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Abstract 
Markus Honkanen  

  

Securitas Per Scientiam: GIS-MCDA of Civil Defence Shelter 

Distribution Efficiency in the Helsinki Capital Region 

 

Finland has a long history of constructing civil defence shelters and considering defence 

from a comprehensive, whole-of-society approach. Due to that long history, the 

requirements for civil defence construction have varied throughout the decades 

although the main purpose of the civil defence shelter system has remained the same: 

protecting the population from the effects of armed conflicts. The contemporary shelter 

construction requirements have not been explored from the viewpoint of distribution 

efficiency, but the issue of expedient shelter distribution has been identified in recent 

reports. 

 

This study took on the challenge to research and model the distribution and its 

efficiency despite the national legislation rendering most relevant datasets unusable due 

to secrecy requirements. The study utilised global and local variants of weighted linear 

combination, a geospatially enhanced multicriteria decision analysis method, to model 

the spatial need for civil defence shelters as an index based on population prevalence 

and public risk factors. The model weight estimation was approached with a 

quantitative process by operationalising the automatic democratic method. The inter-

criterion relationships were explored by utilising statistical and geostatistical 

techniques, mainly applying Spearman’s rank-order correlation coefficients and local 

bivariate Moran’s I statistics. 

 

The study found that according to the modelled criteria and phenomena, the 

contemporary building floor area driven shelter construction requirement produced a 

generally efficient distribution of civil defence shelters within the study area. The study 

results included multiple sources of uncertainty ranging from the utilised model to the 

data limitations, due to which the study resulted in at most indicative results that 

included broad generalisations. The study also revealed that within the confines of the 

geographical study area, the local weighted linear combination did not provide any 

additional benefits or improved accuracy to the modelled local civil defence shelter 

need. 
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Decision Analysis 

 

Supervisor: Ulrik Mårtensson  

Master degree project, 30 credits in Geographical Information Sciences, 2026 

Department of Physical Geography and Ecosystem Science, Lund University Thesis nr 

205  



v 

 

Tiivistelmä 
Markus Honkanen  

  

Turvallisuutta tiedon kautta: Monikriteerinen paikkatieto-

päätöksentekoanalyysi pääkaupunkiseudun väestönsuojien 

jakautumisen tehokkuudesta 

 

Suomella on pitkä historia väestönsuojien rakentamisesta ja puolustukseen 

suhtautumisesta kokonaisvaltaisesta ja koko yhteiskunnan huomioivasta lähtökohdasta. 

Pitkästä historiasta johtuen väestönsuojien rakentamisen vaatimukset ovat muuttuneet 

vuosikymmenten aikana, vaikkakin väestönsuojelujärjestelmän päätavoite on pysynyt 

samana: väestön suojaaminen aseellisilta vaikutuksilta. Nykyaikaisia väestönsuojien 

rakentamisen vaatimuksia ei ole tarkasteltu jakautumisen tehokkuuden näkökulmasta, 

mutta väestönsuojien jakautumisen tarkoituksenmukaisuuden epävarmuus on 

tunnistettu viimeaikaisissa raporteissa. 

 

Tämä tutkielma ryhtyi tutkimaan ja mallintamaan jakautumista ja sen tehokkuutta siitä 

huolimatta, että lainsäädännölliset salassapitovaatimukset estivät useiden tärkeiden 

tietokantojen hyödyntämistä. Tutkielmassa käytettiin globaalia ja lokaalia painotettua 

lineaarikombinaatiota, yhtä geospatiaalisten monikriteeristen päätöksentekoanalyysien 

menetelmistä, mallintaakseen spatiaalista väestönsuojien tarvetta indeksinä, joka 

perustui väestöön ja julkisiin riskitekijöihin. Mallin painoarvojen määrittelyssä 

käytettiin kvantitatiivista lähestymistapaa, hyödyntäen automaattista demokraattista 

menetelmää. Kriteerien välisiä suhteita tutkittiin statistisia ja geostatistisia tekniikoita 

käyttäen, Spearmanin järjestyskorrelaatiokerrointa ja paikallista bivariaattista Moranin 

I-tilastomittaa eniten hyödyntäen. 

 

Tutkielmassa havaittiin, että mallinnettuihin kriteereihin ja ilmiöihin perustuen 

nykyaikainen rakennuksen pinta-alaan pohjautuva väestönsuojan 

rakentamisvelvollisuus tuotti yleisesti tehokkaan jakauman väestönsuojille 

tutkimusalueella. Tutkielman tulokset sisälsivät useita epävarmuustekijöitä käytetystä 

mallista datan rajoitteisiin, minkä vuoksi tutkimus tuotti enintään suuntaa antavia 

tuloksia, jotka sisälsivät laajoja yleistyksiä. Tutkielma paljasti myös, että 

maantieteellisellä tutkimusalueella lokaali painotettu lineaarikombinaatio ei tuottanut 

lisähyötyjä tai tarkempia tuloksia väestönsuojien paikallisen tarpeen mallinnukseen. 
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1. Introduction 
 

Finland has remained one of the few countries that upheld the requirement to construct 

civil defence shelters, which have then become an irreplaceable part of the national civil 

defence infrastructure as Pasi & Häyrinen (2023) state. According to them, the civil 

defence shelter infrastructure construction was initiated as early as the 1920’s and in 

1945 consisted of about 5 000 civil defence shelters, providing shelter for around half 

a million residents. As per the same report, the shelter system is about 50 500 shelters 

strong in its current state, consisting of enough spaces for around 4.8 million residents 

according to values from 2022. 

 

Despite the impressive volume of shelters, the long history of civil defence shelter 

construction introduces challenges to the effectiveness of the whole structural civil 

defence system. Pasi and Häyrinen (2023) note, that as construction requirements have 

shifted throughout the decades along with the legislation, so has the distribution of the 

construction of new civil defence shelters varied. They also explain that earlier 

legislations further guided the construction of shelters within municipalities designated 

for special protection, mostly based on national risk assessments and an estimation of 

probable use of military force. Since 2011, these requirements have been removed from 

the contemporary legislation due to political ambition and to provide financial 

alleviations to construction costs (Kyrenius, 2025).  

 

The current construction of civil defence shelters is no longer based on separate risk or 

need indicators, and due to the limited research within the subject area, no scientifically 

valid alternatives have been introduced to restore a risk-basis to the civil defence shelter 

construction. The dismissal of risk and need indicators further endanger the efficient 

distribution of the civil defence shelter system. The lack of research and the uncertainty 

in regional allocation of shelters have been recognised with recent national reports on 

the civil defence system (Tuominen & Korhonen, 2024; Pasi & Häyrinen, 2023).  

 

Due to the spatial nature of the inherent problem, geographical information science is 

more than equipped to explore the subject and thus the issue was raised as the subject 

of this study. The aim was to dive deeper into the distribution of civil defence shelters 

and to uncover whether the basis of the structural civil defence system is efficient and 

whether the system actually answers the sheltering demands of the population. 

Geographic information system multicriteria decision analysis (GIS-MCDA) methods 

were utilised to seek answers to the study aim, and an index for civil defence shelter 

need was constructed. The main goals of the study combined with the utilised 

methodology provided a unique approach to the analysis of civil defence shelter 

expediency that no other contemporary study has explored. The specific study questions 

and objectives for this study are explained and elaborated within chapter 3.  
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2. Background 
 

The Russo-Ukrainian war and its effects on the contemporary international security 

environment have forced all European nations to consider their capabilities for defence 

and the resilience of their civil society, and Finland is no exception to the rule. The 

Finnish Government, the Finnish Ministry of the Interior and the Finnish Emergency 

Services Academy have invested in different research projects related to the state of 

civil defence and civil preparedness. Some examples of current reports are the research 

projects conducted by Pasi and Häyrinen (2023) that covers the status of civil defence 

shelters, Tuominen and Korhonen (2024) that covers the state and development needs 

of civil defence, and Koivukoski (2025) that covers the state of control of the civil 

defence shelters. 

 

This study and its goals sparked from the report written by Pasi and Häyrinen (2023), 

which points out that the built civil defence shelters are not always located where the 

local population lives or travels. The contemporary legislation guides civil defence 

shelters to be constructed within buildings that are large enough when measured by 

their floor area (Finlex, 2011a). This requirement does not include any risk, need or 

vulnerability-based factors as a basis for shelter construction, thus not guiding the 

shelters to be distributed within areas of probable shelter need. 

 

The report also states that the contemporary legislation for civil defence shelter 

construction ignores the local factors, such as infrastructure and the most optimal 

locations for civil defence shelters, which might not be located in the same areas where 

the structures with the largest floor area are located (Pasi & Häyrinen, 2023). This is 

the main pitfall of the contemporary construction requirements, as they do not consider 

the actual usefulness of the constructed shelter as a part of the civil defence shelter 

system. In their report, Pasi & Häyrinen gave a recommendation for the exploration of 

regional distribution of civil defence shelters, as the subject required further research. 

 

2.1. The Finnish civil defence shelter system 

 

The civil defence shelter system is an integral part of Finnish civil defence and is a part 

of the body of responsibilities for civil defence set by the Geneva Convention and its 

1977 additional protocol I (Tuominen & Korhonen, 2024; Pasi & Häyrinen, 2023). The 

civil defence shelters protect the civilian population from the effects of armed conflicts, 

like military strikes, structural collapses and in the modern form also from toxic gases 

(Finlex, 2011a). The civil defence shelter system is based on the systematic 

construction of civil defence shelters, where the aim is to build shelters in areas where 

the population density and travel volume is the highest (Pasi & Häyrinen, 2023).  

 

The contemporary construction of civil defence shelters is regulated by the national 

Rescue Act, which states that building owners are obligated to construct a civil defence 
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shelter in the building under construction or at most 500 meters away from the building 

the shelter is meant to serve, but only if the floor area of the building is greater than 

1 200 m2 or 1 500 m2, depending on building use type (Finlex, 2011a; Finlex, 2011b). 

The requirements for civil defence shelter construction have varied greatly between the 

centuries, and for example the nationwide requirement for civil defence construction 

was introduced at the beginning of the 1990s, almost 60 years after the start of the 

systematic shelter construction (Kyrenius, 2025). The international and internal 

security environment, public opinion and political agendas have affected the level of 

investment into the civil preparedness field as a whole, and consequently the regulation 

of civil defence shelters has been heavily affected by the ruling political parties and 

cost-effectiveness strategies (Kyrenius, 2025). 

 

2.2. Literature review 
 

The academic literature relating both to the study subject and to relevant methodologies 

is sparse, although the application of multicriteria decision analysis (MCDA) 

methodologies, both multiattribute decision analyses (MADA) and multiobjective 

decision analyses (MODA), in shelter related studies is vastly explored. According to 

the literature review of this study, the ruling study subjects are related to natural disaster 

shelters, mostly meant to house and protect the displaced population from floods or 

other natural catastrophes. The study of civil defence shelters in the context of civilian 

protection from armed conflicts has been the interest of many studies throughout the 

years, but only recently has the subject resurfaced along with contemporary 

methodologies. Yet according to this literature review, the MCDA methodologies are 

still rarely used in connection with civil defence shelter studies. 

 

2.2.1. Multicriteria decision analysis literature 

 

MCDA literature follows a division into two different main categories: the MADA and 

the MODA literature. MCDA analyses can be conducted using either MADA or MODA 

methods, as MCDA is a term that includes all the relevant decision analysis methods 

(Malczewski, 2006). MADA methodology is especially suitable for location selection 

issues and site suitability and population vulnerability analyses, as the problems solved 

by the MADA models are expected to include only a limited range of valid decision 

alternatives (Malczewski & Rinner, 2015; Carter & Rinner, 2014; Malczewski, 2006; 

Malczewski, 2000). The MADA methods are used in different urban planning and land 

suitability applications, which indicates a good fit for the aims of this study (Bakhshi 

Lomer et al., 2023; Gorsevski et al., 2012; Zhang et al., 2013). 

 

In addition to general MCDA, GIS-MCDA is a spatially enhanced decision-making 

practice that combines the benefits of MCDA techniques for decision problem analysis 

and decision alternative evaluation with the spatial and analytical capabilities of GIS 

technology, allowing for new approaches for the handling and analysis of geospatial 
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data (Malczewski, 2006). GIS-MCDA is a hybrid process, combining quantitative 

geospatial data with qualitative values provided by the decision-makers relevant to the 

analysed decision problem using participatory techniques and involving the decision-

makers in the construction of the MCDA model and utilising criteria weighting methods 

to extract priorities from qualitative estimations (te Boveldt et al., 2021; van Til et al., 

2014; Malczewski, 2006). 

 

The MADA methodology consists of a wide range of different methods, although only 

a few are comprehensively applied in relevant literature (Malczewski & Rinner, 2015). 

Along with the weighted linear combination (WLC) method, the range of MADA 

methods include techniques like ordered weighted averaging, the analytic hierarchy 

process, ideal point and outranking methods (Malczewski & Rinner, 2015). The WLC 

model is the most applied MADA method, with over 39% of relevant research articles 

utilising the WLC method according to a literature survey (Malczewski & Rinner, 2015; 

Zhang et al., 2013; Malczewski, 2006; Malczewski, 2000). The widespread usage of 

the WLC model has resulted in it having multiple alternative models branching from 

the original format, like the local WLC model (Carter & Rinner, 2014; Malczewski, 

2011). 

 

The WLC model has advantages and disadvantages, as the simplicity and applicability 

of the model is shadowed by the limitations born from the model simplicity, academic 

criticism and general incorrect usage of the model (te Boveldt et al., 2021; Malczewski, 

2006; Malczewski, 2000). The most pressing disadvantage is the verification of the 

correct use of the method, as meeting all the requirements for reliable outputs from the 

model requires careful consideration and planning throughout the model 

implementation (Malczewski, 2000). These assumptions are especially arduous to meet 

when utilising WLC in spatial contexts (Malczewski & Rinner, 2015; Malczewski, 

2000). The main advantage of the WLC model is the ease of implementation, the map 

algebra suitable format and easily communicable results as output, as well as the 

transparency of the model process due to the inherent simplicity (te Boveldt et al., 2021; 

Malczewski & Rinner, 2015; Malczewski, 2006).  

 

2.2.2. Shelter decision analysis literature 

 

MCDA methodology is widely used in most relevant shelter studies, with a significantly 

heavier emphasis on modern MODA methods rather than MADA methods. MODA 

methods are more mathematically and algorithmically oriented than MADA methods, 

increasing the efforts needed to successfully and reliably implement them (Malczewski 

& Rinner, 2015). The application of MODA methodology, like multiobjective 

optimisation methods, is especially efficient for spatial location or routing optimisation 

problems, including the aim to explore most efficient locations for shelters (Malczewski 

& Rinner, 2015). 
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The decision analysis studies for shelters apply MODA methods like the location-

allocation model, the particle swarm optimisation method, and the technique for order 

preference by similarity to the ideal solution method (Liu et al., 2025; Chen et al., 2025; 

He & Xie, 2022; Ma et al., 2022; Praneetpholkrang et al., 2021; Ma et al., 2019). There 

are still outliers in contemporary literature that implement MADA methodology for 

similar location selection problems, including the use of the ordered weighted 

averaging method derived from the original WLC model and the analytic hierarchy 

process (Bakhshi Lomer et al., 2023; Yu & Wen, 2016; Malczewski & Rinner, 2015). 

 

Most of the relevant research articles concerned natural disaster shelters, like urban 

emergency shelters for earthquakes and for urban floods (Chen et al., 2025; Ma et al., 

2022; Ma et al., 2019). The studies also included viewpoints for the shelter related 

issues, like accessibility during evacuation and overall efficiency of the logistical flow 

to the shelters (Praneetpholkrang et al., 2021; Ma et al., 2019). While generally related 

to the subject of this study, the used decision analysis methods, the underlying decisions 

for analysis, and inherent reasons for shelter use differ enough for most of these articles 

to become irrelevant for the aims of this study. 

 

2.2.3. Civil defence shelter decision analysis literature 

 

The full-scale invasion of Ukraine in 2022 sparked a resurgence of civil defence shelter 

related studies, mostly from Ukraine. The used methods and the level of study 

objectives vary greatly, with no clear indicator of widespread MCDA methodology use 

in the context of civil defence shelter decision analyses. The identified studies covered 

methods and results for optimal shelter selection, estimation of optimal shelter locations 

based on the contemporary built environment and the identification of shelter need 

(Hasenko et al., 2025; Yakovenko et al., 2024; Pomortseva & Kobzan, 2023). 

 

One identified case of MADA methods in civil defence shelter planning was introduced 

by Yakovenko et al. (2024) in their study on optimal shelter selection, utilising WLC 

to model the selection criteria for sheltering from missile and unmanned aerial vehicle 

strikes. The proposed model is the only MCDA based technique, since other relevant 

studies presented approaches that ranged from vector based geospatial methodology to 

spatially enhanced qualitative analysis (Hasenko et al., 2025; Yakovenko et al., 2024; 

Pomortseva & Kobzan, 2023). The overall review of the relevant contemporary 

literature revealed that MCDA methodology is not actively utilised or researched in the 

field of civil defence, but also that the application of MADA methodology based WLC 

model is fit for related analyses as demonstrated by Yakovenko et al. (2024). 

 

Along with the correct and theoretically valid modelling techniques, the civil defence 

shelter decision analyses are also highly dependent on relevant studies and reports 

describing the contemporary state and use of civil defence shelters in real world 

applications. National research reports, for example by Räkköläinen et al. (2025) from 
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the Emergency Services Academy, complement the academic research by providing 

qualitative knowledge grounded on in-use practices. The integration of current trends 

in civil defence shelters and civil defence planning help forge a stronger civil defence 

system, and as Räkköläinen et al. point out in their report recommendations, might also 

aid in preparing for multiple different scenarios that might have been overlooked  

 

As an example, these reports strengthen the understanding of credible sheltering time 

and distance. From the activation of the population warning alarm, the population 

within the threat area should seek shelter within a timeframe of 2 − 4 minutes 

according to current knowledge collected from Ukraine (Räkköläinen et al., 2025). This 

corresponds with the Finnish national requirement of a maximum distance of 500 

meters between the civil defence shelter and the building the shelter is constructed to 

serve (Finlex, 2011b). Any distances greater than that would inevitably limit the 

population that can reach the shelter in time and thus weaken the overall efficiency and 

utility of civil defence shelters. 

 

2.3. Research gap 

 

Research gaps exist in the study area of civil defence and as Tuominen and Korhonen 

(2024) state, the research within the genre is limited due to lack of research resources 

and financial support channels. They explain that the fragmented research efforts within 

the field make it harder to understand the spectrum of ongoing research, to bring results 

to practice, and to identify further research needs. The limitations of the subject matter 

studies are also a result of limited interest, as most research comes from within the 

rescue service field or the National Defence University, as Tuominen and Korhonen 

point out. 

 

Although the contemporary civil defence studies have provided relevant and up to date 

methodologies and ideas for the study of shelter location optimisation, shelter selection 

and civil defence shelter system improvement, the diverse application of MCDA 

methodologies is absent in recent articles and studies. Especially when compared to 

natural disaster shelter studies, where the integration of MADA and MODA methods 

is common and well-tried, the civil defence shelter studies seem to be in arrears in 

spatially enhanced decision-making theory practices. The research gap in MCDA 

methodology application in civil defence shelter planning, distribution, and efficiency 

analyses is noteworthy, since MCDA methods, like the WLC model, could complement 

the methods in practice and enhance the application of quantitative data within a 

qualitatively driven field. 
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3. Study aims 
 

This study aims to explore and analyse the overall efficiency of the civil defence shelter 

system and the expediency of civil defence shelter distribution driven by contemporary 

legislation within the study area. For this purpose, a civil defence shelter model has to 

be constructed based on current construction requirements. This theoretically modelled 

civil defence shelter system describes the civil defence shelter system that should exist 

according to contemporary legislation. 

