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This study explores impaand performancevaluation methodand variablesvithin
communitybased organisation¥hefocusis on community centres and sports clubs in
Finland. The research examines three indicators of organisational performance and social
impact:sense otommunity(SOC) engagement, ancesilience. To assess these

dimensions, the study compares two types of evaluatithods visitor-based and unit
basecdevaluation whichare assessaging the case tools Melvio and HCforsports.

A literature review establishes theoretical links between SOC, engagement, and resilience
in communitiegnternationally forming a conceptual foundation fempiricalanalysis.
SOCdefinitions and evaluations are assedsseerthe two cass highlighting
similarities and differences in approachessports clubsSOC andesilience are assessed
using HCforsports indices: tl@@onviviality Index (Cl) and the Resilience Index (RI). The
underlying scoring algorithms are examirsel remodeled usirgurrogate modelling and
sensitivity analyses. The underlying algorithms are complex relations of a urityeand
multi-model sensitivity analygs revealssociations between variabl€d.is positively
associated witlall variables participation,goatorientednesscriticality, and unanimity.
Resilience is shown to be a function of moderate Cl values amoderate number ofub
stakdnolders.Engagement is examined in community cenirgag Melvio data, applying
KaplanMeier survival analysis andandom forest models. Key factors influencing
engagement include the number of socioeconomic risk factadsonnative mother
languageAdditionally, the springseasonndicateda positive associatiofhe Random
forest model also identifiesomewell-being indicatorsqurveys) as relatively important
predictors of visit counper visitor, although these findingequirefurther validation.

The final part of the study compares visib@sed and unibasedevaluation methods
offering practical recommendatiar@iven the complexity of measuring SOC,
engagement, and resilience, the study advotatésangulation, combining both methods
for the evaluation of impaetnd performanceé hesefindings contribute to a more holistic
performance assessment framework for Finnish commbaked organisations
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Tassa tutkimuksessa tarkastellaan yhteisborganisaatizadlarttavuudena surituskyvyn
arviointimenetelmia ja vaikuttavuusmuuttujia. Tutkimuksen kohteena ovat yhteisétalot ja
urheiluseurat Suomessa. Tutkimuksemsalysoidaan kolmea indikaattoria, jotka kuvaavat
organisaation suorituskykya ja vaikuttavuutta: yhteenkuuluvuus, sitoutuminen ja
kestavyys. Naiden ulottuvuuksien arvioimiseksi vertaillaan kateaetelmaayksilétason

ja yksikk@asonarviointi, joita tarkastellaanasetydkalujen Melvio ja HCforsports avulla.

Kansainvalisessaiallisuuskatsauksessa muodostetaan teoreettiset yhigyeetdjen
yhteenkuuluvuuden, sitoutumisen ja kestavyyden valilla, jotka toimivat empiirisen
analyysinkasitteellisena perustanéhteenkuuluvuude maaritelmia ja arviointitapoja
tarkastellaarcasetyokalyen valilla, tuoden esiin lahestymistapojen yhtéalaisyyksia ja eroja.
Urheiluseuroissa yhteenkuuluvuutta ja kestavywtitiatean HCforsportsindekseilla:
Conviviality Index (CI) ja Resilience Index (RI). Naidermeksientaustalla oleat

algoritmit muodostavat muuttujisteompleksejaelaatioitayksikkdtasolla Tasséa tydssa
indeksitmallinnetaarkorvikemallien (surrogate mods) ja herkkyysanalyysien avulla
muuttujien valisten yhteyksieralottamiseksiCl on positiivisesti yhteydessa kaikkiin
mitattuihin tekijoihin osallistuminen, tavoitteellisuus, kriittisyys ja yksimielisyys.
Kestavyysaasmuodostuikeskinkertaisist& l-muuttujistaja seuratoimijoiden maasta.
Yhteisttaloissa sitoutumista analysoidaan Meidatanpohjalta hyddyntaen Kaplan
Meierin selviytymiskayraa ja Satunnaismetsdlia. Sitoutumiseen vaikuttaviksi tekijoiksi
tunnistetaarsosioekonomisten riskitekijéiden maara ja muu kuin kansalliskieli
aidinkielena. Lisaksi kevatkaudeltm myonteinen yhteys sitoutumise€atunnaismetsa
malli osoittaa, ettoillakin hyvinvoinnin alkukyselyvastauksilla on suhteellisen suuri
kontribuutiokayntikertojen maaraan, mutta ndmé havainnot edellyttavat lisdarviointia.

Tutkimuksessavertaillaanyksilétasonja yksikkdtason dataa, ja esitetdén kaytannon
suosituksia kokonaisvaltaisemmeaaikuttavuudena suorituskyvyn arviointikehyksen
kehittamigksi suomalaisissa yhteisborganisaatioissa. Koska yhteenkuuluvuuden,
sitoutumisen ja kestavyyden kaltaisten laadullisten indikaattoreiden mittaaminen on
monimutkaista, tutkimus suosittaa triangulaatitdasa tapauksesghksilo- ja
yksikkotason datan yhdistamisjétta vaikuttavuutta voidaan arvioida kattavammin
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1.INTRODUCTION AND BACKGROUND

1.1.Introduction

Evaluating the performance of communigsed organisations (CBO® essential for
understanding their social impact, guiding resource allocation, and ensuring accountability
to funders, stakeholders, and the communities they.s&rm@mmunitybased organization
provides public or private social services at the local level, typically with goruafit
structure and by utilizing volunteering (ChecheBalles, Geyer & Tyler, 2006, 4EBOs
aretypically assessed by governments, funders, other stakehotdergell as the CBOs
themselvesThar performanceand impactare evaluatedn a more qualitative manner in
comparison to other organisations such as private compBwiggiteCBOs inportant role

in promoting social capital and inclusiomualitative and quantitativgperformance
evaluation methods for CBQOg&mainboth underdevelope@nd undeutilised in Finland
(Gretschekt al.,2023,63-64). Thisstudypartly addressethe gap by investigating how)
sense of community) resilienceand3) engagemerin CBOsarecurrentlyused to evaluate
CBO performancen 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, endwr challenges and organise itséfl three are related to social capital,
positive social impact and the fostering of lelegm activity in communities (Aldrich &
Meyer, 2015; Tald, Mannarini & Rochird014, 28). Inputvariablesfor the threendicators
arepresented andssesseth importance Data has beeacquiredfrom two case toolthat
servesports clubs and community centresobtaintwo perspective®f communitybased
organisation performance evaluatidfsing two case data tod\elvio and HCforsportsl
analysehow the evaluationof engagemens executed withitasecommunity centresand

