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Abstract:	 The article’s primary purpose was to explore the potential of Internet searches 
for keywords that were related to the polish housing market in order to un-
derstand the public’s current preferences or reactions to changes in the mar-
ket environment. The research used data that was downloaded from Google 
Trend  (RSV) from 2010 through 2024. The Granger causality test was then 
applied to the relationship between RSV and housing prices, and a Bayesian 
structural time-series model was applied to examine the impact of the exter-
nal intervention (COVID-19) on the RSV dynamics. The results indicated that 
significant changes in the market environment could influence fluctuations in 
interest in housing, as was evidenced by the changes in the online searches. 
The article respectfully suggests that a more nuanced understanding of market 
dynamics might be achieved through a thoughtful integration of classical eco-
nomic data with non-classical Internet data.
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1.	 Introduction

Internet user activity can reflect collective behavior and show the observed pop-
ulation’s interests, concerns, and intentions [1]. This idea was the research basis of 
this paper, in which non-classical data (RSV from Google Trend) helped better un-
derstand the essence of the housing market, created precisely by residents with their 
preferences, moods, or herd behaviors. Classical housing market analyses generally 
use so-called historical data (sales price, rental price, unemployment). The price of 
an apartment, for example, becomes a historical fact on the date of the purchase and 
sale agreement (notarial deed). However, the price of an apartment or house is creat-
ed earlier in negotiations during the signing of the so-called preliminary agreement 
(even two months before the actual purchase). As a result, we used the transaction 
date in the market analysis; i.e., the date of the notarial deed and not the earlier data 
from the actual settlement of the sale price (the date of the preliminary agreement). 
If the rest of the data (describing socio-economic conditions) was also historical 
data, then the current market analysis was time-lagged by dominating the histori-
cal data analysis. Overall, the characteristics of the housing market itself generated 
several different problems in the data analysis of this market:

	– limited availability of historical data on housing prices;
	– lack of single publicly available database on housing prices;
	– paid access to official price register, which is kept in different forms in differ-

ent administrative units;
	– lack of standardized reporting system for real estate price data;
	– market reports have different data sources (from deeds, reports from real 

estate agents, managers or developers, offer prices) and different methods of 
analysis;

	– available housing price reports generally show monthly or quarterly aver-
ages;

	– heterogeneity of properties, making standardization difficult,
	– impact of state intervention on house price dynamics (financial programs);
	– impact of national road infrastructure development policy;
	– impact of local spatial planning policy;
	– lack of holistic spatial thinking (city-wide layout) when it comes to granting 

decisions on conditions of development investments;
	– lack of transparency in housing-rental prices.

Another problem was the generally small number of housing transactions 
during the time period and region under study as well as the non-uniformity of the 
data in successive periods of the time-series creation [2], as transactions of similar 
properties occurred at irregular or random times, thus averaging the prices over 
successive time-periods of the time series; these did not have the characteristics of 
similarity as in the case of the other phenomena under study. Rapid changes in the 
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time-series dynamics in local markets could have resulted from entirely different 
populations during subsequent periods of the time series. For example, the pric-
es of 20-to-30-year-old residential buildings were mainly used for average prices in 
the  first period, while relatively new 2-to-3-year-old buildings that were located 
in excellent locations were sold in the next period. Hence, the methodological ques-
tion arose whether the classical sources of real estate information should not have 
been expanded with the possibilities that were offered by analyzing society’s activ-
ity on the Internet.

This paper reinforces the work that was developed in several studies [3–5], the 
concept of using indicators that describe the current state of social collective behav-
ior, which reflects the current intentions of that community. Nowadays, the Inter-
net is becoming a person’s natural environment from where information about the 
world around us is taken, and Google Trends can be a useful tool for analyzing this 
phenomenon. According to the principle, the more often a keyword is typed into 
search engines, the more interested the public is in that topic.