 

The exploration of efficiency is based on the distribution of the theoretical shelters 

when compared to different population indicators and a need index constructed for the 

purposes of this study. The study also takes on the task to compare whether the global 

of local WLC model produces a more accurate result for analysis purposes. To achieve 

the set aim, the following research questions and objectives were set: 

 

Research objective 1:  Test whether the civil defence shelter distribution shares a 

similar rank-order structure with the population distribution. 

 

Question 1.1:  Is the cell-level correlation between the shelter distribution and 

the population strong (ρ ≥ 0.7) using the Spearman’s rank-order 

correlation coefficient? 

 

Question 1.2:  Is the cell-level correlation between the shelter distribution and 

the daytime population locations strong (ρ ≥ 0.7) using the 

Spearman’s rank-order correlation coefficient? 

 

Research objective 2:  Test whether the civil defence shelter distribution share similar 

spatial autocorrelation with the population distribution. 

 

Question 2.1:  Are the spatial autocorrelation of civil defence shelters and that 

of population at least moderate (I ≥ 0.5) using the local 

Moran’s I method? 

 

Question 2.2:  Are the spatial autocorrelation of civil defence shelters and that 

of daytime population locations at least moderate (I ≥ 0.5) using 

the local Moran’s I method? 

 

Research objective 3:  Test whether the shelter need index deduced from the global 

WLC model scores share a similar rank-order and spatial 

autocorrelation structure with the civil defence shelter 

distribution. 
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Question 3.1:  Is the cell-level correlation between the shelter need index and 

the civil defence shelter distribution strong (ρ ≥ 0.7) using the 

Spearman’s rank-order correlation coefficient? 

 

Question 3.2:  Are the spatial autocorrelation of the shelter need index and 

that of civil defence shelter distribution at least moderate     

(I ≥ 0.5) using the local Moran’s I method? 

 

Research objective 4:  Test whether the local WLC model provides different estimates 

for civil defence shelter need than the global WLC model. 

 

Question 4.1:  Is the cell-level correlation between the model outputs strong 

(ρ ≥ 0.7) using the Spearman’s rank-order correlation 

coefficient? 

 

The research questions were derived from exploratory methods and data visualisation, 

with quantifiable aims being chosen for further analysis in this study. For each of the 

study questions, a null hypothesis and an alternative hypothesis was suggested. The null 

hypotheses describe scenarios where the tested values do not reach values high enough 

to warrant special interest in the context of this study. In turn alternative hypotheses 

include scenarios, where those values are achieved and possibly exceeded. 

 

Question 1.1:  𝐻01: The rank-order correlation is not strong (ρ < 0.7). 

𝐻𝑎1: The rank-order correlation is strong (ρ ≥ 0.7). 

 

Question 1.2: 𝐻02: The rank-order correlation is not strong (ρ < 0.7). 

𝐻𝑎2: The rank-order correlation is strong (ρ ≥ 0.7). 

 

 Question 2.1: 𝐻03: The spatial autocorrelation is not moderate (I < 0.5). 

𝐻𝑎3: The spatial autocorrelation is at least moderate (I ≥ 0.5). 

 

 Question 2.2: 𝐻04: The spatial autocorrelation is not moderate (I < 0.5).  

𝐻𝑎4: The spatial autocorrelation is at least moderate (I ≥ 0.5). 

 

 Question 3.1:  𝐻05: The rank-order correlation is not strong (ρ < 0.7). 

𝐻𝑎5: The rank-order correlation is strong (ρ ≥ 0.7). 

  

 Question 3.2: 𝐻06: The spatial autocorrelation is not moderate (I < 0.5). 

𝐻𝑎6: The spatial autocorrelation is at least moderate (I ≥ 0.5). 

 

 Question 4.1:  𝐻07: The rank-order correlation is not strong (ρ < 0.7). 

𝐻𝑎7: The rank-order correlation is strong (ρ ≥ 0.7). 
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4. Study area 
 

 
Figure 1. Study area and its location within Finland. 

 

The study area consists of the capital region of Helsinki, which includes the City of 

Helsinki, the City of Espoo, the City of Vantaa and the City of Kauniainen (figure 1). 

The study area is small, consisting of only 772 km2 in land area (National Land Survey 

of Finland, 2025). The capital city of Helsinki is home for example to the Finnish 

Government and the 12 ministries under its command, the Parliament of Finland, 

multiple commercial and industrial harbours along with the largest population within a 

single city in Finland, with almost 700 000 inhabitants living within the capital 

(Finnish Government, n.d.; Statistics Finland, n.d.a; The Association of Finnish Cities 

and Municipalities, 2025).  

 

According to recent statistics, these 4 cities combined compose almost 23% of the 

population of Finland, with almost 1.3 million residents living within the study area 

(Statistics Finland, n.d.a). The Helsinki capital region is part of the Uusimaa region, 

which is the densest region in Finland when it comes to population density, with over 

195 residents per km2 based on the same population statistics from Statistics Finland. 

With the vast amount of population residing within the Helsinki capital region, it is a 

fitting study area for civil defence related studies.  

 

The Helsinki capital region is also a remarkable travel-to-work area, with almost 

700 000 jobs within the area according to data from 2022 (Statistics Finland, n.d.b; 

City of Helsinki, 2024). The large number of jobs within the study area inevitably bring 
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a larger daytime population to the area with employees travelling from outside the 

Helsinki capital region. The study area also consists of some of the few cities or 

municipalities that are still forecasted to have a positive population growth (Statistics 

Finland, n.d.c). This highlights the relevance and topicality of the study, since the study 

area is predicted to become even more dense and future urban planning and 

prioritisation is inevitable. 

 

The study area contains multiple military units like the Defence Command, the Guard 

Jaeger Regiment, and the Naval Academy (The Finnish Defence Forces, 2025). This 

further emphasises the importance and need for local civil defence planning especially 

around the military units. The overlapping of military and civilian facilities within the 

urban environment creates areas of heightened risk, where the need for protective 

facilities for civilians is pronounced. 

 

This area was also chosen for this study due to the availability of open data along with 

the suitable geographical and demographic profile. The 4 cities produce publicly 

available GIS datasets, which were identified and utilised in this study (appendix C). 

Overall, the study area included all the valid attributes desired from this study and was 

thus the most optimal choice. 
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5. Methodology 
 

The applied methodology for this study was chosen by considering the available 

resources for the study, the suitability of the methodology to the study aims and relevant 

constraints as well as the scientific durability of the chosen methodology. As explained 

in the review of the contemporary and relevant literature, the most commonly used 

MCDA method is the WLC model based on MADA methodology, with high 

applicability to selection, suitability and vulnerability analyses (Malczewski & Rinner, 

2015; Carter & Rinner, 2014; Malczewski, 2006; Malczewski, 2000). The WLC model 

was also chosen for implementation reasons, as the construction of the model and 

application of relevant algebra operations fit the timeframe of the study. The output of 

the model provided an extra incentive for application, as the results of the model are 

easily understood by decision-makers and other readers of the study (Malczewski & 

Rinner, 2015). 

 

5.1. Weighted linear combination 
 

Malczewski and Rinner (2015) describe the WLC model as belonging to the MADA 

methods of the MCDA methodology, and that in its most original form the model is 

built on standardised value functions and criterion weights that represent the 

mathematical forms of qualitative values for the decision problem and the qualitative 

priority. They explain that in all simplicity, the WLC model works as a combinatory 

process that merges the relevant criteria values together with appropriate weights tied 

to the criteria values themselves, providing decision alternatives based on the model 

output scores. According to Malczewski and Rinner, higher scores of the decision 

alternatives indicate stronger suitability and in turn lower scores indicate weaker 

suitability for the decision problem. 

 

 
Figure 2. WLC model function (adapted from Malczewski, 2000). 
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Figure 2 explains the structure of the WLC model function by using two different 

criteria layers, the results of the value functions and their relevant weights. In the first 

section from the left, figure 2 shows 2 different criteria with their original values, the 

top criterion having values between 0 and 450, and the bottom criterion having values 

between 0 and 10. In the next step to the right of the figure, these are then standardised 

to maximise the value of each criterion as they are deemed desirable, thus altering the 

criteria values to range from 0 to 1. They are then assigned relevant weights, 0.6 for 

the top criterion and 0.4 for the bottom criterion, which are used to multiply each of the 

cell values. These weighted and standardised criteria are then combined by addition, so 

that each cell, or decision-making unit (DMU), receives a new value that describes the 

suitability of the DMU for the decision problem. 

 

As explained by Malczewski and Rinner (2015), the model is inherently tied to 

assumptions of linear structure and additivity, where the linear structure assumptions 

mean that each value function and its effect on the output follows a trend where 

doubling the value functions doubles the effect on the output. The additivity assumption 

discussed by them means that each value function affects the output independently of 

each other, with no value functions having cross-linked effects on the output. One of 

the constraints for WLC model application is related to the additivity assumption, as it 

must be at least credibly assumable that the value functions are independent of each 

other for the WLC model to be validly operable for the decision problem (Baltussen & 

Niessen, 2006). 

 

The WLC model comes with additional assumptions along with the previously stated, 

which strongly affect the theoretical validity of the model output and its reliability. The 

underlying assumptions of the WLC model are especially difficult to meet in the context 

of GIS-MCDA applications (Malczewski & Rinner, 2015; Malczewski, 2000). The 

assumptions are related to the data used for the WLC model, requiring that the data is 

comprehensive, measurable, complete, operational, decomposable, nonredundant and 

minimal (Malczewski, 2000). 

 

The comprehensiveness and measurability assumptions mean that the criteria from 

which the value functions are derived must cover the decision problem with no relevant 

criterion left out from the model, and that all the criteria must be in numerical form 

even if collected from qualitative estimates (Malczewski, 2000). The data used for the 

WLC model should also be complete, covering the study area and allowing the model 

to estimate each part of the relevant study area (Malczewski, 2000). Especially in map 

algebra operations, unclassified areas create issues for the execution of the operation 

and would require additional fixes. 

 

The requirement of operational data covers the meaningfulness of the chosen criteria 

for the decision problem to be solved, covering the functional nature of the data as well 

as the suitability for the problem (Malczewski, 2000). The assumption of 



 

15 

 

decomposability follows suit with the necessary assumption noted by Baltussen and 

Niessen (2006) that the criteria used for the WLC model need to be independent and 

not connected to other criteria, so that they can be effectively measured as independent 

influencers of the WLC model output. The requirements of nonredundant and minimal 

data mean that no used criteria should represent the same phenomena and that the 

number of criteria chosen should be as limited as possible to still achieve the desired 

results from the WLC model (Malczewski, 2000). The requirement of minimal criteria 

is critical in WLC model structures, since a larger number of criteria can alter the output 

and result in marginal criteria overthrowing more important criteria purely based on 

volume (Tiitu et al., 2018). 

 

5.1.1. Global model 

 

The global WLC model is the mathematical representation of the combination of 

decision criteria and the prioritisation of the chosen criteria. The global WLC model 

functions as a combinatory process as explained earlier, with structures that calculate 

the decision value for each necessary DMU by utilising the criteria weights and criteria 

values (Malczewski & Rinner, 2015). The model can be applied using the following 

equation (Malczewski & Rinner, 2015): 

𝑉(𝐴𝑖) = ∑ 𝑤𝑘𝑣(𝑎𝑖𝑘)

𝑛

𝑘=1

(1) 

In equation 1 𝑉(𝐴𝑖) represents the decision alternative with a numerical value for each 

ith DMU calculated from the combined effects of qualitative value functions and 

criteria priority decisions (Malczewski, 2011). Of the equation variables, 𝑤𝑘 is the 

global criterion weight of the kth criterion, implicating the importance of the kth 

criterion, and 𝑣(𝑎𝑖𝑘) is the value function of the kth criterion (Malczewski & Rinner, 

2015). The global WLC model contains constraints regarding the weights, since the 

values of the weights should lie within 0 ≤ 𝑤𝑘 ≤ 1 and ∑ 𝑤𝑘 = 1𝑛
𝑘=1  (Malczewski & 

Rinner, 2015). 

 

The used value functions in the global WLC model must be standardised before 

application for the model to produce valid numerical outputs. The standardisation 

equations differ slightly in format between researchers and authors, but the underlying 

structure of the equations remains similar. For example, Malczewski and Rinner (2015) 

divide the numerator by 𝑟𝑘 which is later explained to include the difference between 

the maximum and minimum values as follows: 𝑟𝑘 = max
𝑖

{𝑎𝑖𝑘} − min
𝑖

{𝑎𝑖𝑘}. Thus, the 

equation is identical, but the structure is initially different. In this study, the following 

maximisation (equation 2) and minimisation (equation 3) equation formats were used 

for standardising value transformation (adapted from Bakhshi Lomer et al., 2023): 

 



 

16 

 

𝑠𝑖𝑗 =
𝑣𝑖𝑗  −  𝑣𝑗

𝑚𝑖𝑛

𝑣𝑗
𝑚𝑎𝑥  −  𝑣𝑗

𝑚𝑖𝑛
(2) 

𝑠𝑖𝑗 =
𝑣𝑗

𝑚𝑎𝑥  −  𝑣𝑖𝑗  

𝑣𝑗
𝑚𝑎𝑥  −  𝑣𝑗

𝑚𝑖𝑛
(3) 

In equations 2 and 3 𝑠𝑖𝑗 stands for the standardised value of the jth criterion at the ith 

DMU. Of the equation variables, 𝑣𝑖𝑗 is the value at original scale of measurement, 𝑣𝑗
𝑚𝑖𝑛 

is the minimum value and 𝑣𝑗
𝑚𝑎𝑥 is the maximum value of the jth criterion (Bakhshi 

Lomer et al., 2023). All the values output by the equations have a set range of              

𝑠𝑖𝑗 ∈ [0,1], as is necessary for the standardised criteria values to be comparable 

between criteria (Malczewski & Rinner, 2015).  

 

5.1.2. Local model 

 

Local WLC model is a localised variant of the global WLC model, with additional 

benefits for taking into account local preferences (Malczewski & Rinner, 2015). The 

model follows a similar structure to the global WLC, but with underlying differences 

in considering only local ranges of criteria values. The local WLC model is constructed 

using the following equation (Malczewski, 2011): 

𝑉(𝐴𝑖
𝑞) = ∑ 𝑤𝑞𝑣(𝑎𝑘

𝑞)

𝑛

𝑘=1

(4) 

In equation 4 𝑉(𝐴𝑖
𝑞) stands for the numerical value of the ith DMU in the qth localised 

area as explained by Malczewski (2011). He further elaborates, that of the equation 

variables, 𝑤𝑘
𝑞
 is the locally altered criterion weight, and 𝑣(𝑎𝑘

𝑞) is the value function of 

the kth criterion in the qth localised area. Malczewski also notes that the standardisation 

of the local value function 𝑣(𝑎𝑘
𝑞) is conducted using the same conversion equations 2 

and 3 but only with the difference of limiting variables 𝑣𝑗
𝑚𝑖𝑛 and 𝑣𝑗

𝑚𝑎𝑥 per the range 

sensitivity principle. 

 

The range sensitivity principle is the basis for the local WLC model process, since it 

allows the generation of localised criterion weights for the local WLC model to 

function. According to Malczewski (2011), the principle assumes that the greatness of 

the assigned weight is related to the range of values of the kth criterion, with larger 

value ranges indicating stronger weights and vice versa. The value range can be 

calculated using the following equation (Malczewski, 2011): 

𝑟𝑘
𝑞 =  𝑚𝑎𝑥𝑖,𝑞{𝑎𝑖𝑘

𝑞 } − 𝑚𝑖𝑛𝑖,𝑞{𝑎𝑖𝑘
𝑞 } (5) 



 

17 

 

In equation 5 𝑟𝑘
𝑞
 is the localised form of the value range for the kth criterion in the qth 

localised area as described by Malczewski (2011). According to him, the equation 

variables, 𝑚𝑎𝑥𝑖,𝑞{𝑎𝑖𝑘
𝑞 } and 𝑚𝑖𝑛𝑖,𝑞{𝑎𝑖𝑘

𝑞 } are the maximum and the minimum value of 

the kth criterion in the qth localised area, respectively. For the purposes of this study, 

only one qth localised area exists, but multiple localised areas can exist simultaneously 

as the local WLC model is capable of being multiplied for example for each 

neighbourhood individually as originally intended by Malczewski. The local value 

range is operationalised in the process of changing global weights into local alternatives 

using the local weight definition equation (Malczewski, 2011): 

𝑤𝑘
𝑞 =

𝑤𝑘𝑟𝑘
𝑞

𝑟𝑘

∑
𝑤𝑘𝑟𝑘

𝑞

𝑟𝑘

𝑛
𝑘=1

(6) 

In equation 6 𝑤𝑘
𝑞
 is the locally altered criterion weight, which is used directly in 

equation 4. The rest of the equation variables are explained by Malczewski (2011) as 

follows: 𝑤𝑘 stands for the global criterion weight as explained in equation 1,  𝑟𝑘
𝑞
 is the 

localised value range produced by equation 5, and 𝑟𝑘 is the value range of the global 

kth criterion. According to him, the equation is constrained by similar assumptions of 

summed weight values as the global WLC model, as weight values should lie within 

0 ≤ 𝑤𝑘
𝑞 ≤ 1 and  ∑ 𝑤𝑘

𝑞 = 1𝑛
𝑘=1 . 

 

5.2. Model weights 

 

One integral part of the WLC model is the criterion weight, 𝑤𝑘, which can be estimated 

using a plethora of different participatory and individual techniques. Along with the 

other participatory parts of the WLC model construction, the criteria weights are usually 

elicited from qualitative value decisions from the decision-makers (Malczewski & 

Rinner, 2015). The weighting decisions are also a critical source of uncertainty for the 

model results, as the weights are generally sensitive to the individual opinions of 

decision-makers (Tiitu et al., 2018). 

 

In the context of this study, there is an ethical dimension to the value decisions made 

when prioritising certain criteria as simultaneously the importance of safety of different 

population sub-groups are ordered. For example, the weighting of a criterion describing 

educational facilities and a criterion describing hospitals forces the decision-maker to 

decide whether the safety of school aged children or the population requiring healthcare 

is more important. Such controversial decisions invite a risk of political decision 

making and set decision-makers under unreasonable pressure, since the weights are 

fundamentally bound to the rule of ∑ 𝑤𝑘 = 1𝑛
𝑘=1 , no matter how important all the 

criteria are (Praneetpholkrang et al., 2021; Tiitu et al., 2018; Malczewski & Rinner, 

2015). 
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Due to the aforementioned ethical dilemma and the limit of available resources, most 

commonly used weight elicitation and participatory techniques were ruled out as a well-

executed participatory approach requires facilitated weighting sessions and the support 

of a GIS specialist to fully make use of the participants (Tiitu et al., 2018). This decision 

also required this study to remove qualitative aspects from the WLC model, focusing 

only on the quantitative values provided by the criteria datasets. For this purpose, a data 

driven quantitative approach proposed by Tofallis (2024) was operationalised for the 

WLC weight estimation. 

 

5.2.1. Automatic democratic method 

 

In the form proposed by Tofallis (2024), the automatic democratic method (ADM) 

process consists of 2 phases, where the efficiency of a criterion is estimated using data 

envelopment analysis (DEA) and the efficiency is refined into the criterion weight by 

completing ordinary least squares (OLS) regression based on the DEA values and 

deriving the weight from the regression coefficient. As the weighting can be influenced 

by the personal and political decisions made by the decision-makers, they might 

introduce beliefs no longer relevant to the weighting process (Tofallis, 2024; Tiitu et 

al., 2018). According to Tofallis (2024), the DEA method removes that factor from the 

weight estimation, since the weights are initially derived from the efficiency of the 

criteria in a way that finds the most optimal maximisation point. The DEA results are 

used for the following OLS regression equation (Tofallis, 2024): 

𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒 ∑ [
∑ 𝑢𝑟𝑦𝑟𝑖

𝑠
𝑟=1

∑ 𝑣𝑗𝑥𝑗𝑖
𝑚
𝑗=1

− 𝐸𝑖]

2𝑛

𝑖=1

(7) 

In equation 7 the variable 𝑢𝑟 is the output r coefficient and 𝑣𝑗  is in turn the input j 

coefficient, which are the values to be altered into criteria weights by the OLS 

regression as explained by Tofallis (2024). He describes that the 𝐸𝑖 variable stands for 

the efficiency scores derived from the DEA method for each ith DMU, which are 

eventually used to construct the objective global weighting through the regression. 

