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This study explores impact and performance evaluation methods and variables within 

community-based organisations. The focus is on community centres and sports clubs in 

Finland. The research examines three indicators of organisational performance and social 

impact: sense of community (SOC), engagement, and resilience. To assess these 

dimensions, the study compares two types of evaluation methods, visitor-based and unit-

based evaluation, which are assessed using the case tools Melvio and HCforsports. 

 

A literature review establishes theoretical links between SOC, engagement, and resilience 

in communities internationally, forming a conceptual foundation for empirical analysis. 

SOC definitions and evaluations are assessed between the two cases, highlighting 

similarities and differences in approaches. In sports clubs, SOC and resilience are assessed 

using HCforsports indices: the Conviviality Index (CI) and the Resilience Index (RI). The 

underlying scoring algorithms are examined and remodeled using surrogate modelling and 

sensitivity analyses. The underlying algorithms are complex relations of a unit, and the 

multi-model sensitivity analyses reveal associations between variables. CI is positively 

associated with all variables - participation, goal-orientedness, criticality, and unanimity. 

Resilience is shown to be a function of moderate CI values and a moderate number of club 

stakeholders. Engagement is examined in community centres using Melvio data, applying 

Kaplan-Meier survival analysis and Random forest models. Key factors influencing 

engagement include the number of socioeconomic risk factors, and non-native mother 

language. Additionally, the spring season indicated a positive association. The Random 

forest model also identifies some well-being indicators (surveys) as relatively important 

predictors of visit count per visitor, although these findings require further validation. 

 

The final part of the study compares visitor-based and unit-based evaluation methods, 

offering practical recommendations. Given the complexity of measuring SOC, 

engagement, and resilience, the study advocates for triangulation, combining both methods 

for the evaluation of impact and performance. These findings contribute to a more holistic 

performance assessment framework for Finnish community-based organisations. 
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Tässä tutkimuksessa tarkastellaan yhteisöorganisaatioiden vaikuttavuuden ja suorituskyvyn 

arviointimenetelmiä ja vaikuttavuusmuuttujia. Tutkimuksen kohteena ovat yhteisötalot ja 

urheiluseurat Suomessa. Tutkimuksessa analysoidaan kolmea indikaattoria, jotka kuvaavat 

organisaation suorituskykyä ja vaikuttavuutta: yhteenkuuluvuus, sitoutuminen ja 

kestävyys. Näiden ulottuvuuksien arvioimiseksi vertaillaan kahta menetelmää: yksilötason 

ja yksikkötason arviointi, joita tarkastellaan case-työkalujen Melvio ja HCforsports avulla. 

 

Kansainvälisessä kirjallisuuskatsauksessa muodostetaan teoreettiset yhteydet yhteisöjen 

yhteenkuuluvuuden, sitoutumisen ja kestävyyden välillä, jotka toimivat empiirisen 

analyysin käsitteellisenä perustana. Yhteenkuuluvuuden määritelmiä ja arviointitapoja 

tarkastellaan case-työkalujen välillä, tuoden esiin lähestymistapojen yhtäläisyyksiä ja eroja. 

Urheiluseuroissa yhteenkuuluvuutta ja kestävyyttä mitataan HCforsports-indekseillä: 

Conviviality Index (CI) ja Resilience Index (RI). Näiden indeksien taustalla olevat 

algoritmit muodostavat muuttujista komplekseja relaatioita yksikkötasolla. Tässä työssä 

indeksit mallinnetaan korvikemallien (surrogate models) ja herkkyysanalyysien avulla, 

muuttujien välisten yhteyksien valottamiseksi. CI on positiivisesti yhteydessä kaikkiin 

mitattuihin tekijöihin: osallistuminen, tavoitteellisuus, kriittisyys ja yksimielisyys. 

Kestävyys taas muodostuu keskinkertaisista CI-muuttujista ja seuratoimijoiden määrästä. 

Yhteisötaloissa sitoutumista analysoidaan Melvion datan pohjalta hyödyntäen Kaplan-

Meierin selviytymiskäyrää ja Satunnaismetsä-mallia. Sitoutumiseen vaikuttaviksi tekijöiksi 

tunnistetaan sosioekonomisten riskitekijöiden määrä ja muu kuin kansalliskieli 

äidinkielenä. Lisäksi kevätkaudella on myönteinen yhteys sitoutumiseen. Satunnaismetsä-

malli osoittaa, että joillakin hyvinvoinnin alkukyselyvastauksilla on suhteellisen suuri 

kontribuutio käyntikertojen määrään, mutta nämä havainnot edellyttävät lisäarviointia. 

 

Tutkimuksessa vertaillaan yksilötason ja yksikkötason dataa, ja esitetään käytännön 

suosituksia kokonaisvaltaisemman vaikuttavuuden ja suorituskyvyn arviointikehyksen 

kehittämiseksi suomalaisissa yhteisöorganisaatioissa. Koska yhteenkuuluvuuden, 

sitoutumisen ja kestävyyden kaltaisten laadullisten indikaattoreiden mittaaminen on 

monimutkaista, tutkimus suosittaa triangulaatiota, tässä tapauksessa yksilö- ja 

yksikkötason datan yhdistämistä, jotta vaikuttavuutta voidaan arvioida kattavammin. 
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1. INTRODUCTION AND BACKGROUND  

 

1.1.  Introduction  

Evaluating the performance of community-based organisations (CBOs) is essential for 

understanding their social impact, guiding resource allocation, and ensuring accountability 

to funders, stakeholders, and the communities they serve. A community-based organization 

provides public or private social services at the local level, typically with a non-profit 

structure and by utilizing volunteering (Chechetto-Salles, Geyer & Tyler, 2006, 4). CBOs 

are typically assessed by governments, funders, other stakeholders, as well as the CBOs 

themselves. Their performance and impact are evaluated in a more qualitative manner in 

comparison to other organisations such as private companies. Despite CBOsô important role 

in promoting social capital and inclusion, qualitative and quantitative performance 

evaluation methods for CBOs remain both underdeveloped and underutilised in Finland 

(Gretschel et al., 2023, 63-64). This study partly addresses the gap by investigating how 1) 

sense of community, 2) resilience and 3) engagement in CBOs are currently used to evaluate 

CBO performance in Finland. Shortly introducing the terminology, engagement refers to 

active visiting or participation in activities, sense of community refers to a feeling of 

cohesion and belonging to a group, and resilience reflects the competence to function as a 

community, endure challenges and organise itself. All three are related to social capital, 

positive social impact and the fostering of long-term activity in communities (Aldrich & 

Meyer, 2015; Talò, Mannarini & Rochira, 2014, 2-8). Input variables for the three indicators 

are presented and assessed in importance. Data has been acquired from two case tools that 

serve sports clubs and community centres, to obtain two perspectives of community-based 

organisation performance evaluation. Using two case data tools Melvio and HCforsports, I 

analyse how the evaluation of engagement is executed within case community centres, and 

how the evaluation of sense of community and resilience are executed within case sports 

clubs. These environments are mainly attended by young people, although adults are also 

involved to a lesser extent. I am seeking answers for what kind of data is currently used in 

Finland to reflect engagement, sense of community and resilience, and how they are 

evaluated as part of CBO performance. This thesis is an exploratory multiple case study of 
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the current state of CBO performance evaluation of community-based organisations in 

Finland. This thesis investigates factors behind activity engagement and assesses the 

functionality of sense of community and resilience indices, contributing to the assessment 

of CBO performance indicators. In the end of the study, insights are presented, reliability is 

discussed, and suggestions are made for the future.  

 

1.2.  Justification for the topic 

Developed countries are experiencing high levels of mental and physical illness, which 

appear as interconnected issues. Additionally, these issues disproportionately affect lower 

socio-economic groups and thus increase the gap of equality in well-being. (Jones et al. 2013, 

1949). Relative to population, Finland had the highest portion of mental health disorders in 

the EU in 2018. At the same time, the total impact and treatment costs of mental health 

problems were estimated to amount to 5.3% of GDP in Finland, whereas the EU average 

was slightly above 4% (OECD, 2018, 26-27). Currently, positive trends cannot be seen in 

terms of mental health as Finland still has a high portion of mental health issues relative to 

its population, and the National Mental Health Strategy 2020-2030 is trying to address these 

issues (Vorma, 2020, 11-51). At the same time, international findings suggest that 

individualism is rising internationally based on living arrangements and changing values 

(Santos, Varnum, & Grossmann, 2017, 1228-1238). The decline in social cohesion is 

characterized by a disintegration of ósocial capitalô, referring to trust, norms and networks ï 

therefore communities with weaker social ties are less resilient to long-term stressors, 

including economic downturns and social fragmentation (Chambers, 2006, 93-111; cited by 

Putnam et al., 1993, in Chambers, 2006, 92). Falling rates of engagement in local community 

activities are of concern because they correlate with declining safety, rising crime, weakened 

economic efficacy, youth well-being and public health, as examples (Putnam, 2000, 33-47). 

A concern for eroding social ties and declining cohesion in modern societies has been 

growing (Chambers, 2006, 92), and a need for shared places is now highlighted (Hedman & 

Räikkönen, 2024, 1). It is not claimed that rising individualism and weakening social ties 

would be the cause of mental health problems, however the links between the two 

phenomena are noteworthy, and supporting findings are present in many studies. 
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Internationally, sense of community (SOC) has been found to have unique, positive relations 

to psychological and physical well-being, unexplained by other demographic factors. 

Additionally, engagement and resilience in communities are also linked to well-being. 

Possible government-level ways of improving SOC include playing sports, which showed 

an increase of 1.6% in the respondentôs SOC, in a study in New Zealand. (Sengupta et al., 

2013, 36). The authors argue that increased sports opportunities could be one of the most 

easily implemented interventions for increasing SOC. Additionally, in community centres, 

structured group activities and unstructured leisure time offer a shared place for social 

cohesion. Structured group activities refer to hobby groups, organized events and 

workshops. A study in the UK suggests that structured group-based activities in community 

centres offer improvement in mental and physical health, especially in visitors with some 

forms of social disadvantage. (Jones et al. 2013, 1960).  

There are great benefits in both sports clubs and community centre activity for youth and 

adults. When national governments struggle to manage overall societal well-being, attention 

can shift toward alternative platforms that provide community-level benefits (Phillips & 

Wong, 2017, 69). In Sweden, for instance, there has been growing interest in the role of local 

communities in addressing challenges faced by segregation. Blomqvist (2024, 1-2) 

highlights how local sports clubs can promote inter-organisational collaboration ï thereby 

helping communities to mitigate social unrest. Given the recognized value of active 

community engagement, Finland has also seen a growing interest in assessing the social 

impact of CBOs (Opetus- ja Kulttuuriministeriö, 2024). Evaluating sense of community, 

engagement and resilience in CBOs, is a complex task that involves integrating qualitative 

research methods to capture the interconnected and subjective nature of these phenomena, 

and this study aims to explore existing methods for evaluating CBO performance in Finland, 

as well as to assess their reliability. 

1.3 Structure and research questions 

The purpose of this study is to examine how sense of community (SOC), engagement, and 

resilience are currently used to reflect CBO performance in Finland. The study contributes 

to the assessment of CBO performance indicators and discusses reliability. The investigation 

is structured around four research questions. To begin, the study compares the definitions 

and evaluation methods of SOC in two distinct contexts: 1) the Melvio impact tool, used in 
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community centers, and 2) the HCforsports impact and strategy tool, designed for sports 

communities. This comparison aims to identify context-specific conceptualizations and 

measurement approaches for SOC. Next, by investigating existing literature, the 

interrelations between sense of community, engagement, and resilience are examined and 

visually modeled into a conceptual framework. This framework supports the analysis of 

SOC, engagement and resilience performance within Finnish CBOs. 

 

A Resilience index (RI) and Conviviality index (CI), have been developed by HCforsports, 

using relative algorithms. As the original algorithms are complex and copyright protected, I 

use surrogate modeling with original index scores, which are derived from a currently 

extensive dataset from the tool platform. By executing local and global sensitivity analyses, 

I bring light to predictor behaviour in this dataset. By revealing variable behaviour behind 

SOC and resilience, we may demonstrate which input values compute the highest CI and RI 

values, reflecting CBO performance. Reliability is assessed. Next, engagement is 

investigated with survival analysis (Kaplan-meier), using time series visit data and visitor 

demographics which are available in the gathered data. The two case tools gather 1) visitor-

based data and 2) unit-based data. The study is therefore divided into two case parts, and in 

the end, their use purposes are assessed, the goals of the two data collection methods are 

compared, and suggestions are made to improve holistic impact evaluation in community-

based organizations in Finland. The flow of this exploratory study is presented with key 

terms in Figure 1. The study assesses four research questions: 

1. How does sense of community contribute to engagement and resilience in 

community-based organisations, according to literature?  

2. How is sense of community defined and evaluated in community centers and sports 

clubs in Finland? 

3. How do selected factors contribute to relative sense of community and resilience 

indices in sports clubs in Finland?  

4. What demographic and external factors are linked to engagement in community 

centers in Finland? 
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Figure 1. The structural flow of the exploratory multiple case study. 

 

1.4 Case tools Melvio and HCforsports and their use fields 

The case organisations that offer tools for CBO performance evaluation are Me-säätiö ry and 

HedCo Oy, which are also the two issuers for this study. Me-säätiö is a non-profit 

organization founded in 2015 that launched a Finnish impact tool Melvio in 2021, targeted 

for the use of CBOs. Melvio observes visitor activity, engagement, demographics and 

subjective well-being in community centres, municipalities and sports clubs. (Me-säätiö, 

2023). In this study, I am investigating its community centre partnersô data. The community 

centre activities are offered to all ages, and the data is collected from both children and 

adults. In the study, I will analyse engagement with the available data. 

 

HedCo Oy, a Finnish company piloted an impact and strategy tool HCforsports in 2021. 

Their HCforsports unit creates metrics and relative evaluations of units (sport, club) for key 

contact personnel to monitor and develop the strategic goals, resilience, conviviality and 

social media impression of sports clubs. (HedCoach, 2025). HCforsports collects 

information from mostly adults in sports clubs who organise club activities, excluding the 

athlete members. This makes the tool the first of its kind in Finland, as the main goal of the 

tool is to monitor the adults that enable club activity. As opposed to visitor-based data 

Defining sense of 
community (SOC), 
engagement and 
resilience

Sports clubs: 

Unit-based data

Evaluation of SOC 
and resilience

Insights, conclusions, 
reliability of evaluation, 
triangulation

Community centres:

Visitor-based data

Evaluation of  
engagement
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collection, HCforsports focuses on unit-based data, representing community-level data. 

Thus, the tool can naturally preserve anonymity and lighten costs in data privacy. The 

gathered data includes continuous-scale survey data, respondent information including 

demographics as well as financial data. In this study, I will investigate two of the toolôs 

indices ï 1) Conviviality Index (CI) and 2) Resilience Index (RI). CI reflects sense of 

community, and RI reflects resilience, both in team unit levels. Both impact tools strive to 

induce data-driven leadership, by offering data about the performance and impact of the 

organization.  
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2. THEORY  AND LITERATURE  REVIEW  

 

Much of the relevant terminology for this study originates from social sciences, where many 

matters are inherently interconnected, and at times difficult to distinguish with precision. To 

ensure conceptual clarity and enable the examination of sense of community, engagement, 

and resilience, these three terms, and closely related topics will be defined based on 

established literature. It is important to note that these elements often emerge as indirect 

outcomes of community-based organization activities. As noted by the National Academies 

of Sciences, Engineering, and Medicine (2021, 20), ña prominent feature of community 

efforts to build connectedness is the frequent occurrence of a variety of co-benefits.ò It is 

also argued that these co-benefits foster sense of community, which subsequently contributes 

to resilience. Sequentially, active engagement is essential to sustaining and enhancing these 

outcomes in the long-term. For these reasons, the three concepts have been selected as CBO 

performance indicators in this study. 

 

2.1. Sense of community 

Sense of community (SOC) is a complex term to define as it is linked to a range human 

interactions. Research of SOC derives from the 1970s, and the concept might be best 

described by Seymour Sarason, a so-called father of community psychology. He states that 

SOC can be defined as ñthe sense that one was part of a readily supportive network of 

relationships upon which one could dependò (Sengupta et al., 2013, 36; Sarason, 1974, 1). 