how the evaluation ofense ofcommunity andresilienceare executedwithin casesports
clubs Theseenvironmentsare mainly attended by young people, although adults are also
involved to a lesser exteritam seeking answers farhatkind of datais currently used in
Finland to reflect engagement, sense of community and resilicacel how they are

evaluatedas part of CBO performanceéhis thesis is an exploratorgultiple casestudy of
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the current state o€BO performance evaluation of communibtgsed organisations in
Finland. This thesis investigates factors behindctivity engagementand assesses the
functionality of sense of community and resilience indjoasntributing to the assessment
of CBO performance indicator$n the end of the studynsightsare presentedeliability is
discussedandsuggestions armadefor the future.

1.2. Justification for the topic

Developed countries arexperiencinghigh levels of mental and physical illnesghich
appear as interconnected issukdditionally, these issues disproportionately affect lower
sociceconomic groupand thus increase the gap of equality in veeling.(Jones et al. 2013
1949. Relative to populatiorfinland ha the highest portion of mental heatttsorderan

the EUin 2018 At the same time,he totalimpact and treatmerndosts of mental health
problems were estimated to amountt8% of GDP in Finland, whereas te&) average
was slightly abovel% (OECD, 201826-27). Currently, msitive trends cannot be seen in
terms of mental healthsFinland still has a high portion of mental health issues relative to
its population andthe National Mental Health Strategy 262030 is trying to addresbese
issues (Vorma, 2020 11-51). At the same time international findings suggest that
individualism is risinginternationallybased on living arrangements and changing values
(Santos, Varnum, & Grossmann, 20112281238. The decline in social cohesion is
characterized by a disintegration of i060soci
thereforecommunities with weaker social ties are less resilient to-teng stressors,
including economic downturns and social fragmentation (Chambers, 2006,198ted by
Putnam et al., 1993, in Chambers, 2006, 92). Falling rassgyaigemenh local community
activities are of concern because they correlate with declining safety, rising crime, weakened
economic efficacy, youth webeing and public health, as examples (Putnam, 20087383

A concern for eroding social ties and declinioghesionin modern societies has been
growing (Chambers, 2006, 92nd a need for shared places is now highlighted (Hedman &
Raikkoénen, 2024, 1)t is not claimed thatising individualism andveakening social ties
would be the cause of mental health proide however the links between the two

phenomena are notewortgnd supporting findingarepresenin manystudies



Internationally, snse of community (SOC) has been found to have unique, positive relations
to psychological and physical wddeing, unexplained by other demographic factors
Additionally, engagement and resilience in communities are also linked tebeved.
Possible governmedevel ways of improving SO@cludeplaying sportswhich showed

an increase of 1. 6 %n aswdytinlNew Zeagan@engupgteaetal.0s S
2013, 36).The authorsarguethat increased sports opportunities could be of the most
easily implemented interventions for increasing SOC. Additionally, in community centres,
structured group activitieand unstructured leisure time offershared placdor social
cohesion. Structured group activities refer tohobby groups,organized eventsand
workshopsA study in the UK suggests thsttucturedyroup-based activities in community
centres offer improvement in mental and physical healbeciallyin visitors with some
forms of social disadvantag@ones et al. 2013, 1960).

There are great benefits looth sports clubs and community centre activity for youth and
adults.When national governments struggle to manage overall societdbaedj, attention
can shift toward alternative platforms that provide commdieigl benefits(Phillips &
Wong 2017, 69).In Sweden, for instance, there has been growing interest in the role of local
communities in addressing challenges faced segregabn. Blomqvist (2024, 12)
highlights how local sports clubs can promote hutgyanisational collaboratiohnthereby
helping communitiesto mitigate social unrest. Given the recognized value of active
community engagement, Finland has also seen a growing interest in assessmgjathe
impact of CBOs (Opetus ja Kulttuuriministerig 2024).Evaluatingsense ofcommunity,
engagment andesiliencein CBOs is a complex task thatvolves integrating qualitative
research methods to capture the interconnected and subjeativeof these phenomena
and thisstudy aims to explore existing methods for evaluating @B@rmance in Finland,

as well as to assess iheeliability.

1.3 Structure and research questions

The purpose of this study is to examine hsmnse ofcommunity (SOC)engagement, and
resiliencearecurrentlyused toreflect CBO performancén Finland The study contribas

to the assessment of CBO performance indicatodsliscusgsreliability. The investigation

is structured around fouesearchguestions To begin, the study compares the definitions

and evaluation methods of SOC in two distinct contexts: 1\Mlgio impact too] used in
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community centers, and 2) th#Cforsportsimpact and strategtool, designed for sports
communities This comparison aims to identify contesgecific conceptualizations and
measurement approaches for SONext, by investigating existing literature, the
interrelations betweesense ofcommunity,engagement, ancesilience are examined and
visually modeled into a conceptual framework. This framework supports the analysis of

SOC, egagement ancesilience performance within Finnish CBOs

A Resilience index (RI) and Conviviality index (Chave beerevelopedy HCforsports,
usingrelative algorithmsAs the original algorithms are complex amapyright protected
use surrogate modelingvith original index scoreswhich arederived from a currently
extensive datasétom the tool platformBy executingocal and globasensitivity analyss,
| bring lightto predictorbehaviourin this datasetBy revealingvariable behaviour behind
SOC and resilienceye maydemonstratevhich inputvaluescompute the highest Cl and RI
values reflecting CBO performanceReliability is assessedNext, engagement is
investigated with survival analysis (Kaptameier) using time series visit data and visitor
demographicsvhich are available in the gathered ddtaetwo casdools gathed) visitor-
based data arg) unit-baseddata The study is therefore divided into twaseparts,and in
the endtheir use purposes are assessieelgoals of the two data collection methods are
comparedand suggestions are madeimproveholisticimpact evaluation itommunity
based organizatiain Finland The flow of this exploratory study is presented with key
terms in Figure 1Thestudy assesses four research questions:
1. How doessense of communitgontribute to engagemerand resilience in
communitybased organisationsccording to literatur@
2. How is sense of community defined and evalugt@dmmunity centers and sports
clubs in Finlan®
3. How do selected factors contribute relative sense of community and resilience
indicesin sports clubsn Finland?
4. What demographic and external factors are linked to engagement in community

centers in Finland?
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Figure 1.The structuraflow of the exploratorymultiple casestudy.