Unlike the DEA efficiency scores, the OLS results are returned for each criterion, not 

each DMU. 

 

In the format proposed by Tofallis (2024), the ADM process also includes constraints 

on the regression. He explains that the constraints regard the most optimal values 

produced by the DEA model and how exceeding them creates issues for the ADM, as 

the values produced by the DEA method are already the most optimal efficiency values 

that the regression should not be able to surpass. In this study, the constriction of the 

OLS regression model is done according to the second approach proposed by Tofallis, 

where the OLS scores are rescaled by using the following equation 8 structure: 
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𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝑂𝐿𝑆 𝑠𝑐𝑜𝑟𝑒𝑠 =  
𝑂𝐿𝑆 𝑠𝑐𝑜𝑟𝑒𝑠

max (
𝐷𝐸𝐴 𝑠𝑐𝑜𝑟𝑒𝑠
𝑂𝐿𝑆 𝑠𝑐𝑜𝑟𝑒𝑠 )

(8) 

For the use of this study, the ADM structure was built into a script using the R language 

(appendix A). The utilisation of DEA and OLS was made easy using the deaR package 

produced by Bolós et al. (2025) and built-in OLS regression tools in the R library. The 

script written for this study required preprocessing steps for altering the used data into 

an applicable table format, for which a process was written as a separate Python script 

(appendix B). 

 

The ADM process used in this study followed the initial DEA model assumptions 

described by Tofallis (2024). The process utilised the basic radial DEA models 

provided by the deaR package and assumed constant returns to scale as per the original 

CCR DEA model (Bolós et al., 2025; Tofallis, 2024). Although the ADM process 

allows the inclusion of both input and output variables, or variables to be minimised 

and variables to be maximised, respectively, this study utilised only output variables 

and thus the process was set to output oriented (Tofallis, 2024). 

 

5.3. Sensitivity analysis 

 

Malczewski and Rinner (2015) note that to assess the reliability of the WLC model 

scores, a sensitivity analysis was necessary. Sensitivity analysis methods can provide 

insight into the possible uncertainties existing within the WLC model outputs as well 

as how different factors, like the value functions and the criteria weights, affect the 

model output. For this study, the one-at-a-time (OAT) method was chosen due to its 

established use in MCDA sensitivity analyses and its capability for both criteria value 

and weight analyses, as stated by Malczewski and Rinner. 

 

As established earlier, the WLC model along with other MCDA models include 

different sources for uncertainty. According to Chen et al. (2011), there are 4 main 

sources of uncertainty within multicriteria analyses: the qualitative value decision of 

criterion inclusion, the utilised criteria value functions, the estimated criteria weights 

and the criteria values in their original scales. In this study the quantitative sources of 

uncertainty were included in the uncertainty analysis, thus including the analysis of 

uncertainty in criteria weights and standardised criteria values. 

 

5.3.1. One-at-a-time method 

 

The OAT method guides the sensitivity analysis to be conducted by altering only one 

analysed variable at a time, allowing the effects of singular modifications to be 

modelled, visualised and analysed (Malczewski & Rinner, 2015). The uncertainty in 

weights can be estimated by analysing the model output sensitivity to singular criterion 
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weight alterations. The analysis was produced by using the following equation one 

criterion weight at a time as per the OAT methodology (Chen et al., 2011): 

𝑉(𝐴𝑖, 𝑤𝑡) = 𝑤𝑡𝑣𝑡 + ∑(1 − 𝑤𝑡)
𝑤𝑗

∑ 𝑤𝑗𝑗≠𝑡
𝑣𝑗

𝑗≠𝑡

(9) 

In equation 9 the output 𝑉(𝐴𝑖 , 𝑤𝑡) is the value of the WLC model score when the 

criterion 𝐴𝑖 has its respective weight 𝑤𝑡 gradually increased from 0 to 1 as applied by 

Chen et al. (2011). The equation is then split into two different parts, with 𝑤𝑡𝑣𝑡 

following similar structure to the global WLC model (equation 1) although it only 

covers the criterion values to be altered by the desired weight. Chen et al. explain, that 

the second part of the equation ∑ (1 − 𝑤𝑡)
𝑤𝑗

∑ 𝑤𝑗𝑗≠𝑡
𝑣𝑗𝑗≠𝑡  returns the rest of the model 

values with rescaled weights so that the value of 𝑤𝑡 is kept while also meeting the 

requirement for ∑ 𝑤𝑘 = 1𝑛
𝑘=1 . When all the WLC model criteria are covered using 

equation 9, then the sensitivity can be analysed using the equation below (Chen et al., 

2011): 

𝛿𝑤 = 𝑤𝑡
′ − 𝑤0 (10) 

In equation 10 the output δ𝑤 is the sensitivity indicator of the criterion weight, 𝑤𝑡
′ is 

the intersection point of the criterion where the weight-based rank reversal occurs and 

𝑤0 is the original weight value, as per Chen et al. (2011). They point out, that the 

sensitivity analysis of the criteria weights is based on a premise where the indicator of 

sensitivity is the relative distance 0 ≤ δ𝑤 ≤ 1 between the final rank reversal point and 

the original weight value. According to their study, lower δ𝑤 values and higher δ𝑤 

values indicate sensitivity and stability in the analysis output, respectively. 

 

In the format proposed by Chen et al. (2011), the sensitivity analysis of attribute values 

is similar to that of weight sensitivity. In contrast to the weight sensitivity analysis, in 

attribute sensitivity the attribute values are manually altered rather than the weight 

values. The values were altered one at a time from the criterion minimum to the criterion 

maximum, and the altered WLC model scores were calculated using the following 

equations (Chen et al., 2011): 

𝑉(𝐴𝑠, 𝑥𝑠𝑧) = 𝑤𝑧𝑣𝑧(𝑥𝑠𝑧) + ∑ 𝑤𝑗𝑣𝑗(𝑥𝑠𝑗)

𝑗≠𝑧

(11) 

𝑉(𝐴𝑖≠𝑠, 𝑥𝑠𝑧) = ∑ 𝑤𝑗𝑣𝑗(𝑥(𝑖≠𝑠)𝑗)
𝑛

𝑗=𝑧
(12) 

In equations 11 and 12 the variables A𝑠 and A𝑖 stand for the DMU currently being 

analysed, 𝑧 is the criterion to be altered, the variable x𝑠𝑧 is the value of the zth criterion 

at the sth DMU as described by Chen et al. (2011). In their proposed form, the structure 

of the models follows the same logic as the gradual weight propagation, with the 
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criterion values being increased and outputs being derived from the above equations 

without altering the other criteria values. In a similar format as before, the attribute 

sensitivity is derived from the intersection points produced by equations 11 and 12 

using the following equation (Chen et al., 2011): 

𝛿𝑥 =
𝑥𝑠𝑧

′  − 𝑥𝑠𝑧0

𝑥𝑚𝑎𝑥  −  𝑥𝑚𝑖𝑛

(13) 

In equation 13, Chen et al. (2011) note that the output 𝛿𝑥 is the sensitivity indicator of 

the criterion, 𝑥𝑠𝑧
′  is the intersection point where the rank order changes and 𝑥𝑠𝑧0 is the 

original value of the criterion being analysed. As explained by them, the sensitivity 

analysis of the criteria values is based on a similar premise as equation 10, where the 

indicator of sensitivity is the relative distance 0 ≤ δ𝑥 ≤ 1 between the final rank 

reversal point and the original weight value, and the equation 13 has an integrated 

standardisation structure by division of 𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛. Chen et al., write that the same 

evaluation concepts as for δ𝑤 also stand true for δ𝑥. 

 

Slight alterations to the attribute sensitivity analysis approach were made for this study. 

Firstly, the attribute values used were standardised to the rule of 𝑣𝑧(𝑥𝑠𝑧) ∈ [0,1] to 

provide clarity to the visualisation of the analysis values. This inherently renders the 

division by 𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛 useless, as the standardisation becomes 1 − 0. The conducted 

equations were also generalised to alter all DMUs simultaneously, as the whole 

criterion layer was rescaled to the desired attribute values. It was not feasible in the 

context of the study to apply the equations for each DMU, as that would have included 

977 DMUs. 

 

5.4. Geostatistics 
 

To produce a more in-depth analysis of the results of the utilised methods, the 

application of geostatistical methods was deemed necessary. For the purposes and aims 

of this study, a method for bivariate relationship and a method for spatial dependence 

analyses were needed. The Spearman’s rank-order correlation coefficient and Moran’s 

I methods were chosen to be the most suitable for this study, as they were capable of 

explaining the desired phenomena (Haining et al., 2010; Glavin & Hooda, 2005). 

 

 
Figure 3. Scientific method process followed in the study (adapted from Rogerson, 2001). 

 

Issue specification Spatial modelling Exploratory methods

Confirmatory methodsResult interpretationTheory proposal
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As described in figure 3, the scientific method and the need to quantitatively model, 

test and analyse the results was the main driver for the inclusion of geostatistical 

methods. Rogerson (2001) describes the exploratory methods as useful for the detection 

and clarification of spatial phenomena, and according to him both exploratory and 

confirmatory methods are commonly used for explaining spatial phenomena. By 

following the scientific method, it is possible to fulfil the purpose of this study by 

confirming or rejecting set hypotheses as well as deriving and proposing spatial theories 

for further studies to challenge. 

 

The Spearman’s rank-order correlation coefficient was a suitable metric for analysing 

the underlying relationships between the different layers of importance. The method 

inherently allows the analysis of statistical data that follows a ranked structure or that 

which does not have a normal distribution, and the method is capable of producing a 

credible measure of criteria relationships (Glavin & Hooda, 2005; Rogerson, 2001). As 

the data used in this study does not follow a normal distribution, the Spearman’s rank-

order correlation coefficient was also a necessary method. In this study, the normality 

of the utilised criteria and WLC model outputs were tested, and the correlation 

coefficients were calculated using the SPSS software version 30.0.0.0 (172) (IBM, 

New York, United States). 

 

For spatial autocorrelation analyses, the Moran’s I statistic is a necessary metric, and in 

this study the utilised variant of the statistic was the bivariate local Moran’s I. The local 

variant was chosen for its suitability for exploration of local variance in significant 

clustering as explained by Islam et al. (2021) and for a more cohesive visualisation of 

the complete study area. Islam et al. describe the Moran’s I method as capable of 

producing clusters and outliers in 4 different categories: High-High, High-Low, Low-

Low and Low-High, of which especially High-High clusters and High-Low outliers are 

of interest to this study.  

 

The Moran’s I statistic was used as both an exploratory and confirmatory method, 

providing exploratory value through visualisation of clustering and confirmatory value 

through the statistical approach to spatial autocorrelation. The spatial autocorrelation 

analyses for this study were conducted using Queen contiguity as the analysis rule and 

calculated using the GeoDa software version 1.22.0.14 (University of Chicago, 

Chicago, United States) (Anselin & Li, 2025). The software was chosen mainly due to 

the integrated visualisation capabilities. 
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5.5. Study workflow 

 

 
Figure 4. Process chart of the workflow for the study. 

 

Figure 4 describes the structure and flow of the study, and it was divided into 3 sections, 

1 for each separate work process. By generalising, the study was divided into a section 

for data collection and handling (a), a section for weight estimation (b) and a section 

for result production (c). The modelled process includes some generalisations and 

condensed steps, but it was utilised throughout the study as a guiding model. 
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Section (a) contains the preprocessing stages of the study and the creation of the criteria 

raster layers from raw data and appropriate standardisation equations. The input criteria 

were cut off from the rest of the graph, since the study did not include any input criteria. 

The main outputs from the section were the rasterised criteria layers, with appropriate 

standardisations applied to them. 

 

Section (b) contains the weight estimation for the WLC model using ADM 

methodology and a custom R script (appendix A). Though not mentioned in the process 

chart in figure 4, this section also utilised the Python script (appendix B) for the 

necessary table modifications for the R script to run correctly. The main output of the 

section were the ready-to-use WLC model weights bound to the rule of 𝑤𝑘 ∈ [0,1]. 

 

Section (c) contains the global and local WLC model creation, sensitivity analyses and 

final output generation through geostatistical methods using SPSS version 30.0.0.0 

(172) (IBM, New York, United States) and GeoDa software version 1.22.0.14 

(University of Chicago, Chicago, United States) (Anselin & Li, 2025). This section 

utilised the largest amount of different software, as the WLC models were calculated 

by ArcGIS Pro software, and the statistical analyses required the use of SPSS and 

GeoDa software. The main outputs of the section were the global and local WLC 

outputs and the results of the confirmatory statistical methods. This section also 

included the cartographic processes necessary for the study, but they were condensed 

into the WLC part of the section. 
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6. Data 
 

The data for this study consists of completely public spatial datasets and other public 

spatial information, which are transformed into datasets for the purposes of this study. 

The used data is collected from 15 individual sources and in multiple different formats, 

mostly as vector layers. All used data sources and their appropriate descriptions are 

gathered into a table in appendix C. 

 

6.1. Model criteria 
 

The WLC model includes 9 different output attributes in total as model criteria, with 

no input attributes included. The criteria can be divided into 3 different categories: 

criteria that are related to where the population is most likely located during the 

nighttime and the daytime, criteria that are related to the gathering locations where the 

volume of population is estimated to be high, and lastly criteria that are related to the 

increasing risk within the DMU. All criteria datasets as well as the choice of criteria 

were restricted by public availability, since all the data collected was either available 

publicly or derived from public data. 

 

 
Figure 5. Study objectives. The objectives are separated into modellable phenomena and criteria 

needed for the study. The criteria are linked to the phenomena they are used to model. 
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Figure 6. Criteria layers: population (𝐴1), industrial facilities (𝐴2), sports facilities (𝐴3), airports 

(𝐴4), Finnish Defence Forces units (𝐴5), educational facilities (𝐴6), train stations (𝐴7),  

hospitals (𝐴8), and external emergency plan sites (𝐴9). 

 

The model criteria and how they are relevant to the study objectives is visualised in 

figure 5 in the form of a traditional decision tree. Figure 5 also explains how the same 

datasets are used for the other objectives of this study along with the WLC models. 
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Overall, the 15 datasets collected and derived for this study were suitable for all study 

objectives and provided a good basis for the inclusion of population, volume and risk 

related indicators.  

 

As shown in figure 5, the population nighttime and daytime locations were resolved 

using a combination of different layers also applied in the WLC model. The population 

locations branch describes that the population locations included the following datasets: 

population, educational facilities, industrial facilities, sports facilities, airports, train 

stations and hospitals. Out of these datasets, the daytime population layer for this study 

was constructed using all above mentioned datasets, excluding the population dataset. 

 

The population location criteria in figure 5 consist of 3 criterion layers visualised in 

figure 6: a 1 km2 vector grid of aggregated population data (𝐴1), the location of 

educational facilities (𝐴6), like schools and higher education institutions, and the 

location of industrial facilities (𝐴2), which inherently contain also a higher risk factor 

(Statistics Finland, 2024; Statistics Finland, 2022; Statistics Finland, 2019). The 

population volume criteria consist of 4 criterion layers shown in figure 6: the location 

of active airports and airfield areas (𝐴4), the location of active and publicly available 

train stations (𝐴7), the location of current indoor sports facilities (𝐴3) with outside 

sports areas without dedicated indoor spaces were limited outside the dataset, and the 

location of hospitals or other significant healthcare facilities (𝐴8) (University of 

Jyväskylä, n.d.a; Finnish Transport and Communications Agency, 2025; Finnish 

Transport Infrastructure Agency, 2025; HUS Helsinki University Hospital, 2025b). The 

risk location criteria consist of only 2 criteria layers shown in figure 6: the location and 

relevant areas of external emergency plan sites (𝐴9), which introduce a higher hazard 

for the surrounding population, and the location of the military units of the Finnish 

Defence Forces (𝐴5) that have their locations publicly available (The Finnish Defence 

Forces, n.d.; Finlex, 2011a). 

 

6.1.1. Data modifications for model framework 

 

All collected and used data required modifications and other preprocessing steps before 

they were suitable for analysis use. The data were processed prior to analysis by first 

ensuring that all layers were transformed into vector grids through summarising 

relevant attributes into a predefined 1 km2 grid. The grids were then rasterised to allow 

for the use of map algebra in the standardisation and WLC model equations. Altering 

the criteria layers to allow for map algebra operations was critical, since the WLC 

model is especially useful when handled using map algebra operators through tools like 

the raster calculator (Malczewski & Rinner, 2015; Malczewski, 2006). Finally, the 

study area raster layers were extracted from the original layers by using the study area 

as a mask layer. As output attributes mean that larger values are better for the model 

output, the complete raster layers were standardised using the maximisation equation 2 

(Tofallis, 2024). 
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6.2. Theoretical civil defence shelter model 

 

The data for most civil defence shelters and their locations is not publicly available, and 

the limited available public information in itself was not useful for the purposes of the 

study. National legislation deems that official documents concerning civil defence are 

secret and that disclosing relevant information from the Finnish Population Information 

System is not allowed if it endangers the security of the Republic of Finland (Finlex, 

2009; Finlex, 1999). To resolve the need for a spatial layer describing the civil defence 

shelters within the study area, the following estimation equation was proposed as part 

of this study: 

𝐿𝑖 =
𝐹𝑖  ×  𝐶𝑖

0.75
(14) 

In equation 14 𝐿𝑖 stands for the maximum estimated shelter space capacity within the 

civil defence shelter at the ith building, 𝐹𝑖 means the floor area of the ith building and 

𝐶𝑖 is the building code of the ith building. The building code influences whether 1% or 

2% of the floor area affects the requirements of the civil defence shelter area, and thus 

whether the floor area is multiplied by 0.01 or 0.02 (Finlex, 2011b). This estimation 

model assumed a 0.75 m2 of shelter area per sheltering person, in accordance with 

contemporary legislation, and all other previous area requirements were ignored for the 

sake of expediency (Finlex, 2011b). 

 

Using equation 14, a theoretical distribution of the civil defence shelters based on the 

contemporary requirements for civil defence shelter construction was created. The 

output of the equation did not fully correspond to reality, but it did give an indication 

of how the civil defence shelters would be distributed based solely on the contemporary 

floor area restrictions of buildings larger than 1 200 m2 or 1 500 m2 (Finlex, 2011a). 

This way the proposed equation and resulting spatial layers were not in conflict with 

the interests of the national legislation, and they did not provide any insight into 

anything more than what was already publicly available. 

 

The model included a dimension of civil defence shelter space estimation along with 

the estimation of shelter distribution. Although that aspect was presented as part of the 

proposed model, the civil defence shelter spaces were not used in this study due to the 

significant differences in the results when compared to the public information on 

regional civil defence shelter space numbers presented by Pasi & Häyrinen (2023). 

Table 1 demonstrates the reasoning for not using the shelter spaces by comparing the 

contemporary data from 2025 to the latest public data available from 2022. The data 

for the comparison was collected from the built environment information system and 

thus slightly differs from the data used in this study (appendix C). 
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Table 1. Comparison of modelled civil defence shelter space quantities. The modelled 

quantities are calculated using equation 14 and assuming a requirement of  0.75 m2 per 1 

person. The data is from the built environment information system Ryhti to latest public civil 

defence shelter space quantities (Finnish Environment Institute, n.d.b; Pasi & Häyrinen, 2023; 

Finlex, 2011b). 

