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ABSTRACT

We use Twitter content to generate an indicator of attention allocated to inflation. The analysis corresponds
to Argentina for the period 2012-2019. The attention index provides valuable information regarding future
levels of inflation. A one standard deviation increment in the index is followed by an increment of
approximately 0.4% in inflation in the consecutive month. Out-of-sample exercises confirm that social media
content allows for gains in forecast accuracy. Beyond point forecasts, the index provides valuable information
regarding inflation uncertainty. The proposed indicator compares favorably with other indicators such as

media content, media tweets, google search intensity and consumer surveys.
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RESUMEN

Se utiliza el contenido de Twitter para generar un indicador de atencion asignada a la inflacién. El andlisis
corresponde a Argentina para el periodo 2012-2019. El indice de atencién proporciona informacién valiosa
sobre los niveles futuros de inflacién. Un incremento de una desviacion estindar en el indice es seguido de un
incremento de aproximadamente un 0,4% en la inflacién en el mes consecutivo. Los ejercicios fuera de la
muestra confirman que el contenido de las redes sociales permite obtener ganancias en la precisién de los
prondsticos. Més alld de los prondsticos puntuales, el indice proporciona informacién valiosa sobre la
incertidumbre de la inflacién. El indicador propuesto se compara favorablemente con otros indicadores como
el contenido de los medios, los tweets de los medios, la intensidad de busqueda en Google y las encuestas de

consumidores.
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I. INTRODUCTION

Can social media content be used to construct valuable indicators in macroeconomic contexts? For
example, can valuable indicators of inflation dynamics be derived from social media content? So far, the
literature has failed to identify instances in which valuable indicators emerge. This is in contrast with
numerous contributions that show how media content and policy making documents provide information
regarding future macroeconomic dynamics (see Baker et al., 2016, Thorsrud, 2020, Sharpe et al., 2020 and
Aromi, 2020). This is also in contrast with numerous studies that demonstrate the value of social media
content in analyses of high frequency developments in financial markets (see Bollen et al., 2011, Azar and
Lo, 2016, Oliveira et al., 2017).

One likely reason for these contrasts is that macroeconomic events take place at low frequency and, as
a consequence, a reliable evaluation requires a long database of social media content that is not easy to collect.
Complementarily, it can be conjectured that social media is noisy or insufficiently attentive to

macroeconomic developments and, as a resulg, it is difficult to construct informative indicators.

In this study, we implement an analysis of Twitter content and inflation for the case of Argentina. Two
distinguishing features of our study suggest that the exercise is likely to provide useful insights regarding the
information content of social networks. First, this work is based on an extensive sample of Twitter content
that covers the period 2012-2019. In relative terms, this is a long dataset of social media content that is
expected to allow for an informed evaluation. Second, during the sample period, inflation has been a recurrent
and highly disruptive feature of the Argentine economy. The resulting high level of attention allocated to this

issue provides a convenient context for the evaluation social media information content.

Our indicator of social media content is based on a simple and transparent methodology that intends
to approximate the level of attention allocated to inflation. The monthly value of the index is equal to the
number of mentions of inflation detected in a given month in a sample of Argentine tweets divided by the

number of tweets sampled for that month.

The empirical evidence indicates Twitter content anticipates macroeconomic outcomes. More
specifically, the indicator of the level of attention allocated to inflation provides valuable information
regarding inflation levels and inflation uncertainty. Estimated forecasting models indicate that a one standard
deviation increment in the attention index is associated to an increment of 0.4% in mean inflation in the

following month.!

Out-of-sample forecasts confirm that the index allows for significant gains in forecast accuracy.

Depending in the selected evaluation period, under our preferred specification, the forecast gains range

! The estimated standard deviation of the index is equal to 1.91 mentions of inflation per ten thousand tweets. During the sample period,
we observe that in turbulent times the index has shown increments that is typically between one and two standard deviations.

65



R E VI STA

ECONOMICA

LA PLATA

between 13% and 17%. Complementarily, higher values of the attention index anticipate increments in
inflation uncertainty. An increment of one standard deviation in the attention index is associated to an

increment of 28% in our estimate of inflation uncertainty in the following month.

The information gains are different from and compare favorably with the information provided by
lagged inflation and lagged devaluation rate. Also, analyses show that these information gains are substantive
compared to those that result from using traditional macroeconomic indicators such as the level of economic
activity, monetary aggregates and interest rates. Furthermore, the information content of four alternative
indicators of expectations are also evaluated: Google search Volume, newspaper content, mass media tweets
and a consumer survey. These analyses confirm that social media data constitutes a particularly valuable

source of information regarding future inflation.

From a broad perspective, the current study is motivated by the idea that inflation is the result of an
emergent evolving process (Heymann and Leijonhufvud, 1995; Arifovic, 1995; De Grauwe and Ji, 2019).
The emergence of adaptive forward-looking behavior implies that traditional variables, such as interest rates,
monetary aggregates and levels of activity, might not summarize all available information regarding the
evolution of the process. Hence, indicators of subjective states that co-evolve with the price level are likely to
contain valuable information regarding subsequent dynamics. Furthermore, in the case of volatile emerging
economies, such as the case we analyze in this work, changes in policy regimes and limited policy maker

credibility augment the relevance of subjective indicators.