1.4Case tools Melvio and HCforsportsand their usefields

Thecaseorganisations that offer tools f@BO performancevaluatiorare Mesaatiory and

HedCo Oy, which are also thewo issuers for this studyMe-sdétio is anon-profit
organizatiorfounded in 201%hatlauncheda Finnish impact tool Melviin 2021, targeted

for the use ofCBOs. Melvio observs visitor activity, engagementdemographicsand
subjectivewell-beingin community centres, municipalities and sports clMe-saatio,

2023). In this study] aminvestigatingtsc o mmu ni t y c eadThezommanityt ner s
centreactivities are offered to all ageandthe data is collected from both children and

adults.In the study] will analyse engagementith the available data

HedCoOy, a Finnish companpiloted an impact and strategiool HCforsportsin 2021
Their HCforsportsunit creates metricand relative evaluations of units (sport, clédr)key
contact persamel to monitorand develophe strategicgoals resilience conviviality and
social mediaimpression of sports clubs. (HedCoach, 2025)HCforsports collects
information frommostly adultsin sportsclubs who organise club activitiegxcludng the
athletemembersThismakes the todhe first of its kind in Finlandasthemaingoal of the

tool is to monitorthe adults that enable club actiyitAs opposed to visitebased data
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collection, HCforsports focuses amit-baseddata, representingcommunitylevel data
Thus, the toolcan naturally preservenonymity and lighten costs indata privacy The
gathered data includesontinuousscale survey datg respondent information including
demographis as well asfinancial dataln this study,l will investigatet wo of t he
indicesi 1) Conviviality Index (Cl) and 2) Resilience Index (RI). ClI reflects sense of
community and RI reflects resilience, both in team unit levBlsth impacttools strive to
induce datadriven leadershipby offering data about th@erformanceand impactof the

organization.



2. THEORY AND LITERATURE REVIEW

Much of therelevantterminologyfor this studyoriginates from social scienceghere many
matters arénherently interconnected, and at times difficult to distinguish with precision. To
ensure conceptual clarity aedablethe examination of sense of community, engagement,
and resiliencethese three termsand closely related topics will be defined based on
established literaturdt is important to note that these elements often emerge as indirect
outcomes of communitipased organization activities. As noted by the National Academies

o f Sciences, Engi neer i agrominanh féatuféde abmnounity e  ( 2
efforts to build connectedness is the frequent occurrence of a varietybehefits @ is

also arguethat hese cebenefits foster sense of community, which subsequeatiributes

to resilienceSequentially activeengagement is essential to sustaining and enhancing these
outcomesn thelong-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 ofSOC derives from the 1970and the concepinight be best
described byseymourSarasona so-called father of community psychology. He states that

SOC can be theskerisstbatloneavgas pgart of a readily supportive network of

relationships upon which one could depend ( Sengupta et al ., 2013
Later def i nAfdelingthasmemlmers havedoebeldnging, a fgahat members

matter to one another and to the group, ar
through their commitment to be together ( Mc Mi I | an & Chavi s, 19.

definition of the term, McMillan and Chavis (198814), have also presented a theoretical
framework for sense of community, consisting of four components: 1) membership, 2)
influence, 3) integration and fuliment of needs, and 4) shared emotional connection. In
most theoretical definitions, individual feelings dmghlighted 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 petswal factors that have been linked

to SOC in research include age, ethnicity, gender, education, inconagtitundes towards
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membership in local community clubs (Sengupta et al., 2013, 37), however indieidelal
variance of SOC is greater (Long & Perkins, 2007, 577). The effect of gender has produced
contradictive results (Talo, Mannarini & Rochir2014, 4. Notably, SOC has also been
found to have unique, positive relations to psychological and physicabeialy (Sengupta

et al., 2013, 36), making it a valualplbenomenomo observe by governments atodoster

in communities Qpetus ja Kulttuuriministerig 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 (Cl) 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 a
involvement in decisioimaking and planning. Engagement focuses on sustgaisigjve
relationships, fostering trust, and promoting active participati@mommunity members in
various activities. Community engagement generally promotes inclusivity and social
cohesion(Lee, 2024, 34349). Engagement is closely linked to SOC, as both phenomena
canstrengthen one anoth&.Norwegian study found thabsioeconomic inequalitiesuch

as resources and family situatiozen act as barriers y@uth engagemenin organization
activities (Gretschel, 202349-51). Addressing these challenges is a central aim of
community centresand thereforeregagements oneperformance indicator o€EBOsthat|

will analyse througlFinnish community centreéatg usingMelvio tool.

2.3.Resilience community capacity and communitycompetence

In this study, the term resilience refers to community resilieimckterature, 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 commurtityshare responsibility and effectively respond

to potential disruptive events, which can inethe most extreme casesatural disasters,

economic crises, pandemics and other crises. Aiengisicommunity should be able to



adequately survive a shock while maintaining or improving overalt-be2fig. Gunaratna
(2013, 12) highlights thatinless trust between communities is built every day, social

harmony is likely to break during a crisis

Althoughcommunity capacity and competence asedalmostinterchangeably in research,
capacity refers to a communitydéds potenti a
current functioningCommunity @pacity 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 communitybeéily (Chaskin, 2001,

295). Goodman et al.1998, 266273 suggest assessing capacity through factiées |
leadership, skills, networks, and community val@&smmunity competencen the other
hand,is defined byCottrell (1976, cited in Gerrard, 2018, 345) as the collective effort of
identifying needs, agreeing on goals, priorities and methods, and enacting those to tackle
probl ems. Community compet ence -digaruzbitselfght s
as vell as willingness to undertake an action that will benefit the community, or to solve
problems as a unit of individuals. (Hedman & Réaikkdnen42@28; Gerrard, 2018, 344;
Piscopo et al, 2017, 55 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 assessiaughsports clukstakeholders (coaches, management,
volunteers etc,)measuring human resources and evaluating community competihce
selfassessment tests) teamlevel units. The aim is to investigatee behaviour and
sensitivity of input variablesf a resilience indefRlI) in the HCforsports tooklsoassessing

its functionality and reliabilityas a CBO performance indicator

2.4.Social impact

Social Impact is coherently connected ducial value creation, which is why the two
definitions are in close association. Soobact focuses on quantifying the perceived social
change. Rabel (2022, 2) definesscial impacts asi € changes t o i ndi

communities due to a proposed action that alters the way in which people live, work, play,
9



relate to one another, organize to meet their needs and generally cope as members of
S 0 c i ®otial impacts an umbrella term for SOC, engagement and resili@mceimpact

