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Abstract 

 

This thesis examines the economic effects of Business Improvement Districts (BIDs) on 

commercial property rents and vacancy rates in the Netherlands. BIDs levy an obligatory tax 

on businesses, directing the proceeds toward local public goods within the district. Employing 

a difference-in-differences approach and hedonic price analysis, the baseline model compares 

rent and vacancy fluctuations between BID districts and those without BIDs. To address 

potential non-random selection, four alternative comparison area models are employed 

comprising districts that voted but did not achieve the required two-thirds majority for BID 

implementation, districts that used to be BIDs but that subsequently lost BID status, districts 

between 500m and 2000m from BIDs, and a combination of these three. Analyses are 

conducted for 79 industrial and 199 shopping BIDs, revealing industrial BIDs correlate with 

rent increases of 19% to 34%, while shopping BIDs are linked to rent increases of 2% to 15%. 

Shopping BIDs correlate with vacancy rate increases of 0.0005 to 0.011 percentage points, a 

positive impact of 0.0079 percentage points on frictional vacancy rates, and no meaningful 

impact on structural vacancy rates. 
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1 Introduction 

Rents and vacancy rates influence the retail and industrial real estate sectors considerably. 

Higher rents can be an advantage for property owners and investors, but may burden tenants, 

particularly small businesses. However, lower rents also have the potential to improve market 

stability by attracting a diverse range of tenants (Sivitanides, 1997). Vacancy rates indicate the 

equilibrium between property supply and demand, impacting property values and serve as 

economic indicators. Low vacancy rates instill investor confidence and support local 

businesses, while high vacancy rates pose challenges for existing establishments (Sivitanides, 

1997). Both rents and vacancy rates play essential roles in the dynamics of real estate markets. 

 

This thesis examines the impacts of Business Improvement Districts (BIDs) on rents and 

vacancy rates of retail and industrial real estate in the Netherlands. BIDs represent a policy 

approach that aims to optimize the provision of public goods within a municipality. A BID is 

referred to in Dutch as a ‘bedrijven investeringzone’. In a BID, firms contribute an additional 

mandatory tax, which is then invested in local public goods specific to the district. The primary 

objective of BIDs is to facilitate the provision of local public goods by overcoming free-rider 

behavior through mandatory contributions from all participating firms (Briffault, 1999). 

Examples of local public goods that can be financed through the BID tax include security 

facilities, well-maintained public spaces, road signage, parking facilities, public events, and 

district branding. 

 

The empirical portion of this thesis employs a difference-in-difference method to measure the 

economic impacts of BIDs. Specifically, it compares commercial property rents in districts that 

have implemented a BID with those in districts that have not, using hedonic price analyses. 

The thesis also compares vacancy rates, in the same way, using linear probability panel data 

models with fixed effects. Commercial property rents are chosen as the primary measure since 

they are expected to capture most of the impacts of BIDs. As BID investments are funded by 

companies within the district, their focus on maximizing impacts within the district is likely to 

be reflected in higher attractiveness and absorbed into rents. Vacancy rates are also chosen as 

they may capture subtleties that are potentially missed when analyzing only rents. While rents 

indicate the price level of occupied properties, vacancy rates provide crucial information about 

the overall health and demand-supply dynamics of the real estate market. They offer insights 

into the level of market absorption, liquidity, and property turnover, and they serve as valuable 

economic indicators for both investors and policymakers (Sivitanides, 1997). I use data from 

districts that voted to establish a BID but did not reach the required majority to allow for 

additional controls to account for the non-random selection of BIDs. I also use data from other 

comparative districts to bolster and confirm insights. 

 

The baseline models utilize all commercial property transactions and vacancies outside of BIDs 

as a control group. In the second models, comparisons are made using commercial property 

transactions and vacancy rates in districts that voted to become BIDs but failed to reach the 

required two-thirds majority. Next, in the third models, comparisons are made between 

commercial property transactions and vacancy rates within BIDs and in areas that used to be 
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BIDs but that are not anymore. Then, in the fourth models, comparisons are made between 

BIDs and areas between 500 and 2000 meters from BIDs. Lastly, in the fifth models, all the 

observations in the alternative comparison areas are combined. I also explore the impacts of 

BIDs on structural and frictional vacancy rates, and I explore heterogeneity on vacancies in 

cities in the Netherlands.  

 

The contribution of this thesis to the literature is that of an up-to-date quantitative analysis of 

the impacts of BIDs in the Netherlands on both rents and vacancy rates.  

 

The structure of this thesis is as follows: first a literature review is conducted, then the research 

hypothesis is developed, this is followed by a discussion of BIDs and the commercial property 

market in the Netherlands, a discussion on the data used, a discussion of the methodology used, 

a review of  the results, and finally, the conclusion. 

2 The impacts of BIDs: a literature review 

2.1 Economic theory 

 

Benefits of BIDs 

 

The primary objective of BIDs is to facilitate the provision of local public goods by overcoming 

free-rider behavior through mandatory contributions from all participating firms.  

 

Local public goods are goods or services that are non-excludable and non-rivalrous, meaning 

they are available to all members of the community and one person's consumption of the good 

does not diminish its availability to others (Stiglitz, 1977). As a result of this, it is challenging 

to prevent people from benefiting from them and their consumption not affecting others' access. 

This characteristic often leads to free-rider behavior, where individuals or firms benefit from 

the public good without contributing to its provision. Due to this, public goods are typically 

provided by the government, which adjusts the level of provision and corresponding tax based 

on taxpayers' demand. 

The challenge arises from differing demand for public goods among taxpayers and firms. It is 

not always clear whether the government should customize the provision to those with the 

lowest, median, or average demand (Samuelson, 1954). Choosing one level may not be optimal 

for all, resulting in suboptimal outcomes for those with higher or lower demand. 

The minimization of welfare loss caused by public goods has been a subject of policy 

discussions. Tiebout (1956) proposed differentiating tax levels among municipalities, allowing 

people to sort into areas providing their preferred level of public goods. A similar sorting 

mechanism could also occur at the firm level. However, critics argue that this tax differentiation 

might lead to the segregation of rich and poor households and firms among municipalities, 
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potentially leading to inadequate public goods provision in economically disadvantaged areas. 

This highlights the complexity of addressing welfare loss in public goods provision. 

 

Drawing on insights from Kudla (2022), BIDs can therein be seen as a policy response to enable 

sorting at the firm level and to minimize welfare loss. BIDs and local public goods are related 

in various ways. BIDs are primarily a mechanism for funding and delivering local public goods. 

The additional taxes or assessments collected from property owners within the BID are used to 

finance various improvements and services that benefit the community as a whole. BIDs focus 

on enhancing the overall business environment and quality of life within a specific area. These 

improvements are available to all individuals and businesses within the BID boundaries, in 

alignment with the definition of public goods. By pooling resources through the BID, property 

owners can collectively invest in projects that may not have been feasible for individual 

businesses or the local government to undertake alone. By financing local public goods through 

the BID, stakeholders can work collaboratively to create a more attractive, vibrant, and 

economically viable neighborhood, thereby exemplifying collective action. While local 

governments are responsible for providing essential public services, BIDs can focus on specific 

enhancements tailored to the unique needs of the district, fostering a more tailored and 

responsive approach to community development.  

 

Some examples of local public goods that can be financed through a BID tax are discussed by 

Park (2021). BIDs often allocate funds to improve the physical appearance and functionality 

of streets and public spaces within the district. This may include street furniture installations 

(e.g., benches and bins), pavement repairs, street lighting upgrades, landscaping, and 

beautification efforts. BIDs can finance initiatives aimed at enhancing safety and security 

within the district. This could involve hiring security guards, installing surveillance cameras, 

implementing crime prevention programs, or collaborating with local police. BIDs frequently 

allocate funds to promote the district and attract visitors and customers. Marketing efforts may 

include advertising campaigns, events organization, website development, and social media 

promotion to raise the district's profile. Also, BIDs can finance initiatives that stimulate 

economic growth and development within the district. This can include business attraction and 

retention programs, providing grants or loans to support local businesses, and offering technical 

assistance and training to entrepreneurs. BIDs can allocate funds for maintenance and cleaning 

efforts in the area. This can involve the general upkeep of public spaces. street cleaning, graffiti 

removal, and rubbish collection. BIDs can invest in transportation-related projects to improve 

access and mobility within the district. This could include parking management programs, 

bicycle lanes, pedestrian improvements or shuttle services. BIDs can also support public art 

installations and cultural events to enrich the district's cultural environment and attract visitors. 

Some BIDs allocate funds to support environmentally sustainable initiatives, such as energy-

efficient lighting installations, waste reduction programs, and green infrastructure projects. 

There is a myriad of other examples of what BIDs can help bring to fruition. 

 

In addition to providing local public goods, BIDs can also stimulate the exploitation of 

agglomeration economies in a district. Agglomeration economies refer to the productivity gains 
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that arise from firms locating near one another, and they play a significant role in explaining 

why firms cluster spatially (Rosenthal and Strange, 2004).  

 

Duranton and Puga (2004) propose three mechanisms for agglomeration economies: sharing, 

matching, and learning. The first mechanism, sharing, involves the sharing of indivisible goods 

or facilities, sharing the gains from variety and individual specialization, and sharing 

customers. Indivisible goods and facilities, such as public spaces and security facilities, can be 

shared among nearby firms, leading to increasing returns to scale. Sharing the benefits of 

variety and individual specialization relates to input-output relationships, where firms can use 

each other's outputs as inputs, reducing transport costs and potentially resulting in economies 

of scale. Customer sharing is particularly relevant for shopping districts, as customers benefit 

from having a variety of shops located close together, enjoying advantages of scale and scope 

(Claycombe, 1991). 

 

The second mechanism of matching pertains to the labor market, where a concentration of 

firms and people increase the likelihood of finding suitable matches between employers and 

employees. The impact of BIDs on the labor market can vary depending on the specific 

characteristics of the district, the strategies implemented, and the broader economic and social 

context. Additionally, the extent of BID influence on the labor market may be influenced by 

the size of the BID, local government support, and the level of community engagement in the 

BID's activities (Elmedni et al., 2018). However, BIDs are not government entities and, 

therefore, lack the authority and resources to engage in labor market interventions. Labor 

market matching and employment-related policies are typically the purview of government 

agencies and workforce development organizations. The interrelation of BIDs and the labor 

market is not the focus of this thesis although it is a potential topic for further research. 

 

The final mechanism, learning, involves the exchange of knowledge among employees of 

nearby firms, leading to improved efficiency. BIDs may facilitate the learning mechanism 

through meetings and events where knowledge is shared. However, in the case of Dutch BIDs 

the impact on learning is expected to be generally small. Most firms in Dutch BIDs are not 

highly knowledge-intensive, as indicated by a qualitative evaluation conducted by Berndsen et 

al. (2012). Consequently, the learning impact of BIDs is unlikely to significantly benefit these 

firms. This presumption is supported by the absence of learning-related impacts mentioned in 

Berndsen et al.'s evaluation, which involved interviews with BID firms. 

 

The relevance of agglomeration economies for rents and vacancies (the focal points of this 

thesis) lies in the economic dynamics created by clustering businesses and amenities within the 

BID area. As businesses and individuals are attracted to the agglomeration benefits provided 

by BIDs, demand for commercial space within the district increases. This increased demand 

can drive up rents as property owners seek to capitalize on the appeal of the area. Higher rents 

are reflective of the desirability of the location and the potential for businesses to benefit from 

agglomeration economies (Duranton and Puga, 2004). Agglomeration economies can also 

contribute to lower vacancy rates in BID areas. The concentration of businesses and amenities 

within the district makes it an attractive location for businesses and customers, reducing the 
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likelihood of vacant commercial spaces. The appeal of the BID area can lead to a competitive 

market for rental spaces, reducing the time properties remain vacant. 

 

Agglomeration benefits within a business district are often not fully exploited due to a lack of 

information exchange and coordination among firms. Firms may be unaware of their shared 

demand for goods and facilities or lack knowledge about each other's products and services 

(Duranton and Puga, 2004). Moreover, even if firms possess information about potential 

agglomeration economies, the necessary coordination may be lacking. Coordination is required 

for tasks such as providing indivisible goods and facilities, optimizing customer sharing, and 

organizing business meetings. 

 

A BID can enhance the exploitation of agglomeration benefits by stimulating information 

exchange and providing coordination. Information exchange among firms is facilitated by the 

requirement for firms to vote on the establishment of a BID. Initiators of the BID must persuade 

other firms to support it, fostering contact and information sharing. The BID association serves 

as a platform for further information exchange, enabling firm owners to share information and 

facilitating communication between firms and the municipality (Berndsen et al., 2012). 

