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A B S T R A C T

Economic indicators are essential for policymaking and strategic decisions in both the public and
private sectors. However, due to delays in the release of government indicators based on mac-
roeconomic factors, there is a high demand for timely estimates or “nowcasting”. Many attempts
have been made to overcome this challenge using macro indicators and key variables such as
keywords from social networks and search queries, but with a reliance on human selection. We
present a fully data-driven methodology using non-prescribed search engine query data (Search
Big Data) to approximate economic variables in real time. We evaluate this model by estimating
representative Japanese economic indicators and confirm its success in nowcasting prior to official
announcements, even during the COVID-19 pandemic, unlike human-selected variable models that
struggled. Our model shows consistent performance in nowcasting indices both before and under
the pandemic before government announcements, adapting to unexpected circumstances and
rapid economic fluctuations. An exhaustive analysis of key queries reveals the pivotal role of
libidinal drives and the pursuit of entertainment in influencing economic indicators within the
temporal and geographic context examined. This research exemplifies a novel approach to eco-
nomic forecasting that utilizes contemporary data sources and transcends the limitations of
existing methodologies.
1. Introduction

Economic indicators announced by the government play critical roles in decision-making about upcoming actions in both the public
and private sectors. A major drawback of these indicators is their lack of timeliness, due to the fact that they are based on macroeco-
nomic factors such as inventory turnover and iron production. In the case of the Japan Cabinet Office's Indexes of Business Conditions,
indices are announced two months later, e.g., a September value will be announced in November of the same year.
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Economists have been researching nowcasting of macroeconomic variables for years via various ways of modeling national economic
indicators (Bragoli and Fosten, 2018; Richardson et al., 2021). Comprehensive reviews of previous studies on nowcasting in the
literature of economics are provided in Ba�nBura et al. (2011, 2013). Recent studies, particularly focusing on the Japanese case, have also
contributed to this field. For example, Bragoli (2017), Chikamatsu et al. (2018) and Hayashi and Tachi (2022) have provided valuable
insights into nowcasting in the context of Japan. Most of them show that macroeconomic indicators can be modeled on other mac-
roeconomic variables and semi-macroeconomic statistical data, which are aggregated data on the number of actions taken by many
households and firms related to the macroeconomic components, such as consumption and investment, if a time lag is allowed due to the
data availability.

Evans (2005) and Proietti and Giovannelli (2021) attempt to nowcast macroeconomic indicators using state space methods.
(Carriero et al. 2015, 2020) and (D'Agostino et al. 2016) approach nowcasting them using Bayesian methods. Chauvet and Potter (2013)
and Siliverstovs (2020), however, assess nowcast accuracy of those sophisticated models, and conclude that they produce average
forecast accuracy that at best is comparable to that from an autoregressive model of order 2 (AR(2)) of macroeconomic indicators, which
is the benchmark model in macroeconomics.

In addition, macroeconomic data can hardly represent irregular economic discontinuity, for instance, caused by the COVID-19
pandemic, because discontinuities in the economy are not immediately reflected in the macroeconomic factor. Most existing re-
searches are conducted under situation without apparent discontinuity. Comelli (2015) examines the spillover effects of economic
fluctuations in developed countries to developing countries during the period of the Great Recession. However, it is still not possible to
address simultaneous global economic discontinuities such as COVID-19.

In order to overcome the drawbacks of existing macro-variable-driven methods, we here report the development of a new bigdata-
driven approach that can reasonably nowcast the values of macroeconomic indicators without requiring aggregation of semi-
macroeconomic data. Our approach requires only using query logs, “Search Big Data,” from a major search engine in the country
where the economic indicators are published.

Our approach based on Search Big Data has two major advantages over previous macro-index-based approaches for developing a
model of economic indicators. First, the data are immediately available: by definition, search engine query data can be obtained and
analyzed in real time. Second, the data contain the signals of highly diversified human interests and activities in daily life, ranging from
news topics to factory utilization and artificial intelligence (AI) (Choi and Varian, 2012; Della et al. 2009; Radinsky et al., 2008).

