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Abstract. This paper focuses on the vibrancy of urban environments in the context of 
liveability. The objective is to explore the interrelationships of activity determinants what 
attracts visitors to support vibrancy decisions. The research questions how to uncover 
the relationships among vibrancy parameters and how to utilize the relation network for 
decision support. We utilize Bayesian Belief Network (BBN) for relational analysis and 
support with expert participation for an efficient decision-making. In this way, we expect 
to develop a causal by calibrating the data-driven BBN network. The results show that 
the user density has direct relationship with public open space, place rate, activity 
diversity, landmarks’ visitation rate cultural attributes, and accessibility; indirect 
relationship with time diversity, activity diversity and density. The results support the 
arguments on the importance of activity diversity in space and time, and intense urban 
pattern within the attractiveness public spaces for urbanity.  

Keywords: Big data, Data-driven analysis, Urban vibrancy, Liveability, Participatory 
approach. 

1 Introduction 

Liveability is an urban policy that targets to improve the spatial, social and 
economic conditions of the citizens. We recognize the multidimensionality of 
liveability, and approach it from the aspect of urban vibrancy with the questions 
of which factors attracts visitor and increase the user density. The aim is to 
conduct a knowledge discovery process through the physical and digital urban 
data layers with the support of expert participation to understand urban 
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vibrancy. This paper positions itself at the intersection of data-driven and 
participatory approaches.  

This paper starts with the literature review on vibrancy measures, continues 
with the introduction of BBN and its use in urban studies. In the methodology, 
we employ the Bayesian inference for knowledge discovery of big data, and 
support it with survey for better evaluation of urban vibrancy. In the survey, we 
asked the participants, who are dealing with urban studies, to compare vibrancy 
parameters in pairs according to causality or correlation. As a result, we 
demonstrate to what extend the Bayesian Belief Network reveals the causal 
relationships based on the survey results. We termed the representation of 
causal relationships as causal network. The causal network will be used to 
monitor the consequences of vibrancy decisions on neighborhoods.  

1.1     Urban Vibrancy for Liveable Environments 

Liveability can be described as an umbrella term that covers all of the spatial 
and socio-economic factors for a place to be successful. Liveable public spaces 
should be walkable, accessible, affordable, green, healthy, attractive, vibrant, 
friendly, mixed-use, and human-scaled built environments, within high quality 
of life of citizens (Ling and Yuen, 2009). As Carmona (2019) states, a 
successful place is a quality place where the economic, environmental social 
and cultural value is satisfactory.  In the scope of the liveability, we focus on the 
urban vitality that delivers economic and social value of the place, as the 
evidences in Carmona’s study (2019) find out. Montgomery (1998) and Jacobs 
(1961) also favor the active urbanity as a proxy of a successful neighborhood. 
This paper takes the activity principles (Montgomery, 1998) and good 
neighborhood indicators (Jacobs, 1961) within the evidences of the urban 
vitality (Carmona, 2019) as a reference to determine the parameters of urban 
vibrancy.  Based on the references we determine active people density as 
indicator, and activities’ spatial and temporal diversity, activity places’ 
attractiveness, visitor accessibility to activities, public open space, cultural 
landmarks’ density and attractiveness (based on visitation rate) as the 
determinants of urban vibrancy. 

Montgomery (1998) emphasizes activity as the prerequisite of urbanity, and 
the active pedestrian density as a proxy of urbanity, which is defined urban 
vibrancy in this study. According to Jacobs (1961), successfully mix-used urban 
quarters tend to be more economically viable, socially balanced, attractive and 
safer. The density, diversity, distribution of the activities within the temporal 
diversity are the necessities of successful mix-use (Grant, 2007). The temporal 
diversity concept is affected from the phenomenon of 24-hour city, that aims 
the dispersion of urban functions’ operating time both daily and weekly (Dantzig 
and Saaty, 1973). Accessibility complements activities; it measures the ease to 
reach activities considering the amount, features and spatial distribution of 
activities (Handy and Niemeier, 1997). Public open spaces (POS) are the 
essence of everyday life of the public by fostering user activities, perceptions 
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and experiences of the place (Carmona, 2014). Lastly, the urban heritage is an 
complementary of a successful public life with POS. Urban heritage improves 
both sense of place for urbanities and attractiveness for visitors. We accept the 
CH landmarks as the representations of urban heritage. Landmarks are the 
reference point for the observer of the city (Lynch, 1960). Cultural heritage (CH) 
landmarks are the cultural monuments or buildings which have cultural and 
historical significance, so the cultural reference point of the city. Montgomery 
(1998) and Jacobs (1961) also put an emphasize on people attractors for 
urbanity. In this study, we assume that the user ratings of the place and 
visitation rate of the cultural landmarks indicate to what extend the activity place 
and cultural landmark is attractive.  