Additionally, the obligatory BID tax may incentivize previously uninvolved firm owners to 

become engaged in the business district. Coordination is primarily managed by the BID 

association, which considers the interests of all firms in the district and allocates a budget for 

coordination costs. These costs may include expenses related to meetings, consultancy, and 

legal matters. 

 

While the mandatory contributions may provide the necessary funding for public goods, they 

also impose financial obligations on participating firms. Therefore, the net welfare effects of 

BIDs should be evaluated by considering the balance between the benefits derived from 

improved public good provision and the costs borne by businesses. 

 

Costs of BIDs 

 

The long-term viability of a BID (i.e., the benefits of the BID outweighing the costs in the long 

term) suggests that the benefits of the BID generally outweigh its costs. If a BID becomes 

unprofitable, firms can vote for its discontinuation (Berndsen et al., 2012). However, it should 

be noted that not every individual firm may reap greater benefits than the BID tax they 

contribute. Nevertheless, most firms should experience positive impacts to justify the 

continuation of the BID. Consequently, one would expect BIDs to have favorable economic 

effects, potentially leading to increased commercial property rents and lower vacancy rates in 

the district. 

 

However, this expectation may not always hold true due to the exclusion of incoming firms 

from the voting process. Only existing firms within the district are eligible to vote, which may 

deter incoming firms from locating in the district. This reduced demand for commercial 

property could result in lower rents or higher vacancy rates. Incoming firms may hesitate to 

participate in a BID due to the elimination of free rider behavior. Additionally, a relatively 
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large portion of incoming firms may consist of chain shops, which typically have reservations 

regarding BIDs, as will be further discussed later in this thesis. The following section will 

explore previous research that has investigated the impacts of BIDs. 

2.2 Past literature 

The first BIDs were established in Canada and the USA during the 1970s in response to the 

declining provision of local public goods in inner cities caused by population decline. 

Remaining local firms collectively decided to revitalize their districts through the 

implementation of BIDs. Since then, the number of BIDs has gradually increased; by 2010, 

there were over a thousand estimated BIDs in the USA, and BIDs have been implemented in 

other countries such as Germany, the United Kingdom, Albania, South Africa, and the 

Netherlands. 

 

Ellen et al. (2007) provided evidence on the impact of BIDs on commercial real estate values 

in New York City, taking an important first step in understanding the effects of these growing 

sub-city governments. Ellen et al. (2007) assessed the effects of 44 BIDs between 1976 and 

2002. The study employed hedonic regression models to analyze the relationship between 

properties’ sales prices and their structural characteristics, as well as their locations within 

neighborhoods. The study used a difference-in-difference approach to measure the impact of 

BIDs, comparing the price difference between BID and non-BID districts over time and 

examining whether this change was associated with the BID designation. The study also 

evaluated robustness by comparing the changes in property value of BIDs that were at that time 

recently established with those of BIDs that were to be established in the near future. The 

results indicated a significant positive impact of 17%, with notable variations among the 

different types of BIDs. Large BIDs and BIDs that were primarily composed of office space 

had large positive effects, while small BIDs and BIDs that included mostly shopping and 

industrial space had little impact.  

 

Moving away from the US to the European case; according to Michel and Stein (2014), 

Business Improvement Districts (BIDs) in Germany and Europe in general tend to be smaller 

in scale and resources compared to those in countries such as South Africa or the United States. 

Michel and Stein (2014) found that BIDs in Hamburg, Germany have had a significant 

influence on public policy through their role as a lobbying tool for property owners and 

business interests. Due to their legal authorization to participate in decision-making processes, 

BIDs are considered important representatives of their respective locations. Interestingly, there 

does not appear to be any empirical research on the economic impacts of BIDs in Germany. 

The same goes for countries in Scandinavia, in southern Europe and Eastern Europe. Certainly, 

there has been limited empirical research on the effects of place-based policies on firm 

productivity in Europe and the world in general. This seems to be a general shortcoming in the 

literature.  

 

Another general shortcoming in the literature is that most quantitative studies on BIDs have 

primarily focused on their impacts on crime rates rather than their economic effects. Hoyt 
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(2005) found that BIDs have significantly lower crime levels. However, a limitation of this 

research is the lack of control for potential selection biases. Business districts that opt into BIDs 

may differ from those that do not. Brooks (2008) successfully addressed this issue in her study 

on BID impacts on crime in Los Angeles. Using three estimation techniques, she observed 

significant crime declines of 5-9%. Brooks employed a neighborhood fixed-effects approach, 

propensity score matching based on pre-BID conditions, and comparisons with neighboring 

areas. Additionally, she examined the BID budget spent on reducing violent crime and found 

it to be at least 40% lower than the social cost of such crimes. Cook and MacDonald (2011) 

also investigated the social benefits of BID security expenditures in 30 Los Angeles BIDs. 

They measured crime counts and used the timing of BID adoption as an identification strategy. 

Although assuming random timing of BID adoption is arbitrary, Cook and MacDonald found 

that the social benefits of BID security expenditures were a large multiple (around 20) of 

private expenditures. They did not find evidence of spatial spillovers. These studies contribute 

valuable insights into the social benefits of BID investments in crime reduction, although 

further research is needed to fully understand their economic impacts. 

 

De Vries (2016) investigated the economic impacts of retail and industrial BIDs in the 

Netherlands by looking at their effects on shopping and industrial rents (measures of 

productivity), respectively. De Vries (2016) baseline model used a difference-in-difference 

approach and a hedonic price analysis to compare rents in areas that had become BIDs with 

rents in areas outside of BIDs. De Vries’ (2016) second model controlled for the possibility 

that BIDs are non-randomly selected by using an alternative comparison area: districts that 

voted to become a BID but that had not become a BID due to not achieving the required two-

thirds majority of votes (from all the firms in the district). De Vries’ (2016) third model 

employed a Regression Discontinuity Design using voting percentages. Only those districts 

with voting outcomes between 56.7% and 76.7% were used. The results indicated that 

industrial BIDs increase rents by 3% to 10% and shopping BIDs decrease BIDs by 3% to 12%. 

This second finding is strange as logically one would expect the opposite; shopping BIDs 

should increase rents due to the heightened attractiveness of the area. De Vries (2016) observed 

that this could have been because the rents of shops were adjusting to a new, lower equilibrium 

and also provides several other potential explanations, although is inconclusive about them. A 

potential endogeneity issue here is that the decrease in shopping rents may not have been 

caused by the negative impact of BIDs but by the delayed impact of the 2008 economic 

downturn that instigated the start of the BID program. It must be noted that this research was 

in lieu of a master’s thesis and cannot be relied upon as one could with peer-reviewed research. 

Nevertheless, it seems to be the only empirical study directed at assessing the economic impacts 

of BIDs in the Netherlands. 

 

In the literature on BIDs, a trend has emerged: the use of a difference-in-difference analysis 

approach is common. Poulhès (2015) observes that there is a common endogeneity problem 

when assessing “special economic zones”: real estate within these zones is likely to be different 

from real estate in the surrounding areas. The difference-in-difference econometric method 

attempts to solve this endogeneity problem by comparing the dependent variable(s) (such as 
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rents or prices) before and after the policy was implemented within the treated zones and non-

treated zones. 

 

In conclusion, the literature on the economic impacts of BIDs provides valuable insights into 

their effectiveness and the consequences arising from their implementation, in turn helping 

policymakers, urban planners, and stakeholders make informed decisions regarding their 

implementation and management in various settings. The methodology and findings of Ellen 

et al. (2007) provide the best theoretical basis for this thesis. De Vries (2016) provides the 

starting point for this thesis. 

2.3 Hypothesis 

Drawing on both theoretical and empirical literature, I anticipate that Dutch BIDs will yield 

positive economic outcomes. Empirical studies conducted in the USA have demonstrated that 

the establishment of BIDs leads to a reduction in crime rates and an increase in commercial 

property rents. Additionally, qualitative research conducted by Berndsen et al. (2012) indicates 

that most firms perceive the Dutch BID law favorably. This aligns with logical reasoning since 

BIDs operate on democratic principles, implying that firms would not lend their support if the 

costs outweighed the benefits. 

 

I anticipate that the impact on property rents in Dutch BIDs will be smaller compared to the 

+17% on property values reported by Ellen et al. (2007) in their study conducted in New York 

City. There are two primary reasons for this expectation.  

 

Firstly, institutional differences between the USA and the Netherlands are significant. As 

highlighted by Menger et al. (2005), the level of taxation and provision of local public goods 

is generally higher in the Netherlands compared to the USA. Consequently, the gap between 

the optimal and actual provision of local public goods is smaller in the Netherlands, limiting 

the potential for significant improvement and positive impact.  

 

Secondly, the types of BIDs also play a role in determining their impact. Ellen et al. (2007) 

found that larger BIDs and those predominantly composed of office space tend to have larger 

positive impacts, whereas smaller BIDs consisting primarily of shopping and industrial spaces 

have limited impact. Given that Dutch BIDs mainly comprise shopping and industrial spaces, 

it is reasonable to expect their impacts to be less pronounced than the average New York BID.  

 

Considering the institutional disparities and the composition of BIDs, it is therefore likely that 

the impact on property rents in Dutch BIDs will be relatively smaller compared to those 

observed on property values in the New York context. 

 

Based on the findings of Ellen et al. (2007) and Berndsen et al. (2012), I have opted to conduct 

separate analyses for industrial BIDs and shopping BIDs. These studies highlight distinct 

impacts and differences in focus between the two types of BIDs. 
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Ellen et al. (2007) demonstrate that different BID types yield varying impacts. Additionally, 

Berndsen et al. (2012) observe a notable difference in priorities between industrial BIDs and 

shopping BIDs in the Netherlands. Industrial BIDs primarily allocate their budget towards park 

management, which prioritizes creating a safe and clean business environment. On the other 

hand, shopping BIDs concentrate on attracting more customers to the district through event 

investments and enhancing public spaces. 

 

Given the anticipated heterogeneity in impacts and the differing emphases of these two BID 

types, I conduct separate regression analyses to measure the effects of industrial BIDs and 

shopping BIDs. 

 

Taking into consideration De Vries’s (2016) findings, I expect the effects of industrial BIDs 

on rents to be in a similar range (3 to 10%). However, I do not expect that shopping BIDS 

decrease rents as De Vries (2016) found. I expect that there will be positive impacts for rents 

and negative impacts for vacancy rates (lower vacancies). 

 

I expect retail units within shopping BIDs to experience lower vacancy rates (both frictional 

and structural) than non-BID retail units. In other words, a negative impact. 

 

Lastly, I expect there may be a negative impact in rents during and after the Covid-19 pandemic 

period (2020 onwards), specifically for retail units in shopping BIDs. 
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3 BIDs in the Netherlands 

 

This chapter explores the BID law and the Dutch commercial property market. It discusses 

factors influencing regression results, data sources, and data cleaning methods. It presents 

transaction characteristics of BIDs (the treatment group) and two control groups. Regression 

analysis examines BIDs' impact on property market indicators. 

3.1 The experimental BID law 

 

The Dutch Experimental BID law, known as the 'Experimentenwet BI zones', was implemented 

in 2009. The government introduced this experiment in response to the need for financing the 

increasing number of district management initiatives and the positive reception of BIDs in other 

countries (Berndsen et al., 2012). To evaluate the effectiveness of the law before making it 

permanent, it was designed as an experimental measure. Consequently, BIDs were only 

allowed to commence on January 1st in the years 2010, 2011, and 2012. The law explicitly 

prohibited the establishment of BIDs in 2013 and 2014 to provide a dedicated evaluation 

period. In 2015, the law was made permanent, leading to a significant surge in the number of 

BIDs. For this research, data is available for BIDs initiated between 2010 and 2019, covering 

the period when the experimental law was in effect and the period after the law became 

permanent. As tracking data for BIDs established in 2020 onwards is unavailable (the owner 

of this data did not agree to share it), the focus of this study is limited to BIZs established up 

until the end of 2019 (but goes beyond 2019 to the present regarding commercial property 

transaction and vacancy data). 

 

In order to maintain the private and voluntary nature of BIDs, a voting process is required prior 

to their implementation. In the Netherlands, BID voting is regulated by the following 

guidelines: Each firm within the BID district is granted one vote. The BID can proceed if three 

conditions are met. Firstly, more than half of the firms in the district must cast their votes. 