The role for the level of social media attention as an indicator of future inflation and inflation
uncertainty is also linked to the insights formalized by the rational inattention literature. According to this
perspective, the allocation of attention is adjusted with the value of incoming information (Sims, 2003;
Mackowiak and Wiederholt, 2009). The allocation of more attention to inflation might point to optimal

responses to the arrival of news regarding the future evolution of inflation.

Complementarily, this study is also connected to macroeconomic models of sunspots or multiple
equilibria (Benhabib and Farmer, 1999; Ascari et al., 2019). In these models, the macroeconomic trajectory
is, in part, determined by the coordination of behavior and expectations. More public discussion of the
inflation rate might be associated to innovations in the coordination of price setting behavior. These
innovations are not necessarily captured in a rapid or accurate manner by traditional macroeconomic
indicators. In this way, social media content emerges as a valuable indicator of price level uncertainty and

expected trajectory.

Our contribution is most closely to a substantive literature on inflation forecasts (see, for example, the
survey by Faust and Wright, 2013). This literature analyzes the information content of macroeconomic
variables, financial indicators and surveys (Stock and Watson, 1999; Ang et al., 2007; Sharpe et al., 2020).
In addition, this literature considers alternative modeling techniques (Ang et al., 2007; Schorfheide and Song,

2015) and changes in the forecasting ability of models (Rossi and Sekhposyan, 2010).

66



R E VISTA

ECONOMICA

LA PLATA

This article provides novel results to this literature showing the value of novel forms of data. The main
original contribution of this paper is to demonstrate that, in the context of a volatile emerging economy, a
simple summary of social media content emerges as a valuable tool in the context of inflation forecasts.
Complementarily, we evaluate this predictor jointly with other indicators and show that it provides new
information that is not provided by other more established predictors. Finally, we show that this indicator

might also be a valuable tool for the assessment of inflation uncertainty.

In the next section, the data and the methodology are described. Section 3 analyzes inflation forecast
and the attention index. Inflation uncertainty is analyzed in the following section. Alternative indicators of

subjective states are evaluated in section 5. Conclusions are presented in section 6.

II. DATA AND METHODOLOGY

As previously mentioned, we want to evaluate if Twitter messages contain valuable information
regarding the evolution of inflation and whether these data can be used to forecast inflation in Argentina. We
use two different types of information: traditional data (such as past inflation and exchange rates) and
subjective indicators which result from summarizing a large collection of messages. The sample period is
January 2012 through September 2019.

The first set of data is given by the consumer price index and the exchange rate. The consumer price
index data is from the National Institute of Statistics and Census (INDEC for its acronym in Spanish).” The
Argentine peso-US dollar exchange rate time series is from the Central Bank.? Given the value of each time
series on month t (;), we compute the monthly variation which is given by the log-difference between

month t and month t — 1 values: Ay, = log(y;) — log(y¥;_1)-

Table 1 shows descriptive statistics for the inflation rate (Acpi;) and the evolution of the exchange
rate (Aery).* The table shows that the average monthly inflation rate for the period was 2%. The period was
characterized by high volatility as indicated by the standard deviation of, approximately, 1%. The inflation
rate reaches its maximum sample value of 6% on April 2016, a few months after an important devaluation
and following nationwide increments in utility rates. The inflation rate achieved its minimum value (0.2%)

in August 2016 as a consequence of a reversal of the previously mentioned increments in utility rates. The

? The period covered in this analysis includes a sub-period in which official government statistics were not reliable (January 2007-December
2015) or unavailable due to a transition period toward normalization of government statistics (December 2015-June 2016). As a
consequence, official data is complemented with data from alternative sources: from January 2012 through August 2012, we use a general
price level indicator from a consulting firm (Buenos Aires City), from September 2012 through May 2016 we use the time series from the
Statistical Department of the City of Buenos Aires (https://www.estadisticaciudad.gob.ar/eyc/?cat=66). Since June 2016, the data are from
INDEC (https://www.indec.gob.ar/indec/web/Nivel3-Tema-3-5)

* We use the monthly average Wholesale Foreign Exchange Rate (ARS/USD) Com. A 3500 exchange rate. http://www.bcra.gov.ar/

4 The exchange rate is expressed following the convention selected by the data provider: number of local currency units (Argentine pesos)
per unit of foreign currency (U.S. dollar).
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average monthly devaluation rate for the sample period is approximately 3%. This period was also volatile in
terms of the foreign exchange rate with a standard deviation of 5%, a maximum value of 25% and a minimum

of —-4%.