Region Public data Modelled data | Difference | Difference (%) 

Helsinki 883 161 771 515 111 646 13 % 

Eastern Uusimaa 64 394 60 601 3 793 6 % 

Central Uusimaa 120 257 320 558 200 301 167 % 

Western Uusimaa 460 004 292 162 167 842 36 % 

 

The proposed model was eventually used to indicate whether a building in the building 

dataset was required to construct a civil defence shelter by filtering the buildings with 

𝐿𝑖 > 0. Even though the shelter space estimation causes inaccuracies, the modelling 

equation 14 still functioned as an indicator of how the current legislation drives civil 

defence shelter distribution. Most inaccuracies in the resulting data were likely related 

to the exceptions allowed by the Rescue Act, which were impossible to reliably 

quantitatively model (Finlex, 2011a). 

 

6.3. Model weight estimation 
 

The ADM process produced criteria weights for the global WLC model, and the local 

WLC model weights were derived from the global WLC model criteria weights using 

equation 6 as proposed by Malczewski (2011). The used model criteria weights, both 

for global and local WLC, followed the WLC methodological requirement of            

𝑤𝑘 ∈ [0,1], with   ∑𝑤𝑘 = 1. As per the ADM process, the weights and their ordering 

hold no qualitative value decisions, which could drive a certain criterion up in 

importance while pushing another criterion down. In the context of this study, the ADM 

resulted in generally logical weight outputs, but for example the inflation of the Finnish 

Defence Forces units criterion weight (𝐴5 and 𝐴5
𝑞
) over criterion weights like 

educational facilities (𝐴6 and 𝐴6
𝑞
)  or hospitals (𝐴8 and 𝐴8

𝑞
) could be challenged on 

qualitative and ethical grounds if qualitative values would be included in the decision-

making. 

 

6.3.1. Global weight estimation 

 

The global WLC model criteria weights are described in table 2. The table contains the 

weight values with an accuracy of up to four decimal places, and with the criterion 

weight values ranging from 𝑤𝑘
𝑚𝑎𝑥 = 0.3623 to 𝑤𝑘

𝑚𝑖𝑛 = 0.0061. The highest weights 

were held by criterion 𝐴1, 𝐴2, 𝐴3 and 𝐴4, with them consisting of almost 80% of the 

total weights. 
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Table 2. Global WLC model criteria weights. The weights were derived from the ADM process 

proposed by Tofallis (2024). 

𝑨𝒌 𝑨𝟏 𝑨𝟐 𝑨𝟑 𝑨𝟒 𝑨𝟓 𝑨𝟔 𝑨𝟕 𝑨𝟖 𝑨𝟗 

𝒘𝒌 0.3623 0.1973 0.1361 0.0954 0.0912 0.0830 0.0224 0.0064 0.0061 

 

6.3.2. Local weight estimation 

 

The local WLC model criteria weights are described in table 3. The table contains the 

weight values with a similar accuracy to table 2. The local WLC criteria weights had 

higher overall weights, except for criterion 𝐴4
𝑞
 which had its weight reduced to 0 on the 

local model. The criteria weights ranged from 𝑤𝑘
𝑞 𝑚𝑎𝑥 = 0.4005 to 𝑤𝑘

𝑞 𝑚𝑖𝑛 = 0.0000, 

with the highest weight values held by criterion 𝐴1
𝑞
, 𝐴2

𝑞
, 𝐴3

𝑞
 and 𝐴5

𝑞
, since the local WLC 

model excluded criterion with no effect on the local level. 

 

Table 3. Local WLC model criteria weights. The weights were derived from the ADM process 

proposed by Tofallis (2024) and local criterion weight function defined by Malczewski (2011). 

𝑨𝒌
𝒒

 𝑨𝟏
𝒒

 𝑨𝟐
𝒒

 𝑨𝟑
𝒒

 𝑨𝟒
𝒒

 𝑨𝟓
𝒒

 𝑨𝟔
𝒒

 𝑨𝟕
𝒒

 𝑨𝟖
𝒒

 𝑨𝟗
𝒒

 

𝒘𝒌
𝒒

 0.4005 0.2181 0.1504 0.0000 0.1008 0.0917 0.0248 0.0070 0.0067 
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7. Results 
 

Both WLC models, global (figure 7) and local (figure 8), were successfully completed 

and they produced outputs for the whole study area. Statistical methods could be 

employed based on the produced data. The results of the WLC models and the statistical 

analyses statistical provided useful insight into the contemporary state of the 

theoretically modelled civil defence shelter distribution and its efficiency. 

 

7.1. Weighted linear combination scores 
 

 
Figure 7. Global WLC model scores. 𝑉 stands for the output of the WLC model, which indicates 

the civil defence shelter need within a DMU. The higher the value 𝑉 is, the higher the need for 

civil defence shelters is. 

 

The global WLC model (figure 7) produced a 1 km x 1 km raster grid as per the 

specifications of the underlying criteria data, including all 977 DMUs of the study area. 

The model output 𝑉(𝐴𝑖) achieved minimum values of 0 and maximum values of             

≈ 0.64, within the model range of 𝑉(𝐴𝑖) ∈ [0,1]. The mean value of the output was   

≈ 0.045, with a standard deviation of ≈ 0.068. The visual analysis of the model output 

indicated that the highest values were produced in the southern part of the study area, 

mainly within the city of Helsinki, with other high-end values being spread out mainly 

between the metropolitan areas of the cities of Espoo, Kauniainen and Vantaa. The 

complete scores and cartographic products of the global WLC model are documented 

in appendices D-G.  
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Figure 8. Local WLC model scores.  𝑉 stands for the output of the WLC model, which indicates 

the civil defence shelter need within a DMU. The higher the value 𝑉 is, the higher the need for 

civil defence shelters is. 

 

The local WLC model (figure 8) produced a similar 1 km x 1 km raster grid, but with 

the limitations of the processing area restricted to the city of Helsinki, including only 

320 DMUs, or over 32% of the original study area. The model output 𝑉(𝐴𝑖
𝑞) achieved 

minimum values of 0 and maximum values of ≈  0.71, within the same model range of 

𝑉(𝐴𝑖
𝑞) ∈ [0,1]. The local model produced values with a maximum value of ≈  0.07 

higher than the global model, indicating a stronger and more localised result when 

compared to the global model. The mean value of the output was ≈  0.084, with a 

standard deviation of ≈  0.1, differing from the global output by 0.039 and 0.032 in 

mean values and standard deviation respectively. The local model continued to follow 

a similar visual pattern as the global model, with the highest values being in the very 

centre of Helsinki. The complete scores and the cartographic product of the local WLC 

model are documented in appendix H. 

 

7.2. Shelter distribution correlation and clustering 
 

The correlation test completed with the criterion layers for civil defence shelters and 

population (table 4) indicated that the correlation between the criteria was significant. 

This study sought to find out whether the correlation was strong, which was proven by 

ρ receiving a value of 0.793 and being statistically significant at the 0.01 level. The 
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conducted test indicated that the DMU ranking for both criteria were spatially 

correlated. 

 

Table 4. Correlation of the civil defence shelters and the population. The test was conducted 

using a 2-sided Spearman’s rank-order correlation coefficient test. 

 Shelters Population 

 Spearman's rho Shelters Correlation Coefficient 1.000 0.793 

Significance level - 0.01 

Population Correlation Coefficient 0.793 1.000 

Significance level 0.01 - 

 

The correlation test for the civil defence shelters and population daytime locations 

(table 5) followed suit with the correlation of the previous population distribution. The 

Spearman’s ρ received a slightly stronger value than before, with the correlation 

coefficient being 0.833 and statistically significant at the 0.01 level. The set ρ-value to 

test against was set to ≥ 0.7, and so it was determined that the correlation between the 

civil defence shelters and the daytime locations was strong. From this information it 

was possible to gleam the fact that the population could have better sheltering 

possibilities during the daytime while at their place of employment, although this was 

not a guaranteed situation. 

 

Table 5. Correlation of the civil defence shelters and the daytime locations. The test was 

conducted using a 2-sided Spearman’s rank-order correlation coefficient test. 

 Shelters Daytime 

locations 

 Spearman's rho Shelters Correlation Coefficient 1.000 0.833 

Significance level - 0.01 

Daytime 

locations 

Correlation Coefficient 0.833 1.000 

Significance level 0.01 - 

 
Figure 9. Spatial autocorrelation of the civil defence shelter and the population clusters. The 

spatial autocorrelation was tested using a bivariate Local Moran’s I measure. 
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The spatial autocorrelation test of the civil defence shelter and the population 

distribution clustering (figure 9) indicated an almost moderate spatial autocorrelation 

of 0.492. A visual analysis and comparison of the test output showed similarities with 

the minimum and maximum value distribution of the WLC models. The high values of 

both civil defence shelters and population were concentrated in the main city area of 

Helsinki, with some outliers in the cities of Vantaa and Espoo. The Low-Low value 

clusters were distributed in the similar areas as the low WLC scores, mainly in the least 

built areas of the cities. The high volume of not significant clusters that form a barrier 

between the High-High and Low-Low clusters resulted in the overall autocorrelation I-

value remaining slightly below the value that it was tested against, I ≥ 0.5. The spatial 

autocorrelation existed between the criteria, especially within local clusters, but it was 

generally below moderate for the study area. 

 

 
Figure 10. Spatial autocorrelation of the civil defence shelter and the daytime location clusters. 

The spatial autocorrelation was tested using a bivariate Local Moran’s I measure. 

 

A similar spatial autocorrelation test for the civil defence shelter criterion and the 

daytime location criterion (figure 10) was completed, with almost identical results as 

the previous test. Minor single cluster changes occurred with the change of the second 

criterion but overall, the High-High and Low-Low clusters remained stationary. Some 

new High-Low and Low-High clusters appeared around the edge areas of the larger 

clusters, with high daytime locations and low number of civil defence shelters 

clustering nearby the Low-Low clusters and low daytime locations and high civil 

defence shelters near the High-High clusters of the built areas. The spatial 

autocorrelation measure I still failed to attain a value greater than what it was tested 

against, remaining almost identical to the value shown in figure 10 and under the test 

value, 0.489 < 0.5.  
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The statistical correlation and spatial autocorrelation of the civil defence shelter 

distribution create a premise where the distributions seemed to follow a purposeful 

pattern when compared to the distribution of the population during the most probable 

nighttime and daytime locations. The floor area guided construction of civil defence 

shelters was mostly accurate with the distribution of the end users, with slight 

deviations as demonstrated by the figures and tables earlier. With a baseline 

understanding of the correlation derived efficiency of the theoretical civil defence 

shelter system, it was useful to analyse whether the WLC model reveals inefficiencies. 

 

7.3. Shelter need index correlation and clustering 

 

To measure if the shelter need index created as the output of the global WLC follows a 

meaningful pattern, it was compared to the distribution of the civil defence shelters. 

The earlier tests indicated that the theoretical distribution of the civil defence shelters 

was a reliable layer for comparison, so a new Spearman’s rank-order correlation 

coefficient test was conducted (table 6). The global WLC and civil defence shelters 

returned a high ρ-value of 0.839 with a statistical significance level of 0.01, 

overperforming the ρ-value of 0.7 that the result was tested against. 

 

Table 6. Correlation of the global WLC model and the civil defence shelters. The test was 

conducted using a 2-sided Spearman’s rank-order correlation coefficient test. 

 Global  

WLC 

Shelters 

 Spearman's rho Global  

WLC 

Correlation Coefficient 1.000 0.839 

Significance level - 0.01 

Shelters Correlation Coefficient 0.839 1.000 

Significance level 0.01 - 

 
Figure 11. Spatial autocorrelation of the global WLC model and the civil defence shelter 

clusters. The spatial autocorrelation was tested using a bivariate Local Moran’s I measure. 
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The spatial autocorrelation between the global WLC and the civil defence shelter 

distribution was conducted using the same bivariate local Moran’s I test (figure 11), 

with the I-value reaching a value of 0.518 and the visual comparison of the clustering 

to the earlier test results revealing a repeating pattern of High-High values clustering 

mainly within the city of Helsinki and Low-Low values clustering mostly on the outer 

edges of the study area. The clustering indicated that the highest quantitatively 

measurable shelter needs were located within the capital city and other metropolitan 

hotspots where the modelled shelter volume was also highest, further emphasising the 

correctness of the high correlation ρ-value. The I-value just exceeded the tested value, 

with the measured I-value being > 0.5, meaning that the spatial autocorrelation was at 

least moderate. 

 

The high correlation and moderate spatial autocorrelation between the global WLC 

model and the theoretically modelled civil defence shelter distribution indicated that 

the WLC output was accurate in its shelter need measurements and that the 

contemporary spatial patterns of shelter construction answered to the quantitative need 

for shelters. It is worth emphasising that this study did not consider whether the shelter 

spaces are satisfactory within a single DMU. The correlation tests also shone a light on 

the issue of spatial autocorrelation within the urban areas that exist between the 

metropolitan centres, or High-High value clusters, and least populated urban areas, or 

Low-Low value clusters. These areas landed on the non-significant clusters in all 

conducted tests and would indicate that within those areas the spatial autocorrelation 

was not strong enough to indicate measurable clustering. 

 

7.4. Weighted linear combination model comparison 

 

The global WLC model was complemented with a local WLC model to test if a 

localised model proposed by Malczewski (2011) was able to produce more accurate 

localised outputs. The correlation between the global and local WLC model scores was 

conducted using Spearman’s rank-order correlation coefficient (table 7) to test the 

ordering of both model outputs and to detect any differences in local preferences. The 

results indicated that both model outputs resulted in identical outputs, hence receiving 

a ρ-value of 1.0 with a statistical significance level of 0.01. The test result clearly 

overperformed the value to be tested against, and with the resulting ρ > 0.7 the 

correlation between the models was understood as strong. 

 

Table 7. Correlation of the global WLC model and the local WLC model. The test was 

conducted using a 2-sided Spearman’s rank-order correlation coefficient test. 

 Global  

WLC 

Local  

WLC 

 Spearman's rho Global 

WLC 

Correlation Coefficient 1.000 1.000 

Significance level - 0.01 

Local 

WLC 

Correlation Coefficient 1.000 1.000 

Significance level 0.01 - 
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The correlation value would indicate that even as the local WLC output resulted in 

0.039 and 0.032 higher mean and standard deviation values, respectively, the ranking 

of the DMUs did not change with the model structure, criteria and weight changes. The 

similarities between the model outputs could be geographically induced, since the study 

area was geographically limited and the localised criteria and weight differences 

produced by the local WLC model were not that significant when compared to the 

global WLC equivalents. In the context of this study area and subject, the local model 

did not provide any different or further beneficial outputs to a localised study when 

compared to the global model. 

 

 
Figure 12. Bar graph comparison of global and local WLC score values. The values Vi are 

visualised for the WLC DMUs 100-300. 

 

The strong rank-order correlation between the global WLC and local WLC was 

confirmed also by visual analysis by plotting both model outputs into a bar graph (figure 

12). As can be seen from the graph, both model outputs followed the same pattern 

almost identically, with the slightly higher overall value for DMUs that was evident 

from figures 7 and 8. The identical spread of values along the DMUs from both WLC 

model outputs verified the similar rank-order structure, for example with the top 

performing DMUs 133, 193 and 226 retaining their respective ranks in both models. 

 

7.5. Model sensitivity 
 

The global WLC model sensitivity to uncertainty was tested by measuring the 

sensitivity of its weights and the used criteria. The sensitivity analysis approach was 

done using the OAT approach, revealing weight and criterion specific sensitivities. The 

sensitivity analysis was completed only for the global WLC model, since it is most used 

in this study as a basis for results and discussion. Also, the local WLC model is highly 
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bound to the global WLC model, meaning that the uncovered stability or sensitivity of 

the global WLC model directly corresponds to the respective features of the local WLC 

model. 

 

The weight sensitivity was tested using a gradual propagation of each separate criterion 

weight at 0.25 increments, with simultaneous adjustment of other weights to satisfy the 

requirement of ∑ 𝑤𝑡 = 1. The propagation included 𝑤𝑡 value increments of 0, 0.25, 

0.5, 0.75 and 1. The criterion sensitivity was tested by observing changes within 

criterion min-max range, with model mean values derived at each 𝑉𝑖 min values of 0 

and max values of 1 due to the nature of standardised criteria values (Chen et al., 2011). 

Both tests were plotted as linear functions, and the intersection points for both 𝐴𝑖 and 

𝑉𝑖 are documented in appendix I. 

 

 
Figure 13. OAT analysis of the criteria weights. The value changes are visualised using WLC 

model mean values 𝑉(𝐴𝑖, 𝑤𝑡) within model criterion weight range 0 ≤ 𝑤𝑡 ≤ 1. 
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The criteria weight propagation (figure 13) revealed that most weights when 

incrementally increased resulted in decreasing overall mean values for the model 

output, although criteria 𝐴1 and 𝐴6 retained a positive linear progression throughout the 

test. The positive progression indicated that as the value of the weight increased for the 

tested criterion, the mean value of the WLC model scores increased. The negative 

progression indicated a mirrored effect, where the weight value increase of the tested 

criterion resulted in the decrease of the mean WLC model scores. 

 

 
Figure 14. Mean relative distance of the criteria weights. The values are bound to δ𝑤 ∈ [0,1]. 

A higher value indicates less sensitivity to uncertainty and a lower value indicates higher 

sensitivity to uncertainty (Chen et al., 2011). 

 

The sensitivity analysis of the criteria weights (figure 14) showed that there was clear 

variability in the sensitivity of criteria weights. The sensitivity in figure 14 was divided 

into 3 categories by colour: δ𝑤 < 0.1, 0.1 < δ𝑤 < 0.2 and 0.2 < δ𝑤. Criterion weight 

for 𝐴1, or population, showed the highest sensitivity with δ𝑤 = 0.08. This was 

expected, since it had the most influence on the final scores and during the weight 

propagation in figure 13 it overcame all other criteria, changing its rank from the least 

important to the most important. As Chen et al. (2011) note, model weight sensitivity 

to uncertainty also introduces influences on the made decisions, and thus the weight 

selection of criterion 𝐴1 carries the highest risk when it comes to decision-making. 

 

According to the analysis, the most stable weights were criteria weights for 𝐴5, 𝐴6 and 

𝐴7, or the Finnish Defence Force units, educational facilities and train stations, 

respectively. These criteria weights had least effect on the final ranking of the criteria 

and thus carried the lowest risk in the final decision-making (Chen et al., 2011). Criteria 

weights for 𝐴2, 𝐴3, 𝐴4, 𝐴8 and 𝐴9, or industrial facilities, sports facilities, airports, 

hospitals and external emergency plan sites respectively, showed mediocre sensitivity. 
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These criteria weights were sensitive but held less influence over the final ranking and 

thus contained less risk than the weight of criterion 𝐴1.  

 

 
Figure 15. OAT analysis of the criteria values. The value changes are visualised using WLC 

model mean values 𝑉𝑖 within the standardised value range of 0 ≤ 𝑉𝑖 ≤ 1. 

 

The criteria sensitivity, also described as attribute sensitivity, was tested using mean 

criteria values and OAT criterion value propagation (Chen et al., 2011). The results 

plotted as linear functions (figure 15) revealed that the rank reversal happens early on, 

with global WLC model criteria finding their final order somewhere between         

0.05 − 0.1 of the value test range. All criteria had a positive linear progression, 

although criteria 𝑉8 and 𝑉9, or hospitals and external emergency plan sites, respectively, 

had only minimal growth within the value range. 

 

Figure 15 also revealed the bias of the ADM process to the criterion value range, since 

criteria 𝑉1 − 𝑉9 were already similarly ranked by weight value based on the importance 

given by the ADM process. For example, the gradual increase of the value of criterion 

𝑉1, or population, significantly increased the mean value of the WLC model scores 
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when other criteria remained static. This was due to the remarkable scale of values, 

original or standardised, that the criterion holds, which the ADM process then used in 

the objective weight estimation (Tofallis, 2024). 

