
Cristina Angelico,a Juri Marcucci,a Marcello Miccoli,b & Filippo Quartac
a DG Economics and Statistics, Research & c DG for Information Technology (Bank of Italy)

b Monetary and Capital Markets Department (IMF)
(Disclaimer: The views expressed are those of the authors and do not involve the responsibility of the Bank of Italy, the IMF board or its staff.)

Can We Measure Inflation Expectations Using
Twitter?

BoI-FRB Conference on Nontraditional Data & Statistical Learning
with Applications to Macroeconomics
Rome (Italy) – November ȭȭ-ȭѰ, ѰѵѰѵ

C. Angelico, J. Marcucci, M. Miccoli & F. Quarta Twitter and E(Inflation) Nov. ȣȣ-ȣѱ, ѱѶѱѶ ȣ / ѱѳ



Motivation

Inflation Expectations play a crucial role in macroeconomic:
• Key to understand consumption and investment choices
• Informative on the effectiveness of a central bank’s actions

Available sources of expectations:
• Survey-based: “true” expectations, but low frequency
• Market-based: high frequency, but risk and liquidity
premia

Social media:
• Are widely used to spread news
• Reflect trending topics and collective opinions

Can we use social media to elicit inflation expectations?
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This work

• Uses Twitter to capture consumers’ inflation expectations
• We select tweets related to inflation
• Filtermeaningful signals from the data
• Build a set of daily proxies of inflation expectations
• Examine the information content vs existing sources
• Examine their predictive power vs existing sources
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Main findings

• We find that our Twitter-based Indicators convey
meaningful high frequency signals on inflation
expectations.

ȣ Our Twitter-based Inflation Expectation indexes are
significantly correlated with both survey-based and
market-basedmeasures

ѱ Our Twitter-based indexes are also informative, i.e. they
convey additional predictive power both in-sample and
out-of-sample

Ѳ Our results are similar when we concentrate on a subset of
Twitter users who are interested in economics (Econ) or
work in the press (News)

• The suggested procedure is easily applicable to different
countries and languages
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Contributions

• Use Twitter to elicit inflation expectations⇒ new source
• Nice features: ȣ) Wide variety and large volume of users; ѱ)
high frequency; and Ѳ) available in several countries

• Analyze the usefulness of social media in a new context

• Current literature focus on political elections, firms’
revenues, marketing, and asset returns

• Combinemachine learning and semantic approach

• Extract meaningful information from noisy and very large
textual data
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The paper in one chart
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Data selection: Which tweets talk about inflation? – Relevant Keywords

(EN/ IT)

(N) price(s), cost of living
• prezzo, prezzi, costo della vita

(U) expensive bills, inflation, expensive, high prices, high-prices,
high gas prices, higher bill, higher rents, high gasoline price,
high oil prices, high gas bills

• caro bollette, inflazione, caro, caro prezzi, caroprezzi,
benzina alle stelle, bolletta salata, caro affitti, caro benzina,
caro carburante, caro gas

(D) deflation, disinflation, sale(s), less expensive, less expensive
bills

• deflazione, disinflazione, ribassi, ribasso, meno caro, bollette
più leggere

C. Angelico, J. Marcucci, M. Miccoli & F. Quarta Twitter and E(Inflation) Nov. ȣȣ-ȣѱ, ѱѶѱѶ ƭ / ѱѳ



Example of selected tweets

Italian original English translation

RT istat_it: Secondo la stima preliminare, a
marzo ѱѶȣѴ la #deflazione è stabile a -Ѷ,ȣ%

RT istat_it: According to the flash estimate, in
March ѱѶȣѴ #deflation is stable at -Ѷ.ȣ%

Il prezzo del mio abbonamento sale del ȣѶ%
ogni anno, ovviamente a qualcuno il caro
prezzi inizia a pesare

The price ofmy subscription increases by ȣѶ%
every year. Obviously this high prices are be-
coming unbearable.