Therefore, the primary goal was to see if searching for keywords on the Internet 
related to the housing market could provide a basis for understanding the public’s 
current preferences and reactions in this market. In this paper, the relationship be-
tween the RSV index and housing prices was determined, and the impact of a global 
phenomenon (COVID-19) on public interest in the housing market (precisely veri-
fied by the number of searches on the web) was examined. In both of the indicated 
issues, Google Trend was used to measure public interest in the housing market. The 
study was implemented using the Granger causality test and Bayesian structural 
time-series model. R software was used for the computations, along with the avail-
able packages of this software [6–9].

2.	 State of Problem

The housing market is the cornerstone of any country’s economy, as the housing 
sector not only boosts investment, construction, architectural, or surveying employ-
ment but also provides a sense of security in society [10–12]. A dwelling is also a source 
of positioning a person in the social hierarchy, since the neighborhood of residence 
or the type of building can be a condition of membership in a particular social group. 
A property is part of the social hierarchy. In this sense, societies are increasingly subject 
to tribalization; that is, the phenomenon of creating closed social groups with shared 
values or leisure activities. As a result, society is divided into enclaves of wealth or 
poverty. More on this subject has been presented in a number of publications [13, 14]. 
The housing market is the basis for the functioning of societies [15, 16] because a basic 
human need is a roof over one’s head and a sense of security. In this context, housing is 
not a typical market commodity [17] because it connects the user through an emotional 
bond with a sense of security, protection, identity, or attachment to a place or family 
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history. Therefore, the housing market should be looked at much more broadly than 
classical definitions of the transfer of property rights between different entities define 
it. Since the essence of this market is society and the interrelationships that are tak-
ing place within it, attention should be paid to the transformation from an industrial 
society to an information society. An information society [18–20] is characterized by 
the extensive use of communications information technology in acquiring, storing, 
processing, and creating information and data.

Information and communications technology (ITC) is currently fundamental to 
the development of society and institutions, as it allows information collectors and 
housing market information providers to carry out the process instantly anywhere 
in the world using basic tools; i.e., a cell phone or laptop. In this way, a potential 
home buyer, can analyze the prices of similar properties, the surroundings of the 
property, the levels of air pollution, the levels of sunshine, the levels of security in 
the area (assaults, thefts), and even the levels of traffic jams near the selected proper-
ty without leaving home [21]. This way of data gathering opens up new possibilities 
for understanding the functioning of this market, precisely by understanding the 
principles of social reactions during local or global events.

As a rule, the housing market is studied in traditional terms; so, official data 
sources are used; i.e., national statistics bureaus, price registers, value registers, 
banking data, cadastral data, official reports, or analyses of markets. This is the ba-
sis for reliable global trends or local market behavior assessments. However, this 
approach has significant limitations, as the data with which we operate is historical 
and not current. Today’s society strongly lives together with information technolo-
gies, and their permanent use in everyday life makes it possible to expand the basic 
sources of real estate data by using current data from the Internet; e.g., Facebook, 
Flickr, X (Twitter), OpenStreetMap, the web scraping of real estate sales offers, or 
analyses of Internet search trends (Google Trend).

Google Trends is a freely available online tool that is provided by Google that 
enables one to input search query terms and provides a series of data depicting the 
relative interest in that term by other individuals making similar search queries [22]. 
Therefore, it can be a valuable tool for assessing the popularity or public interest of 
a given product, topic, or event. Presenting the absolute number of searches for a giv-
en topic type would generate difficulties when compared with other keywords [21]. 
Each data point in the Google Trends database is computed by dividing the total 
searches from a specific geographic region and the time-period that the total search-
es cover, which results in a relative popularity measure. This resulting number is 
then scaled from 0 to 100, with 100 representing the most searched volume within 
this specific geographic region during a specific time range [22]. Google Trends can 
therefore show interest in a given keyword not as an absolute value but as a relative 
relationship to all of the other searches on the Internet at a given time and place.