 

 
Figure 16. Mean relative distance of the criteria values. The values are bound to δ𝑖 ∈ [0,1]. A 

higher value indicates less sensitivity to uncertainty and a lower value indicates higher 

sensitivity to uncertainty (Chen et al., 2011). 

 

The sensitivity analysis of the criteria (figure 16) with the relative distance measure δ𝑖 

was divided into 3 categories by colour: δ𝑖 < 0.025, 0.025 < δ𝑖 < 0.05 and 0.5 < δ𝑖. 

The test strengthened the reliability of criterion 𝑉5, or the Finnish Defence Force units, 

which held one of the highest values of the test similar to its respective weight 𝐴5 

(figure 14). On the other hand, criteria 𝑉6, 𝑉7, 𝑉8 and 𝑉9, or educational facilities, train 

stations, hospitals and external emergency plan sites, respectively, held the highest 

sensitivity and thus the chosen value range of the criteria held the highest risk for 

decision-makers (Chen et al., 2011). Criteria 𝑉1, 𝑉2 and 𝑉3, or population, industrial 

facilities and sports facilities respectively, held a mediocre sensitivity and carried 

similar risks, although slightly less severe, than criteria 𝑉6 − 𝑉9. 

 

The sensitivity analysis of the criteria weights and values highlighted some affinity to 

uncertainties and revealed some inclination to stability but ultimately gave no concern 

for the reliability of the global WLC model scores. The understanding of the sensitivity 

of some criteria and their respective weights is important for accurate and purposeful 

decision-making and thus these results have to be kept in mind when deciphering the 

WLC model and interpreting the output results (Malczewski & Rinner, 2015). Overall, 

the criteria and their weights behaved in an expected manner and their positive or 

negative progressions were concise with the data used for the study. 
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8. Discussion 
 

The results echo a sentiment that the Finnish civil defence shelter is not as inefficient 

in its distribution as one could estimate based on contemporary construction 

requirements. The confirmatory statistical methods agreed with this estimation and 

provided further insight into the more or less efficient aspects analysed in this study. 

All research objectives and their relevant questions could be answered within the 

confines of this study, and related hypotheses received both confirmations and 

rejections based on the conducted analyses. 

 

8.1. Research objective 1: Shelter distribution correlation  

 

Firstly, this study asked whether the civil defence shelter distribution correlates with 

the population distribution, and the question was answered by testing Spearman’s rank-

order correlation coefficient for the population layer and a combinatory layer of 

daytime population locations described in figure 5. The alternative hypotheses 𝐻𝑎1 and 

𝐻𝑎2 set at the beginning of this study described scenarios where the rank-order 

correlation coefficients would return as strong (ρ ≥ 0.7). The results described in tables 

4 and 5 proved the null hypotheses false, with both tests resulting in strong rank-order 

correlation coefficients (ρ = 0.793, ρ = 0.833). 

 

The results indicated that the theoretically modelled civil defence shelter distribution 

shared strong similarities with how the population was distributed within the study area 

as well as where the daytime locations of estimated high population volume used in this 

study existed. This in itself lead to the conclusion that the civil defence shelter 

construction based purely on floor area related requirements primarily existed in similar 

DMU areas as the population. This speaks for the inherent efficiency of the 

contemporary legislative requirements, as to the shelter construction within the study 

area. The rank-order correlation for both layers was stronger than expected and with 

values of almost and slightly over 0.8, the results hinted at an almost perfect correlation 

within the credible correlation ranges. 

 

8.2. Research objective 2: Shelter distribution clustering 
 

Secondly, this study asked whether the civil defence shelter distribution is spatially 

autocorrelated with the population distribution, and the question was answered by 

measuring the local Moran’s I statistic for the population layer and a combinatory layer 

of daytime population locations. The alternative hypotheses 𝐻𝑎3 and 𝐻𝑎4 set for these 

questions at the beginning of the study were that spatial autocorrelation exists between 

the civil defence shelter distribution and population distribution as well as daytime 

population locations with at least moderate values (I ≥ 0.5). The results visualised in 

figures 9 and 10 provided answers to the question and resulted in the rejection of the 
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alternative hypotheses as both tests returned below moderate values (I = 0.492,          

I = 0.489) by a small margin. 

 

While being close to moderate, both tests fell under the set value to be tested against, 

revealing a slightly ambiguous clustering pattern within the study area. While clear 

High-High and Low-Low clusters could be identified by visual analysis of both relevant 

figures, it is worth noting that not significant DMUs dominated the study area. This 

means that while High-High clusters existed within highly populated and heavy 

estimated population traffic areas and Low-Low clusters existed within low population 

and low estimated population traffic areas as expected, almost half of the DMUs did 

not indicate any significant clustering or outlier behaviour.  

 

In those areas, mainly in the middle of the study area between the High-High and Low-

Low clusters, the population and theoretically modelled civil defence shelters did not 

correspond in a way that would indicate any kind of spatial autocorrelation. Those areas 

are of great interest, since the areas where the efficiency of the civil defence shelter 

system suffers most and the construction of civil defence shelters is most inefficient 

most likely exist there. The minor outliers, Low-High and High-Low, were significantly 

lower in number than the unsignificant or main clusters and posed no further ambiguity 

to the test results. 

 

8.3. Research objective 3: Shelter need index correlation and 

clustering 

 

Thirdly, this study asked whether the global WLC modelled civil defence shelter need 

index is rank-order correlated and spatially autocorrelated with the theoretically 

modelled civil defence shelter distribution, and the question was answered by testing 

the Spearman’s rank-order correlation coefficient and calculating the local Moran’s I 

statistic as bivariate tests. The alternative hypotheses 𝐻𝑎5 and 𝐻𝑎6 set for these 

questions were that the rank-order correlation test returns a strong correlation 

coefficient (ρ ≥ 0.7) and the spatial autocorrelation test returns at least a mediocre 

autocorrelation value (I ≥ 0.5). The results described and visualised in table 6 and 

figure 11 proved the alternative hypotheses correct and allowed the rejection of the null 

hypotheses by producing a strong correlation coefficient (ρ = 0.839) and a moderate 

spatial autocorrelation value (I = 0.518), although yet again only by a small margin. 

 

The rank-order correlation coefficient was very strong, with resulting values exceeding 

the values it was tested against. The correlation indicated that the distribution of civil 

defence shelters followed the same pattern as the modelled need for civil defence 

shelters and that the modelled shelters were located around where the need was highest. 

It is worth emphasising that the theoretical civil defence shelter distribution was not 

used as a criterion in the global WLC model, thus the correlation accurately described 
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the relationship between the layers as the global WLC need index was not dependent 

on the shelter distribution. 

 

The spatial autocorrelation between the need index and the shelter distribution followed 

a similar clustering pattern as the shelters and population related layers, with High-High 

and Low-Low clusters populating the southern and northern DMUs, respectively. 

Although individual changes could be seen in the visualisation, the overall pattern 

remained roughly identical. The moderate spatial autocorrelation indicated that the high 

values were commonly bordered by high values, and low values were commonly 

bordered by low values, enforcing the at least partial applicability of Tobler’s first law 

of geography as similar values tend to be spatially related (Waters, 2018). This analysis 

carried with it the same ambiguity that the previous spatial autocorrelation analyses 

had, with the centre area resulting mainly in non-significant DMUs in regard to 

clustering, although in this case most of the non-significant DMUs inherently contained 

low values of shelter need as per the global WLC results (figure 7, appendices D-G).  

 

8.4. Research objective 4: Weighted linear combination 

model comparison 
 

Fourthly, this study asked whether the local WLC model produces differently ranked 

outcomes to the global WLC model, and the question was answered by testing the 

Spearman’s rank-order correlation coefficient between the model output layers. The 

alternative hypothesis set for this question assumed a scenario where the produced 

estimates would not differ significantly and that the correlation coefficient would return 

as strong (ρ ≥ 0.7). The results described in table 7 and visualised in figure 12 rejected 

the alternative hypothesis, as the global and local WLC model outputs share an identical 

rank-order with a perfect correlation coefficient (ρ = 1.0) as a testimony. 

 

The perfect correlation indicated that both WLC model outputs returned DMU scores 

in an identical order, with no differences existing between the model outputs. The 

visualisation in figure 12 demonstrated the rank-order structure for both outputs, where 

the similarities could be seen clearly. As an example, DMUs 133, 193 and 226 held a 

similar rank within the model outputs as the top performing units even though their 

model output values differ, with local WLC producing higher values than the global 

WLC. The similarities could also be seen visually in the cartographic products for both 

the global WLC (appendices D-G) and the local WLC (appendix G). As a result of the 

correlation coefficient test, it can be proven that in the context of this study the local 

WLC provided no additional or more accurate information for decision-making. 

 

8.5. Methodological and theoretical decisions 

 

This study used an approach that is generally uncommon in the field of WLC method 

application, by removing the qualitative aspects of the method completely. The 
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inclusion of ADM-based weight estimation was necessary due to the limited time 

resources of the study, as well as the high ethical responsibility included in the criteria 

prioritisation process to elicit weights from decision-makers directly. Due to the volatile 

subject and the necessity of indirectly ranking the importance of human lives, the 

quantitative approach to weight estimation was the only acceptable option for this 

study, even though it left out important qualitative value decisions that decision-makers 

could make throughout the WLC model construction. 

 

A second decision was made regarding the inclusion of criteria, since only the necessary 

criteria could be included to ensure the requirement of minimality (Malczewski, 2000). 

The main restricting factor was the decision to include only publicly available datasets, 

after which the inclusion was guided by the study objectives presented in figure 5. From 

the available datasets only those that directly implied population prevalence or 

indicated a heightened risk for sheltering need were included, with an underlying idea 

of keeping the criteria count at under 10 criteria. 

 

As an example of ensuring criteria minimality, fire and rescue stations were not 

included in the model construction even though the data for most fire and rescue 

stations exists at least in address format. The reason for fire and rescue station exclusion 

was the inconclusive data available regarding the prediction of risk of military strikes 

based on the station locations. According to the findings of a recent report, although 

fire and rescue stations are often damaged in Ukraine because of Russian military 

strikes, no clear indicator of direct use of fire targeted at the stations was confirmed 

(Räkköläinen et al., 2025). 

 

The minimality requirement of the WLC model criteria also influenced the decision to 

include or exclude input criteria from the model. As the internal decision of including 

a maximum of 10 criteria guided the inclusion, a decision was made to focus mainly 

on criteria that directly indicate or increase the potential of population prevalence 

within the area. This was chosen as a baseline idea to guarantee enough factors that 

would allow the model to accurately depict whether the contemporary civil defence 

shelter system was efficient and the distribution was expedient. To allow for the 

inclusion of local risk factors increasing the need for shelter use, the input criteria 

naturally were left out of the model completely. 

 

Another decision was needed regarding the aggregation of the used criteria data, which 

in turn was also a decision regarding the acceptable level of generalisation of the study 

outputs. As the WLC model is inherently applicable with map algebra operations, a 

common ground between the data generalisation and accuracy needed to be found so 

that the calculations could be made (Malczewski & Rinner, 2015; Malczewski, 2006). 

The largest native grid resolution of the criteria data was used as a basis for all other 

criteria layers, and the population dataset had the largest grids out of all the utilised 

criteria. As the smallest available resolution for the population dataset was a 1 km x 1 
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km grid, all other datasets were aggregated into the same resolution even though in their 

native resolution they could provide information on an even more local scale. 

 

A final methodological decision was made regarding the sensitivity analyses and the 

inclusion of analysis methods. As noted by Chen et al. (2011), the 4 main sources of 

uncertainty in MCDA include 2 qualitative decisions: the inclusion of criteria and the 

qualitative estimation of criteria weights. As this study focused on the more quantitative 

aspects of MADA, these sensitivity analyses were also excluded from the investigation 

of model uncertainty and sensitivity. The reasoning for this decision was derived from 

previous methodological and theoretical decisions made during this study, as the 

inclusion of more qualitative sensitivity analyses would not have provided relevant 

information for the purposes of this study. 

 

8.6. Data prerequisites 

 

As covered earlier in this study and described by Malczewski (2000), the WLC process 

sets some requirements for the data used in the model, which are linearity, additivity, 

comprehensiveness, measurability, minimality, completeness, operationality, 

decomposability and nonredundancy. As he notes, it is very difficult to achieve all the 

requirements to minimise the misleading effects of the used data, but in this study the 

result accuracy was validated by analysing the used attributes and considering the 

prerequisites set for them, as well as by conducting a sensitivity analysis on the weights 

and criteria. Some uncertainties in the data were accepted, since it is near impossible to 

avoid all uncertainty factors as reasoned by Malczewski. More focus was placed on 

identifying the underlying factors that might cause uncertainty in the model output. 

 

Malczewski (2000) points out that the linearity assumption is a common issue when it 

comes to GIS-MCDA, as geospatial data usually has a non-linear structure, thus 

introducing a non-linearity problem to the WLC model. He states that by applying a 

value transformation, like the maximisation equation (equation 2), to standardise all 

criteria values, a linear form is forced on the value functions that provides only an 

estimate of the true form of each criterion. Malczewski also notes, that the farther away 

from a linear structure the true value function is, the greater the inaccuracy of the output 

of the standardising value transformation. A highly non-linear criterion cannot be 

accurately modelled by a linear function, and as such certain inaccuracies have to be 

tolerated with the use of the WLC model. 
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Figure 17. Example of forced linearity. In the figure is displayed a distance related criterion in 

its true form and a transformed standardised form. 

 

Figure 17 illustrates one of the examples Malczewski (2000) uses to describe this 

forced linearity: a distance criterion, which is affected by distance decay. The effect of 

the distance decays the longer a distance is travelled, meaning that the value of the 

criterion decreases more between distances 0 and 5, than it does between distances 25 

and 30. This distance decay results in a non-linear value function. A linearity assuming 

value transformation ignores this non-linear structure and forces the distance criterion 

into a linear value function, where the value of the criterion decreases the same amount 

between distances 0 and 5 as it does between distances 25 and 30. 

 

These standardising value transformations introduced uncertainties to the WLC model 

output, as the true value functions of the criteria were covered under the approximate 

linear value functions. For this study, the possible uncertainties were accepted, as the 

application of best practice value function analysis proposed by Malczewski could not 

be successfully implemented within the study limits. Thus, while understanding the 

possible sources of inaccuracy, the linear transformed criteria had to be used to 

successfully run the WLC model. 

 

Although meeting all prerequisites is near impossible, some requirements could be 

fulfilled. The comprehensiveness requirement of the used WLC model criteria was met, 

as the used criteria covered the most crucial aspects of the model objectives while also 

remaining public information. The model would greatly benefit from alternative and 

additional datasets, but in the context of a public study, the range of the used criteria 

was deemed sufficient for modelling the overall phenomena. The measurability 
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requirement was also met, since all criteria were quantitatively measurable and 

standardised for inter-criteria comparison. 

 

The prerequisite of WLC model criteria minimality was inherently achieved by the 

limited number of available public datasets. The minimality principle was also included 

already in the decision-making of applicable criteria, since not all available datasets 

were included in the WLC model as the attributes they represent were not relevant to 

the decision problem. As an example, the buildings collected for the civil defence 

shelter distribution modelling were not included in the WLC model, as they did not 

provide any additional information to the model. 

 

Completeness in the context of this WLC model was achieved by ensuring that all the 

criteria covered the study area and every DMU contained a value within equal to or 

between 0 and 1. The requirement of operationality was fulfilled by all used criteria 

being quantitatively measurable and not containing qualitative indicators. The criteria 

used for the WLC model were inherently numerical and spatial, thus the operationality 

was a given. 

 

Decomposability and additivity assumptions would generally be difficult targets to 

fulfil, especially in many environmental study contexts. As the underlying requirement 

for the use of the WLC model is the absence of interconnected effects between criteria, 

careful consideration was given to the choice of applicable criteria. No criterion affects 

the performance of another criterion within the used model, and thus the performance 

of an alternative could be evaluated independently as the requirement was described by 

Malczewski (2000). 

 

Alike decomposability, nonredundancy is also a difficult requirement to meet in spatial 

contexts (Malczewski, 2000). In this study the issue was approached from two 

viewpoints: criterion value meaning redundancy and criterion spatial correlation 

redundancy. The used criteria were nonredundant, since they did not model the same 

or similar attributes and thus causing an unintended skew or favouritism in the model 

output.  

 

From the spatial viewpoint, some criteria had similar patterns based on visual analysis 

of the standardised values. Table 8 explores the statistical correlation between each 

criterion using Pearson’s correlation coefficient r. The table clearly indicates that no 

alarmingly strong positive or negative correlations could be detected from the used 

criteria layers. Criteria 𝐴1, 𝐴3 and 𝐴6 seemed to have a stronger pattern correlation than 

other criteria, which could be verified by visual analysis from figure 6 as well. These 

criteria undoubtably affected the final output based on their distribution, but there was 

no cause to suspect them of causing unwanted or misleading effects on the WLC model 

scores. 
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Table 8. Correlation matrix for the correlation r between criteria. The correlation value is 

derived for each criteria pair using a two-sided Pearson’s correlation test and the resulting 

coefficient. The highest values (0.6 ≤ 𝑟 < 1) in the table are highlighted. The criteria variables 

mean the following criteria data: population (𝐴1), industrial facilities (𝐴2), sports facilities (𝐴3), 

airports (𝐴4), Finnish Defence Forces units (𝐴5), educational facilities (𝐴6), train stations (𝐴7), 

hospitals (𝐴8), and external emergency plan sites (𝐴9). 

  A1 A2 A3 A4 A5 A6 A7 A8 A9 

A1 1 0.402 0.695 -0.084 -0.051 0.618 0.192 0.099 0.027 

A2 0.402 1 0.461 0.008 -0.005 0.269 0.211 -0.005 0.159 

A3 0.695 0.461 1 -0.057 -0.024 0.631 0.151 0.176 0.120 

A4 -0.084 0.008 -0.057 1 -0.017 -0.060 0.053 -0.010 -0.014 

A5 -0.051 -0.005 -0.024 -0.017 1 -0.028 -0.024 0.019 0.094 

A6 0.618 0.269 0.631 -0.060 -0.028 1 0.095 0.138 -0.017 

A7 0.192 0.211 0.151 0.053 -0.024 0.095 1 -0.002 -0.020 

A8 0.099 -0.005 0.176 -0.010 0.019 0.138 -0.002 1 0.034 

A9 0.027 0.159 0.120 -0.014 0.094 -0.017 -0.020 0.034 1 

 

8.7. Result uncertainties 
 

The study results contain their share of uncertainty and inaccuracies, which are caused 

by multiple model-induced or methodological factors. Some of the affecting factors are 

self-imposed because of decisions made with the model construction, but others are 

integrated into the chosen techniques and can only be acknowledged, not prevented. 

The understanding of inherent uncertainties and uncertainties born of outside factors is 

critical for correct decision-making, especially in situations of limited data availability 

(Malczewski & Rinner, 2015).  

 

Unintended influences of uncertainty have been introduced to the study results by 

disregarding best practice approaches described by Malczewski (2000) due to time and 

resource limitations of the study. In his article it is proposed that the inclusion of value 

function and trade-off analyses would greatly improve the correctness of the decision-

making based on the WLC model results when compared to other more commonly used 

WLC methods. The dismissal of such analyses was necessary due to the conflict 

between the available time resources, the complexity of non-linear function handling, 

limited accessibility to relevant decision-makers and ethical challenges of the decision 

problem. 

 

The inclusion of the value function analysis into this study would have meant solving 

the possible non-linear functions related to the model criteria, which are more 

complicated to solve with MADA models than linear functions (Malczewski & Rinner, 

2015). The true function of the applied criteria is not covered in this study as the non-

linearity of the value functions are not explored, but rather a linear format is forced on 
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the criteria by the standardisation equation. Malczewski (2000) notes in his article that 

non-linearity can be expected in spatial contexts as the preferred levels for most criteria 

rarely follow a linear trend from important to unimportant. Within the limitations of the 

study, an estimate of the true nature of the criteria provided by the forced linearity is 

acceptable as the indicative nature of the studied phenomena can still be modelled with 

theoretical accuracy while retaining the ease-of-use of the WLC model and its output 

(Malczewski & Rinner, 2015). 