RT SkyTGѱѳ: #Ultimora BCE, #Draghi: senza
nostra azione saremmo in deflazione

RT SkyTGѱѳ: #breakingnews BCE, #Draghi:
without our action we would be in deflation

#Draghi: ”Abbiamo salvato l’Europa dalla de-
flazione” Non dire gatto se non ce l’hai nel
sacco!

#Draghi: “We saved Europe from deflation”.
Do not count your chickens before they are
hatched!

Solo da Baby Glamour acquistando tre capi il
meno caro è in regalo. Promozione fino al ȣѶ
Ottobre.

Only at Baby Glamour when you buy three
items the least expensive is free. Promotional
sales until October ȣѶ.

Il più grande spettacolo dopo il #big-bang è
l’inflazione cosmica

The greatest show after the #big-bang is cos-
mic inflation

• A large number of tweets related to different themes
• The sample contains ”noise” (i.e. advertisements)
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Example of selected tweets

Italian original English translation

RT istat_it: Secondo la stima preliminare, a
marzo ѱѶȣѴ la #deflazione è stabile a -Ѷ,ȣ%

RT istat_it: According to the flash estimate, in
March ѱѶȣѴ #deflation is stable at -Ѷ.ȣ%

Il prezzo del mio abbonamento sale del ȣѶ%
ogni anno, ovviamente a qualcuno il caro
prezzi inizia a pesare

The price ofmy subscription increases by ȣѶ%
every year. Obviously this high prices are be-
coming unbearable.

RT SkyTGѱѳ: #Ultimora BCE, #Draghi: senza
nostra azione saremmo in deflazione

RT SkyTGѱѳ: #breakingnews BCE, #Draghi:
without our action we would be in deflation

#Draghi: ”Abbiamo salvato l’Europa dalla de-
flazione” Non dire gatto se non ce l’hai nel
sacco!

#Draghi: “We saved Europe from deflation”.
Do not count your chickens before they are
hatched!

Solo da Baby Glamour acquistando tre capi il
meno caro è in regalo. Promozione fino al ȣѶ
Ottobre.

Only at Baby Glamour when you buy three
items the least expensive is free. Promotional
sales until October ȣѶ.

Il più grande spettacolo dopo il #big-bang è
l’inflazione cosmica

The greatest show after the #big-bang is cos-
mic inflation

• A large number of tweets related to different themes
• The sample contains ”noise” (i.e. advertisements)
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Topics discovered by LDA: Examples

Topic Ȣѱ Topxic ȢѴ Topic ѱ6

Italian [English] Italian [English] Italian [English]

prezzo [price] inflazione [inflation] prezzi [prices]
prezzi [prices] salari [wages] ribasso [sale]
iphone [iphone] deflazione [deflation] inflazione [inflation]
samsung [samsung] euro [euro] prezzo [price]
caratteristiche [features] prezzo [price] petrolio [oil]
galaxy [galaxy] prezzi [prices] borsa [stock exchange]
smartphone [smartphone] anni [years] calo [drop]
uscita [launch] italia [italy] istat [istat]
apple [apple] lavoro [job] italia [italy]
ecco [here it is] stipendi [wages] rialzo [rise]

• LDA:⇒ ѴѶ topics (min perplexity)

• Assigns to every tweet a probability distribution over the topics

• Each tweet is assigned to the topic with the highest likelihood
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Step Two: Dictionary-based approach