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

2.5Well-being

Levels ofindividual well-being include 1) environmental, 2) physical, 3) social and 4)
psychological wetbeing.In this study, weHlbeing isreferred to as community webeing.
Communityand sociaivell-beingcanbealternatively statedshappines®r highquality of

lifei n oneds pdsibon amtommunity. m ithis study | explore community well

being, whichPhillips & Wong(2017, 77)describeagin ot a n i issdebuva hdlistia | 6 s
representatioro f communi t yhe stodg df icdmmuonitysaehieing is closely
linked to the broader fields of community development and community capacity.
Community wellbeing is typically assessed through indices developed by international
organizations and local governments. Instruments from the OECD, UN, UNESCO, EU, and
WHO generally measure weddeing at the national level. However, such indices have bee
criticized for lacking the comprehensiveness or contextual sensitivity required for
meaningful assessment at the local lefashpirical research by Albanesi, Cicognani, and
Zani (2007, 387399) demonstrates thaspeciallyamong adolescents, group involvement

is positively associated with engagement and sense of comritnatly of which contribute

to broader community webbeing. Accordingly, the three focal concepts of this study, sense
of community, engagement, and re=ilce, are all integral components of community well
being This highlightsthe importance o$tudying andbserving thesphenomenan CBOs

for resource allocation, ensuring accountabilityo tfunders, stakeholders, and the

communitiesn question

2.6.Social capital

Social capital is a termsed in social policas ameasureof monitoringthed pr oduct i vi
of social ties which enhances cooperation between individuals for mutual benefit
(Chambers, 200@-94). Most definitions okocial capital agrem researcli recurring terms
include:networks, trustcooperationsupport and civic engageméhiedman & Raikkénen

2024, 8 Chambers, 2006, 94utnam 2000. Social capitakcan beenhanced byense of
communiy. The National Social Capital Benchmark Community Survey conducted by
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Harvard University is the most widely used surveyrfegasuringsocial capital. It assesses
civic participation ad individuals'sense of belonging to their community and friends

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

2.7 Triangulation

Especially popular in social sciencessearchfriangulationis a research strategy used to
improve the validity, reliability, and depth of findingSriangulationrefers toincreasing
confidence in research dathy includingtwo or moreof the following: data source
triangulation, investigator triangulation, methodological triangulation, theoretical
triangulation, and data analysis triangulatidine integration of mor¢han onemethod,
sourcejnvestigator etc. aim® strengthen the credibility and @npretability of findingsand

thus maycompensate for the limitations or biases of a single approach by leveraging the
strengths of others. Ultimatelthe value of triangulatiokes in contributing to a deeper and
more reliable understanding of the phenomenon under investigéddionkoh & Mensah,
2023, 19; Thurmond, 2001, 25357). Triangulation is discussed hi s sesulsthy 0 s
section 8.

2.8.Sports clubsand community centres

Sports clubs and community centres are comm+baged organisations thedn produce
positive social impacas abyproduct oftheir activity. Sports clubs and community centres
represent typical communiyased organisations that often function with a nonprofit
structure, and by utilising some degree of volunteer WOhechetteSalles, Geyer & Tyler,
2006, 4) In Finland, sports clubs and community centres are primarily financed by
municipalities, the Ministry of Education and Culture (OpefaKulttuuriministeri®), the
European Union, sports organisations, associations;pradit foundations, and private

eni ties. The organisationso o swourcasofincomet i es

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, 2&3nadian youth were interviewed

a case studyandmost favoured community centre leadeesredescribed as friends of the
members in the tcloemnruali g yo fc elnd a cee ra@s{Shawpes Ot o
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Lashua & Ingen, 2022, 507n a Swedish study in 2016eidne, Fredriksson & Eriksson
(2016, 972 note thathe fun and undemanding structure of the centre visits and the support
in the centresverefound to be important to most young people. Although shared places
provide opportunities for building community capacity, competence development does not
seem to explain visit activityndicating that the fun and lighthearted environment might be

of higher importance to the visitor&eidne, Fredriksson & Bason, 2016, 972)ports

clubs are more specialised in providing structured,-gaahted sports training withiset

teams. Sports activities typically involve adigdtl guidancealthoughcooperation occurs on

an equal basis among participants, fostering social cohesion and social capital. Blomaqvist
(2024, 17) highlights how the development of community sports activities can be a critical
way for improving local welbeing andhe even connestthem to broader political
frameworks thus highlighting thémportance of CBO impact and performams@luation

Within the scope of this research, the services offered by sports clubs and community centres
are categorizeds 1) unstructured activities)) semistructured activitieand3) structured
activities.Community centres may offéinree forms of activity(Aronson & Gerdner, 2021,

266). Thethreecategories will be returned to this study in section 5.

Aronson and Gerdner (2021, 2&82) examined hovwcommunity centres contribute to
cultural integration and a sense of community. Their findings show that wisteuctured
activitieshelp participants of foreign origin form friendships, structured activiiesh 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 strulgis@re activities as
important for promotinghe weltbeing and social integration of adolescents of foreign

origin (Ministry of Education an€ulture, 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. Byeviewing existing literature on SOC, engagement, and resilience,

| aim to answer research questonlHow does sense of C 0 mml
engagement and resilience incommubitp s ed or gani sations, acco
Additionally, by examining two fields and two case todlgddress research question 2:
AHow i s sense of community defandspatsadubsd e v .

in Finland?o

4.1. Evaluating sense ofcommunity

While SOC is widely discussed, there is no single, agopet method for measuring it.
According to literature,hite most established tool is the Sense of Community Index (SCI),
basedoMc Mi | | an and Chavisd theory from 1986.
1) membership, 2) influence, 3) fulfillment of needs, and 4) shared emotional connection.
The first version, SC1 (1990), included 12 iten{surveyquestionsfocusedon local units

such as neighborhooddowever, 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 addclared gpoor model fit. In regonse, Long and
Perkins suggested the Brief SCI, which uses 8 questions and 3 fadiaisdemonstrated

a better fit. SGR, published in 2008, expanded to 24 items but retained the original four
categoriesHoweverrdoubt s remai n. Fl aherty et al . (
foundations may be outdated, and Douglas (2022, 3253) notes that no single survey
instrument has gained universal acceptance. One readmtasisesubjectivesense of
communityis difficult to measure with numerical scaler@extual factors such as location,

time, and differingcultural definitions of community can also influence results.

