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The cities are equipped with the data as a result of the individuals' sharings and
application usage. This significant amount of data has the potential to reveal
relations and support user-centric decision making. The focus of the research is
to examine the relational factors of the neighborhoods' popularity by
implementing a big data approach to contribute to the problem of urban areas'
degradation. This paper presents an exploratory urban analysis for Eindhoven at
the neighborhood level by considering variables of popularity: density and
diversity of points of interest (POI), accessibility, and perceptual qualities. The
multi-sourced data are composed of geotagged photos, the location and types of
POIs, travel time data, and survey data. These different datasets are evaluated
using BBN (Bayesian Belief Network) to understand the relationships between the
parameters. The results showed a positive and relatively high connection between
popularity - population change, accessibility by walk - density of POIs, and the
feeling of safety - social cohesion. For further studies, this approach can
contribute to the decision-making process in urban development, specifically in
real estate and tourism development decisions to evaluate the land prices or the
hot-spot touristic places.
Keywords: big data approach, neighborhood analysis, popularity, point of
interest (POI), accessibility, perceptual quality

INTRODUCTION
This paper presents an exploratory urban analysis for
Eindhoven to understand the urban vitality of the
city. Jacobs (1961) deﬁnes urban vitality as “a mea-

sure of positive activity or energy in a neighborhood
that makes an urban place enjoyable to its residents.”
Public space is vital if there are various activities and
uses for people (Jacobs 1961), where the place is easy
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to access to activities for all (Montgomery 1998), and
the perception of life quality is satisfactory (Jacobs
1961). The public spaces face the risk of degradation
due to the lack of vibrancy in modern cities. Measuring urban vitality becomes crucial to make decisions
in regenerating the public spaces. However, urban
vitality is an abstract, complex, and multidimensional
concept challenging to measure.
The research utilizes popularity as a measure of
urban vitality. The project approaches the degradation problems in two ways, by analyzing values associated with popularity, and their connection, which
aﬀects the probability of a neighborhood being popular. The focus of the research is to investigate the
interdependencies between POIs, accessibility, and
perceptual quality factors and their impact on popularity in the city. The objective of this research is to
present an alternative method to measure the city’s
vitality. The main research question addresses that
to what extent the factors of urban vitality increase
the probability of a neighborhood being popular.
The research implements a big data approach
for data collection to measure the variables. The
city is equipped with information networks that lead
to a signiﬁcant volume of data with big volume
and variety. A big data approach is the analysis
of diﬀerent datasets to create knowledge or reveal
hidden relations. The big data approach enriches
our understanding of how the city dynamics and
community pattern function and provide more informed decision-making for liveable public places
(Batty 2013). The generation of big user data changes
the data collection method. User-generated content
(UGC) is the data shared by users about their activities, perceptions, and interactions using information and communication technologies (ICT) through
smart mobile applications. While users make sharings from social platforms, they share the location
where the information created, the time when taken,
and the content of the sharings.
While other conventional data gathering methods are time, labor, and cost-intensive and reﬂect
a static snapshot of the urban environment, UGC

presents a time-eﬃcient method for data collection
to capture the city’s dynamics (Zhou and Zhang
2016). However, this method has limitations due
to data bias (Cranshaw et al. 2011), accuracy, and
privacy issues within the diﬃculties in ICT literacy
in the public, known as the digital divide. This research combines conventional data surveying with
user-generated data (UGD) analysis regarding their
challenges. It employs multiple data sources to measure each variable; web scraping of UGD for popularity and accessibility, aggregate data for POIs, and survey data for perceptual quality.
This paper is structured as follows: it starts with
the introduction of the research topic, follows a literature review and the research methodology, and concludes with the results, discussion, and further directions.

LITERATURE REVIEW ABOUT VARIABLES
The literature review mentions the state of art researches to explore how to measure the variables and
understand their level of interdependencies. The research will measure the level of popularity, based on
the density and diversity of POIs, the accessibility and
perceptual quality to gain insight into the vitality of
the city. Therefore, the literature review elaborates
on the variables -which are (i) popularity, (ii) point of
interest (POI), (iii) mobility, and (iv) perceptual quality.