4 2 0 2 4
Log10(Tweet Volume) ∗Direction (1 =Up, − 1 =Down)

prezzo speciale  [special price ]
prezzi bassi  [low prices]
metà prezzo  [half price]

prezzi più bassi  [lower prices]
prezzo scontato  [discounted price]

prezzo più basso  [lowest price]
in deflazione  [in deflation]

prezzo basso  [low price]
prezzi migliori  [better prices]

buon prezzo  [good price]
prezzi stracciati  [bargain prices]

al miglior prezzo  [at the best price]
prezzi scontati  [discounted prices]

basso prezzo  [low cost]
prezzo piu basso  [lowest price]
di più caro  [of more expensive]
alzare il prezzo  [raise the price]

aumento del prezzo  [price increase]
aumentano prezzi  [prices rise]

prezzi su  [prices up]
prezzi assurdi  [absurd prices]

prezzi alti  [high prices]
prezzo alto  [high price]

aumento dei prezzi  [price increase]
prezzo più alto  [higher price]

un prezzo altissimo  [a very high price]
alle stelle  [skyrocketing]

prezzo altissimo  [very high price]
caro prezzo  [expensive price]

più caro  [more expensive]
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Diverging Bars of the 15 Most Frequent Bi-grams and Tri-grams for Up and Down Indexes
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Step Two: Dictionary-based approach
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Step Three: Directional indexes

πe
0 = Index Up - Index Down

• Infl. Exp. #ȣ: standardization, winsorizing,
backward-looking MA ȣѶ, ѲѶ, 6Ѷ days

• Infl. Exp. #ѱ: filtering on event dummies, standardization,
winsorizing, backward-looking MA ȣѶ, ѲѶ, 6Ѷ days

• Infl. Exp. #Ѳ: exponential smoothing (optimal, Ѷ.ȣ, Ѷ.Ѳ)

πe
ln=(ln(Index Up+Ȣ)-ln(Index Down+Ȣ))

• Infl. Exp. #ѳ: backward looking MA ȣѶ, ѲѶ, 6Ѷ days

⇒ Same logic as in the survey-based measure by Istat!
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Twitter-based indexes of inflation expectations for Italy
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Comparison with survey-based and market-based measures

• Twitter-based indexes are compared with survey-based
measures on expected price trends over the next ȣѱ
motnhs

• They are also compared withmarket-based measures, i.e.
daily rates of swap contracts linked to the Italian inflation
over the next ȣѱ months

• We find that all indexes strongly co-move with both
traditional measures of inflation expectations
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Twitter-based vs survey-based inflation expectations (ISTAT)
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t (πt,t+12) Ѷ.ѱѱ8*** Ѷ.ѱȣѶ*** Ѷ.ѱѳѵ*** ѵ.8ȣѴ***
R2 Ѷ.ѱ8ƭ Ѷ.Ѳȣ6 Ѷ.ѲȣѴ Ѷ.ѳѶѶ
N ƭѵ ƭѵ ƭѵ ƭѵ

Significance values: *** p<Ѷ.Ѷȣ, ** p<Ѷ.ѶѴ, * p<Ѷ.ȣ
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Twitter-based vs market-based inflation expectations (IT ȭY Infl Swap)
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Significance values: *** p<Ѷ.Ѷȣ, ** p<Ѷ.ѶѴ, * p<Ѷ.ȣ
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Informativeness exercises

Do we gain an informative advantage on consumers
expectations?

Dependent Variable EISTAT
t πt,t+12

(ȣ) (ѱ) (Ѳ) (ѳ) (Ѵ) (6) (ƭ)

EISTAT
t−1 πt−1,t+11’ Ѷ.6ƭѲ*** Ѷ.ѴѶѵ*** Ѷ.Ѵ6Ѷ*** Ѷ.Ѵ6ƭ*** Ѷ.Ѵȣȣ*** Ѷ.ѳ6Ѵ*** Ѷ.ѳ6ȣ***

(Ѷ.Ѷƭ) (Ѷ.ȣѱ) (Ѷ.ȣѲ) (Ѷ.ȣѱ) (Ѷ.ȣѳ) (Ѷ.Ѷ6) (Ѷ.Ѷѵ)
IS1Y

t ѳ.ȣѵѳ*** ѳ.Ѷѳ8*** ѱ.ѱѳ8
(ȣ.Ѷȣ) (ȣ.ѲѴ) (ȣ.ƭѴ)