The Google Trend application, which is used to understand the current pref-
erences of the information society, has been the subject of several studies that have 



Google Trends as Indicator of Social Preferences: Causality and Intervention...	 9

been carried out in recent years [22–24]. In some of these, a clear correlation was not-
ed between the dynamics of housing market keyword searches and the dynamics 
of housing prices [23, 25]. The following paper analyzes the predictive power of the 
RSV index for price dynamics in the search for a good predictor of turning points 
in the US housing market and a leading indicator of sentiment [5]. Similar studies 
have confirmed the high correlation between the house price index (the Case–Shiller 
index) and online public activity, supporting the assumption of a benefit in fore-
casting prices [26]. The main theoretical contribution of our subsequent work [27] 
confirms that the freely available information regarding Google user searches can 
provide an in-depth insight into enriching the generally accepted statistics on sup-
ply and demand in the real estate market. This paper postulates that RSV data is 
an additional demand-side variable for improving the accuracy of real estate price 
forecasts. A review of the subject revealed that this has emerged as a promising av-
enue for integrating traditional data with emerging data sources, thereby offering 
novel insights into the sentiment of prospective buyers within the real estate mar-
ket [23–25, 28].

3.	 Methods

In the first stage of the research, data for the complex keyword ‘buy a flat’ 
(RTSV  index from Google Trend) was downloaded in package ‘gtrendR’  [29] in 
R software. In order to remove seasonal variability and hyper-distorted values from 
the RSV series that was created in this manner, a smoothing procedure was applied 
that used local regression LOESS (local weighted scatterplot smoothing). LOESS is 
nonparametric in the sense that the fitting technique does not require an a priori 
specification of the relationship between the dependent and independent variables. 
Although it is used most frequently as a scatterplot smoother, LOESS can be general-
ized very quickly to multivariate data; there are also inferential procedures for con-
fidence intervals and other statistical tests [30]. Two methods were used in the next 
stage of the research: the Granger causality test in the VAR model, and the Bayesian 
structural time-series model (BSTS).

The causality test in the Granger sense was an integral part of the VAR model 
that was used. Vector autoregressive (VAR) models only explain endogenous vari-
ables based on their past values; they can also consider external variables such as 
trends or seasonality, but they do not need to explicitly distinguish between endoge-
nous and exogenous variables [6]. VAR models combine the approaches of tradition-
al econometrics with time-series-analysis methods. These models effectively use the 
data on the processes that shape the variables under study  [31]. A component of 
the VAR model is a test of causality in the Granger sense, which is based on the prin-
ciple that one variable causes another variable if it contains valuable information in 
terms of prediction [32].
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According to Granger, there are three basic assumptions in his test [33]:
	– the future cannot cause the past – only the past and the present can cause 

the future;
	– if independent variable is deterministically related to another, it does not 

contribute additional information to analysis;
	– all causal relationships have constant direction regardless of passage of time.

The Bayesian structural time-series model (BSTS) combines the Kalman filter, 
spike-and-slab regression, and Bayesian model averaging. This model is defined by 
the following equations [34]: 

	 T
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where yt is the observed value of the target time series at time t, μt is the trend level, 
δt is the trend slope, τt is the seasonal component, and βTxt is the regression compo-
nent incorporating exogenous predictors. The error terms ϵt, ut, vt, and wt are inde-
pendent Gaussian random variables with variances σϵ2, σu

2, σv
2, and σw

2 , respectively.

This technique relies on the BSTS model and the following procedure [9]:
	– a linear model of the results that are noted in the experimental group and the 

control group before and after the intervention is developed;
	– the differences in the results that are noted in the experimental group and the 

control group before and after the intervention are estimated;
	– the observed differences (including cumulative differences) are estimated.

Overall, the BSTS model helps to estimate an existing intervention’s effects on 
the time series of a phenomenon under study. Realistically, the model compares the 
actual time series with a counterfactual forecast; i.e., a prediction from the situation 
that might have occurred if such interventions had not occurred. Thus, the model 
can determine the difference between the actual and forecast time series in BSTS to 
determine the impact of that intervention.