POPULARITY
The social network data has been widely used to
identify attractive places and their popularity level.
The location-based social-networking data (checkins from Foursquare) is employed to understand human travel ﬂows and identify the city venues, where
accommodates widely used POIs (Sun et al. 2016).
Ensari and Kobas (2018) utilize Instagram data to ﬁnd
out which places are popular based on the Instagram
posts, a count of likes, and the content of comments
about the places through the web scraping method.
Alivand and Hochmair (2017) deﬁne the photosharing platforms as abundant resources of crowd-
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sourced spatial data. The photo-sharing platforms
(Panoramio and Flickr) are widely utilized for spatiotemporal analysis to identify attractive places
(Kisilevich et al. 2013), rank the popularity of places
(Schlieder and Matyas 2009), and map the visitor
movement and density pattern (Girardin et al. 2008).
This project opts to employ Flickr photos to determine the popularity of the neighborhoods, regarding
the conducted studies, using the Flickr platform [1].

POINT OF INTEREST (POI)
Points of interests (POIs) indicate places where human activities take place and which attract people
to visit somewhere like restaurants, shops, museums,
universities, or parks (Gao, Janowicz, and Couclelis
2017). Jacobs (1961) points out that the presence
of dense POIs and their balanced combination with
diﬀerent functions make neighborhoods live all day
long. Besides, Gehl (2010) describes POIs as a side effect of people going to an area due to its exciting mix
of attractive places is that people attract more people
in a self-reinforcing loop. Thus, the presence of POIs
is considered a factor that is extremely related to this
project’s primary research question.
According to Yue et al. (2017), the association
between the mix of POIs and high popularity needs
more study because some neighborhoods planned
with the intention of ‘mixed-use’ still lack popularity
and hence to what degree mixed-use can inﬂuence
popularity is worthy of further investigation. In this
study, the diversity and density of POIs diversity per
neighborhood are extracted to evaluate the point of
interest. The ﬁrst is to study the theory that a good
use mix promotes popularity, and the later, to understand the extent to which the level of mix-use and
concentration of POIs aﬀect popularity.

ACCESSIBILITY
Accessibility is an essential characteristic of livable
urban spaces making a space more attractive. Accessibility refers to people’s ability to reach goods,
services, and activities, with a transportation mode.
Appleyard, Gerson, and Lintell (1981) emphasize the
liveability of the streets by investigating the ac-

cessibility opportunities, physical conditions (traﬃc,
noise, pollution), social interactions, and perceptions
of the street. Tan (2016) indicates that accessibility
and environmental quality have a signiﬁcant inﬂuence on neighborhood satisfaction. Saghapour and
Moridpour (2019) point out the positive impact of
neighborhood accessibility -in particular the public
transport and walkability- on inhabitants’ decisions
to select their neighborhood. Based on the literature,
it can be deduced that more accessibility in urban
spaces provides more opportunity for activities, improves neighborhood satisfaction, and consequently
increases the probability of being popular.
There is a growing interest in research studies examining the relationship between accessibility and
the neighborhood’s liveliness. The big travel data, including crowdsourced travel data, social media data,
and navigation data, oﬀers new possibilities for data
collection methods. In the literature, Google Distance Matrix API has been employed as crowdsourcing travel data for understanding the relationship of
accessibility with traﬃc (Moya-Gomez et al. 2018),
and evaluating in traﬃc ﬂow estimation (Wang and
Xu 2011). This study employs Google Distance Matrix
API [2] for collecting travel time and distance data to
evaluate the accessibility of the neighborhoods.