Later definitions include ñA feeling that members have of belonging, a feeling that members 

matter to one another and to the group, and a shared faith that membersô needs will be met 

through their commitment to be togetherò (McMillan & Chavis, 1986, 9). As part of the 

definition of the term, McMillan and Chavis (1986, 9-14), have also presented a theoretical 

framework for sense of community, consisting of four components: 1) membership, 2) 

influence, 3) integration and fulfillment of needs, and 4) shared emotional connection. In 

most theoretical definitions, individual feelings are highlighted as part of a mutually 

dependable community structure. Sarason has argued that people innately know whether 

SOC exists or not. In social sciences, survey questions can be used as proxies for measuring 

SOC, often with Likert scale outputs. Examples of person-level factors that have been linked 

to SOC in research include age, ethnicity, gender, education, income and attitudes towards 
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membership in local community clubs (Sengupta et al., 2013, 37), however individual-level 

variance of SOC is greater (Long & Perkins, 2007, 577). The effect of gender has produced 

contradictive results (Talò, Mannarini & Rochira, 2014, 4). Notably, SOC has also been 

found to have unique, positive relations to psychological and physical well-being (Sengupta 

et al., 2013, 36), making it a valuable phenomenon to observe by governments and to foster 

in communities (Opetus- ja Kulttuuriministeriö, 2024). In this study, current evaluation of 

SOC in Finland is assessed by investigating the behaviour and sensitivity of input variables 

of a Conviviality index (CI) in the HCforsports tool, assessing its functionality and reliability 

as a CBO performance indicator.  

 

2.2. Engagement 

In this study, engagement is referred to as community engagement. Engagement may occur 

in person or online, and in this study the investigation is limited to in person engagement 

within community centres and sports clubs. Engagement refers to the process of active 

visiting, involving community members in active participation and it can extend to memberôs 

involvement in decision-making and planning. Engagement focuses on sustaining positive 

relationships, fostering trust, and promoting active participation of community members in 

various activities. Community engagement generally promotes inclusivity and social 

cohesion. (Lee, 2024, 342-349). Engagement is closely linked to SOC, as both phenomena 

can strengthen one another. A Norwegian study found that socioeconomic inequalities such 

as resources and family situations can act as barriers to youth engagement in organization 

activities (Gretschel, 2023, 49-51). Addressing these challenges is a central aim of 

community centres, and therefore engagement is one performance indicator of CBOs that I 

will analyse through Finnish community centre data, using Melvio tool. 

 

2.3. Resilience, community capacity and community competence 

In this study, the term resilience refers to community resilience. In literature, resilience is 

linked to community capacity and competence. Resilience refers to a community's ability to 

adapt, recover, and thrive in the face of challenges. It involves the collective capacity of 

individuals and systems within a community to share responsibility and effectively respond 

to potential disruptive events, which can be in the most extreme cases natural disasters, 

economic crises, pandemics and other crises. A resilient community should be able to 
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adequately survive a shock while maintaining or improving overall well-being. Gunaratna 

(2013, 12) highlights that unless trust between communities is built every day, social 

harmony is likely to break during a crisis. 

 

Although community capacity and competence are used almost interchangeably in research, 

capacity refers to a communityôs potential to develop, whereas competence refers to its 

current functioning. Community capacity is often seen as a potential state, while competence 

reflects the active application of these abilities (Goodman et al., 1998, 260). Community 

capacity is critical for addressing collective challenges, such as implementing public health 

initiatives (Piscopo et al., 2017, 55). It involves human capital, social networks, and 

organizational resources that can be mobilized for community well-being (Chaskin, 2001, 

295). Goodman et al. (1998, 260-273) suggest assessing capacity through factors like 

leadership, skills, networks, and community values. Community competence on the other 

hand, is defined by Cottrell (1976, cited in Gerrard, 2018, 345) as the collective effort of 

identifying needs, agreeing on goals, priorities and methods, and enacting those to tackle 

problems. Community competence highlights a communityôs ability to self-organize itself 

as well as willingness to undertake an action that will benefit the community, or to solve 

problems as a unit of individuals. (Hedman & Räikkönen, 2024, 5-8; Gerrard, 2018, 344; 

Piscopo et al, 2017, 55). In Sweden, sports clubs are increasingly seen as platforms to 

enhance community capacity, though they have historically struggled to engage 

underrepresented groups (Karp et al., 2014, cited in Blomqvist, 2024, 4).  

 

In this study, resilience is assessed through sports club stakeholders (coaches, management, 

volunteers etc.), measuring human resources and evaluating community competence with 

self-assessment tests, in team-level units. The aim is to investigate the behaviour and 

sensitivity of input variables of a resilience index (RI) in the HCforsports tool, also assessing 

its functionality and reliability as a CBO performance indicator. 

 

2.4. Social impact 

Social Impact is coherently connected to social value creation, which is why the two 

definitions are in close association. Social impact focuses on quantifying the perceived social 

change. Rabel (2022, 2) defines social impacts as ñé changes to individuals and 

communities due to a proposed action that alters the way in which people live, work, play, 
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relate to one another, organize to meet their needs and generally cope as members of 

society.ò Social impact is an umbrella term for SOC, engagement and resilience, and impact 

evaluation is a core target of the two case tools Melvio and HCforsports.  

 

2.5. Well-being  

Levels of individual well-being include 1) environmental, 2) physical, 3) social and 4) 

psychological well-being. In this study, well-being is referred to as community well-being. 

Community and social well-being can be alternatively stated as happiness or high quality of 

life in oneôs location or position in community. In this study, I explore community well-

being, which Phillips & Wong (2017, 77) describe as ñnot an individualôs issue but a holistic 

representation of community conditionsò. The study of community well-being is closely 

linked to the broader fields of community development and community capacity. 

Community well-being is typically assessed through indices developed by international 

organizations and local governments. Instruments from the OECD, UN, UNESCO, EU, and 

WHO generally measure well-being at the national level. However, such indices have been 

criticized for lacking the comprehensiveness or contextual sensitivity required for 

meaningful assessment at the local level. Empirical research by Albanesi, Cicognani, and 

Zani (2007, 387ï399) demonstrates that, especially among adolescents, group involvement 

is positively associated with engagement and sense of community ï both of which contribute 

to broader community well-being. Accordingly, the three focal concepts of this study, sense 

of community, engagement, and resilience, are all integral components of community well-

being. This highlights the importance of studying and observing these phenomena in CBOs 

for resource allocation, ensuring accountability to funders, stakeholders, and the 

communities in question. 

 

2.6. Social capital 

Social capital is a term used in social policy as a measure of monitoring the óproductivityô 

of social ties, which enhances cooperation between individuals for mutual benefit 

(Chambers, 2006, 2-94). Most definitions of social capital agree in research ï recurring terms 

include: networks, trust, cooperation, support and civic engagement (Hedman & Räikkönen, 

2024, 8; Chambers, 2006, 94; Putnam, 2000). Social capital can be enhanced by sense of 

community. The National Social Capital Benchmark Community Survey conducted by 
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Harvard University is the most widely used survey for measuring social capital. It assesses 

civic participation and individuals' sense of belonging to their community and friends, to 

name a few of its factors. (Aldrich & Meyer, 2015). 

 

2.7. Triangulation  

Especially popular in social sciences research, triangulation is a research strategy used to 

improve the validity, reliability, and depth of findings. Triangulation refers to increasing 

confidence in research data, by including two or more of the following: data source 

triangulation, investigator triangulation, methodological triangulation, theoretical 

triangulation, and data analysis triangulation. The integration of more than one method, 

source, investigator etc. aims to strengthen the credibility and interpretability of findings and 

thus may compensate for the limitations or biases of a single approach by leveraging the 

strengths of others. Ultimately, the value of triangulation lies in contributing to a deeper and 

more reliable understanding of the phenomenon under investigation. (Donkoh & Mensah, 

2023, 1-9; Thurmond, 2001, 253-257). Triangulation is discussed this studyôs results in 

section 8. 

 

2.8. Sports clubs and community centres 

Sports clubs and community centres are community-based organisations that can produce 

positive social impact as a byproduct of their activity. Sports clubs and community centres 

represent typical community-based organisations that often function with a nonprofit 

structure, and by utilising some degree of volunteer work (Chechetto-Salles, Geyer & Tyler, 

2006, 4). In Finland, sports clubs and community centres are primarily financed by 

municipalities, the Ministry of Education and Culture (Opetus- ja Kulttuuriministeriö), the 

European Union, sports organisations, associations, non-profit foundations, and private 

entities. The organisationsô own activities and fundraising also serve as sources of income.  

 

Community centres promote social cohesion by providing a safe and relaxed social 

environment in which personal information can be exchanged. (Allport, 1979; Lawler, 2001; 

Wong, 2010, cited in Aronson & Gerdner, 2021, 266). Canadian youth were interviewed in 

a case study, and most favoured community centre leaders were described as friends of the 

members in the community centre: ñthe role of leaders was óto have fun with usôò (Sharpe, 
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Lashua & Ingen, 2022, 507). In a Swedish study in 2016, Geidne, Fredriksson & Eriksson 

(2016, 972) note that the fun and undemanding structure of the centre visits and the support 

in the centres were found to be important to most young people. Although shared places 

provide opportunities for building community capacity, competence development does not 

seem to explain visit activity, indicating that the fun and lighthearted environment might be 

of higher importance to the visitors. (Geidne, Fredriksson & Eriksson, 2016, 972). Sports 

clubs are more specialised in providing structured, goal-oriented sports training within set 

teams. Sports activities typically involve adult-led guidance, although cooperation occurs on 

an equal basis among participants, fostering social cohesion and social capital. Blomqvist 

(2024, 1ï7) highlights how the development of community sports activities can be a critical 

way for improving local well-being and he even connects them to broader political 

frameworks, thus highlighting the importance of CBO impact and performance evaluation. 

Within the scope of this research, the services offered by sports clubs and community centres 

are categorized as: 1) unstructured activities, 2) semi-structured activities and 3) structured 

activities. Community centres may offer three forms of activity. (Aronson & Gerdner, 2021, 

266). The three categories will be returned to in this study in section 5.  

 

Aronson and Gerdner (2021, 266ï282) examined how community centres contribute to 

cultural integration and a sense of community. Their findings show that while unstructured 

activities help participants of foreign origin form friendships, structured activities such as 

sports create opportunities for friendships regardless of ethnic background. This fosters a 

more inclusive sense of community across all origins. In line with this, official integration 

strategies in Sweden have identified both youth centres and structured leisure activities as 

important for promoting the well-being and social integration of adolescents of foreign 

origin (Ministry of Education and Culture, 2018). 
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4.  EVALUATION OF SENSE OF COMMUNITY , 

ENGAGEMENT AND RESILIENCE  

 

This section explores the evaluation methods of sense of community (SOC) through a review 

of relevant literature. By reviewing existing literature on SOC, engagement, and resilience, 

I aim to answer research question 1: ñHow does sense of community contribute to 

engagement and resilience in community-based organisations, according to the literature?ò 

Additionally, by examining two fields and two case tools, I address research question 2: 

ñHow is sense of community defined and evaluated in community centres and sports clubs 

in Finland?ò 

 

4.1.  Evaluating sense of community 

While SOC is widely discussed, there is no single, agreed-upon method for measuring it. 

According to literature, the most established tool is the Sense of Community Index (SCI), 

based on McMillan and Chavisô theory from 1986. They define four core elements of SOC: 

1) membership, 2) influence, 3) fulfillment of needs, and 4) shared emotional connection. 

The first version, SCI-1 (1990), included 12 items (survey questions) focused on local units 

such as neighborhoods. However, several studies have found weak empirical support for its 

four-factor model. For example, Long and Perkins (2003, 284) and Cope et al. (2020, 1410) 

used confirmatory factor analysis and declared a poor model fit. In response, Long and 

Perkins suggested the Brief SCI, which uses 8 questions and 3 factors, which demonstrated 

a better fit. SCI-2, published in 2008, expanded to 24 items but retained the original four 

categories. However, doubts remain. Flaherty et al. (2014) argue that SCIôs theoretical 

foundations may be outdated, and Douglas (2022, 3253) notes that no single survey 

instrument has gained universal acceptance. One reason is because subjective sense of 

community is difficult to measure with numerical scales. Contextual factors such as location, 

time, and differing cultural definitions of community can also influence results. 

 

Douglas (2022, 3252) tested various survey questions used in recent studies and built a new, 

local neighborhood SOC index based on statistical significance. Questions with high 

predictive value included: "I feel a sense of connection with many of my neighbors" and "I 
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feel at home in this neighborhood." Importantly, the social environment has evolved since 

SCIôs creation. Communities are no longer bound to physical spaces. According to 

Chambers (2006, 131), "network sociality" has become a modern alternative. Gibbs et al. 

(2019, 117-120) explore this through the concept of Sense of Virtual Community (SOVC), 

which has its own distinct dimensions. All in all, we cannot declare that SOC can be 

universally measured. Results depend on location and context, and therefore in this study we 

look at context-specific evaluations of SOC in Finnish sports clubs with HCforsports data. 

 

4.2.  Evaluating engagement 

Engagement can be studied in various ways. In this study, the focus is on physical 

engagement, excluding digital engagement. In the absence of time-series visit data which is 

costly to acquire, a common approach is to survey individuals about their visit behaviour, 

especially in the context of sports. Factors such as age, income, place of residence, and self-

rated physical and mental health are often used to analyse patterns in engagement. For 

example, Peng, Yang, Chang & Liu (2025, 1ï14) studied sports behaviour in China using 

an ordered logistic regression model. They measured an ordinal variable called "active 

degree of sports participation" (scale 1ï5) against factors like gender, education, ethnicity, 

religion, health, and income. They found significant differences linked to four of these 

variables. In the Netherlands, Mudd, Bal, van Lenthe & Kamphuis (2024, 1ï12) used 

structural equation modelling to examine the role of education, resources, and individual 

agency in sports participation. They found positive links in all predictors. Overall, the 

method of analysis depends on the type of variables that are used. Survey data can give 

ordinal, self-assessed estimates, while real visit data with timestamps allows for a closer 

examination of participation patterns. In this study, we have access to community centre 

time-series visit data, from the data tool Melvio. 

 

4.3.  Evaluating resilience 

On a large scale, resilience evaluation has been used to identify and compare socially 

resilient, economically resilient and disaster resilient communities (Camacho, Webb, Bower 

& Munford, 2024; Scherzer, Lujala, & Rød, 2019; Rahi, 2019). Indices typically consist of 

several sub-indices that cover levels of social cohesion, economic stability, infrastructure, 

governance, and community involvement. For example, the Baseline Resilience Indictors 
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for Communities (BRIC) model more precisely considers social, community, economic and 

institutional capital, infrastructure and housing, and environmental capital (Scherzer et al. 

2019). In all indicators, community competence is strongly linked to resilience. In academic 

literature, there are no widespread examples of theoretical foundations for the community 

resilience or competence of sports clubs, although the need for evaluation is constantly being 

recognised (Andersson, Book & Norberg, 2023, 1-2). The EU co-funded Change Project has 

identified a gap between international strategies and the practical strategies of sports clubs, 

and the phenomenon is strongly linked to an widespread lack of capacity to change 

(Andersson, Book & Norberg, 2023, 1-8). The HCforsports Resilience Index responds to 

this issue by measuring two primary components: human resources and sense of community. 

These dimensions reflect a clubôs resilience, particularly its ability to organise and sustain 

its activities through resources and cooperation. 

 

4.4.  Links between sense of community, engagement and resilience 

Meta-analyses show a strong link between SOC and engagement. Talò (2018, 593) found 

that SOC and place identity are among the best predictors of engagement. Talò, Mannarini 

& Rochira (2014, 1ï21) report that the connection between SOC and active participation is 

statistically significant, positive, and moderately strong across civic and political contexts. 