The second type of data is social media content that is used to construct an indicator of attention
allocated to inflation by users in Argentina. Twitter messages were collected for the period 2012-2019. The
data source corresponds to a random sample of 1% of the messages that is provided free of charge by Twitter
through its API. These tweets were collected and are distributed by the Internet Archive.” A corpus of
“Argentine” social media content is created selecting those tweets for which the user-reported location

includes the word “Argentina”. This results in a subset of approximately 70 million tweets.®

Given the corpus of Argentine tweets, an indicator of attention is built computing the frequency of the
noun “inflation” and the adjective “inflationary”.” This is a simple and transparent strategy through which
the large collection of unstructured data is summarized. More specifically, let it represent the number of times
a keyword is detected in messages corresponding to month t and n; represent the total number of tweets
corresponding to month t. Then, the corresponding value of the inflation attention index is given by

I; = i;/n;. A higher number is interpreted as more attention being allocated to inflation.

As shown in the last row of Table 1, on average, there were three mentions to inflation per ten thousand
tweets. An informal inspection of the index suggests that it is able to capture information related to inflation
dynamics. The maximum value of the index, 9.75, corresponds to May 2018. This is a month of high
volatility in the foreign exchange market and coincides with the start of a period marked by high inflation
and a persistent economic and financial crisis. The minimum value of the index corresponds to July 2015.

This is a period of relatively low inflation.

In this way we propose an indicator that summarizes social media content by counting words and
dividing by the number of messages. The simplicity of this approach implies that we are not modeling
the impact of many factors that change the nature of the dataset used to construct the index. For example,
during the sample period, the volume and composition of Twitter users changed in a very notable way®.

For another example, in 2017 the platform doubled the maximum number of characters per message.’

> See: hteps://archive.org/details/twitterstream

¢ For a small subset of sample months (6 months), there are no Twitter data available from the Internet Archive collection. This is most
likely due to random failures in the data collection process. To generate a complete time series, the information for these months was
collected using Twitter’s advanced search tool.

7 In Spanish: “inflacién” and “inflacionario/a/s”. We also count mentions of inflation without the accent mark: “inflacion”.

¥ See “Annual Twitter user growth rate in Argentina from 2012 to 2018” from Statista (https://www.statista.com/statistics/3037 17/ twitters-
annual-growth-rate-inargentina/).

? See: https:/[www.theverge.com/2017/9/26/16363912/twitter-character-limit-increase-280-test.
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Table 1. Descriptive statistics
Sample period is 2012-2019. Data frequency is monthly. Acpi;: log difference of Consumer Price Index.

Aery: log difference peso-dollar exchange rate. ny: number of tweets (thousands). i;: mentions of the term

“inflation” or “inflationary”. I;: inflation attention index (multiplied by 10%).

Variable Mean Median St. Dev. Q1 OF Minimum Maximum
Acpi, 0.02 0.02 0.01 0.02 0.03 0.00 0.06
Aer; 0.03 0.01 0.05 0.01 0.03 -0.04 0.25

n, 711.95 713.53 260.82 450.77 929.01 192.90 1392.60
i; 221.43 185.00 147.18 108.00 311.00 24.00 739.00
I; 3.15 2.58 1.91 1.71 4.18 0.81 9.75

Source: own elaboration.

This study implements a simple evaluation of the information content through a transparent indicator. An
evaluation of the optimal design of the indicator given multiple changes in the platform rules and the
continuous changes in the composition and attitudes of the members of the community is left for future

research.

Figure 1 provides further evidence on the co-movement of inflation and the attention index. Three
notable increments in the attention index coincide with three episodes of important increments in the
inflation rate. Those three instances correspond to early 2014, the first half of 2016 and 2018. Additionally,
the coefficient of correlation between inflation and the attention index is 0.47. Interestingly, suggesting that
the index captures forward-looking information, the coefficient of correlation increases to 0.55 when the one-

month-lagged attention index is considered.

Figure 1. Inflation rate and Inflation Attention based on Twitter
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Note: To facilitate comparisons, both time series were standardized.

Source: own elaboration.

69



R E VISTA

ECONOMICA

LA PLATA

ITII. INFLATION FORECASTS

In this section, the information content of the indicator of inflation attention is evaluated through a
series of forecasting exercises. The forecasting models are given by an autoregressive specification that,
depending on the specification, is complemented with an indicator of lagged Twitter content or the lagged
change in the foreign exchange rate. The number of lags is selected minimizing the Bayesian Information

Criterion.'

More formally, let cpi; be the value of a Consumer Price Index in month t. The inflation rate
computed on month t is given by Acpi, = log(cpi;) — log(cpi;_1). The baseline autoregressive model is

given by:

p
Acpiy, = a + z BsAcpip_s + 1y (1)

s=0

where p; is the error term.

