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Abstract: The residential real estate market is very important because most people’s wealth is in
this sector, and it is an indicator of the economy. Real estate market data in general and market
transaction data, in particular, are inherently spatiotemporal as each transaction has a location and
time. Therefore, exploratory spatiotemporal methods can extract unique locational and temporal
insight from property transaction data, but this type of data are usually unavailable or not sufficiently
geocoded to implement spatiotemporal methods. In this article, exploratory spatiotemporal methods,
including a space-time cube, were used to analyze the residential real estate market at small area scale
in the Dublin Metropolitan Area over the last decade. The spatial patterns show that some neigh-
borhoods are experiencing change, including gentrification and recent development. The extracted
spatiotemporal patterns from the data show different urban areas have had varying responses during
national and global crises such as the economic crisis in 2008–2011, the Brexit decision in 2016, and the
COVID-19 pandemic. The study also suggests that Dublin is experiencing intraurban displacement
of residential property transactions to the west of Dublin city, and we are predicting increasing spatial
inequality and segregation in the future. The findings of this innovative and exploratory data-driven
approach are supported by other work in the field regarding Dublin and other international cities.
The article shows that the space-time cube can be used as complementary evidence for different fields
of urban studies, urban planning, urban economics, real estate valuations, intraurban analytics, and
monitoring sociospatial changes at small areas, and to understand residential property transactions
in cities. Moreover, the exploratory spatiotemporal analyses of data have a high potential to highlight
spatial structures of the city and relevant underlying processes. The value and necessity of open
access to geocoded spatiotemporal property transaction data in social research are also highlighted.

Keywords: real estate market; residential property; exploratory spatiotemporal analysis; small
area; Dublin

1. Introduction

The real estate market is attractive from different perspectives to analyze urban prob-
lems such as spatial inequality [1,2], gentrification [3], land development [4], and urban
economy [5]. Housing prices are not constant in all areas of the city, and intraurban varia-
tion of residential properties price is determined by different characteristics of the location,
including urban facilities and services, environmental and socioeconomic conditions, and
security and safety [6,7]. On the other hand, the property price is changing over time
because of changes in endogenous and exogenous factors such as the local and national
economy [8–10], urban policy [11], macro-economic factors such as financial crises [12],
world real estate economy, and stock markets [13]. Therefore, we can conclude that location
and time of residential property transactions are two of the primary components of a
residential property price if all other building characteristics are constant such as the size
of the building and the lot, the number of rooms, and energy system [14].
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Having both spatial and temporal components allows researchers to explore and
understand locational and temporal changes and reactions of the real estate market to
space and time variations [15]. The aim of this article is to explore the potential of residen-
tial property transaction data (collected from Property Services Regulatory Authority’s
(PSRA) website (http://psr.ie/; accessed on 16 May 2021) to identify neighborhood change
in Dublin and to address the following analytical research questions using exploratory
spatiotemporal methods.

• What are the spatiotemporal patterns of the distribution of residential property trans-
actions in Dublin over the last decade?

• Can residential property transaction data be used to identify neighborhood changes
in the city?

• Which areas in the city have been attractive for real estate market activity?

The remainder of this article is structured as follows. Section 2 presents a literature
review and discusses related research on spatial data analysis of residential property
transactions and their link with the characteristics of a neighborhood. As the focus of this
article is on the exploratory spatiotemporal analysis of residential property transactions
in Dublin over the last decade, existing theories are not discussed in detail. Section 3,
Materials and Methods, presents an overview of the residential property price data and the
implementation used in this research. Section 4 presents the extracted spatial information
and patterns from the transaction data. Finally, Section 5 presents the conclusions of this
study and provides some suggestions for future research in the field.

2. Literature Review and Background

The real estate market is an indicator of housing policies and significantly affects many
aspects of urban life for all people because urban planning and government systems play a
crucial role in housing demand and supply through short- and long-term housing plans
such as social housing, zoning, and local and national development plans [16]; as they are
twin urban processes that shape the sociospatial structure of the city [17]. It means we
can see the consequences and footprints of urban and property development in the real
estate market.