By leveraging this signal diversity, Askitas and Zimmermann (2009), D’Amuri and Marcucci (2010), Ettredge et al. (2005), and
McLaren and Shanbhogue (2011) study unemployment rates, while Ataka (2016) forecast the results of a Japanese national election.
Similarly, Hisada et al. (2020) examine the occurrences of COVID-19 patients, and Sasaki et al. (2021) calculate a real-time mood score
for society. All of those works take advantage of the unique characteristics of Search Big Data.

There are some papers using methods that employ variables other than economic indicators. Big data from Search captures the needs
of diverse consumers in far greater detail than macroeconomic indicators that aggregate a variety of economic activities. Aguilar et al.
(2021) develop a daily sentiment indicator based on textual newspaper data. Cavallo and Rigobon (2016) create consumer price indexes
by collecting a massive amount of retail price information. Chen et al. (2015) investigate signals of the business cycle using real-time
Google search volume data. Chen et al. (2015), however, predict macroeconomic trends based on some queries pre-specified by the
authors. Also, Bouayad et al. (2022), Jaemin and Owen (2019), Kohns and Bhattacharjee, 2023, Vosen and Schmidt (2011a, 2012), and
Woloszko (2020) choose queries based on human knowledge. The selection rules of these papers can be biased due to subjective criteria,
or the targeted candidate set can be quite limited, missing those seemingly irrelevant queries that are quite sensitive to economic
conditions. Our machine-based methods are the opposite of the previous human knowledge-based methods.

In this study, we developed a fully data-driven approach to predict government economic indicators using only non-preset search
engine query data. Our method is a statistical technique that utilizes the most highly correlated queries to model economic indicators
through Search Big Data. During our model optimization process, we assessed four machine-based methods. We opted for a multiple
regression analysis, selecting the most relevant search queries based on the strength of their correlations.

We used search big data from Yahoo! JAPAN, which approximately 80% of the Japanese population uses the internet (Ministry of
Internal Affairs and Communications, 2021), andmore than 60% of the nation's internet users use Yahoo! JAPAN Search, fromwhich we
obtained the query data. Moreover, we demonstrate the feasibility of constructing statistical models based on select search queries that
exhibit strong correlations with certain economic indicators: specifically, Japan's Coincident Indexes of Business Conditions and
Consumer Confidence Index (CCI), among billions of queries. We further show that statistical models based on queries preceding the
target month can be used to nowcast economic indicators even during the unprecedented recession caused by the COVID-19 pandemic.
Furthermore, our analysis of the queries used in the models reveals that human libido and desire for laughter are key drivers of the
economy in Japan during the time period studied. In this way, we have developed a novel approach to modeling economic indicators
while investigating the social forces underlying these trends by utilizing Search Big Data.

2. Data and methodology

Figure 1 illustrates the proposed methodology for estimating economic indicators from Search Big Data. First, we extract all query
data (over billions) from the server (for details, see subsection “Data”). Next, we extract the continuously searched queries (about
300,000) from all data (see subsection “Data”). To create a well-performed model, we calculate the single correlation between each
extracted query and the target economic indicators. The queries with the highest absolute value between single correlations are
extracted (see subsection “Query Selection for Training Step 1”) and remove multicollinearity (see subsection “Query Selection for
Training Step 2”). Finally, after performing a t-test, we create the model (see subsection “Query Selection for Training Step 3”).
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Fig. 1. Overview of our methodology for estimating economic indicators from Search Big Data.
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2.1. Data

We use query and timestamp data that are collected between January 2006 and March 2021, which is obtained from Yahoo! JAPAN
Search. Yahoo! JAPAN (an internet portal), with more than 50 million monthly active users, runs- one of the most popular search engine
platforms in Japan. In order touse constantly searched queries,we extractwitha threshold of 10 times perday fromApril 2020 toMarch2021.