Before incorporating the indicator of attention, we propose a second model with the monthly
devaluation rate as predictor. In this way, estimated expected inflation is conditioned on a larger information
set. Let Aery represent the monthly devaluation rate corresponding to month t. Then, the second baseline

autoregressive model satisfies:

14
Acpiy, = a + Z BsAcpir_s + Perery + py (2)
$=0
The predictive ability of social media content is evaluated through extended models that incorporate,
as predictor, one of two specifications of the indicator of attention. The first specification is the original
indicator described above. The second indicator can be interpreted as an adjusted metric of attention. More

, .y I ¢ Titile- , . ,
specifically, the second indicator is given by: I, = I, — k#tk That is, the indicator measures differences

between the latest value of the indicator of attention and its average level during the previous year. This
alternative specification allows for robustness tests. At the same time, it permits a simple exploration of the
appropriateness of alternative specifications. Formally, the forecasting models used to estimate the

information content of social media indices are given by the following equation:

14
Acpipy, = a + § BsAcpiy_s + PerAer, + BAA + e (3)
s=0
19 Unit root tests were carried out to evaluate whether the inflation rate is non-stationary. In all cases, we have rejected the null hypothesis

of unit root.
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where A, is equal to I, or [, and in some model specifications f,, is set equal to 0. The parameter of interest
is ;. Uy is the error term. Models are estimated for the period 2012-2019. The predictors are standardized

to facilitate the comparison of the economic significance of different estimated parameters.

Table 2 shows the estimations of the different specifications of the forecasting models. The baseline
models indicate that lagged monthly inflation and lagged devaluation are statistically and economically
significant predictors of inflation. Adjusted R”s suggest that these variables contain substantive information

regarding subsequent levels of inflation."!

The estimated extended models indicate that social media content adds information regarding future
inflation levels. A one standard deviation increment in the indicator of attention anticipates a mean increment
of approximately 0.4% in monthly inflation. Column 1 in Table A.1 shows that the estimated coefficient
associated to inflation attention index is similar when we extend the list of terms related to inflation term

(i-e., “dollar”, “prices”, “wage”).

Table 2: Forecasting models
Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aery: difference in logs

of the exchange rate. I;: ratio between total mentions of the term “inflation” and total of tweets. I;: relative
level of inflation attention. Standardized coefficients.

(1) (2) (3) (4) (5) ©
, 0.008*°  0.006™*  0.006"*  0.006™*  0.005%*  0.006***
Acpi (0.001) (0.0004) (0.001) (0.001) (0.001) (0.0004)
0.003%% 0.002%  0.002***
Aer, (0.001) (0.001) (0.001)
0.004+** 0.004%**
fe (0.001) (0.001)
) 0.004%% 0.003%**
le (0.001) (0.001)
0.025*%*  0.025%%  0.025*  0.025%%  0.025*  0.025%*
Constant
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Observations 92 92 92 92 92 92
R 0.433 0.495 0.531 0.516 0.560 0.539
Adjusted R2  0.427 0.483 0.520 0.504 0.545 0.521

F Statistic 68.678*** 43.580*** 50.305%** 41.095*** 37.360** 29.614***

Note: standard errors in parenthesis are estimated following Newey and West (1987, 1994). *p<0.1; **p<0.05; ***p<0.01.

Source: own elaboration.

"' In robustness exercises we verified that the results are very similar when the seasonally adjusted inflation rate is considered.
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On the other hand, it is worth noting that these observations do not depend on the baseline model
under consideration or the specification of the social media content indicator. Appendix A evidences that
these regularities remain when we incorporate lags on devaluation rate to control for delays in the pass-
through from exchange rate to prices. Adjusted R”s point to noticeable gains in anticipatory ability. For
example, in the first baseline model, the adjusted R? increases from 0.427 to more than 0.50 as summaries of

social media content are incorporated as predictors.

Having established that social media provides valuable information regarding future levels of inflation,
we present additional analyses that characterize this information in more detail. First, we estimate a nonlinear
model to explore the value of alternative specifications. Then, we evaluate if the information provided by the
attention index overlaps with the information provided by traditional macroeconomic indicators such as

interest rates, monetary aggregates or ¢conomic activity.

Are increments in attention as informative as drops in attention? To provide an answer to this question
we use the adjusted metric of attention, I;, to compute a second indicator of attention that is equal to the
adjusted metric of attention if positive and zero otherwise: [} = max{O, It}- Then we estimate forecast

models in which this new indicator is used as a predictor. In Table 3 the estimated models suggest

Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aery: difference in logs of

the exchange rate. I;: relative level of inflation attention. [: positive values of the adjusted metric of
attention. Standardized coefficients.

(1) ) 3 |
0.006**  0.006*  0.006™**
Acpi;
(0.0004)  (0.001) (0.001)
\ 0.002%*  0.002%  .002%*
er 0.001)  (0.001)  (0.001)
. 0.003*** -0.002
I (0.001) (0.002)
. 0.004%* 0.005*
I (0.001) (0.003)
0.025%*  0.025%  (.025%*
Constant
(0.001) (0.001) (0.001)
Observations 80 80 80
R? 0.539 0.556 0.557
Adjusted R2 0.521 0.538 0.534

F Statistic 29.614**  31.670*** 23.602***

Note: standard errors are estimated following Newey and West (1987, 1994). *p<0.1; **p<0.05; **p<0.01.

