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Abstract

The aim of this paper is to use Google data to predict Spanish mortgage market activity during
the period from January 2004 to January 2019. Thus, we collect monthly Google data for the
keyword hipoteca, the Spanish expression for mortgage, and then, we perform a regression and
an out-of-sample analysis. We find evidence that the use of Google data significantly improves
prediction accuracy.
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1. Introduction and theoretical background

The mortgage market has been one of the most important drivers of the Spanish financial sector
and economy during recent decades. Although the financial crisis generated considerable
distress in the Spanish mortgage market and supposed the end of the Spanish real estate boom,
in 2010 (just after the financial turmoil), mortgage loans accounted for 620 billion Euros (Pérez
Montes, 2014). Currently, the mortgage market remains an important driver of the Spanish
financial sector and represents an important indicator of the condition of the economy.
Therefore, in this paper, we attempt to predict mortgage market evolution in Spain using Google
data as a predictor.

The use of Google data has rapidly spread in the literature to predict other economic indicators
such as unemployment (Choi and Varian, 2012; D’ Amuri and Marcucci, 2017; Fondeur and
Karamé, 2013; Gonzalez-Fernandez and Gonzalez-Velasco, 2018), to analyze their impact on
stock markets (Ben-Rephael, Da, and Israelsen, 2017; Da, Engelberg, and Gao, 2011, 2015),
and to study bond markets (Dergiades, Milas, and Panagiotidis, 2015; Milas, Panagiotidis, and
Dergiades, 2018) or their impact on commodities (Han, Li, and Yin, 2017; Peri, Vandone, and
Baldi, 2014) with special attention to oil (Bampinas, Panagiotidis, and Rouska, 2019; Han, Lv,
and Yin, 2017). However, related to the aim of this paper, some studies have shown conflicting
results. On the one hand, Limnios and You (2016) analyze the U.S. housing market using
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Google data. They find that the out-of-sample estimations do not show a higher predictive
power with the inclusion of Google data. On the other hand, Beracha and Wintoki (2013) find
that Google data are useful to predict changes in housing price in different U.S. cities.
Moreover, Wu and Brynjolfsson (2015) demonstrate that Google data are related to future sales
and prices in the U.S. housing market. Similarly, Mclaren and Shanbhogue (2011) show that
Google data improves the forecast of house prices in the UK.

Following this line of research, our paper analyzes this relationship in Spain. The contribution
of the paper is threefold. First, to the best of our knowledge, our paper is the earliest one to
address this topic in the context of the Spanish mortgage market, which is one the most active
mortgage markets in Europe and has considerable importance for the Spanish financial sector
and economy. Second, most of the papers about this topic analyze the U.S. mortgage market,
which presents different characteristics compared to the Spanish one. In contrast, we also
provide an updated study that covers a long period before and after the financial crisis, which
severely affected the Spanish mortgage market. Specifically, our analysis covers the period
from January 2004 to January 2019. Similar papers, such as Mclaren and Shanbhogue (2011),
use data up to January 2011. Therefore, they do not considered the evolution and prediction of
the mortgage market years after the financial crisis. Third, our results demonstrate the ability of
Google data to improve mortgage forecasts. This finding might have important implications for
the financial sector in order to anticipate the demand of mortgage loans. Moreover, the inclusion
of Google data enhances prediction, especially when the data are filtered by category,
considering searches within the finance category.

The remainder of this paper is organized as follows. Section 2 summarizes the data. In section
3, we show the main results. Finally, the last section concludes the paper and offers some
implications for the results obtained.

2. Data

To conduct our analysis, we need data for two variables of interest: Google data related to the
mortgage market and data of real mortgages. Regarding the latter, the data were obtained from
the Spanish National Institute of Statistics. Specifically, we gather monthly data for the number
of mortgages granted from January 2004 to January 2019. This serves as a measure of the
evolution of the mortgage market in Spain. Regarding Google data, we obtain the Google
Search Volume Index (GSVI) from Google trends (http://www.google.com/trends/). Google
provides data for those searches that include our keywords of interest.

Vie 1

GSVI, = Ve (1)

Notably, the GSVI does not represent the total number of searches; rather, it is an index. For

this purpose, Google divides the number of searches (s) that contain our keyword (j) by a ran-

dom sample! of all searches (a) for the same period (t), as shown in Eq. (1). Then, this ratio is

normalized into a scale that ranges from 0 to 100, where a higher value indicates a higher level
of attention.