We employ the Coincident Index (CI) from the Japan Cabinet Office's Indexes of Business Conditions (Cabinet Office, 2021) and the
CCI, as they are representative indicators of real-time economic trends and publicly available in Japan (e-Stat). CI is an indicator
compiled for the purpose of understanding the current state of the economy and contributing to future forecasts, and is calculated by
integrating the movements of important and economy-sensitive indicators of various economic activities, such as production and
employment. CCI is calculated using a questionnaire survey to obtain basic data for judging economic trends by ascertaining consumers'
attitudes toward the outlook for their daily lives and their ownership of major durable consumer goods. In general nowcasting research,
GDP is used as the target variables (Bragoli, 2017; Chikamatsu et al., 2018; Hayashi and Tachi, 2022), but in this study, we use CI and
CCI instead. This is because GDP is announced only once every three months, and it is not adequate as an indicator for policy decisions in
rapidly changing situations like COVID-19. Furthermore, previous studies using Search Query Data usually employ real monthly con-
sumption indices (Jaemin and Owen, 2019; Vosen and Schmidt, 2011b; Vosen and Schmidt, 2012; Woloszko, 2020). Therefore, we
choose the indicators CI and CCI, which are announced monthly.

2.2. Model

To model the economic indicators with Search Big Data, we perform a multiple regression analysis. In contrast to methods such as
Principal Component Analysis (PCA), which emphasizes the extraction of orthogonal components that explain the largest variance in the
data, and another statistical method like Partial Least Squares (PLS) that focuses onmaximizing the covariance between the independent
and dependent variables, our approach is a basic statistical method that leverages the most highly correlated queries to model economic
indicators with Search Big Data. We perform multiple regression analyses and select the most relevant search queries based on their
correlation strength. Table 1 and Table 2 list the top queries that have the strongest correlation with the economic indicators, along with
the value of the Pearson correlation coefficients between each search query and the CI (Table 1 lists positive strong correlations and
Table 2 lists negative ones).
Table 1
Top five queries with the highest positive Pearson correlation coefficients between the Web search query data and CI from June
2005 to February 2021. (* denotes names of the city in Japan.)

Search query Query meaning Correlation coefficient

Sapporo fuzoku Sapporo* adult entertainment 0.66
Osaka fesutibaru hooru concert hall 0.65
Sunlady's employment agency name 0.65
Yokohama fuzoku Yokohama* adult entertainment 0.63
Shibuya fuzoku Shibuya* adult entertainment 0.63
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Table 2
Top five queries with the highest negative Pearson correlation coefficients between the Web search query data and CI from June
2005 to February 2021.

Search query Query meaning Correlation coefficient

Ishida Akira name of famous comedian �0.79
8591 a company code in the securities market �0.78
tosanjoho bankruptcy information �0.77
koyojoseikin government subsidies for employment �0.77
Audrey a comedian �0.76
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Figure 2 illustrates the data decomposition method. The nowcasting target months span a total of 24 months, ranging from April
2019 to March 2021. A distinct model is constructed for each target month, resulting in a total of 24 models for nowcasting purposes.
The validation data comprises the 12-month period immediately preceding the target month, while the training data encompasses the
period from January 2006 up to the month prior to the validation period. For instance, when considering April 2019 as the target month,
the validation period extends from March 2018 to March 2019, and the training period spans from January 2006 to February 2018.

2.3. Query selection for training

Four steps are performed to select the queries to be used to create the model.

2.3.1. Step 1: calculation of single correlation
First, data are extracted from January 2006 to the month prior to the target month for estimation, using approximately 300,000

queries that are consistently searched. Then, Pearson correlation coefficients between the economic indicators and search query data
from this period are calculated to figure out the candidate queries for inclusion in the models.