Source: own elaboration.
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that increments in attention are particularly informative. More specifically, when the indicator of increments
in attention, [}, is used as the predictor, the estimated coefficients and the metrics of model fit increase.
Additionally, when the adjusted metric, ft, is incorporated as a second indicator, its coefficient is not
significantly different from zero. While our ability to identify the best forecast model is constrained by sample

size, these evaluations suggest that there are gains associated to considering more flexible specifications.

Is the information provided by social media content different from the information provided by traditional
indicators? We consider three traditional indicators to address this question: economic activity, interest rates,

and monetary aggregates. The monthly indicator of economic activity, ea,, is from the national

Table 4: Attention indices vs. traditional variables
Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aery: difference in logs of the
exchange rate. I, relative level of inflation attention. Aea,: difference in logs of indicator of economy activity.
Am: difference in logs of monetary base. ir;: interest rates for term deposits. Standardized coefficients.

(1) (2) (3) (4) (5) (©6) 7) (8) \
0.006*  0.006%*  0.008**  0.007°*  0.008"*  0.006*  0.006**  0.004*

Acpi, (0.0004)  (0.0004)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
0.003*  0.002%%*
Aery (0.001) (0.001)
. 0.003%* 0.004%%* 0.004*+* 0.004%%*
I (0.001) (0.001) (0.001) (0.001)
0.001 0.002*
L (0.001)  (0.001)
0.001 0.001
Am, (0.001)  (0.001)
_ 0.003%  0.004**
e (0.001)  (0.001)
Comeane 00257 00257700257 0.0257 0.0257F 0.0257 0.0257F 00257
(0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Observations 92 80 91 80 91 80 92 80
R? 0.495 0.539 0.440 0.540 0.433 0.519 0.475 0.580
Adjusted R? 0.483 0.521 0.428 0.522 0.420 0.500 0.463 0.563

F Statistic 43.580%%%  29.614%%%  34.609%k%  29.765%xx  33.557xxx  27.340%xx  40.244%%%  34.948%%x

Note: standard errors are estimated following Newey and West (1987, 1994). *p<0.1; **p<0.05; ***p<0.01.

Source: own elaboration.
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statistics office.'” The monetary aggregate, m,, is the monetary base." Interest rates, iry, corresponds to 30

through 59-day term deposits.'*

Table 4 shows the estimated models that incorporate these traditional variables as predictors after
standardization. The estimated coefficients associated to these variables have the expected sign. Nevertheless,
statistical significance is consistently observed only in the case of interest rates. Importantly, for all model
specifications, the coefficient corresponding to the indicator of Twitter content is positive and significant.
Additionally, the estimated coefficient remains mostly unaltered as different macroeconomic variables are
incorporated to the model. These results suggest that the attention index provides valuable information that

is different from the information provided by traditional economic indicators.

Summarizing, the evidence reported above suggests that indices based on social media content have
valuable information regarding future levels of inflation. These findings are robust to changes in the set of
predictors and the specification of the indicator. Also, the information provided by the attention index is
different from that provided by traditional macroeconomic indicators. Appendix B evidences a more distant

association between social media content and subsequent levels of inflation rate.

To provide further insights on the information content of social media we implement out of sample
forecasts exercises in which models are trained recursively with past information. The performance of forecast
generated by the baseline autoregressive model are compared to forecasts produced by models that incorporate

an additional predictor. Four predictors are considered: monthly devaluation rate (Aery), the inflation

attention index (I;), the adjusted level of attention (It) and increments in attention (It+ )

Each forecast model is evaluated computing the root-mean-square prediction error (RMSE). For
extended models these measure of accuracy is also expressed as a fraction of the RMSE of the baseline model.
The performance of the models is assessed using two alternative starting dates for psecudo out-of-sample

forecast exercise. The starting dates are selected so that the smallest training subsample represents 60% and

2" The seasonally adjusted monthly economic activity estimator (EMAE according to its Spanish acronym).

hetps://www.indec.gob.ar/indec/web/Nivel4-Tema-3-9-48

13 More specifically, the indicator is the seasonally adjusted monetary base. MO (monetary base): sum of monetary circulation (notes and
coins issued by the Central Bank of Argentina), and deposits in pesos held by financial institutions in a current account with this Institution.
End-of-Month Stock. http://www.bcra.gov.ar/. The results are basically the same when we use M1.

* Monthly average interest rate. We decided to use interest rates for term deposits because in the case of Argentina there is no interest rate

that was used consistently as an instrument of monetary policy during the period under analysis.
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80% of the full sample respectively. Following Faust et al. (2013), resampling techniques are implemented

to compute the statistical significance of the differences in accuracy.”

Table 5 shows the results for out-of-sample forecast exercises. For all extended models, the estimated
forecast accuracy is higher than that observed in the case of the baseline model. These differences are
statistically significant in all but one case. For forecasts generated by a single predictor, the strongest
performance is observed in the case of the original inflation attention index (I;). The last row of the table
shows that forecast combinations allow for further gains in accuracy. In summary, these out-of-sample
forecast exercises provide further support to the idea that social media content provides valuable information

regarding future levels of inflation.