Istanbul Historical Peninsula is the testbed for this study. The Historical 
Peninsula district shows rich variety in activities, building pattern, within cultural 
attributes, socio-economic structure (Turgut and Özden, 2005). The cultural 
heritage sites in the peninsula are ranked in UNESCO Heritage List due to the 
outstanding cultural values from different civilizations. However, the Historical 
Peninsula encounters use-derived problems that influence urban liveability 
negatively. These difficulties are mainly derived from the imbalances of visitor 
density that varies in time and place; the deficiencies in quality of public open 
space and public amenities; the physical degradation of the cultural assets; and 
lack of place attachment and decay in social fabric (Istanbul Metropolitan 
Municipality [IMM] Department of Cultural Assets Conservation, 2017; 
UNESCO Turkey National Commission, 2009). The big scaled transportation 
and urban transformation projects pose threats on the urban services and the 
unique character of the site (UNESCO, 2006). The addition of the urban 
transformation pressure on the user-derived challenges increases the risk of 
the site of being an urban deprivation area (Turgut and Özden, 2005), and 
excluding from the UNESCO Heritage List (World Heritage Center [WHC], 
2010). The potentials and problems in the area encourage decision-makers to 
revitalize the district. We select the Istanbul Historic Peninsula District due to 
the abundancy of the academic study and planning decisions about the 
revitalization of the site. In this paper, we aim to offer a data-driven decision 
support model to evaluate the planning decisions related with urban vibrancy. 

We examine the vibrancy conditions in Istanbul Historic Peninsula District 
through crowdsourcing the LBSN data to support decisions about active public 
realm. As defined in Springler dictionary (Lee and Yee, 2014), Location Based 
Social Network (LBSN) data is data from locative technologies which range 
from the websites, platforms, applications, to mobile and online services. LBSN 
has been used interchangeably with geosocial data, geospatial data and user 
generated content. We collect big amount of geospatial data (i.e., LBSN data) 
and analyze to retrieve useful information with big data approach. Big data 
concept implies the use high volume of data with high velocity and variety, 
which are 3V characteristics to improve decision making and gain insight 
(Laney, 2001). Urban scholars analyze the user-generated content (UGC) data 
to generate useful knowledge about cities’ functioning and liveability. 
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Crowdsourcing big urban data to support urban decisions has become an urban 
research hotspot. 

In the urban literature, UGC has been widely used to reveal the attraction 
points (Garcia-Palomares et al., 2015), and monitor user movement pattern 
(Girardin et al., 2008). Big data analytics implements data-driven approach for 
knowledge discovery, such as data mining techniques, statistical analysis, 
machine learning and artificial intelligence and Bayesian inferences in urban 
informatics. We adopt big data approach to analyze multiple LBSN sources and 
implement Bayesian inferences for data analysis, which is explained above. 

1.2     Bayesian Belief Network 

Bayesian Belief Network (BBN) is probabilistic models in the form of directed 
acyclic graphs. The directed acyclic diagrams describe the distribution of 
conditional probability for each node. BBN represents a compact model through 
conditional probabilities with the purpose of reasoning under uncertainty 
(HUGIN Expert, 2020). BBN has the capability to explore a meaningful 
relationship network between large set of variables by detecting all direct and 
indirect relations simultaneously (Kemperman and Timmermans, 2014). BBN 
also presents the easiness in calibration and validation of the network with the 
new information update, and therefore, fits to adaptive management concepts 
(McCloskey et al., 2011). Bayesian Belief Network can be constructed with two 
ways: the automated learning algorithms and expert knowledge. The learning 
algorithms relies on conditional independence (CI) and search-and-scoring 
(Lee and Lee, 2012). The search-and-scoring based algorithm selects the 
highest scoring relationship pair whose correlations are calculated by statistical 
tests for BBN formation; while CI-based learning algorithm measures the 
conditional independencies of nodes (variables) (Lee and Lee, 2012). The NPC 
algorithm allows expert to resolve the inconsistencies by selecting the 
relationship pair among the alternatives or decide its direction (HUGIN Expert, 
2020).  