2.3.2. Step 2: multicollinearity
To prevent model instability, we eliminate multicollinearity. First, the queries obtained in Step 1 are ordered by the absolute values

of their correlation coefficients. Next, we extract a number of queries equal to the number of months in the training period. We have
chosen this threshold for the number of queries to be included in the regression model because of the linear nature of the regression;
theoretically, including more queries than the training period would lead to overfitting. The queries with the highest absolute values of
the correlation coefficients are added to a list for inclusion in a model. The variance inflation factor (VIF) is calculated for the queries
with the highest and second highest absolute values in the list. If a query's VIF is less than 10, then it is added to themodel; otherwise, the
query is removed. Next, the VIF is calculated for the query with the third largest absolute value, and it is added to the list for inclusion in
the model. When the query list contains two queries, the VIF is calculated for both queries. This process is performed for all of the
extracted queries.

2.3.3. Step 3: t-test
From the list of queries obtained in Step 2, the topw queries with the strongest correlations are chosen. With these queries, a multiple

regression model are calculated to estimate their respective p-values. Subsequently, we iteratively remove the query with the highest p-
value above the 0.05 threshold until all remaining queries exhibit p-values below this threshold. This procedure guarantees that the null
hypothesis is rejected at the 5% significance level. The value of w varies from 1 to the number of queries remaining after eliminating
multicollinearity in Step 2.

2.3.4. Step 4: validation
In this step, we focus on selecting the top w queries with the smallest mean squared errors (MSEs) for the final estimation. This is

accomplished through a validation process that leverages the data from the 12 months immediately preceding the target month. For
Fig. 2. Overview of our methodology for the data decomposition method.
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each target month within the estimation period of April 2019 to March 2021, we calculate the MSE for each of the topw queries with the
strongest correlations, using data from 13 months prior to the month before the target month. From these results, we identify the top h
queries with the lowest MSEs. The model constructed from these h queries is then adopted as the final estimation model. This validation
process ensures that the most accurate and reliable model is selected for each target month, enhancing the overall robustness and
reliability of the nowcasting results.

3. Empirical analysis and results

3.1. Overview of empirical analysis

To evaluate this multiple regression model based on search queries (multi-query model: Our Model), nine models are used as controls
(comparative methods) to evaluate the nowcasting performance of economic indicators under “Before COVID-19” and “Under COVID-
19” situations.

The “Before COVID-19” period is defined as the period before April 7, 2020, when the Japanese government declared a state of
emergency (SoE) for the first time and urged its citizens to refrain from going out, and the “Under COVID-19” period is defined as the
period from April, 2020, to March 2021. In each case, the estimates for the month are extrapolated.

One of the models used for comparison is a single regression model, also using search queries (Single-Query), and another is a
multiple regression model using macroeconomic indicators(Macro). In addition to these models, we also compare our model with seven
other methods that utilize Google Trends data in existing research. These methods rely on pre-specified queries for regression based on
economic knowledge gained from past studies. The seven methods are from the following studies (Bouayad et al., 2022; Chen et al.,
2015; Jaemin and Owen, 2019; Kohns and Bhattacharjee, 2023; Vosen and Schmidt, 2011a, 2012; Woloszko, 2020). Since the queries
used in these existing studies are not in Japanese, we use Google Translate to translate the words into Japanese and employ them as the
target queries for our analysis.
3.2. Comparative methods

� Macro is a multiple regression model using macroeconomic indicators following the work of Cepni et al. (2019). Themodel based on
economic indicators is developed using the macro indicators shown in Table 3. In order to avoid getting values for the CI and CCI
themselves, we do not use the economic indicators that are actually used to create these indicators, but instead use the economic
indicators released monthly by the Bank of Japan and the government.

� Single-Query is a single regression model. The query with the highest correlation with the economic index in the data training
period, from 2006, up to the month immediately preceding the nowcast month is used to produce a nowcast of the economic index
for the following month.

� Vosen (2011) is a multiple regression model using Search Query Data following the work of Vosen and Schmidt (2011a). It employs
56 consumption-relevant categories from Google Trends.