Secondly, at least two-thirds of the votes cast must be in favor of the BID. Thirdly, the total 

building values (WOZ-waarden) of the firms voting in favor of the BID must exceed the 

building values of the firms voting against it (Ministerie van Justitie, 2009). 

 

According to the Dutch BID law, BIDs are obligated to hold a vote at least every five years to 

ensure accountability and incentivize the BID organization to deliver results. De Vries (2016) 

analyzed a limited period, and all BIDs included in the study were in their first term, and the 

concept of re-elections did not apply (Berndsen et al., 2012). However, now data are available 

up until the present moment in 2023 and many BIDs have gone through 1 or more re-elections, 

the latest ones being in 2022 and 2023.  

 

The height and structure of the BID tax can vary among different BIDs. Some BIDs implement 

a uniform, fixed tax for all firms, while others have fixed taxes that differ based on the type of 

firm. Alternatively, taxes can be based on the building value (WOZ-waarde), with the 
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percentage also adjustable per type of firm. It should be noted that the tax is always paid by the 

property user, except when the property is vacant, in which case the owner is responsible for 

payment (Ministerie van Justitie, 2009). 

 

The collected taxes are administered by a BID association, led by firms from the district. The 

municipality collects the BID tax and returns it to the BID association. Although the 

municipality is allowed to deduct tax collection costs, it is more common in practice for the 

municipality to provide a small additional subsidy to the BID association. However, detailed 

information regarding these subsidies is lacking (Berndsen et al., 2012). While these subsidies 

may affect rents positively, they will be considered because of the BID and not controlled for 

in the analysis. 

 

Table 1: Number of BIDS in the Netherlands 

 Shopping BIDs Industrial BIDs Total 

Started 199 79 278 

Not started (a) 8 12 20 

Ended (b) 8 12 20 

Source: Buisman (2023) 

(a) Districts that never became BIDs because they fell short of the required voting majority. 

(b) Districts that were once BIDs but have since lost BID status. 

 

During the analysis period (2010 to 2019), a total of 278 BIDs were established, consisting of 

199 shopping BIDs and 79 industrial BIDs, as indicated in Table 1. Additionally, there were 

20 (included in the analysis) districts that conducted a voting process but failed to secure the 

necessary two-thirds majority, thus not becoming BIDs. Berndsen et al. (2012) identified 

several common characteristics of BIDs, which will be discussed separately for industrial and 

shopping BIDs. 

 

104 BIDs were started between the beginning of 2020 and the present. 278 BIDs were started 

in the 10 years between 2010 to 2019, which is an average of 27.8 BIDs started per year. In the 

3.5 years from 2020, 104 BIDs were started which is an average of 29.7 BIDs started per year. 

Thus, the trend for BID establishment has remained fairly stable - i.e., it has not decreased or 

increased significantly since the pandemic.  

 

In the case of industrial BIDs, a significant portion of the BID revenues is typically allocated 

to park management. Park management activities, such as collective security, road signage, and 

public space maintenance, are commonly outsourced to external firms. In newly developed 

industrial districts, the contributions for park management are often included in the rental 

contracts, eliminating the need for separate BIDs. As a result, industrial BIDs tend to be more 

prevalent in older and poorer districts. While specific data regarding the exact height of the 

BID tax are not available, it typically ranges between 300 and 1500 euros per year, often based 

on the property value. 
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Shopping BIDs allocate their BID tax revenues in diverse ways. Many shopping BIDs 

primarily focus on organizing events to attract customers to the district, while others prioritize 

upgrading and maintaining the public space. Interestingly, a significant number of shopping 

BIDs already had some form of firm cooperation before the BID was established. In these 

cases, the BID served to enforce cooperation and address issues related to free rider behavior. 

 

An intriguing point highlighted by Berndsen et al. is that chain stores often vote against BIDs. 

This can be attributed partly to the fact that chains already engage in national advertising, 

making the shared marketing activities of a BID less valuable to them. Additionally, high-up 

chain management often lacks a comprehensive understanding of local BIDs, leading to a 

reluctance to contribute financially. In shopping districts, the BID tax is typically a fixed 

amount, approximately 300 euros. 

3.2 The Dutch commercial property market 

 

Commercial property rents and vacancy rates are used to evaluate the economic impact of 

BIDs. Rents and vacancies are important indicators of the health and attractiveness of a district 

and can provide insights into the effectiveness of BID initiatives.  

 

Rents in the BID area can indicate the demand for commercial and retail spaces. If BID 

initiatives have been successful in improving the district's attractiveness, businesses may be 

willing to pay higher rents to locate there (Sivitanides, 1997). An increase in rents suggests that 

the BID's efforts in enhancing the business environment and amenities have positively 

influenced the real estate market. 

 

Vacancy rates reflect the proportion of empty commercial or retail spaces in the BID area. 

Lower vacancy rates suggest a vibrant and active business environment, with a high demand 

for properties (Sivitanides, 1997). A decrease in vacancies may indicate that the BID's 

marketing, safety, and infrastructure improvements have contributed to attracting businesses 

and reducing the number of unoccupied properties. 

 

A positive economic impact occurs when the value of BID services outweighs the costs of the 

BID tax (Ellen et al., 2007). To accurately measure the true impacts of BIDs, it is crucial that 

the idiosyncrasies of the Dutch commercial property market are taken into account. The 

following paragraphs explore the characteristics of the Dutch commercial property market and 

assess if they may affect the analysis. Since the industrial and retail property markets in the 

Netherlands differ significantly, they are discussed separately. 

 

A study by Krabben et al. (2015) identifies four significant market failures in the Dutch 

industrial property market. The first issue relates to the decline of some industrial districts due 

to unpriced externalities, which is unlikely to impact price formation or hinder the research 

outcomes. The second problem is an oversupply of industrial districts resulting from inelastic 



14 

price response and unpriced externalities. Unpriced externalities refer to the economic concept 

where certain costs or benefits associated with the production or consumption of goods and 

services are not reflected in their market prices, leading to market inefficiencies (Verhoef and 

Nijkamp, 2003). This suggests that it may take several years for the BID impact to be reflected 

in prices, which needs to be considered in the analysis. The third problem is a non-competitive 

market due to low land prices and limited suppliers. However, there is no evidence to suggest 

that the extent of non-competitiveness is linked to the likelihood of becoming a BID, so it is 

unlikely to bias the analysis. The last problem is the (near) absence of a market for high-end 

industrial property, as firms tend to build their own real estate. While this may reduce rental 

transactions of high-end industrial property, it is not expected to significantly affect the 

outcomes of the research. 

 

The Dutch retail property market, in contrast, is relatively protected compared to the industrial 

property market. The location of a shop is crucial for its business, and shop owners enjoy 

protection in the rental market. Ending a rental contract requires a judicial procedure, and in 

case of a shop transfer to a new owner, the rental contract can be transferred as well. 

Additionally, landlords are only permitted to periodically adjust rents using a legal system that 

compares them to rents of similar nearby properties (Raatgever et al., 2014). Ossokina et al. 

(2016) mention that these laws result in rent stickiness, resulting in a time gap between an 

economic impact and its absorption in prices. This may introduce potential bias in the analysis, 

as BIDs could be initiated in districts experiencing a downturn. A measured decrease in rents 

or increase in vacancy rates may not necessarily be attributed to the negative impact of BIDs 

but could reflect a delayed impact of the downturn that prompted the BID's establishment in 

the first place. Consequently, controlling for potential endogeneity is crucial. 

 

The COVID-19 pandemic accelerated e-commerce and digitalization, impacting retail real 

estate and the high street. Lockdowns devastated traditional retail properties but prompted the 

evolution of multi-channel retail, integrating physical stores with online platforms (Nanda et. 

al., 2021). The pandemic has also reshaped the industrial real estate sector, driven by the growth 

of e-commerce, supply chain adaptations, last-mile logistics, health and safety considerations, 

and repurposing of space (Allan et. al., 2021). Changes in consumer behavior and the urban-

retail and industrial real estate landscape are expected to persist. I could have gone into a deep 

analysis of the impact of BIDs in the Netherlands before and after the pandemic, however, that 

is not the goal of this thesis. Rents and vacancies within BIDs are simply compared alongside 

those that are not in BIDs, before, during, and after the pandemic period in one go (more details 

in the methodology section). 

 

Furthermore, Buisman (2023), who provided the BID data for this thesis, did not include BIDs 

that were established after 2019. So, any effects that the pandemic had on BIDs that were 

started after 2019 (perhaps in many cases as a response to the crisis) are not considered. 

 

Based on the information provided, it seems that there are no significant distortions in the Dutch 

commercial property market that cannot be adequately controlled for in the analysis. Therefore, 
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it is reasonable to assume that the rents reflect and absorb most of the impacts resulting from 

BIDs and vacancy rates may reflect other dynamics at play that give additional insights.  

 

Ultimately, the difference in vacancy rates between BIDs and non-BID areas indicates the 

degree of imbalance between property supply and demand. A higher vacancy rate could mean 

that there are weaker market conditions and a surplus of available properties, while a lower 

vacancy rate could hint at stronger demand and a more competitive market (Rabianski, 2002). 

Differences in vacancy rates reflect local economic conditions and can influence investor 

sentiment. Areas with consistently low vacancy rates may be perceived as more stable and 

attractive for investment, while areas with higher vacancy rates may be seen as riskier 

prospects. However, there may be other idiosyncratic factors at work within BIDs that make 

these market phenomena less applicable in understanding the effects of BIDs. Nevertheless, 

these insights from vacancy rates (and not rents alone) will prove useful in understanding the 

market dynamics of real estate in BIDs.  

 

Taking a deeper look at vacancy rates; structural vacancies arise from long-term imbalances 

between property demand and supply, while frictional vacancies are temporary and occur due 

to normal market dynamics, such as property turnover and transitional periods. (Rabianski, 

2002). Structural vacancies expose fundamental imbalances in the real estate market, whereas 

frictional vacancies expose the time properties remain unoccupied during transitional phases. 

Both structural and frictional vacancies can influence property prices, rental rates, and overall 

market performance, making them important considerations for real estate investors, 

developers, and policymakers and useful points of analysis in this research. 

3.3 Data 

 

The BID data used for this thesis was collected by Buisman (2023). The dataset comprises 

information on all business districts that initiated the BID process between 2010 and 2019. This 

research focuses on the BIDs that were eventually established as well as those that failed to 

gain two-thirds majority support during the voting phase. It also focuses on areas that used to 

be BIDs and that are not anymore. To link the BID data with rental transactions and vacancies, 

I carefully delineated the boundaries of the BIDs in QGIS and joined the rental and vacancy 

point data to the BIDs using nearest neighbor analysis. Buisman's (2023) dataset did provide 

precise location information (as opposed to in De Vries (2016) when precise location 

information was not provided in the data used). De Vries’ (2016) data was provided by Menger 

(2014) which had voting scores on all districts (which Buisman’s (2023) data did not). Almost 

all of the BIDs in Buisman (2023) had a link to a webpage or document with an image of the 

map of the BID (which streets and buildings it encompasses) and these could then be mapped 

in QGIS. Menger (2014) did not have this. For those BIDs that this map was not available, a 

list of streets and/or addresses within the BID were always listed and the areas could be easily 

inferred from this. Therefore, the measurement error is a lot smaller than in De Vries (2016) 

where there was a lot more uncertainty about BID boundaries. This process revealed some 

minor inaccuracies in the dataset, which have been rectified. The major drawback of Buisman 
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(2023) is that the dataset does not provide voting percentages for the BIDs. Many of the BIDs 

and control areas that had voting percentages in De Vries’ (2016) study have since expired, 

some have since become BIDs and many have changed drastically in size. For this reason, this 

dataset cannot be relied upon to be used for specific purposes, such as regression discontinuity 

design (RDD) on voting percentages. 

 

First dataset 

The commercial property transaction data (rent data) used in this thesis is sourced from 

STRABO (2023). Their VTIS dataset includes a significant portion of Dutch commercial 

property transactions. Each transaction is supplemented with building characteristics obtained 

from the BAG dataset, and locational characteristics derived from datasets containing 

information on city centers of Dutch cities with a population of over 50,000 in 2010. By 

combining these datasets, a comprehensive set of building and locational attributes is available 

for analysis. 