4.	 Results and Discussion
4.1.	 Preliminary Analysis
The first stage of the research attempted to analyze the results of Google Trend 

keyword searches in Poland in the housing market context. The research used the pack-
age ‘gtrendR’ [29] in R software. Using a specialized package in R software allowed 



Google Trends as Indicator of Social Preferences: Causality and Intervention...	 11

for more-customized and more-selective efforts to retrieve data that was related to 
keyword searches. The data collection required several restrictions in the application 
in order to obtain accurate results for people who wanted to buy a flats, were located in 
Poland, used Polish on the Internet, and searched within the real estate sector (Table 1).

Table 2. Overview of basic Google Trend keyword terms in Poland 

Country Keyword Geo Language code Code COVID-19
date

Poland kupię mieszkanie  
[buy a flat] PL pl Real estate 29 4.03.2020

The important point about this kind of data (Google Trend) is that its value 
ranges from 0 to 100 and does not specify a nominal count of typing specific words 
in a particular country or language. The search results are presented in the form of 
a so-called relative search volume (RSV); thus, the results are relative and not nom-
inal. The RSV is determined in relation to other searches during the same period, 
resulting in values where the highest RSV value indicates the maximum interest in 
the selected keyword; in contrast, the lowest RSV value indicates no or little interest 
in it. A Google trend of 181 monthly RSV values from 2010 through 2024 was down-
loaded. Due to the fact that in the next stage of the research, however, the RSV will 
be compared with the dynamics of apartment prices in Poland (quarterly data); the 
RSV data was also transformed into a quarterly basis. Figure 1 shows the values that 
were obtained (on a 0–100 scale) for the relevant keywords in the countries that were 
analyzed, displaying the mean values (boxplot) and outliers.

Figure 1 shows that the median RSV for Poland was approximately 54, with the 
interquartile range spanning from around 49 to 62. Outliers are visible at both the 
upper and lower ends of the distribution; several observations reached the maxi-
mum value of 100 (reflecting short periods of peak search interest), while others fall 
below 30 (representing periods of markedly lower relative attention). Overall, the 
data suggested relatively stable search intensity in Poland, punctuated by occasional 
peaks of maximum interest and sporadic drops in activity. Figure 2 shows the dy-
namics of the RSV index in Poland (2010–2024).

Figure 2 shows the RSV dynamics for the keyword ‘buy a flat (‘kupię miesz-
kanie’ in Polish) between 2010 and 2024 in Poland. Between 2010 and 2015, the initial 
decline in the RSV stabilized (following the global mortgage crisis in 2008–2009), 
and moderate increases in the RSV were evident. In the following years (2016–2021), 
there was a significant increase in interest in the online housing market with the start 
of the COVID-19 outbreak; this did not stop the increases to date. The decline in in-
terest began in early 2021, reaching its lowest level in early 2023. At that time, there 
was a significant increase in the main interest rates, a very high level of inflation, 
a sharp drop in the availability of mortgage loans, and general uncertainty about 
the economic situation in Poland. The subsequent increase in the RSV  index was 
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most likely due to the introduction of the government’s borrower support program 
(2% Credit), which significantly increased borrower interest, stimulated actual de-
mand for real estate, and increased housing prices.

Fig. 1. RSV values for Poland during period of 2010–2024

Fig. 2. RSV index dynamics for keyword search ‘kupię mieszkanie’ (‘buy a flat)  
during period of 2010–2024 in Poland
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The dynamics of the RSV indicator (shown in Figure 2) illustrates how import-
ant the data that was obtained from Google Trend was as a source of information 
on the mood and consumer interest in purchasing a dwelling by the Polish public. 
Interestingly, this indicator’s dynamic patterns correlated with important elements 
(interventions – COVID-19, or the 2% Credit program) of the development of this 
market in Poland. It seems to be an important tool for tracking current changes in 
demand in the housing market, as such conclusions can be made with a significant 
time lag (the date of their publication) in the case of reports on average housing 
prices. RSV data can help to understand the seasonality of social behavior in the 
housing market and allow for the forecasting of future trends in transaction prices, 
as a significant increase in interest generally precedes a significant increase in hous-
ing prices.