In the urban literature, the BBN has been used to reveal the relationship 
between determinants of mobility satisfaction (Yanık et al., 2017), social 
interaction in living environments (Kemperman and Timmermans, 2014), and 
neighborhoods popularity (Ardıc, Kırdar, Lima, 2020). BBN also allows to expert 
participation to assess alternative scenarios (McCloskey et al., 2011), and 
develop a causal BBN model (Yanık et al., 2017). Among different BBN 
programs the researchers employ HUGIN, which is an acronym of the Handling 
Uncertainty in General Inference Networks. The manual and automated 
construction (using database) of Bayesian models, and data conflict analysis 
are the advantages of the program to be chosen (Madsen et al., 2005). Next 
section dwells on the construction of BBN with learning algorithms using HUGIN 
tool.  
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2      Methodology 

The methodology of the study involves data collection, determination of 
measuring technics of the vibrancy variables within their relational analysis 
based on the conditional dependency. We take advantage of location-based 
social network (LBSN) platforms to gather data about the determinants, and 
utilize different measuring methods to gauge the variables based on the 
references. We employ BBN (Bayesian Belief Network) as knowledge 
discovery tool to uncover the associations between the measures of vibrancy 
in the site. In this way, we can monitor what is the impact of the changing in any 
variables on vibrancy relationship network. Finally, we evaluate the BBN 
network in terms of causality based on the expert participation. 

2.1     Urban Vibrancy Measures 

We utilize different measuring techniques to gauge the vibrancy parameters. 
The entropy-based diversity indices measure the activities diversity, while 
cumulative opportunities measure the accessibility. We utilize a spatial 
statistical method for clustering for visitor density, and photo-user-day (PUD) 
measure to calculate the visitation rate. We employ the Foursquare check-ins, 
Google Places API places, and Flickr image metadata to quantify the user 
density, diversity of activities and visitation rate. The unit of analysis is 
neighborhood in this study.  

This research applies the Google Places API service, as a type of LBSN, 
that gives all descriptive information about the amenities including name, 
addresses, geolocation, function, working hours, the operability (open/close) 
and user rankings. With the use of LBSN data, the analysis scale can be 
narrowed from the land to the buildings. The building scale is the analysis unit 
to quantify activities. We refer to Land-Based Classification Standards 
(American Planning Association [APA], 2001) for the classification of activities: 
accommodation, cultural, dining, leisure (recreational), industrial, official, 
organizational, religious, and shopping activities. 

To quantify the diversity of activities, the entropy-based measuring technic 
has been employed. The diversity indices are adapted from ecology to urban 
studies. The richness, abundance and evenness of the activities have been 
measured with Richness, Simpson and Shannon indexes respectively. 
Richness Index measures the raw number of the types of the species in ecology 
and total type number of the functions in urban studies (Equation 1). Simpson 
Diversity Index (Simpson, 1949) measures density considering the diversity of 
the species, and the concentration level of building functions in the urban 
studies (Equation 2). The closer the value to one, the more concentrated 
(dense) the land-use functions are. Shannon’s Equitability has been used to 
assess the evenness of the abundance in ecology, and the distribution of 
building functions in urban studies (Equation 3).                    
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Di  = D/Dmax                 (1) 

D = 1 − ∑  n(n−1)
N (N!)

                  (2) 

H = −∑ pi lnpi 
p
i=1  𝐸𝐸ℎ  = 𝐻𝐻/𝐻𝐻𝑚𝑚𝑚𝑚𝑚𝑚               (3)               

To measure time diversity, the paper takes the time-span classification (Tan 
and Klassen, 2007) as a baseline referring to Dantzig and Saaty (1973). We 
categorize the operational hours of the amenities according to the time-span 
classification.  We define temporal trend as the average daily working hours of 
the amenities in the neighborhood. The conventional time span denotes that 
places’ average daily working hour is equal and less than 12 hours. The 
extended time span corresponds to the average daily working hours between 
12 and 15 hours, while the extended plus means the 15 or more average daily 
working hours. Accordingly, we calculate the temporal trend of each 
neighborhood and label as conventional, extended or extended plus time span. 

