV specification. In all panels, we ad-
just the price of the inflation swap to take into account the 3-month
lag of the inflation index used in the contracts. For all panels, we
regress the expected increase in the price level on the lagged prob-
ability of a Democratic win in the 2021 Georgia Senate election,
instrumented by polling data for the Georgia Senate election from
FiveThirtyEight.com. We use Newey-West standard errors with
three lags. Our dataset is daily, sourcing expected increases in the
price level from zero-coupon inflation swaps from Bloomberg, and
probabilities of a Democratic victory from Predictit’s 2020 Senate
election betting prices. The data spans from November 17, 2020, to
January 12, 2021. The first panel does not have any controls. All
controls are lagged one day. The second panel controls for the zero-
coupon yield of 10-year US government bonds from Bloomberg. The
third panel controls for the economic surprise index from Bloomberg,
which measures the difference between professional forecasters’ ex-
pectations and realized values. Panel 4 controls for the price of
Brent crude oil from FRED. Panel 5 controls for the S&P 500 index
from Bloomberg. Panel 6 controls for a dummy variable for impor-
tant dates of vaccine announcements, sourced from the CDC’s time-
line (https://www.cdc.gov/museum/timeline/covid19.html), specif-
ically on December 11, 18, 23 of 2020, and January 6
of 2021. The last panel uses data from the Cleveland
Fed (https://www.clevelandfed.org/indicators-and-data/consumers-
and-covid-19), which surveys households daily on their expectations
of the effect of COVID-19 on inflation over the next 12 months. The
first stage F-statistics are 18.96, 12.5, 35.06, 3.94, 4.997, 19.35, 17.7
respectively.



Regression Specification: IV + Controls

Controls 1 Year 2 Years 5 Years 10 Years

1. No Control 3.93 5.78 10.31 16.41
(0.70) (1.17) (1.81) (3.12)

Observations 29 30 30 30

2. 10-year Bonds 2.12 2.77 6.30 10.97
(0.84) (1.39) (1.60) (2.91)

Observations 29 30 30 30

3. Surprise Index 0.90 1.38 5.90 11.84
(0.63) (1.20) (1.83) (3.50)

Observations 23 23 23 23

4. Oil Price -0.05 -0.003 4.39 9.13
(1.29) (1.87) (1.59) (3.36)

Observations 29 30 30 30

5. S&P 500 1.1 1.03 5.34 10.46
(1.03) (1.71) (1.89) (3.67)

Observations 28 29 29 29

6. Vaccine Dummy 3.77 5.51 9.96 15.9
(0.66) (1.11) (1.7) (2.95)

Observations 29 30 30 30

7. COVID Effect 3.96 5.76 10.39 16.5
(0.74) (1.22) (1.97) (3.45)

Observations 29 30 30 30

Table 1: IV Regression With and Without Controls

Note: Each panel in the table represents a different control vari-
able added to the baseline IV specification. In all panels, we ad-
just the price of the inflation swap to take into account the 3-month
lag of the inflation index used in the contracts. For all panels, we
regress the expected increase in the price level on the lagged prob-
ability of a Democratic win in the 2021 Georgia Senate election,
instrumented by polling data for the Georgia Senate election from
FiveThirtyEight.com. We use Newey-West standard errors with
three lags. Our dataset is daily, sourcing expected increases in the
price level from zero-coupon inflation swaps from Bloomberg, and
probabilities of a Democratic victory from Predictit’s 2020 Senate
election betting prices. The data spans from November 17, 2020, to
January 12, 2021. The first panel does not have any controls. All
controls are lagged one day. The second panel controls for the zero-
coupon yield of 10-year US government bonds from Bloomberg. The
third panel controls for the economic surprise index from Bloomberg,
which measures the difference between professional forecasters’ ex-
pectations and realized values. Panel 4 controls for the price of
Brent crude oil from FRED. Panel 5 controls for the S&P 500 index
from Bloomberg. Panel 6 controls for a dummy variable for impor-
tant dates of vaccine announcements, sourced from the CDC’s time-
line (https://www.cdc.gov/museum/timeline/covid19.html), specif-
ically on December 11, 18, 23 of 2020, and January 6
of 2021. The last panel uses data from the Cleveland
Fed (https://www.clevelandfed.org/indicators-and-data/consumers-
and-covid-19), which surveys households daily on their expectations
of the effect of COVID-19 on inflation over the next 12 months. The
first stage F-statistics are 18.96, 12.5, 35.06, 3.94, 4.997, 19.35, 17.7
respectively.