Douglas (2022, 3252) tested various survey questions used in recent studies and built a new
local neighborhoodSOC index based on statistical significance. Questions with high

predictive value included: "l feel a sense of connection with many of my neighbors™" and "I
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feel at home in this neighborhoodthportantly, the social environment has evolved since
SCI 6s creation. Communities are no |l onge
Chambers (2006, 131), "network sociality” has become a modern alternative. Gibbs et al.
(2019, 117120) explore this thrnegh the concept of Sense of Virtual Community (SOVC),
which has its own distinct dimensionall in all, we cannotdeclarethat SOCcan be
universallymeasuredResults depend docation anccontext, and therefore inighstudy we

look at contextspecificevaluations of SOC in Finnish sports clutith HCforsports data

4.2. Evaluating engagement

Engagement can be studied \marious ways. In this studythe focus is on physical
engagemeniexcluding digital engagemertn the absence of timseries visit data which is
costly to acquirea 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 pattesngagementkor
example, Peng, Yang, Chang & Liu (2025,14) studied sports bakiiour in China using

an ordered logistic regression model. They measured an ordinal variable called "active
degree of sports participation” (scaleb) against factors like gender, education, ethnicity,
religion, health, and income. They found significaifferences linked to four of these
variables. In the Netherlands, Mudd, Bal, van Lenthe & Kamphuis (2024) lused
structural equation modelling to examine the role of education, resources, and individual
agency in sports participation. They found pi@si links in all predictors.Overall, te
method of analysis depends on the type of varidaihlasareused. Survey data can give
ordinal, selfassesseéstimates, while real visit data with timestamps allows for a closer
examination of participation patterris. this study, we have accessdommunity centre
time-series visit data, from the data tool Melvio.

4.3. Evaluating resilience

On a large scaleesilienceevaluationhas been used to identify and compare socially
resilient, economically resilient and disaster resilient communities (Camacho, Webb, Bower
& Munford, 2024; Scherzer, Lujala, & Rad, 2019; Rahi, 2019). Indices typically consist of
several subndices that covelevels 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 resiliéna@cademic
literature thereare 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, 20P2). The EU cefunded Change Project has
identified a gap between international strategies and the practical strategies of sports clubs,
and the phenomenon is strongly linked to wailespread lack otapacityto change
(Andersson, Book & Norberg, 2023-8). The HCforsports Resilience Indegsponds to

this issue by measuring two primary components: human resources and sense of community.
These di mensions reflect a clubdés resilie

its activitiesthroughresairces anatooperation

4.4.Links between £nse of community, engagement and resilience

Metaanalyses show a strong link between SOC and engagement. Talo (2018, 593) found
that SOC and place identity are among the best predictors of engagement. Talo, Mannarini
& Rochira (2014, 121) reportthat the connection between SOC active participation is
statistically significant, positive, and moderately strong across civic and political contexts.
They describe SOC as a catalyst for participation and developosgt.& Perkins (2007,

577) report that place attachmerand participation pose asome of the strongest
determinarg 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 beglding and share goals

often show higher retention, as members feel emotionally involvald, Mannarini &
Rochira(2014, 2)find that SOC and engagement are interrelgtegnomendhat support
community competendey promotingtrust, collaboration, and civic responsibiligll key

for building resilience (Lee, 2024, 34245). Unlike engagement, resilience is a kbaign

goal that needs a strategic approach. It requires sustained engagement to grow community
competence (Lee, 2024, 34819). Based on existing literatyreé=igure 2 presents a

conceptualllustration ofthe relationshipbetweerthe thregnvestigatecconcepts

15



ficat al

Sense of -
Community

Engagement

Resilience
_ achieved in the
long-term

Figure2. Anillustration of the interconnectednesssshse ofcommunity,engagement ancesilience

However, inthe following analysistheserelationshipswill be critically examined, when
pursung resilience in communitybased organisation®One critical viewpointis the
occurrence ofwerly cohesive environmentisatma y i n d u c e . Thigrafeosdoghe h i n k
tendency to ignore statimgn e 6 st r ,wken io the pursud of growmanimity. This
phenomenon often has a negative impact on group performance in project settings, as proven
by research such as frdrRiccobong Bruccoleri, & Gré3ler2016 609. | argue thatvhile

SOC is a key driver of engagement, it must be supportemrigvation andstructural
practices Without these, a communHyased organization may achieve high levels of
immediate engagement but falter in its ability to adapt to-teng challengesespecially

with limited financial and human resourcéglditionally, communitybasedorganizations

should balance cohesion with criticality to ensure that engagement does not become
performative nor would groups remain the same, ensuring that their initiai\zgs to

community needs.

4.5. Sense of communityin Finnish community centres and sports clubs

Next, | will investigate the two casevaluation method®r sense otommunity(SOC)and

asses$iow sense of communitis defined andevaluatedn community centreand sports
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clubs SOCis approackdby comparing the differences between dedinitions of thetwo

case datdools Previously, SOC was defined #® sense of belonging to a supportive
network, feeling of importance in a group as the commitment to be togetherMc Mi | | an
Chavis, 1986, 9; Sengupta et al., 2013, 2@€cording to literature, amples of survey
guestions that can be used as a proxy of
¢ o mmu nHoweyay, SOC definitions differ immensely between different contexts, as
does the usef@GOCevaluationbetweenCBOs

With HCforsports SOC is defineth the sports club contextith a Conviviality Index (CI)