They describe SOC as a catalyst for participation and development. Long & Perkins (2007, 

577) report that place attachment and participation pose as some of the strongest 

determinants of SOC. Omoto and Snyder (1995) found that feelings of community 

connectedness increase willingness to volunteer, which is important in sports clubs where 

parental involvement is common. Sports clubs that invest in team building and share goals 

often show higher retention, as members feel emotionally involved. Talò, Mannarini & 

Rochira (2014, 2) find that SOC and engagement are interrelated phenomena that support 

community competence by promoting trust, collaboration, and civic responsibility, all key 

for building resilience (Lee, 2024, 342ï345). Unlike engagement, resilience is a long-term 

goal that needs a strategic approach. It requires sustained engagement to grow community 

competence (Lee, 2024, 348ï349). Based on existing literature, Figure 2 presents a 

conceptual illustration of the relationships between the three investigated concepts. 
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Figure 2. An illustration of the interconnectedness of sense of community, engagement and resilience 

 

However, in the following analysis these relationships will  be critically examined, when 

pursuing resilience in community-based organisations. One critical viewpoint is the 

occurrence of overly cohesive environments that may induce ógroupthinkô. This refers to the 

tendency to ignore stating oneôs true opinions, when in the pursuit of group unanimity. This 

phenomenon often has a negative impact on group performance in project settings, as proven 

by research such as from Riccobono, Bruccoleri, & Größler (2016, 609). I argue that while 

SOC is a key driver of engagement, it must be supported by innovation and structural 

practices. Without these, a community-based organization may achieve high levels of 

immediate engagement but falter in its ability to adapt to long-term challenges, especially 

with limited financial and human resources. Additionally, community-based organizations 

should balance cohesion with criticality to ensure that engagement does not become 

performative nor would groups remain the same, ensuring that their initiatives adapt to 

community needs. 

 

4.5.  Sense of community in Finnish community centres and sports clubs 

Next, I will investigate the two case evaluation methods for sense of community (SOC) and 

assess how sense of community is defined and evaluated in community centres and sports 

Sense of 
Community

Engagement

Resilience

ñcatalystò 

achieved in the 

long-term 
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clubs. SOC is approached by comparing the differences between the definitions of the two 

case data tools. Previously, SOC was defined as the sense of belonging to a supportive 

network, feeling of importance in a group as the commitment to be togetherò (McMillan & 

Chavis, 1986, 9; Sengupta et al., 2013, 36). According to literature, examples of survey 

questions that can be used as a proxy of SOC include: ñI feel like I belong to this 

communityò. However, SOC definitions differ immensely between different contexts, as 

does the use of SOC evaluation between CBOs.  

With HCforsports, SOC is defined in the sports club context with a Conviviality Index (CI). 

CI is formed through a club community test, which is essentially a self-assessment test for 

club stakeholders, offered by HCforsports. The data is gathered from adults in club activities, 

such as staff, coaches and volunteers. The test consists of two continuous-scale options (400 

points) for goals ï the goalsô target state and their current state. An example of two options 

is ñin my community we do things togetherò and ñin my community, everyone is óthe architect 

of their own fortuneôò. CI is a relative measure of a selected unit, for example within one 

sport, comparing clubs. CI consists of four dimensions, which form complex and naturally 

correlated relationships with each other. On a group level, 1) participation is measured as 

average partaking in the test (by opening the test link), 2) goal-orientedness is the average 

distance of goals from the middle point, 3) criticality is measured with the average distance 

of ócurrent stateô and ótarget stateô, and 4) uninamity is measured as average similarity of 

answers, using pairwise comparisons.  

The construction of the test may be understood best in the direct context of sports in Finland. 

For example, participating and sharing goals are already an indicator of interest and trust 

towards the test link sender, who is generally an active member in the sports club. This 

definition highlights that SOC is rather an activity than any individual perception. It 

essentially measures conviviality within a sports club and serves as proxy for SOC in the 

context of sports clubs. The relation is executed by using a relative algorithm that compares 

clubs, teams etc. The index focuses on derived clues of SOC. The CI highlights the 

individualôs part of social structures, which is similar to Sarasonôs (1974) ideology presented 

earlier. 

In the Melvio dataset, sense of community is measured in a more traditional way, supported 

by literature. Their proxy for SOC is: ñI belong to a group that is important to meò, which 
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is constructed as a Likert scale (1-5) survey question. Survey questions can be answered by 

the community center visitor, which is either a visitor over 13 years old, and in the case of 

visitors under 13 years old, their guardian provides the answer. The Likert scale options 

represent scales of agreement with the middle point 3 being most neutral. A Likert scale 

range of options assumes equidistance in option preferences, which does pose a possibility 

of transferring biased assumptions to results. Nevertheless, likert scales are popular in social 

sciences, as they can represent the desired exactness of measure depending on goals of 

simplicity and cost-effectiveness. Asking multiple questions on sense of community might 

provide more rich results on SOC, however excessive survey length should also be 

speculated to have a possibly negative effect on results. A single survey question 

representing SOC is a traditional way of evaluating subjective sense of community. The 

evaluation can be aggregated to represent mean or median levels in groups such as 

community centres or geographic areas. Time series comparisons are also possible with 

subjectively surveyed SOC, whereas the mentioned Conviviality index provides less options 

for time series comparisons, if unit sizes (clubs, teams) change. 

 

As can be gathered from the analysis, SOC is defined and evaluated in community centers 

and sports clubs in Finland fairly differently. The differences in definitions and evaluation 

methods of SOC derive from data collection methods. While one clearly measures SOC at 

the community level and only through adults, the other focuses on the individual level, 

evaluating subjective feelings of belonging to a community. Unit-based data in HCforsports 

evaluates the relative state of SOC in units, and visitor-based data in Melvio evaluates SOC 

on the level of the individual, but may also aggregate results to units level by using means 

and medians, as examples.  
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5. METHODS 

This chapter defines the analytic strategy used to answer research questions 3) How do 

selected factors contribute to relative sense of community and resilience indices in sports 

clubs in Finland? and 4) What demographic and external factors are linked to engagement 

in community centers in Finland?, structuring the discussion around the studyôs two case-

specific data sets. The underlying goals are to assess the functionality of the two indices and 

assess factors behind engagement in two Finnish datasets. The first part examines the sports-

club sample (HCforsports) and its Conviviality (sense-of-community) and Resilience 

indices. Because the underlying index algorithms are complex, copyright-protected and the 

equations cannot be inspected, I approximate the index scores with non-parametric surrogate 

models, and conduct sensitivity analyses to assess model functionality. In the second part, 

engagement is operationalised as time to disengagement. Engagement is inherently a time-

to-event construct: the central question is not merely how often people visit, but how long 

they continue to come. KaplanïMeier survival curves are a suitable non-parametric tool for 

such censored data. Group differences are tested with statistical methods. A complementary 

non-parametric model is estimated on cumulative visit counts to provide an alternative way 

of evaluating engagement. This data analysis triangulation aims to help solidify the 

robustness of conclusions. Together, the two methodological streams offer complementary 

perspectives on community-based-organisation performance: the sports-club analysis 

leverages unit-based data to decode relational drivers of conviviality and resilience, whereas 

the community centre analysis exploits visitor-based data to illuminate behavioural patterns 

of sustained participation.  

4.1.1. Conviviality  and Resilience indices 

The purpose for the upcoming model creation and data analysis is to study the complex 

HCforsports index algorithms with new machine learning models and assess individual 

predictor behaviour. The results bring light to variable behaviour in the dataset, helping users 

understand their relative index scores, and how individual predictors compute high index 

scores in this dataset. Due to the copyright protection of the index algorithms, I use surrogate 

modeling to compute the index scores, which is often used when a result of interest cannot 

be readily and directly assessed or if the current calculation requires interpretability 

(Alizadeh, Allen & Mistree, 2020, 276-277). With new models, I execute local and global 
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sensitivity analyses to assess the sensitivity of the models and assess the importance of 

individual input variables. Additionally, I assess functionality by seeking to define optimal 

levels of individual input variables in achieving high conviviality (CI) and resilience (RI) 

index values. Sensitivity analysis is conducted with Monte Carlo simulations, as well as by 

simulating new data and generating Shapley Additive Explanation values. Each predictorôs 

marginal contribution is assessed in relation to predictions. With the following methods, I 

investigate how selected factors contribute to CI (sense-of-community) and RI surrogate 

models. With RI, the aim is also to use multiple types of models (tree-based, kernel-based) 

to compare modeling ability. Good model fit is crucial for sensitivity analyses, as poor 

goodness-of-fit can limit capturing the input-output dependence. (Borgonovo, 129-137, 

2017). The original data contains one error, a moderate number of outliers and moderate/high 

multicollinearity. 

 

The group of models that were initially considered for the purposes of the study included 

Classification Decision trees, Random Forest, Neural networks, Principal Component 

Analysis and Support Vector regression. Neural networks have a good ability to model 

nonlinear data, however due to its computational expensiveness (in feature importance for 

example), it was disregarded. Principal Component Analysis was also considered and tested 

in MATLAB , but because direct attribution to individual variables was lost, the method was 

therefore disregarded. Random Forest (RF) was selected to model both CI and RI due to its 

ability to model complex, nonlinear relationships, such as criticality and unanimity. RF does 

not require normality or linearity assumptions, and it effectively handles correlated features. 

I also wanted to experiment with a classification method, and Classification Decision Tree 

(CDT) segments data into groups and allows group-like sensitivity analyses of how variable 

perturbations affect class probabilities. Visualized results are also easily interpretable, and 

might provide transparency into decision thresholds, which may be of use for the 

development of the tool. Support Vector Regression (SVR), as a kernel-based method, was 

selected to model RI due to its different modeling perspective, helping confirm robustness 

of RI sensitivity analyses. SVR, especially with a radial basis function, is able to capture 

subtle effects or interactions with continuous changes. SVR is not used in modeling CI, 

because as CI variables are already on the same scale, the benefit of SVR which handles 

complex boundaries well after scaling is less significant. Simpler models like Random Forest 

(RF) and Classification Decision Trees (CDT) are more interpretable and robust without 
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requiring extra scaling steps. All selected models consider joint distributions in the original 

data because they are nonparametric, multivariate and they include interactions. All models 

are suitable to be built from a moderate dataset of n=645. For all models, global sensitivity 

analysis is possible with Shapley method, which is introduced in section 4.1.7. 

 

4.1.2 Random Forest regression 

Random Forest (RF) is a learning method used for classification and regression tasks, 

introduced by Leo Breiman in 2001. It constructs multiple decision trees during training and 

aggregates their predictions to improve accuracy and control overfitting. Each tree is built 

using a random subset of features and data, a technique that enhances robustness and 

generalizability by reducing variance. The accuracy of a random forest depends on the 

strength of the individual tree classifiers. RF is non-parametric, making it suitable for 

complex datasets. It assumes minimal distributional properties and is robust to outliers, 

noise, and missing data. One rule of thumb suggests at least ten times as many samples as 

features to prevent overfitting. Random forest is flexible, performing sufficiently well on 

both small (e.g., 500ï1,000 samples) and large datasets when the problem complexity and 

number of features are manageable. In other cases, it requires sufficient data to ensure 

reliable performance. In our case, the sports club dataset is small to medium size (n=645). 

Our dataset contains 4-5 explanatory variables when modeling CI and RI. Feature 

importance metrics provided by RF allow for model interpretability, aiding in understanding 

variable influence. Overfitting can still occur, but particularly with a high number of trees or 

insufficient pruning. Model goodness-of-fit  can be assessed with Mean squared error (MSE) 

and R2. MSE is an absolute-error metric that squares each residual, so larger mistakes 

receive disproportionately higher penalties. Therefore, a lower MSE indicates closer 

agreement between the ensembleôs averaged predictions and true values. R2 expresses how 

much of the variance in the target variable is explained by the model, and therefore higher 

scores indicate a better model fit. (Breiman, 2001, 5-29). To operationalise RF in this study, 

the model is created in MATLAB with the fitrensemble routine set to bagging mode. The 

model call is configured for 80 trees, which showed to be feasible (low MSE) for both CI 

and RI surrogate models. 
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4.1.3. Support Vector Regression  

Support Vector Regression (SVR) is used for modeling RI in this study. SRR is a supervised 

machine learning algorithm derived from Support Vector Machines (SVM), designed for 

predicting continuous outcomes. SVR optimizes a hyperplane in a high-dimensional space 

to minimize prediction error, effectively balancing accuracy and generalization. It employs 

kernel functions, such as linear, polynomial, or radial basis function (RBF), to handle non-

linear relationships. In MATLAB, I am able to generate permutation importance, which is 

closely related to feature importance in tree-based models, thus offering some comparability. 

SVR excels in small to medium-sized datasets with high complexity, though it requires 

extensive preprocessing, including scaling and normalization, to improve convergence and 

performance. Vapnik (1995, 129-155) established the theoretical foundation of SVR. 

Despite its strengths, SVR is sensitive to noise and outliers, which can significantly affect 

performance. While it performs well on moderately high-dimensional data, it is 

computationally expensive for datasets with many features. Proper kernel selection and 

regularization tuning are crucial for optimal performance. Goodness-of-fit statistics for SVR 

include R2, adjusted R2, Root Squared Mean Error (RSME), Mean Absolute Error (MAE) 

and Mean Squared Error (MSE). (Vapnik, 1995, 129-155). In our case, MSE and R2 

statistics are used as complementing metrics, which also support a comparison with 

Random-Forest diagnostics. For our context, which is modeling Sense of Community and 

Resilience in sports clubs, our dataset (n=645) with 5 factors SVR performs well, however, 

one risk is the number of outliers that might decrease performance. This is considered when 

analysing and comparing model results. The model is initiated in MATLAB with fitrsvm that 

fits an RBF-kernel SVR to the predictor matrix X and response vector Y, automatically 

choosing the kernel width and z-standardising all inputs. 

4.1.4. Classification Decision Tree 

Decision trees are non-parametric models that divide datasets hierarchically based on feature 

thresholds, forming a tree structure. CDT is able to provide feature importance, which 

indicates relative importance of the variables used in the tree. Each node represents a 

decision based on a feature, and leaves indicate predictions. They are intuitive, easy to 

interpret, and handle both categorical and continuous data. As one weakness, decision trees 

may sometimes be prone to overfitting, which is tested with 80/20% data splits. Decision 
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trees have minimal assumptions, making them versatile for diverse data types. While they 

lack the flexibility of ensemble methods (bagging, boosting, stacking and voting), their 

simplicity and transparency are advantageous for interpretability. CDTs perform decently 

well on multicollinear nonlinear data, especially when used as part of ensemble methods. 

CDT goodness-or-fit  metrics differ from RF and SVR. Key performance metrics for decision 

trees include precision, accuracy, recall, and F1 score. The F1 score, which balances 

precision and recall, is particularly useful in datasets with uneven class distributions. 

(Rokach & Maimon, 2008, 4-15). There is also a possibility that a classification index 

method may is of interest for the development of the tool. I will classify CI and RI scores 

into three classes based on percentiles of the index scores. Since our original index values 

are relatively balanced on index value range 0-100, I will use accuracy to make the group 

split decision. I will aim to achieve high overall accuracy and equal accuracy between 

groups. Model performance is considered when interpreting sensitivity. As Borgonovo 

(2017, 129-137) argues, sensitivity indices are only meaningful when models adequately 

capture the input-output relationship, hence, results are interpreted together with 

performance metrics that reflect goodness-of-fit . 

4.1.5. Multi -model creation with sensitivity analysis 

For the assessment of the sports clubsô Conviviality Index (CI) and Resilience Index (RI), I 

will assess sensitivity of the surrogate models with Local sensitivity analyses (LSA) and 

Global sensitivity analyses (GSA). I am using multiple surrogate models (RF, CDT, SVR) 

to analyse sensitivities both individually and collectively - Local Sensitivity Analysis (LSA) 

and Global Sensitivity Analysis (GSA) are applied across multiple models: Random Forest 

(RF), Classification Decision Tree (CDT), and Support Vector Regression (SVR). This 

multi-model design supports a comparative sensitivity interpretation. 

LSA is implemented using Monte Carlo perturbations of each predictor within a ±20% 

range, while keeping others fixed ï commonly referred to as a one-at-a-time (OAT) 

approach. The method provides an initial diagnostic of local model behavior. Although 

Monte Carlo LSA assumes independence among inputs, which is not consistent in this 

dataset, the method remains a useful first step for assessing localized sensitivity and model 

agreement. The perturbation process adheres to domain-specific constraints, further 

explained in the analysis section 6.1.3. Borganovo criticizes OAT sensitivity in the presence 
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of constraints, stating that a one-variable-at-a-time sensitivity analysis is impossible, as we 

cannot solely vary the model input of interest while keeping the others ýxed (Borgonovo, 

2017, 102). This is particularly relevant in this study, where constrained proportions and 

correlated inputs challenge the interpretability of purely local approaches. To address these 

limitations, LSA is conducted ensuring constraints, by clipping values to their possible 

ranges. Next, global sensitivity is assessed by generating SHAP values with a simulated 

dataset (n=2000) that extends the input domain beyond the observed data, while preserving 

its statistical properties. To achieve this, synthetic data were generated using the Iman-

Conover method.  