� Vosen (2012) is a multiple regression model using Search Query Data following the work of Vosen and Schmidt (2012). It employs
41 consumption-relevant categories from Google Trends.

� Chen (2015) is a multiple regression model using Search Query Data following the work of Chen et al. (2015). It employs three
queries such as “Recession,” “Foreclosure Help” and “Layoff.”

� Jaemin (2019) is a multiple regression model using Search Query Data following the work of Jaemin et al. (Jaemin and Owen,
2019). It employs 64 categories that are intuitively related to the Bureau of Economic Analysis' categorization, which are from
Google Trends.

� Woloszko (2020) is a multiple regression model using Search Query Data following the work of Woloszko (2020). It employs 115
categories from Google Trends.
Table 3
Economic variables used for nowcasting.

Economic Variables Sources

Effective Exchange Rates(Nominal) Bank of Japan
Effective Exchange Rates(Real) Bank of Japan
Nominal Consumption Activity Index Bank of Japan
Real Consumption Activity Index Bank of Japan
Producer Price Index Corporate Goods Price Index
Value of Wholesale Current Survey of Commerce
Exchange Rates Finance and Economic Statistics
Labor Productivity Index Labour Productivity Statistics
Balance of Payments Ministry of Finance
Hours Worked Indices Monthly Labor Survey
Unemployment Insurance Statistics of Employment Insurance
Indices of Operating Ratio Manufacturing Trade and Industrial Statistics
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� Kohns (2022) is a multiple regression model using Search Query Data following the work of Kohns et al. (Kohns and Bhattacharjee,
2023). It employs 37 categories which capture economic activity ranging from recession, labor market, personal finance, con-
sumption to supply side activities, which are from Google Trends.

� Bouyard (2022) is a multiple regression model using Search Query Data following the work of Bouyard (Bouayad et al., 2022). It
employs 12 categories which depict the spending behavior of the Moroccan consume, which are from Google Trends.

3.2.1. Metrics
We use the mean squared error (MSE) to evaluate each model (comparative method). The MSE represents the difference between the

original and estimated values extract by squaring the average difference across the data. The MSE is calculated as follows:

MSE ¼ 1
n

Xn

i¼1

ðyi � byiÞ2

where yi represents the original value, byi represents the estimated value and n represents the number of the dataset.

3.3. Results

3.3.1. Overall performance evaluation
Table 4 summarizes the MSE results in each period. As seen in the table, the model using only economic statistics (denoted asMacro)

performed well during the Before COVID-19 period but showed a significant decrease in performance during the Under COVID-19
period. Single regression models (denoted as Single-Query) show low accuracy for both periods. Also, human knowledge-based
models exhibit satisfactory results in the Before COVID-19 period, but demonstrate poorer performance in the Under COVID-19
period. In contrast, the proposed multi-query-based method (denoted as Our Model) showed high nowcasting performance, espe-
cially during the Under COVID-19 period.

Figure 3 shows the actual and nowcasted CI values from April 2019 to March 2021. Similarly, Fig. 4 shows these values for the CCI.
The vertical axis shows the values of CI and CCI. The horizontal one shows the time period of estimation. Actual is the official value
announced by the government, Our Model is the proposed method. The others depict the value estimated by each methodology (Macro,
Single Query and human knowledge-based models).

The nowcasted values obtained with multi-query-based model (Our Model) show that the CI changes were captured with no time
lag during the rapid economic downturn in the period prior to April 2020, when a COVID-19 state of emergency (SoE) was first
declared in Japan. In May 2020, the SoE was lifted, and the subsequent changes reflecting the economic recovery were also captured
by our method.

On the other hand, theMacromodel using economic statistics showed high accuracy Before COVID-19 period, but it could not detect
the sudden CCI decline due to the COVID-19 pandemic. After Japan's second SoE on January 8, 2021, the actual CI value did not fall, but
the actual CCI did. The Macro model neither estimated value fell in both CI and CCI, while the Our Model estimated fell in both indices.
Our model also estimated an extreme recovery, which was not originally the case with the CCI indicator.

