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Abstract: The supply of ecosystem services and the benefits that peri-urban areas provide to society
are increasingly being modeled and studied using various ecological, environmental, social, and
economic approaches. Nevertheless, the different types and levels of demand, preferences, or
values for ecosystem services that different human beneficiaries have, often require information and
econometric methods to account for human awareness or knowledge of the spatial underpinnings
behind these processes, services, and benefits. Specifically, spatial information regarding the location
of an ecosystem, its functions, and its services can play an important role in the value and support for
policies affecting conservation of peri-urban ecosystems such as payments for ecosystem service (PES)
programs. Such PES programs are policy instruments that promote the use of ecosystem services for
resources management and conservation objectives. Therefore, to better address this understudied
aspect in the landscape ecology and peri-urban ecosystem services modeling literature, we used an
online, interactive, spatially explicit survey (n = 2359) in Bogotá, Colombia to evaluate the role of
spatial information on investment and policy preferences for such programs. Using an econometric
approach to account for respondents’ spatial literacy (i.e., spatial information) of peri-urban ecosystem
services, we analyzed how knowledge of space affected an individual’s choices related to ecosystem
services and the economic value of environmental and conservation policies. We found that, as
spatial literacy increased, respondents were more likely to prefer that government invest in regulating
ecosystem services, specifically water resources, and less likely to prefer investing in other ecosystem
services. Although spatial literacy did not necessarily affect respondent’s actual willingness to pay
(WTP) for these policies in the form of monthly monetary payments, it did influence the types of
programs respondents cared about and the magnitude of resources they were willing to invest.
Our findings suggested that increasing spatial literacy would change preferences for government
spending but not an individuals’ WTP in contexts such as peri-urban areas and PES programs.
Results could be used by landscape ecologists, conservation biologists, natural resource scientists,
and environmental/ecological economists to better understand and design more efficient education,
conservation, and management strategies to increase public engagement in peri-urban contexts.

Keywords: policy preferences; payments for ecosystem services; water resources; participatory GIS;
wildland-urban interface

1. Introduction

Ecosystems in peri-urban areas provide a suite of goods and services to communities
across the globe [1,2]. These unique ecosystems present a wicked problem where the
juxtaposition of these natural and highly disturbed ecosystems, landscapes, and their
structures and functions are interacting and intermixed with novel assemblages—not only
of flora and fauna, but of people, infrastructures, technologies, institutions, governments,
and land tenure systems [3,4]. Because of the proximity of these ecosystems to large, often
highly populated urban areas that require their services and goods, these peri-urban areas
are often protected using different policies and programs such as payment for ecosystem
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services (PES) programs [5]. In PES programs, diverse urban stakeholders with varying
level of influence and power who are interested in maintaining a sustainable supply
of ecosystem services from these peri-urban areas will pay peri-urban stakeholders to
conserve or manage the structure, function and biodiversity of these wildland-urban
interface ecosystems [6,7]. As such, peri-urban ecosystems and PES in mountainous, large
metropolitan areas of North and South America (e.g., Bogota, Colombia, Los Angeles, USA,
Denver, USA, Mexico City, Mexico, San Jose, Costa Rica, Quito, Ecuador, and Santiago,
Chile) are typically targets of conservation projects, funded either through private or
government investment [8–10].

Although ecological and environmental scientists frequently use field-based methods
(as well as modeling and geospatial approaches) to measure the supply of ecosystem ser-
vices, socioeconomic valuation methods are also used for studying the value or importance
that society places upon benefits and subsequent policies targeting the conservation of
ecosystems and their inherent services [11]. For government-funded programs and pri-
vate conservation initiatives, public engagement processes are often used to determine
government spending or private donation priorities for conservation [12]. However, an
understudied aspect of conservation valuation in these peri-urban contexts is the role of
spatial information and how it influences awareness and preference for certain ecosystems
and their services— in addition to prioritization of conservation projects [13,14]. This
has held true despite other studies showing that information about society’s demand or
preferences for different ecosystem services could be important for policy formulation
and education campaigns [15–17]. Accordingly, there was a need to study whether an
individual’s level of information about the spatial location of the supply of ecosystem
services (i.e., spatial literacy) would influence their investment preferences for conservation
of ecosystems, landscapes, and their services, as well as their willingness to pay (or not
pay) for various policies regarding conservation near highly-populated urban areas.

There are several important reasons for considering spatial information in the context
of peri-urban conservation projects. First, from a biophysical perspective, it highlights the
need to better understand and account for the driving factors behind peoples’ preferences
for certain ecosystems and services, which have often been ignored by past research [18]
but have been shown to be important [19]. Spatial information, in particular, can change
an individual’s preferences [20], and has been shown to change the way individuals
rank policies [19]; thus, it requires further investigation. Second, socioeconomically, this
information is a policy lever that decision-makers can utilize to better design polices and
education programs [21]. For example, Dertwinkel-Kalt (2016) [21] used an econometric
approach to show that investments in information (e.g., education) might have had an
indirect influence on individuals’ value and preference for certain policies [22]. Despite the
availability of ecosystem service modeling and valuation literature, little available literature
exists that documents a relationship between an individual’s preferences for certain policies
and how spatial information affects their knowledge or preferences.

Quantifying such demand for peri-urban ecosystem services provides an important
component to policy formulation and planning that is often not included in ecosystem
services supply studies. Many studies in ecology and environmental science literature often
focus on the production (i.e., supply) of ecosystem services [15,22]. However, focusing on
ecosystem service supply fails to capture public demand for ecosystem services. Measure-
ments of demand, especially with spatial considerations, helps fill this gap by allowing
decision makers to assess policy viability, public sentiment, and other important features
with metrics of demand, rather than just supply [20]. For instance, valuation metrics might
be necessary for performing benefit-cost analyses, where non-market economic benefits
must be estimated. Similarly, the ability of individuals to identify ecosystems and their
functions has been studied, but these studies assumed that individuals can comprehend
cartographic information and complex biogeochemical processes [23,24]. Furthermore, the
effect of spatial information on people’s valuation of ecosystem services has rarely been
studied [25,26].
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Some studies have used elicitation-based methods to assess people’s preferences
and demand for different ecosystem services and goods, such as stated preference meth-
ods (e.g., contingent valuation, choice experiments) [27–30]. Participatory processes
and more deliberative valuation methods also regularly use spatial information, in the
form of maps, to communicate environmental management issues with various types of
stakeholders [31–33]. Maps and other cartographic information have been used for var-
ious purposes and in multiple geographic locations. However, these efforts have often
used a reduced or limited number of sample participants [34,35]. Other ecosystem service
assessments have discussed people’s inability to perceive ecosystem-level biophysical
processes [36]. Such spatially explicit ecosystem service studies have observed that some
participants failed to read maps accurately and could not locate specific sources behind
the supply of ecosystem services [26]. Despite this, many valuation studies have assumed
that participants were spatially literate and thus had sufficient spatial information and
knowledge to participate in such valuation exercises [23,24].