 

The trade-off analysis recommended by Malczewski (2000) as a best practice approach 

is a swing weights technique, which requires access to decision-makers and their inputs 

to the weight estimation based on their prioritisation of criterion weight changes when 

compared to another criterion. This approach is especially preferred by Malczewski as 

an alternative to the commonly used pairwise comparison technique due to the inherent 

fuzziness and related uncertainties of the pairwise comparison. This best practice 

recommendation was omitted completely, as the utilisation of decision-makers and 

qualitative weight elicitation were ruled outside the scope of the study, thus producing 

sources of uncertainty expanded upon later in this chapter. 

 

Despite the sources of uncertainty, the study results and WLC model outputs are 

interpretable and can be applied to decision-making and as a reference point for further 

studies, when the limitations and affecting factors are understood in advance. It is 

important to stress that the WLC derived civil defence shelter need index is indicative 

and provides an estimated geographical and quantitative perspective to the 

understanding of the variation of shelter need. Overall, GIS-MCDA is intended for 

analysing and visualising information about the decision problem for the decision-

maker, rather than providing ultimate truths (Malczewski, 2000). 

 

8.7.1. Model induced uncertainty 

 

First and foremost, the WLC model includes multiple inherent sources of uncertainty 

that directly affect the model output and must be taken into account when interpreting 

the model results. The main factors of uncertainty come from the methodological 

structure of the WLC technique and the expectations it holds for utilised criteria. The 

WLC model along with a plethora of other MCDA techniques face critique for a fragile 

theoretical background and the inclusion of integrated suppositions that could be 

unfeasible for real-world applications (Malczewski, 2006). One of the highlighted 

weaknesses of the WLC model is that although it provides significantly better results 

than other more easily applied methods, it still completely ignores the possibility of 

spatial relationships between the DMUs and treats all DMUs as independent entities as 

per the inherent prerequisites (Malczewski, 2000). 

 

The output of the WLC model includes sources of uncertainty that cannot be countered, 

at least not without sacrificing the ease-of-application and ease-of-interpretation of the 
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model. As referred earlier, relevant evidence suggests that the WLC model output is at 

best an accurate estimation of more complex phenomena than what a linear model 

structure can represent (Malczewski & Rinner, 2015; Malczewski, 2000). According to 

an article by Malczewski (2000), the model output is heavily affected by the decisions 

made by the analyst, as especially in raster data context the chosen areal boundaries can 

directly and remarkably alter the rankings of DMUs. As suggested in the same article, 

the model output is also highly sensitive to the underlying requirements for used data, 

and due to the difficulty of meeting all required expectations the WLC model can output 

inaccurate and partly false data. 

 

The WLC model also includes the uncertainties following the weighting decisions 

generally made by the decision-maker (Chen et al., 2011). As in this study the weight 

elicitation was completed using the ADM process, no uncertainties came from the value 

decisions, politicisation or the lack of weighting process understanding from the 

decision-maker when estimating weights. With these uncertainties successfully 

deflected, other sources of uncertainty were introduced to the study results. 

 

The selection of criteria for the WLC model was still a qualitative decision made during 

the study, and the possibility of inclusion of irrelevant criteria or the exclusion of 

relevant criteria introduced a qualitative level of uncertainty to the model output. The 

source of uncertainty was the understanding of the decision problem, and due to the 

minimality requirement and limitation of available datasets the level of uncertainty was 

hard to estimate or counter using quantitative methods (Chen et al., 2011). The criteria 

inclusion and exclusion in this study also carried additional uncertainty, as no 

participatory approaches were included that would minimise the risk of excluding 

critical criteria. Decision-makers have emphasised that the qualitative work structured 

around understanding the decision problem and exploring necessary criteria for the 

model is one of the most important factors of the WLC model (Tiitu et al., 2018). The 

lack of a participatory approach also ruled out qualitative ways to identify uncertainties, 

for example by analysing the interdependencies of criteria from the way decision-

makers describe the criterion (Malczewski, 2000). 

 

8.7.2. Data induced uncertainty 

 

Along with the uncertainties and inaccuracies introduced by the used MCDA model, 

the datasets themselves introduced uncertainty to the model output, for example 

through sensitivity (Chen et al., 2011). In this study, the quantitative aspects of 

sensitivity to uncertainty in data were explored (figures 13 − 16) and although some 

sensitivity was discovered, it was deemed acceptable. The understanding of the inherent 

sensitivity in the interpretation of the model output was estimated to be enough for the 

containment of negative effects. Aside from the quantitative sensitivity, the datasets 

contained qualitative uncertainties produced by aggregation decisions, data availability 
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and the theoretical modelling of necessary phenomena while introducing critical 

assumptions to guarantee functionality to the model. 

 

The aggregation of data was necessary to this study, but GIS-MCDA techniques, 

especially the WLC model, are sensitive to the scale effects induced by aggregation as 

explained by Malczewski (2000) in his article. This is especially true in raster analyses, 

which this study fully relies upon, since the raster layers force a uniform grid throughout 

the study area, requiring all data to conform to the set structure and layout of DMUs. 

Malczewski points out that the more accurate the DMU cells are, the more accurate the 

analyses tend to be, with an inverse effect when aggregation is high and DMUs cover 

larger areas. He also stresses that high aggregation introduces a risk into the WLC 

model, as higher aggregation artificially introduces correlation between criteria to the 

model purely through the level of aggregation. In this study the aggregation level was 

forced upon the model due to the limitations of the dataset with the least accurate 

resolution, which was touched upon earlier in this chapter. There was no way to counter 

this source of uncertainty, since the WLC model needed all criteria layers to conform 

to an identical structure for map algebra operations. 

 

The availability of data also forcibly introduced uncertainty to the global WLC and 

local WLC model outputs, since the analyses could not be conducted with true and 

comprehensive datasets. The available public datasets guided the inclusion of criteria 

in the study and thus forced to ignore one of the 4 main sources of uncertainty by 

obstructing the qualitative value decision of criteria inclusion (Chen et al., 2011). This 

source of uncertainty was outside the scope of this study and due to the legislative 

requirements for civil defence and civil defence shelter related data as well as the public 

nature of this study, there was no way to effectively counter or limit the effects of data 

induced uncertainties. 

 

An additional layer of uncertainty was produced by the way this study sought to resolve 

the lack of public civil defence shelter data. Using the presumptions in equation 14, 

this study was able to produce an indicative dataset for civil defence shelter distribution 

but with inherent flaws. Due to the real-world deviations allowed by the contemporary 

legislation, the theoretical model could never be completely accurate and thus it 

introduced uncertainty to the statistical results covered in this study (Finlex, 2011a; 

Finlex, 2011b). The civil defence shelter distribution was an independent criterion from 

the WLC model, which is why it had no effect on the WLC model output itself or any 

uncertainties related to output scores. 

 

8.7.3. Interpretation induced uncertainty 

 

A third factor affecting the reliability of the study results was the interpretation of the 

results. According to Malczewski (2000), the estimation of the WLC score meaning is 

a difficult task and ranking the most optimal locations is rarely an easy task even with 
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the availability of WLC analysis results. He expands on the difficulties by explaining 

that the overall scores provide an easy-to-understand result, but deriving valid decisions 

and conclusions purely from the numeric scores calculated for each DMU could still 

lead to inaccurate results. 

 

The global and local WLC model outputs (appendices D-H) provided numerical values 

bound to an altered rule of 𝑉 ∈ [0,10], and it would be logical to interpret the numbers 

closer to 10 to being more important than values closer to 0. In the interpretation of the 

WLC results it is crucial to understand the underlying assumptions of the model and 

sources of uncertainty explained before, as well as internalise the fact that the WLC 

method ignores spatial relationships, leaving that interpretation to the decision-maker 

(Malczewski, 2000). From this perspective, the ease-of-interpretation itself introduced 

a source of uncertainty when conclusions were made from the model scores. The future 

uncertainties could be averted through educating and instructing the decision-makers 

in understanding the model output meaning. 

 

8.8. Implications for civil defence system development 

 

This study revealed the efficiency of the contemporary civil defence construction 

practice within the study area but also highlighted that the need for civil defence shelters 

varied based on location. The inclusion of multiple criteria and MCDA methodology 

highlighted that a one-size-fits-all solution was not the most efficient approach when 

the goal was to provide a civil defence shelter system that effectively provides 

protection to the civil population. Even though the study area consisted of mainly 

heterogeneous areas, the local variation for modelled civil defence shelter need 

(appendices D-H) was a significant finding. 

 

The civil defence system includes the civil defence shelters as an integral part of the 

system, and the variation of local need should be better included in the decision-making 

processes of shelter construction. The contemporary legislation does not require or 

enable the requirement of risk-based civil defence shelter construction, and thus the 

results of a MCDA model are not guaranteed to result in actionable decisions (Finlex, 

2011a; Finlex, 2011b). The results of this study strongly indicated to the existence of 

risk-based civil defence shelter need within the study area and emphasised the need to 

include an analytical approach to the decisions of where civil defence shelter 

construction efforts should be targeted. 

 

The results of this study could also be applied to the context of temporary civil defence 

shelter construction and the prioritisation of areas where the temporary shelter 

construction should be focused on (Finlex, 2011c). The theoretical situation of 

temporary civil defence shelter construction would be based on an order from the rescue 

authority, and the contemporary obligation does not adhere to common construction 

requirements like the necessary floor area. In this context, the risk-based approach and 
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information provided by the MCDA model output could help identify areas where the 

temporary shelter construction provides most effective results. The MCDA model 

could also be utilised from a preparedness perspective, with the model output guiding 

local rescue authorities and concerned parties when preparing for temporary civil 

defence shelter construction and evaluating current temporary shelter need in a spatial 

context. 

 

8.8.1. Further research topics 

 

The study of civil defence shelter distribution efficiency needs to be complimented with 

additional techniques and the implementation of modern innovations like machine 

learning algorithms. Along with the research questions, this study also functioned as a 

conversation opener and as a demonstration of MCDA methodology application. This 

study should serve as a baseline for future studies, in order to compare MCDA models 

and identify more accurate techniques for distribution and efficiency modelling. 

 

Future research in this topic should focus especially on countering the factors of 

uncertainty, sensitivity and inaccuracy described earlier in this chapter. As the WLC 

model is inherently flawed due to the nature of the model, more accurate approaches 

need to be explored. These future studies should also be careful to implement 

participatory approaches and take into account the qualitative aspects of decision 

analyses, while simultaneously handling the ethical concerns regarding the study 

subject. The inclusion of more accurate datasets would also provide valuable new 

information to the study subject, further improving the outputs with the methodology 

of this study and opening new avenues for more suitable MCDA techniques. 

 

To invite the collection of knowledge regarding the narrow study field of civil defence 

decision analysis studies and to urge the interested researchers to fill the encountered 

research gaps, this study proposes the following 4 research topics for further 

consideration: 

(1) The contemporary state of civil defence shelter allocation and 

optimisation studies, with a focus on both national-level and 

international-level studies. 

 

(2) The application of participatory MCDA techniques in the context of 

ethically difficult studies, with a focus on exploring approaches for 

weighting criteria related to human health, safety and security. 

 

(3) The comparison of MCDA models within civil defence shelter studies, 

with a focus on exploring the reliability of model outputs.  
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(4) The application of one or multiple MCDA techniques for modelling the 

civil defence shelter need in both rural and urban environments, with a 

focus on comparing the model suitability for a national-level analysis. 

 

8.9. Discussion summary and proposals 
 

Out of all the research objectives and their related hypotheses, only a few null 

hypotheses were confirmed by this study, and the others were rejected by statistical 

confirmatory methods. Although the spatial autocorrelation of the shelter system 

distribution did not follow the alternative hypotheses and revealed that the clustering 

pattern was not cohesive throughout the study area, the rank-order correlation 

coefficients provided clarity on the similar relationships between the civil defence 

shelter and the population layers. The exploratory visualisation revealed a few 

significant clusters that seemed to repeatedly appear throughout the analyses, mainly 

the High-High cluster in the Helsinki area and the Low-Low clusters in the northern 

areas of Espoo and Vantaa. 

 

As a concluding thought based on the study results, this study proposes a theory that 

the civil defence shelter construction requirement for structures with a large enough 

floor area is an effective way of guaranteeing at least mediocre efficiency to the civil 

defence shelter system by itself. While not enough as the only determining factor to 

ensure a sufficiently comprehensive shelter system, the contemporary legislation 

already allows for exceptions, for example based on the number of people using the 

building, which in turn strengthens the expediency of the shelter distribution (Finlex, 

2011b). The results provided a clear indication that when only following the shelter 

construction requirements based on building floor area, the civil defence shelters tend 

to be built around where the population lives or otherwise spends time, and where the 

need for civil defence shelters also exists according to the produced models. 

 

This study also suggests that geospatial analyses and decision theory should be more 

strongly incorporated into civil defence planning to provide quantifiable, theoretically 

valid and more localised information on civil defence shelter needs. The methods 

utilised in this study have proven that they can be applied in the civil defence planning 

context and that they provide both theoretically safe and applicable results to aid in 

relevant decision-making processes. The MCDA methodology is inherently a suitable 

toolset for civil defence planning, since it generally incorporates both quantitative and 

qualitative values, and the WLC model itself is preferred by decision-makers due to its 

intelligible outputs (Malczewski & Rinner, 2015). 
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9. Conclusion 
 

This study explored the interconnected relationships between the civil defence shelters, 

the population and the modelled need for civil defence shelters within the study area. 

The study revealed that the theoretical model based on contemporary construction 

requirements for civil defence shelters indicated a strong correlation between the shelter 

construction distribution and the population locations, suggesting that the construction 

of civil defence shelters along the contemporary standards returns an efficient 

distribution of shelters within the study area. The WLC-based civil defence shelter need 

index successfully modelled the theoretical need for shelters, for which the theoretical 

civil defence shelter distribution returned a strong correlation coefficient. The study 

results clearly suggest that within the study area, the structural civil defence system is 

efficient and distributed along the general demands of the population. 

 

The study did not come without factors of uncertainty, for which the most pressing 

sources were identified to be the MADA model along with the limited public data. The 

limited research on the application of GIS-MCDA in the civil defence shelter studies 

guided to the application of one of the most basic of MCDA models to provide a good 

theoretical foundation and a comparison point for future studies. The interpreters of the 

study results need to also be aware of the generalisations and limitations of the 

conducted study before applying the results to real-life decisions, lest they themselves 

become an indirect source of uncertainty to the study results. 

 

The study subject is ripe for further studies, some of which were suggested earlier in 

this study. The Finnish civil defence system would generally benefit from further and 

more diverse studies testing the application of scientific methodology to improve the 

efficiency of the whole system. The feasibility of GIS-MCDA in the context of 

population protection and population shelters is proven by the general scene of shelter 

studies, and this study suggested that similar models and principles are directly 

applicable to the Finnish civil defence shelter system. 

 

Overall, this study introduced new methodology to the civil defence shelter studies and 

explored currently relevant topics on the efficient distribution of the civil defence 

shelters, while also being able to model the global and local needs for shelters based on 

publicly available data. The study provided new insight into the subject area and 

provided concise directions to the readers of the study and the decision-makers on how 

to apply the results achieved in the study. Additionally, the study suggested a novel 

approach to including a risk-based analytical foundation to guide the civil defence 

shelter planning process, enabling an efficient provision of shelter for the population in 

times of need. 
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Appendix A. R script 
 
# Written in October 2025 as a part of a master's thesis by Markus Honkanen. 

# Lund University, Master of Geographical Information Science degree programme. 

 

# This tool functions as an automated objective weight generator using the  

# Automatic Democratic Method (ADM) proposed by Tofallis (2024).  

# Read more: https://doi.org/10.48550/arXiv.2409.02087 

 

# The script includes functions for original CCR Data Envelopment Analysis  

# (DEA), specified with constant returns to scale (crs) and output orientation  

# (oo). The DEA model used in this script expects zero input attributes and  

# handles only output attributes due to the nature of the data in the study. 

 

# The script also includes Ordinary Least Squares (OLS) regression, which  

# creates DEA scores and criteria weights as an output. 

 

# The deaR library used in this script is created by Bolós et al. (2025). 

# Read more: https://doi.org/10.1016/j.softx.2025.102266 

 

# The data used for this script needs to be preprocessed into a single numeric  

# table, with each attribute set into their own columns so that each DMU  

# (raster cell) compose a single row. This process is not included in the  

# script. 

 

# 1. Script setup 

cat("\nStarting the Automatic Democratic Method script\n\n") 

library(deaR) 

script_data <- "INPUT PATH HERE" 

script_output <- "OUTPUT PATH HERE" 

cat("\nScript setup successfully completed\n\n") 

 

# 2. Data retrieval and modification 

data <- read.csv(script_data, header = TRUE, sep = ";") 

cat("\nData retrieved successfully\n\n") 

cat("\nFollowing columns detected from loaded data:\n") 

print(colnames(data)) 

output_cols <- colnames(data) 

data[, output_cols] <- lapply( 

  data[, output_cols], 

  function(x){ 

    as.numeric(gsub(",", ".", x)) 

  } 

) 

minimum_values <- min(unlist(data[, output_cols]), na.rm = TRUE) 

if(minimum_values<=0){ 

  dea_add <- abs(minimum_values) + 1e-6 

  data[, output_cols] <- data[, output_cols] + dea_add 

} 

data$TempInput <- 1 

input_cols <- "TempInput" 



 

67 

 

cat("\nTemporal input column created and zero values altered for DEA model\n\n") 

 

# 3. DEA 

data_dea <- make_deadata( 

  data,  

  outputs = output_cols, 

  inputs = input_cols 

) 

model <- model_basic(data_dea, rts = "crs", orientation = "oo") 

efficiency_data <- data.frame( 

  cellID = 1:nrow(data), 

  efficiency = efficiencies(model) 

) 

cat("\nData Envelopment Analysis successfully completed\n\n") 

 

# 4. Adjusted OLS 

regression_data <- cbind(data, efficiency=efficiency_data$efficiency) 

 

regression_data$efficiency <- regression_data$efficiency / max( 

  regression_data$efficiency, na.rm = TRUE) 

 

ols_formula <- as.formula( 

  paste( 

    "efficiency ~",  

    paste( 

      make.names(output_cols),  

      collapse = " + ") 

    ) 

) 

ols_model <- lm(ols_formula, data = regression_data) 

 

ols_data <- data.frame( 

  attribute = names(ols_model$coefficients)[-1], 

  coefficient = ols_model$coefficients[-1] 

) 

 

dea_score <- regression_data$efficiency 

ols_score <- ols_data$coefficient 

factor <- dea_score / ols_score 

rescale_factor <- max(factor[is.finite(factor) & factor > 0]) 

adjusted_ols_score <- ols_score / rescale_factor 

 

adm_weights <- data.frame( 

  attribute = names(ols_model$coefficients)[-1], 

  weight = abs(adjusted_ols_score)/sum(abs(adjusted_ols_score)) 

) 

 

# 5. Data extraction 

write.csv(efficiency_data, file.path(script_output, "DEA_result.csv")) 

write.csv(ols_data, file.path(script_output, "OLS_result.csv")) 

write.csv(adm_weights, file.path(script_output, "ADM_weights.csv")) 

cat("\nAutomatic Democratic Method process successfully completed\n\n") 

cat("\nData extracetd to", script_output, "\n\n")  
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Appendix B. Python script 
 
# -*- coding: utf-8 -*- 

""" 

Written in October 2025 as a part of a master's thesis by Markus Honkanen. 

Lund University, Master of Geographical Information Science degree programme. 

 

This tool functions as an automated VSTACK tool to gather and stack multiple  

TXT files into one table. The tool outputs a single table once complete. 