CF y+1
t−1 ѳ.Ѵ8ѳ** -ȣ.ѱѱѵ -Ѷ.ѳ6ѳ

(ѱ.ȣƭ) (ѱ.Ѳ6) (ѱ.8ѵ)
CPIt−1 ѱ.ѱƭѵ*** Ѷ.ƭѲѵ -Ѷ.ƭƭѴ

(Ѷ.86) (Ѷ.6ѵ) (ȣ.Ѷѱ)
Infl. Exp. ѳ (ln) MA(ѲѶ) Ѵ.ѵѵѱ*** ѳ.ѵѲѴ**

(Ѷ.ѵȣ) (ȣ.ѵƭ)
Cons. -ѱ.ѱѶ6*** -6.ѳѳȣ*** -8.ȣȣȣ** -ѳ.ѱѱѴ** -Ѵ.Ѳ66 Ѳ.6Ѵѵ*** ȣ.6Ѳ8

(Ѷ.6ѵ) (ȣ.8ѵ) (Ѳ.6ѵ) (ȣ.6ѵ) (Ѳ.6ȣ) (ȣ.ѶѶ) (ѳ.Ѵ6)

N ƭ8 ƭ8 ƭ8 ƭ8 ƭ8 ƭ8 ƭ8
R2 Ѷ.ѳѴȣ Ѷ.Ѵѳѳ Ѷ.ѳƭ8 Ѷ.ѳѵȣ Ѷ.Ѵѳƭ Ѷ.Ѵ6Ѷ Ѷ.Ѵƭѳ
Adj.R2 Ѷ.ѳѳѳ Ѷ.ѴѲѱ Ѷ.ѳ6ѳ Ѷ.ѳƭ8 Ѷ.Ѵѱѱ Ѷ.Ѵѳ8 Ѷ.ѴѳѴ
F − test ȣѶȣ.ѱ 8ƭ.Ѷ ȣѳѲ.ѱ ȣѳƭ.ƭ Ѵ6.ƭ ȣȣȣ.Ѵ Ѵƭ.6
Prob > F Ѷ Ѷ Ѷ Ѷ Ѷ Ѷ Ѷ

• EISTAT
t πt,t+12:

survey
• Infl.exp.t:

Twitter-based index
• IS1y

t : infl. swap
rate

• CF y+1
t−1 : consensus

forecast
• CPIt−1: price

index

• Twitter-based indexes provides additional informative power to existing
sources
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Predictive Content of Twitter-Based Indicators

• Simple forecasting exercise to see if our Twitter-based
indexes can predict out-of-sample the monthly
survey-based measures by Istat

• Timing: T = R+ P observations & Recursive scheme
• R obs. used to estimate the models (in-sample), while the
last P are used for out-of-sample evaluation.

• Benchmark model is AR(p) on EISTAT
t πt,t+12 (lag p chosen

according to BIC criterion)
• Competing models add our Twitter indicators
• Predict from ȣ up to 6 months ahead
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Predictive Content of Twitter-Based Indicators