One important step is the choice of keywords (j). We have selected the keyword hipoteca,

which is the Spanish word for mortgage, as we expect that it reveals the attention of users related

to the mortgage market?. We download the data from Google trends for each month between

! To increase response speed, Google uses a random sample instead of the total number of searches (Da et al.,
2015). Thus, Google data downloaded on different dates can differ slightly. To address this issue we download the
data on three different dates (March 4™, 81" and 9™, 2019) and use the average value.

2 We choose the word hipoteca since it is specific enough to contain noise that is either relatively small or constant
over time and it is not used to describe any other concept (Dzielinski, 2012). Moreover, using the keyword alone,
we also consider the results for other longer searches that include the word hipoteca. For instance, a query in which
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January 2004 and January 2019. Moreover, Google data can be filtered by territory or category.
Thus, we have limited our searches to the geographic area of Spain. Regarding the category,
we download the data from the general category and from the finance, loans and credits cate-
gories. This filtering process ensures that Google data are actually related to the financial sector
and are used as a measure of robustness for the Google data.

Figure 1 displays the evolution of the total number of mortgages granted, which includes all
kinds of constructions® and Google searches for the word hipoteca from January 2004 to Janu-
ary 2019. We can observe a similar pattern in both series and a similar trend, especially after
2010. The GSVI shows a different pattern in the final part of the time span due to changes in
the mortgage market law, which are reflected in the peak in the GSVI at the beginning of 2017.
In the next section, we analyze the relationship between both series through an in-sample and
out-of-sample analysis.

Figure 1. Evolution of total mortgages and GSVI for hipoteca.
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3. Results and discussion

Table 1 shows the correlation between the total number of mortgages, the number of mortgages
granted for urban households and the GSVI for our keyword (hipoteca). Ex-ante expectations
are for Google searches anticipating mortgage loans. This idea is based in the economic psy-
chology literature, according to which, people search for information before an economic deci-
sion, especially when uncertainty about price increases (Lemieux and Peterson, 2011). The ta-
ble shows that mortgage data are significantly correlated with the GSVI, regardless of the cat-
egory we consider. However, the GSVI filtered by category shows a higher correlation, approx-
imately 45%, than those performed in the general category.

Table 2 displays the results* for an in-sample evaluation through a regression analysis consid-
ering an AR (1) model as the baseline model (Choi and Varian, 2012; McLaren and Shan-
bhogue, 2011). This is expected to be the best univariate forecast since most macroeconomic
series are characterized by random walks (Nelson and Plosser, 1982). We observe that the base-
line model shows a coefficient close to one. This finding confirms that the variable representing
mortgages is a random walk, and thus, the baseline is an adequate forecast model. However,

somebody searches for precio hipoteca, which is the translation of mortgage price, was considered. Besides that
the selected keyword should be broad enough and not excessively specific (Beracha and Wintoki, 2013).

% The total number includes rustic and urban households, grounds, depots, garages and other constructions in which
a mortgage is involved.

4 For the sake of brevity, we only display the results for the total number of mortgages. The results for mortgages
for urban households are similar to those displayed in Table 2.
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we might improve this baseline forecast by including other predictors, namely, the GSVI (Choi
and Varian, 2012). In models 1 to 3, we include the GSV1 for the keyword hipoteca. The coef-
ficients for the GSVI show the expected positive and significant sign in all models. The values
for the R? and RMSE slightly improve with the presence of the GSVI. This result indicates that
the addition of Google data slightly enhances the predictive power of the baseline model.

Table 1. Pairwise correlations between the number of mortgages granted and Google data for

the keword hiEOteca.
1 2 3 4 5
Mortgages (total) (1) 1.000
Mortgages (urban households) (2) 0.996*** 1.000
GSVI hipoteca (3) 0.355*** (0.351*** 1.000
GSVI hipoteca (Finance) (4) 0.435*** (0.432*** (0.989*** 1.000

GSVI hipoteca (Credits and Loans) (5) 0.463*** 0.464*** (0.980*** (0.995*** 1.000

Notes. GSVI hipoteca refers to the searches in the general category, GSVI hipoteca (Finance) are the
searches within the finance category and GSVI hipoteca (Credits and Loans) are the searches within the
credits and loans category. *** Significant at 1%.