Spatial information, in the context of ecosystem service valuation, can be defined as the
body of knowledge an individual has with respect to the locations of resources or ecological
processes [33,37]. For example, an individual may have spatial information regarding
a particular water resource if they know the location of a river and the corresponding
watershed that draws water from that river or where they are supplied with water. Spatial
information is difficult to measure in most conventional surveys [38]; however, knowledge
and awareness of spatial information can be estimated by testing respondents’ ability
to locate environmental amenities using cartographic maps and models. Using such an
approach, researchers can develop metrics or indices which serve as a proxy to measure
the degree of spatial information a respondent has. Such a metric could be used in a
valuation study to approximate the level of spatial information of which a participant has
knowledge [18]. Previous studies have used survey instrument and maps for non-market
valuation of resources and to assess an individual’s perception of ecosystem structure and
function [37,39,40].

Given the above background on peri-urban ecosystem services and how their supply
and demand have been studied, there is a need to better understand how spatial infor-
mation affects peri-urban ecosystem services. Therefore, the aim of this study was to
understand whether spatial information affected survey respondents’ investment prefer-
ences and their willingness to pay (WTP) for ecosystem service-related polices and benefits
from peri-urban areas. Specifically, this study had three research objectives. First, we
examined how spatial information drove preferences for government investments, as well
as the magnitudes of those investments. Second, we modeled whether spatial information
impacted a respondent’s WTP. Finally, we analyzed how sociodemographic drivers of the
survey respondents impacted investment preferences and WTP.

In the below methods and results, this study refers to investment preferences (IP) as a
metric for respondents’ preferences for their government to invest in specific policies and
programs related to peri-urban ecosystem services. It is important to note that our use of IP
differed from the more conventional use of the WTP metric in the relevant literature, in
that the respondent was considering the budget constraint of a government entity rather
than their own budget constraint when formulating IP. This is an important distinction in
the economic valuation field, in that, in WTP measurements, respondents also consider
trade-offs with their own money. Therefore, WTP incorporated the full opportunity costs
to a respondent, whereas IP does not. That said, our use of IP, as laid out below, was still a
policy-relevant measure that evaluated the degree of support a respondent has for investing
in a suite of programs [41].

2. Materials and Methods
2.1. Study Area

The study area was the northern peri-urban or urban-interface area of Bogotá, Colom-
bia (Figure 1). The country of Colombia is also shown, for reference, in Figure 2. The
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study area also included the eastern Andes mountains and accounted for several land
use cover and ecosystem types, located in both mountainous areas and a high elevation
plain within the study area. The elevation ranged from 2600 m to 3500 m above sea level.
Precipitation varied from about 600 mm per year to 1200 mm per year and had an annual
average temperature of 14 ◦C [32]. The study area included the urban land use and land
cover city of Bogotá as different administrative areas and sociodemographic characteristics,
as well as the peri-urban areas that surrounded the city, covering an area of approximately
1075 km2 [42]. The city of Bogotá and its surrounding communities within the study area
had approximately 7.5 million inhabitants [43]. The study area was one of the country’s key
regions for agricultural and industrial production [44]. The area used for the online survey
instrument in Section 2.3 extended from coordinates −74.21 latitude (lat), 5.02 longitude
(long) to −73.91 lat, 4.73 long.
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2.2. Policy Analysis Approach

Analyses were based on two distinct measurements, or metrics, relating to the pref-
erences of various stakeholders for specific ecosystem services and related benefits and
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policies living in, working, and visiting the study area. In the survey, respondents were
required to select five out of nine potential areas of government investment, and then
distribute a fixed amount of money across each program they selected (See Section 2.3.2).
By doing so, the survey solicited the respondents’ IPs for local and regional governments
directing resources towards certain environmental programs.

The survey also analyzed the WTP of an individual by requiring respondents to
answer a hypothetical scenario related to an increase in their water bill to fund additional
investments in forest resources conservation (See Section 2.3.2). Because the respondents
considered the entire bundle of opportunity costs (since they were considering their own
income constraints) this was a measurement of WTP [45,46].

Although we considered several ecosystem services that were relevant to this study
area, the provision of water resources was of particular interest [2]. Water was the payment
mechanism considered by the WTP question and may have also been the most salient
question in the IP section as well. Water resources are also important for Bogotá, Colombia,
since water security is key for drinking water, food and energy production, and even
for conserving biodiversity and wetland habitat [9]. In fact, water and energy security
have also been the focus of several large conservation finance projects around Bogotá (i.e.,
PES) [47].

2.3. Survey and Data

As part of a larger project on peri-urban forest conservation and socio-ecological
trajectories, a survey was conducted online using Qualtrics to assess the respondent’s
socioeconomic characteristics, ecosystem service perceptions, and opinions concerning key
environmental issues in the study area. Additionally, map literacy was assessed [9,25].
Sociodemographic data collected included age, gender, number of years of living in the
study region, residence in the study area (yes/no), type of employment, education level,
urban or rural residence, and income.

The survey included an interactive map of the study region overlaid with a high-
resolution satellite image (Figure 1). Respondents used the map to identify locations in the
study area, including those of environmental amenities [20]. The survey was pretested with
14 experts and then the finalized instrument was sent to an email list during the period of
November 2018–February 2019. Reminders to non-respondents to the survey were also
sent in mid-December and early January to account for a period of national holidays. The
survey was sent out to a total of 4532 e-mails from a list provided by Bogotá’s District
Secretariat for Planning. A total of 2359 respondents completed the entire survey, for a
response rate of 52%. The Secretariat’s e-mail list contained the addresses of different
stakeholders interested in, or who had participated in, governance-related issues in and
around Bogotá. Using snowball sampling, the survey instrument was also forwarded by
e-mail recipients to other respondents in and around Bogotá. See Section 2.3.2 for the
sociodemographic characteristics of these survey instrument respondents.