At the small area or local level, the real estate market is a constant and significant
component of any type of neighborhood change [18]. Neighborhood or location has various
socioeconomic, political, physical, and environmental characteristics (e.g., accessibility to
urban facilities and services, public open spaces, and socioeconomic conditions) [6,7,19].
As many scholars identified, the real estate market or housing price has two main cate-
gories, including building characteristics, e.g., size and age, and neighborhood or location
characteristics, e.g., socioeconomic condition and accessibility to urban facilities and ser-
vices [6,20]. The effect of the characteristics of location or neighborhood on the housing
market was studied from different perspectives, such as housing price and affordabil-
ity [21,22]. Also, the spatial variability of housing prices in different urban areas is well
established in the literature. It is an indicator of differentiation in intraurban quality of
the urban built-environment, socioeconomic conditions, crime rate, and housing policy in
different locations or neighborhoods in the city [23–30]. In other words, the housing market
and price are being influenced by a series of socioeconomic, environmental, political, plan-
ning, and demographic factors on the one hand, while housing price can affect these factors
directly and indirectly [29]. The housing market, as the most significant determinant factor
of land use and population density [31], shapes the urban structure, morphology, and form
at the same time [32–34].

Any type of change in characteristics of a neighborhood or neighborhood change [6,35]
can be traced back to the real estate market, especially price change [36]. Therefore, housing
price, an index of housing market performance, can be used as a proxy of neighborhood
change and as an indicator of changes in characteristics of locations in the city.

In addition, the number of housing market transactions is more sensitive to macro
factors of the economy in comparison with housing price and GDP [37]. The number of

http://psr.ie/
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housing market transactions is also influenced by housing price and availability of credit or
mortgage approvals [38,39]. Geographical translation of this index or spatial index of the
number of transactions can be seen as a proxy for supply and demand of housing within an
area. From an economic perspective, if the number of the transaction changes dramatically,
it is a shift in supply and demand curves in that location or neighborhood. Therefore, it can
be concluded that any shift in supply and demand curves can lead to or be the outcome
of a type of change in socioeconomic and physical characteristics of a neighborhood or
neighborhood change [35] regardless of the internal or external causing factors. Finally, if
this change is consistent with a similar change pattern in house prices in a neighborhood it
reveals a type of upgrading or decaying neighborhood change such as gentrification and
supergentrification, or a sign of a recently developed area [35].

This study explores statistical, spatial, temporal, spatiotemporal patterns in registered
residential property transaction data in Dublin (as a case study) during the last decade
from 2010 to 2020 to investigate the potential application of the Space-Time Cube (STC)
and Emerging Hotspott Analysis (EHA) Toolbox for researchers with minimum technical
skills to identify locations of neighborhood change.

3. Materials and Methods
3.1. Data

The data are publicly available from the Property Services Regulatory Authority
(PSRA) website in a spreadsheet. The registered residential properties price, which includes
the addresses of the residential properties and the time and price of the transactions, was
geocoded using Geodriectory data in the Dublin Metropolitan Area, including the postal
districts of Dublin and the North the South County areas (Figure 1). Table 1 shows the
number of geocoded property transaction points based on the date and their postal code
in Dublin, including 24 postal districts of Dublin, the North County (NC), and the South
County (SC).
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Table 1. Number of Registered Residential Property Transaction Based on the Location and Time.

Postal Area
Date

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Grand
Total

Dublin 1 83 97 424 597 1536 1568 381 366 309 315 165 5841
Dublin 2 21 20 71 124 188 197 205 117 98 80 35 1156
Dublin 3 143 153 238 261 346 395 289 282 306 282 177 2872
Dublin 4 160 194 559 488 569 556 794 492 462 449 267 4990
Dublin 5 139 170 245 221 279 292 278 305 292 338 186 2745
Dublin 6 160 181 367 393 458 506 489 484 474 380 225 4117