Table 2. Regression analysis.

Dependent variable: total mortgages (logs) Baseline  Model1  Model 2  Model 3
Total mortgages:1 (10gs) 0.969***  0.946*** (.938*** (.935***

(0.017) (0.018) (0.019) (0.019)
GSVI hipoteca; (logs) 0.163***

(0.048)
GSVI hipoteca: (Finance) (logs) 0.167***
(0.046)
GSVI hipoteca: (Credits and Loans) (logs) 0.167***
(0.046)

Constant 0.328* -0.021 0.057 0.088

(0.195) (0.212) (0.198) (0.196)
R? 0.947 0.949 0.950 0.950
RMSE 0.155 0.978 0.973 0.971

Notes. The table shows the regressions for the baseline and other models including the GSVI for the key-
word hipoteca. All variables are expressed in logs. As in D’Amuri and Marcucci (2017), we display the
RMSE value for the baseline model, whereas for the rest of the models we report the ratio of each model
and the baseline. Thus, a ratio below one suggests that the model improves the baseline prediction. *Sig-
nificant at 10% *** Significant at 1%.

Table 3. Out—of—samEIe forecast evaluation.

(Dlggs)ndentvarlable: total mortgages Baseline  Model 1  Model 2 Model 3
RMSE 0.168 0.977***  0.973*** 0.977**

Notes. The table shows the RMSE values for the out-of-sample estimates. We first run a regression until
December 2010, and then, we generate a one-month-ahead forecast up to the end of the sample for each
model. Model 1 includes the keyword hipoteca within the general category; Model 2 includes the key-
word hipoteca within the finance category; Model 3 includes the keyword hipoteca within the credits
and loans category. As in D’ Amuri and Marcucci (2017) we display the RMSE value for the baseline
model, whereas for the rest of the models we report the ratio of each model and the baseline. Thus, a
ratio below one suggests that the model improves the baseline prediction. *** and ** indicate rejection
at the 1% and 5% respectively of the Diebold and Mariano (1995) test under the null hypothesis that the
forecast adequacy is equal between the baseline and each of the models.
Table 2 indicates that Google data improve the prediction of the mortgage market in Spain.

However, in-sample forecasting implies perils (Choi and Varian, 2012). Therefore, to confirm
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this result, an out-of-sample procedure is needed. We perform a one-month-ahead forecast to
test the ability of Google data to predict the mortgage market. Specifically, we estimate each
model until December 2010, and then, we predict the next month. This procedure repeats one
month at a time until the end of the sample. Eventually, we collect the predictions for all the
models and perform the Diebold and Mariano (1995) test to check whether the forecasts are
significantly different. The results are reported in Table 3.

The out-of-sample analysis reveals that the models which include the GSVI outperform the
baseline model. Moreover, the Diebold and Mariano (1995) test shows that the forecast accu-
racy is different between the models indicating that GSVI inclusion significantly improves the
prediction. Notably, the GSVI obtained from the finance category seems to have greater ability
to enhance the prediction. This is an interesting finding since previous studies do not perform
this filtering process (Beracha and Wintoki, 2013; Limnios and You, 2016; McLaren and Shan-
bhogue, 2011; Wu and Brynjolfsson, 2015) and it indicates that filtering Google data by cate-
gory and restricting the searches for the finance category provides better forecasting results than
the general category.

4. Conclusions

This paper analyses the ability of Google data to predict the mortgage market in Spain. The
results confirm that the inclusion of Google data enhances the predictive power of the estima-
tions. These findings are in line with previous studies and support the importance of Google
data as an alternative proxy to measure investor attention in the economic field.

These empirical findings may have important implications for the Spanish housing market.
First, we have demonstrated that Google data can predict mortgages’ evolution. Therefore, con-
sidering that Google data are easily available and are more transparent than other information
sources (Da et al., 2015), the data can provide important insights to banks and financial institu-
tions involved in the housing market to anticipate changes in mortgages’ demand. In this sense,
a deeper analysis of Google data by regions can provide a clearer picture of the impact of
Google searches on the Spanish mortgage market. This is one of the future research projects for
which this paper has served as starting point. Second, Google data have proven to be a useful
indicator of economic behavior (McLaren and Shanbhogue, 2011). Thus, those data ought to
be monitored by the Bank of Spain as it is done in other countries, such as the UK, to help with
the prediction of the Spanish economy.
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