2.3.1. Spatial Literacy Questions

The survey calculated a spatial literacy index developed by Escobedo et al. (2022) [20].
Respondents identified and located amenities and locations that were clearly visible on
the survey’s online map. After a series of follow up questions regarding their perception
of their performance, the respondents’ answers were used to calculate an index of spatial
literacy. The index itself was calculated from the distances between the respondent’s
answers and the actual locations of the benefits, normalized to vary between 0 and 1. The
survey found that the mean spatial literacy index was 0.85 [20], with a value of 1 being a
perfect score. For specific details on the spatial literacy index and evaluation of the actual
positional accuracy of the three landscapes identified by the respondents, see [20].
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2.3.2. Questions regarding Investment Preferences

To assess IPs, survey respondents were asked to hypothetically invest a fixed budget
across a set of different ecosystem service-related programs listed in Table 1. Monetary
values were reported in Colombian pesos (COP). They were presented with a total of 9
different programs and were asked to invest a hypothetical COP $100 million across 5 of
these 9 programs. Specifically, they were asked “If you were the mayor of Bogotá and
had a hypothetical budget of COP $100 million to invest in forest conservation related
options, how would you distribute the COP $100 million across these different programs
and ecosystem benefits (Distribute these funds in a maximum of 5 different programs
and benefits)”.

Table 1. The list of programs and policies in the survey questions regarding government investment
in ecosystem services.

Natural disaster mitigation: Invest in programs that control flooding and mitigating mass wasting
events

Environmental
education: Invest in environmental education and nature immersion programs

Agricultural production: Invest in the production of agricultural goods

Climate change: Invest in climate change adaptation programs

Water supply programs: Invest in programs and increase water supply

Wood and timber supply: Invest in fuelwood and timber production program

Landscape legacy and
heritage: Invest in programs that preserve a landscape’s history and patrimony

Protecting biodiversity: Invest in programs and preserve and conserve biodiversity and natural
habitats

Recreation and ecotourism: Invest in programs that promote ecotourism and recreation

Respondents selected their 5 most preferred programs from Table 1. Afterward, re-
spondents were presented with a fixed amount of money and told to divide the money
between each of the 5 programs they previously selected. The summary statistics for both
the preliminary (Prelim) and final (Final) datasets are shown in Tables 2 and 3 Overall, the
values were similar between the Prelim and the Final dataset. To assess the representative-
ness of the survey sample relative to the study area, we also included the means for several
analyzed sociodemographic variables from our study area (Table 2).

Table 2. Sociodemographic characteristics for the survey respondents (n = 2359) in both the Prelim
and Final data sets. Study area socio-demographics are also presented. Note: since some of the
variables were designed based on the study’s research objectives, many do not have an equivalent in
a National- or Regional-level census. Additionally, some means were only available at the Bogotá
DC, Department of Cundinamarca, or National level, as indicated in Comments. Links to the sources
used to report the study area means are found in websites reported in Appendix B.

Variable Mean
(Prelim)

Mean
(Final)

Mean
(Study Area) Comments (Source)

Female 0.58 0.545 0.485 Average for Bogota DC.Error! Hyperlink
reference not valid.

Years resided 22.752 23.633 N/A No comparable census information.

Age (years) 33.298 34.698 31
Average age in Colombia, since census data

reports age ranges for Bogota and
Cundinamarca.

Wages ($COP) 5.472 5.498 N/A

Wages = the number of legal monthly
minimum wages. This number times

COP$877,802 = mean monthly household
income.

Foreigner (%) 0.021 0.017 0.023 Average for Colombia
Urban (%) 0.891 0.892 0.71 Average for Department of Cundinamarca
Rentals (%) 0.31 0.306 0.35 Average for Colombia
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Table 3. Descriptive statistics for the Prelim and Final datasets used in the valuation analysis for
Bogotá, Colombia. SD, standard deviation; OBS, observations; WTP, willingness to pay; SLI; spatial
literacy index. The number of observations for the cleaned dataset are 2359 for each variable reported.

Variable Mean
(Prelim)

SD
(Prelim)

OBS
(Prelim)

Mean
(Final)

SD
(Final)

WTP ($COP) 14,501.18 15,151.85 2542 14,863.50 15,213.49
SLI 0.851 0.127 2397 0.851 0.128

Incorrect locations 1.809 0.904 2397 N/A N/A
Agricultural production 5.681 10.275 3396 5.444 10.821
Water supply programs 22.514 18.669 3396 22.778 20.102

Landscape Legacy 9.299 11.877 3396 8.911 12.25
Environmental education 9.817 12.154 3396 9.627 13.136

Wood and timber production 3.19 8.173 3396 3.182 8.454
Natural disaster mitigation 10.909 13.06 3396 11.167 13.946

Protecting biodiversity 18.938 16.554 3396 18.771 17.451
Climate change 13.208 15.834 3396 13.772 16.894

Recreation and ecotourism 6.444 11.505 3396 6.349 11.788

2.3.3. Questions regarding WTP

Respondents were also given background information explaining the ecological and
socioeconomic importance of the upper Andean peri-urban forests surrounding Bogotá.
They were then presented with a contextualized question regarding payment: “Would you
be willing to pay an additional COP $10,000 in your bi-monthly water bill if you could
guarantee greater protection for the forests referenced in the survey material? (Yes or
no)”. If the respondent answered “Yes”, a similar question would be presented asking if
the individual wanted to pay a higher amount. This process would iterate until either a
maximum value was reached (COP $50,000), or the respondent selected “No”. Similarly, if
a respondent selected “No”, a similar question would be presented asking if the individual
would pay a lower amount. This process would also iterate until either COP $0 was
reached, or until the respondent selected “Yes”. The responses and iterations for each
respondent were stored, which allowed for the calculation of WTP from the responses by
taking the final value the respondent selected “Yes” for, or COP $0 if the respondent always
selected “No”.

2.4. Empirical Approach

To model IP, a combination of multivariate nonlinear probit models and a multivariate
Ordinary Least Squares (OLS) regression were used. Results from the probit model were
then incorporated into the OLS regression to control for respondents’ category selection. A
multivariate OLS regression was then used to model WTP. For these analyses, we used R
version 4.0.2 [48] and R studio version 1.3.1093 [49].

2.4.1. Modeling Investment Preferences

There were two decisions respondents had to make in order to indicate their IP. First,
they selected a program to invest in (from Table 1), and second, they reported the magnitude
of their investment from the COP $100 million available. Thus, the decision was made in
two stages. Spatial information, or any of the sociodemographic variables, might have
affected these two distinct decisions in different ways. Therefore, to investigate these effects,
IP was modeled, first as an OLS regression (Equation (1)), and next as a two-stage model
with a probit model and an OLS regression where outputs of the probit model were used
in the OLS regression (Equations (2) and (3)).

