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Abstract
Timely data availability is a long-standing challenge in policy-making and
analysis for low-income developing countries. This paper explores the use of
Google Trends' data to narrow such information gaps and finds that online
search frequencies about a country significantly correlate with
macroeconomic variables (e.g., real GDP, inflation, capital flows), conditional
on other covariates. The correlation with real GDP is stronger than that of
nighttime lights, whereas the opposite is found for emerging market
economies. The search frequencies also improve out-of-sample nowcasting
performance albeit slightly, demonstrating their potential to facilitate timely
assessments of economic conditions in low-income developing countries.

Motivation
• Macroeconomic data for lowincome countries are available with
time lags, posing a challenge in realtime economic assessment (Chart 1).
• Can unconventional data such as
online search volume (Choi and
Varian, 2012) help address this issue?
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Macroeconomic nowcasting
using online search indexes
Examine how useful the online search volume indexes are in nowcasting
macroeconomic variables in low-income countries.
𝑌𝑌𝑖𝑖𝑖𝑖 = 𝛽𝛽𝑺𝑺𝑺𝑺𝑺𝑺𝒊𝒊𝒊𝒊 + 𝜌𝜌𝑌𝑌𝑖𝑖𝑡𝑡−1 + 𝛾𝛾𝑋𝑋𝑖𝑖𝑡𝑡−1 + 𝛼𝛼𝑖𝑖 + 𝐷𝐷𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖
(1)
• 𝑌𝑌𝑖𝑖𝑡𝑡 = Macroeconomic variables to nowcast (e.g., real GDP, etc.)

• 𝑺𝑺𝑺𝑺𝑺𝑺𝒊𝒊𝒕𝒕 = indexes based on online searches about country 𝒊𝒊 under five
categories (finance, business & industry, law & government, health, travel)

• 𝑋𝑋𝑖𝑖𝑡𝑡−1 = control variables with one-year lag (e.g., population, Internet users),
reflecting time lags in data availability

• 𝛼𝛼𝑖𝑖 = country fixed effects; 𝐷𝐷𝑡𝑡 = year effects; 𝜀𝜀𝑖𝑖𝑖𝑖 = error; 𝛽𝛽, 𝜌𝜌, 𝛾𝛾 = parameters
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Chart 1. Share of countries where nominal GDP in
2018 is available as of Nov. 2019 at the IFS database.
Sources: International Financial Statistics (IFS) and the authors’ calculation.
Note: Accessed on November 25, 2019 and based on annual nominal GDP.
While the IFS database relies on data submissions from country authorities,
non-availability at the IFS database may reflect time lags in updating the
database and does not necessarily mean that no GDP estimate is available.

Online search about a country
• Use Google Trends to quantify online searches about a country.
• Leverage “big data” generated in higher-income countries to extract
useful information about low-income countries (Chart 2).

• Online search indexes about a country are more useful than
nighttime lights (Henderson, Storeygard, and Weil, 2012) in nowcasting
real GDP for low-income countries (Chart 4).
• In contrast, the opposite is found for emerging market economies.
• Some indexes capture positive effects (e.g., business & industry) and
others capture negative effects (e.g., law & government, health).
• Online search indexes improve out-of-sample performance, albeit to a
small extent (a 2.6 percent reduction in the mean squared error).
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Chart 4. Online searches vs. nighttime lights.
Sources: see the draft (Table 6) uploaded at the 2020 AEA conference website.
Note: The chart shows the estimated coefficients with the 95 percent confidence intervals (*** and ** indicate 1 percent and 5 percent significance, respectively) of equation (1) for
real GDP, where nighttime lights (for time t and t-1) are also included as regressors. The sample period is from 2004 to 2016, excluding 2014. SVI = search volume index.
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Chart 2. Online searches about low-income countries can be generated elsewhere.

Proposition 1. Search ≃ Attention
Google’s search volume index (SVI) about a query is proportionate to the
population share of those who are interested in the object represented by the
query:
Number of people
𝑁𝑁𝑡𝑡,𝑙𝑙 𝑞𝑞
interested in query 𝑞𝑞
𝐒𝐒𝐒𝐒𝐒𝐒𝒕𝒕,𝒍𝒍 𝑞𝑞 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 ×
,
Population𝑡𝑡,𝑙𝑙
in location 𝑙𝑙 at time 𝑡𝑡
if, across all queries, the following three assumptions hold (Chart 3):

1. Same average number of Google searches per person
2. Random use of Google Search (and access to the Internet)
3. Constant average queries per person

Remark: Proposition 1 contributes to the literature by formalizing the use of
SVIs to proxy people’s attention (e.g., Da, Engelberg, and Gao, 2011) and
sets a basis to discuss possible biases that could arise in such analyses.
Source: Authors.
Note: This is a conceptual diagram. The entire rectangle
represents the whole population. Those who are interested
in query q may not always have access to the Internet or
use Google Search. In this diagram, there is no selection
bias in the use of Google Search with respect to whether
people are interested in query q. As a result, the proportion
of the people who are interested in query q (i.e., the upper
light-colored part) and the people who are not (i.e., the
lower dark-colored part) is the same even within those who
use Google Search (the light-blue and the dark-blue parts,
respectively). This is the ideal situation that is ensured by
Assumptions 1-3 (especially, Assumption 2), although these
assumptions can be violated in practice.

Chart 3. Ideal case: use of Google Search as a random sampling to infer people’s attention.
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• The major source of information seems to be attention from foreign
locations because online searches made domestically (e.g., searches
about Malawi made in Malawi) do not generally change the results.
• Online search indexes generally work better for low-income countries
than emerging market economies.
• Other estimation methods (Bayesian Model Averaging, LASSO, Ridge,
Elastic-Net, Random Forests) lead to broadly similar results.
• Lagged online search indexes do not perform well, likely because the lag
length of one year could be too long.
• Jumps (or positive outliers) in online search indexes could be used to
form dummies for associated critical events (e.g., natural disasters).
• Online search indexes are also correlated with other macroeconomic
variables. For example, online searches under the finance category are
associated with currency depreciation and high inflation.

Conclusions
• This paper demonstrates the usefulness of the information contained in
Google’s online search indexes in macroeconomic nowcasting,
particularly for low-income countries.
• The assumptions required in Proposition 1 provide useful guidance on
when online search indexes represent people's attention without bias.
• The contrasting results between low-income countries versus emerging
market economies imply some structural differences between these
groups of economies. Further investigation would be interesting.

References (see the uploaded draft paper for the full list)
1.
2.
3.

Choi, H., Varian, H., 2012. Predicting the present with Google Trends. Economic Record, 88, 2-9.
Da, Z., Engelberg, J., Gao, P., 2011. In search of attention. The Journal of Finance, 66, 1461-1499.
Henderson, J. V., Storeygard, A., Weil, D. N., 2012. Measuring economic growth from outer space. American Economic Review, 102,
994-1028.

INTERNATIONAL MONETARY FUND

1