4.2.	 Granger Causality Tests

The National Bank of Poland (NBP) database was the primary data source 
on housing prices; it has maintained a residential property price database (BaRN) 
since  Q3  2006. NBP  creates this database from data that is sent by real estate 
agents and developers who are submitting data to NBP. BaRN includes data from 
the primary market and the secondary market and offers both prices and trans-
action prices. The research was based on secondary market transaction prices 
from 2010–2024 that were averaged for seven cities in Poland: Gdańsk, Gdynia, 
Łódź, Krakow, Poznań, Warsaw, and Wrocław. At the same time, RSV values for 
the keyword ‘buy a flat’ for 2010–2024 were used. Nominal prices  (SHP_7), real 
prices  (SHP_7_R), and RSV  values are shown in Figure 3. The paper from  [3], 
which forecasted real prices  (SHP_7_R) for 2023 (the gray graph in Figure 3), 
produced a forecast that was virtually in line with the real price trends in 2023. 
This forecast was made using  the RSV  indicator from Google Trend (as in this 
research). It should be noted that the described forecast was based on historical 
data  (2010–2022), and government intervention (2% Credit) was not included in 
the 2023 projection. Despite this, the 2023 forecast was very similar to the actual 
behavior of the real prices over this period. This may support the assumption that 
data from Google Trend (the core of this research) can help predict the housing 
market’s future.

Figure 3 shows the dynamics of three indicators from 2010 through 2024 in Po-
land. The first indicator (SHP_7) represented the quarterly nominal prices (exclud-
ing inflation) of dwellings, while SHP_7_R represented the real prices (taking the 
inflation levels during the years under study into account). The RSV index repre-
sented the current data on public sentiment in the context of the housing market. 
Due to a different procedure for its creation, the scale from 0 to 100 is on the left 
side of the graph, while the scale for the housing prices is in Polish currency (PLN) 
on the right side. The two vertical lines in Figure 3 mark important events for the 
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Polish housing market: the first line (purple) marks the starting date of the global 
COVID-19 phenomenon, while the second line (red) denotes local government inter-
vention through the Credit 2% program (i.e., government subsidies for the purchase 
of housing for the public). The green (SHP_7) and red (SHP_7_R) lines describe the 
price swaps between 2010 and 2024.

Fig. 3. Average quarterly prices for seven cities in Poland  
in nominal (SHP_7) and real (SHP_7_R) terms,  

and RSV index for Google Trend keyword search ‘kupię mieszkanie’ (‘buy a flat’)

Between 2010 and 2013, we saw the end of a downward trend in housing pric-
es that started with the global mortgage crisis (2008–2009). Then, nominal and real 
prices commensurately started an upward trend; so, their upward momentum in-
creased significantly from 2018 onwards. If we look at the RSV indicator at the same 
time, we can see synergistic behavior with a significant increase in interest in the 
keyword ‘buy a flat’ on the web preceding the increases in housing prices by about 
two years (this can be seen during the period of 2015–2017). The search terms on the 
web increased knowledge of the phenomenon under investigation and influenced 
the decision-making process. Many authors [35, 36] have claimed that data resourc-
es on the Internet (including social media or various online reviews) unequivocally 
influence actual decision-making, resulting in financial transactional decisions. One 
may therefore be interested in the process of housing acquisition, which is preced-
ed by an increase in keyword searches that are related to the acquisition of a flat 
or house. The genesis of such a research concept is precisely based on the lag of 
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housing prices concerning RSV dynamics that can be observed in Figure 3. After the 
onset of the epidemic in Poland (COVID-19), the RSV index decreased significantly, 
while nominal prices did not fall; however, real prices recorded a sharp decline at 
the turn of 2022/2023 just to rise sharply again.