h = 1 h = 2 h = 3 h = 4 h = 5 h = 6

AR(p)− SS (RMSE) ѳ.Ѳ86 Ѵ.ѱ86 Ѵ.ѵѱѴ 6.ȣѳѳ 6.ѳѳѲ 6.ƭѲѳ
IS1Yt ȣ.ѶѲѲ ȣ.ѶȣѲ Ѷ.ѵ6ѱ Ѷ.ѵѵѵ ȣ.ѶȣѶ ȣ.ѶѶȣ
GTRDt Ѷ.ѵѵ6 Ѷ.ѵѵ8 ȣ.ѶѶѶ ȣ.ѶѶ8 Ѷ.ѵ8ѳ* Ѷ.ѵ8ѵ
Infl. Exp. ȣ MA(ȣѶ) Ѷ.ѵѴѱ Ѷ.ѵȣƭ*** Ѷ.ѵѶ6*** Ѷ.ѵѴ6** Ѷ.ѵ6Ѳ** Ѷ.ѵѳ8**
Infl. Exp. ѱ MA(ȣѶ) Ѷ.ѵѲѳ* Ѷ.ѵѶѴ*** Ѷ.86ȣ*** Ѷ.ѵȣ6** Ѷ.ѵȣƭ*** Ѷ.ѵѲѴ***
Infl. Exp. Ѳ (Exp-Ѷ.ȣ) Ѷ.ѵƭȣ Ѷ.ѵѱȣ Ѷ.86Ѵ*** ѵ.868*** Ѷ.88Ѵ*** Ѷ.88Ѵ***
Infl. Exp. ѳ (ln) MA(ȣѶ) Ѷ.ѵ6Ѷ Ѷ.ѵѶѴ*** Ѷ.88Ѳ*** Ѷ.ѵѳѳ** Ѷ.ѵ8ѳ Ѷ.ѵѵƭ
Infl. Exp. ȣ MA(ѲѶ) Ѷ.ѵѳѶ Ѷ.ѵѶѳ*** Ѷ.8ƭѲ*** Ѷ.ѵѳѵ** Ѷ.ѵƭѵ* Ѷ.ѵ6ѵ*
Infl. Exp. ѱ MA(ѲѶ) Ѷ.ѵѲѴ* Ѷ.88ȣ*** Ѷ.8ƭѱ*** Ѷ.ѵѴȣ* Ѷ.ѵƭѵ* Ѷ.ѵ88
Infl. Exp. Ѳ (Exp-opt) Ѷ.ѵѲƭ Ѷ.ѵѶѱ*** Ѷ.866*** Ѷ.ѵѳȣ** Ѷ.ѵѳѱ** Ѷ.8ƭѱ***
Infl. Exp. ѳ (ln) MA(ѲѶ) Ѷ.ѵѱ8** Ѷ.88Ѵ*** Ѷ.886*** Ѷ.ѵ6ƭ Ѷ.ѵƭƭ* Ѷ.ѵѵѶ
Infl. Exp. ȣ MA(6Ѷ) Ѷ.ѵѲѶ** Ѷ.88Ѷ*** Ѷ.886*** Ѷ.ѵѴ8** Ѷ.ѵƭ8** Ѷ.ѵѵȣ
Infl. Exp. ѱ MA(6Ѷ) Ѷ.ѵѱѳ** Ѷ.86ѵ*** Ѷ.8ѵƭ*** Ѷ.ѵ6Ѷ Ѷ.ѵƭѵ Ѷ.ѵѵѵ
Infl. Exp. Ѳ (Exp-Ѷ.Ѳ) Ѷ.ѵѳѵ Ѷ.8ѵ8*** Ѷ.88Ѳ*** Ѷ.ѵѲƭ** Ѷ.ѵѶѵ*** Ѷ.ѵѶѲ***
Infl. Exp. ѳ (ln) MA(6Ѷ) Ѷ.ѵѱ8** Ѷ.8ѵѴ*** Ѷ.ѵѲ6** Ѷ.ѵ8Ѵ ȣ.Ѷȣѱ Ѷ.ѵ86
Infl. Exp. ȣ MA(ȣѶ) Econ Ѷ.ѵѱѳ** Ѷ.8ѵ6*** Ѷ.ѵȣѶ*** Ѷ.ѵƭ6 ȣ.Ѷȣȣ Ѷ.ѵѵѴ
Infl. Exp. ѱ MA(ȣѶ) Econ Ѷ.ѵѴ8 Ѷ.ѵѱ6*** Ѷ.88Ѵ*** Ѷ.ѵѳѵ** Ѷ.ѵ8Ѳ Ѷ.ѵѵ8
Infl. Exp. Ѳ (Exp-Ѷ.ȣ) Econ Ѷ.ѵ6ѳ Ѷ.ѵȣƭ*** Ѷ.88ѱ*** Ѷ.ѵѶ8** Ѷ.ѵѲѲ* Ѷ.ѵѱѱ**
Infl. Exp. ѳ (ln) MA(ȣѶ) Econ Ѷ.ѵѱѴ** Ѷ.88Ѷ*** Ѷ.86ѱ*** Ѷ.ѵѶѴ** Ѷ.ѵѶѶ*** Ѷ.ѵѲѴ**
Infl. Exp. ȣ MA(ѲѶ) Econ Ѷ.8ѵѶ** Ѷ.8ѵѳ*** Ѷ.ѵѶѳ*** Ѷ.ѵ8ȣ Ѷ.ѵѵѶ Ѷ.ѵ6ѵ