The first model (Equation (1)) was a standard multivariate OLS regression. The
coefficients that were obtained from estimating Equation (1) were the effects each variable
had on both the selection and magnitude decisions.

M1,iz = a1,z + β1,zSi + γ1,zXi + εi (1)
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In Equation (1), M1,iz is the magnitude an individual (i) invests in a category (z), Si is
the spatial literacy index, and Xi is a set of sociodemographic control variables that include
gender, years residing in Bogotá, age, high wages, foreign status, student, and whether the
respondent is renting. Further, a1,z is a constant, β1,z is the parameter estimate on spatial
literacy, γ1,z is a collection of parameter estimates on other control variables, and εi is the
error term.

However, spatial literacy, as well as other covariates, could influence the decision
to select a category for investment in a different way than the preferred magnitude of
investment. Equation (1) would not be able to disentangle the effects of each variable on
both the selection and magnitude decisions separately. Therefore, a two-stage model that
specifies and estimates a set of probit models for each category was selected (Table 1). The
probit model was able to estimate the probability respondents selected a given category,
consistent with a Heckman two-step approach [50]. Equation (2) presents a probit model
for a given investment category.

prob(Iiz = 1) = a2,z + β2,zSi + γ2,zXi + εi (2)

In Equation (2), Iiz is an indicator that equals 1 if there is any investment in that
category, and 0 otherwise. The z index denotes the category of investment (e.g., water
quality, forest protection, landscape legacy, etc.).

Following the Heckman two-step procedure [50], probit models were used to gener-
ate an Inverse Mills Ratio (IMR) [48]. The IMR was then included as a control variable
in Equation (3). The IMR is a measure of the probability of a specific category being se-
lected [41]. Including the IMR in a linear regression provided a way to control for the
selection of an IP category z in a multivariate OLS regression [48].

M2,iz = a3,z + β3,zSi + δzIMRi,z + γ3Xi + εi (3)

In Equation (3), the coefficient on the IMR is δz. Estimating Equation (3) provided the
effect of the spatial literacy index on the magnitude of the investment, but conditional on
the respondent selecting a given category. This allowed us to assess whether changes in IPs
resulting from an individual’s spatial literacy were due to respondents preferring different
categories or respondents preferring to invest more money into a category they selected.
Estimating Equation (1) provided the average effect (i.e., the effects of the selection and
magnitude stages together), whereas Equations (2) and (3) provided a way to separate these
effects and report the effects of each variable on both category selection and magnitude
of investment.

2.4.2. Modeling Willingness to Pay

An OLS regression was used to examine the drivers of the WTP levels and whether
spatial literacy influenced WTP. Because there was no selection stage, a probit model that
modeled category selection was not needed.

Wi = a4 + β4Si + γ4Xi + εi (4)

In Equation (4), Wi is WTP, Si is the spatial literacy index, and Xi is a set of sociodemo-
graphic control variables as reported in Table 2. In Equation (4) a4 is the constant, β4 is the
parameter estimate on spatial literacy, γ4 is a collection of parameter estimates on other
control variables, and εi is the error term.

3. Results

The estimation of Equations (1)–(3) (Section 3.1) and Equation (4) (Section 3.2) provided
results regarding which variables were statistically significant determinants of IP and WTP.
The R2 obtained from estimating Equations (1), (3), and (4) were low. Although these models
should not be used to predict the WTP or magnitudes of IP, the aim of our econometric-
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based analysis was to understand the marginal effects of spatial literacy, as well as the
other control variables, on IP and WTP. Thus, as is typical in econometric analyses, the R2

value was a secondary concern relative to the statistical significance and magnitude of the
explanatory variables’ coefficients. A preliminary analysis that examined the correlations
between IP variables, WTP, and sociodemographic variables can be found in Appendix B.

3.1. Investment Preference Models

Summaries of the results from estimating Equations (1)–(3) are presented in Tables 4–6.
For each IP category, Tables 4–6 report whether the spatial literacy index was significant
and the value and level of statistical significance of the coefficient for the spatial literacy
index, as well as a list of other statistically significant variables. The regression results were
reported in Appendix B.

Table 4. Empirical results for the Ordinary Least Squares model of investment preferences, not
controlling for whether an individual selects a given category or not. The results reflect the aggregate
effect of category selection and magnitude selection.

Investment Program
Is Spatial Literacy

Statistically
Significant?

Spatial Literacy
Coefficient

Other Statistically
Significant Variables

Agricultural production Yes −0.074 * Constant
Water supply programs Yes −0.084 * Constant

Landscape Legacy Yes 0.148 * Constant

Environmental education No −0.031 High wages, gender,
student, constant

Wood and timber production No 0.014 Student, constant

Natural disaster mitigation No 0.016 Gender, constant
Protecting biodiversity No 0.003 Gender, constant

Climate change No −0.039 Rent, constant
Recreation and ecotourism No 0.046 Age, student, constant

Note: n = 2359. * p < 0.01.

Table 5. Nonlinear probit model of the probability of a respondent selecting a given category for
investing in an ecosystem service program.

Investment Program
Is Spatial Literacy

Statistically
Significant?

Spatial Literacy
Coefficient

Other Statistically
Significant Variables

Agricultural production Yes −0.008 *** High wage, rent,
constant

Water supply programs Yes −0.018 *** Rent, constant

Landscape Legacy Yes 0.011 *** No other significant
variables

Environmental education Yes −0.004 ** gender, student
Wood and timber production No 0.0003 Student
Natural disaster mitigation No 0.00004 High wage, student, rent

Protecting biodiversity No −0.001 Constant
Climate change No −0.002 Student, constant

Recreation and ecotourism Yes 0.004 * Age, constant
Note: n = 2359. *** p < 0.01; ** p < 0.05; * p < 0.10.

Overall, spatial literacy had a statistically significant effect (p value < 0.01) on three
policy categories: agricultural production, landscape legacy, and water supply programs
(Table 4). A higher spatial literacy reduced the IP in agricultural production and wood
and timber production; however, it increased the preferred investment in water supply
programs. Higher spatial literacy also increased the preferred investment in landscape
legacy. There was no consistent effect of sociodemographic variables on preferences for
government investment.
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Table 6. Results for two-stage model. The second stage is an Ordinary Least Square regression on the
magnitude of investment for a respondent. By including the Inverse Mills Ratio in the regression, we
control for the probability that a respondent selects a given category.

Investment Program
Is Spatial Literacy

Statistically
Significant?

Spatial
Literacy

Coefficient

Is the Inverse
Mills Ratio
Significant?