Dublin 6W 167 122 193 253 425 347 273 233 245 219 139 2616
Dublin 7 232 177 422 451 688 678 624 493 501 581 338 5185
Dublin 8 159 137 303 371 499 606 432 442 447 416 238 4050
Dublin 9 292 252 485 542 751 841 684 584 609 743 348 6131
Dublin 10 44 49 108 96 107 119 116 112 107 111 71 1040
Dublin 11 75 67 243 230 205 338 225 264 265 276 153 2341
Dublin 12 218 207 338 364 392 448 445 410 409 441 269 3941
Dublin 13 150 115 213 348 428 361 310 309 338 329 194 3095
Dublin 14 218 222 364 386 469 498 431 522 494 405 275 4284
Dublin 15 343 263 547 688 834 1009 1020 1083 1028 994 485 8294
Dublin 16 177 140 310 330 451 553 474 355 379 390 194 3753
Dublin 17 66 54 152 144 236 209 195 148 127 128 72 1531
Dublin 18 158 120 345 361 665 748 444 411 394 318 205 4169
Dublin 20 56 57 112 106 132 162 137 135 134 168 84 1283
Dublin 22 425 241 454 523 796 706 651 620 856 833 516 6621
Dublin 24 282 165 375 535 617 843 585 671 696 849 411 6029
N County 478 346 816 986 1762 2031 1449 1430 1518 1698 928 13,442
S County 437 509 1089 1185 1433 1513 1250 1093 1023 972 607 11,111
Grand T 4683 4058 8773 9983 14,266 15,524 12,181 11,361 11,511 11,715 6582 110,637

3.2. Methodology

In this article, temporal, spatial, and spatiotemporal methods were used to explore
spatial, temporal, and spatiotemporal patterns in the property transactions data in Dublin.
For temporal analysis, the median price of properties and the number of transactions in the
last decade were explored. Firstly, to remove outliers in the price data, a percentile-based
method [40] was used to exclude the upper and lower five percent of records. Then, the
median house price and the number of transactions were visualized to show the temporal
changes of housing price and the number of transactions. Also, temporal changes were
visualized for each postal code in Dublin to present spatial fragmentation of these two
variables within the city.

There are different methods of interpolation to create a continuous surface from point
data such as inverse distance weighting (IDW), Spline, and Kriging [41,42]. Kriging has
several models including ordinary, simple, universal kriging, indicator Kriging, probability,
disjunctive, and empirical Bayesian Kriging [41]. In this research, to produce a continuous
map of housing prices from point data in the city, the ordinary Kriging interpolation
method [43] as a common interpolation method [44] was used. The ordinary Kriging
model is used to estimate the value of a point in a neighborhood over a continuous
surface by using the values (Zi) of a limited set of (sampling) points (n) in the same
neighborhood [45]. This interpolation method estimates the value of an unknown point
(Ẑ) based on a weighted sum (Wi) of the values (Zi) of known (sampling) points or
observations (n) in a neighborhood [41] (see Equation (1)).

Ẑ =
n

∑
n=1

(Wi × Zi) (1)
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The weighted sum (Wi) is calculated for each sampling point or observation based
on its distance from the points, is used to estimate its value, using covariances between
sampling points. The sum of weights is equal to 1 (Equation (2)); more detail can be found
in [45–47].

n

∑
n=1

(Wi) = 1 (2)

Space-Time Cube (STC), Emerging Hotspot Analysis (EHA) methods, and ArcGIS
Desktop and Pro software have been used. STC is based on time geography or time-
space geography introduced by Hägerstrand [48] to extract spatiotemporal patterns in
the data [49] or to understand the movement of objects through space and time [50].
STC transforms data into a cube with three axes which are longitudinal, latitudinal, and
temporal axes, respectively, and counts the number of points in equal bins of this cube
(Figure 2) [35]. In this research, x and y identify the location of transactions, and z is the
time of registered property transactions in that location or area of the city.
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EHA, in the first step, calculates Getis-Ord Gi* [42] or hotspots and coldspots of
property transactions using Equations (3)–(5).

G∗
i =

∑n
j=1 wi,jxj − X ∑n

j=1 wi,j

S

√ [
n ∑n

j=1 w2
i,j −(∑n

j=1 wi,j)
2
]

n−1

(3)

X =
∑n

j=1 xj

n
(4)

S =

√
∑n

j=1 x2
j

n
−
(
X
)2 (5)

where:

Gi* is the spatial dependency of a variable at location i;
n is all number of sampling points or property transactions;
xj is the value of X at location j;
wi,j is the weight value between properties i and j.