Table 5: Out-of-sample forecasts
Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aefy: difference in logs of
exchange rate considering its average accumulated value during the last semester. I;: ratio between total
mentions of the term “inflation” and total of tweets. I, : relative level of inflation attention. Forecast

combinations are implemented through simple averages. p-values in brackets.

Forecasts begin 01/2017 (60%) 05/2018 (80%)
Baseline 0.0100 0.0125
Aef 0.0097 0.966 0.0122 0.978
[0.05] [0.118]
I 0.0090 0.897 0.0102 0.812
[0.00] [0.02]
it 0.0096 0.954 0.0112 0.900
[0.00] [0.04]
I 0.0096 0.952 0.0110 0.877
[0.00] [0.04]
Forecast combination ~ 0.0088 0.874 0.0104 0.831
[0.00] [0.00]

Source: own elaboration.

1> We estimate two models: (a) a restricted model that involves estimating an AR(4) process for Acpi, and (b) an unrestricted model that
consists of a regression of Acpi, on four lags of itself and two predictors: Aery and I;. In each bootstrap replication (500 replications), we
then resample the residuals of the unrestricted model using wild bootstrap and construct a bootstrap sample of cpi; (cpi?°°t) using these

resampled residuals, together with the coefficients from the restricted model.
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IV. INFLATION UNCERTAINTY

Beyond inflation forecasts, social media can be conjectured to provide information regarding inflation
uncertainty. This is a question of interest since inflation uncertainty has important economic consequences
(Huizinga, 1993, Heymann and Leijonhufvud, 1995 and Elder, 2004). Our metric seems adequate for this
task since higher inflation uncertainty is likely accompanied by a higher level of attention that can be inferred
from social media messages. More specifically, under rational inattention, the allocation of attention is
adjusted with the value of incoming information (Sims, 2003; Mackowiak and Wiederholt, 2009). Hence,
the allocation of more attention to inflation is consistent with the arrival of valuable news regarding the future
evolution of inflation. Complementarily, considering the literature on multiple equilibria or sunspots
(Benhabib and Farmer, 1999; Ascari et al., 2019), more public discussion of the inflation might be linked to

innovations in the coordination of price setting behavior.

Our first evaluation involves estimating quantile regressions that characterize the distribution of
inflation shocks as a function of three variables of interest. Formally, shocks are approximated by residuals of

an autoregressive model:

€rr1 = AcCpipyq — [@ + BcpiACpit + B, + BerAert]

Then, quantile T € [0, 1] of the shock é;,, conditional on the value of indicator x; is modeled as an

affine function:

Qét+1|xt(’f) = ar + Brx;

where the x; can be one of three indicators: inflation (Acpi;), devaluation rate (Aery), or the adjusted

indicator of inflation attention (It).

Figure 2 and Table 6 provide information on the estimated quantiles. The estimations suggest that the
attention index is associated to important changes in uncertainty. In particular, the interquartile range of the
shock is estimated to increase from 0.47 to 0.83 as the attention index increases from one standard deviation
below the mean to one standard deviation above the mean. This strong association between the attention
index and uncertainty, proxied by forecast errors, are not observed when quantiles are estimated as a function

of lagged inflation or lagged devaluation.
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Figure 2. Quantile regressions
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Note: Given T € {0, 1} quantile Q4 |x, () is modeled as Qg , |, (T) = a; + B;x;. Estimated quantiles are conditioned on x; with x, €
{Acpit, Aery, It}. To facilitate comparisons, in each case, the indicator on which quantiles are conditioned, x;, was standardized.

Source: own elaboration.

To complement the previous results, we evaluate the association between inflation uncertainty and
social media attention estimating simple forecasting models. Following Rossi and Sekhposyan (2015),
inflation uncertainty is proxied using the mean absolute forecast error: iu; = |€;,1|. Then, we propose
simple empirical models in which uncertainty is function of indicators x; € {Acpit, Aery, I}} Formally, when

all indicators are incorporated, the inflation uncertainty forecast model is given by:

log(iuesq) = a + By log(iug) + BcpiACpit + ,BIit + Berler; + upyq
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Table 6: Inflation uncertainty forecasts
Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aery: difference in logs of

exchange rate. [;: relative level of inflation attention. Standardized coefficients.

(1) ) (3) @ |
, -0.103 -0.075 -0.134  -0.146*
log(iuere-1 (g o91)  (0.113)  (0.089)  (0.084)
_ 0.195%* 0.124
Acpl, (0.073) (0.084)
0.093 -0.066
Aer, (0.096) (0.108)
X 0.307%%%  0.295%%*
e (0.102) (0.122)
57004 S.696FF  5.697F 5,699k
Constant
0.112)  (0.111)  (0.112)  (0.113)
Observations 79 79 79 79
R2 0.039 0.012 0.090 0.104
Adjusted R? 0.013 -0.014 0.067 0.055
F Statistic 1.531 0.447 3.781%  2.138*
Note: standard errors are estimated following Newey and West (1987, 1994). *p<0.1; *p<0.05; ***p<0.01.