The types of accessibility measures as distance, topological, place, and 
individual measures, as Handy and Niemeier (1997) describe. This study deals 
with a place-based accessibility measuring, cumulative opportunities index. The 
cumulative opportunity index counts the number of opportunities that can be 
reached within a determined travel time or distance, whose equation is 
displayed in Equation 4 (Handy and Niemeier, 1997). The focus is on the 
potential destination numbers to be accessed in the given travel criteria (time 
or distance). The accessibility has been calculated from bus stations to activity 
places (cumulative opportunities). Regarding the proximity and abundance of 
transportation opportunities in the site, the common 5-minutes walking distance 
has been descended into 3 minutes (200-meter radius). The researchers apply 
several data sources to get the transportation points: Google Places API (2021) 
(taxi stands, and parking plots), IBB Open Data (2021) (bus stations), OSM 
provider via OSM Quick Plugin (transit stations). In case of conflict, the study 
prioritizes IBB data, then Google Places API and finally OSM. This prioritization 
stems from the reliability of the data sources; Open IBB Data Platform presents 
official data, while other resources take advantage of crowdsourcing. 

Ai =  ∑ aii f(tij)                                           (4)   

The research measures the visitation rate to cultural landmarks using 
referring to Woods’ study (2013).  Wood and other researchers (2013) develop 
an alternative visitation rate at recreational use, based on the number of user-
days of photographs, taken from Flickr. This method stands for ‘photo-user-
days’ (PUD) measure, and used to predict the number of visits in the recreation 
area. The user-days are the total number of days, when each user takes 
photographs in the specified location (Wood et al., 2013). To calculate this 
index, the number of the unique combinations of the users and locations has 
been counted for each day and then averaged to years to find the mean of 
photo-user-days for place. Wood and other researchers’ (2013) studies argue 
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that there is a reliable statistical relationship between the visitation statistics and 
Flickr user-days. This research applies this method to measure the visitation 
rate to cultural landmarks. The information about cultural landmarks has been 
taken from the Google Places API, the Master Development Plan (Istanbul 
Metropolitan Municipality [IMM] Urban Authority, 2011), and Historic Areas of 
Istanbul Site Directorate (2021).  

To measure the user density, we benefit from visitor check-in number data 
scrapped from Foursquare. Swarm, accompanying app of Foursquare used to 
make check-ins, lists the popular points of interests (POI) in the surroundings. 
The app determines POIs according to the visitor density. We scrapped the 
visitor numbers from Swarm apps in POIs. The POIs involve cultural, dining, 
leisure, accommodation, shopping and institutional activity places. We utilize 
the fishnet-based density clustering method, as a spatial statistic method. We 
create 200x200 m hexagons as a fishnet, then sum the total visitor population 
in each POIs inside the hexagon grid. 

Finally, data about public open spaces (POS) has been collected from the 
Master Development Plans (IMM Urban Authority, 2011), OSM provider (via 
OSM quick plugin), open data platform (Open IBB, 2021), and Google Places 
API (2021). Among the collected data sources, Open IBB data platform has the 
first priority, Google Places results and OSM providers the second, and Master 
Development Plans (IMM Urban Authority, 2011) has the third priority because 
this data source is not up to date. Figure 1 displays the flowchart of calculation 
activity diversity, visitation rate (PUD), and user density respectively. 

2.2     Urban Vibrancy Analysis with BBN  

This research benefits the Bayesian Belief Network's reasoning ability (BBN) to 
uncover the relationship network between the vibrancy measures. We apply for 
a network learning algorithm (Kemperman and Timmermans, 2014) to construct 
a Bayesian network. Among the network learning algorithms (mentioned in 
Section 1.2), we employ Necessary Path Condition (NPC) algorithm, which is 
a subclass of conditional independence-based learning algorithms. We build a 
Bayesian network from the database of urban vibrancy measures. The steps of 
BBN construction through database are as follows:  
• Discretize data manually the measurement of dataset from ratio to interval 

level with two classes according to the mean of dataset;  
• Establish a semi-automated BBN network with NPC learning algorithm; 
• Conduct Kendall’s tau bivariate correlation test as statistical analysis to 

resolve the ambiguous zone in the construction of BBN; 
• Select the applicable relationship based on bivariate correlation results (for 

multiple solutions, select the one with bigger correlation coefficient) to 
eliminate expert bias.  