 

Second dataset 

 

The vacancy data used in this thesis is recorded by Locatus (2021). Their dataset includes a 

significant portion of Dutch retail vacancy data. Locatus physically inspects retail properties 

across the country once a year and records whether they are vacant or not. Each vacancy 

observation is therefore not entirely accurate as a retail unit may experience multiple vacancies 

within the period of a year. In other words, the data exhibit a large measurement error. While 

the significantly large number of observations, in this case, may reduce random errors and 

enhance the accuracy of estimates, it may not eliminate systematic biases or other sources of 

measurement error. To address this, I have used (to the best of my knowledge) as robust a 

research design as possible. 

 

Since the BID dataset covers information until 2021, the analysis includes rental transactions 

and vacancies from 2000 to 2021. However, not all units have data from all these years. 

 

Prior to conducting the analysis, data cleaning was performed. Firstly, for the Strabo data, 

observations with zero values for rent, size, or location were excluded. Secondly, for the 

Locatus data, the same was performed for zero values of vacancies, size, and location. Next, 

transactions and vacancies located within a 50-meter radius of both shopping and industrial 

BIDs were removed. There are two primary reasons for this exclusion. Firstly, it helps account 

for potential inaccuracies in the exact boundaries of the BIDs. Secondly, it addresses the 

possibility of spatial spillovers. For instance, a successful shopping BID may attract customers 

to nearby streets outside the BID boundaries, or increased security measures in an industrial 

BID might lead to reduced crime in neighboring areas. Studies such as Rossi-Hansberg et al. 

(2010) and Koster et al. (2016A) discuss spatial externalities in more depth. It is important to 

note that the analysis does not extensively investigate spatial spillovers, and the 50-meter buffer 

is chosen arbitrarily. Additionally, transactions and vacancies within the BIDs of the type not 

being analyzed were also dropped. 
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To differentiate between the analysis of industrial and shopping BIDs, specific criteria were 

used to filter the data. In the analysis of industrial BIDs, all transactions involving retail 

buildings were excluded, while in the analysis of shopping BIDs, transactions and vacancies 

involving non-retail buildings were excluded. Additionally, outliers in the rent values were 

removed to mitigate their potential impact on the regression results. For industrial BIDs, 

transactions with rents below 10 euros or above 500 euros per square meter were dropped. 

Similarly, for shopping BIDs, transactions with rents below 50 euros or above 1000 euros per 

square meter were dropped. This step was taken to minimize the influence of extreme values 

on the analysis. 

 

Tables 2 and 3 provide an overview of the property characteristics of transactions within BIDs, 

outside BIDs, outside BIDs in districts that voted, outside BIDs in areas that were previously 

BIDs, and outside BIDs in areas between 500 and 2000 meters of a BID. Table 4 provides an 

overview of property characteristics for the same areas but for vacancies. 

 

Column (1) of Table 2 presents the characteristics of transactions within industrial BIDs. These 

characteristics reveal that industrial BIDs are typically situated in districts with a relatively 

high concentration of industrial firms, which are often located further away from the city center. 

Furthermore, the proportion of new buildings within industrial BIDs is higher compared to 

those outside BIDs (column (2)). This suggests that industrial BIDs are frequently established 

in newer industrial areas and/or stimulate new development. The average size of an industrial 

property is also larger in BIDs than outside of BIDs and their average distance to the city center 

is slightly higher. Again, this hints at BIDs being more commonly set up in newer industrial 

districts that are further away from city centers and that include larger, more modern industrial 

buildings. The largest building type proportion in the data is by far industrial. 
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Table 2: Transactions characteristics: Analysis Industrial BIDs 

 (1) 

Transactio

ns in BIDs 

(2) 

Transactio

ns outside 

BIDs (a)(b) 

(3) 

Transactio

ns outside 

BIDs in 

districts 

that voted 

(a) 

(4) 

Transactio

ns outside 

BIDs in 

areas that 

were 

previously 

BIDs 

(5) 

Transactio

ns between 

500 and 

2000 

meters of a 

BID 

Built before 1900 (%)  

0.28 

 

13.93 

 

0.00 

 

2.43 

 

0.28 

Built between 1900 and 1945 (%)  

30.48 

 

20.07 

 

33.73 

 

25.4 

 

37.05 

Built after 1945 (%)  

69.2 

 

65.99 

 

66.27 

 

72.17 

 

62.67 

New (%)  

11.97 

 

8.87 

 

4.31 

 

5.87 

 

9.19 

Renovated (%)  

0.85 

 

1.44 

 

0.39 

 

1.83 

 

1.95 

Average size (m²) 1247.49 1020.00 

 

361.98 

 

815.17 463.42 

 

Industrial building (%)  

82.91 

 

83.76 

 

87.45 

 

87.72 

 

87.19 

Mixed building (%)  

16.52 

 

15.89 

 

12.55 

 

11.47 

 

12.53 

Office building (%)  

0.28 

 

0.18 

 

0.00 

 

0.81 

 

0.28 

No category building (%)  

0.28 

 

0.17 

 

0.00 

 

0.00 

 

0.00 

Average distance to city center (km) 1.87 1.74 0.80 1.34 1.51 

Transactions in the years 2010 to 2023 135 10565 123 145 124 

Number of transactions in total set 351 27162 255 298 359 

Source: Author’s calculations based on the data used for this paper 

(a) Note that this includes the transaction in BID districts before the BID was started 

(b) Transactions within 50 meters of an industrial BID or transactions within and in shopping BIDs are deleted 

 

Table 3, column (1), presents the characteristics of transactions within shopping BIDs. The 

analysis reveals that shopping BIDs tend to split fairly evenly between districts with older and 

newer buildings, as indicated by the almost equal proportion of buildings constructed before 

and after 1945. This suggests that about half of shopping BIDs are located within city centers 

and half are not. BIDs have had a lot more time to develop since they were last analyzed by De 

Vries (2016) and certainly most newer BIDs would logically be established in outlying areas 

as city centers may tend to already have BIDs. The average building size within shopping BIDs 

is relatively small. There could be two possible explanations for this observation. Firstly, the 
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concentration of smaller buildings in BIDs may be a result of their central location within cities 

or within clustered outline retail locations. Secondly, it is plausible that BIDs are often 

established in districts with a limited presence of chain shops. Chain stores typically prefer 

larger buildings compared to local shops, which could contribute to the relatively smaller 

average building size within shopping BIDs. 

 

Table 3: Transactions characteristics: Analysis Shopping BIDs 

 (1) 

Transaction

s in BIDs 

(2) 

Transaction

s outside 

BIDs (a)(b) 

(3) 

Transaction

s outside 

BIDs in 

districts 

that voted 

(a) 

(4) 

Transactions 

outside BIDs 

in areas that 

were 

previously 

BIDs 

(5) 

Transactions 

between 500 

and 2000 

meters of a 

BID 

Built before 1900 (%)  

8.86 

 

25.28 

 

5.65 

 

0.41 

 

3.24 

Built between 1900 and 1945 (%)  

36.80 

 

25.56 

 

26.12 

 

25.31 

 

33.25 

Built after 1945 (%)  

54.34 

 

49.17 

 

68.23 

 

74.29 

 

63.51 

New (%)  

6.36 

 

21.80 

 

18.275 

 

6.12 

 

14.08 

Renovated (%)  

2.93 

 

2.02 

 

1.65 

 

1.22 

 

1.70 

Average size (m²) 773.58 

 

823.36 

 

1004.54 1923.00 

 

1046.71 

Average distance to city center 

(km) 

0.48 0.55 0.86 0.27 1.25 

Transactions in years 2010 to 2023 996 9416 234 75 476 

Number of transactions in total set 3239 23647 643 245 1236 

Source: Author’s calculations based on the data used for this paper 

(a) Note that this includes the transaction in BID districts before the BID was started 

(b) Transactions within 50 meters of a shopping BID or transactions within and in industrial BIDs are deleted 

 

Table 4 provides an overview of the property characteristics of vacancies within BIDs, outside 

BIDs, outside BIDs in districts that voted, outside BIDs in areas that were previously BIDs, 

and outside BIDs in areas between 500 and 2000 meters of a BID.  

 

Table 4, column (1), presents the characteristics of vacancies within shopping BIDs. The 

analysis reveals that buildings within BIDs built after 1945 have more than double the number 

of vacancies than buildings built before 1945. This suggests that there are more BIDs outside 
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city centers than in city centers, which could mean that BIDs are often used to stimulate activity 

and improve public goods in quieter, outer lying shopping districts that do not benefit from the 

existing, inherent strong retail demand and local public goods of city centers. Again, BIDs have 

had a lot more time to develop since they were last analyzed by De Vries (2016) and certainly 

most newer BIDs would logically be established in outlying areas. This is because inner city 

BIDs are more likely to have already been established and new urban development tends to 

happen more at the urban fringe, where BIDs can be established anew. 

 

Interestingly, in areas that voted to become BIDs but did reach the required two-thirds majority, 

74.12% of vacancies are in buildings built after 1945, which suggests that the majority of these 

comparative areas are outside city centers. The average size of shops within these districts is 

also much larger than within BIDs and within the other comparison areas, which again suggests 

a stronger presence of large chain stores in these districts. Again, large chain stores are not 

incentivized to vote to be in BIDs and thus it makes sense that these comparison districts did 

not reach the majority vote to become BIDs. The percentage of new shops is also much higher 

in these districts further confirming the above. 

 

Table 4. Vacancy characteristics: analysis shopping BIDs 

 (1) 

Vacancies 

in BIDs 

(2) 

Vacancies 

outside 

BIDs (a)(b) 

(3) 

Vacancies 

outside 

BIDs in 

districts 

that voted 

(a) 

(4) 

Vacancies 

outside 

BIDs in 

areas that 

were 

previously 

BIDs 

(5) 

Vacancies 

between 500 

and 2000 

meters of a 

BID 

      

Built before 1900 (%)  

10.66 

 

7.70 

 

5.43 

 

3.36 

 

7.71 

Built between 1900 and 1945 (%)  

20.83 

 

22.43 

 

20.45 

 

24.0 

 

24.61 

Built after 1945 (%)  

68.49 

 

69.79 

 

74.12 

 

72.40 

 

67.68 

New shop (%)  

5.4 

 

5.40 

 

13.20 

 

3.70 

 

5.98 

Average building height (m) 10.62 9.32 10.20 9.29 

 

11.70 

 

Average size (m²) 176.06 205.17 312.03 195.32 179.25 

Number of vacancies in 2010 to 2021 16,021 161,757 3,656 2,761 9,262 

Number of vacancies in total set 22,701 228,763 5,214 3,515 14,611 

 Source: Author’s calculations based on the data used for this paper 

(a) Note that this includes the vacancies in BID districts before the BID was started 

(b) Vacancies within 50 meters of a shopping BID or vacancies within and in industrial BIDs are deleted 
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4 Methodology  

 

This chapter focuses on the empirical analysis conducted in this paper. The first section 

introduces the baseline models: the first of which utilizes a hedonic regression approach and 

employs a difference-in-differences method to compare rents in districts that have implemented 

a BID with rents in districts that have not. The second baseline model looks at retail vacancies 

(there is no data available for industrial vacancies) and is a linear probability model that uses 

two-way fixed effects. The second section outlines similar models but with an alternative 

comparison area. The third section outlines a model similar to the first and second sections but 

with another alternative comparison area and the fourth section outlines the same with yet 

another alternative comparison area. The fifth model combines the alternative comparison 

areas. 

4.1 Baseline model 

 

The first baseline model (1a) employed in this study utilizes a hedonic regression approach to 

analyze the rents per square meter of properties, taking into account their building and 

locational characteristics. The second baseline model (1b) utilizes a linear probability 

regression approach with two-way fixed effects to find the impacts on vacancies. To measure 

the impact of BIDs, a difference-in-difference method is applied. This involves comparing the 

rents and vacancy rates in districts that have implemented a BID with the changes in rents and 

vacancy rates in districts that have not. 

 

To establish causality, it is crucial to ensure that the rents in BIDs would have followed a 

similar trend as the rents and vacancies in the control group. In these baseline models, the 

control group consists of all commercial property transactions and vacancies outside of BIDs.  

 

The analysis begins with two simple models, which serve as the starting point for assessing the 

impact of BIDs on rents and vacancies. 