The next step of EHA is using the Mann–Kendall [51] test to identify spatial and
statistical patterns in previously calculated Getis-Ord Gi* statistics (hotspots and coldspots
of property transactions). More details of the Mann–Kendall test and EHA can be found
in [35,49,51].

STC and EHA are user-friendly Toolboxes in ArcGIS (Desktop and Pro) software
for researchers with minimum technical skills in different fields of urban studies. Both
Toolboxes have been used in other studies to extract various spatiotemporal patterns of
urban crime [52], Airbnb [35], pedestrian density [53], urban green spaces in urban areas.
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4. Results and Discussion
4.1. Results

Figure 3 shows the median price (thousand Euros) and the number of property
transactions over the last decade in the Dublin postal code areas. Figure 3a shows that the
median price of properties has been increasing since 2012 after the recession [54]. Figure 3b
shows that the number of transactions has increased after the recession and hits the peak in
2015, and after that, it started decreasing in 2016. Also, there is a sharp decline beginning
in 2019 to 2020.

The results have shown that the median price of properties in Dublin (Figure 3a) has
increased constantly since the Irish housing crisis (bubble) when the median price reached
the minimum point in 2012. The decrease in the price of properties started in 2007, after
hitting the peak of price in 2006, during the Euro Debt Crisis [55], which led to a recession in
Ireland [54]. The number of property transactions has been more sensitive to endogenous
and exogenous factors of the economy (Figure 3b). This crisis had a longer impact on the
real estate market until 2015. Also, the response of different areas especially the better off
and the poorer areas, and the city center, to the macro factors (e.g., global and European
crisis and COVID-19) and micro factors (e.g., housing development plans) of the economy
are various in terms of the number of transactions (Figure 3c,d).

In contrast with some predictions, the number of transactions started falling after
Brexit, withdrawal of Britain from the European Union and European Atomic Energy
Community (EAEC or Euratom) after a referendum in June 2016 [56]. It shows heavy
integration of the Irish economy and the British economy, but some research predicted the
negative effect of Brexit on the Irish economy [57]. This falling pattern continues in 2020
due to the impacts of COVID-19 as many people and employees have been moving to the
smaller cities close to or even far from Dublin and have been working from home since the
start of the first national restrictions and lockdown in March 2020.

Figure 3a,b highlight the impact of external factors on the property market in Dublin.
Our interest is to identify if this impact is felt equally in different subareas of the city and
at the same time. Figure 3c,d confirm the existence of spatial heterogeneity of property
price and the number of transactions in Dublin. These heterogeneities are influenced by
characteristics of neighborhood and supply and demand in those neighborhoods. Based
on this chart, Dublin 6 has the highest median price, and Dublin 10 has kept the minimum
median price among all postal areas in Dublin. Figure 3d demonstrates that the number
of transactions has been fluctuating in different urban areas, especially in Dublin 1 and
North County Dublin, a leading area in the number of transactions since 2014. Dublin 15
and South Country Dublin also exhibit a similar pattern. Figure 3c,d show us which postal
areas have been more prone to neighborhood change regardless of the causing factor and
underlying processes or if they have reacted differently to internal and external factors
during this period. e.g., Dublin 1, which has experienced a dramatic change in the number
of transaction and Dublin 4 where the median price of this area has fluctuated several
times based on the assumption that the median price of properties is the leading indicator
of neighborhood change.