In addition, Before the COVID-19 pandemic, the human knowledge-based models demonstrated relatively accurate predictions for
both the CI and CCI. However, Under COVID-19, these models showed poor performances. For the CI, the model struggled to adapt to
the rapid changes, resulting in less accurate predictions. In contrast, while the model's predictions for the CCI exhibited some
responsiveness to the changes, most of the predictions still deviated from the actual values.

3.4. Queries extracted for models

Tables 5 and 6 show the importance of each query used in trained models. We ran a simulation predicting economic indicator value
for 24 months. The column Query utilization (%) in the table shows how many of the 24 months of models generated contain the same
Table 4
MSE in estimating CI and CCI values Before COVID-19 and Under COVID-19 period with Deterioration rate. Note: The bold represents the best
performance.

CI CCI

Before Under Under/ Before Under Under/
Model COVID-19 COVID-19 Before COVID-19 COVID-19 Before

Our Model 31.8 34.4 1.1 21.9 22.5 1.0
Macro 9.0 98.7 11.0 7.0 34.7 5.0
Single-Query 497.5 314.6 0.6 15.7 52.5 3.3
Vosen (2011) 25.1 104.6 4.2 13.8 53.4 3.9
Vosen (2012) 20.2 166.6 8.3 17.1 71.0 4.2
Chen (2015) 11.4 174.2 15.3 14.9 101.9 6.8
Jaemin (2019) 24.8 96.6 3.9 19.1 48.6 2.5
Woloszko (2020) 14.7 92.8 6.3 18.5 63.0 3.4
Kohns (2022) 14.4 107.7 7.5 19.6 133.2 6.8
Bouayad et al. (2022) 16.6 121.1 7.3 21.9 45.1 2.1
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Fig. 3. Actual and nowcasted values of the CI from April 2019 to March 2021.

Fig. 4. Actual and nowcasted values of the CCI from April 2019 to March 2021.
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search query. For example, the query in Table 6 indicating the famous comedian named Kinoshita means that it was selected as an
important query for modeling CCI in 22 months of the simulation. Note that the queries listed in the tables are not actual economic
indicators but queries which are selected in a fully data-driven approach. For instance, the query “koyojoseikin”was chosen. It does not
indicate the subsidies for the employment index itself, but shows that users searched for the query “koyojoseikin” and the proposed
model determined that the signal was related to the indices.

Analysis of the queries that were used to create the models revealed that different kinds of queries were important: not only those
related to economic activities, such as “subsidies for employment,” “credit bureau,” and “shopping,” but also those related to funda-
mental human activities, such as “comedy” and “adult entertainment.”

4. Discussion

4.1. Comparison of model performance

As can be seen in Table 4, the Macro model was slightly more accurate than Our Model Before COVID-19. In contrast, Our Model
outperformed during the Under COVID-19 period. The difference in MSE between Our Model and Macro Before COVID-19 is small
compared to Under COVID-19 period.

This result can be interpreted due to the following background: in the case of the Macro model, it is originally necessary to use
statistical indicators published twomonths later, but in practice, as shown in Figs. 3 and 4, it is necessary to use statistics showing values
two months ago that are currently published if one wants to nowcast. The Single-Query model and models based on human knowledge
tend to overestimate because it fails to capture social diversity.
7



Table 5
Top 20 queries used for CI nowcasting from April 2019 to March 2021 among 24 models.

G. Aoki et al. The Journal of Finance and Data Science 9 (2023) 100106
However, looking at the Under/Before in Table 4, Our Model, based on multiple queries, has a lower deterioration rate when
comparing Before COVID-19 and Under COVID-19, compared to the other methods. It means that our model can nowcast economic
indices with the same performance between Before COVID-19 and Under COVID-19.

Other methods manually select direct queries related to the economy, but this idea is only acceptable when the economy continues to
be an extension of the existing situation. Thus, it does not work in discontinuous situations such as COVID-19.