Cl is formedthrougha club community test, which is essentially a-ssessment test for

club stakeholder®ffered by HCforsportd he data is gatherdobm adults in club activities,

such as staff, coaches and volunte€ng test consists dfvo continuousscaleoptions(400
points)forgoalsit he goal sO6 tar get &rteaample chtwaloptionse i r

i dn my community we do things together ainmd my c ommuni tarchitegvery
of t hei r odWisardlatvemeasureoba selectedunit, for examplewithin one

sport comparing clubsCI consistsof four dimensionswhich form complex and naturally
correlated relationships with each oth®n a group levell) participation is measured as
averagepartaking in the teqby opening the test link 2) goatorientedness ithe average
distance of goals from the middle pqiB) criticality is measured with theveragedistance

of édcurrent stated and Ot ar apeaveragsimiaartyeod , an

answes, usng 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 membhe igports clubThis

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 club3.he relatiom is executedy usirg a relative algorithnthatcompares

clubs, teams etcThe index focuses on derived clues of SOC. Tiehighlights the

i ndividual 6s part of soci al s tidedogypreseneed , wh

earlier

In the Melvio dataset, sense of community is measuaradnore traditional way, supported

by literature Tharpr o x y f o Fbel@&@t6 a grap thafiis important to eevhich
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is constructed as Likertscale(1-5) survey questiorSurvey questions can be answered by
the community center visitoryvhich iseither a visitor over 13 years olaindin the case of
visitors under 13yearss old, their guardiarprovides the answeiThe Likert scale options
represent scales aigreement with the middle pointli2ing most neutralA Likert scale
range of options assumes equidistance in option preferences, dagshosea possibility

of transfering biased assumptions to resullieverthelesdikert scales are popular in social
sciences as they camepresenthe desiredexactness ofmneasuredepending on goalef
simplicity and coskffectivenessAsking multiple questions on sense of community might
provide more rich resultdon SOC howeverexcessive survey length should alse b
speculated to have possibly negative effect on resultd. single survey question
representing SOC is a traditionahy of evaluating subjective sense of communitiie
evaluationcan be aggregated to represemtan or median level;n groupssuch as
community centres or geographic areésne seriescomparisons 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 bgyathered from the analysis, SOGlefined and evaluated in community centers
and sports clubs Finland fairlydifferently. The differences irdefinitions and evaluation
methodsof SOCderive fromdata 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 commubityt-baseddatain HCforsports
evaluates theelativestate of SOGn units,and visitorbased datan Melvio evaluates SOC
onthe level of thendividual, but may alsoaggregateesults to unit¢evel by using mean

andmediars, as examples
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5.METHODS

This chapterdefinesthe analytic strategusedto answer research questioBsHow do
selectedractors contribute toelative 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@t r uct uring the discussion
specific data set3.he underlying goalareto assess the functionality of theo indices and
assesfactors behind engagement in two Finnish data$étsfirst parexamines the sports

club sample (HCforsports) and its Conviviality (sené&€ommunity) and Resilience
indices. Because the underlyimglex algorithms are&eomplex,copyrightprotectedandthe
equations cannot be inspectedpproximate the index scores with Aearametric surrogate
models and conduct sensitivity analyses to assegdel functionality In the second part,
engagement is operationalisedtase to disengagemeriEngagement is inherentlytene-
to-eventconstruct: the central question is not merely how often people visit, but how long
they continue to come. KaplaMeier survival curves are suitablenonparametric tool for
such censored dat@roup differences are tested with statetimethods. Alomplementary
nonparametrianodel is estimated on cumulative visit counts to provide an altervasiye

of evaluating engagementhis data analysis triangulatioaims to help solidify the
robustness of conclusionBogetheythe two methodological streantdfer complementary
perspectives on commuribasedorganisation performance: the spestsb analysis
leveragesinit-baseddata to decodeelationaldrivers of conviviality and resilience, whereas
the communitycentre analysis exploitgsitor-baseddata to illuminate behavioural patterns

of sustained participation.
4.1.1. Conviviality and Resiliencendices

The purposdor the upcomingmodel creation and dagnalysis is tcstudy the complex
HCforsportsindex algorithns with new machinelearning modelsand assessndividual
predictorbehaviourThe results bring light teariable behaviour in the dataset, helping users
understand theirelativeindex scoresand how individual predictors compute high index
scoresn this dataseDue to the copyright protection of the index algorithhusesurrogate
modelingto computeheindexscores which isoften used when a result of interest cannot
be readily and directly assessed if the current calculatiorrequires interpretability

(Alizadeh, Allen& Mistree, 2020276277). With new models, | execute local and global
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sensitivity analyses to asseb® sensitivityof the modelsand assess the importance of
individual input variablesAdditionally, | assess functionality bseekng to define optimal
levels ofindividual input variables in achieving higtonviviality (Cl) and resilience (RI)
indexvalues Sensitivity analysis is conducted with Monte Carlo simulations, as wblf as
simulating new datand generating Shapley Additive Explanation valuescEh pr edi ct
marginal contributions assessed in relatida predictionsWith the following methods|,
investigatehow selected factors contribute @l (senseof-community) andRl surrogate
models With RI, the aim is also toaisemultiple typesof models (treebased, kerndbased)

to compare modeling abilityGood model fit is crucial for sensitivity analyses, as poor
goodnesf-fit can limit capturing the inpubutput dependence. (Borgonovb29137,
2017).The original dat@ontainsone 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 tb mode
nonlinear data, however dueite computationakxpensivenesgn feature importance for
example), iwvasdisregarded. Principal Component Analysis was etssiderednd tested

in MATLAB , but becausdirect attribution to individual variablegaslost, the methodvas
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 effectibalydles correlated features.

| also wared to experiment with a classification method, and Classification Decision Tree
(CDT) segments data into groups and allows giidugosensitivity analyses of how variable
perturbations affect class probabilities. Visualized results are also easilyatdabter and

might provide transparency into decision thresholds, which may be of use for the
development of the tool. Support Vector Regression (SVR), as akexsed method, was
selectedo model Rldueto its different modeling perspective, helping Gan robustness

of RI sensitivity analyses. SVR, especially with a radial basis function, is able to capture
subtle effects or interactions with continuous chan§&&R is not used in modelingCl,
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 interpretableotodtrwithout
20



requiring extra scaling stepall selected modelsonsider joint distributions in the original
data because they are nonparamgtmigltivariate and they include interactioddl models
are suitableo be built froma moderate dataset of n=64%r all models, global sensitivity

analysis ipossible with Shaplesnethod, which is introduced in sectiori 4.