After the construction of BBN network (Figure 1), the survey benefits to 
clarify the causal relationships in the BBN network. In this survey, the 
participants assess the correlation or causality of the relationship pairs. This 
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assessment provides to develop a causal map. Next section describes the 
results of the vibrancy measures and BBN analysis.  

 
Figure 1. Bayesian Belief Network model (source: Authors). 

3    Results 

3.1    Vibrancy Measures Results in Case Study Area 

This part demonstrates the results of vibrancy measures in Istanbul Historical 
Peninsula. The commercial activities have an overwhelming majority (81%) with 
shopping (50.3%), dining (24%), accommodation (8.9%), office (4.2%) and 
manufacturing (2.5%) activities. The facilities (5.4%), cultural (2.17%), religious 
(2.4%), and leisure (0.9%) activities have minority. The numbers show that the 
high dominance of commercial activities should be balanced with the increase 
of leisure and cultural activities to increase the vibrancy. In terms of activity 
diversity indices, the site has very high level of activity richness (0.88 on 
average), high level of activity density (0.64 on average), and moderate level of 
equal distribution (0.58 on average).  Over the half of the (42%) neighborhoods 
are saturated in terms of activity types, but different activity types should spread 
equally for balanced mix-use.  

The temporal diversity of the activity places is satisfactory according to the 
results. The activity places for which time information is available are 
approximately 65%. Among them, the majority of organizational and 
institutional activities (23.3%) operate in conventional time span, the shopping 
and dining activities (25.3%) in the extended time span, and accommodational 
and leisure activities (13.4%) in extended plus time span. In terms of user rating 
of place, over one-third of activity places’ rate is at moderate, and other two-
third is at high level (3 and higher). The amount of public open space (POS) is 
insufficient comparing the magnitude of building density and functions, with the 
average of 2 POS per neighborhood. The majority of the neighborhoods (80%), 
has high level of accessibility to opportunities with three-minutes walking. One 
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third (33.3%) of the Peninsula is inside the border of the World Heritage Sites 
(WHS) and therefore, the site embraces 185 cultural landmarks. The historical 
urban landscape seems to be the main motivation to attracts visitors with 
commercial and touristic activities based on visitor clusters. The visitation rate 
is higher in weekdays (67%) than weekend (33%) and daytime (77%) than 
nighttime (23%) based on the Flickr PUD results. The visitor density is clustered 
in cultural and commercial zones according to check-in numbers of visitors. We 
evaluate the results of vibrancy measures on neighborhood scale, as displayed 
in Figure 2. Based on the results, Sultanahmet and Eminonu districts are 
saturated with activities, cultural landmarks’ visitations and visitor density. They 
have high level of activity density and diversity, accessibility, POIs with high 
density and cultural landmarks. Cankurtaran seems to be the most vibrant place 
in Historical Peninsula, since this neighborhood has high values in most of the 
vibrancy measures whose percentage is 90 percent. 

 
Figure 2. The spatial distribution of vibrancy variables (source: Authors). 

3.2     Bayesian Network (BBN) Results of Vibrancy Measures   

We evaluate the BBN analysis results in two parts: through the Bayesian 
network model and conditional probability table (CPT).   Based on the BBN 
model, displayed in Figure 1, the user density has direct relationship with public 
open space, place rate, activity diversity, landmarks’ visitation rate cultural 
attributes, and accessibility; indirect relationship with time diversity, activity 
diversity and density. There is strong relation between time diversity and activity 
density, activity density and diversity with activity equal distribution and 
accessibility based on the mutual information results.  