Source: own elaboration.

Table 6 confirms that the attention index provides valuable information regarding inflation
uncertainty. A one standard deviation increment in the attention index is associated to a 30% increment in
the expected mean absolute error. In contrast, no robust association is found when the other two indicators
are considered. In the case of the devaluation rate, no statistically significant relationship is found. In the case
of lagged inflation, a positive relationship is found in the case of the univariate model. This association loses

statistical significance once the attention index is incorporated as a predictor in the model.

V. EVALUATION OF OTHER SUBJECTIVE INDICATORS

The previous analyses show that social media content provides valuable information regarding future
levels of inflation and inflation uncertainty. One open question is whether other indicators of subjective states
display similar capacity to provide information regarding future inflation. In this subsection, we estimate
inflation forecast models that allow for a comparison of the information content of multiple alternative

indicators of subjective states.

Three types of indicators are considered. First, we evaluate search intensity indices from Google
Trends. We consider two keywords: “inflacion” (inflation) and “dolar” (dollar). The selection of “dolar” as a

keyword responds to the strong association between the exchange rate and the rate of inflation. Also, we
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consider two indicators of media attention. One index is constructed processing the full text of the economic
section of “La Nacién” a prominent Argentine newspaper'®. The second mass media index is constructed
processing a collection of 1.4M tweets from 6 major news outlets: “ambitocom”, “clarincom”, “cronistacom”,
“infobae”, “lanacion” and “perfilcom”. Finally, we also use the index of household inflation expectations from
CFI-UTDT. More specifically, in the absence of an indicator of expected inflation for the next month, we

use the median expected inflation over the next 12 months.

As in the previous exercises, we estimate simple autoregressive models that incorporate an additional
predictor. Table 7 shows the estimated forecasting models for the alternative subjective indicators. To
facilitate comparisons, each subjective indicator was standardized. Interestingly, mass media content and mass
media tweets fail to provide information regarding future inflation. These results suggest that, in the case
under analysis, mass media might not play a central or leading role in the formation of macroeconomic
expectations. On other hand this is a tentative statement since we must consider the impact of difference in
the size and coverage of cach corpus and the sensitivity to adjustments in the methodology used to extract
information from each corpus.'” Hence, a more comprehensive analysis is needed to arrive to more

informative evaluation of the centrality of each type of source of information.

Negative results are also observed in the case of household surveys. While preliminary, this evidence
points to limits in our capacity to extract subjective information through questionnaires. In contrast, search
intensity indicators are shown to contain valuable information. In particular, a strong performance is observed
in the case of the indicator of search intensity for the keyword “dollar”. In consistence with the previous
sections, the evidence linked to search intensity suggest that indicators of online behavior of a large quantity

of users constitutes a valuable tool to extract forward-looking macroeconomic information.

Table C.1, in Appendix C, evidences that social media content captures valuable information regarding
future inflation rate even when we simultancity control by google intensity search indexes and traditional

macroeconomic indicators. This result remains when we add household inflation expectations as control.

VI. CONCLUSIONS

This paper examines the information content of social media messages. More specifically, we analyze
“Argentine” tweets for the period 2012-2019. The evidence indicates that Twitter messages provide valuable
information regarding expected inflation and inflation uncertainty. The information content is economically

significant. An increment of one standard deviation in the index is associated with by an increment of 0.4%

16 The results shown below remain mostly unaltered when we incorporate the full text of the economic section of “Pdgina 12” and “Ambito
Financiero”.

"7 To further evaluate this issue, we have computed the Twitter index excluding all tweets that mention, reply to or retweet a message sent
by one out of 24 mass media account (aprox. 1% of sampled tweets). While we only observe a minor change in the results, suggesting the
relevance of mass media content, we observe some decline in the forecasting ability of the Twitter index (see column 1 in Table C.1).
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in inflation in the following month. The information content of the index is different from that provided by
traditional macroeconomic indicators. These findings are robust to changes in the specification of the forecast

exercise.

There are several directions in which these exercises can be extended. First, in this work, attention to
inflation was approximated using an extremely simple but transparent strategy to summarize unstructured
information. The use of natural language processing models could allow for gains in the capacity to extract
information from Twitter messages. In a similar direction, models of community detection could be used to
discover clusters of users whose content is particularly informative. Finally, this study evaluated regularities
using monthly time series. Analyses at higher frequencies can provide further insights regarding the

relationship between social media content and inflation dynamics.
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APPENDIX A. FORECASTING MODELS: EXTENSIONS

Table Al. Forecasting models incorporating an alternative inflation attention index and lags on
devaluation rate
Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aery: difference in logs of
the exchange rate. Aer(,_3¢_q): last quarter exchange rate devaluation. Aerp;_g¢_4): last semester exchange

Iextended .
t .

rate devaluation. I;: ratio between total mentions of the term “inflation” and total of tweets. ratio

between total mentions of the term “inflation”, “dollar”, “prices”, and “wage” and total of Tweets. [;: relative

level of inflation attention. Standardized coefficients.