4.1.6. The Iman-Conover method 

The Iman-Conover method is used for global sensitivity analysis of the CI and RI, which 

maintains the empirical marginal distributions and the linear rank correlation structure of the 

original dataset. Simply explained - given two samples from known marginal distributions 

X and Y and a desired correlation, a sample is first drawn from a reference bivariate 

distribution with the desired correlation. Then, the ranks of X and Y are adjusted to match 

those of the reference distribution. In this study, empirical ranks are computed, empirical 

samples are ordered, the target correlation is achieved with MATLABôs corr function on the 

X predictors, and reordering is executed with Cholesky decomposition, which matches the 

rank structure of the independent sample to the rank correlation of the empirical data. After, 

post-processing is executed to ensure constraints and value ranges are followed. This means 

that the constraints (e.g. variable hierarchies) are explicitly enforced to ensure realistic 

synthetic observations, avoiding distortions at distributional boundaries (e.g., 

overrepresentation of 0s or 1s in our data).  As our data presents multiple constraints, the 

idea of GSA here is to conduct sensitivity analysis by simulating more data between the 

possible ranges. Comparing to LSA that uses random samples of original data, in GSA the 

input space coverage is the entire domain of each input variable. The method is effective due 

to efficient algorithms for generating samples with a specific correlation structure. Iman-

Conover method can equally handle all types of input distributions, while maintaining the 

marginal distributions in simulated data. Preserving the original correlation and distribution 

avoids the unrealistic input combinations that can result from naive random sampling 

especially when input variables are not independent. (Iman & Conover, 1982, 311-330). In 
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our case, there is moderate to high correlation between some variables and these relations 

are to be respected and mimicked in the simulated dataset. The constraints in the original 

data favor the selection of the Iman-Conover method. I generate n=2000 data points to keep 

the calculation computationally light, while still tripling the original data (n=645) in size. 

With the simulated data, validation of distributions and correlation are visualised to how the 

simulated data reflect the structure of the original data. The final result is a bivariate sample 

with the marginal distributions and a rank correlation mimicking the desired, original data. 

Limitations however include challenges in preserving the original full  joint distribution. In 

this study, the aim is to follow the original correlation structure as we are interested in 

transferring the variable correlations into the simulated dataset. With the aim of surrogate 

modeling the index scores and executing GSA, Iman-Conover helps to improve the coverage 

of the feature space. The Iman-Conover method is well suited to simulation work where 

marginal distributions are sampled independently but they must be combined to achieve a 

desired level of correlation. (Mildenhall, 2005, 2-11). The method is best interpreted when 

original correlations are well understood and do not include a large portion of simple noise. 

In our case, part of the observed correlation arises from constraints between variables, while 

the remaining correlation is considered to reflect meaningful relationships related to 

resilience and sense of community. In addition to Iman-Conover, Copula-based simulation 

is discussed in the literature as an approach for dependency modeling (Wei, Lu & Song, 

2014, 210-211), but here, a rank-based Iman-Conover method is favored due to our data 

structure which has multiple constraints, as well as the methodôs computational simplicity 

and empirical grounding. Correlations can be seen as symptoms of underlying constraints 

that can be considered with the Iman-Conover method, in addition to post-processing. 

4.1.7. Shapley Additive Explanations 

Shapley Additive Explanations (SHAP) mostly adheres to Shapley values' mathematical 

principles derived from game theory. In the context of machine learning, the model is treated 

as a black box, and Shapley values assign each feature a contribution to a modelôs prediction 

by averaging the featureôs marginal contribution by a feature across all possible subsets. I 

will be using SHAP summary and dependence plots with the simulated data, which can be 

computationally expensive, as SHAP simulates all possible subsets and outcomes. (Mas²s, 

199-202, 2021). In the case of a very large dataset, Monte Carlo sampling can be useful for 
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SHAP, however in our instance the simulated dataset n=2000 may be computed entirely. 

Using SHAP values for model explainability has proven to be a useful tool for discovering 

patterns in data (Marcilio & Eler, 2020, 340-346). Additionally, this approach allows 

sensitivity results to generalize beyond local neighborhoods, improving robustness in model 

interpretation and variable prioritization. SHAP values can be calculated for tree-based 

methods, as well as for kernel-based methods, providing consistent and interpretable 

estimates of feature importance across all models. The Kernel SHAP approach takes more 

computation power in both dimensionality and size of the dataset, however, as 4-5 features 

will be modeled, this is not expected to be a large issue (Marcilio & Eler, 2020, 346). A 

limitation in SHAP is its inability to sufficiently consider joint distributions and dependence 

of variables. Therefore, SHAP values should be interpreted as approximations of feature 

contributions in a simplified input space. 

A SHAP summary plot is built by ranking features according to the mean absolute SHAP 

value and then mapping every observation as a point on a horizontal strip: its horizontal 

position shows the signed contribution to the prediction, while point colour encodes the 

original feature value. Dense clusters of similarly coloured points signal a strong, monotonic 

positive effect, and a wide rainbow spread indicates non-linearity or threshold behaviour. A 

SHAP dependence plot focuses on one predictor, plotting each observationôs SHAP 

contribution for that feature on the vertical axis against the featureôs raw value on the 

horizontal axis. The overall slope reveals the main effect, whereas vertical scatter highlights 

conditional interactions. The aim of using SHAP values is to inspect individual predictors 

and their individual contributions to the CI and RI scores, while assessing optimal levels to 

achieve high levels of index scores.  

 

5.1. Engagement  

Engagement is assessed through Kaplan-Meier and Random forest, to inspect engagement 

from two angles, providing data source and data analysis triangulation, which is highly 

advocated in social sciences. Now, methods and their targets of analysis are introduced. 
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4.2.1. Kaplan-Meier survival curve  

The Kaplan-Meier curve is a non-parametric method that estimates the survival function and 

is often used to visually summarise time-to-event data. The survival curve is a stepwise 

function that declines when events occur. The x-axis represents time, and the y-axis 

represents the probability of still being engaged. It has been most used in medicine to detect 

survival rates of groups with different treatment. However, applications to business contexts 

include analysing customer churn with visit or purchase data. An analysis of time-to-event 

data in our case utilizes visit data from community centre visitors. I aim to detect factors 

behind the strongest engagement. Age groups (adults & children) are used for more detailed 

analysis. Visitor demographics, visitor survey data and as well as other external data is 

analysed, as they are available to use in the data. The goal is to assess the performance of 

the community centres, in terms of engagement ï Can we detect the people who are most 

engaged? Who are they? What other external factors (e.g. seasons) might affect engagement?  

 

The Kaplan-Meier curve requires the following information: the time period for which 

follow-up was available, and the status at the end of the follow-up. It is particularly useful 

for handling censored data (users still engaged at the end of the study), where the exact time 

of an event is not observed for all subjects. Compared to traditional survival analysis, 

Kaplan-Meier handles censored data instead of excluding it, resulting in more accurate 

performance. It does, however, assume that censoring is independent of survival probability. 

In practice, participants should run the same risk of an event. External effects such as age 

limits in groups should not impact the survival probability. Additionally, sufficient sample 

sizes are needed for individual and group survival rate analysis, although no specific 

recommendations are set. A key factor in the analysis of engagement with our available 

community centre data is that there are different sizes of data for some curves, as the data 

differs in the precision of visitor and member information. Therefore, group sizes are not 

fully comparable and if data size is small, it is taken into account in the analysis. As the 

method calculates survival probabilities visualized through a stepwise survival curve, large 

step sizes in Kaplan-Meier curves can indicate small amount of data or a short timeframe. 

Differences between two groups are commonly recommended to be tested with a log rank 

test, or by comparing values of Area Under Curve (AUC). The log rank tests statistical 

difference between groups, and AUC calculates the size under the survival curve. A larger 
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AUC however does not always indicate ñbetterò survival rate, as the shapes of the curve can 

differ largely. A larger AUC may possibly even represent a high initial engagement with a 

steep decline. (Hess & Hess, 2020, 670-672; Ranstam & Cook, 2017, 442) 

 

One other method considered for engagement analysis through survival probability was Cox 

Proportional Hazards, which is a semi-parametric method. It assumes that the effect of 

predictors on hazard (activity drop out) is constant over time, and if  the assumption is 

violated, results are unbiased. Additionally, visual representation is not as directly possible 

as in Kaplan-Meier. (Woo, Kim & Cannella, 2024, 517-519). Kaplan-Meier is also preferred 

over parametric survival models due to their assumptions about the underlying distribution 

of event times, which we cannot assume reliably. Overall, the justifications for selecting 

Kaplan-Meier for engagement analysis include 1) handling of censored data, 2) providing 

survival probabilities over time, 3) easy visual comparison between selected groups 4) no 

distributional assumptions. 

 

 

4.2.2. Random forest regression 

 

Random Forest (RF), described in greater detail in section 4.1.2, is employed to assess 

engagement based on visit count. Specifically, I model the number of visits per visitor using 

the same predictors applied in the Kaplan-Meier analysis. RF was selected to model visit 

count due to its ability to accommodate heterogeneous predictor types (continuous, ordinal, 

and binary), its robustness to multicollinearity, and its non-reliance on distributional 

assumptions. In contrast to parametric models, Random Forest (RF) can detect nonlinear 

relationships without requiring prior specification, making it well suited for exploratory 

analysis of engagement patterns in contexts where the outcome distribution is unknown 

(Breiman, 2001, 5ï29). The objective of this analysis is to evaluate the relative importance 

of predictors and to compare these results with those obtained from the KaplanïMeier 

engagement analysis, contributing to data analysis triangulation. 
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6. PREFACE FOR THE TWO CASES 

 

Before investigating engagement, sense of community and resilience evaluation methods in 

Finnish CBOs, I will preface the two cases and their selected types of data. This section 

explains how the two case evaluation methods differ in the type of data: 1) visitor-based data 

and 2) unit-based data. 

 

CBO employees and volunteers, most typically adults, play a central role in organising 

structured activities. Their goals, motivation and capacity to coordinate, form the foundation 

for engagement in CBOs. However, an important distinction arises in the level of structure 

involved in different activities. In unstructured community centre activity, such as informal 

gatherings among peers, the presence of organisers may be minimal, reducing the relevance 

of assessing the organisers. This raises a key question: How should the performance of CBOs 

be evaluated, and who should be the focus of assessment? The answer depends on the degree 

of structure in the activity. For structured activity, it is appropriate to evaluate the 

organisational structure and the quality of management and leadership. In contrast, for 

unstructured activities with minimal adult involvement, it becomes more relevant to observe 

the visitors, through visit data, surveys, and demographic information. Visitor-based data 

allows us to track changes in participation patterns, survey responses, and changes over time. 

These are particularly valuable in understanding the impact of unstructured services. Figure 

3 illustrates three levels of activity structure with corresponding examples to clarify this 

distinction. 

Figure 3: Levels of structure in leisure activities with examples 

 

In unstructured settings, visitor-based data may serve as the primary source of performance. 

In this study, the distinction between structured and unstructured visits cannot be precisely 

defined in the available Melvio community centre data, although the best evaluation is set at 

around 70% of structured activities. Abbott & Barber (2007, 59ï66) evaluated youth 

Unstructured activities

> example: leisure time in 
community centre

Semi-structured activities

> example: adult- and youth 
organisedlow-threshold 
football training 

Structured activities

> example: 
professional ice 
hockey training
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development outcomes of structured and unstructured activity in Australia, by using surveys, 

demographics, and visit tracking, which are common evaluation methods in community 

centres and youth centres. Time-series data on well-being, engagement, and demographics 

can inform the management and stakeholders of the CBO performance. However, data 

gathering in CBOs is most likely a question of cost-efficiency, because evaluation is not seen 

as an essential element in Finnish youth organisations (Gretschel et al., 2023, 63). 

 

By contrast, in structured settings, visitor-based data may reflect indirect outcomes, because 

the core indicators might be found in organisational structures, through adult-led activity 

planning. CBO activity organisers can be assessed as key agents of activity performance. 

Their role is foundational to enabling engagement and positive impact. The value of 

organisational CBO assessment is well supported in literature. Smart (2007, 73ï80) argues 

that self-assessment in voluntary youth work enables critical reflection and accountability. 

In the sports context, De Knop, Hoecke, and De Bosscher (2004, 57ï74) presented IKSport, 

a European pilot model for total quality management in nonprofit sports organisations. It 

assesses strategic planning, internal systems, and organisational culture using data collected 

by an external auditor from key stakeholders, such as board members, coaches, and club 

participants. 73% of clubs agreed that the assessment accurately reflected their 

organisational reality. For structured activities in Finnish CBOs, one applicable approach 

involves constructing indices based on adult self-assessments and organisational data, an 

approach introduced in the following HCforsports case data. However, in addition to 

organisational assessment, the value of visitor-based data in structured activities can still be 

very insightful and support multiple methods of triangulation. 
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7. SENSE OF COMMUNITY AND RESILIENCE 

IN SPORTS CLUBS 

 

To investigate CBO performance in structured activities, I will turn to Finnish sports clubs 

and assess sense of community and resilience through case tool HCforsports. The tool 

evaluates sense of community through a 1) Conviviality Index (CI) and resilience through a 

2) Resilience Index (RI). I will answer research question 3: ñHow do selected factors 

contribute to relative sense of community and resilience indices in sports clubs in Finland? 

The indices are originally piloted as relative algorithms, and are copyright-protected. Over 

time, the increased data has specified comparisons between units. In this data analysis, I 

provide an example of a large dataset (n=645 teams). I will remodel the original algorithm 

with new machine learning models (surrogate modeling) to seek model interpretability. 

Surrogate models are often used when a result of interest cannot be readily assessed, or when 

calculation is simplified for some other goal. With new models, I execute local and global 

sensitivity analyses to assess the sensitivity of the index scores and the individual importance 

of input variables. One goal is to also detect optimal levels of input variables in achieving 

the highest CI and RI in the case tool.  

 

6.1.1. Conviviality Index and Resilience Index 

Presented previously in section 1.4., HCforsports is a data tool that enables data-driven 

organizational sports club management, with a focus on club strategy. As opposed to visitor-

based data collection (case Melvio), HCforsports has focused on unit-level data, which 

reflects a group instead of individuals. Data is collected from club stakeholders that are over 

18 years, who function as organisers of the activities through different roles. The tool 

emphasizes cost-effectiveness and consists of multiple separate online assessment tests with 

continuous scale sliders (400 points) measuring current and target states of activity goals. 

the construction of CI is explained in more detail in section 4.5. One of their sports club 

tests, the club community test provides 1) Conviviality Index (CI) representing sense of 

community, as well as 2) Resilience Index (RI), representing resilience in sports. Figure 4 

visualises how the indices are constructed.   
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Figure 4. The construction of the HRI, CI and RI.  

 

The four rates form naturally correlated relationships with each other. On a group level, 1) 

participation is measured as average partaking in the test (by opening the test link), 2) goal-

orientedness is the average distance of goals from the middle point, 3) criticality is measured 

with the average distance of ócurrent stateô and ótarget stateô, and 4) uninamity is measured 

as average similarity of answers, using pairwise comparisons. Additionally, in the Resilience 

Index, 5) the number of club stakeholders represents human resources in a unit, through paid 

staff and volunteers, as clubs almost always include both. 

 

As the two algorithms are copyright-protected, they cannot be fully revealed. Previous 

research does not show the use of sports SOC or resilience indices, and the CI and RI 

represent an innovative take on measuring relative SOC and RI. The indices do not aim to 

compute generalisable values of SOC and resilience, as they aim to function only as 

comparative measures used for development of CBO impact and performance. The 

parameters of the algorithms have been set with the best available information, but visibility 

of the individual variablesô effects is weak. Multiple model creation and their sensitivity 

analyses assist in interpreting different datasets. One aim under this research question is to 

find optimal predictor values that individually produce the highest CI and RI values. 