Other Statistically Significant
Variables

Agricultural production Yes −0.790 ** Yes Age, high wage, resident, gender,
student, foreign, rent, constant

Water supply programs No 0.298 No Constant
Landscape Legacy No −0.176 No No other significant variables

Environmental education Yes −0.472 ** Yes
Age, high wage, resident, gender,
high education, student, foreign,

constant
Wood and timber

production Yes −0.076 * Yes High wage, resident, gender,
student, foreign, constant

Natural disasters No 0.017 No No other significant variables
Protecting biodiversity No 0.105 No No other significant variables

Climate change No −0.002 No No other significant variables
Recreation and

ecotourism No −0.079 No Student

Note: n = 2359. ** 0.01< p < 0.05; * 0.05< p < 0.10.

The summary for estimating Equation (2) can be found in Table 5. Higher spatial liter-
acy resulted in respondents being less likely to select agricultural production, water supply
programs, and environmental education. Conversely, higher spatial literacy resulted in
respondents being more likely to select the landscape legacy and recreation and ecotourism
categories (Table 5). Estimating Equation (2) found a similar set of inconsistent results in
Table 5 as in Table 4, with respect to the effects of sociodemographic variables. Student
status had a statistically significant effect on the selection of environmental education,
wood and timber production, natural disaster mitigation, and climate change categories.

Table 6 reports if the IMR was statistically significant, in addition to whether spatial
literacy was significant, the coefficient on spatial literacy, and the list of other statistically sig-
nificant control variables. Results indicated that spatial literacy had an effect on magnitudes
for three out of the nine investment program categories (agricultural production, environ-
mental education, and wood and timber products). Higher spatial literacy reduced the
magnitudes of preferred investment for agricultural production, environmental education,
and wood and timber products Sociodemographic variables had a mixed effect on invest-
ment preferences for different categories (Table 6). The IMR was statistically significant in
agricultural production, environmental education, and wood and timber products.

3.2. Willingness to Pay Model

We found that the effects of several sociodemographic characteristics on WTP were
statistically significant (Table 7). For example, the older a respondent was, the lower their
WTP for investments in forest resources conservation. This implied that an increase of
1 year in age would decrease WTP by a mere COP $76. However, results found that moving
into the high wage category, high education category, or student status would increase
WTP. Whether the respondent was a resident of Bogotá, a foreigner, or rented a home (as
opposed to owning a home) had no statistically significant effect. Most notably, we did not
find a statistically significant effect of the spatial literacy index on WTP.
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Table 7. Ordinary Least Square model results for willingness to pay (WTP) for forest resource improve-
ment in Bogotá, Colombia. Standard errors of the coefficient estimates are reported in parentheses.

Variable Dependent Variable: WTP

Spatial literacy index 29.468 (24.074)
Age −76.123 ** (31.461)

High wage 3340.250 *** (629.831)
Residency 23.477 (21.873)

Gender (male = 1) −276.111 (615.111)
High education 1226.859 * (672.200)

Student 4417.949 *** (940.626)
Foreigner 834.787 (2,352.096)

Rent −358.337 (699.960)
Constant 11,026.690 (2,493.242)

Note: n = 2359 *** p < 0.01; ** p < 0.05; * p < 0.10.

4. Discussion

This study explored how spatial information regarding the location of peri-urban
ecosystems and the supply of ecosystem services—and the ability of different stakeholder to
discern these—influenced how people valued and preferred ecosystem services. Specifically,
their IPs and WTP for government investment in conservation and environmental programs
were studied. We found that the spatial literacy index used to assess spatial information did
influence IPs in different ways. For agricultural production and wood and forest products,
it did indeed affect both the likelihood that an individual preferred these policies and the
magnitude, or how much actual funding they preferred the government to invest. For
investment in water supply programs, we found that spatial information affected only the
probability that an individual selected a given ecosystem service category or policy. Below,
we explained these finding relative to the literature and their relevance to ecological and
environmental scientists studying peri-urban ecosystem services.

Overall, we found that the more spatial information an individual had, the higher their
IP for water supply programs in our peri-urban study region. This was similar to a past
study [34] that found that individuals identified higher values (i.e., preferences) for fresh-
water provision and water regulation. Another study [37] also found that local knowledge
(e.g., spatial information) helped individuals identify provisioning services (e.g., water)
and cultural ecosystem services (e.g., recreation). Conversely, another study [41] found
that residents were often reluctant to invest in conservation-related activities and programs
in public urban green areas in Bogotá, due to the perception of corruption, lack of trust in
government, and the ineffectiveness of institutions (i.e., weak governance). However, we
were not able to determine whether concerns about weak governance contributed to the
lack of statistical significance in our results, as shown in Table 4.

We also found that the effects of spatial information differed between our IP and WTP
metrics. Although the two metrics were similar, as explained in our introduction (i.e.,
they both corresponded to a preference for investment for ecosystem services), there were
several clear and important distinctions that needed to be made. First, WTP is a more
accepted metric for monetary valuation, since it is based on an individual’s own budget
limitations and can reflect the actual price for a certain good or service [51]. In contrast,
the IP metric was not based on an individual’s own budget constraint but instead on their
preferences for a policy. As such, the IP metric reflects an actual monetary amount that
is preferred by an individual, but it is based on the government’s (not the individual’s
own) budget limitations and, as such, cannot be considered an actual metric of WTP. This
difference between the two metrics likely contributed to differences in the effects. That
said, the results of this paper contributed to previous studies regarding valuation and
policy preferences.

However, we did not find evidence that spatial literacy influenced our WTP metric
for investments in forest conservation (Table 7), despite several sociodemographic char-
acteristics (e.g., age and high wage) having a statistically significant effect on WTP. That
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is, the older an individual was, the less they were willing to pay for investments in forest
conservation. Student status also increased WTP. This might have been due to unobserved
political affiliations of the respondents, as past research has shown that political affiliation
influences respondents’ WTP [25]. Thus, although information is necessary for valuation
processes, our results suggested that the type of information (i.e., spatial, contextual) was
also important [52], and that not all information was internalized by individuals in the same
way. For example, other types of information, such as education programs or deliberative
participatory activities [e.g., 24], might have produced different results. This merits future
research. These WTP findings could have implications for citizens’ willingness to use their
own funds for PES programs to conserve and manage peri-urban watersheds and to sustain
the provisioning and regulating ecosystem services they provide.