Infl. Exp. ѱ MA(ѲѶ) Econ Ѷ.ѵȣȣ** Ѷ.8Ѵѵ*** Ѷ.8ѴѶ*** Ѷ.8ѵѲ** Ѷ.ѵѱ6* Ѷ.ѵѴѳ
Infl. Exp. Ѳ (Exp-opt) Econ Ѷ.ѵѳѲ Ѷ.ѵ66 Ѷ.ѵѲ8 ȣ.ѶѶȣ Ѷ.ѵѵ6 Ѷ.ѵ6Ѵ
Infl. Exp. ѳ (ln) MA(ѲѶ) Econ Ѷ.ѵȣѶ*** Ѷ.8Ѵѳ*** Ѷ.8Ѵ6*** Ѷ.888** Ѷ.ѵѲѶ* Ѷ.ѵѴѶ
Infl. Exp. ȣ MA(6Ѷ) Econ Ѷ.ѵѱѵ* Ѷ.ѵѶѱ*** Ѷ.ѵѲѴ*** Ѷ.ѵ8ѵ Ѷ.ѵ8ѵ Ѷ.ѵƭ8
Infl. Exp. ѱ MA(6Ѷ) Econ Ѷ.8ѵѲ*** ѵ.8ѲѰ*** ѵ.8ѲѰ*** Ѷ.8ѵѴ* Ѷ.ѵѴѳ Ѷ.ѵѲѵ*
Infl. Exp. Ѳ (Exp-Ѷ.Ѳ) Econ Ѷ.ѵƭѳ Ѷ.ѵѴѲ Ѷ.ѵ6Ѳ ȣ.ѶѶѶ Ѷ.ѵ8Ѳ Ѷ.ѵ6ѵ
Infl. Exp. ѳ (ln) MA(6Ѷ) Econ Ѷ.8ѵȣ*** Ѷ.8Ѵȣ*** Ѷ.8ѳ6*** Ѷ.ѵѳѶ Ѷ.ѵ66 Ѷ.ѵѴѴ
Infl. Exp. ȣ MA(ȣѶ) News Ѷ.ѵѴȣ Ѷ.ѵѴ8 Ѷ.ѵѳ6** Ѷ.ѵ8ѳ Ѷ.ѵѵȣ ȣ.ѶѶѶ
Infl. Exp. ѱ MA(ȣѶ) News Ѷ.ѵѲѶ* Ѷ.8ѵѱ*** Ѷ.86ѱ*** Ѷ.ѵȣѱ** Ѷ.ѵѶѱ*** Ѷ.ѵѱѴ***
Infl. Exp. Ѳ (Exp-Ѷ.ȣ) News Ѷ.ѵ6Ѳ Ѷ.ѵ6ѳ Ѷ.ѵѴ6 Ѷ.ѵƭѵ Ѷ.ѵ8ȣ ȣ.ѶȣѲ
Infl. Exp. ѳ (ln) MA(ȣѶ) News Ѷ.ѵѲѶ** Ѷ.8ѵѱ*** Ѷ.86Ѳ*** Ѷ.ѵȣѶ** Ѷ.ѵȣѴ*** Ѷ.ѵѲѴ***
Infl. Exp. ȣ MA(ѲѶ) News ѵ.8Ѵѵ*** Ѷ.88ƭ*** Ѷ.8ƭƭ*** Ѷ.ѵѴƭ*** Ѷ.ѵ6ѱ** Ѷ.ѵѱƭ**
Infl. Exp. ѱ MA(ѲѶ) News Ѷ.ѵȣѵ*** Ѷ.8ƭѱ*** Ѷ.8ѴѲ*** Ѷ.ѵѶѱ** Ѷ.ѵѱѶ*** Ѷ.ѵѳ6***
Infl. Exp. Ѳ (Exp-opt) News Ѷ.ѵ6Ѳ Ѷ.ѵƭѶ Ѷ.8ѵƭ** Ѷ.ѵѶѵ*** Ѷ.88ѱ*** ѵ.8ѰѴ***
Infl. Exp. ѳ (ln) MA(ѲѶ) News Ѷ.ѵѱѲ*** Ѷ.86Ѵ*** Ѷ.86Ѷ*** Ѷ.ѵѶȣ** Ѷ.ѵѲ8** Ѷ.ѵѴ8**
Infl. Exp. ȣ MA(6Ѷ) News Ѷ.ѵѱѱ** Ѷ.88Ѷ*** Ѷ.8ѵѳ*** Ѷ.ѵ6ȣ** Ѷ.ѵѴ6** Ѷ.ѵѳȣ**
Infl. Exp. ѱ MA(6Ѷ) News Ѷ.ѵѶѵ*** Ѷ.8Ѵ8*** Ѷ.8ѳ8*** Ѷ.ѵѶȣ** Ѷ.ѵѲƭ** Ѷ.ѵѴѶ***
Infl. Exp. Ѳ (Exp-Ѷ.Ѳ) News Ѷ.ѵ6ȣ Ѷ.ѵѱѴ* Ѷ.8ƭ8** Ѷ.8ѵ8*** ѵ.86ѳ*** Ѷ.8ѳȣ***
Infl. Exp. ѳ (ln) MA(6Ѷ) News Ѷ.8ѵ8*** Ѷ.8Ѵƭ*** Ѷ.8Ѵѳ*** Ѷ.ѵ6ȣ Ѷ.ѵ68 Ѷ.ѵ6ѱ