 

(1a) 𝑙𝑜𝑔(𝑅𝑖𝑡) =   𝛾0𝐵𝑖𝑡 + 𝛾1�̅�𝑖 + 𝑎𝑡 + 𝜀𝑖 

 

(1b) 𝑉𝑖𝑡  =  𝛾0𝐵𝑖𝑡 + 𝛾1�̅�𝑖 + 𝑎𝑡 + 𝜀𝑖 

 

The dependent variable in model (1a) is the logarithm of rent (R) for property i in year t. Using 

the logarithm of rents is common in hedonic models as it reduces the extreme values and 

improves the linearity of the regression. The dependent variable in model (1b) is the vacancy 

rate for property i in year t. The BID variables (𝐵𝑖𝑡) take a value of 1 if the transaction or 

vacancy occurs within a BID and 0 if it does not. The focus of this research is to assess the 

impact of being in a BID, which is represented by the parameter 𝛾0. 
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However, since BIDs were only established from 2010 onwards, the BID variable is correlated 

with time. This correlation would not be a concern if rent, the dependent variable, was also not 

correlated with time. However, rents are likely to be influenced by time-related factors such as 

inflation and economic cycles. To address this omitted variable concern, year fixed effects (𝑎𝑡) 

are included in the model. The same goes for vacancies. 

 

Model (1a) and (1b) also incorporate “ever-in-a-BID” variables (�̅�𝑖). This variable takes a 

value of 1 if the transaction is located in a district that is already a BID or will become one in 

the future. The purpose of this variable is to control for characteristics specific to BID districts 

that may not be directly observable but can influence rents or vacancies. For instance, prior 

cooperation among firms in the district, such as an existing retailers’ association, could lead to 

higher initial rents or lower vacancies compared to districts without firm cooperation. Existing 

strong locational characteristics are another example. While most of this difference can be 

captured by the postcode 4 fixed effects, the inclusion of the “ever-in-a-BID” variable accounts 

for any potential differences between BID borders and postcode 4 areas. 

 

Model (1a) and (1b) assumes that the transacted buildings within BIDs are similar to those 

outside of BIDs. However, this is a strong assumption since the distribution of BIDs is not 

random across space. Firms decide to initiate a BID on their own, and it is possible that certain 

types of firms, located in specific buildings and areas, are more likely to start a BID. As a result, 

transactions and vacancies in BID districts may differ from those in non-BID districts (as 

shown in Tables 2 and 3). Therefore, it is important to include controls for building and 

locational characteristics (𝑋𝑖𝑙𝑡) in the models. These characteristics can include variables such 

as building age, size, and the logarithm of distance to the city center. A complete specification 

of all control variables can be found in the Appendix in Tables A-1, A-2, and A-3. 

 

Incorporating the building and locational characteristics into the model results in:  

 

(2a) 𝑙𝑜𝑔(𝑅𝑖𝑙𝑡) =  𝛽𝑋𝑖𝑙𝑡 +  𝛾0𝐵𝑖𝑡 + 𝛾1�̅�𝑖 + 𝑎𝑡 + 𝜀𝑖 

 

(2b) 𝑉𝑖𝑙𝑡 =  𝛽𝑋𝑖𝑙𝑡 +  𝛾0𝐵𝑖𝑡 + 𝛾1�̅�𝑖 + 𝑎𝑡 + 𝜀𝑖 

 

Despite the improvement of models (2a) and (2b) over models (1a) and (1b), there remains a 

potential bias in the analysis. It is possible that BIDs are more likely to be located in districts 

with either higher or lower rents or vacancies compared to non-BID districts. While the 

locational characteristics included in models (2a) and (2b) help control for the tendency of 

higher rents and lower vacancies near city centers, they may not fully account for all potential 

unobserved variation in location.  

 

To address this concern, models (3a) and (3b) introduce locational fixed effects (𝑏𝑙). By 

including these fixed effects, the model captures the unobserved locational characteristics that 

may systematically vary across different districts. This helps to mitigate any potential bias 

resulting from the non-random distribution of BIDs in relation to rent levels and vacancy rates. 
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(3a) 𝑙𝑜𝑔(𝑅𝑖𝑙𝑡)  =  𝛽𝑋𝑖𝑙𝑡 +  𝛾0𝐵𝑖𝑡 + 𝛾1�̅�𝑖 + 𝑎𝑡+𝑏𝑙 + 𝜀𝑖𝑙 

 

(3b) 𝑉𝑖𝑙𝑡 =  𝛽𝑋𝑖𝑙𝑡 +  𝛾0𝐵𝑖𝑡 + 𝛾1�̅�𝑖 + 𝑎𝑡 + 𝑏𝑙 + 𝜀𝑖𝑙 

 

An example of an unobserved locational characteristic is the proximity to the center of Den 

Haag, which is known for its high rents due to its popularity. Including controls for distance to 

city centers would not fully account for the high rents observed in Den Haag. Therefore, the 

introduction of locational fixed effects in models (3a) and (3b) becomes necessary to capture 

these unobserved differences. In this study, the locational fixed effects were implemented using 

the 4066 Dutch postcode-4 areas. 

 

To address potential spatial correlation in the rental and vacancy errors, clustered standard 

errors based on postcode-6 areas were implemented. This approach acknowledges that errors 

in rents or vacancies can be spatially correlated, indicating the presence of unobserved variables 

that affect rents or vacancies in neighboring transactions. The use of clustered standard errors, 

particularly with the variation in the number of observations per postcode-6 area, helps improve 

the regression analysis. The standard errors were not clustered at the postcode-4 level because 

BIDs tend to be smaller than these areas; postcode-6 areas tend to be of a similar size or smaller 

than BIDs, and so were used instead. 

4.2 First alternative comparison area 

To address potential biases and better control for differences between districts that become 

BIDs and those that do not, an alternative comparison group is used in model (5). Instead of 

including all transactions outside BIDs as the control group, only transactions in districts that 

voted to become a BID but did not reach the required majority of 66.7% are considered. It is 

reasonable to assume that these districts experience similar trends to the BID districts, making 

them an appropriate comparison group. 

 

Using these control areas, it would have been appropriate to apply regression discontinuity 

design (RDD) on voting percentages in control areas that are more similar in their voting as 

measured by the proximity of the voting score to the threshold (66.7%). However, as mentioned 

in the data section above, the major drawback of Buisman’s (2023) dataset is that it does not 

provide voting percentages for all the BIDs. Many of the BIDs and control areas that had voting 

percentages in De Vries’ (2016) study have since expired; some have since become BIDs and 

many have changed drastically in size, among many other minor changes. There are also many 

more BIDs now than in the 2016 study that simply do not have voting percentages recorded. 

For these reasons, this RDD cannot be applied.  

 

Model (5a) for rents and (5b) for vacancies use the same specifications as models (3a) and (3b), 

respectively. The “ever-in-a-BID” variable is dropped from the models since its influence is 

captured by the location fixed effects because of collinearity.  
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4.3 Second alternative comparison area 

To address potential biases and better control for differences between districts that become 

BIDs and those that do not, a second alternative comparison group is used in models (5a) and 

(5b). Instead of including all transactions outside BIDs as the control group, only transactions 

and vacancies in districts that used to be BIDs but that are no longer are used. It is reasonable 

to assume that these districts experience similar trends as the BID districts up until the point 

where they ceased to be BIDs, after which their trends may diverge, making them an 

appropriate comparison group.  

 

Model (6a) for rents and (6b) for vacancies use the same specifications as models (3a) and (3b), 

respectively. The “ever-in-a-BID” variable is dropped from the models since its influence is 

captured by the location fixed effects because of collinearity.  

4.4 Third alternative comparison area 

To address potential biases and better control for differences between districts that become 

BIDs and those that do not, a third alternative comparison group is used in models (6a) and 

(6b). Instead of including all transactions outside BIDs as the control group, only transactions 

and vacancies in areas between 500 and 2000 meters from BID boundaries are used. It is 

reasonable to assume that these districts experience similar trends to the BID districts, making 

them an appropriate comparison group. The use of 500 meters as the lower bound of this range 

is to avoid spatial spillover effects. The use of 2000 meters as the upper bound is simply that 

transactions and vacancies beyond that distance can be influenced by a completely different set 

of spatial factors. I experimented using the values 1000, 1500, 2000, 2500, and 3000 metres. I 

found that at 1000 meters, the number of observations was too few (as the band was too small). 

Only at 2000 meters, the treatment coefficient changed and gained statistical significance (at 

the 1% level). Above 2000 meters, this coefficient does not change but loses statistical 

significance. For this reason, 2000 meters is used as the upper limit of the band. 

 

Model (7a) for rents and (7b) for vacancies use the same specifications as models (3a) and (3b), 

respectively. The “ever-in-a-BID” variable is dropped from the models since its influence is 

captured by the location fixed effects because of collinearity.  

4.5 Fourth alternative comparison area 

 

I also combine the observations from the second, third, and fourth models and run the same 

analysis. This is simply to utilize a larger number of observations.  

 

Model (8a) for rents and (8b) for vacancies use the same specifications as models (3a) and (3b), 

respectively. The “ever-in-a-BID” variable is dropped from the models since its influence is 

captured by the location fixed effects because of collinearity.  
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4.6 Structural and frictional vacancies 

Lastly, I look at the impacts of shopping BIDs using structural (more than 3 years) and 

frictional vacancies (less than one year) to see if BIDs impact them differently. 

  

Model (9a) for rents and (9b) for vacancies use the same specifications as models (3a) and (3b), 

respectively. The “ever-in-a-BID” variable is dropped from the models since its influence is 

captured by the location fixed effects because of collinearity.  
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5 Results 

This chapter presents an analysis of the impacts of industrial and shopping BIDs on rents and 

vacancies, starting with a discussion of the industrial BIDs and ending with an examination of 

the shopping BIDs. To provide a concise overview of the BID impacts, simplified regression 

tables are included in this chapter. However, for a comprehensive view of the results, the 

complete regression outcomes for both industrial and shopping BIDs can be found in the 

appendix, in Tables A-1, A-2, A-3, and A-4. 

5.1 Impact on industrial BIDs 

Rents 

Table 5 presents the results of the baseline model, where column (1) represents the outcomes 

of the simplest model. In this model, it is assumed that BIDs are randomly assigned and 

encompass an average mix of buildings. The analysis reveals that being located in an industrial 

BID has a positive impact on commercial property rent, with a coefficient of 0.1988. This 

implies an increase of 19.98% in commercial property rent, confirming the initial hypothesis 

based on the literature review. This result is statistically significant at the 5% level. However, 

the R-squared value in this case is very low (3.41%). 

 

Table 5: Base models for industrial BIDs and rents 

 

Model name 

 

(1) 

Base model 

 

(2) 

Base model 

 

(3) 

Base model 

 

Control group All observations All observations All observations 

Dependent variable Rent m² (log) Rent m² (log) Rent m² (log) 

BID variables    

Post-BID 0.1988** 0.2036** 0.2531** 

 (0.0953) (0.0920) (0.1131) 

Ever in an industrial BID -0.0220 -0.0106 0.0477 

 (0.0584) (0.0559) (0.0762) 

Post-BID 1-5 years  -  -  -  

    

Post-BID 6-9 years -  -  -  

    

Post-BID 10-13 years -  -  -  

Controls  

Property characteristics 

 

No 

 

Yes 

 

Yes 

Fixed effects 

Postcode 4 

 

No 

 

No 

 

Yes 

Transaction year  Yes Yes Yes 

Observations 17,078 17,078 13,860 

R-squared 0.0341 0.0909 0.2358 

Notes: Standard errors are clustered at the postcode-6 level and in parentheses; 

*** p<0.01, ** p<0.5, * p<0.1 

 

To further investigate this finding, property characteristics are included in the regression 

analysis. The introduction of property characteristics alters the impact of an industrial BID, 

resulting in a slightly higher positive coefficient of 20.36% (column (2)), which is also 

statistically significant at the 5% level. This finding confirms that the selection of BIDs is not 



27 

random and that other factors related to property characteristics are influencing the outcomes. 

The R-squared value of the regression increases only slightly from 3.5% to 9.09% when 

property characteristics are incorporated. This indicates that the regression model is now 

explaining a larger proportion of the variation in rents, but only very slightly, further supporting 

the importance of considering property-specific factors in understanding the effects of 

industrial BIDs. 

 

The “ever-in-a-BID” variable coefficients in columns (1), (2), and (3) are all statistically 

insignificant and low, hinting that industrial BIDs do not have stronger locational 

characteristics (or other inherently stronger characteristics) than general industrial real estate 

in the Netherlands. 