PERCEPTUAL QUALITY
The perceptual quality indicates the satisfaction level
of the neighborhoods, and the satisfaction level inﬂuences neighborhoods’ popularity level to visit and
live. The study takes into account the safety, population, and social interaction related factors to understand the perceptual quality of the neighborhoods, regarding the literature research. Among
these criteria, the safety level -the perceived safety
and crime rate- acts the most determining role in
neighborhood satisfaction. According to Baba and
Austin’s (1989) study, neighborhoods with higher
levels of satisfaction tend to have a higher perception of safety. The crime rate sets the essential criterion in the literature to analyze neighborhood satisfaction (Newman and Duncan 1979). The correla-
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tion between population characteristics and residential satisfaction stems from a sense of place (Speare
1974), the duration of occupation, and social interaction among residents (Galster 1987). While the
residents’ occupancy duration has a positive impact
(Hur and Morrow-Jones 2008) on residential satisfaction, the ethnic diversity inﬂuences social interaction
negatively, consequently on residential satisfaction
(Galster 1987; Speare 1974). Lastly, social interaction
plays a vital role in the community (Sirgy and Cornwell 2002). The research accounts for the social cohesion level, the residents’ leisure activity level, and
their participation rate in activities.
Regarding the literature review, we utilize geolocated Flickr photo counts to measure the level of
popularity, the density and diversity level of POIs to
the attractiveness, travel time-distance values with
diﬀerent means to measure the accessibility, and
safety, population and social interaction related factors to measure the perceptual quality level for each
neighborhood. The study establishes a conceptual
model to analyze these variables, as displayed in Figure 1. The research measures the popularity level according to the level of attractivity (POI), accessibility, and perceptual quality in Eindhoven’s neighborhoods.

METHODOLOGY
The project’s methodology follows three phases
to conduct the exploratory analysis: data collection, data visualization, and data analysis. The researchers conduct web-scraping for geospatial data
and crowdsourcing travel data and employ statistical and spatial aggregate data from relevant institutions to gather quantitative data about variables.
In data visualization, the researchers map these different quantitative datasets to obtain spatial information. In data analysis, the researchers conduct a
Bayesian Belief Network (BBN) analysis to identify the
probability of the relationships between each variable.

Figure 1
The conceptual
model of the
project

For popularity variables, the study employs geolocation data of Flickr photos to create the spatiotemporal database of users to ﬁnd the popular place
in Eindhoven. Flickr geotagged photos present spatial, temporal, and textual information (e.g., location,
time, tags, twitter description). The Flickr Platform
has higher accessibility via its developed Application
Programming Interface (API) in comparison to other
UGC platforms, and reliable georeferences with its
GPS coordinate data. Flickr presents an API for developers free in the Flickr App Garden platform [1]. This
platform presents variable APIs for extracting metadata of the photos. We select Flickr due to its feature
of being reliable, accessible, and rich content extraction via its APIs. The data collection method is webscraping through the Flickr API (‘ﬂickr.photos.search’)
to evaluate the popularity of a neighborhood. We enter the bounding box longitude and latitude values
of each neighborhood as an input, and the API gives
the total number of photos, with its user id, taken
time, and title.
For the POI variable, the research employs
BAG (Basic Registration of Addresses and Buildings)
dataset, which opens to public use by municipalities
of the Netherlands [3]. The BAG dataset stores precise information about the status of the buildings, its
surface area, geometry, location coordinates, year of
construction, and purpose of use. The research utilizes the BAG dataset to obtain information about the
number of buildings within their functions in Eindhoven. The POIs are classiﬁed per neighborhood and
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function. The diversity and density of POIs are calculated for each neighborhood using this classiﬁed
dataset. The total number of POIs provided by the
Central Agency of Statistics [4] dataset was divided by
the total area of the neighborhood for the POI density.
Regarding the studies in the literature (Yue et al.
2017; Hao et al. 2014), the research implements Hill
numbers method to calculate the density and diversity of the POIs. The Hill numbers method is commonly used as a uniﬁed form of diversity measurement in ecological literature that includes richness,
entropy, and the Simpson index adapted to measure
the diversity level of POIs, regarding Yue et al. (2017).
The general formula of the Hill number is given by
(Yue et al. 2017):
( s
) 1
∑ q 1−q
q
pi
(1)
D =
i=1