• Ratio of RMSE w.r.t. AR(p) benchmark. *, **, *** indicate ȣѶ%, Ѵ% and ȣ% significance of Diebold-Mariano
test of EPA.• Recursive scheme, T = 79, R1 = 36, P1 = 43. First in-sample: Jun. ѱѶȣѲ–May. ѱѶȣ6. First
out-of-sample: Jun. ѱѶȣ6-Dec. ѱѶȣѵ
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Cumulative Sum of Squared (Forecast) Error Differences (CSSED)

• We also used CSSED to compare models throughout the
out-of-sample

•

CSSEDm,τ =
T∑

τ=R

(ê2bm,τ − ê2m,τ ) (ȣ)

êk,τ = yτ − ŷk,τ |t (ѱ)

• What happens if the benchmark model (bm) outperforms
the competing model (m)?

• ê2bm,τ < ê2m,τ ⇒ CSSEDm,τ < 0

• And if the competing modelm beats the benchmark bm?
• ê2bm,τ > ê2m,τ ⇒ CSSEDm,τ > 0
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Cumulative Sum of Squared (Forecast) Error Differences (CSSED) - MA(ѱѵ)

• CSSEDm,τ =
∑T

τ=R(ê2bm,τ − ê2m,τ ) ‘best’ competing model w.r.t. theAR(P ) benchmark
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The paper in one wordcloud: Conclusions

• Novel way to elicit inflation expectations

• Twitter-based indexes convey meaningful and high-frequency
signals on inflation expectations

• Procedure easily applicable to different countries
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Thank you very much!

Thank you!

mmiccoli@imf.org
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