Regression: Causal Effect of Georgia Shock on Inflation Expectations

0.0

0.5

1.0

1.5

1 Year 2 Years 5 Years 10 Years

Percent Increase in the Price Level Over
(Coef and SE divided by 2)

E
st

im
at

e

 



Real Dividends

Overall Outcome: Increase in the real dividends

Panel A: 1-year real dividends

Jan 7, non Stationary Jan 6, non Stationary Difference Jan 7, Stationary Drop missing

(1) (2) (3) (4) (5)

Jump in Expectations 2.46 0.91 2.51 2.51 2.61

Panel B: 2-years real dividends

Jump in Expectations 2.94 1.05 2.51 2.87 3.11

Table 1: Regression Results for Expected Real Dividends

Note: Each panel corresponds to the increase in the expected real S&P 500 dividends for a specific year. We subtract the increase in inflation
expectations, from Table 1, from estimates for the jump in dividends from Table 4.



Expected Stimulus After Elections Return



Expected Stimulus Dem Win Before Elections



Expected Stimulus Rep Win Before Elections Return



Probability of Dem Win Before Elections Return



Stimulus Composition Return



Stimulus Financing Return



Infrastructure Discussion Before Elections



Infrastructure Number After Elections



Infrastructure Financing



Types of Tax Change for Infrastructure Financing



Barclays Policy Outcomes



Conditional Forecast Real GDP



Changing of Probability of Dem Senate Majority (Barclays) Return



Bloomberg Daily Round-Ups Return



Calibration Return

Parameter Description Value Target

µ Share of hand-to-mouth 0.275
1 & 2 year intertemporal MPC

φ OLG survival rate 0.68
σ Intertemporal elasticity of substitution 1 Standard
ϕ Frisch elasticity 1 Standard
β Discount factor 0.99 Standard
Nominal rigidities
κ NKPC slope 0.055 Hazell et al. (2022)
Steady State Fiscal
Bss/Yss Steady state Debt-to-GDP 0.8 Standard
τy Marginal tax rate 0.27 Provided by CBO (2019)
Gss/Yss Gov’t spending-to-GDP 0.2 Standard
Fiscal Rule
τB Response of surpluses to debt 0.189 Persistence of debt, CBO (2021)
H Period where debt repayment starts 3 Provided by CBO (2021)
B̄/Yss Steady state Debt-to-GDP after shocks 80.6% 9 year ahead 1 year interest rate



Preannouncement Drift Return

Start on election morning, January 6th, to include preannouncement drift

Reasons:

• Democrats’ best poll released after close of markets on January 5th
• Betting markets move towards Democrats during election day
• Markets also moved towards Democrats during election day

• Pre-announcement drift larger in tenors where “smart money” is active
• Consistent with informed speculation in advance of election outcome
• Hedge funds disproportionately operate in shorter tenors (Bahaj et al 2023)

• Preannouncement drift only visible in these tenors
• Hedge funds buy exit polls around high stakes political events (e.g. Brexit)



Dividend Futures (1/2)

Nominal n year ahead dividend growth from dividend futures:
• The n year dividend future is

F n
t =

EtDt+n

1+θn
t

EtDt+n is expected dividend, θn
t is n year dividend risk premium

• Identification assumption: θn
t unaffected by deficit shock

• θn
t varies little at short horizons [Gormsen et al ’21]

→ Then ∆logF n
t is n period dividend growth

Real n year ahead GDP growth:
• Adjust for inflation using swaps

• Convert dividend growth to GDP growth using

∆logGDPt = b∆logdividendt

• b = 0.76 [Gormsen & Koijen ’20]



Dividend Futures (2/2) Return

Sources of bias?

• Market likely expected higher dividend taxes

→ Suggests real GDP growth even higher than baseline

Liquidity: >>25 transactions per day during event window



Inflation Forecast: 2019 Onwards Return

Restricting to 2019-2023: β = 0.6 (0.3)

→ Expectations under-react to shocks

• Caveat: only 4 years of data

In Coibion-Gorodnichenko framework w/ noisy information:

dE [actual inflation]
ddeficit shock

= 1.6× d [inflation forecast]
ddeficit shock

→ Response of expectations is lower bound for response of actual inflation



Forecast Accuracy Return

CPI Inflation CPI Core Inflation ∆ CPI Inflation ∆ CPI Core Inflation

(1) (2) (3) (4)

Year 1 Swaps 1.237 1.034
(0.524) (0.284)

∆ Year 1 Swaps 1.168 0.828
(0.547) (0.334)

Observations 51 51 39 39
R2 0.426 0.653 0.336 0.521



Swaps Predict Inflation Changes Around ’21 Deficits
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• Graph: swaps and realized inflation for same horizon
• Swaps predict actual inflation changes well around ’21 deficits
• Later: predictive power deteriorates due to energy + food shocks [Russia-Ukraine War]



1 Year Quarterly Inflation Expectation Return
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