 

As a reminder, it should remain clear that qualitative, subjective and relative measures 

cannot provide precise representations of real life. The investigated indices only provide 

insights about comparisons of SOC and resilience. We may only test the validity of the 

indices over time or possibly with support of other validating data such as individual survey 

responses on sense of community. This process refers to triangulation in research, which 

aims to provide a comfortable degree of assurance. (Thurmond, 2001, 253). 

 

s 
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6.1.2. Description of data 

We have a moderate dataset of n=645 sports teams from Finland from 13 sports clubs. The 

teams include different sports such as football and ice hockey and teams can range between 

four competitive levels. Some variables are highly correlated. Table 1 provides descriptive 

information of the data, and distributions of all variables are presented in figure 5. 

 

  

Participation 

rate    

Goal-orientedness 

rate   

Criticality 

rate    

Unanimity 

rate 

Club 

stakeholders 

Min 0 0 0 0 1 

Mean 0.27 0.10 0.04 0.03 48.47 

Max 1.00 0.65 0.32 0.80 406 

Table 1. Descriptive statistics of the dataset for CI and RI 

 

Figure 5. Distributions of original predictor values 

 

The original data contains one error value, a moderate number of outliers and high 

multicollinearity, and linearity in relationships cannot be confirmed. It is crucial to model 

the indices with methods that matched the characteristics of the variables. Additionally, two 

errors were deleted because they contained values that were outside intuitive value ranges. 

The correlation matrix in figure 6 reveals high correlation between some values. There are 

some restrictions in data, which include the following ï 1) data ranges have to be clipped to: 

[0,1] for the four rates, and [0,500] for club stakeholders. 2) there is a funnel logic in zero 

predictor values, for example criticality rate cannot be a positive if goal-orientedness rate is 

zero, and so on. 3) goal-orientedness has to always be smaller than participation rate due to 

original calculation method. The constraints are espressed by the tool provider. These 

constraints in value ranges are taken into consideration in the upcoming global sensitivity 

analysis, while also ensuring that clipped values are not overrepresented. The models are 



34 

 

selected to best fit the structure of the data, as well as the modeling purposes, which are local 

and global sensitivity analyses. Sensitivity analyses on the surrogate models will shed light 

on the behavior of individual variables.  

 

Figure 6. Correlation matrix CI, RI and their predictor values. 

 

6.1.3. Process description 

The use of multi-model creation and sensitivity analysis is an effective approach to 

understand the behaviour of variables, when the original model is unknown or difficult to 

interpret. The selected method for local sensitivity analyses are one-variable-at-a-time 

(OAT) perturbation with -20 to +20% changes, using Monte Carlo simulation, to assess local 

effects of input variables. All code is executed in MATLAB, and models are built with 100% 

of the original data n=645 to ensure the modeling would be done with the closest association 

to original Y outcome values (CI and RI), even when simulating new data. Global sensitivity 

analysis will be executed by simulating a new dataset n=2000 and generating Shapley values. 

New data generation is done by preserving the original data structure, including dependence 

and distribution, and the goal is to inspect the sensitivity of index values, and the importance 

of each individual input variable. Table 2 presents the process description. In particular, it is 

interesting to see how each factor contributes to the CI and RI, and to investigate the 
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similarity of results between models. If optimum predictor values are found in relation to CI 

and RI, these can provide insights for interpretation and optimization of the index scores. 

However, sensitivity analysis results should be interpreted with caution, considering 

potential model assumptions and real-world complexities. The relationships between the 

variables are complex, and conclusions are only drawn from observations observed in 

surrogate models, not original algorithms. 

 

Dependent 

variable 
Model(s) Used Data Methods/Tools 

Sense of 

Community 
RF, CDT 

Original Data 

n=645 
Monte Carlo Perturbation, Feature Importance 

Sense of 

Community 
RF, CDT 

Simulated  

n=2000 
SHAP Values: Summary and Dependence 

Resilience RF, CDT, SVR 
Original Data 

n=645 
Monte Carlo Perturbation, Feature Importance 

Resilience RF, CDT, SVR 
Simulated  

n=2000 
SHAP Values: Summary and Dependence  

Table 2. Sensitivity analysis process description 

 

6.1.3. Simulated Data Generation  

To conduct global sensitivity analysis (GSA) using SHAP values for Random Forest (RF), 

Classification Decision Tree (CDT), and Support Vector Regression (SVR), I generated a 

set of n=2000 synthetic data that mirrors the characteristics of the original dataset. The 

simulation aimed to explore model responses across a broad, plausible input domain while 

preserving marginal distributions, correlation structure, and domain-specific constraints. 

Global sensitivity methods like SHAP assume variation across a wide input space, but naive 

sampling can lead to unrealistic combinations when features are correlated. To mitigate this, 

I used a Iman-Conover method (Iman & Conover, 1982), which maintains empirical 

marginal distributions and rank correlations. 

 

Simulation Steps include: 1) Empirical quantile sampling: Each predictor was sampled using 

inverse transform sampling from its empirical distribution. 2) Integer handling: discrete 

variables (e.g., club stakeholders, range [0,500]) were rounded and clipped to preserve scale. 
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3) Rank Correlation Estimation: A target Pearson-based rank correlation matrix was 

computed from the original data. 4) Correlated Gaussian Generation: Multivariate standard 

normal samples were created using Cholesky decomposition. 5) Iman-Conover 

Rearrangement: Gaussian samples were used to reorder the quantile-sampled values, 

aligning with the correlation structure. 6) Constraint Enforcement was executed with: i) 

Proportions clipped to [0, 1] for the four rates and [0, 500] for club stakeholders, ii) Logical 

zero constraints (e.g., if participation = 0, then goal-orientation = 0), and iii) Behavioral rule: 

goal-orientation < participation, mirroring original rate calculation. Lastly, 7) Validation: 

Simulated data (X_new) were validated against the original (X) using marginal histograms 

and correlation matrices, showing strong statistical alignment. Validating figures 7-14 are 

presented below. The data generation succeeded in mimicking correlation and distribution 

structure relatively well. Additionally, overrepresentation of clipped values such as [0,1] was 

avoided fairly well. Additionally, joint distributions of simulated data visually seem to be 

representative of original data. These steps enable a successful global sensitivity analysis.  

 

The synthetic dataset is used solely for GSA ï for both CI and RI. All models are trained on 

original data and then evaluated on the simulated predictor values to compute SHAP values 

across the extended dataset of X variables. SHAP summary plots and dependence plots are 

generated to assess global feature importance and identify potential interactions.  

 

 

Figure 7. Correlation matrices of original data n=645 and generated data n=2000  

 



37 

 

         

Figure 8. Distribution of participation rate                   Figure 9. Distribution of goal-orientedness rate 

 

           

Figure 10. Distribution of criticality rate                   Figure 11. Distribution of unanimity rate 

 

 

 Figure 12. Distribution of club stakeholders                    

 

 

    

Figure 13. Joint distributions of original data              Figure 14. Joint distributions of simulated data 
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7.2. Conviviality Index  

Now, we may move to the assessment of the Conviviality Index through the predictors that 

represent sense of community in HCforsports. First, I create the surrogate models for CI, to 

help achieve interpretability of variable behaviour. Next, local sensitivity analysis and global 

sensitivity analysis are conducted to investigate sensitivity and behaviour between predictors 

and CI. 

 

6.2.1. Modeling CI with  Classification Decision Tree and Random Forest Regression  

The two models chosen for the modelling of the Conviviality Index are Random Forest 

Regression and Classification Decision Tree. The performance of the regression and 

classification models is compared by using different metrics for goodness-of-fit. Random 

Forest model was coded with 100% of original data in MATLAB. The RF model was built 

with 80 trees, using the ófitrensembleô function in MATLAB, specifying model type as 

óregressionô. The explanatory power of the created RF model was 96.78% and the mean 

squared error was 18.87, which is low compared to generated values of CI (0-100). The 

model fit seems to be quite good. I also experimented with an 80%/20% split of the teaching 

and test data, and results degraded only slightly (R2=0.94, MSE=35.77). The small change, 

however, can be natural. Additionally, the spread of residuals seems to be sufficiently even, 

as seen in figure 15.  

 

 

Figure 15. CI: Histogram of residuals, RF 

 

Classification Decision Tree (CDT) also has very little assumptions. A three-class CDT 

model was built with the ófitctreeô function and different class splits were tested to see which 

options reach the best overall accuracy, with equal accuracy between classes. The classes 
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were split by 25% (class 1), 45% (class 2) and 30% (class 3), where class 3 represents the 

best (=highest) values. Class sizes were n=161, n=290 and n=194. Compared to RF, 

calculating residuals is not possible due to the classification structure. After building the 

models, next I assess their goodness-of-fit. Accuracy in groups was between 93.78-96.39%, 

which is very high. When assessing goodness-of-fit , the confusion matrix and itsô calculated 

metrics provide results. The metrics were calculated from all predictions by micro-

averaging, which provides a single score for the entire model. Although these models are 

less comparable, the provided metrics are sufficient in determining the model fit is good 

enough, which is crucial for sensitivity analysis. The Classification decision tree (CDT) 

model was created and overall accuracy of the model reached 95.12%, which is also a very 

good result. I also experimented with an 80%/20% split of the teaching and test data, and 

overall accuracy slightly degraded. The slight risk of overfitting cannot be avoided in this 

case. However, the multi-model creation with sensitivity analysis method functions well for 

this case, as many models provide supporting views.  

 

 Conviviality Index  Random Forest 

MSE   18.87 

R2 96.78 

    

 Conviviality Index  Classification Decision tree   

Precision 94.18 ï 96.18%   

Recall 93.79 ï 96.39%   

F1-Score 94.50 ï 95.90%   

Overall accuracy 95.12%  

Table 3. CI: Goodness-of-fit metrics: RF and CDT 

 

6.2.2. Local sensitivity analysis of Conviviality Index  

Next, the study assesses how four selected index predictors affect the Conviviality Index 

(CI). Feature importance is investigated with MATLABôs ópredictorImportanceô function 

with original data n=645. The relative feature importance values (figure 16 and 17) reveal 

that goal-orientedness contributes to CI scores the most. In the case of a classification 

decision tree (CDT), goal-orientedness also ranks the highest in feature importance, with 

participation as second. The tree-based models provide similar results, with slight 

differences in order. Criticality rate and unanimity rate contribute the least to CI, with the 

least relative importance.  
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Figure 16. CI: RF model Feature Importance.                   Figure 17. CI: CDT model Feature Importance.  

 

By assessing local sensitivity with original data, I use a Monte Carlo loop with 200 random 

samples for simulation, pertubing the X variables with -20 and +20% changes. The loop 

takes into consideration data constraints, which are the following: 1) predictor value range 

is [0,1] 2) funnel logic in zero predictor values, and 3) goal-orientedness rate is smaller than 

participation rate. The Monte Carlo loop takes these three restrictions into consideration in 

generating simulations with the Random Forest model. Additionally, by plotting 200 

samples of original predictor values with -/+ 20% changes, some patterns can be visually 

detected. This sample size enables visual interpretation, however different random samples 

were generated and visualised to confirm similar results. The grey lines in figure 18 represent 

the individually perturbed rates and their relationship to CI. Steep lines indicate that Y is 

highly sensitive to changes in this feature, wiggly curves indicate nonlinear or unstable 

effects, and flat curves reflect the least sensitivity. All rates seem to present consise 

behaviour. All in all , the Monte Carlo simulations indicate that increasing predictor values 

increase CI (sense of community). Additionally, figure 19 presents a plot of mean predicted 

CI values across all 645 observations on a scale of [40, 50], highlighting the differences in 

predictors. Local sensitivity analysis with RF indicates that 1) goal-orientedness and 2) 

participation have the strongest effect on CI, while all predictors seem to have a positive 

relationship to CI. Local sensitivity analysis gives an idea of local behaviour of the variables, 

and the next section investigates whether global sensitivity analysis supports this. 

 



41 

 

 

Figure 18. CI: Monte Carlo LSA with RF. n=200                    Figure 19. Mean CI: LSA with RF. n=645 

 

A Monte Carlo simulation is executed using the Classification Decision tree model. 

However, with CDT, I am now predicting classes instead of continuous CI values 0-100. 

The three classes, representing the lowest 25% (class 1), middle 45% (class 2) class and top 

30% (class 3) are visualised for each of the variables. The yellow line represents the best 

class, iow. the highest CI values. Similar, local variable behaviour can be detected in the 

plots in figure 20, when compared to the previous RF local sensitivity analysis. Overall, 

higher perturbation in all four variables seems to contribute to higher CI values, representing 

higher sense of community. Participation rate and goal-orientedness rates seems to have the 

stronger relationships to CI, as detected from feature importance.  

 

 

Figure 20. Mean CI class: LSA with CDT. n=645 

 

6.2.3. Global sensitivity of Conviviality Index  

I will  now assess sensitivity of the models globally. With the simulated dataset n=2000, 

SHAP values can be generated and assessed. SHAP summary plot (Figure 21) and SHAP 
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dependence plot (Figure 22) reveal both main effects and interaction effects. SHAP values 

indicate the strength of contribution to CI and may reveal positive or negative relationships 

with the individual predictors. In SHAP plots, the features are ranked by importance from 

top to bottom. A SHAP dependence plot displays the relationship between a feature's actual 

values (x-axis) and its corresponding SHAP values (y-axis). It illustrates how changes in the 

feature's values influence the model's prediction, highlighting the direction and magnitude 

of the feature's impact on the outcome. (Mas²s, 2021, 206-213). In both SHAP plots, colors 

towards red indicate higher predictor values (X). A high predictor value (red) and a positive 

SHAP may indicate higher sense of community, through CI. It is also important to keep in 

mind that the values indicate relative, unit-level scores. Based on the SHAP summary plot, 

goal-orientedness is the most important variable in generating CI. It also seems to provide 

the steepest curve in importance of values. Reflecting back to local sensitivity and the Monte 

Carlo simulations in figure 18, an estimated criticality value of 0.2 seems to generate the 

highest CI values. For participation, the curve is softer, indicating a gradual rise in 

importance towards CI until participation level reaches 0.5 and the importance becomes 

steadier. Unanimity is most scattered but provides greatest importance at around 0.2. 

Criticality reaches its highest importance at 0.1. 

 

 

Figure 21. CI: RF SHAP Summary plot n=2000                Figure 22. CI: RF SHAP Dependence plot. n=2000 

 

Individual variable behaviour with CI is next inspected by modeling the CI scores with RF 

using the simulated data n=2000. The plot is generated with simulated data to improve the 

coverage of the feature space.  Results are very similar to local sensitivity analysis, however 

criticality and unanimity are more scattered and show less precise variable patterns. 
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Participation rate and goal-orientedness rate however remain quite persistent with previous 

results, indicating peaks in 0.4-0.5, and 0.2, respectively.  

 

 

Figure 23. Predicted CI with RF n=2000 simulated data     

           

Moving onto global sensitivity analysis of the Classification decision tree, similar insights 

can be drawn with CDT. Three classes are plotted in separate figures 24-29. CDT SHAP 

values provide sensitivity analysis in classes, with the ability to detect most important, class-

specific predictors. Class 3 represents the best class, as in the highest CI values. Figures 28 

and 29 are of largest interest in our analysis, as they indicate the best CI values, which are 

of interest to the users of HCforsports. SHAP summary plots indicate different relative 

predictor importance in the classes. Based on the figures, goal-orientedness produces the 

most contribution to CI in all classes. Participation rate is split ï in class 3 its importance is 

high and in class 1 it is the lowest. In class 1 and class 2 (the lowest and middle classes), 

higher participation rates affect CI less. The CDT SHAP dependence plots are more 

scattered, and it is evident that RF is able to model importance with more precision. 

However, class-specific feature importance reveals that low values of all rates produce most 

importance to class 1, as class 1 mostly compiles of zero (or very low) predictor values. 

Higher values of most rates contribute more to CI class 3. In this sense, previous results 

derived with RF are supported by CDT.  
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Figure 24.CI: CDT class 1 SHAP Summary plot n=2000   Figure 25.CI: CDT class 1 SHAP Dependence plot. n=2000  

 

 

 

Figure 26.CI: CDT class 2 SHAP Summary plot n=2000   Figure 27.CI: CDT class 2 SHAP Dependence plot. n=2000 

 

 

Figure 28.CI: CDT class 3 SHAP Summary plot n=2000   Figure 29.CI: CDT class 3 SHAP Dependence plot. n=2000 
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In conclusion, I created surrogate models with a very good fit and inspect their local and 

global sensitivity to CI, with original and simulated data (n=2000). Results show that goal-

orientedness contributes to Conviviality Index the most, with participation in second place. 