In Equation 1, Di denotes POIs diversity, S the number of functions, pi the relative abundance of its functions, and q denotes the parameter that indicates
the sensitivity to the relative abundances, when it is
equal to zero, what this formula measure is the POIs’
function richness (Hao et al. 2014). They (Yue et al.
2017) evaluated that when the q values are equal to
zero, the function richness has the strongest association with the neighborhood popularity. Therefore,
in this project, the function richness formula is used
to compare the POIs diversity level in diﬀerent neighborhoods. For the POI density, the total number of
each POIs was divided by each neighborhood’s total area, which is indicated in the CBS data table, as
shown in Equation 2:
De = Np /At

(2)

This study employs Google Distance Matrix API [2] for
collecting travel time-distance data and Eindhoven
in Figures Data Platform [4] for the population data
in each neighborhood while evaluating the accessibility. We extract the number of the user from Flickr
and tabularize by coding in Python as a solution to
missing data in several neighborhoods. Based on
the data analysis, the visitor population is included

in the missing districts, and the ones that have more
visitors than the resident population are updated.
For calculating the travel time, we assume the location of Eindhoven Station as the origin and the center of the neighborhoods of Eindhoven as destinations. We calculate the travel distance and travel time
value for travel modes (public transportation, driving, and walking) from the origin to each destination.
To obtain the travel time value for each O-D set, we
scrap the travel time and distance value for each destination from Google Matrix API using the programming tool, Microsoft Visual Studio. We take Feng and
Zhang’s (2014) evaluation as a reference to measure
the zone level accessibility. We calculate the accessibility index of each neighborhood using Equation
3. In this study, the accessibility index (Ak) is calculated through the function of the zonal population
(Pj) and interzonal travel time (tk), while the capacity
of enhancement (yi) and interzonal travel impedance
parameter (θ) is accepted as the neutral element.
]
∑ [ Pj
(yi |i ∈ II )θ , ∀k, j ∈ N
Ak (yi | ∈ II ) =
tk
j ≠k
(3)
To evaluate the perceptual quality, we utilize Eindhoven in Figures platform, which is open to public use by Eindhoven Municipality [4]. This platform
presents residential, economic, social, and safety
databases in the neighborhood, district, or city-scale
[4]. Regarding the literature, the selected databases
are perceived safety and crime rates for safety, racial
composition and duration for population characteristics, social cohesion, and activity percentage of the
habitants for social interaction, regarding the literature review. The missing values in some databases
arise from the lack of respondents in the survey, as
Eindhoven Municipality indicates through the interview by e-mail.
For the data visualization stage, we import unstructured datasets of variables to the GIS platform.
We classify the variables data according to the grading system (very high, high, moderate, low, and very
low) and map these quantities using the equal inter-
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vals classiﬁcation method in the QGIS tool. The spatial analysis demonstrates which district accommodates a higher level of the variables and what is the
general pattern of the city. The comprehensive evaluation of the spatial analyses gives valuable information about the association between the variables,
which will be discussed in the result section.
Finally, we utilize Bayesian Belief Network (BBN)
to analyze the interdependency relationship between the variables. BBN is a reasoning tool
for decision-making under uncertainty (Cheng et
al. 2002). BBN utilizes the probabilistic reasoning method to correlate the variables based on the
probability of the connections between the variables
(Smith et al. 2018). Smith et al. (2018) indicate
that BBN is useful for an explorative design context,
the methodology of the study. In this study, the
Bayesian network analysis helps understand the extent to which the variables inﬂuence the popularity
of the neighborhood, which is the research question
of the study. The study employs GeNie software, a
graphical user interface (GUI) of SMILE Engine, and allows for interactive model building and learning [5].
We classify the aggregated datasets according to the
grading system with equal intervals. Then, we construct a BBN network by using the variables’ datasets
as input and selecting the proper learning algorithm.
The learning algorithm used was the Greedy Thick
Thinning, which adds and removes arrows to connect the variables until a maximum marginal likelihood is achieved [5]. The system constructs a network learning based on the background knowledge
from the input data. We optimize the background
knowledge by forbidding the improper relations and
relating the discrete parameters according to the inferences from the literature review. BBN network results show a positive and relatively high connection
between popularity, level of population change, accessibility by walk, and density of POIs. The detailed
results of the BBN network will be discussed in the result section.