Regarding the sources of ecosystem service supply, we found that information about
the location of peri-urban ecosystem services in Bogotá influenced respondent’s preferences
for government conservation programs, both in terms of which policies and what mag-
nitude of investments were preferred. This was corroborated by another study on policy
communication using spatial data as an instrument [53] and also highlighted that such
activities could positively influence preferences for these types of policies. This finding
has implications for other types of ecosystem services and in contexts other than Bogotá.
Furthermore, having spatial information could help develop relevant PES programs that
could encourage participation and compliance, which would, in turn, lead to more benefits
for landowners and society.

Indeed, there is a growing trend in the use of spatial information for the management
of parks and protected areas [54]. For example, Wolf et al., 2015 [53] found that spatial
information provided a cost-effective approach for decision making and prioritizing future
management strategies. Because the spatial information that a person has access to can
be affected by both government/public and private investment [55], the results of this
study indicated that this kind of investment could change preferences for government
policy [56,57], particularly with respect to environmental issues. Notably, though the
effect was statistically significant for IPs (Tables 4–6), we did not find that it changed
the WTP (Table 7). It might be the case that more information on the sociodemographic
characteristics of respondents, or information about the political context in Bogotá might
have had a causal relationship with WTP and IP [41]. The inclusion of cartographic
and spatial literacy learning objectives in environmental education programs might also
be warranted.

We note that our study did have several limitations. First, the metric for WTP, though
collected through a standard stated preference survey, might have been biased due to the
fact that the starting COP$ value for the WTP question were the same for all respondents.
Although this might not be of relevance to ecologists and ecosystem service modelers,
this is often a concern in economic valuation studies. Accordingly, we included several
sociodemographic controls to account for biases in the WTP question. In addition, we
found a reasonable distribution of WTP, and that the mean WTP was not the same as
the initial WTP value presented in the valuation exercise. This finding indicated that the
initial WTP presented in the valuation exercise did not have an effect on the final WTP
selected by respondents. Second, as mentioned previously, the IP metric was not a true
measure of WTP. Though the IP questions did not capture WTP, both metrics still offered
important insights into respondents’ preferences for government programs and policies.
Future research is needed to better link sociodemographic characteristics with the spatial
literacy index. Future research could also include the role of additional metrics of for other
types of information on driving factors behind people’ valuation processes (i.e., deliberative
valuation, education programs, democracy, and governance factors).

5. Conclusions

This study explored the role of spatial information via spatial literacy and how it
affected survey respondents’ IP and their WTP for ecosystem service-related polices in
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peri-urban areas. Including spatial information can be useful while implementing pub-
lic participatory processes, environmental education and planning, nature conservation,
and land management. Otherwise, as conventionally done by biophysical scientists that
traditionally focus on measuring the supply of ecosystem services—and not considering
the degree of information an individual has regarding the spatial location, magnitude of
benefits, ecosystem service types, and available ecosystem service conservation programs—
might result in an inefficient valuation or policy recommendation.

This study found that although spatial literacy might not statistically influence the
commonly used WTP metric, it did make an econometric difference in both the kinds of
policies preferred by respondents, as well as the magnitude of government investments
preferred by respondents. This could prove key for the conservation and management of
peri-urban ecosystems and was relevant for PES programs that are frequently used to fund
conservation projects in peri-urban areas through the world to maintain water quality and
supply to nearby cities, among other things. This study found that spatial information
and sociodemographic characteristics could also be assessed using spatially explicit online
surveys, and that they played a role in policy preferences and valuing ecosystem services
in peri-urban areas with complex socio-ecological dynamics.

Ecologists traditionally focus on ecosystem form, function, scales, and the supply
of ecosystem services. However, this approach commonly ignores the actual preferences
of human beneficiaries. That is, this approach often fails to account for the value that
diverse groups of people place on these landscapes and services. This study addressed
this often overlooked aspect in order to inform biophysical scientists and decision makers
of the importance of integrating concepts of space and additional information, as well
as interdisciplinary economics approaches and tools to address these issues in highly
complex peri-urban ecosystems. Our findings and approach could therefore be used by
environmental and land managers to better understand diverse community member’s
spatially explicit investment preferences and PES programs for planning and conservation
of natural resources. This study also highlighted the potential effectiveness of education
campaigns and how they could influence preferences for government spending on the
environment, either from private or public groups. Though our results might imply limited
effectiveness for education in terms of private participation in conservation, they did show
the potential ability of education to use maps or cartographic information to influence
preferences for government involvement, both in terms of the kinds of programs and the
magnitude of government investment. It is our hope that our findings increase awareness
and knowledge of spatial information and local knowledge of place in complex peri-
urban ecosystems across different stakeholder groups, such as farmers, environmentalists,
educators, resource managers, and recreationists.
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Appendix A

Table A1. Comments and links to data sources for sociodemographic data reported in Table 2 of the
main text.

Variable Comments (Source)

Female

Average for Bogota DC. (https://www.ccb.org.co/observatorio/Analisis-
Social/Analisis-Social/Poblacion-pobreza-y-desigualdad/En-los-rangos-de-
edad-mas-jovenes-hay-mayor-numero-de-poblacion-masculina) (accessed on
3 July 2022)

Years resided No comparable census information.

Age (years)

Average age in Colombia since census data reports age ranges for Bogota and
Cundinamarca. (https://www.semana.com/internacional/articulo/cual-es-
la-edad-promedio-de-los-actuales-habitantes-del-mundo/293224/)
(accessed on 3 July 2022)

wages ($COP)

2019 legal monthly minimum wage in Colombia (https://www.mintrabajo.
gov.co/prensa/mintrabajo-es-noticia/2019/-/asset_publisher/5xJ9xhWdt7
lp/content/salario-m-c3-adnimo-para-2020-ser-c3-a1-de-877.802) (accessed
on 3 July 2022)

foreigner (%) Average for Colombia (https://datosmacro.expansion.com/demografia/
migracion/inmigracion/colombia) (accessed on 3 July 2022)

Urban (%)
Average for Department of Cundinamarca https://www.datos.gov.co/Mapas-
(Nacionales/Poblaci-n-Cundinamarca-2017/ggy4-gvse) (accessed on 3 July
2022)

Rentals (%)
Average for Colombia (https://www.metrocuadrado.com/noticias/content/
mas-del-30-de-colombianos-viven-en-arriendo-2657/) (accessed on 3
July 2022)

Appendix B. Correlation Table

Table A2 presents the correlations between the IP and WTP variables (listed in the
first row) and spatial literacy and sociodemographic variables (listed in the first column)
that were calculated. We found that age was negatively correlated with WTP, suggesting
that older respondents are related to lower WTP quantities. However, student status had
a positive correlation with WTP, suggesting that students might have a higher WTP than
non-students. If the respondent indicated that they would be willing to pay the additional
fee, there was a negative correlation with the amount they would pay, which suggested
the higher the tax, the less likely they would be in favor of the policy. Furthermore, spatial
literacy had a positive correlation with WTP and willingness to invest in water resources.
Though the correlations were not large in magnitude, it is important to note that the size of
the correlation coefficient does not imply either a causal relationship, or lack thereof.