The importance of criticality and unanimity is smaller and their relationship to CI might be 

more complex. All four predictors seem to generally increase CI. A high CI reflects a high 

sense of community within a unit (sports team). In this given dataset, most optimal inidivdual 

values for achieving a high relative CI score are: participation rate > 0.4, goal-orientedness 

rate > 0.2, criticality rate > 0.08 and unanimity rate > 0.1. All rates should be considered to 

receive the highest possible index score. 

 

7.3. Resilience Index 

Now, we move to the Resilience Index and assess the factors that represent resilience. 

Similar to the process of investigating CI, I first create surrogate models with original RI 

scores, with the aim to enhance interpretability of how input variables influence outcomes. 

This is followed by local sensitivity analysis and, subsequently, global sensitivity analysis. 

 

7.3.1. Modeling RI with  Classification Decision Tree, Random Forest Regression and 

Support Vector Regression 

Due to their presumed ability to model our described data best, Random Forest (RF) and 

Support Vector Regression (SVR) were chosen as two regression methods, and CDT was 

chosen to provide a different and easily interpretable viewpoint through classification. The 

functionality of an SVR model depends on the kernel used, and in this case the SVR was 

built with a radial basis function (RBF) kernel, which is most used for nonlinear data to 

capture complex relationships. The RF model reached a very good R2, 96.36%, and 

relatively low MSE, 21.88. Running the model with a 80/20% train/test split degraded the 

results slightly (R2=0.92, MSE=42.64). A slight risk of overfitting is again, present. The 

CDT data was split into classes of 25%, 50% and 25% data, to achieve most equal accuracy 

between groups. Overall accuracy reached 94.42%, which is a very good result. The SVR 

model reached a very good R2, 95.09%, and relatively low MSE, 29.36, as well. When 

comparing the two regression models, RF model had slightly better values in both R2 and 

MSE, suggesting slightly better model explanatory power, as well as less errors in the results. 

Goodness-of-fit metrics for RI can be found in table 4.  
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Resilience Index Random Forest Support Vector Regression 

MSE   21.88 29.36 

R2 96.36 95.09 

      

Resilience Index Classification Decision tree   

Precision 93.62 ï 95.57%   

Recall 93.17 ï 95.36%   

F1-Score 94.04 ï 94.67%   

Overall accuracy 94.42%  

Table 4. Goodness-of-fit metrics R2 and MSE in models: RF, SVR and CDT 

 

Even when adding a new predictor Club stakeholders (compare to CI), which has a value 

distribution of 0-406, residuals remained fairly low (figures 30 and 31), indicating good 

prediction power for RI. Residuals can be compared across RF and SVR. Both of the modelsô 

residuals remained largely between values -10 and 10. 

 

 

Figure 30. RI: Histogram of residuals, RF                    Figure 31. RI: Histogram of residuals, SVR 

 

6.3.2. Local sensitivity analysis of Resilience Index  

Next, the study assesses how four selected index predictors affect the Resilience Index (RI). 

For tree-based models, feature importance is investigated with MATLABôs 

ópredictorImportanceô command with original data n=645, and for kernel-based models 

(SVR) Permutation Feature Importance is used. This was done by shuffling each variable 

individually - the resulting increase in prediction error (MSE) indicated its contribution to 

model performance. In a relative sense, permutation Feature Importance indicates feature 

importance similarly to MATLABôs ópredictorImportanceô.  
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The relative feature importance (figures 31, 32 and 33) reveal that club stakeholders 

contribute to RI scores the most, what seems to be at least triple the importance of other 

individual predictors. Criticality rate and unanimity rate contribute to RI differently in the 

models. Participation and goal-orientedness seem to have mostly similar feature importance.  

 

 

Figure 31. RI: RF Feature Importance.            Figure 32. RI: CDT Feature Importance. 

 

 

Figure 33. RI: SVR Feature Importance 

 

Next, I assess local sensitivity with original data, using a Monte Carlo loop with 200 

simulations (-20 and +20% perturbations). Data constraints are taken into consideration in 

the loop. By plotting these 200 samples of original predictor values with -/+ 20% changes, 

some patterns are visually detected. Different random samples were generated and visualised 

to confirm similar results. Similar to previous local sensitivity analysis of CI, the grey lines 

in figures 34 and 35 represent the pertubed rates and their relationship to RI. Steep lines 

indicate that Y is highly sensitive to changes in this feature and unstable curves indicate 

nonlinear or unstable effects. Flat lines reflect the least sensitivity. 
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Figure 34. CI: Monte Carlo LSA with RF. n=200            Figure 35. RI: Monte Carlo LSA with SVR. n=200                             

 

Most predictors follow a gamma-like distribution. Club stakeholders present the most 

precise variable behaviour, with a peak at 50 club stakeholders. Participation and goal-

orientedness present fairly clear visual patterns as well, with detectable peaks. Criticality and 

unanimity show peaks of RI in fairly low values. Perturbed Monte Carlo simulations indicate 

that most predictors seem to have some kind of optimal value in this dataset, in achieving 

the highest resilience. Keeping in mind that the RI scores are generated with a relative 

algorithm, this indicates that predictor values are programmed to achieve some medium-like 

score. Referring back to table 1, with descriptive statistics and looking at predictor means in 

the dataset, it is likely that the algorithm is allocating the highest RI scores to units with 

mean-like predictor scores.  

 

Figures 36 and 37 present a plot of mean predicted RI values with RF and SVR, of all 645 

observations on a scale of [48, 52], highlighting the differences in predictors. Figure 38 

presents a plots of mean RI class shares using CDT. Local sensitivity analyses with Random 

forest and Support vector regression reveal that club stakeholders reflect the steepest curve, 

with differing ñoptimumò levels for RI. Partiticipation rate and criticality rate reveal 

constrasting results in mean predicted values. In both RF and SVR, lower values of goal-

orientedness and unanimity indicate better RI. However, the visual graphs of mean RI values 

only indicate large-level patterns and do not account for data structure such as nonlinearity. 

With CDT, class 3 in yellow, presents the highest RI. It presents similar results to RF, as 

both are tree-based models. 
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Figure 36. Mean RI: LSA with RF. n=645             Figure 37. Mean RI: LSA with SVR. n=645 

 

 

Figure 38. Mean RI class: LSA with CDT. n=645 

 

 

6.3.3. Global sensitivity analysis of Resilience Index  

Next, I will investigate sensitivity of the three models CDT, RF and SVR, globally. With the 

previously simulated dataset n=2000, I now plot the predicted RI scores, using RF and SVR 

(Figures 39 and 40). Visually detectable variable behaviour reveals functionality behind the 

underlying algorithms, and compare to local sensitivity analysis, similar optimal levels in 

reaching a high RI are detected in individual predictors.  



50 

 

   

Figure 39. Predicted RI with RF n=2000              Figure 40. Predicted RI with SVR n=2000  

 

Next, SHAP summary plots and SHAP dependence plots generated (figures 41-44) for RF 

and SVR. SHAP Values, representing the contribution to RI, allows us to assess the 

sensitivity of the model to individual predictors. In RF SHAP summary plot 41 and 

dependence plot 42, club stakeholders are the most contributive predictor to RI as it appears 

as first in order. The peaks in values behave similarly to the previous local sensitivity 

analyses with Monte Carlo. However, this time with a larger simulated dataset n=2000, more 

nuance effects are caught. Criticality and unanimity indicate peaks at around 0.05 and 0-

0.05, respectively. The results align with the previous indication that medium values might 

generate the highest RI scores. For club stakeholders, goal-orientedness and participation, 

the ñoptimumò levels seems to be 50, 0.1 and 0.25, respectively. All rates should be 

considered to receive the highest possible index score. SVR summary plots (figure 43) reveal 

a slightly different order in importance, although importance seems to follow three levels: 

1) club stakeholders, 2) participation and goal-orientedness, and 3) criticality and unanimity. 

The SVR SHAP dependence plot (figure 44) shows similar points in highest SHAP values, 

in comparison to RF. These findings follow the previous local sensitivity analysis results.  
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Figure 41. RI: RF SHAP Summary plot n=2000           Figure 42. RI: RF SHAP Dependence plot. n=2000 

 

Figure 43. RI. SVR SHAP Summary plot n=2000        Figure 44. RI. SVR SHAP Dependence plot. n=2000 

 

With CDT, SHAP values indicate similar results (figures 45-50). SHAP Dependence plots 

of Class 3, (highest RI values), reveal that club stakeholders is the most important predictor, 

and interestingly unanimity is included as the third most important predictor for Class 3. 

This reveals that unanimity might have more contribution to the highest RI values, than 

previously could have been detected. For this finding, it is also insightful to include CDT as 

one of the surrogate models, revealing importance between classes. Criticality shows the 

least relative importance, in class 2 and 3. After analysing all models and their SHAP values, 

we may generally state that the best RI values seem to follow their mean values in the dataset.  
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Figure 45.RI: CDT class 1 SHAP Summary plot n=2000   Figure 46.RI: CDT class 1 SHAP Dependence plot. n=2000 

 

 

Figure 47.RI: CDT class 2 SHAP Summary plot n=2000   Figure 48.RI: CDT class 2 SHAP Dependence plot. n=2000 

 

Figure 49.RI: CDT class 3 SHAP Summary plot n=2000   Figure 50.RI: CDT class 3 SHAP Dependence plot. n=2000 

 

6.4. Assessing unit-level sense of community and resilience in Finnish sports clubs 

By executing sensitivity analyses on surrogate models with a very good model fit, the 

investigation of the Conviviality Index predictors indicate that increasing values produce 

higher CI values. This is found in all four rates: participation, goal-orientedness, criticality 

and unanimity. Their relationships to CI are, however, not entirely linear and they indicate 
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decreasing contribution at visually detectable levels. From the given dataset, the following 

estimates are made, regarding the optimal predictor values in achieving high conviviality: 

Participation rate: > 0.4 

Goal-orientedness rate: > 0.2 

Criticality rate: > 0.08 

Unanimity rate: > 0.1 

 

The CI evaluation method is based on theory and practice, and the goal of the CI is to 

evaluate sense of community in the context of sports clubs, in a cost-effective way. 

Therefore, relatively easily obtainable inputs are used in the index. The index results provide 

relative comparisons of units (e.g. sports clubs), however whether they directly measure 

conviviality or sense of community, cannot be stated with certainty. The index and the 

algorithms should be further assessed in terms of whether possible benchmarks can be used.  

 

The RI was investigated similarly, by achieving very good model fit in three surrogate 

models and executing sensitivity analyses. To go through the assessment of the Resilience 

Index, I will provide some theorical inspection behind the goal of aiming for intermediate 

values of the predictors, and assess whether the Resilience Index achieves to detect resilient 

club structure. The highest RI values seem to consist of mean predictor values in the dataset. 

The following optimal values were estimated to produce the highest RI scores. These 

estimates are: 

Participation rate: 0.25 

Goal-orientedness rate: 0.10 

Criticality rate: 0.05 

Unanimity rate: 0-0.05 

Club stakeholders: 50 

 

The RIôs general aim is not to maximise all variables, but to pursue resilience through 

moderation. Referring to the Balanced Scorecard Model which measures social impact, itsô 

aim is similar - by enhancing both social impact and revenue, overall organizational 

effectiveness is improved. (Hazenberg & Paterson-Young, 2022, 30-32). Since a sports club 

is not directly comparable to a company, economies of scale are not the main objective in 

building clubs that produce knowledge, skills and resilience. Sports clubs are, in a sense, 
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comparable to educational institutions due to the learning that happens in their activities. 

When compared to universities, the quality of education is proven to conflict with the goal 

of economy of scale (Haapakorpi et al., 2023). One can also critically consider these 

implications in the context of a sports club. óEconomics of moderationô is better suited to the 

context of sports clubs, where the maximum human resources are not even sought after, 

because they are not realistic in the context of sports clubs where resources are typically very 

minimal. Moderate target values of participation, criticality, ambition and unanimity, may 

be justified, among other things, on the pursuit of healthy criticism and unanimity. 'Group 

think' refers to the overriding of alternative courses of action resulting from the pursuit of 

unanimity, which has been shown to often have a negative impact on group performance 

(Riccobono et al. 2016, 609). For these reasons, the resilience index largely aims for 

moderate values of the variables, aiming at a sustainable club structure. It is noteworthy that 

setting the level of moderation is a difficult task and therefore the index is an evaluation and 

should not be mistaken for a concrete measure. The RI is scored from 0 to 100, and all in all, 

it aims to act as an indicator of long-term activity in a club. Whether the RI achieves to 

accurately detect resilient club structures is impossible to state, however its calculation is 

well justified to be an indicator of resilience. When used as a relative measure to assess units, 

it certainly cannot be used in objective settings. Based on this dataset, RI does seem to 

indicate the mean values of all predictors. Whether this indicates resilience in CBOs should 

be assessed using triangulation, and by comparing RI scores on timelines with original unit 

sizes for feasible comparison. 

 

To conclude, sensitivity analyses were executed to bring light to the original CI and RI 

scoring, which was enabled by high goodness-of-fit in surrogate models. In the current 

HCforsports platform, unit-level self-assessment data is utili sed in assessing sense of 

community, in the form of a Conviviality Index. Unit-level self-assessment data and human 

resource data are utilized in assessing resilience, with the Resilience Index. Both indices are 

tied to their context within sports clubs and function cost-effectively. The calculation of the 

indices provide some theoretical and practical evaluation into unit level sense of community 

and community resilience, however results currently cannot yet be compared to any other 

possibly validating data. Therefore, supporting data such as individual surveys for sense of 

community, or time series financial data for resilience, would be beneficial in evaluating 

reliability of the index scoring. Further suggestions are made at the end of the study. 
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8. ENGAGEMENT  IN COMMUNITY CENTRES  

 

After investigating sense of community and resilience in sports clubs through the first case 

example, next we will focus on the factors of engagement in community centres in Finland, 

with data from Finnish community centres. The selected community centres provide a case-

specific analysis on engagement with visitor-based data. The focus is now shifting from 

assessing the stakeholders to assessing the visitors. This case example provides a contrasting 

view in assessing CBO performance. Research question 4 ñWhat demographic and external 

factors are linked to engagement in community centers in Finland?ò, will be answered by 

modeling the data with Kaplan-Meier survival curve and Random forest. In the end, 

suggestions are made for fostering and maintaining engagement in community centres, and 

reliability of the analysis is discussed.  

 

8.1. Data in Melvio 

The impact tool Melvio created and maintained by Me-säätiö supports its community centre 

partnersô impact data collection. The dataset used in this study is from gathered by Melvio 

between spring 2021 and summer 2024. Me-säätiö has its own community centre Meltsi that 

enables its visitors to spend leisure time with friends or to participate in structured leisure 

activities. Me-sªªtiºôs partners using Melvio offer community or youth centre services with 

through facilities and structured activities. The Melvio platform consists of survey data, a 

membership register with contact details, calendar information, event information and all 

participation information including visits and visitor demographics. To compare in Finland, 

other tools created for visitor activity observation include Jopox and myClub in Finland. 

However, their use is built mainly for sports clubs and they do not actively survey well-being 

of individuals. Melvio does not collect strategic information on budgets, accounts, etc. The 

data from partners is collected and pseudonymized. The visit data is collected and visible in 

real-time. Survey data is collected initially when a member is registered, and then typically 

in 6-month survey cycles. The mean percentage of respondents reached for surveys is 10-

15%. Visitor data is largely available from all visitors, but more informative member data 

(e.g. including socioeconomic risks) is available for a smaller portion of visitors. This is seen 

in the studyôs analysis through differing dataset sizes, as highest possible group is sought to 

be analysed. Member-specific data is available for less than 50% of the visitors. Visitors 
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include people of all ages, although for children under 13 years, their guardians provide the 

gathered information. The average age in the dataset of all members is 21 years (n=10,298).  

 

Me-sªªtiº has based Melvioôs survey questions on family background, so called 

socioeconomic risk factors, on THLôs cohort studies on social exclusion and 

intergenerational disadvantages. These socioeconomic risk factors are found in table 5. By 

categorizing the visitors or their guardians with a quantity of socioeconomic risk factors such 

as unemployment, low education and low-income level, I can further investigate these 

effects to visit activity and engagement. This data is also key in community centre 

performance assessment, as allocation of activities may be observed. 