 

In column (3) of the regression table, the impact of initiating an industrial BID is observed to 

decrease to 25.31% and is statistically significant at the 5% level. This result is obtained by 

including postcode-4 fixed effects. The magnitude of this impact appears reasonable and aligns 

with expectations. Furthermore, the inclusion of these additional variables has led to an 

increase in the explained variation in rents, which now stands at 23.58%. This indicates that 

the regression model is capturing a larger portion of the rent variation by considering the effects 

of postcode-4 fixed effects and the “ever-in-a-BID” variable. 

 

Overall, these findings suggest that the initiation of an industrial BID correlates with a large 

positive impact (17% to 26%) on commercial property rents. 

 

Table 6 presents the results of comparing transactions within BIDs with transactions in four 

alternative comparison areas. 

 

Table 6: Alternative comparison areas for industrial BIDs and rents 

 

Model name 

 

 

(1) 

1st comparison 

area 

 

(2) 

2nd comparison 

area 

 

(3) 

3rd comparison 

area 

 

(4) 

4th comparison 

area 

 

Control group Voting districts Previously in BIDs Close to BIDs 

(5000-2000m) 

Combination of (1) 

to (3) 

Dependent 

variable 

Rent m² (log) Rent m² (log) Rent m² (log) Rent m² (log) 

Post-BID 0.3472** 0.1896 0.2800*** 0.2853*** 

 (0.1395) (0.1187) (0.1050) (0.1051) 

Controls  

Property 

characteristics 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Fixed effects 

Postcode 4 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Transaction year  Yes Yes Yes Yes 

     

Observations 250 162 12,459 13,826 

R-squared 0.5010 0.6706 0.3992 0.4021 

Notes: Standard errors are clustered at the postcode-6 level and in parentheses; 

*** p<0.01, ** p<0.5, * p<0.1 
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In column (1), the model using the first alternative comparison area (districts that voted for a 

BID but did not initiate one) indicates a BID impact of 34.72% and is statistically significant 

at the 5% level with an R-squared of 50.10%. Interestingly, this impact is larger than that 

observed in the base model. These findings suggest that industrial districts that decide to vote 

for a BID may be experiencing a negative trend compared to districts that do not vote for a 

BID. This corresponds to the findings of Berndsen et al. (2012), who noted that BIDs are often 

initiated in older industrial districts undergoing a process of decline or deprivation. 

 

In column (2), the model using the second comparison area (districts that used to be BIDs but 

that are not anymore) indicates a BID impact of 18.96%, but it is statistically insignificant with 

an R-squared of 67.06% This is a similar impact to the base model. These findings suggest that 

industrial districts that used to be BIDs may be experiencing a negative trend compared to 

districts that remain BIDs. This could be because going through all the trouble to initiate a BID 

and then reneging on that later on incurs financial, legal, and social costs that hamper 

productivity. Every district that did this would have ended their BID status for a reason. They 

may have found that the BID brought no discernible benefits, and the extra tax burden was 

therefore too much to bear. These districts may have been struggling more than other districts 

that remained BIDs and this might explain their even lower performance compared to districts 

that remained BIDs and that were successful.  

 

In column (3), the model using the third comparison area (districts between 500 and 2000 

meters from BIDs) indicates a BID impact of 28%, and is statistically significant at the 1% 

level, with an R-squared of 39.92%. This is a similar result to that of the first alternative 

comparison area but the R-squared is lower and so it is less reliable. 

 

In column (4), the model using the fourth comparison area (a combination of the first, second, 

third and fourth comparison areas) indicates a BID impact of 28.53%, and is statistically 

significant at the 10% level, with an R-squared of 63%. This result is essentially the same as 

the result from (4) and shows that (5) contributes nothing that is of meaningful value. 

 

All of the time-split variables and the “ever-in-a-BID” variable are dropped because of 

collinearity, so there is nothing to be interpreted for those variables. 

 

Based on the outcomes of all the different models, it can be concluded that initiating an 

industrial BID correlates with a strong increase in rents (between 17.72% and 34.72%). This 

positive impact aligns with the expectations derived from the literature review.  

 

An explanation for the statistical insignificance in column (2) could relate to the utilization of 

BIDs as a new means of financing existing park management, as previously mentioned. Some 

industrial districts may have already invested in park management before implementing the 

BID. In such cases, the BID may primarily serve to address free rider behavior, resulting in 

limited changes. This specific context could also contribute to the insignificance of the results 

in column (2). Additionally, the statistical insignificance of the impact in column (2) may be 
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influenced by the relatively low number of transactions within the second alternative 

comparison area. Despite the inclusion of a relatively high number of BIDs in the research, 

transaction numbers are not evenly distributed across the BIDs and are not particularly high 

overall. This reduced number of transactions could diminish the statistical significance of the 

results. 

 

Linking back to the literature review, businesses and individuals are attracted to the 

agglomeration benefits provided by BIDs, and therefore demand for commercial space within 

the district increases. This increased demand can drive up rents as property owners seek to 

capitalize on the appeal of the area. Higher rents are reflective of the desirability of the location 

and the potential for businesses to benefit from agglomeration economies (Duranton and Puga, 

2004). 

 

I decided to explore heterogeneity according to municipality, city, and industry. Unfortunately, 

all of these options had an insufficient number of observations and so no conclusions could be 

drawn from using this methodology. 
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5.2 Impact on shopping BIDs 

 

Rents 

Table 7 presents the results of the analysis conducted on shopping BIDs regarding rents. The 

first two regressions, columns (1) and (2), demonstrate a statistically insignificant and positive 

effect of the BIDs, 1.69% and 0.49% respectively. However, when postcode-4 fixed effects are 

introduced into the model, the BID effects become slightly larger (up to 2.67 and 3.45%, 

respectively) but remain statistically insignificant. 

 

Table 7: Base models for shopping BIDs and rents 

 

Model name 

(1) 

Base model 

(2) 

Base model 

(3) 

Base model 

Control group All 

observations 

All 

observations 

All 

observations 

Dependent variable Rent m² (log) Rent m² (log) Rent m² (log) 

BID variables    

Post-BID 0.0169 0.0049 0.0267 

 (0.0422) (0.0397) (0.0374) 

Ever in a shopping BID 0.2305*** 0.1954*** 0.2288*** 

 (0.0241) (0.0218) (0.0293) 

Post-BID 1-5 years -  -  -  

    

Post-BID 6-9 years -  -  -  

    

Post-BID 10-13 years -  -  -  

    

Controls  

Property characteristics 

 

No 

 

Yes 

 

Yes 

Fixed effects 

Postcode 4  

 

No 

 

No 

 

Yes 

Transaction year Yes Yes Yes 

Observations 16,382 16,382 13,604 

R-squared 0.0540 0.3356 0.4994 

Notes: Standard errors are clustered at the postcode-6 level and in parentheses; 

*** p<0.01, ** p<0.5, * p<0.1 

 

The fact that the “ever-in-a-BID” variables have strong positive coefficients (statistically 

significant at the 1% level) between 12.31% and 23.05% hints at the fact that shopping BIDs 

are in areas that tend to have inherently strong locational (and other strong characteristics such 

as good retailer’s associations) characteristics (stronger than the general retail units of the 

Netherlands). 

 

Overall, the "ever-in-a-shopping-BID" variable is significant at the 1% level, indicating that 

rents in BID districts are 12.31% higher than those that are not. This finding is not surprising 

as BIDs are commonly established in city centers or areas where shops are clustered. In such 

locations, rents tend to be higher due to the central location and the agglomeration benefits 

between shops and other businesses. 
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Table 8 presents the results in column (1) when the districts that voted for shopping BIDs (but 

that did not meet the required majority vote to become BIDs) are considered as the control 

group. In this scenario, the impact of shopping BIDs remains positive (at 5.45%) compared to 

previous models and is statistically insignificant, with an R-squared of 47.38%. 

 

Table 8: Alternative comparison areas for shopping BIDs and rents 

 

Model name 

(1) 

1st comparison 

area 

(2) 

2nd comparison 

area 

(3) 

3rd comparison 

area 

(4) 

4th comparison 

area 

Control group Voting districts Previously in BIDs Close to BIDs 

(5000-2000m) 

Combination of (1) 

to (3) 

Dependent 

variable 

Rent m² (log) Rent m² (log) Rent m² (log) Rent m² (log) 

Post-BID  0.0545 0.0832* 0.1085*** 0.1513*** 

 (0.0461) (0.0446) (0.0413) (0.0386) 

Controls  

Property 

characteristics 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Fixed effects 

Postcode 4 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Transaction year Yes Yes Yes Yes 

     

Observations 1,954 2,101 2,656 3,520 

R-squared 0.4738 0.4838 0.5044 0.5304 

Notes: Standard errors are clustered at the postcode-6 level and in parentheses; 

*** p<0.01, ** p<0.5, * p<0.1 

 

The results in column (2) when the districts that used to be BIDs but that are BIDs no longer 

are also considered as a control group. In this scenario, the impact of shopping BIDs remains 

positive (at 8.32%) and is statistically significant at the 10% level, with an R-squared of 

48.38%. 

 

The results in column (3) when the districts between 500 and 2000 meters of BIDs are also 

considered as a control group. In this scenario, the impact of shopping BIDs remains positive 

(at 10.85 %) and is statistically significant at the 1% level, with an R-squared of 50.44%. 

 

Lastly, in column (4), the observations from the first, second, third and fourth alternative 

comparison areas were combined. A higher positive impact (15.13%) was found (statistically 

significant at the 1% level) with a slightly higher R-squared of 53.04%. 

 

All of these findings highlight that the impacts of shopping BIDs show a tendency towards 

positive effects (ranging between 8.32 and 15.13%). This observation provides insight into the 

dynamics of rental rates for shops and suggests a potential adjustment process occurring within 

the context of shopping BIDs. There are several possible explanations for the statistical 

insignificance in the first comparison area, column (2), similar to those discussed in the section 

on industrial BIDs. These explanations include the heterogeneity among shopping BIDs, the 

presence of well-functioning firm associations in some shopping districts prior to the 

establishment of BIDs, and the relatively low number of observations available for analysis 
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(although granted, there are far more observations in this case than in industrial BIDs). To 

explore this with the data I had available, I decided to explore heterogeneity according to 

municipality, city, and industry. Unfortunately, all these options yielded insufficient 

observations and so no conclusions could be drawn from this. 

 

The measured impacts of shopping BIDs, confirming my initial hypotheses, indicate a positive 

influence on rents. If rents are seen as a reflection of the productivity of a location, this would 

imply that shopping BIDs deliver more than they cost in terms of benefits. De Vries (2016) 

found a statistically insignificant negative impact of shopping BIDs, so my results contradict 

this. My results fall in line with economic theory. 

 

De Vries (2016) argued that a potential explanation for his findings of negative effects could 

be that many shopping BIDs tended to have been established in districts that were already in 

decline and that BIDs were established to solve this but did not succeed in the years up until 

2015. In light of this, my findings may suggest that if BIDs did indeed tend to be established 

in declining areas, the objective of the BIDs was eventually met (up until the present), yielding 

positive impacts, in areas that were initially in decline. 

 

Berndsen et al. (2012) conducted interviews with shop owners in various districts and found 

that the majority expressed satisfaction with the costs and benefits of the BIDs. Additionally, 

most of the experimental BIDs continued beyond their initial period (as reported by 

bedrijveninvesteringszone.nl, 2016), indicating that a two-thirds majority of firms in those 

districts voted to continue the BID. It is unlikely that they would make this decision if the costs 

outweighed the benefits. These findings suggest that rents serve as a suitable but not perfect 

indicator of productivity and are in line with my hypothesis.  

 

As with industrial BIDs, these higher rents are reflective of the desirability of the location and 

the potential for businesses to benefit from agglomeration economies (Duranton and Puga, 

2004). 

 

The next section looks at the impact of shopping BIDs on retail vacancies. As a reminder, I did 

not have access to industrial vacancy data and thus industrial BIDs were not considered. 

 

Vacancies 

 

Table 9 presents the results of the analysis conducted on shopping BIDs with regard to vacancy 

rates. All three base model regressions, columns (1), (2), and (3) demonstrate very small 

positive effects of the BIDs, 0.0005, 0.0039, and 0.0086 percentage points1. The first two 

results are statistically insignificant. The last result statistically significant at the 1% level. 

 
1 Percentage points are a unit of measurement used to describe the difference between two percentages (in this case, vacancy rates and percentage impact on vacancy rates). 

It tells us how much one percentage value has changed concerning another percentage value. For instance, if an interest rate increases from 4% to 7%, the change is 3 

percentage points (7% - 4% = 2 percentage points). 
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These results contradict my initial hypothesis that shopping BIDs would indeed have lower 

vacancy rates than all areas outside shopping BIDs.  