https://www.ccb.org.co/observatorio/Analisis-Social/Analisis-Social/Poblacion-pobreza-y-desigualdad/En-los-rangos-de-edad-mas-jovenes-hay-mayor-numero-de-poblacion-masculina
https://www.ccb.org.co/observatorio/Analisis-Social/Analisis-Social/Poblacion-pobreza-y-desigualdad/En-los-rangos-de-edad-mas-jovenes-hay-mayor-numero-de-poblacion-masculina
https://www.ccb.org.co/observatorio/Analisis-Social/Analisis-Social/Poblacion-pobreza-y-desigualdad/En-los-rangos-de-edad-mas-jovenes-hay-mayor-numero-de-poblacion-masculina
https://www.semana.com/internacional/articulo/cual-es-la-edad-promedio-de-los-actuales-habitantes-del-mundo/293224/
https://www.semana.com/internacional/articulo/cual-es-la-edad-promedio-de-los-actuales-habitantes-del-mundo/293224/
https://www.mintrabajo.gov.co/prensa/mintrabajo-es-noticia/2019/-/asset_publisher/5xJ9xhWdt7lp/content/salario-m-c3-adnimo-para-2020-ser-c3-a1-de-877.802
https://www.mintrabajo.gov.co/prensa/mintrabajo-es-noticia/2019/-/asset_publisher/5xJ9xhWdt7lp/content/salario-m-c3-adnimo-para-2020-ser-c3-a1-de-877.802
https://www.mintrabajo.gov.co/prensa/mintrabajo-es-noticia/2019/-/asset_publisher/5xJ9xhWdt7lp/content/salario-m-c3-adnimo-para-2020-ser-c3-a1-de-877.802
https://datosmacro.expansion.com/demografia/migracion/inmigracion/colombia
https://datosmacro.expansion.com/demografia/migracion/inmigracion/colombia
https://www.datos.gov.co/Mapas-(Nacionales/Poblaci-n-Cundinamarca-2017/ggy4-gvse
https://www.datos.gov.co/Mapas-(Nacionales/Poblaci-n-Cundinamarca-2017/ggy4-gvse
https://www.metrocuadrado.com/noticias/content/mas-del-30-de-colombianos-viven-en-arriendo-2657/
https://www.metrocuadrado.com/noticias/content/mas-del-30-de-colombianos-viven-en-arriendo-2657/
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Table A2. Correlation coefficients between explanatory variables (columns) and variables of interest
(rows). This includes willingness to pay (WTP; row 1), as well as the quantitative values reported as
answers to the questions featured in Table 1.

Variable Spatial
Literacy Age High

Wages Renting Education Female Student Residing Foreign Would
Pay

WTP 0.025 −0.169 0.133 −0.015 0.02 −0.012 0.198 −0.083 0.008 −0.425

Agricultural
production −0.09 0.011 −0.048 −0.014 −0.015 −0.011 −0.011 −0.015 0.007 −0.016

Water supply
programs 0.098 0.064 −0.0005 −0.03 0.002 0.008 −0.063 0.055 −0.013 0.03

Landscape Legacy 0.015 −0.012 0.009 −0.016 0.022 0.012 0.059 0.015 0.019 −0.015

Environmental
education 0.008 −0.039 −0.034 0.042 −0.0004 0.044 0.022 −0.065 0.035 −0.02

Wood and timber
production −0.121 0.004 0.005 −0.032 0.023 −0.001 −0.006 0.023 0.011 0.045

Natural disaster
mitigation 0.008 0.046 0.001 −0.016 0.013 0.043 −0.047 0.051 −0.01 0.007

Protecting
biodiversity 0.032 −0.024 −0.002 0.018 −0.002 0.001 −0.012 −0.025 −0.003 −0.024

Climate change −0.034 −0.03 0.007 0.041 −0.018 −0.028 0.034 −0.032 −0.025 0.005

Recreation and
ecotourism −0.031 −0.042 0.062 −0.009 −0.015 −0.077 0.061 −0.018 0.001 −0.012

Appendix C. Regression Tables

In Tables A3–A5, we report the regression results for the Investment Preference (IP)
models. First, we present the results of average effects model (Table A3), that contains
both the effects of spatial information on the selection and magnitude decisions. Table A4
presents results for the probit model from Equation (2). Table A5 presents results from
estimating Equation (3).

Table A3. Regression results for the one-stage model. These are the results that are reported in Table 4
of the main manuscript.

Agriculture Forest Water Tourism Cultural Environmental Natural Climate Biodiversity

History Education Risk Change

spatial literacy −0.074 *** −0.084 *** 0.148 *** −0.031 0.014 0.016 0.003 −0.039 0.046
index (0.018) (0.014) (0.033) (0.019) (0.02) (0.021) (0.023) (0.027) (0.028)

age 0.017 −0.015 0.0.32 −0.002 0.036 −0.009 0.001 0.007 −0.068 *
(0.023) (0.018) (0.042) (0.025) (0.026) (0.028) (0.03) (0.036) (0.037)

high wage −1.019 ** 0.165 −0.139 1.286 ** −0.077 −0.796 0.165 0.337 0.079
(0.458) (0.357) (0.85) (0.499) (0.52) (0.557) (0.593) (0.718) (0.742)

residency −0.02 0.016 0.013 0.009 0.025 −0.040 ** 0.026 −0.012 −0.017
(0.016) (0.012) (0.03) (0.017) (0.018) (0.019) (0.021) (0.025) (0.026)

gender 0.314 0.013 −0.111 1.659 *** −0.364 −1.196 ** −1.119 * 0.848 −0.044
(male = 1) (0.448) (0.349) (0.83) (0.487) (0.508) (0.544) (0.579) (0.701) (0.725)

high- −0.314 0.489 −0.335 −0.236 0.596 0.086 0.228 −0.495 −0.018
education (0.489) (0.381) (0.908) (0.533) (0.555) (0.595) (0.633) (0.766) (0.792)

student −0.147 −0.267 −1.332 1.235* 2.898 *** −0.156 −0.742 0.868 −2.357 **
(0.684) (0.533) (1.27) (0.745) (0.776) (0.832) (0.885) (1.072) (1.108)

foreign 0.504 1.003 −1.523 0.294 2.091 2.731 −0.649 −3.571 −0.881
(1.711) (1.333) (3.175) (1.863) (1.941) (2.081) (2.213) (2.681) (2.771)

rent −0.763 −0.602 −0.629 −0.105 −0.154 0.579 −0.095 1.367 * 0.403
(0.509) (0.397) (0.945) (0.554) (0.578) (0.619) (0.659) (0.798) (0.825)

constant 12.279 *** 10.513 *** 9.700 *** 7.067 *** 4.769 ** 10.226 *** 10.984 *** 16.026 *** 18.435 ***
(1.814) (1.413) (3.366) (1.975) (2.057) (2.206) (2.346) (2.842) (2.937)

Note: n = 2359. standard errors in parentheses. *** p < 0.01; ** p < 0.05; * p < 0.10.
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Table A4. Regression results for the first stage probit model of the two-stage model. These are the
results that are reported in Table 5 of the main manuscript.