""" 

 

# 1. Tool setup 

import pandas 

from pathlib import Path 

criteria_folder = Path(r"INPUT PATH HERE") 

output_folder = Path(r"OUTPUT PATH HERE") 

print(f"\nTool initialization complete.") 

 

# 2. CSV file search and table creation 

print(f"\nProceeding to file search and table construction...") 

criteria_files = sorted(criteria_folder.glob("*.txt")) 

data = {} 

for file in criteria_files: 

    df = pandas.read_csv(file, sep = ' ', decimal = ',', header = None, skiprows = 6) 

    df = df.apply(pandas.to_numeric) 

    array = df.to_numpy(dtype = float).flatten() 

    col_name = file.stem 

    data[col_name] = array 

output = pandas.DataFrame(data) 

output = output.dropna(how = 'all') 

print(f"\nFile search and stacked table complete.") 

 

# 3. Tool output 

print(f"\nProceeding to table output...") 

output_file = output_folder/"criteria_table.csv" 

output.to_csv(output_file, index = False, sep = ';', decimal = ',') 

print(f"\nTable output complete.") 
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Appendix C. Data sources and descriptions 
Data Dataset name(s) Description Relevant 

attributes 

Reason for 

inclusion 

Licence 

 

Population 

 

 

Statistics Finland (2024): 

Population grid data 1 km x 1 km 

(https://stat.fi/tup/avoin-
data/paikkatietoaineistot/vaesto
ruutuaineisto_1km_en.html) 
 

 

This dataset is the most up-to-

date and accurate public 

dataset on the population of 

Finland, updated yearly at the 

end of the year (Statistics 

Finland, 2024). The data is 

given in a vector grid format at 

a 1 km2 cell size. The dataset 

includes male population, 

female population and 

categorised population age 

attributes along with the total 

population values (Statistics 

Finland, 2024). 

 

1) Total 

population 

Simulates daytime 

and nighttime 

population 

distribution. 

CC BY 4.0 

 

Buildings 

 

 

City of Helsink (2025): 

Rakennukset_piste_rekisteritiedot 

(https://www.avoindata.fi/data/en

_GB/dataset/helsingin-

rakennukset) 

 

City of Espoo (2025): 

GIS:Rakennukset 

(https://www.avoindata.fi/data/en

_GB/dataset/espoon-rakennukset) 

 

City of Vantaa (2025): 

gis:rakennukset 

(https://www.avoindata.fi/data/en

_GB/dataset/vantaan-

rakennukset1) 

 

Finnish Environment Institute 

(n.d.b): 

open_building 

(https://paikkatiedot.ymparisto.fi/

geoserver/ryhti_building/ogc/feat

ures/v1/collections/open_building

/items?filter=municipality_numb

er=235) 

 

These datasets include the 

building data for the study 

area, given in vector point and 

polygon formats. 

 

The building data of the city of 

Kauniainen has to be sourced 

from the built environment 

information system Ryhti 

(Finnish Environment Institute, 

n.d.a), since the building data 

has not been made public and 

accessible through WFS API. 

1) Coordinates 

2) Floor area 

3) Purpose of 

use 

 

Simulates daytime 

population 

distribution. 

 

 

City of 

Helsinki: 

CC BY 4.0 

 

City of 

Espoo: 

CC BY 4.0 

 

City of 

Vantaa: 

CC BY 4.0 

 

Finnish 

Environment 

Institute: 

CC BY 4.0 

 

 

Civil defence 

shelters 

 

 

City of Helsinki (2025): 

Rakennukset_piste_rekisteritiedot 

(https://www.avoindata.fi/data/en

_GB/dataset/helsingin-

rakennukset) 

 

City of Espoo (2025): 

GIS:Rakennukset 

(https://www.avoindata.fi/data/en

_GB/dataset/espoon-rakennukset) 

 

City of Vantaa (2025): 

gis:rakennukset 

(https://www.avoindata.fi/data/en

_GB/dataset/vantaan-

rakennukset1) 

 

Finnish Environment Institute 

(n.d.b): 

open_building 

(https://paikkatiedot.ymparisto.fi/

geoserver/ryhti_building/ogc/feat

ures/v1/collections/open_building

/items?filter=municipality_numb

er=235) 

 

This dataset is derived from 

the building data, and no 

public spatial datasets exist 

currently. The data used for 

this study is an estimation and 

purely theoretical, based only 

on public information on civil 

defence shelter construction. 

 

The official individual or 

locally aggregated level of 

civil defence shelter locations 

are deemed secret information 

according to national 

legislation (Finlex, 1999; 

Finlex, 2009). 

1) Coordinates 

2) Floor area 

3) Purpose of 

use 

Simulates shelter 

distribution. 

 

City of 

Helsinki: 

CC BY 4.0 

 

City of 

Espoo: 

CC BY 4.0 

 

City of 

Vantaa: 

CC BY 4.0 

 

Finnish 

Environment 

Institute: 

CC BY 4.0 

 

 

Educational 

facilities 

 

 

Statistics Finland (2022): 

Educational institutions 

(https://stat.fi/tup/avoin-

data/paikkatietoaineistot/oppilaito

kset_en.html) 

 

 

 

This dataset includes all 

schools at the comprehensive 

and upper secondary levels in 

Finland from the year 2022 

(Statistics Finland, 2022), and 

it is the most up-to-date dataset 

available nationally. The data 

is given in vector point format. 

1) Validity 

(OLO) 

2) Coordinates 

Simulates daytime 

population 

distribution. 

CC BY 4.0 

https://stat.fi/tup/avoin-data/paikkatietoaineistot/vaestoruutuaineisto_1km_en.html
https://stat.fi/tup/avoin-data/paikkatietoaineistot/vaestoruutuaineisto_1km_en.html
https://stat.fi/tup/avoin-data/paikkatietoaineistot/vaestoruutuaineisto_1km_en.html
https://www.avoindata.fi/data/en_GB/dataset/helsingin-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/helsingin-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/helsingin-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/espoon-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/espoon-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/vantaan-rakennukset1
https://www.avoindata.fi/data/en_GB/dataset/vantaan-rakennukset1
https://www.avoindata.fi/data/en_GB/dataset/vantaan-rakennukset1
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://www.avoindata.fi/data/en_GB/dataset/helsingin-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/helsingin-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/helsingin-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/espoon-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/espoon-rakennukset
https://www.avoindata.fi/data/en_GB/dataset/vantaan-rakennukset1
https://www.avoindata.fi/data/en_GB/dataset/vantaan-rakennukset1
https://www.avoindata.fi/data/en_GB/dataset/vantaan-rakennukset1
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://paikkatiedot.ymparisto.fi/geoserver/ryhti_building/ogc/features/v1/collections/open_building/items?filter=municipality_number=235
https://stat.fi/tup/avoin-data/paikkatietoaineistot/oppilaitokset_en.html
https://stat.fi/tup/avoin-data/paikkatietoaineistot/oppilaitokset_en.html
https://stat.fi/tup/avoin-data/paikkatietoaineistot/oppilaitokset_en.html


 

70 

 

 

 

 

Industrial 

facilities 

 

 

Statistics Finland (2019): 

Production and Industrial 

Facilities 

(https://stat.fi/tup/avoin-

data/paikkatietoaineistot/tuotanto

_ja_teollisuuslaitokset_en.html) 

 

 

This dataset includes most 

production and industrial 

locations in Finland from the 

year 2019 (Statistics Finland, 

2019), and it is the most up-to-

date dataset available 

nationally. The data includes 

facilities according to industry 

category, like electricity and 

water supply (Statistics 

Finland, 2019). The data is 

given in vector point format. 

 

1) Industry 

(TOL) 

2) Coordinates 

Simulates daytime 

population 

distribution. 

Increases local risk. 

CC BY 4.0 

 

Sports 

facilities 

 

 

University of Jyväskylä (n.d.b): 

LIPAS database, 2000 Indoor 

sports facilities 

LIPAS database, 3000 Water 

sports facilities 

(https://lipas.fi/liikuntapaikat) 

 

 

These datasets are from 

Finland’s national sports 

facility database, including 

outdoor recreational areas 

along with sports related 

buildings (University of 

Jyväskylä, n.d.a). The LIPAS 

database holds open data for 

all users and gives spatial data 

in vector point and table 

formats. 

 

 

1) Address 

2) Coordinates 

3) Type 

Simulates daytime 

population hotspots 

and distribution. 

 

CC BY 4.0 

 

 

Airports 

 

 

Finnish Transport and 

Communications Agency (2025): 

Airport network 

(https://tieto.traficom.fi/fi/tilastot/

lentoasemien-tilannekuva-ja-ten-

t-verkon-vaatimusten-

toteutuminen) 

 

 

This dataset doesn’t initially 

consist of public spatial 

datasets, but is rather a list of 

the active Finnish airport 

network updated by the 

relevant government agency. 

The data is gathered from a 

yearly situational report that 

contains information on active 

airports and other information 

not relevant for this study 

(Finnish Transport and 

Communications Agency, 

2025). 

 

1) Address 

 

Simulates daytime 

population hotspots 

and distribution. 

Increases local risk. 

No licence  

(no dataset, 

public 

information) 

 

Train stations 

 

 

Finnish Transport Infrastructure 

Agency (2025): 

Railway traffic operating point 

(https://suomenvaylat.vayla.fi/?la

ng=en) 

 

 

This dataset includes all the 

train stations within Finland as 

well as multiple attributes for 

the stations, including 

operational status (Finnish 

Transport Infrastructure 

Agency, 2025). The data is 

given in vector point format. 

 

1) Address 

2) Coordinates 

3) Operational 

point status 

Simulates daytime 

population hotspots 

and distribution. 

Increases local risk. 

CC BY 4.0 

 

Hospitals and 

other 

significant 

healthcare 

units 

 

 

HUS Helsinki University 

Hospital (2025b): 

Hospitals and other units 

(https://www.hus.fi/en/patient/ho

spitals-and-other-units) 

 

 

This dataset doesn’t initially 

consist of public spatial 

datasets, but is rather a list of 

the active hospitals and larger 

healthcare units within the 

Uusimaa region, which the 

healthcare provider is 

responsible for (HUS Helsinki 

University Hospital, 2025a). 

The data is gathered from a list 

of units with address 

information. 

 

1) Address 

 

Simulates daytime 

population hotspots 

and distribution. 

Increases local risk. 

No licence 

(no dataset, 

public 

information) 

 

External 

emergency 

plan sites  

(sites posing a 

particular 

hazard to the 

surrounding 

area and 

population) 

 

 

Helsinki City Rescue Department 

(n.d.): 

External rescue plans 

(https://pelastustoimi.fi/en/helsin

ki/services/rescue-

operations/external-rescue-plans) 

 

Western Uusimaa Rescue 

Department (n.d.): 

External emergency plans 

(https://pelastustoimi.fi/en/wester

n-uusimaa/services/external-

emergency-plans) 

 

 

 

This dataset doesn’t initially 

consist of public spatial 

datasets, but is rather a 

combination of lists of current 

sites which external emergency 

plans have been drawn up for 

in accordance with the Rescue 

Act (Finlex, 2011a). The data 

is gathered from a set of lists 

of external emergency plans 

with address information. 

 

1) Address Increases local risk. 

No licence 

(no dataset, 

public 

information) 

https://stat.fi/tup/avoin-data/paikkatietoaineistot/tuotanto_ja_teollisuuslaitokset_en.html
https://stat.fi/tup/avoin-data/paikkatietoaineistot/tuotanto_ja_teollisuuslaitokset_en.html
https://stat.fi/tup/avoin-data/paikkatietoaineistot/tuotanto_ja_teollisuuslaitokset_en.html
https://lipas.fi/liikuntapaikat
https://tieto.traficom.fi/fi/tilastot/lentoasemien-tilannekuva-ja-ten-t-verkon-vaatimusten-toteutuminen
https://tieto.traficom.fi/fi/tilastot/lentoasemien-tilannekuva-ja-ten-t-verkon-vaatimusten-toteutuminen
https://tieto.traficom.fi/fi/tilastot/lentoasemien-tilannekuva-ja-ten-t-verkon-vaatimusten-toteutuminen
https://tieto.traficom.fi/fi/tilastot/lentoasemien-tilannekuva-ja-ten-t-verkon-vaatimusten-toteutuminen
https://suomenvaylat.vayla.fi/?lang=en
https://suomenvaylat.vayla.fi/?lang=en
https://www.hus.fi/en/patient/hospitals-and-other-units
https://www.hus.fi/en/patient/hospitals-and-other-units
https://pelastustoimi.fi/en/helsinki/services/rescue-operations/external-rescue-plans
https://pelastustoimi.fi/en/helsinki/services/rescue-operations/external-rescue-plans
https://pelastustoimi.fi/en/helsinki/services/rescue-operations/external-rescue-plans
https://pelastustoimi.fi/en/western-uusimaa/services/external-emergency-plans
https://pelastustoimi.fi/en/western-uusimaa/services/external-emergency-plans
https://pelastustoimi.fi/en/western-uusimaa/services/external-emergency-plans
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Central Uusimaa Rescue 

Department (n.d.): 

Ulkoiset pelastussuunnitelmat 

(https://pelastustoimi.fi/keski-

uusimaa/palvelut/ulkoiset-

pelastussuunnitelmat) 

 

Defence force 

units 

 

 

The Finnish Defence Forces 

(n.d.): 

Units 

(https://puolustusvoimat.fi/en/unit

s) 

 

 

This dataset doesn’t initially 

consist of public spatial 

datasets, but is rather a list of 

active and public Finnish 

Defence Forces units. Most of 

the public units train 

conscripts, but the list includes 

locations for other 

administrative bodies, like the 

Defence Command (The 

Finnish Defence Forces, n.d.). 

The data is gathered from a list 

of units with address 

information. 

 

1) Address Increases local risk. 

No licence 

(no dataset, 

public 

information) 

  

https://pelastustoimi.fi/keski-uusimaa/palvelut/ulkoiset-pelastussuunnitelmat
https://pelastustoimi.fi/keski-uusimaa/palvelut/ulkoiset-pelastussuunnitelmat
https://pelastustoimi.fi/keski-uusimaa/palvelut/ulkoiset-pelastussuunnitelmat
https://puolustusvoimat.fi/en/units
https://puolustusvoimat.fi/en/units
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Appendix D. Global WLC index (study area)  
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Appendix E. Global WLC index (city of Espoo)  
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Appendix F. Global WLC index (city of Kauniainen)  
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Appendix G. Global WLC index (city of Vantaa)  
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Appendix H. Local WLC index (city of Helsinki)   
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Appendix I. Sensitivity analysis intersection points for Ai 

and Vi 
 

 

 

 

 

 

 

  

  

 A1 A2 A3 A4 A5 A6 A7 A8 A9 

A1  0.3521 0.3182 0.2334 0.2195 0.4445 0.2004 0.1554 0.1603 

A2 0.3520  0.1132 0.0876 0.0845 0.1087 0.0087 -0.0032 -0.0041 

A3 0.3182 0.1132  0.0811 0.0787 0.1104 -0.0189 -0.0211 -0.0235 

A4 0.2334 0.0876 0.0811  0.0694 0.0929 2.8509 -0.1763 -0.2158 

A5 0.2195 -0.0845 0.0787 0.0694  0.0898 0.3982 -0.3368 -0.4768 

A6 0.4445 0.1087 0.1104 0.0929 0.0898  0.0345 0.0172 0.0175 

A7 0.2004 0.0087 -0.0189 2.8509 0.3982 0.0345  -0.0241 -0.0311 

A8 0.1554 -0.0032 -0.0211 -0.1763 -0.3368 0.0172 -0.0241  0.0114 

A9 0.1603 -0.0041 -0.0235 -0.2158 -0.4768 0.0175 -0.0311 0.0114  

 V1 V2 V3 V4 V5 V6 V7 V8 V9 

V1  0.0901 0.0804 0.0810 0.0818 0.0687 0.0679 0.0659 0.0658 

V2 0.0901  0.0543 0.0664 0.0689 0.0379 0.0469 0.0450 0.0449 

V3 0.0804 0.0543  0.0845 0.0888 0.0189 0.0429 0.0407 0.0405 

V4 0.0810 0.0664 0.0845  0.1307 -0.1967 0.0199 0.0206 0.0204 

V5 0.0818 0.0689 0.0888 0.1307  -0.3644 0.0131 0.0152 0.0149 

V6 0.0687 0.0379 0.0189 -0.1967 -0.3644  0.0641 0.0557 0.0553 

V7 0.0679 0.0469 0.0429 0.0199 0.0131 0.0641  0.0241 0.0228 

V8 0.0659 0.0450 0.0407 0.0206 0.0152 0.0557 0.0241  -0.0444 

V9 0.0658 0.0449 0.0405 0.0204 0.0149 0.0553 0.0228 -0.0444  
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Series from Lund University 

Department of Physical Geography and Ecosystem Science 

 

Master Thesis in Geographical Information Science 

 

1. Anthony Lawther: The application of GIS-based binary logistic regression 

for slope failure susceptibility mapping in the Western Grampian Mountains, 

Scotland (2008). 

2. Rickard Hansen: Daily mobility in Grenoble Metropolitan Region, France. 

Applied GIS methods in time geographical research (2008). 

3. Emil Bayramov: Environmental monitoring of bio-restoration activities using 

GIS and Remote Sensing (2009). 

4. Rafael Villarreal Pacheco: Applications of Geographic Information Systems 

as an analytical and visualization tool for mass real estate valuation: a case 

study of Fontibon District, Bogota, Columbia (2009). 

5. Siri Oestreich Waage: a case study of route solving for oversized transport: 

The use of GIS functionalities in transport of transformers, as part of 

maintaining a reliable power infrastructure (2010). 

6. Edgar Pimiento: Shallow landslide susceptibility – Modelling and validation 

(2010). 

7. Martina Schäfer: Near real-time mapping of floodwater mosquito breeding 

sites using aerial photographs (2010). 

8. August Pieter van Waarden-Nagel: Land use evaluation to assess the 

outcome of the programme of rehabilitation measures for the river Rhine in 

the Netherlands (2010). 

9. Samira Muhammad: Development and implementation of air quality data 

mart for Ontario, Canada: A case study of air quality in Ontario using OLAP 

tool. (2010). 

10. Fredros Oketch Okumu: Using remotely sensed data to explore spatial and 

temporal relationships between photosynthetic productivity of vegetation and 

malaria transmission intensities in selected parts of Africa (2011). 

11. Svajunas Plunge: Advanced decision support methods for solving diffuse 

water pollution problems (2011). 
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12. Jonathan Higgins: Monitoring urban growth in greater Lagos: A case study 

using GIS to monitor the urban growth of Lagos 1990 - 2008 and produce 

future growth prospects for the city (2011). 

13. Mårten Karlberg: Mobile Map Client API: Design and Implementation for 

Android (2011). 

14. Jeanette McBride: Mapping Chicago area urban tree canopy using color 

infrared imagery (2011). 

15. Andrew Farina: Exploring the relationship between land surface temperature 

and vegetation abundance for urban heat island mitigation in Seville, Spain 

(2011). 

16. David Kanyari: Nairobi City Journey Planner:  An online and a Mobile 

Application (2011). 

17. Laura V. Drews:  Multi-criteria GIS analysis for siting of small wind power 

plants - A case study from Berlin (2012). 

18. Qaisar Nadeem: Best living neighborhood in the city - A GIS based multi 

criteria evaluation of ArRiyadh City (2012). 

19. Ahmed Mohamed El Saeid Mustafa: Development of a photo voltaic building 

rooftop integration analysis tool for GIS for Dokki District, Cairo, Egypt 

(2012). 

20. Daniel Patrick Taylor: Eastern Oyster Aquaculture: Estuarine Remediation 

via Site Suitability and Spatially Explicit Carrying Capacity Modeling in 

Virginia’s Chesapeake Bay (2013). 

21. Angeleta Oveta Wilson: A Participatory GIS approach to unearthing 

Manchester’s Cultural Heritage ‘gold mine’ (2013). 