 

Variable Description Definition Values 

members_education 

Low level of education (maximum of 

basic education) 

Maximum of basic 

education 0,1 

parents_education Low educational level of parent(s) 

Maximum of basic 

education 0,1 

parents_household 

Single-parent family/child not living 

with parents   0,1 

members_occupation Unemployment/extended stay at home 

Includes long-term illness, 

Inability to work 0,1 

parents_income_lvl Low family income 

Disposable income of adult 

is less than 60% of median 0,1 

parents_occupation 

Parents/parent's 

unemployment/extended stay at home 

Includes long-term illness, 

Inability to work 0,1 

members_school_level 

Not attending school/has dropped 

out/has no school spot 

Only tested in age group of  

13-17 year olds 0,1 

Table 5. Melvioôs binary socioeconomic risk factors of social exclusion and intergenerational disadvantages. 

 

8.2. Preprocessing for the Kaplan-meier survival curve 

Next, I will be looking into factors behind engagement in community centres with the 

Kaplan-Meier survival curve method. It is a non-parametric method used to estimate the 

survival probability over time from time-to-event data. In this study, the maximum follow-

up period is set to 90 days, which defines when a visitor is considered to have dropped out 

if there are no visits. The Kaplan-meier survival curve is estimated to function best in 

assessing engagement in CBOs, and justification is found in the studyôs methods section. 

The data for Kaplan-meier survival curve analysis is from a timeline of 03/2021 ï 06/2024. 

The data was processed accordingly by removing errors such as unrealistic birth years. 



57 

 

Community centres offer activities for a wide range of ages, however for structured group 

activities which account for approximately 70%, there are age limits in some groups. A 

histogram of visitor ages is shown below in figure 51 to demonstrate the steep division of 

two age groups ï children and guardians/adults. Further preprocessing was carried out to 

investigate engagement. To ensure unbiased results, age limits in structured group activities 

must be considered as limiting factors of equal survival probability. Most group activities 

use an age limit of 18 years. The deletion of ages reaching 18 is done to support the 

assumption of equal survival probability for the four-year inspection period (2021-2024) 

with Kaplan-Meier. Year_of_birth = 2005, 2006, 2007 and 2008, representing 16-19-year-

olds, were deleted (n=875). Additionally, years of birth 2021-2024, representing 0-4-year-

olds (n=3351) were disregarded to ensure equal survival probability. N=20,642 data samples 

remain after the preprocessing (figure 52). I will investigate children (0-15) and adults (20+) 

in separate groups to gain insights from possible group differences. The censor date is 

29/06/2024 for all curves, as I have visit data up until that date.  

 

Figure 51. Original histogram of age, n=25,006            Figure 52. Cleaned data histogram of age, n=20,642 

 

We are interested in distinguishing factors behind the longest community centre 

engagement. This is done by splitting the data into groups and comparing differences in 

engagement. The differences between groups of seasons, quarters, risk factors, surveyed 

well-being as well as differences between adults and children. The groups are statistically 

tested with the log rank test. The log rank test compares survival curves (2 or more) over 

their common time period. An alpha level of 0.05 is used and therefore log rank p-value < 

0.05 indicates statistical significance between groups. Area Under Curve (AUC) is also 

calculated for the curves. Higher AUC generally indicates higher engagement, but the shape 

of the curve is most informative of the nature of engagement. I am looking to maximise the 



58 

 

data size for each comparison, meaning that group sizes will differ due to different levels of 

data gathering per visitor. Registered member data is more detailed, and different sizes of 

data for the survival curves invite careful analysis and consideration of data size in the 

comparisons.  

 

8.3. Engagement over time 

The general curve in figure 53 does not show any significant drop out behaviour. With closer 

inspection of age in figure 54, there is statistical significance between children and adults, 

with log rank p=0.00. AUC is larger in children compared to adults (211.67 < 159.28), which 

indicates that children show better engagement compared to adults. A comparison between 

adults and children in visit starting years (figures 55-58) shows that 2021 was exceptional in 

the engagement between adults and children. However, as the tool was launched in 2021 

there were only 295 adult visitors in our dataset. Engagement within children is significantly 

higher for 2022-2024. Larger step sizes in curves may reflect low amount of data or a shorter 

timeframe (days). In the 2024 curve the timeframe is shorter.  

 

 

Figure 53. Engagement. n=20,642 Figure 54. Engagement, children and adults. n=20,642 

 

 

Figure 55. Engagement 2021    Figure 56. Engagement 2022 

n=20,642 
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Figure 57. Engagement 2023    Figure 58. Engagement 2024 

 

Before looking into demographic factors of engagement, we are interested to check external 

factors, and therefore seasonal differences will be investigated. There was initial speculation 

that visitors starting in spring or autumn might have differences in engagement. Seasonal 

visit activity is now inspected by comparing visitors with starting visit months 1-6 and 

months 7-12. The dataset was limited to 01/2022 ï 12/2023, disregarding the first year 2021 

and the last 2024 spring term. This is done to ensure equal amount of spring and autumn 

terms (2 each), and equal censoring. The log rank test calculates a p-value 0, implying 

statistical significance in the difference between the groups. AUC supports this, which is in 

this case, calculated from unified curve length. AUC reveals that the spring termôs curve is 

larger compared to autumn term (139.73 > 115.40). The difference is also visually detectable 

in figure 59. The spring starting term for visitors therefore seems to be connected to stronger 

engagement within visitors. A difference between adults and children seems to exist (figures 

60 and 61). In both adult and children groups there is a statistically significant difference 

between seasons (p-value 0), however the difference in larger within children, and the 

difference is largest within childrenôs first 250 days of visiting.   

 

 

Figure 59. Engagement, seasons 2022-2023. n=15,851 
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Figure 60. Engagement, seasons: adults n=9934        Figure 61. Engagement, seasons: children n=5222 

 

A quarterly inspection is executed solely from years 2022-2023 to ensure equal spread of 

quarters. In figure 62 shows that Q1 is linked to highest engagement with AUC 153.00 

(unified timelines) as seen in figure 14. Next are Q2, Q3 and Q4 with AUC 123.65, 122.70 

and 104.86, respectively. The log rank test suggests significant difference between all pairs 

of quarters. In addition to AUC, visually Q1 seems to induce longer engagement. As a 

limitation of the analysis, a longer dataset could be inspected next to ensure cohesive results, 

as quarterly insights are solely from the timeline 2022-2023.  

 

 

Figure 62. Engagement, quarters 2022-2023. n=15,851 

 

8.4.  Engagement by demographics 

Next, I investigate the effects of risk factors, native language and survey responses on sense 

of community, support, friends and learning. Under 13-year-olds and some 13-17-year-olds 

have inherited their guardiansô responses. I have a dataset of n=5221 visitors with 

information on their socioeconomic risk factors (figure 63), which represent indicators of 
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individual deprivation. They include low education, low income, unemployment and single-

parent households in either the memberôs parents or the member themselves. Many risk 

factors can convert to accumulated deprivation in an individual, and these groups are usually 

targeted in community centre offerings. CBO performance can be evaluated by the success 

of targeting activities to these groups is. It is good to note that compared to the previous 

curves with member and visitor data, now I have a smaller dataset of only member data. 

These members are generally more active in their visits, and this can be seen in the curveôs 

initial values that start from ~0.8 instead of previous ~0.6. Figure 64 illustrates the Kaplan-

meier survival curve analysis, comparing groups by risk factors. The number of 

socioeconomic risk factors (0, 1 or 2-4) seems to clearly be linked to engagement in 

community centres. AUC values (356.20, 398.56, 429.60 respectively) and log rank (p=0) 

for all pairs, support the finding. When comparing adults and children in figures 65-66, 

children show most variance in the 2+ risk factor group, while in adults, variance is present 

in all risk groups. To conclude, visitors with 2+ risk factors are linked to greater engagement 

in both adults and children. Data sizes are sufficient for all groups, with a minimum n=631. 

  

Figure 63. Risks per visitor. n=5221.         Figure 64. Engagement, risk factors. n=5221 

 

.  

Figure 65. Engagement, risk factors: children. n=2275.     Figure 66. Engagement, risk factors: adults. n=2889. 
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Risks per visitor can be seen as a histogram in figure 67, and risk factors that had sufficient 

data per group, were also modeled individually in figure 68. Membersô occupation and 

education risk factors were not modeled due to insufficient amount of data, however when 

joined, (together n=255) they plotted much lower than parentsô risk factors, indicating lower 

engagement. However, they are not included in the visual analysis. The most influential risk 

factor is parentsô education, also supported by highest AUC value 451.59, and log rank 

(p=0.028). It can be seen that parentsô low education level most clearly promotes 

engagement in this dataset. 

 

Figure 67. Risks per visitor. n=3115        Figure 68. Engagement, individual risk factors. n=3008 

 

Next, engagement was inspected in terms of mother language in figures 69-71. Log rank 

also confirms that visitors with non-native languages as a mother language represent stronger 

engagement compared to Finnish- or Swedish visitors. It is worthy to know that our original 

dataset is culturally more diverse than a random sample of Finnish population. Non-native 

languages are represented at around 9% in Finland (Tilastokeskus, 2023), while in our 

sample dataset, their representation is 38%. Both adults and children show significant 

difference between native languages, however within children the engagement is even higher 

in non-Finnish or non-Swedish visitors. 

 



63 

 

  

Figure 69. Engagement, mother language. n=5501 

 

 

Figure 70. Engagement, mother language: adults. n=3062  

 

 

Figure 71. Engagement, mother language: children. n=2489 

 

8.5.  Engagement by surveyed well-being 

Next, four survey answers on individual well-being, found in table 6, were inspected. I 

inspected the visitorsô initial survey answers, iow. when the visitor has first registered. For 

survey questions with a Likert scale, the options are: 1) Strongly disagree, 2) Disagree, 3) 
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Neither agree nor disagree, 4) Agree and 5) Strongly agree. To initialize groups for Kaplan-

meier analysis, I calculated the means and created two categories ñhighò and ñlowò of initial 

scores of sense of community, support, friends and learning. Figures 72-75 demonstrate the 

engagement curves. As an interesting visual finding, lower initial answers in all questions 

reflect slightly higher engagement later, when inspected visually from the curves. This could 

imply that the visitors have benefit from the services and this would highlight the importance 

of community centre activity in Finland. However, the difference is not large, as the curves 

are very similar within the first 1-2 years until difference in engagement occurs after some 

2 years. In this case, the log rank test suggests that ñhighò and ñlowò classes do not have a 

statistically significant difference in any of the four survey variables. P-values were 0.51, 

0.26, 0.60 and 0.50 for friends, learning, support and community, respectively. Differences 

between adults and children were also not significant, when coding and plotting the curves 

as a test run.  

 

Mean, initial 

score 

Variable Survey question 

3.83 Friends I have at least one good friend (1-5) 

4.46 Learning I want to develop and learn new things (1-5) 

3.84 Support (My child has) / I have an opportunity to talk about things I worry about 

with an adult outside of the immediate family. (1-5) 

3.82 Community I belong to a group that is important for me. (1-5) 

Table 6. Melvioôs survey questions for well-being 

 

 

Figure 72. Engagement, support. n=5851                           Figure 73. Engagement, community. n=5855 
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Figure 74. Engagement, community. n=5856                Figure 75. Engagement, community. n=5581 

 

The Kaplan-Meier survival curve has assessed factors behind engagement in Finnish 

community centres, and the insights from this dataset are statistically proven to be the 

following. 

Demographic factors: 1) children with 2+ socioeconomic risk factors, or adults with 1+ 

socioeconomic risk factors, 2) parentsô education as a socioeconomic risk factor, 3) age 

between 0-15, 4) native language other than Fi/Swe  

External factors: 1) starting season in spring, especially Q1 

 

Individuals with these factors seem to generally engage in community centres longer, and 

this very much aligns with most community centresô missions, often set by the city or 

municipality. It is a great finding, and it indicates how demographic data, especially the most 

sensitive data can prove the impact of community centres, by demonstrating successful 

allocation of activities to target groups. Community centres in this dataset prove generally 

successful in this sense. Initial survey answers on well-being however did not provide 

reliable conclusions about engagement, although initial low survey value of learning showed 

the strongest difference. The limitations of this analysis include deleted age groups (16-19-

year-olds and 0-4-year-olds), although it ensured fair analysis (equal survival probability). 

As further areas to study, the spring season should be assessed with other timelines and with 

possibly comparing community centres or their activity offerings with data splits. 

 

8.6.  Engagement with Random Forest 

I am now moving on to inspect engagement from another angle, visit count per visitor, which 

also represents strength of engagement. The process can be classified as triangulation, more 
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specifically data analysis triangulation, which is using different statistical methods in 

understanding one phenomenon (Thurmond, 2001, 254). As I am modeling a different 

variable, similar results are not expected, however some supporting insights could be linked 

to engagement. Explanatory variables include gender (male=1, female=2, other=3), year of 

birth, number of socioeconomic risks, sense of support, community, friends and learning, as 

well as mother language as a binary variable (1=Fi/Swe, 0=Other). In comparison to previous 

Kaplan-Meier analysis, now all ages are now included and modeled, as previously some age 

groups were left out to ensure equal survival probability. The factors will be modeled against 

visit count, first with the whole data and then with a split between adult (18+ years) and 

children (0-17) years. Random Forest is selected for its ability to handle nonlinear data, 

multicollinearity and little assumptions - it assumes minimal distributional properties. RF 

performs best with a large amount of data, and there are n=5078 data points for modeling. 

The aim is to reach a decent model fit and interpret feature importance, and RF was selected 

due to the presented reasons. Linear regression could not have been used due to the fact that 

linear relationships of predictors could not be proven. Although exact coefficients cannot be 

provided for Random forest in MATLAB , feature importance gives an insight into 

relationships strengths, with the support of correlation matrices for total data as well as for 

groups of adults and children. Our dataset is similar to the previously presented data. The 

data was processed similarly by removing missing survey answers and by removing errors 

such as unrealistic birth years. Some variables are moderately correlated (figure 76). It is 

good to state that good modeling power is not of interest in this case, only variable 

relationships to engagement will be assessed. Though RF lack interpretability (lack of 

visibility in coefficients), I use RF for feature importance, which is then compared to the 

previous Kaplan-meier engagement analysis. 
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Figure 76. Correlation matrix of 8 explanatory variables and óVisit countô. n=5078 

 

With little model assumptions, Random forest is initiated with 100 trees and 100% of data 

with n=5078. X variables are normalized to ensure comparison of importance. RF reaches 

R2 0.40 and MSE 1058.56 which are not desirable. Similarly to the study on engagement by 

Peng, Yang, Chang & Liu (2025, 1-14), low explanatory power is reached per each modeled 

dependent variable of engagement, thus low modeling power might be typical. In our case, 

low R2 does not prohibit the analysis as we are assessing variable strengths to engagement, 

however low modeling power is considered when discussing the results. In table 7, feature 

importance is presented. The variables with the strongest importance in order prove to be the 

following: learning, community, year of birth, friends, gender, number of risks, mother 

language and support. Surprisingly, mother language is among the least important features. 

Year of birth is high in importance, which is a supporting reason to split the dataset and 

inspect adults and children separately.  

 
    
Random Forest. Feature importance  

  
R2: 0.40. MSE: 1058.56 

     

Gender 

Year of 

birth 

Number of 

risks Support Learning Community Friends 

Fi/Swe / 

Other 

0.95 1.2 0.81 0.61 1.36 1.19 1.08 0.61 
       

Table 7. Random forest Feature importance of visit count 
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Next I split the dataset into adults and children by age (0-17 and 18+), and model visit count 

with Random forest in two groups. No age groups are deleted, and we preserve full available 

data. The group size of children is n=2397 and adults is n=2681. Both groups contain 

sufficient data for RF modeling. Figures 77 and 78 present correlation matrices for datasets 

of adults and children. 