 

Table 9: Base models for shopping BIDs and vacancies 

 

Model name 

(1) 

Base model 

(2) 

Base model 

(3) 

Base model 

Control group All 

observations 

All 

observations 

All 

observations 

Dependent variable Vacancy rate Vacancy rate Vacancy rate 

BID variables    

Post-BID 0.0005 0.0039 0.0086*** 

 (0.0023) (0.0026) (0.0022) 

Ever in a shopping BID 0.0053*** 0.0022 0.0037* 

 (0.0014) (0.0015) (0.0020) 

Post-BID 1-5 years - - - 

    

Post-BID 6-9 years - - - 

    

Post-BID 10-13 years - - - 

    

Controls  

Property characteristics 

 

No 

 

Yes 

 

Yes 

Fixed effects 

Postcode 4 

 

No 

 

No 

 

Yes 

Transaction year Yes Yes Yes 

Observations 4,172,944 3,440,270 3,440,259 

R-squared 0.0017 0.0046 0.0223 

Notes: Standard errors are clustered at the postcode-6 level and in parentheses; 

*** p<0.01, ** p<0.5, * p<0.1 

 

Interestingly, the “ever-in-a-BID” variables are positive hinting that BIDs had existing 

characteristics before they were BIDs that led to them having slightly higher vacancy rates than 

other areas. The existence of effective but selective retailers’ associations could be an example 

of this. 

 

Given that numerous Dutch shopping BIDs would in theory aim to reduce vacancy rates in 

their shopping centers, it is plausible that they employ their collective market power to achieve 

this goal. For example, the Jan-Eef BID in Amsterdam assists in finding new tenants for vacant 

properties, selecting the most suitable shop types for the district (Jan Eef, 2016). For these 

reasons, I expected to see negative impacts, but indeed, the positive impacts truly are very 

small, albeit statistically significant and all have very low R-squared values (ranging between 

0.17% and 2.23%) which shows that my models do not explain the variation in vacancies very 

well. Nevertheless, it seems the impacts of BIDs is undoubtedly positive, which means that the 

effects of agglomeration economies (that of theoretically lowering vacancies) are overpowered 

by other dynamics within the BIDs and although BID participants might collaborate to fill 

vacancies, this (more selective) collaboration could also be the reason vacancies are slightly 

higher than other areas. 

 

Table 10 shows the results of using the same alternative comparison area rules as in the 

previous two analyses on rents 



34 

Table 10: Alternative comparison areas: shopping BIDs and vacancies 

 

Model name 

(1) 

1st comparison 

area 

(2) 

2nd comparison 

area 

(3) 

3rd comparison 

area 

(4) 

4th comparison 

area 

Control group Voting districts Previously in BIDs Close to BIDs 

(5000-2000m) 

Combination of (1) 

to (3) 

Dependent 

variable 

Vacancy rate Vacancy rate Vacancy rate Vacancy rate 

Post-BID 0.0064** -0.0069** 0.0113*** 0.0080*** 

 (0.0025) (0.0030) (0.0023) (0.0023) 

Controls  

Property 

characteristics 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Fixed effects 

Postcode 4 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Transaction year Yes Yes Yes Yes 

Observations 268,330 293,481 438,716 717,354 

R-squared 0.0185 0.0206 0.0204 0.0204 

Notes: Standard errors are clustered at the postcode-6 level and in parentheses;  

*** p<0.01, ** p<0.5, * p<0.1 

 

Again, these results mostly mirror the findings of the base models. The first alternative 

comparison area (districts that voted to become BIDs but did not reach the required majority) 

in column (1) yields a statistically significant (at the 5% level) positive impact of 0.0064 

percentage points with a very low R-squared of 1.85%. yields. The second alternative 

comparison area - column (2) - (areas that used to be BIDs but that are not anymore) yields a 

statistically significant (at the 5% level) negative impact of 0.0069 percentage points with an 

ever-so-slightly higher R-squared of 2.06%. This negative impact (the only one that confirmed 

my initial hypothesis) could be because these areas have strong locational and other 

characteristics and so experienced fewer vacancies than BIDs (perhaps hinting at the very 

reason why they themselves ceased to operate as BIDs: they simply did not need to because 

the costs of being a BID outweighed the benefits). The third alternative comparison area – 

column (3) - (districts between 500 and 2000 meters of BIDs) yields a statistically significant 

(at the 1% level) positive impact of 0.0113 percentage points with an R-squared of 2.04%. The 

fourth alternative comparison area – column (4) - (a combination of the first, second, and third 

alternative comparison areas) yields a similar impact of 0.008 percentage points which is 

statistically significant (at the 1% level) and has a low R-squared of 2.04%. 

 

A potential explanation for the general findings of positive impacts on vacancy rates (in 

contrast to the expected negative effects) could be that existing firms benefit from the BID and 

have a strong sense of safety in collaboration and so hinder other firms from entering the district 

if there is no urgent need to fill the vacancy if they feel potential tenants will not bring the 

desired characteristics to the table. If a collection of firms has created a very particular physical 

environment and culture together through the enabling qualities of a BID, they may be more 

hesitant to let just any firm that comes along wanting to rent in the district. They may have 

more stringent requirements for the quality of the tenant and in so doing, the vacancy rate 

remains slightly higher. 
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Table 11 shows the results of the impacts of BIDs on structural vacancy rates (units vacant for 

3 or more years) and frictional vacancy rates (units vacant for one year or less). The full 

regression table is found in A-4 in the appendix. In column (2) the impacts on frictional vacancy 

rates are similar to the previous results: a statistically significant positive (at the 1% level) 

impact of 0.0079 percentage points with an R-squared of 1.07%. In other words, BIDs increase 

short-term (frictional) vacancy rates by 0.0079 percentage points, perhaps for the reasons stated 

in the above paragraph or another reason discussed below. Long-term (structural) vacancy 

vacancies do not seem to be affected by BIDs (judging from the minuscule, statistically 

insignificant negative impact of 0.1% with an R-squared of 1.76%).  

 

The results from Table 11, column (2) on frictional vacancy rate may also be related to the 

process of finding the right tenants: BIDs provide very specific public goods, specific to the 

immediate area and landlords in the BIDs need to find the right tenants that appreciate the set 

of public goods (tenants that do not demand the specific set of local public goods may also be 

driven away), which could make the process of filling vacancies take longer, and hence leading 

to a higher frictional vacancy rate, whilst the structural vacancy rate remains mainly 

unchanged. 

 

Table 11: Structural and frictional vacancies 

 (1) (2) 

Model name Model 9a Model 9b 

Dependent variable Structural vacancy rate Frictional vacancy rate 

Post-BID -0.0010 0.0079*** 

 (0.0012) (0.0008) 

 (0.0038) (0.0013) 

   

Observations 3,440,259 3,440,259 

R-squared 0.0176 0.0107 

Notes: Standard errors are clustered at the postcode-6 level and in parentheses; 

*** p<0.01, ** p<0.5, * p<0.1 

 

Exploring heterogeneity on shopping BIDs and vacancies 

 

Since all of the above impacts on vacancies are so small, I decided to explore heterogeneity on 

industries and cities in the Netherlands to see if there were perhaps larger BID impacts in 

specific cities. The Locatus vacancy dataset has many more observations than the Strabo 

commercial rents dataset used in the first analyses of this thesis and so I was able to do this. 

However, there were only a sufficient number of observations to yield results on the impacts 

of BIDs in certain cities. Many cities did not have enough observations in them for this. I also 

tried to explore heterogeneity on industry types, but each industry type alone had an insufficient 

number of observations to yield results. 

 

All cities above 20,000 inhabitants were tested. Those with insufficient observations were 

excluded. The results of the base model parameters with all the controls, fixed effects, and 

clustering at the postcode-6 level, filtered by city are shown in Table A-4 in the Appendix. 
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Itt can be observed that most of the impacts of shopping BIDs on vacancy rates are negligible 

and statistically insignificant. Only in two cities, Breda and Amsterdam, do BIDs exhibit a 

positive impact (0.0092 and 0.0356 percentage points respectively), both results being 

statistically significant (both at the 5% level). Not shown here (but shown in the appendix), are 

the coefficients of all the other controls. These results are extremely heterogenous, and every 

city exhibits a different trend over the three time periods and for the “ever-in-a-BID” variable. 

Results are only statistically significant in a limited number of instances. There are no 

discernible patterns in vacancy rates among cities. 

 

6 Discussion and conclusion 

 

Since the inception of the BID concept in the 1970s, the number of BIDs in many countries has 

been steadily increasing. In the Netherlands, which implemented BIDs, the concept was 

introduced through an experimental law. This law allowed for the establishment of BIDs from 

2010 to 2012 but prohibited them in 2013 and 2014. The present thesis is based on the 

permanent law established in 2015 and investigates the impacts of BIDs on commercial 

property rents and on vacancy rates. Furthermore, the thesis contributes to the limited existing 

empirical evidence on the effects of BIDs. 

 

According to economic theory, BIDs are expected to have a positive impact on rents. The 

democratic nature of BIDs enables the provision of additional public goods in districts where 

there is demand for them. Additionally, BIDs facilitate the exploitation of agglomeration 

economies by fostering cooperation and coordination. If the costs of a BID outweigh the 

benefits, firms would vote against it, leading to its dissolution. 

 

The empirical part of the thesis examines the impacts of BIDs using a difference-in-difference 

approach for rents and a linear probability model for vacancies. It compares the rents and 

vacancies of commercial properties within implemented BIDs with similar properties outside 

BID districts, employing a hedonic price model (for rents) and a linear probability model (for 

vacancies). Both sets of models effectively use the same variables and controls. The base model 

employs all property transactions outside BID districts as the control group. Extensions to the 

model use restricted control groups consisting of districts that voted to start a BID but did not 

attain the required two-thirds majority, districts that used to be BIDs but that are not anymore, 

districts within 500 to 2000 meters from BIDs, and a combination of all of these. 

 

The regression results indicate that industrial BIDs have a positive impact on rents between 19 

and 34%. This impact appears to be causal, as most of the models are highly statistically 

significant. To improve the analysis of industrial BID impacts, incorporating information about 

park management would be beneficial. Most industrial BIDs used BID revenues to fund park 

management. However, some districts already had park management in place and employed 

the BID solely to address free-rider behavior. The impact of becoming a BID in these districts 
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is likely to be smaller than in districts without pre-existing park management. Including 

information on park management could shed light on this aspect. 

 

The regression analysis indicates that shopping BIDs have a positive and causal influence on 

rents, with estimated impacts ranging from 2% to 15%. Multiple models demonstrate 

statistically significant positive effects, including impacts of 8%, 10%, and 15% at the 5%, 1%, 

and 1% significance levels, respectively. These significant results, observed across different 

control groups in standard regression models, provide robust evidence supporting the presence 

of a causal relationship.  

 

The observed impacts of shopping BIDs on vacancy rates generally show slight positive effects 

ranging from 0.0005 to 0.0113 percentage points, and many of these effects are statistically 

significant. These findings contrast with the anticipated negative (lower) effects of BIDs on 

vacancy rates. To gain deeper insights, I conducted further analysis to examine variations 

across cities and industries in relation to vacancies. However, these results do not hint at 

different conclusions.  

 

A possible explanation for these positive impacts is that firms operating within BID districts 

may actively discourage businesses that do not meet their bespoke standards. This could be due 

to the improvements brought about by the BIDs in the districts and the enhanced collaboration 

among firms. Similarly, BIDs were found to have a statistically significant positive effect of 

0.0079 percentage points on frictional vacancy rates but no discernible effect on structural 

vacancy rates. A more plausible reason for the positive effects is that BIDs provide very 

specific public goods, specific to the immediate area. Landlords in the BIDs need to find the 

tenants that appreciate the set of public goods, which could lengthen the process of filling 

vacancies (similarly, some tenants might be put off by the very specific set of public goods). 

The positive impacts also might mean that the expected effect of agglomeration economies on 

vacancies (that they are lowered) are outweighed by the dynamics discussed above. 

 

Another possible explanation for the higher rents in BIDs is that firms in BIDs pay more tax 

than they would have otherwise, and this gets absorbed in the rents. Landlords must make up 

the additional costs and so charge higher rents. 

 

Overall, the long-term viability of a BID (i.e., the benefits of the BID outweighing the costs in 

the long term) suggests that the benefits of the BID generally outweigh its costs. This is 

generally reflected in the findings of positive impacts on rents. If a BID becomes unprofitable, 

firms can vote for its discontinuation. Some BIDs did vote for discontinuation and so the 

findings of this thesis do not confirm that BIDs are a universal solution for all districts, and in 

some instances, the costs of BIDs do outweigh the benefits. 