22. Ola Svensson: Visibility and Tholos Tombs in the Messenian Landscape: A 

Comparative Case Study of the Pylian Hinterlands and the Soulima Valley 

(2013). 

23. Monika Ogden: Land use impact on water quality in two river systems in 

South Africa (2013). 

24. Stefan Rova: A GIS based approach assessing phosphorus load impact on 

Lake Flaten in Salem, Sweden (2013). 

25. Yann Buhot: Analysis of the history of landscape changes over a period of 

200 years. How can we predict past landscape pattern scenario and the 

impact on habitat diversity? (2013). 
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26. Christina Fotiou: Evaluating habitat suitability and spectral heterogeneity 

models to predict weed species presence (2014). 

27. Inese Linuza: Accuracy Assessment in Glacier Change Analysis (2014). 

28. Agnieszka Griffin: Domestic energy consumption and social living standards: 

a GIS analysis within the Greater London Authority area (2014). 

29. Brynja Guðmundsdóttir: Detection of potential arable land with remote 

sensing and GIS - A Case Study for Kjósarhreppur (2014). 

30. Oleksandr Nekrasov: Processing of MODIS Vegetation Indices for analysis 

of agricultural droughts in the southern Ukraine between the years 2000-

2012 (2014). 

31. Sarah Tressel: Recommendations for a polar Earth science portal in the 

context of Arctic Spatial Data Infrastructure (2014). 

32. Caroline Gevaert: Combining Hyperspectral UAV and Multispectral 

Formosat-2 Imagery for Precision Agriculture Applications (2014). 

33. Salem Jamal-Uddeen:  Using GeoTools to implement the multi-criteria 

evaluation analysis - weighted linear combination model (2014). 

34. Samanah Seyedi-Shandiz: Schematic representation of geographical railway 

network at the Swedish Transport Administration (2014). 

35. Kazi Masel Ullah: Urban Land-use planning using Geographical Information 

System and analytical hierarchy process: case study Dhaka City (2014). 

36. Alexia Chang-Wailing Spitteler: Development of a web application based on 

MCDA and GIS for the decision support of river and floodplain 

rehabilitation projects (2014). 

37. Alessandro De Martino: Geographic accessibility analysis and evaluation of 

potential changes to the public transportation system in the City of Milan 

(2014). 

38. Alireza Mollasalehi: GIS Based Modelling for Fuel Reduction Using 

Controlled Burn in Australia. Case Study: Logan City, QLD (2015). 

39. Negin A. Sanati: Chronic Kidney Disease Mortality in Costa Rica; 

Geographical Distribution, Spatial Analysis and Non-traditional Risk Factors 

(2015). 

40. Karen McIntyre: Benthic mapping of the Bluefields Bay fish sanctuary, 

Jamaica (2015). 
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41. Kees van Duijvendijk: Feasibility of a low-cost weather sensor network for 

agricultural purposes: A preliminary assessment (2015). 

42. Sebastian Andersson Hylander: Evaluation of cultural ecosystem services 

using GIS (2015). 

43. Deborah Bowyer: Measuring Urban Growth, Urban Form and Accessibility 

as Indicators of Urban Sprawl in Hamilton, New Zealand (2015). 

44. Stefan Arvidsson: Relationship between tree species composition and 

phenology extracted from satellite data in Swedish forests (2015). 

45. Damián Giménez Cruz: GIS-based optimal localisation of beekeeping in 

rural Kenya (2016). 

46. Alejandra Narváez Vallejo: Can the introduction of the topographic indices 

in LPJ-GUESS improve the spatial representation of environmental 

variables? (2016). 

47. Anna Lundgren: Development of a method for mapping the highest coastline 

in Sweden using breaklines extracted from high resolution digital elevation 

models (2016). 

48. Oluwatomi Esther Adejoro: Does location also matter?  A spatial analysis of 

social achievements of young South Australians (2016). 

49. Hristo Dobrev Tomov: Automated temporal NDVI analysis over the Middle 

East for the period 1982 - 2010 (2016). 

50. Vincent Muller: Impact of Security Context on Mobile Clinic Activities A 

GIS Multi Criteria Evaluation based on an MSF Humanitarian Mission in 

Cameroon (2016). 

51. Gezahagn Negash Seboka: Spatial Assessment of NDVI as an Indicator of 

Desertification in Ethiopia using Remote Sensing and GIS (2016). 

52. Holly Buhler: Evaluation of Interfacility Medical Transport Journey Times 

in Southeastern British Columbia. (2016). 

53. Lars Ole Grottenberg:  Assessing the ability to share spatial data between 

emergency management organisations in the High North (2016). 

54. Sean Grant: The Right Tree in the Right Place: Using GIS to Maximize the 

Net Benefits from Urban Forests (2016). 

55. Irshad Jamal: Multi-Criteria GIS Analysis for School Site Selection in 

Gorno-Badakhshan Autonomous Oblast, Tajikistan (2016). 



 

82 

 

56. Fulgencio Sanmartín: Wisdom-volkano: A novel tool based on open GIS 

and time-series visualization to analyse and share volcanic data (2016). 

57. Nezha Acil: Remote sensing-based monitoring of snow cover dynamics and 

its influence on vegetation growth in the Middle Atlas Mountains (2016). 

58. Julia Hjalmarsson: A Weighty Issue:  Estimation of Fire Size with 

Geographically Weighted Logistic Regression (2016). 

59. Mathewos Tamiru Amato: Using multi-criteria evaluation and GIS for 

chronic food and nutrition insecurity indicators analysis in Ethiopia (2016). 

60. Karim Alaa El Din Mohamed Soliman El Attar: Bicycling Suitability in 

Downtown, Cairo, Egypt (2016). 

61. Gilbert Akol Echelai: Asset Management: Integrating GIS as a Decision 

Support Tool in Meter Management in National Water and Sewerage 

Corporation (2016). 

62. Terje Slinning: Analytic comparison of multibeam echo soundings (2016). 

63. Gréta Hlín Sveinsdóttir: GIS-based MCDA for decision support: A 

framework for wind farm siting in Iceland (2017). 

64. Jonas Sjögren: Consequences of a flood in Kristianstad, Sweden: A GIS-

based analysis of impacts on important societal functions (2017). 

65. Nadine Raska: 3D geologic subsurface modelling within the Mackenzie 

Plain, Northwest Territories, Canada (2017). 

66. Panagiotis Symeonidis: Study of spatial and temporal variation of 

atmospheric optical parameters and their relation with PM 2.5 concentration 

over Europe using GIS technologies (2017). 

67. Michaela Bobeck: A GIS-based Multi-Criteria Decision Analysis of Wind 

Farm Site Suitability in New South Wales, Australia, from a Sustainable 

Development Perspective (2017). 

68. Raghdaa Eissa: Developing a GIS Model for the Assessment of Outdoor 

Recreational Facilities in New Cities Case Study: Tenth of Ramadan City, 

Egypt (2017). 

69. Zahra Khais Shahid: Biofuel plantations and isoprene emissions in Svea and 

Götaland (2017). 

70. Mirza Amir Liaquat Baig: Using geographical information systems in 

epidemiology: Mapping and analyzing occurrence of diarrhea in urban - 

residential area of Islamabad, Pakistan (2017). 
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71. Joakim Jörwall: Quantitative model of Present and Future well-being in the 

EU-28: A spatial Multi-Criteria Evaluation of socioeconomic and climatic 

comfort factors (2017). 

72. Elin Haettner: Energy Poverty in the Dublin Region: Modelling Geographies 

of Risk (2017). 

73. Harry Eriksson: Geochemistry of stream plants and its statistical relations to 

soil- and bedrock geology, slope directions and till geochemistry. A GIS-

analysis of small catchments in northern Sweden (2017). 

74. Daniel Gardevärn: PPGIS and Public meetings – An evaluation of public 

participation methods for urban planning (2017). 

75. Kim Friberg: Sensitivity Analysis and Calibration of Multi Energy Balance 

Land Surface Model Parameters (2017). 

76. Viktor Svanerud: Taking the bus to the park? A study of accessibility to 

green areas in Gothenburg through different modes of transport (2017).  

77. Lisa-Gaye Greene: Deadly Designs: The Impact of Road Design on Road 

Crash Patterns along Jamaica’s North Coast Highway (2017).  

78. Katarina Jemec Parker: Spatial and temporal analysis of fecal indicator 

bacteria concentrations in beach water in San Diego, California (2017).  

79. Angela Kabiru: An Exploratory Study of Middle Stone Age and Later Stone 

Age Site Locations in Kenya’s Central Rift Valley Using Landscape 

Analysis: A GIS Approach (2017).  

80. Kristean Björkmann: Subjective Well-Being and Environment: A GIS-Based 

Analysis (2018).  

81. Williams Erhunmonmen Ojo: Measuring spatial accessibility to healthcare 

for people living with HIV-AIDS in southern Nigeria (2018).  

82. Daniel Assefa: Developing Data Extraction and Dynamic Data Visualization 

(Styling) Modules for Web GIS Risk Assessment System (WGRAS). (2018).  

83. Adela Nistora: Inundation scenarios in a changing climate: assessing 

potential impacts of sea-level rise on the coast of South-East England (2018).  

84. Marc Seliger: Thirsty landscapes - Investigating growing irrigation water 

consumption and potential conservation measures within Utah’s largest 

master-planned community: Daybreak (2018).  

85. Luka Jovičić: Spatial Data Harmonisation in Regional Context in 

Accordance with INSPIRE Implementing Rules (2018).  
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86. Christina Kourdounouli: Analysis of Urban Ecosystem Condition Indicators 

for the Large Urban Zones and City Cores in EU (2018).  

87. Jeremy Azzopardi: Effect of distance measures and feature representations 

on distance-based accessibility measures (2018).  

88. Patrick Kabatha: An open source web GIS tool for analysis and visualization 

of elephant GPS telemetry data, alongside environmental and anthropogenic 

variables (2018).  

89. Richard Alphonce Giliba: Effects of Climate Change on Potential 

Geographical Distribution of Prunus africana (African cherry) in the Eastern 

Arc Mountain Forests of Tanzania (2018).  

90. Eiður Kristinn Eiðsson: Transformation and linking of authoritative multi-

scale geodata for the Semantic Web: A case study of Swedish national 

building data sets (2018).  

91. Niamh Harty: HOP!: a PGIS and citizen science approach to monitoring the 

condition of upland paths (2018).  

92. José Estuardo Jara Alvear: Solar photovoltaic potential to complement 

hydropower in Ecuador: A GIS-based framework of analysis (2018). 

93. Brendan O’Neill: Multicriteria Site Suitability for Algal Biofuel Production 

Facilities (2018). 

94. Roman Spataru: Spatial-temporal GIS analysis in public health – a case 

study of polio disease (2018). 

95. Alicja Miodońska: Assessing evolution of ice caps in Suðurland, Iceland, in 

years 1986 - 2014, using multispectral satellite imagery (2019). 

96. Dennis Lindell Schettini: A Spatial Analysis of Homicide Crime’s 

Distribution and Association with Deprivation in Stockholm Between 2010-

2017 (2019). 

97. Damiano Vesentini: The Po Delta Biosphere Reserve: Management 

challenges and priorities deriving from anthropogenic pressure and sea level 

rise (2019). 

98. Emilie Arnesten: Impacts of future sea level rise and high water on roads, 

railways and environmental objects: a GIS analysis of the potential effects of 

increasing sea levels and highest projected high water in Scania, Sweden 

(2019). 

99. Syed Muhammad Amir Raza: Comparison of geospatial support in RDF 

stores: Evaluation for ICOS Carbon Portal metadata (2019). 
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100. Hemin Tofiq: Investigating the accuracy of Digital Elevation Models from 

UAV images in areas with low contrast: A sandy beach as a case study 

(2019). 

101. Evangelos Vafeiadis: Exploring the distribution of accessibility by public 

transport using spatial analysis. A case study for retail concentrations and 

public hospitals in Athens (2019). 

102. Milan Sekulic: Multi-Criteria GIS modelling for optimal alignment of 

roadway by-passes in the Tlokweng Planning Area, Botswana (2019). 

103. Ingrid Piirisaar: A multi-criteria GIS analysis for siting of utility-scale 

photovoltaic solar plants in county Kilkenny, Ireland (2019). 

104. Nigel Fox: Plant phenology and climate change: possible effect on the onset 

of various wild plant species’ first flowering day in the UK (2019). 

105. Gunnar Hesch: Linking conflict events and cropland development in 

Afghanistan, 2001 to 2011, using MODIS land cover data and Uppsala 

Conflict Data Programme (2019). 

106. Elijah Njoku: Analysis of spatial-temporal pattern of Land Surface 

Temperature (LST) due to NDVI and elevation in Ilorin, Nigeria (2019). 

107. Katalin Bunyevácz: Development of a GIS methodology to evaluate 

informal urban green areas for inclusion in a community governance 

program (2019). 

108. Paul dos Santos: Automating synthetic trip data generation for an agent-

based simulation of urban mobility (2019). 

109. Robert O’ Dwyer: Land cover changes in Southern Sweden from the mid-

Holocene to present day:  Insights for ecosystem service assessments (2019). 

110. Daniel Klingmyr: Global scale patterns and trends in tropospheric NO2 

concentrations (2019). 

111. Marwa Farouk Elkabbany: Sea Level Rise Vulnerability Assessment for 

Abu Dhabi, United Arab Emirates (2019). 

112. Jip Jan van Zoonen: Aspects of Error Quantification and Evaluation in 

Digital Elevation Models for Glacier Surfaces (2020). 

113. Georgios Efthymiou: The use of bicycles in a mid-sized city – benefits and 

obstacles identified using a questionnaire and GIS (2020). 

114. Haruna Olayiwola Jimoh: Assessment of Urban Sprawl in MOWE/IBAFO 

Axis of Ogun State using GIS Capabilities (2020). 
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115. Nikolaos Barmpas Zachariadis: Development of an iOS, Augmented Reality 

for disaster management (2020). 

116. Ida Storm: ICOS Atmospheric Stations: Spatial Characterization of CO2 

Footprint Areas and Evaluating the Uncertainties of Modelled CO2 

Concentrations (2020). 

117. Alon Zuta: Evaluation of water stress mapping methods in vineyards using 

airborne thermal imaging (2020). 

118. Marcus Eriksson: Evaluating structural landscape development in the 

municipality Upplands-Bro, using landscape metrics indices (2020). 

119. Ane Rahbek Vierø: Connectivity for Cyclists? A Network Analysis of 

Copenhagen’s Bike Lanes (2020). 

120. Cecilia Baggini: Changes in habitat suitability for three declining Anatidae 

species in saltmarshes on the Mersey estuary, North-West England (2020). 

121. Bakrad Balabanian: Transportation and Its Effect on Student Performance 

(2020). 

122. Ali Al Farid: Knowledge and Data Driven Approaches for Hydrocarbon 

Microseepage Characterizations: An Application of Satellite Remote 

Sensing (2020). 

123. Bartlomiej Kolodziejczyk: Distribution Modelling of Gene Drive-Modified 

Mosquitoes and Their Effects on Wild Populations (2020). 

124. Alexis Cazorla: Decreasing organic nitrogen concentrations in European 

water bodies - links to organic carbon trends and land cover (2020). 

125. Kharid Mwakoba: Remote sensing analysis of land cover/use conditions of 

community-based wildlife conservation areas in Tanzania (2021). 

126. Chinatsu Endo: Remote Sensing Based Pre-Season Yellow Rust Early 

Warning in Oromia, Ethiopia (2021). 

127. Berit Mohr: Using remote sensing and land abandonment as a proxy for 

long-term human out-migration. A Case Study: Al-Hassakeh Governorate, 

Syria (2021). 

128. Kanchana Nirmali Bandaranayake: Considering future precipitation in 

delineation locations for water storage systems - Case study Sri Lanka 

(2021). 
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129. Emma Bylund: Dynamics of net primary production and food availability in 

the aftermath of the 2004 and 2007 desert locust outbreaks in Niger and 

Yemen (2021). 

130. Shawn Pace: Urban infrastructure inundation risk from permanent sea-level 

rise scenarios in London (UK), Bangkok (Thailand) and Mumbai (India): A 

comparative analysis (2021). 

131. Oskar Evert Johansson: The hydrodynamic impacts of Estuarine Oyster 

reefs, and the application of drone technology to this study (2021). 

132. Pritam Kumarsingh: A Case Study to develop and test GIS/SDSS methods 

to assess the production capacity of a Cocoa Site in Trinidad and Tobago 

(2021). 

133. Muhammad Imran Khan: Property Tax Mapping and Assessment using GIS 

(2021). 

134. Domna Kanari: Mining geosocial data from Flickr to explore tourism 

patterns: The case study of Athens (2021). 

135. Mona Tykesson Klubien: Livestock-MRSA in Danish pig farms (2021). 

136. Ove Njøten: Comparing radar satellites. Use of Sentinel-1 leads to an 

increase in oil spill alerts in Norwegian waters (2021). 

137. Panagiotis Patrinos: Change of heating fuel consumption patterns produced 

by the economic crisis in Greece (2021). 

138. Lukasz Langowski: Assessing the suitability of using Sentinel-1A SAR 

multi-temporal imagery to detect fallow periods between rice crops (2021). 

139. Jonas Tillman: Perception accuracy and user acceptance of legend designs 

for opacity data mapping in GIS (2022). 

140. Gabriela Olekszyk: ALS (Airborne LIDAR) accuracy: Can potential low 

data quality of ground points be modelled/detected? Case study of 2016 

LIDAR capture over Auckland, New Zealand (2022). 

141. Luke Aspland: Weights of Evidence Predictive Modelling in Archaeology 

(2022). 

142. Luís Fareleira Gomes: The influence of climate, population density, tree 

species and land cover on fire pattern in mainland Portugal (2022). 

143. Andreas Eriksson: Mapping Fire Salamander (Salamandra salamandra) 

Habitat Suitability in Baden-Württemberg with Multi-Temporal Sentinel-1 

and Sentinel-2 Imagery (2022). 
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144. Lisbet Hougaard Baklid: Geographical expansion rate of a brown bear 

population in Fennoscandia and the factors explaining the directional 

variations (2022). 

145. Victoria Persson: Mussels in deep water with climate change:  Spatial 

distribution of mussel (Mytilus galloprovincialis) growth offshore in the 

French Mediterranean with respect to climate change scenario RCP 8.5 Long 

Term and Integrated Multi-Trophic Aquaculture (IMTA) using Dynamic 

Energy Budget (DEB) modelling (2022). 

146. Benjamin Bernard Fabien Gérard Borgeais: Implementing a multi-criteria 

GIS analysis and predictive modelling to locate Upper Palaeolithic decorated 

caves in the Périgord noir, France (2022). 

147. Bernat Dorado-Guerrero: Assessing the impact of post-fire restoration 

interventions using spectral vegetation indices: A case study in El Bruc, 

Spain (2022). 

148. Ignatius Gabriel Aloysius Maria Perera: The Influence of Natural Radon 

Occurrence on the Severity of the COVID-19 Pandemic in Germany: A 

Spatial Analysis (2022). 

149. Mark Overton: An Analysis of Spatially-enabled Mobile Decision Support 

Systems in a Collaborative Decision-Making Environment (2022). 

150. Viggo Lunde: Analysing methods for visualizing time-series datasets in 

open-source web mapping (2022). 

151. Johan Viscarra Hansson: Distribution Analysis of Impatiens glandulifera in 

Kronoberg County and a Pest Risk Map for Alvesta Municipality (2022). 
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flows after the Covid-19 pandemic (2022). 

153. Henrik Hagelin: Wildfire growth modelling in Sweden - A suitability 

assessment of available data (2023). 

154. Gabriel Romeo Ferriols Pavico: Where there is road, there is fire 
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patterns of Swedish wildfires of 2018 (2023). 
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156. Krystyna Muszel: Impact of Sea Surface Temperature and Salinity on 
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