 

Figure 77. Correlation matrix, adults. n=2681                       Figure 78. Correlation matrix, children. n=2397 

 

For both groups, the number of risks is surprisingly not of very high importance although in 

the correlation matrices it is relatively correlated, when compared to other variables (0.08 

for adults and 0.078 for children). This may indicate complexity in the variable and its 

relationship to visit count. It also reminds us of the different interpretations of visit count 

and timestamped visit data. The visitors with socioeconomic risk factors may not visit 

community centres in the most active manner, however the community centre may still 

provide long-term support for them. Within children, initial sense of community has the 

strongest contribution for engagement, and it is relatively important in adults as well. As 

there is little linear correlation, these relationships may be complex and require further 

investigation. Higher age in children seems to be linked to increased visit count, and the 

linear correlation is relatively strong. Within adults, the strongest feature importance to visit 

count seems to be learning (negative correlation), followed by gender. An interesting insight 

is that within children, mother language (non-Finnish or Swedish) has a stronger importance 

on visit count than in adults. Overall, model performance is decent, but some results can be 

seen as slightly contradictive, such as the low importance of socioeconomic risk factors and 

mother language. It is crucial to keep in mind the explanatory power and mean squared error 

which revealed visit count is not perfectly well fit ted. One downside of RF is its risk of 

overfitting. Model information, goodness-of-fit and feature importance are presented in 
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tables 8 and 9. Results on feature importance of visit count should be interpreted with 

caution. 

       

RF Feature importance, children       

R2: 0.38 MSE: 1209.59        

Gender Year of birth Number of 

risks 

Support Learning Community Loneliness Fi/sv / 

Other 

0,21 0,82 0,56 0,6 0,49 1,14 0,8 0,58 

   

 

   

 

 

  

 

RF Feature importance, adults 

     

R2: 0.38 MSE: 407.07       

Gender Year of birth Number of 

risks 

Support Learning Community Loneliness Fi/sv / 

Other 

1,12 0,32 0,44 0,51 1,76 0,98 0,63 0,5 

Table 9. Random forest Feature importance of visit count, adults. n=2681 

 

Based on the analysis on engagement through visit count, it is indicated that initial level of 

community (ñI belong to a group that is important for meò, 1-5) in children contribute the 

most to their visit count. This might be a suprising result, taking into account that values of 

initial community did not prove to be significant in the previous engagement analysis. It can 

also be speculated that the relationship between community and visit count for children is 

nonlinear and complex. I did not visually plot RF model predictions on visit count due to 

low model explanatory power and possibly misleading interpretation. However, this 

indication could be further investigated. As the most contributive predictor for adult visit 

count, initial level of learning (ñI want to develop and learn new thingsò, 1-5) indicated the 

highest relative importance. The correlation matrix indicates a negative correlation -0.165, 

and the Kaplan-meier engagement analysis also indicated that low initial learning could have 

an effect on engagement. 

 

The results of the Kaplan-meier engagement analysis can be interpreted mostly with 

confidence, as necessary steps were taken to ensure accurate results and both log rank and 

AUC were used to confirm differences in groups. The method is nonparametric and robust 

Table 8. Random forest Feature importance of visit count, children. n=2397 
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to outliers. However, limitations in the analysis included deleted age groups in Kaplan-Meier 

(0-4 and 16-19 year-olds). As a form of data analysis triangulation, Random forest was used 

to model visit count, to offer another perspective on engagement. Regardless of low 

explanatory power of the model, some new speculative insights were gathered, which point 

to possible nonlinear relationships that should be further assessed. RF feature importance 

was assessed with caution, so only some results could be stated. As an answer to RQ3: What 

demographic and external factors are linked to engagement in community centers in 

Finland?ò, we may state through Kaplan-Meier analysis that demographic factors included 

2+ socioeconomic risk factors (especially parentsô education), non-native mother language, 

young age (0-15), and external factors included starting season in spring (especially Q1). 

These factors were connected to stronger engagement in the time series data 03/2021-

06/2024. RF feature importance suggested relatively high contribution of initial survey 

answers (community within children and learning within adults), however the model did not 

provide a good enough goodness-of-fit to further inspect the topic. The inconsistency 

between the two analytical approaches invites reflection and provides some new areas to 

investigate on community centre engagement. 
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9. INSIGHTS  

This study has investigated how engagement, sense of community and resilience are 

evaluated in community-based organizations in two case examples in Finland. We have now 

gained deeper understanding of how HCforsports and Melvio demonstrate engagement, 

SOC and resilience as part of performance evaluation, and it has also become more evident 

that the core objectives of these impact tools are largely similar. The data and metrics offered 

by HCforsports and Melvio are intended to support CBOs in the following ways:  

1) Demonstrate (positive) impact of the organisation  

2) Support community-based organisationsô funding by justifying grant applications 

and by attracting investors 

3) Increase knowledge about the organization  

4) Excite and motivate leaders to develop processes 

How the two impact tools differ in their goals is due to the nature of the collected data. 

HCforsports brings tacit information to light, increasing knowledge with collected self-

assessment tests and organisational data. The goal is to clarify strategy and help improve 

leadership by evaluating relative SOC and resilience. Melvio focuses on measuring impact, 

for example through information on well-being of the individuals, visit activity and 

demographic data. Through time series data, Melvio may observe development of well-

being, and focus more closely on visitors with cumulated socioeconomic risks, for example.  

The goal of this study was to assess engagement in Finnish community centres, and 

investigate predictors of relative SOC and resilience in sports clubs. With both case analyses, 

we partly observe the current state of CBO performance measurement in Finland. 

Simultaneously, by assessing what impact data consists of in both cases, suggestions can be 

made for the future, especially in terms of reliability. It is clear, that these evaluation methods 

differ largely and thus comparison of the tools is likely impossible. Their functionalities are 

different and the data is collected differently. Visitor-based data, including demographics, 

serves as a more traditional and common way to observe community-based organisationsô 

activity, as seen in Melvio as well as in previous literature. Unit-based data, collected as self-

assessments and organisational data, serves as an more uncommon but innovative way to 
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evaluate impact, reveal tacit information and improve the strategic performance of the 

organization through club stakeholders who organise and run the clubôs activities.  

Visitor-based data has a viewpoint of ólearning from the pastô, and it is even able to present 

the gathered data as it is. Especially sensitive data, which is commonly anonymised or 

pseudoanonymised, can be highly valuable to stakeholders. By offering historical data on 

visits, survey answers and organization comparisons, visitor-based data may best 

demonstrate the impact of unstructured leisure activities in CBOs. However, it is good to 

keep in mind that subjective states of well-being are complex and without knowledge of 

ñwhat changes would have happened anywaysò (theory of change), the data can only imply 

and not explicitly state, that a positive change would have occurred due to CBO activity. In 

terms of reliability, visitor-based data is fairly reliable when the data is collected accurately, 

and when survey answers are analysed are subjective. Time series data may provide 

indications of an organisationôs impact within an investigated timeline, serving the local 

community and stakeholders by providing insights on impact. If visitor-based data can prove 

that activities have attracted specified target groups, benefits are self-evident. In the best 

case, the success of national and municipal policies are ensured and reinforced by obtaining 

and analysing this impact data. Gretschel et al. (2023, 49-51) report that current challenges 

include the polarisation of data evaluation in CBOs ï for example, most youth organisations 

do not consider investments on evaluation as necessary, although evaluation could enable 

organisational development. 

Unit-based data, compiling of self-assessments and organisational data, offer a more 

strategic, forward-looking viewpoint on CBO performance. Unit-based data in case tool 

HCforsports focuses on current impact as well as possible future impact through the 

organisersô reported goals. It motivates organisers to communicate, strategize and plan 

processes according to goals. Self-assessment tests with continuous scales may provide unit-

level insights about a groupôs most common targets, strength (distance) of targets, distances 

of the current and target states, and unanimity of target states. It is noteworthy that this unit-

based data may obtain insights only about the unit of interest ï team, club, a sport. Relative 

methodology enables relative assessment of each unit, and the assessments of sense of 

community and resilience function as tools to improve the clubôs strategy, activities and 

impact. 
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Figure 79. Data tool comparison by goals of the case tools with visitor-based and unit-based data 

Although the tools serve many of the same purposes, simply put, unit-based data reveals 

group-level tacit information to improve strategy, and visitor-based data confirms 

information of demographics, well-being and events to prove impact. In this sense, 

HCforsports evaluates current and possible future impact, and Melvio evaluates current and 

past impact. Especially in the case where a CBO provides structured or semi-structured 

activities (presence of organisers), it is key to think of what visitor-based data and unit-based 

data could achieve together.  

By measuring unit-based CBO performance and visitor-based CBO performance, a holistic 

approach could be obtained, fulfilling the definition of triangulation, which is highly 

advocated in social sciences. This suggestion applies to structured and semi-structured 

activities, as CBOs with unstructured activities might benefit less (less presence of 

organisers). Increased evaluation reliability could be achieved with a balance of unit-based 

evaluation and visitor-based evaluation. One framework for holistic community well-being, 

presented by Phillips & Wong (2017, 77-81), constructs a multi-dimensional model 

measuring many areas of community satisfaction and accomplished service delivery. When 

community is considered as a living being, community well-being can express a 

communityôs ideal and practice as whole. In Finnish community-based organizations, this 

type of model would in practice gather data of individual well-being with surveys, 

Visitor -based data: case Melvio Unit -based data: case HCforsports                                                         

                                 

ñaccumulated insightsò                                                 ñstrategic insightsò 
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participation with visit activity, demographics and individual characteristics with available 

data from all organization stakeholders, economic/financial resources from the organization, 

as well as different strategy/goal self-assessments. The multi-dimensional model by Phillips 

and Wong is built to guide and measure the public services delivered by local governments, 

and the same idea may function in community-based organisations in Finland. The suggested 

triangulation in CBO performance for Finnish sports clubs and community centres, utilises 

visitor-based and unit-based data with three types of triangulation - data sources 

triangulation, methodologic triangulation and data analysis triangulation. ñImpact is about 

achieving goals; impact is, after all, always constructed in relation to goals. For this reason, 

goal-setting is the very first step in building evaluation.ò (Gretschel et al., 2023, 63). This 

study implies that the evaluation of engagement could be enriched with organisational (unit-

based) data, and evaluations of SOC and resilience could benefit from increasing reliability 

of results. Based on this study, the targets of triangulation are engagement, sense of 

community and resilience, and targets of activity are structured and unstructured activities. 

Engagement could utilise data analysis triangulation (multiple methods), as well as data 

source triangulation (organisational data and organiser self-assessments), to enrich 

assessment of engagement. Additionally, sense of community and resilience could utili se 

data source triangulation, data analysis triangulation and methodology triangulation (visit 

data, demographics, visitor/athlete surveys). With time, the phenomena may be analysed 

with various data, analyses and methodology to confirm similar results. Increasing the 

reliability of data through triangulation is at the core of qualitative and quantitative 

assessment, and in the best case, can lead to rigorous and in-depth qualitative results. 

(Donkoh & Mensah, 2023, 1-9; Thurmond, 2001, 253-257). These findings apply to the case 

tools studied and further research would be needed to confirm them in different settings. 
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10. CONCLUSIONS AND LIMITATIONS  

This study initialised with inspecting definitions and relationships of sense of community, 

engagement and resilience, which all contribute to positive impact as part of performance in 

CBOs. According to literature, sense of community, engagement and resilience are 

positively related, often described to be linked in descending order. Figure 2 was created to 

represent their relationships. It was found through literature that with SOC, engagement and 

resilience, long-term activity in community-based organisations could be fostered, 

producing positive social impact. Next, evaluation methods of sense of community were 

assessed through community centres and sports clubs. The methods ranged from a survey 

question ñI belong to a group that is important to meò to a more newly piloted, relative 

Conviviality Index CI, which is calculated by four formulas and a relative algorithm and 

produces values 0-100 of sense of community within a unit. Survey questions on subjective 

sense of community form a more traditional evaluation method, although limited in 

equidistance of values. The CI score, in contrast, provides a relational score that is based on 

theory and practice, but could benefit from reliability measures to increase validity. 

When investigating factors of sense of community and resilience in sports clubs, the two 

indices Conciviality Index CI and Resilience Index RI (HCforsports) were remodeled with 

the original algorithmsô index scores 0-100. This was due to copyright protection of the 

algorithm. The goal was also to inspect variable behaviour, because an interest has arised to 

assess a large dataset of relative index scores, using surrogate modeling and sensitivity 

analyses. Classification decision trees (CI, RI), Random forest (CI, RI) and Support vector 

regression (RI) were built with very good fit and relatively low error. Multi-model creation 

with sensitivity analysis was completed locally with +/- 20%-changes to explanatory 

variables. Next, with correlation- and distribution-preserving simulated data (n=2000), 

sensitivity analyses were executed. All four rates, participation rate, ambition rate, criticality 

rate and unanimity rate, individually contributed positively to CI. The four rates and club 

stakeholders contributed to RI with more complexity; optimums in this dataset were 

estimated to be: participation (0.25), goal-orientedness (0.1), criticality (0.05), unanimity (0-

0.05) and club stakeholders (50). Supported by literature, for example high cohesion could 

lead to complacency or ógroupthinkô, whereas a moderate level combined with diverse 

stakeholder involvement fosters adaptability. These results provide insights about the 
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individual variable behaviour in relation to remodeled CI and RI. In this study, it is 

impossible to generalize findings outside the inspected datasets consisting of relative 

engagement and resilience scores. Limitations include assumptions of linear correlation in 

the simulated dataset (Iman-Conover), and SHAP value interpretation as approximation due 

to insufficient accountancy over original joint distributions. These limitations should be 

assessed in future studies. 

Next, factors of engagement were investigated in community centres with the Kaplan-Meier 

survival curve using the whole dataset, as well as comparisons of adults and children. In 

general, the number of socioeconomic risk factors (especially parentsô education), non-

national language, and young age (0-15) were found to induce better engagement. 

Additionally, the spring season showed a statistically significant link to increased 

engagement. Data source and data analysis triangulation were followed by modeling visit 

count with Random forest, using the whole dataset, as well as comparisons of adults and 

children. Similar and contrasting insights were obtained. Contrastingly, Random forest 

indicated the importance of some initial survey values on visit count ï a lower sense of 

community was linked to higher engagement specifically in children, and a lower 

willingness to learn was linked to higher engagement in adults. To compare RF to Kaplan-

meier, the survival curves visually indicated the significance of the four survey questions 

(community, learning, friends, support) but log rank could not support the finding 

statistically. Further investigation is recommended for the following predictors - spring 

season, initial community, and initial learning. Limitations in the analysis included the 

deletion of age groups in Kaplan-Meier due to the ensuring of equal survival probability (0-

4 and 16-19 year-olds), as well as Random forestôs low goodness-of-fit . Further investigation 

with Kaplan-Meier method is recommended to confirm similar results with different 

timelines, and feature importance of visit count should be further assessed. 

Throughout the study, the two case data and evaluation methods for community-based 

organisations were assessed. The two case tools were found to aim to achieve similar goals 

with distinctive differences in data collection, analysis and methodology. The most critical 

finding, which is also supported by literature, is that the integration of visitor-based data and 

unit-based data might provide more enriched and reliable assessments, especially on 

qualitative measures such as sense of community. This can be achieved through three types 
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of triangulation - data sources triangulation, methodological triangulation and data analysis 

triangulation. Although in this study, the two case tools and fields of use differ in some of 

their core purposes (Figure 79), combined data collection could form a wider foundation of 

data to measure more areas connected to sense of community and resilience ï on individual 

and community levels. This suggestion is proposed for structured and semi-structured 

activities. Combining these levels can more holistically generate information about 

performance and impact (Phillips & Wong, 2017, 77-81). For example, CI scores could be 

validated with visitor-based survey data, about sense of community. Arguably the suggestion 

is, yet theoretical and lacking a strategic path to achieve cost-efficiency. Community-based 

organisations generally have very limited resources and may function largely through 

volunteers. In addition to potential costs, other issues to carefully consider include 

appropriate data integration, data privacy and data ownership. Secondary data, which is data 

collected primarily for other purposes, should be primarily utili sed. Piscopo et al. (2017) 

support this by stating that when secondary data is available, administrators can quickly and 

cost-efficiently better understand local communities. They also suggest applying predictive 

algorithms to (secondary) data, which the CI and RI have executed. The presented suggestion 

for triangulation is supported by findings in this study, as well as by literature. Through 

triangulation, we may get closer to more enriched and widely accepted evaluations of sense 

of community, engagement and resilience in Finnish CBOs.  
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