The results of Granger causality tests are often misinterpreted as evidence of 
true causality; in fact, they only indicate a predictive relationship – not necessarily 
a causal one [37]. Therefore, the rest of this paper will focus more on the predictive 
effects of this test than on its causal effects. This article attempts to answer the ques-
tion: Can we measure the predictive power of the time series under study (SHP_7 
or RSV)? In the first stage of the study, the two time series (RSV and SHP_7) were 
prepared for further analysis; they were smoothed using the LOESS function, and 
the data were normalized so that their values were based on a common scale. The 
results of these activities are shown in Figure 4.

Fig. 4. Dynamics of standardized house prices (red line) and RSV index (black line) 
from 2010 through 2024 in Poland

The Granger causality test was analyzed using the vector autoregressive mod-
eling (VAR) model, but it only detects predictive relationships – not ‘true’ causality. 
The test checks whether information from X improves the forecasting of Y beyond 
its own past, which Granger described as a precedence or temporal relationship 
rather than causality in the strict sense.

Table 2 shows the results of the Granger test.
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Table 2. Granger test

Time series predictive relationship F-test p-value Significance

smoothed_SHP_7_R → smoothed_RSV 0.2423 0.9127 –

smoothed_RSV → smoothed_SHP_7_R 2.659 0.04545 *

Note: *p < 0.05, **p < 0.01, ***p < 0.001

The results that are shown in Table 2 indicate that Granger’s p-value of cau-
sality (smoothed_SHP_7_R → smoothed_RSV) was significantly greater than 0.05. 
This meant that housing prices in Poland did not improve the predictability of key-
word search on the web between 2010 and 2024. In contrast, the reverse situation 
(smoothed_RSV → smoothed_SHP_7_R) was statistically significant, which meant 
that the past values of smoothed_RSV provided additional predictive information 
about apartment prices in Granger’s sense. Changes in the RSV index precede chang-
es in the SHP_7 index, because an increase in interest in information about flats on 
the Internet is observed first, followed by purchasing decisions. The results of this 
research showed that an important element of market analysis could be an analysis 
of the society’s online behavior (RSV index), which allowed for an examination of 
the  then-current sentiment of the society toward the purchases of flats or invest-
ments in the housing market. In the next study stage, the effect of the intervention 
(an important event) on the dynamics of the RSV index will be analyzed.

4.3.	 Analysis of the Intervention Effect (COVID-19)

The next stage of the research was undertaken to analyze the RSV index’s re-
sponse to significant changes in the housing market environment. Suppose this in-
dex is a good measure of the public’s mood or social preferences changes regard-
ing this market. In this case, a significant intervention (environmental collision, 
geopolitical event) should be noted in the changes in people’s behaviors; that is, 
the RSV index level should change significantly. This article will examine the im-
pact of a global phenomenon (the COVID-19 epidemic) on the number of Internet 
searches for the keyword ‘buy a flat’. At this research stage, the analyses were con-
ducted using a Bayesian structural time-series model (CasualImpact). This model 
allowed us to answer what would have happened if such an intervention had not 
occurred. As a result, two time-series trajectories were observed: one representing 
the historical trajectory of the analyzed phenomenon, while the other predicted the 
direction of the trajectory had the intervention not occurred. This model generalized 
the widely used difference-in-differences approach to the time series by explicitly 
modeling the observed counterfactual time series before and after the intervention. 
More extensively on this topic can be found in the publication by the authors of the 
CasualImpact package [9].
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The study assumed that the intervention that was analyzed was the COVID-19 
epidemic, while the time series in question were the results of the RSV  indicator 
between 2010 and 2024 in Poland. Table 3 shows the results of the study.