RESULTS
Performing a spatial association between the variables, which are popularity, POIs’ density and function richness, accessibility by public transit, driving
and walking, and perceptual qualities, and their correspondent neighborhood resulted in the maps in
Figure 2.
Figure 2
The maps of
geospatial analysis
for each variable

Most of the neighborhoods can be considered as
not popular since they do not have enough photo
counts. The neighborhoods from the ﬁrst three categories are mainly residential areas; therefore, it is expected that they have a lower popularity level. The
ones in the second category are diﬀerentiated from
the ones in the ﬁrst category since they are near to
the more popular neighborhoods. The fourth category, which is in the second order in terms of popularity, has four neighborhoods around the city center as expected. One of them is TU Terrein, where
the university campus is, due to its location and type
of users. The most popular neighborhood, Sportpark Aalsterweg, surprisingly came up. There is a
sports center organizing several events during the
year since there are too many photos in this neighborhood.
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Figure 3
The network result
of BBN analysis

The POIs’ function richness and density follow a
similar distribution, being generally the more dense
areas, also the ones with more functional diversity.
While a small number of neighborhoods concentrate
the majority of the POIs, the number of functions is
more spread throughout the city, resulting in that
even areas with medium to low densities have a certain number of functions available.
The accessibility by public transportation, driving, and walking value follow a similar distribution, in
particular, the accessibility by driving and transit values have more similarities. The travel time from Station to the neighborhoods ranges between 5-35 minutes by car, between 5-100 minutes by transit and
between 11-400 minutes by walking. In the central
zone, the travel time changes between 10-30 minutes, however, the population is an indicator factor;
the places with fewer respondents (Tue Terrein) have
lower accessibility index despite shorter travel time.
For instance, the areas (such as Prinsejagt, Het Ven,
Genderbeemd, t Hool), further from the center, have
the highest accessibility index, due to the highest
resident population. The areas in the central zone
(Binnenstad, Philipsdoorp, Villapark, and Schrijversbuurt) have higher accessibility due to the high population and shorter travel time. When overlapping
the popularity and accessibility maps, in residential
areas with a higher density such as Binnnenstad, Villapark and Irisbuurt have both high accessibility and
popularity due to short travel time and high population. However, in lower-density residential areas,
Tue Terrein, Fellenoord, Stirjp-S have higher popularity but lower accessibility due to the low population
despite shorter travel time.
The feeling of safety is seen as similarly distributed between the neighborhoods in contrast to
the crime rates. The crime rates have reached the
highest values in Looiakkers, Witte Dame, and Binnenstad neighborhoods. However, these neighborhoods are distributed in the ﬁfth and fourth categories of feeling safety. Therefore, it can be claimed
that there is no relationship between how people
perceive safety and crime rates. The native popu-

lation map shows us that the percentage of native
people is higher than 58% in 79% of the neighborhoods. According to the literature review, this should
be a good result in terms of racial homogeneity of
the neighborhood. When we look at the run population, in 69% of the neighborhoods, the population
does not change signiﬁcantly, which is decent for
the residents’ satisfaction level. Lastly, the neighborhoods with very high participation in activities also
include neighborhoods with very high social cohesion scores.