(1) (2) (3) (4) 5) ©) (7)
. 0.006*  0.005*  0.003***  0.003***  0.006"*  0.003***  0.003***
Pl 0.001)  (0.0004)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
. 0.002°%  0.003**  0.003***  0.003***  0.002**  0.003***  0.003***
ere 0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Iextended 0.0037*
¢ (0.001)
. -0.0003 -0.001
€lt-1 (0.001) (0.001)
. 0.003** 0.003***
eYi¢_a +_
[£=3,6-1] (0.001) (0.001)
. 0.003*** 0.003***
eYi¢—_g +—
[e=6,6-1] (0.001) (0.001)
1 0.003**  0.003***  0.003%*
t

(0.001) (0.001) (0.001)
. 0.003**  0.003***  0.003***

I
t (0.001) (0.001) (0.001)
0.025%*  0.025%*%  0.025%*F  0.025*  0.025%*  0.025**  (.025%**

Constant
0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Observations 92 91 89 86 80 80 80
R? 0.545 0.561 0.616 0.587 0.550 0.601 0.585
Adjusted R? 0.530 0.540 0.598 0.567 0.526 0.580 0.563

Note: standard errors in parentheses are estimated following Newey and West (1987, 1994). #p<0.1; **p<0.05; ***p<0.01
Source: own elaboration.

83



J. Daniel Aromi, Martin Llada |
Revista Econémica La Plata

Vol. LXIX Nro 1

R E VISTA

ECONOMICA

LA PLATA

APPENDIX B. FORECASTING MODELS MONTHS AHEAD

Table B.1. Forecasting models during subsequent months ahead

Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aery: difference in logs of

the exchange rate. I;: ratio between total mentions of the term “inflation” and total of tweets. I;: relative level

of inflation attention. Standardized coefficients.

, 0.005*  0.002 0.001 20.001  -0.001  -0.0001
Acpiy 0.001)  (0.001)  (0.001)  (0.002)  (0.002)  (0.002)
0.003**  0.001 0.004  0.005  0.003*  0.001
Aer, 0.001)  (0.001)  (0.002)  (0.003)  (0.001)  (0.001)
0.003**  0.005**  0.003*  0.003*  0.005 0.004
fe 0.001)  (0.001)  (0.001)  (0.002)  (0.003)  (0.002)
0.025%  0.025%%  0.025%*  0.025***  0.025%*  0.025%*
Constant
0.001)  (0.001)  (0.002)  (0.002)  (0.002)  (0.002)
Observations 92 91 90 89 88 87
R 0.563 0.296 0.207 0.259 0.200 0.107
Adjusted R? 0.548 0.272 0.179 0.233 0.171 0.075

Note: standard errors in parentheses are estimated following Newey and West (1987, 1994). *p<0.1; **p<0.05; ***p<0.01

Source: own elaboration.
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APPENDIX C. ALTERNATIVE SOCIAL MEDIA: EXTENSIONS

Table C.1. Forecasting models using alternative subjective indexes
Sample period is 2012-2019. Acpi,: difference in logs of Consumer Price Index. Aery: difference in
logs of the exchange rate. I;: ratio between total mentions of the term “inflation” and total of Tweets.
[fessmedia. I index without those Tweets that mention, reply to or retweet message from mass media

Tinflation. geqrches of term “inflation” in Google.

accounts. [, : relative level of inflation attention. G
GTaouar, searches of term “dollar” in Google. Cons. Surv.: Inflation expectations reported by individuals

in Di Tella Survey. Standardized coefficients.

(1) (2) 3) (4) ) ©6) 7 |
, 0.006*  0.005%*  0.003**  0.003**  0.006™*  0.003"*  0.003***
Acply 0.001)  (0.0004)  (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
0.002%%  0.003*  0.003**  0.003**  0.002"**  0.003"*  0.003***
fer, (0.001) (0.001) (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Ilessmedia 0.003*
t (0.001)
0.003**  0.005***  0.005***
It (0.001) (0.002) (0.001)
. 0.004**  0.003**  0.004***
It (0.001) (0.001) (0.001)
0.0005 0.00004  0.001 0.0003
Cons. Surv. (0.001) 0.01)  (0.001) (0.001)
cpdottar 0.004***  0.004*** 0.005%*  0.005%**
(0.001)  (0.001) (0.001)  (0.001)
i -0.004**  0.004** 0.001  -0.001*
(0.002)  (0.002) (0.001)  (0.001)
Constan 0.025%°  0.025%*  0.025%*  0.025"*  0.025*  0.025"%*  0.025"**
(0.001) (0.001) (0.001)  (0.001)  (0.001)  (0.001)  (0.001)
Observations 92 92 92 92 80 80 80
R2 0.550 0.564 0.590 0.590 0.555 0.597 0.598
Adjusted R? 0.535 0.544 0.566 0.561 0.531 0.570 0.565

Note: standard errors in parentheses are estimated following Newey and West (1987, 1994). *p<0.1; **p<0.05; ***p<0.01

Source: own elaboration.
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