 

A suggestion for further research is to replicate this study in a few years. This thesis included 

8 more years of data than in De Vries’ (2016) research, however, BID data from 2020 onwards, 

up until the present moment will be useful, especially in capturing the effects of Covid-19 on 

BIDs that were established during and after the pandemic. It would be valuable to redo this 
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analysis in the future when additional rent transactions have occurred. Furthermore, additional 

BID information and a larger number of transactions could enable the measurement of the 

impacts of BID characteristics; such characteristics could include size (determined by the 

number of firms within the BID), tax rates (of which data is available to the patient web 

scrawler or from surveys), types of firms/industry types and regions and cities. I found that in 

looking at industry types and cities, there often were not enough observations available once 

filtering had been applied. However, in the future, when more data is available, it will be 

valuable to explore heterogeneity in this regard. It would also be useful to look at the effects of 

BIDs on property values to see whether they exhibit the same growth as shown in rents. It 

would be valuable to look at the effects of industrial BIDs on industrial real estate vacancy 

rates (of which data I did not have access to). Furthermore, it would be insightful to explore 

the impacts of BIDs on local employment.  

 

The benefits of BIDs are not necessarily only economic: it would be useful to look at the effects 

of BIDs on social metrics such as crime rates, footfall, and consumer and business satisfaction, 

amongst others.  

 

Lastly, conducting a survey on BID-participating firms would be insightful. In this survey, 

questions on tax levels, voting scores, what types of local public goods were financed, and 

other metrics could be asked to gain deeper insights into the workings and impacts of BIDs. 
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Appendix 

 

(A) Shopping BIDs and control areas (B) Industrial BIDs and control areas 

Figure 1: Maps showing locations of BIDs and control areas in the Netherlands 
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Table A-1: Regression results - industrial BIDs and rents 

 
 

Model name 
 

(1) 

Base model 
 

(2) 

Base model 
 

(3) 

Base model 
 

(4) 

1st 
comparison 

area 

(5) 

2nd 
comparison 

area 

(6) 

3rd 
comparison 

area 

(7) 

4th 
comparison 

area 

Control group All 
observation

s 

All 
observation

s 

All 
observation

s 

Voting 
districts 

Previously 
in BIDs 

Close to 
BIDs 

(5000-
2000m) 

Combinatio
n of (4) to 

(6) 

Dependent variable Rent m² 

(log) 

Rent m² 

(log) 

Rent m² 

(log) 

Vacancy 

rate 

Vacancy 

rate 

Vacancy 

rate 

Vacancy 

rate 

        
BID variables        

Post-BID 0.1988** 0.2036** 0.2531** 0.3472** 0.1896 0.2800*** 0.2853*** 

 (0.0953) (0.0920) (0.1131) (0.1395) (0.1187) (0.1050) (0.1051) 
Ever-in-a-BID -0.0220 -0.0106 0.0477 - - - - 

 (0.0584) (0.0559) (0.0762)     

Property characteristics        
Footprint - 0.0002 0.0004 0.0009 0.0015 0.0001 -0.0001 

  (0.0003) (0.0003) (0.0021) (0.0015) (0.0003) (0.0003) 

Surface (log) - -0.0639*** -0.0650*** -0.1013** -0.0389 -0.0553*** -0.0589*** 
  (0.0062) (0.0066) (0.0500) (0.0483) (0.0063) (0.0059) 

New - 0.3238*** 0.2318*** 0.0897 0.0309 0.2851*** 0.2765*** 

  (0.0252) (0.0274) (0.1712) (0.2036) (0.0274) (0.0264) 
Renovated - 0.2477*** 0.2103*** -0.2699 -0.5446*** 0.2290*** 0.2212*** 

  (0.0666) (0.0733) (0.1857) (0.1639) (0.0673) (0.0649) 

Sale-leaseback - 0.3416*** 0.3228*** 0.2737 0.1024 0.2823*** 0.3065*** 
  (0.0705) (0.0775) (0.3581) (0.4597) (0.0756) (0.0737) 

Industrial Building - - - -0.7895*** -0.7252*** -0.8692*** -0.8638*** 

    (0.0996) (0.1365) (0.1487) (0.1478) 
Mixed Building - - - - - -0.1598 -0.1551 

      (0.1485) (0.1477) 

Office Building - - - - - -0.2672 -0.2117 
      (0.1791) (0.1785) 

No Category Building  - - - - - - - 

        
Parking - 0.3605*** 0.2945*** 0.1750 -0.0348 0.1580*** 0.1644*** 

  (0.0174) (0.0189) (0.1074) (0.1341) (0.0158) (0.0149) 

No Parking - - - - - - - 
        

Distance to city center - -0.0019*** -0.0023*** 0.0036 0.0156 -0.0014** -0.0015** 

  (0.0006) (0.0007) (0.0239) (0.0128) (0.0007) (0.0007) 
Construction Year - 0.0000*** 0.0000** 0.0005 -0.0001 0.0000 0.0000** 

  (0.0000) (0.0000) (0.0019) (0.0018) (0.0000) (0.0000) 

Size*Building Type - - - -0.0002** -0.0001 -0.0000 -0.0000** 
    (0.0001) (0.0001) (0.0000) (0.0000) 

Size*Transaction Year - -0.0000 -0.0000 -0.0000 -0.0000 -0.0000 0.0000 
  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Fixed effects 

Postcode 4 

 

No 

 

No 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Transaction year Yes Yes Yes Yes Yes Yes Yes 

        
Constant 4.2542*** 4.6241*** 4.6429*** 4.6448 5.3890 5.3331*** 5.3326*** 

 (0.0071) (0.0413) (0.0442) (3.6981) (3.4321) (0.1530) (0.1516) 

        
Observations 17,078 17,078 13,860 250 162 12,459 13,826 

R-squared 0.0341 0.0909 0.2358 0.5010 0.6706 0.3992 0.4021 
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Table A-2: Regression results - shopping BIDs and rents 

 
 

Model name 
 

(1) 

Base model 
 

(2) 

Base model 
 

(3) 

Base model 
 

(4) 

1st 
comparison 

area 

(5) 

2nd 
comparison 

area 

(6) 

3rd 
comparison 

area 

(7) 

4th 
comparison 

area 

Control group All 
observation

s 

All 
observation

s 

All 
observation

s 

Voting 
districts 

Previously 
in BIDs 

Close to 
BIDs 

(5000-
2000m) 

Combinatio
n of (4) to 

(6) 

Dependent variable Rent m² 

(log) 

Rent m² 

(log) 

Rent m² 

(log) 

Vacancy 

rate 

Vacancy 

rate 

Vacancy 

rate 

Vacancy 

rate 

        
BID variables        

Post-BID 0.0169 0.0049 0.0267 0.0545 0.0832* 0.1085*** 0.1513*** 

 (0.0422) (0.0397) (0.0374) (0.0461) (0.0446) (0.0413) (0.0386) 
Ever-in-a-BID 0.2305*** 0.1954*** 0.2288*** - - - - 

 (0.0241) (0.0218) (0.0293)     

Property characteristics        
Footprint - 0.0000** 0.0000*** -0.0000* -0.0000* -0.0000 -0.0000 

  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Surface Log - -0.3914*** -0.3487*** -0.3150*** -0.3067*** -0.3167*** -0.3212*** 
  (0.0068) (0.0071) (0.0197) (0.0190) (0.0165) (0.0140) 

New - 0.0667*** 0.1076*** 0.1712*** 0.1804*** 0.1309*** 0.1172*** 

  (0.0209) (0.0207) (0.0592) (0.0538) (0.0472) (0.0389) 
Renovated - 0.1636*** 0.1009** 0.0471 0.0888 0.0952 0.1335 

  (0.0413) (0.0436) (0.0990) (0.1107) (0.0849) (0.0884) 

Sale-leaseback - (0.1409) (0.0924)    (0.1744) 
  -0.1808*** -0.1406*** -0.3514** -0.3470** -0.2387* -0.2824*** 

  (0.0320) (0.0387) (0.1539) (0.1378) (0.1314) (0.1095) 

No parking - - - - - - - 
        

Distance to city center - -0.0014 -0.0024** -0.0130* -0.0093 -0.0074** -0.0070** 

  (0.0010) (0.0010) (0.0075) (0.0070) (0.0033) (0.0032) 
Construction Year - -0.0000 0.0000*** 0.0000 0.0000 0.0000 -0.0000 

  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Size*Transaction Year - 0.0000** 0.0000*** 0.0000*** 0.0000*** 0.0000*** 0.0000*** 
  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 

Fixed effects 

Postcode 4 

 

No 

 

No 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Transaction year Yes Yes Yes Yes Yes Yes Yes 
        

Constant 5.1645*** 7.2075*** 6.9522*** 7.0490*** 6.9808*** 6.9880*** 6.9476*** 

 (0.0090) (0.0391) (0.0391) (0.1035) (0.0999) (0.0870) (0.0741) 
        

Observations 16,382 16,382 13,604 1,954 2,101 2,656 3,520 

R-squared 0.0540 0.3356 0.4994 0.4738 0.4838 0.5044 0.5304 
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Table A-3: Regression results - shopping BIDs and vacancies 

 
 

Model name 
 

(1) 

Base 
model 

 

(2) 

Base 
model 

 

(3) 

Base 
model 

 

(4) 

1st 
comparis

on area 

(5) 

2nd 
comparis

on area 

(6) 

3rd 
comparis

on area 

(7) 

4th 
comparis

on area 

(8) 

Model 

6a 

(9) 

Model 

6b 

Control group All 
observati

ons 

All 
observati

ons 

All 
observati

ons 

Voting 
districts 

Previous
ly in 

BIDs 

Close to 
BIDs 

(5000-
2000m) 

Combina
tion of 

(4) to (6) 

  

Dependent variable Rent m² 

(log) 

Rent m² 

(log) 

Rent m² 

(log) 

Vacancy 

rate 

Vacancy 

rate 

Vacancy 

rate 

Vacancy 

rate 

Structura

l 
vacancie

s 

Frictiona

l 
vacancie

s 

          

BID variables          
Post-BID 0.0005 0.0039 0.0086*

** 

0.0064*

* 

-

0.0069*

* 

0.0113*

** 

0.0080*

** 

-0.0010 0.0079*

** 

 (0.0023) (0.0026) (0.0022) (0.0025) (0.0030) (0.0023) (0.0023) (0.0012) (0.0008) 

Ever-in-a-BID 0.0053*

** 

0.0022 0.0037* - - - - - - 

 (0.0014) (0.0015) (0.0020)       

Property characteristics          

Size - -
0.0000*

** 

-
0.0000*

** 

-
0.0000*

** 

-
0.0000*

** 

-
0.0000*

** 

-
0.0000*

** 

-
0.0000*

** 

-
0.0000*

** 

  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Building Height - 0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 

0.0000*

** 

  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Construction Year - 0.0000*

** 

0.0000*

** 

0.0000*

* 

0.0000*

* 

0.0000*

* 

0.0000*

** 

0.0000*

** 

-0.0000 

  (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Fixed effects 

Postcode 4 
 

No 

 

No 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Transaction year Yes Yes Yes Yes Yes Yes Yes Yes Yes 

          
Constant 0.0597*

** 

-0.0104 0.0053 0.0246*

* 

0.0287*

* 

0.0273*

** 

0.0113 -0.0041 0.0112*

** 

 (0.0004) (0.0069) (0.0071) (0.0105) (0.0111) (0.0102) (0.0114) (0.0038) (0.0013) 
          

Observations 4,172,94

4 

3,440,27

0 

3,440,25

9 

268,330 293,481 438,716 717,354 3,440,25

9 

3,440,25

9 
R-squared 0.0017 0.0046 0.0223 0.0185 0.0206 0.0204 0.0204 0.0176 0.0107 
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Table A-4: Regression results - Heterogeneity on cities - shopping BIDs and vacancies 

 
 

 
 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 

Control group Amst

erdam 

Rotter

dam 

Den 

Haag 

Eindh

oven 

Tilbur

g 

Breda Haarl

em 

Zwoll

e 

Amer

sfoort 

Deve

nter 

Heerl

en 

Zoete

rmeer 

Gorin

chem 

Roer

mond 

Heng

elo 

                

Post-BID 0.009

2** 

0.000

5 
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