Bayesian Belief Network Analysis Results
After performing spatial analysis for each variable,
the BBN network was structured to reveal the relations between them and displayed in Figure 3. Besides the relations, it is also possible to see the relative strength of the associations using a Euclidean
method by the average. The strongest associations
were found between the popularity - change in the
population, the walking accessibility - POIs density,
and the feeling of safety - social cohesion in the
neighborhood. The states are organized as very low,
low, medium, high, and very high.
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Regarding the POIs variables, POIs density had a close
relationship with the accessibility variables. The direct eﬀect of walk accessibility on POI’s density resulted in 86% of the chances of a neighborhood having very low walkability when a very low density is
considered. When very high walkability is considered, the chances of them being of at least a medium
density is 75%.
Beyond these direct connections, an indirect effect of POIs density in POIs’ function richness and
feeling of safety was observed through the native
population variable. None of the POIs variables were
directly associated with popularity. However, while
POIs function richness had barely any eﬀect on it,
POIs density had a better response with a high density generating a drop from 83% of probability of a
neighborhood having very low popularity to a 68%
probability and a very high density being associated
to a 66% probability of a very low popularity rate.
Regarding the accessibility variables, popularity
aﬀects accessibility. The probability of being highly
popular (100%) decreases the probability of not being accessible from 59% to 17% by walking and from
40% to 19% by driving. It shows that popular places
would have more easily accessible options by foot
or driving, or accessible places have more probability of becoming popular. The accessibility by walk
is closely related to popularity with a 0.24 strength
connection. The probability of high walk accessibility (100%) increases the probability of very high popularity from 4% to 22%.
Regarding perceptual quality variables, an only
change in population had a close relationship with
popularity. The relationship seems strong and di-

rect. According to the literature study, we were expecting more relationships between the perceptual
qualities and popularity; however, from the BBN network, it can be said that the change of the perceptual variables does not aﬀect popularity. The network between the feeling of safety, crime rates, activity percentage, and social cohesion score makes
sense in terms of interconnectivity. A very high feeling of safety leads to an increase in the probability
of a lower crime rate, more social homogeneity, and
more active residents in the neighborhoods.

LIMITATIONS
This research encounters some limitations concerned
with the diﬀerent types of datasets. The analysis of
popularity is limited with the Flickr users, and Flickr
data since the popularity of neighborhoods is measured with Flickr’s geo-position data. The use of social media is a valuable source of data for urban research, in particular, Flickr was used by several surveys that also looked for conﬁrmation of its eﬀectiveness through other sources as interviews with the
population (Cranshaw et al. 2011) and cell phone
networks (Girardin et al. 2008) with positive results.
However, it has limitations such as data bias, the accuracy level, and population group due to the nature
of social network data.
The limit in data samples in social network data
might cause data bias towards the place and people’s
age group, as the references indicate it for all types of
geospatial social data (Cranshaw et al. 2011; Sun et al.
2016). The people tend to share the attraction points
more to get more likes and comments than their location or experience in that location, causing bias in
place. Moreover, the demographic distribution of social media platform sharings is part of the young population, which uses smartphones and applications
widely, and this is cause to bias in age group (Cranshaw et al. 2011). Another limitation is related to
the private user accounts in the Flickr platform. The
API neglects the result in data analysis, which would
cause the loss of information about that user’s photos. Since several attractive places have private ac-
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Figure 4
A: Eﬀect of a very
low POIs density on
accessibility by walk
B: Eﬀect of very
high accessibility by
walking on POIs
density C: Eﬀect of a
high POIs ‘ density
on accessibility by
car and public
transport D: Eﬀect
of a high POIs ’
density on
popularity E: Eﬀect
of very high walk
accessibility on
popularity F: Eﬀect
of a high feeling of
safety in other
social factors

counts, their photos were not taken into account during the photo analysis. In the further stages, the
popularity analysis can be supported with other georeferenced data such as check-ins, the crowdsourcing mapping applications (Tripadvisor and Yelp), and
tweets or comments to overcome the challenges
and gain a better understanding about the attraction
points.
In terms of accessibility, the measurement of accessibility is limited with travel time and neighborhood population. For instance, the mobility to several neighborhoods is diﬃcult, but their accessibility indexes are satisfactory (above the very low level)
due to the population, such as Riel. In contrast, some
neighborhoods have easy mobility, but they have
lower accessibility index due to less population, such
as Tue Terrain. For this reason, the accessibility measurements might be expanded by considering other
travel parameters such as travel cost, impedance, or
distance to get a better understanding of the accessibility in further stages.
Even with these limitations, this research was
able to extract useful conclusions from the Flickr data
set. In Eindhoven, popular neighborhoods have a
dynamic social proﬁle and a high density of places,
and they are walkable. Thus, an urban plan that enhances these characteristics in stagnated neighborhoods has a better probability of increasing the livability in these areas. This study opts to employ different datasets rather than multiple geosocial data
regarding the limitations of using UGC platforms.
The formal datasets taken from the relative institutions present more accurate information in terms of
population features and the condition of the built environment. The study assumes that the use of UGC
can be complemented with other data types to obtain more valuable information.