Our method, on the other hand, is data-driven and selects a model of the economy from the elementary level that constitutes that of
the query. Regardless of the situation, the fact that the results of people's lives and behavior are reflected in the economic indices is
constant, and as a result, the proposed method is able to nowcast with high accuracy in discontinuous situations of COVID-19 without
affecting its performance. As long as human behavior continues to reflect economic conditions, this method will remain effective
indefinitely.

Moreover, Our Model can capture the diversity of needs while still being able to quickly capture the changes in society with a high
degree of rapidity. Although the queries used in the creation of this model all exclude multicollinearity, it is clear from the actual queries
shown in Tables 5 and 6 how diverse needs this approach captures.

In a semi-steady state Before COVID-19 situation, it is half natural that the macro indicators of twomonths ago are not much different
from those of today, and that models based on these indicators are likely to be highly accurate.

4.2. Query analysis from the proposed model

Figure 5 shows the time series analysis through Before COVID-19 and Under COVID-19 in the proportion of query categories used in
Our Model. Queries related to economic activity are found in both CI and CCI. In particular, CI has a larger proportion of queries related
to economic activity when compared with CCI, and this proportion increases even more when the timing of economic changes is sig-
nificant. It seems to be attributed to the fact that the CI is generated by a combination of economic statistics, while the CCI is generated
by consumer surveys.

We also would like to note that the CI model from October 2019 to December 2019 is composed of 100% of economy category
query. Although usually Our models are composed of about 30 selected queries each month, the best results in this case were obtained
with a model consisting of only one word related to the economic indicator (“employment adjustment subsidy”; koyochoseijoseikin in
Japanese).

We noticed that two query categories; Libido and Comedy, are quite distinctive, though they are not common in top queries used as
seen in Tables 5 and 6 Libido category includes adult entertainment services and adult entertainment celebrities. Comedy category
includes the names of comedians, and their well-known performances. Libido category outnumbers Economy category in the case of CCI
modeling. Moreover, the presence of Libido in CCI increases Under COVID-19 period, when the economy experienced a big disconti-
nuity. In the case of CI modeling, the ratio of queries related to Comedy doubled from Before COVID-19 to Under COVID-19.
8



Table 6
Top 20 queries used for CCI nowcasting from April 2019 to March 2021 among 24 models.

G. Aoki et al. The Journal of Finance and Data Science 9 (2023) 100106
The results of these categorical analyses suggest what human motivations are behind the economic indicators from this multiple
query based modeling approach. We believe that these results pave the way for the quantitative study of the human needs and psy-
chological aspects behind the economy and business climate, which has been quite challenging until now.
4.3. Model selection

We experimented with four modeling techniques: Multiple Regression, Random Forest, Ridge Regression, and XGboost. Table 7
shows the predictive results during the “Before COVID-19” and “Under COVID-19” periods when we adapted the different modeling
approaches. Machine learning methods such as Random Forest and XGboost performed well in the “Before COVID-19” period. However,
their performance dropped significantly during the “Under COVID-19” period, suggesting a high probability of overfitting. Conversely,
Multiple Regression, while slightly less powerful than the other approaches, showed no deterioration in predictive performance during
the “Under COVID-19” period, indicating greater stability in its predictions. Therefore, we adopted Multiple Regression as our proposed
approach for our final modeling.
4.4. Prospective application

This series of analyses demonstrate the effectiveness of models utilizing Search Big Data in estimating under disruptive conditions or
when rapid reporting is necessary. We also found that when using search query data, it is more effective to build a model based on
multiple queries rather than a single query, which can improve forecasting performance in both normal and emergency situations.