The conditional probability table (CPT) is generated based on the 
constructed Bayesian Network model (Figure 2), as displayed in Table 1. Table 
1 shows the updated in probabilities in dependent variable (user density) if the 
condition of an independent variable has been set at 100%. For instance, if the 
probability of POS amount of being low is set to 100%, then the probability of 
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user density of being low increases by 8%. Based on the updates in CPT tables, 
the visitation rate to landmarks has the strongest effect on user density with 
24% change, while the cultural heritage the second with 17% change, place 
rate and activity diversity moderate effect 15% and 12% change and the 
accessibility and public open spaces (POS) have the weakest effect on user 
density with 9% change in user density probability.  

According to BBN analysis results, we deduce that increasing the attraction 
of cultural landmarks are crucial to attract visitors. The public open spaces 
should be also increased as the visitors cluster around the POS. Diversifying 
dense of activity with equally distributed and spreading the operating time of 
activities also act important role for user density. The results support the 
importance of spreading the activities to different daytime and places, creating 
intense urban pattern saturated with dense and diverse activities, and the 
quality and attractiveness of the public open spaces for successful urban 
quarters as Jacobs (1961) and Montgomery (1998) emphasize. 

Table 1. The conditional probability table with updated probabilities (in %). 

 
Variables 

 Visitor density in POIs 

 initial low high 

PUD CH 
landmark 

Low 
High 

56.63 
46.37 

63.82 
26.91 

36.18 
70.08 

CH density Low  
High 

56.63 
46.37 

66.57 
36.08 

34.43 
63.91 

Accessibility Low  
High 

56.63 
46.37 

69.51 
44.52 

30.49 
55.48 

Activity 
diversity 

Low  
High 

56.63 
46.37 

68.83 
49.67 

31.17 
50.33 

Place rate 
(likeability) 

Low  
High 

56.63 
46.37 

71.04 
49.1 

28.96 
50.9 

Public Open 
Space 

Low  
High 

56.63 
46.37 

65.38 
41.74 

34.62 
56.26 

Source: Authors. 
 

We conduct a survey study to assess the causality and correlation in the 
relationship between variables. The survey was implemented to a small sample 
consisting of six researchers who have engaged in urban studies in their master 
(28.57%) or doctorate education (71.43%). In the survey, we request the 
participants to compare the causality and correlation in a pairwise relationship 
matrix. Figure 3 demonstrates the results of participants’ evaluation. The 
percentage of being causal (N) or correlational (K) relationship is written in the 
cells, based on participants selection. Regarding the majority rate of the 
responses, the relational network has been assessed according to causality 
and correlation. Figure 4 describes the causal map of urban vibrancy variables.  
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This evaluation answers the question of to what extend the Bayesian Network 
indicates the causal relationships. Accordingly, 85% of the BBN associations 
have been found causal and 15% are correlational. We expect that the causal 
map supports urban decision-makers to vitalize neighborhoods in cultural site.   

 

 
Figure 3. The pairwise relationship comparison table results (source: Authors). 

 
Figure 4. The Bayesian Network (source: Authors). 

4      Conclusion 

In this study we conduct exploratory data analysis supported by participation to 
support urban vibrancy decisions. We collect the evidences about what makes 
a place more vibrant to determine the gauges of vibrancy. We apply BBN 
analysis to reveal the relationship network between the measures, and then 
specify the causal relationships based on the expert participation. The results 
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of the study would be useful for urban planners in terms of creating vibrant 
neighborhoods that attract more visitors. Urban planners can take into 
consideration the visitor and activity related parameters in planning decisions; 
in this way, the planning decision-making process has potential to be more 
inclusive by involving the user related factors. On the other hand, the small 
sampling size, with 33 neighborhood cases, is the main limitation of the study. 
In the furtherance of the study, we plan to expand the data sample by changing 
the analysis scale from neighborhood to grid scale with grid nets. As another 
limitation, the limited number of participants generate small sampling size. 
Increasing the survey data sample is also another point to be considered in the 
further studies. The contribution of this study to the existing evidence based 
urban analyses is presenting different perspective with BBN based knowledge 
discovery process and including expert participation. We believe that it is 
important to monitor the complex relationships between variables, and observe 
the consequences of the decisions on variables’ relationship network for 
effective decision making. The method of the study is useful to reveal the 
complex relationships of urban dynamics. The expert participation is helpful to 
justify the associations found by BBN and evaluate their causality. The study 
has potential to be used to evaluate urban development scenarios with holistic 
view through participatory Bayesian reasoning approach.  
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