CONCLUSION
The project’s results partially agreed with the literature research with a high level of walking accessibility
and POIs density associated with a high probability of
popularity. In this sense, the results presented here

support the contemporary urbanism trend of more
compact cities that active incentive transportation.
Additionally, neighborhoods, where the social composition is renovated every year in this city, are more
popular than areas with a stable population. This result points to social dynamics as a relevant feature of
popular and liveable areas.
For future research, the researchers recommend
further investigation of the POIs diversity since the
data set utilized here was not enough to capture
the richness of functions in a more elaborated level.
Moreover, social factors should be expanded to include the perspective of the neighborhoods’ visitors. In terms of accessibility, the researchers oﬀer
to employ more travel-related parameters to examine neighborhood accessibility. Finally, in terms of
popularity data analysis, the researchers recommend
enriching the data analysis with another social data
network and complementing it with surveys.
Regarding the outcomes of the analysis, this exploratory research can extract useful conclusions.
This approach might contribute to the ﬁeld of urban
informatics, and also has the potential to be used
in real estate to evaluate the land price according
to its popularity and in tourism to identify the hotspot places within its relational factors. The relations
found in this exploratory research can be useful for
policy-makers in decision-making about urban development, considering liveability to prevent degradation in urban areas.

REFERENCES
Alivand, M and Hochmair, HH 2017, ’Spatiotemporal analysis of photo contribution patterns to
Panoramio and Flickr’, Cartography and Geographic
Information Science, 44, pp. 170-184
Appleyard, D, Gerson, MS and Lintell, M 1981, Liveable
Streets, Univ. of California Press
Baba, Y and Austin, DM 1989, ’Neighborhood Environmental Satisfaction, Victimization, and Social Participation as Determinants of Perceived Neighborhood
Safety’, Environment and Behavior, 21, pp. 763-780
Batty, M 2013, ’Smart Cities Big Data’, Environment and
Planning B:Planning and Design 2012, 39, pp. 191193

D2.T8.S1. THE COGNITIVE CITY (AI) - Volume 2 - eCAADe 38 | 317

Cheng, J, Greiner, R, Kelly, J, Bell, D and Liu, W
2002, ’Learning Bayesian networks from data: An
information-theory based approach’, Artiﬁcial Intelligence, 137(1), pp. 43-90
Cranshaw, J, Schwartz, R, Hong, JI and Sadeh, N 2012 ’The
Livehoods Project�: Utilizing Social Media to Understand the Dynamics of a City’, Proceedings of the Sixth
International AAAI Conference on Weblogs and Social
Media, pp. 58-65
Ensari, E and Kobas, B 2018, ’Web scraping and mapping
urban data to support urban design decisions’, ITU
AZ, 15(1), pp. 5-21
Feng, T and Zhang, J 2014, ’Multicriteria Evaluation on
Accessibility-Based Transportation Equity in Road
Network Design Problem’, Journal of Advanced Transportation, 48, pp. 526-541
Galster, GC 1987, Homeowners and neighborhood reinvestment decisions, Duke University Press
Gao, S, Janowicz, K and Couclelis, H 2017, ’Extracting urban functional regions from points of interest and
human activities on location-based social networks’,
Transactions in GIS, February, pp. 446-467
Gehl, J 2010, Cities for People, Island Press, Washington,
DC
Girardin, FD, Calabrese, F, Fiore, FD, Ratti, C and Blat,
J 2008, ’Digital Footprinting: Uncovering Tourists
with User-Generated Content’, IEEE Pervasive Computing, 7(4), pp. 36-43
Hur, M and Morrow-Jones, H 2008, ’Factors That Inﬂuence Residents Satisfaction With Neighborhoods’,
Environment and Behaviour, 40(5), pp. 619-635
Jacobs, J 1961, The Death and Life of Great American Cities,
Random House, New York
Kisilevich, S, Keim, D, Andrienko, N and Andrienko, G
2013, ’Towards Acquisition of Semantics of Places
and Events by Multi-perspective Analysis of Geotagged Photo Collections’, in Moore, A and Drecki,
I (eds) 2013, Geospatial Visualisation, Lecture Notes
in Geoinformation and Cartography, Springer, Berlin,
Heidelberg, pp. 211-233
Montgomery, J 1998, ’Making a City: Urbanity, Vitality
and Urban Design’, Journal of Urban Design, 3(1), pp.
93-116
Moya-Gomez, B, Salas-Olmedo, MH, Garci�a-Palomares,
JC and Gutie�rrez, J 2018, ’Dynamic Accessibility
using Big Data: The Role of the Changing Conditions of Network Congestion and Destination Attractiveness’, Networks and Spatial Economics, 18(2),
pp. 273-290
Newman, SJ and Duncan, GJ 1979, ’Residential Problems, Dissatisfaction, and Mobility’, Journal of the