Table 3. CausalImpact analysis of intervention for smoothed_RSV – COVID-19  
(4.03.2020, Poland)

Effect metric
Effect measure 

average cumulative

Actual 0.53 6.84

Prediction (s.d.) 1.2 (0.082) 15.6 (1.069)

Absolute effect (s.d.) –0.67 (0.082) –8.74 (1.069)

Relative effect (s.d.) –56% (3.1%) –56% (3.1%)

Posterior tail-area probability p: 0.001
Posterior probability of casual effect: 99.9%

An analysis of the effect of the intervention (COVID-19) on the RSV index in Po-
land between 2010 and 2024 (Table 3) showed that, after the intervention, the mean 
value of the response variable was 0.53. In contrast, the mean predicted value would 
have been  1.2 if such an intervention had not occurred. This meant that, if there 
had been no intervention factor in the form of the global COVID-19 epidemic phe-
nomenon, the model would have predicted a further increase in the RSV variable. 
This represented a further increase in the public’s interest in searching for housing-
related words on the Internet. The results that are presented here confirmed the pre-
vious assumptions that the RSV indicator responded well to a change in the market 
environment and could show the public’s response to the intervention as defined. 
The analyzed causal effect of the intervention on the examined time series existed, 
and there was a slight chance (p = 0.001) of obtaining this effect by chance; this con-
firmed the statistical significance of the intervention’s causal effect. The results of the 
causality analysis are best shown by the following chart (Fig. 5).

Figure 5 shows three main panels: original, pointwise, and cumulative. The first 
panel shows the dynamics of the RSV index (solid line) and its prediction if the in-
tervention (gray vertical line) had not happened (dashed line). The graphical inter-
pretation of the results that are presented in Table 3 confirms that the projected trend 
of the RSV rate would not have changed its direction of growth had the intervention 
not occurred (first panel – original). The second panel (pointwise) shows the dif-
ference between the actual values (black line in the first panel – original) and the 
forecast values (blue line in the first panel – original). A clear stabilization of the dif-
ferences can be observed until the intervention (2%  Credit), followed by a sharp 
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negative reaction; this indicates the actual effect of the intervention. The scale of 
the deviation is high, which indicates a sustained cumulative effect. The last panel 
(cumulative) shows the cumulative effect of the intervention. Before the intervention 
(gray line), this effect was 0, while after the intervention, the line dropped rapidly, 
and accumulation in the subsequent periods was visible.

Fig. 5. CasualImpact with Bayesian structural time-series model  
where impact was date of COVID-19 (4.03.2020, Poland)

These calculations strongly supported the thesis of the value of the RSV indi-
cator in modeling phenomena on the housing market, as it is an indicator that can 
forecast future investment decisions on the housing market; i.e., the future sales or 
purchases of a dwelling. At the same time, RSV’s great advantage is that it reacts 
quickly to significant environmental changes. As a result, its predictive value for the 
future functioning of this market seems quite significant.

5.	 Conclusion

In the classic approach, housing market analysis is based on official data that is 
related to the levels of housing (house) prices or rental housing prices, together with 
a range of data that defines the environment of this market (both in macroeconomic 
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and local terms). This article considers the use of relative search volume (RSV) in 
market research to add to classic data elements that diagnose the mood or social 
preferences regarding the housing market. By creating an RSV index, Google Trends 
allows one to observe which keywords are relevant to the public during a given 
time-period. As a result, it is possible to see whether those keywords that are related 
to housing or those portals that offer housing sales opportunities are the subject of 
a significant increase or decrease in interest.

The methods that were used in this article were the Granger causality test and 
the Bayesian structural time-series model. The study showed that RSV  dynamics 
may have been among the causes of housing price movements.

At the same time, it was shown that the global intervention in the form of the 
COVID-19 pandemic may have influenced previous RSV trends, thus directing pub-
lic interest toward declines in the real estate market. As a result, it appears that the 
RSV index may have been a measure of consumer sentiment in the housing market 
or a predictor of potential changes in the housing market.

It seems that integrating apartment price data and data from modern online 
media (Google Trend) can contribute to a better understanding of the housing 
market and allow for the more accurate forecasting of housing prices. This could 
result in a more accurate data set for investment decisions for individuals and 
institutions.
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