Figure 4 shows the number of registered new (primary-market) and secondary-
market properties transaction data in different urban areas. We can see that the real
estate market is focused on secondary-market houses and apartments, and the number of
new houses/apartments (primary-market) is low in comparison. This figure shows that
the transactions of new properties are concentrated in Dublin 16, Dublin 18, Dublin 22,
Dublin 24, and North and South Counties. Recently developed neighborhoods are within
these areas. Simply put, the number of new properties in an area can identify an area that
is prone to a type of neighborhood change. For example, gentrification and supergentrifica-
tion, can occur in those areas that the number of new houses is low, yet sales are increasing,
including Dublin 2, Dublin 3, Dublin 7, and Dublin 10, and Dublin 20, and recently devel-
oped change can happen in Dublin16, Dublin18, Dublin 22, Dublin 24, and North and South
Counties. In addition, this gap identifies that many properties in Dublin are not primary-
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market properties; in other words, the number of new properties is limited to specific areas
in the city. Figure 4 shows that the number of new property sales is significantly less than
the secondary market. Considering residential property transactions as a proxy of the total
number and types of properties in Dublin, it is safe to say that properties are aging. The
reasons behind the lack of new houses are many, including financial problems, a lack of de-
velopers after the recession, and a slow planning permission process. A recently published
report (https://www.datawrapper.de/_/fXLxZ/; accessed on 16 May 2021) using data
from the Central Statistics Office (CSO) (https://www.cso.ie/;accessed on 16 May 2021)
confirms that a large number of residential properties in Dublin are old. This report shows
Dublin 15, Dublin18, and Dublin 24 are the youngest urban areas where the average age
of buildings is 17, 18, and 22 years respectively, and the oldest buildings can be found in
Dublin 3, Dublin 6, and Dublin 7 where the average age is 56, 56, and 58 respectively.
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Figure 5 highlights the spatial coverage of property transactions in Dublin during the
last decade, and we can see that the spatial distribution of transactions is uneven, and the
concentration is in the city center and Dublin Bay, and along four axes to the west with
some sporadic patches on the northern side of the city. The spatial distribution and density
of the data also show that some neighborhoods have been more successful in absorbing
people which have meaningful relationships with the urban infrastructure, affordable
land and housing price, and recent development plans in Dublin. These relationships are
confirmed by the median price and number of transactions in those areas (Figure 3c,d).
Other urban areas that are not covered in this map or where we see sporadic points are
locations where neighborhood change has not been significant during the last decade.
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The Kriging method [43] was used to interpolate property prices in Dublin over the
last ten years. Figure 6 is the map of the registered property price in Dublin from 2019 to
2020. This map shows the average price (in Euros) of properties is high in Malahide, the
Docklands, and the south-eastern part of the city, specifically in Dublin 2, Dublin 4, and
Dublin 6. As the relationship between housing price and poverty is well established in
the literature [30], this map is showing spatial structure and patterns of housing prices.
It reflects the emerging spatial structure and patterns of inequalities, such asas the north-
south spatial divide and recently developed areas including Lucan, Ongar, and Adamstown
and historic social housing plans and projects in the western part such as Jobstown, which
is one of the most deprived areas in Dublin with a high unemployment rate and low rate
of education [58]. In other words, this map draws existing and emerging spatial divides
from east-north to west-south of the city.

Figure 7 shows the median price change in percent terms at small areas (500 × 500 m
grid) produced by the Kriging interpolation method. The dark red color indicates locations
with a higher percentage of price change that have been more attractive for investors and
citizens and can be seen as the milieu of neighborhood changes such as gentrification,
supergentrification, and recently developed areas or in general upgrading areas. In dark
blue areas, the median price of properties decreased and are likely decaying neighborhoods.
It should be taken into account that the output of interpolation methods is influenced by
the number of existing sample points or the problem of sample size [59,60]. Therefore, the
accuracy is higher in those areas that the number of samples is high, especially in the city
center, and the accuracy of interpolation methods is low in areas at the fringe of the city
because they are underrepresented locations in the data [60]. The results should therefore
be interpreted with Figure 4. The accuracy and performance of the interpolation must be
assessed using a proper validation model [61].
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Figure 8 is the Z-score of housing transactions in Dublin in the different time periods
at the small area scale of approximately 500 m × 500 m grid sizes of the metropolitan
area. Negative, positive, and zero values of Z-score indicate increasing patterns, decreasing
patterns, and no pattern, respectively. Figure 8a shows that the number of transactions,
from 2010 to 2011 in Dublin Bay and the south parts of the city, which are better off areas,
were increasing (red color) locations, and the same areas were decreasing during the
economic recovery from 2012 to 2015 (Figure 8b). From 2016 to 2017, we observe that some
areas in the west and the south had increasing patterns, and the city center and south
regions are experiencing decreasing patterns (Figure 8c). Figure 8d is the Z-score values
during 2018. This figure shows that while almost all areas of the city are experiencing
increasing patterns, some locations in the north and south display a decreasing pattern.
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Figure 8e shows consecutive and oscillating cold spots (dark and light blue color),
which mean, during this time, all urban areas are experiencing decreasing patterns in
terms of the number of transactions, but in some areas in the city center close to the
Docklands, on the west, and sporadic patches in the north the Z-score value is higher than
other neighborhoods. Figure 8f is the Z-score values in the last decade from 2010 to 2020.
This map shows that over the last decade, the focus of transactions has been in the city
center, and hotspots have mainly moved to the west, including Tallaght, Lucan, the north,
especially Malahide. In Figure 8, negative values are presented by blue color, and positive
values are presented by red color. The intensity of the color is based on the value of the
Z-score; therefore, the color scales or ranges are different because the Z-score values are
not the same for all time intervals.