In addition to the impact of COVID-19 examined in this study, unforeseen events such as the Great East Japan Earthquake of 2011
can occur in any economy, and the ability to forecast economic indicators during such events is invaluable. Furthermore, the instan-
taneity of query data aggregation allows for nowcasting on a daily as well as a monthly basis. Given the dynamic nature of such sit-
uations, we believe the proposed method has the potential to play a crucial role in a wide range of decision-making processes.
9



Fig. 5. Proportions of query genres used for CI and CCI nowcasting during Before COVID-19 and Under COVID-19 periods.

Table 7
Comparison of models estimating CI and CCI values Before and Under COVID-19 period, and their Deterioration Rates.

CI CCI

Before Under Deterioration Before Under Deterioration
Model COVID-19 COVID-19 Rate COVID-19 COVID-19 Rate
Multiple regression 31.8 34.4 1.1 21.9 22.5 1.0
Random Forest 14.7 53.7 3.7 15.9 48.4 3.0
Ridge regression 7.2 59.8 8.4 11.7 16.7 1.4
XGBoost 6.7 42.9 6.4 10.4 35.6 3.4

G. Aoki et al. The Journal of Finance and Data Science 9 (2023) 100106
4.5. Limitation

Our method has five limitations.
Initially, our proposed model exhibits a high degree of accuracy in approximating the actual data regarding the decline in economic

indicators; however, it portrays a more optimistic recovery from disruptive events than what is observed in reality. Consequently, it is
imperative to exercise caution when employing the model for policy making, as there exists a potential risk of overestimating the rate of
economic recovery. From a practical standpoint, it is critical to respond quickly to rapid economic fluctuations, and our model's ability to
predict the timing of these changes contributes to the field.

Secondly, in terms of estimating economic indicators, using data from periods of significant economic change can contribute to the
creation of a robust model. Incorporating data from a longer time frame, including periods of change, may enhance the performance of
the proposed model.

The third limitation is that we only evaluated the COVID-19 period as a discontinuous situation, although our dataset includes three
major discontinuous situations: the Great Recession of 2008, the Great East Japan Earthquake of 2011, and the COVID-19 of 2020.
Although we also attempted to do nowcasting in two additional cases (2008–2009 and 2011), the accuracy was not high. We suspect
that this is largely due to the fact that less than 5 years of training data were available for the two cases, while 15 years of training data
were available for COVID-19. We plan to expand our dataset, tackle predictions for other disruptive events that will occur, and evaluate
the adaptability and robustness of our approach.
10
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The fourth limitation pertains to the utilization of Google Translate to convert the characteristics of English research papers into
Japanese. Since we used Google Translate, there is a possibility that the original language context may not be fully reflected when
translated into Japanese queries, which could potentially affect the results. This process is a limitation when applying methods from
other languages to Japanese. Note, however, that various translation tools, not limited to Google Translate, can be used. Since the
process does not involve arbitrariness or individual judgments, it maintains reproducibility.

Finally, it is important to note that while this approach allows for the identification of economic trends prior to the release of various
statistical data, it does not diminish the value of current indicators and methods that rely on statistical data and are released several
months later.

5. Conclusion

We developed a fully data-driven methodology for nowcasting economic indicators, which are typically released one to two months
later, using Japan's leading dataset of search query data (Search Big Data).

Existing methods of nowcasting models with economic variables and manually selected search queries directly related to the
economy showed a dramatic drop in nowcasting performance in discontinuous situations such as COVID-19, whereas the proposed
method did not show a drop in performance Before or Under COVID-19. This indicates that the proposed method is able to achieve
highly accurate nowcasting without changing before and after discontinuous situations.

We believe this is because the data-driven approach to query selection is successful in extracting elements such as people's behavior
and thoughts that make up the economy. As long as the principles of human behavior remain unchanged, this approach will be effective
in nowcasting the economy.

Moreover, analysis of the key variables (search queries) in the generated model revealed a quantifiable link between “human in-
terest” and economic indicators, suggesting the potential for utilizing search queries to gain insight into human activities related to
economic indicators. Notably, we found that fundamental human needs, such as libido and desire for laughter, were correlated with
economic indicators.
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