4.12 Random Forestregression

RandomForest (RF) is a learning method used for classification and regression tasks,
introduced byeo Breimanin 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
generalizabily by reducing varianceThe accuracy of a random forest depends on the
strength of the individual tree classifieRF is nonparametric, mieing it suitablefor
complex datasets. It assumes minimal distributional properties and is robust to outliers,
noise, and missing dat@nerule of thumb suggests at least ten times as many samples as
features to prevent overfitting. Random forest is flexible, performirf§iciently well on

both small (e.g., 500,000 samples) and large datasets when the problem complexity and
number of features are managealdheother casesit requires sufficient data to ensure
reliable performancdn our casethe sports clubdataset ismall to medium sizén=645)

Our datasetcontains 4-5 explanatory variablesvhen modeling ClI and RI. Feature
importance metrics provided IRF allow for model interpretability, aiding in understanding
variable influence. Overfitting can still occloyt particularly wth a high number of trees or
insufficient pruningModel goodnesf-fit can beassessedith Mean squared error (MSE)

and R. MSE is an absoluterror metric that squares each residual, so larger mistakes
receive disproportionately highgrenalties Therefore, alower MSE indicates closer
agreement between the ensembl eR2expresseehow g e d
much of the variance in the target variable is explained by the naoaktherefordnigher
scores indicate a better model (Breiman, 20015-29). To operationalise RF in this study

the modelis createdn MATLAB with the fitrensembleroutine set to bagging mode. The
model call is configured for 80 treeshich showed to be feasible (IAMSE) for both CI

and RI surogate models
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4.1.3.Support Vector Regression

Support Vector Regression (SVRuised for modeling Rl in this study. SRRaisupervised
machine learning algorithm derived from Support Vector Machines (SVM), designed for
predicting continuous outcomes. SVR optimizes a hyperplane in allmgnsional space

to minimize prediction error, effectively balancing accuracy and gernatiah. It employs
kernel functions, such as linear, polynomial, or radial basis function (RBF), to hanéle non
linear relationshipsin MATLAB, | amable to generate permutation importgnegich is
closely related to feature importanndreebased mods, thus offering some comparability
SVR excels in small to mediusized datasets with high complexity, though it requires
extensive preprocessing, including scaling and normalization, to improve convergence and
performance. Vapnik (1995129155 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 hijimensional data, it is
computationally expensive for datasets witlany featuresProper kernel selection and
regularization tuning are crucial for optimal performar@eodnes®f-fit statistics for SVR
include R2, adjusted R2, Root Squared Mean HR8ME), Mean Absolute Error (MAE)

and Mean Squared Error (MSHEVapnik, 1995, 129155). In our case MSE and R2
statisticsare usedas complementing metrics, whicilso supporta comparison with
RandomForest diagnosticg-or our context, which isnodeling Sense of Community and
Resiliencean sports clubs, our dataset (n=645) with 5 factors SVR performs well, however,
one risk ishe number obutliersthat mightdecrease performancehis isconsideredvhen
analysing and comparing modebkults The model is initiated in MATLARBwith fitrsvmthat

fits an RBFkernel SVR to the predictor matrix X and response vector Y, automatically

choosing the kernel width anestandardising all inputs

4.1.4 Classification Decision Tree

Decision trees are ngwarametric models that divide datasets hierarchically based on feature
thresholds, forming a tree structul@DT is able to provide feature importance, which
indicates relative importance of the variables used in the EBaeh node represents a
decision based on a feature, and leawescate predictions. They are intuitive, easy to
interpret, and handle both categorical and continuous Algtane weaknesslecision trees

may sometimede prone to overfittingwhich is tested with @20% data splitsDecision
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trees have minimal assumptions, making them versatile for diverse data types. While they
lack the flexibility of ensemble methodbagging, boosting, stacking and votingjeir
simplicity and transparency are advantageous for interpretal@itfis performdecently

well on multicollinear nonlinear dataspecially when used as part of ensemble methods
CDT goodnessor-fit metricsdiffer fromRF and SVR. Key performance metrosdecision

trees includeprecision, accuracy, recall, and F1 scoréhe F1 scorewhich balance
precision and recallis particularly useful in datasets with uneven class distributions.
(Rokach & Maimon, 2008, -45). There is also a possibility that a classification index
method may is of interest for the development of the towlll classifyCl andRI scores

into three classesased on percentiles of thedex scoresSince our originaindexvalues

are relatively balancedn indexvalue range @400, | will use accuracy tmake the group

split decision.l will aim to achievehigh overall accuracy and equal accuracy between
groups Model performances considered when interpreting sensitivity. As Borgonovo
(2017, 129137 argues, sensitivity indices are only meaningful when models adequately
capture the inpubutput relationship hence, results are interpreted together with

performance metrics that reflect goodnesit.

4.1.5.Multi -model creation with sensitivity analysis

For the assessmentofthepor t s cl ubsdé Conviviality I nde
will assess sensitivity of the surrogate models with Local sensitivity analyses (LSA) and
Global sensitivity analyses (GSA). | am using multiplerogatenodels (RF, CDT, SVR)

to analye sensitivities both individually and collectivelizocal 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/lonte Carlo perturbationsef each predictor within a +20%
range, while keeping others fixed commonly referred to as a caeatime (OAT)
approach. The method provides an initial diagnostic of local model behavior. Although
Monte CarloLSA assumes independence among inputs, which is not consistent in this
datasetthe methodemains a useful first step for assessing localized sensitivity and model
agreement.The perturbation process adheres to dorspgtific constraints further

explained irthe analysis sectiafi 1.3 Borganovo criticizes OAT sensitivity in the presence
23



of constraints, stating that a emariableata-time sensitivity analysis is impossible, as we
cannot solely vary the model i nput of int
2017 102. This is particularly relevant in this study, where constrained proportions and
correlated inputs challenge the interpretability of purely local approatbesddress these
limitations, LSA is conductedensuring constraints, by clipping values to their possible
ranges. Nextglobal sensitivity is assess&y geneating SHAP valueswith a simulated

dataset (n=2000)at extends the input domain beyond the observed data, while preserving
its statistical propertiesTo achieve this, synthetic data were generated usi@gman

Conover method.