Agriculture Forest Water Tourism Cultural Environmental Natural Climate Biodiversity

History Education Risk Change

spatial literacy −0.008 *** −0.018 *** 0.011 *** −0.004 ** 0.0003 0.00004 −0.001 −0.002 0.004 *
index (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

age −0.003 −0.002 −0.003 −0.002 −0.002 −0.002 −0.002 −0.003 −0.009 ***
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

high wage −0.159 *** 0.022 −0.062 0.079 −0.041 −0.111 ** −0.049 −0.026 −0.063
(0.055) (0.059) (0.062) (0.054) (0.054) (0.054) (0.054) (0.055) (0.06)

residency −0.003 −0.002 −0.002 −0.002 0.001 −0.002 0.001 0.0004 −0.00004
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

gender 0.078 0.057 0.004 0.182 *** −0.04 −0.06 −0.055 0.083 0.013
(male = 1) (0.054) (0.057) (0.061) (0.053) (0.052) (0.053) (0.053) (0.054) (0.059)

high- 0.003 0.086 −0.045 0.046 −0.011 −0.028 0.035 −0.028 −0.058
education (0.059) (0.063) (0.066) (0.058) (0.057) (0.058) (0.058) (0.058) (0.064)

student 0.046 0.03 0.059 0.167 ** 0.291 *** 0.209 *** 0.046 0.173 ** 0.009
(0.082) (0.088) (0.092) (0.081) (0.08) (0.081) (0.081) (0.082) (0.091)

foreign 0.313 0.204 0.052 0.214 0.154 0.214 −0.146 −0.239 0.24
(0.2) (0.209) (0.239) (0.2) (0.204) (0.209) (0.2) (0.2) (0.245)

rent −0.139 ** −0.154 ** −0.101 −0.038 0.004 0.118 * 0.031 0.032 0.04
(0.061) (0.066) (0.068) (0.06) (0.06) (0.06) (0.06) (0.061) (0.067)

constant 0.565 *** 0.909 *** 0.188 0.087 0.047 0.262 0.424 ** 0.550 ** 0.773 ***
(0.217) (0.228) (0.236) (0.214) (0.212) (0.214) (0.215) (0.217) (0.235)

Log Likelihood −1514.12 −1278.10 −1127.94 −1575.88 −1605.54 −1581.62 −1568.47 −1520.33 −1218.09
χ2 (df = 9) 48.51 *** 81.97 *** 31.70 *** 52.07 *** 35.33 *** 42.58 *** 5.32 27.80 *** 37.11 ***

Note: n = 2359. standard errors in parentheses. *** p < 0.01; ** p < 0.05; * p < 0.10.

Table A5. Results for two-stage model. The second stage is an Ordinary Least Squares regression
on the magnitude of investment for a respondent. By including the IMR in the regression, we are
controlling for the probability that a respondent selects a given category.

Agriculture Forest Water Tourism Cultural Environmental Natural Climate Biodiversity

History Education Risk Change

spatial literacy −0.790 ** 0.298 −0.176 −0.472 ** −0.076 * 0.017 0.105 −0.002 −0.079
index (0.315) (0.358) (0.361) (0.198) (0.04) (0.021) (0.254) (0.191) (0.153)

age −0.281 ** 0.035 0.115 −0.225 ** −0.31 −0.066 0.183 0.061 0.226
(0.133) (0.05) (0.102) (0.103) (0.191) (0.082) (0.448) (0.281) (0.354)

high wage −15.201 ** −0.314 1.659 9.472 ** −8.354 * −4.382 5.242 0.792 1.897
(6.239) (0.574) (2.171) (3.693) (4.564) (4.843) (12.546) (2.442) (2.305)

residency −0.296 ** 0.071 0.084 −0.224 ** 0.268 ** −0.094 −0.094 −0.02 −0.015
(0.122) (0.053) (0.084) (0.105) (0.134) (0.075) (0.297) (0.049) (0.026)

gender 7.169 ** −1.219 −0.198 20.449 ** −8.415 * −3.132 4.609 −0.624 −0.421
(male = 1) (3.04) (1.206) (0.836) (8.413) (4.44) (2.653) (7.582) (7.582) (0.854)

high- −0.079 −1.401 1.038 4.518 ** −1.74 −0.784 −3.389 0.008 1.757
education (0.499) (1.811) (1.775) (2.191) (1.395) (1.31) (8.95) (2.691) (2.273)

student 3.767 ** −0.915 −2.926 18.037 ** 60.823 * 6.392 −5.422 −2.123 −2.187 *
(1.848) (0.808) (2.178) (7.547) (31.739) (8.825) (11.586) (15.377) (1.127)

foreign 27.041 ** −3.424 −3.022 21.628 ** 32.097 * 9.103 14.897 0.875 −7.168
(11.767) (4.358) (3.586) (9.716) (16.55) (8.798) (38.441) (22.965) (8.04)

rent −13.171 ** 2.795 2.346 −4.083 ** 0.792 4.268 −3.313 0.803 −0.73
(5.467) (3.209) (3.437) (1.862) (0.776) (4.989) (7.97) (2.998) (1.59)

IMR 125.851 ** −29.102 −72.874 151.922 ** 332.688 * 55.079 −181.486 −32.748 −68.158
(55.214) (27.274) (80.935) (67.907) (182.23) (73.897) (448.008) (167.998) (81.808)

constant −37.352 * 13.425 *** 55.583 −104.99 ** −250.69 * −24.797 110.244 31.744 43.720
(21.850) (3.073) (51.069) (50.125) (139.948) (47.042) (245.039) (80.682) (30.491)

Note: n = 2359. standard errors in parentheses. *** p < 0.01; ** p < 0.05; * p < 0.10.
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