American Planning Association, 45, pp. 154-166
Saghapour, T and Moridpour, S 2019, ’The Role of
Neighbourhoods Accessibility in Residential Mobility’, Cities, 87, pp. 1-9
Schlieder, C and Matyas, C 2009, ’Photographing a
city: An analysis of place concepts based on spatial
choices’, Spatial Cognition and Computation, 9(3), pp.
212-228
Sirgy, MJ and Cornwell, T 2002, ’How Neighbourhood
Features Aﬀect Quality of Life’, Social Indicators Research, 59, pp. 79-114
Smith, RI, Barton, DN, Dick, J, Haines-Young, R, Madsen,
AL, Rusch, GM, Termansen, M, Woods, H, Carvalho,
L, Giucă, RC, Luque, S, Odee, D, Rusch, V, Saarikoski,
H, Adamescu, CM, Dunford, R, Ochieng, J, GonzalezRedin, J, Stange, E, Vădineanu, A, Verweij, P and
Vikström, S 2018, ’Operationalising ecosystem service assessment in Bayesian Belief Networks: Experiences within the OpenNESS project’, Ecosystem Services, 29, pp. 452-464
Speare, A 1974, ’Residential satisfaction as an intervening variable in residential mobility’, Demography,
11(2), pp. 173-188
Sun, Y, Fan, H, Li, M and Zipf, A 2016, ’Identifying the
City Center Using Human Travel Flows Generated
from Location Based Social Networking Data’, Environmental and Planning B, 43(3), pp. 480-498
Tan, H 2016, ’Neighbourhood satisfaction: responses
from residents of green townships in Malaysia’, International Journal of Housing Markets and Analysis,
9(1), pp. 137-155
Wang, F and Xu, Y 2011, ’Estimating O-D Travel Time Matrix by Google Maps API: Implementation, Advantages and Implications’, Annals of GIS, 17(4), pp. 199209
Yue, Y, Zhuang, Y, Yeh, AGO, Xie, J, Ma, C and Li, Q 2017,
’Measurements of POI-based mixed use and their
relationships with neighbourhood vibrancy’, International Journal of Geographical Information Science,
31(4), pp. 658-675
Zhou, X and Zhang, L 2016, ’Crowdsourcing Functions
of the Living City from Twitter and Foursquare
data’, Cartography and Geographic Information Science, 43(5), pp. 393-404
[1] https://www.flickr.com/services/api/explore/flickr.p
hotos.geo.getLocation
[2] https://developers.google.com/maps/documentati
on/distance-matrix/start
[3] https://bag.basisregistraties.overheid.nl
[4] https://opendata.cbs.nl/statline/#/CBS/nl/dataset
[5] https://support.bayesfusion.com/docs/GeNIe.pdf

318 | eCAADe 38 - D2.T8.S1. THE COGNITIVE CITY (AI) - Volume 2