Table 2 is the STC statistics for selected time periods. The Trend Direction is the
direction of change in the number of property transactions in the real estate market. The
Trend statistics show the intensity of change, and the P-value of the trend identifies the
probability that a trend is the outcome of a random process or not.

Table 2. Space-Time Cube Statistics (2010–2020).

Trend 2010–2011 2012–2015 2016–2017 2018 2019–2020 2010–2020

Direction Not Significant Increasing Not Significant Increasing Decreasing Increasing
Statistic −0.85 6.99 0.39 3.34 −4.74 3.16
p-value 0.39 0.00 0.69 0.00 0.00 0.00

We also observe moving patterns of transactions from the east to the west in Dublin
(Figures 4 and 8). These changes in spatial patterns of hotspots of the number of property
transactions can be interpreted as people displacement or a move from the east and the
center to the western parts of Dublin along with some sporadic locations in the north of the
city where there are affordable houses (Figure 8). The results of the proposed data- driven
methodology are consistent with other qualitative research and non-academic sources
(e.g., media) on spatial inequality and neighborhood change in Dublin [58,62–71].

4.2. Validation and Comparison of Results

Table 3 lists the locations and neighborhoods that are identified by different sources as
undergoing different types of neighborhood change (e.g., recently developed areas and
gentrification) or areas that exhibit distinct spatial characteristics (e.g., concentration of
poverty, spatial segregation, and affluent area). This serves to validate the data-driven
approach presented in this article and demonstrates that it is appropriate in the absence of
(or to support) qualitative analysis.

Table 3. Validation locations and evidence.

No Name Type of Neighborhood Change/
Spatial Characteristics Reference

1 Lucan Recently developed [62,63]
2 Ongar Recently developed [64]
3 Adamstown Recently developed [62,65]
4 Docklands Gentrification [66–68]
5 Malahide Affluent area [69,70]
6 Tallaght Poverty and spatial segregation [69,71]
7 Jobstown Poverty and spatial segregation [58]

Table 4 shows zonal statistics of Z-score values from 2010–2020 (Figure 8f) in five price
categories used in Figure 6 which shows the price of properties in Dublin based on Jenks
natural breaks classification [72], where class 1 is the areas with the minimum median
price, and class 5 has the highest median price. This table also includes the minimum,
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maximum, range, and mean values of Z-scores from 2010 to 2020 (Figure 8f). The column
of Mean value Z-Score of this table, mean value of Z-Score during the last decade shows
that a large number of transactions occurred in poorer locations, including classes 1 and
class 2 (the lowest house price areas), which cover more than half of the urban area where
transactions happened over the last decade. Class 3 as an indicator of middle-class or
housing price areas has a mean value of 2.90, and high-class or the highest housing price
areas (classes 4 and 5) have lower mean values of Z-score, respectively 2.55 and 1.78.
Briefly, the focus of the residential property market has mainly moved to the poor and the
rich neighborhoods. This changing spatial pattern in the numbers of transactions can be
interpreted as increasing spatial inequality in the city.

Table 4. Zonal Statistics of Z-score based on Five Price Categories in Dublin.

Class Area (m2)
Price Range
(000s EUR)

Min
Z-Score

Max
Z-Score

Range
Z-Score

Mean
Z-Score

1 55,190,000 161.16–286.14 −1.82 8.01 9.83 4.87
2 73,320,000 286.14–375.86 −2.85 8.00 10.85 4.04
3 66,770,000 375.86–478.40 −1.88 8.00 9.88 2.90
4 51,320,000 478.40–629.00 −1.43 7.20 8.63 2.55
5 23,540,000 629.00–978.29 −0.32 6.34 6.66 1.78

These moving patterns from the center to the periphery areas are seen in other large
and global cities [73–78]. Van Ham et al. studied urban segregation and spatial inequality
in 24 large urban case studies in Africa, Asia, Australia, Europe, North America, and
South America. They found that affluent people are moving to the city center, while the
people belonging to lower social class have been pushed to the outer edges of urban areas,
and this observed spatiotemporal pattern is a reversal of the suburbanization trends of the
1970s, when many people of higher-income groups moved to bigger houses with gardens
in the suburbs. These supporting results demonstrate that spatial data mining techniques
and data-driven research can be used as a complement to other qualitative, quantitative,
and mixed research methods [73,77].

5. Conclusions

The results presented in this article show that housing property transaction data,
including price, time, and location of properties, are valuable spatiotemporal datasets to
answer spatiotemporal research questions. The main findings of this article are summarized
as follows:

• The housing market or housing price and the number of property transactions in
Dublin are systematically influenced by macro factors of the national and European
economy (e.g., Brexit) and global crises such as COVID-19. In the Irish context, the
real estate market has been experiencing multiple crises and booming periods in the
last decade and need effective housing policies [79].

• Spatiotemporal methods and techniques, especially STC, partitioning or reclassifying
housing price and the number of property transactions, can reveal different urban
spatial patterns and associated underlying socioeconomic processes at small areas and
allow us to observe the effects of national and global crises and sociospatial (housing)
policies. The study also shows that Dublin is experiencing intraurban displacement
of the residential property transactions and citizens to more affordable regions of
western areas, and we are observing increasing spatial inequality in Dublin as a result.

• Dublin is an old/aging city in terms of housing with relatively low numbers of houses
being constructed. This attribute of the housing market needs more research and
attention from urban managers and policy designers because the age of properties
probably can have various unintentional consequences for all stakeholders and citizens
in terms of energy consumption and maintenance cost [80]. Older properties usually
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do not have proper insulation and heating systems that are essential factors in energy
consumption and budget [81].

Exploratory spatiotemporal analysis of property transaction data needs geocoded
data, and the data is often available in spreadsheet format, but the geocoding process
is costly and usually needs specific skills, reference data, and GIS software. Access to
Geocoded data can facilitate using transaction data in various applications. While the
focus of the literature is on property valuation, designing spatial decision support systems,
market and housing price analysis, and automated valuation [82–85], this study has shown
that property transaction data can be used in other research areas as well. The results of the
study presented in this article can be used for the fields of urban studies, including urban
planning, urban demography, urban economics, and urban analytics. For future research,
the relationships between residential property transactions and Airbnb data, which is
also publicly available through the InsideAirbnb (http://insideairbnb.com/; accessed on
16 May 2021) website, can be studied. Also, advanced spatial econometrics [86,87] and
machine learning methods, especially clustering algorithms [88], texture analysis (e.g., vari-
ability analysis and Fractal dimension [89]), and curve similarity within temporal graphs
e.g., Fréchet distance [90,91], can be used to extract locational insights and understand
relationships between housing price and other locational factors such as the characteristics
of neighborhoods and accessibility to the physical and environmental infrastructure of
the city.

Besides these topics, relationships between the socioeconomic context using relevant
indices and data sources such as Pobal (https://www.pobal.ie/; accessed on 16 May 2021)
in Ireland, which provide area deprivation profiles or spatial socioeconomic indices, can
be studied. Other topics such as the fiscal policy and urban planning policies during
the last decades, which are significant factors in shaping the real estate market and the
(re)production of these spatiotemporal patterns, the north and south spatial divide, and
spatial segregation and inequality in the city can also be examined. The techniques pre-
sented in this article can be applied to other jurisdictions where property transaction data
are available.
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