4.1.6.The Iman-Conover method

The ImanConover method is usddr global sensitivity analysief the Cl andRI, which
maintains the empirical marginal distributions anditimearrank correlation structure of the
original datasetSimply 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
thoseof the reference distributiorn this study, epirical ranksare computed, empirical
samples arerdered the target correlation is achieved withA T L A Bdir $unctionon the

X predictors andreorderingis executed wittCholeskydecomposition, which melhes the

rank structure of the independent sample to the rank correlation of the empiricAlfigaia.
postprocessings executed to ensure constraints galdie ranges arfellowed. This means

that theconstraints (e.g. variable hierarchies) are explicitly enforced to ensure realistic
synthetic observations, avoiding distortions at distributional boundaries (e.g.,
overrepresentation of Os or ttsour datd As our data presents multiple constrainks t
ideaof GSA hereis to conductsensitivity analysidy simulating more data between the
possible range€€omparing to LSAhat usesandom samples of original data,GSAthe

input space coveragethe entire domain of each input variablEhe methods effective due

to efficient algorithms for generating samples watbpecific correlation structuréman
Conover methoaan equally handlall types of input distributionsvhile maintaininghe
marginal distributions in simuled dataPreserving the original correlation and distribution
avoids the unrealistic input combinations that can result fromeneandom sampling

especially when input variables are not independénan & Conover, 1982, 31330) 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 dafdsetonstraints in the original

data favor the selection of the Im@wnover method.generate n=2000 data points to keep

the calculation computationally light, while still tripling the original d&ta645)in size.

With the simulated dataalidation of distributions and correlation are visualised to how the
simulated data reflect the structure of the oadjidataThe final result is a bivariate sample

with the marginal distributions and a rank correlatimmicking the desiredoriginal data

Limitations however include challenges in preserving the oriduiajoint distribution In

this study,the aim is to follow the original correlation structure \@e are interested in
transferring thevariable correlations into the simulated data®¥éth the aim of surrogate
modeling the index scoresd executing GSAmanConoverhelps tamprovethecoverage

of the feature spac@he ImanConover methods well suited to simulation work where
marginal distributions are sampled independentlythey must be combined to achieae
desired level of correlatioriMildenhall, 2005 2-11). The method is best interpreted when
original correlations arevell understood ando not include a large portion of simpleise

In our case, part of the observed correlation arises from constraints between variables, while
the remaining correlation isonsidered to reflect meaningful relationships related to
resilience and sense of community.addition to ImarConover,Copulabased simulation

is discussed in the literature as an approach for dependency modeling (Wei, Lu & Song,
2014 210211), but here, a rankased ImarConover method is favored due d@ar data
structurewhich hasmultiple constraintsas well as thenet hodods comput ati o
and empirical groundingCorrelatiors can beseen asymptons of underlying constraist

thatcan beconsideredwith thelIman-Conovermethod,in addition topostprocessing

4.1.7.ShapleyAdditive Explanations

Shapley Additive Explanations (SHAP) mostly adheres to Shapley values' mathematical
principles derived from game theotg.the context omachine learninghe model is treated
asablackbox,af@hapl ey values assign each feature
by averaging t hoentributicn byuarfeatdre acnoss allgpossildel subsets.

will be using SHAP summary and dependence platis the simuléed datawhichcan be
computationally expensive, &HAP simulatesall possiblesubsets andutcomes(Mass,

199202, 2021)In the case of a very large dataset, Monte Carlo sampling can befoseful
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SHAP, however in ouinstance thesimulated dataset=2000may be computecentirely.

Using SHAP values for model explainability has proven to be a useful tool for discovering
patterns in datgMarcilio & Eler, 202Q 340-346). Additionally, this approachallows
sensitivity results to generalize beyond local neighborhoods, improving robustness in model
interpretation and variable prioritizatio®HAP values can be calculated for timesed
methods, as well as for kerAghsed methodsproviding consistent and interpretable
estimates of feature importance across all modéis.Kernel SHAP approach takemre
computation powein both dimensionality and size of the databetvever, as-% features

will be modeledthis is not expected to be a large is¢Mercilio & Eler, 2020 346. A
limitation in SHAPIs its inability tosufficiently considerjoint distributionsand dependence

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

contributions in a simplified inpugpace

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 coloudesdbe

original feature value. Dense clusters of similarly coloured points signal a strong, monotonic
positive effectanda wide rainbow spread indicates Aarearity or threshold behaviouk

SHAP dependence plot focuses on one predictor, plotting eachs er vat i onoé s
contribution for that feature on the vert
horizontal axis. The overall slope reveals the main effect, whereas vertical lsicglights
conditional interactionsThe aimof usingSHAP values is to inspect individuatedictors

and their individual contributions to tl& and Rl scoreswhile assessing optimal levels to

achievehigh levels ofindex scores

5.1.Engagement
Engagement is assessed through Kapamrer and Random forest, to inspect engagement
from two angles, providing data source and data analysis triangulation, which is highly

advocated in social scienc&ow, methods and their targeadf analysis are introduced.
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4.21. Kaplan-Meier survival curve

The KaplanMeier curve is a noparametric method that estimates the survival function and
is often used to visually summarise thtoeevent data. The survival curve is a stepwise
function that declines whemvents occur. The-axis represents time, and theaxis
represents the probability of still being engadetas beemost usedn medicine to detect
survival rates of groups with different treatment. However, applications to business contexts
include analysing customer churn with visit or purchase datanalysisof time-to-event
data in our casatilizes visit data from community centre visitorsaim to detect factors
behind the strongest engagemdée groups (adults & children) are used for mibetailed
analysis.Visitor demographicsyisitor survey data ands well as otheexternaldata is
analysedas they are available to use in the data. Joedis to assess thperformance of

the community centresn terms of engagementCan we detect the people who are most

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

The KaplanrMeier curve requireshe following information the time period for which
follow-up was available, and the status at the erttiefollow~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,
KaplanMeier handles censoredhtdh instead of excluding itesulting in more accurate
performancelt does, however, assume that censoring is independent of survival probability.
In practice, participants should run the same risk of an ekzztdrnal effectssuch as age

limits in groys should notimpact the survival probabilityAdditionally, sufficient sample

sizes are needed for individual and group survival rate analgii®ugh no specific
recommendations are sét key factor in the analysis of engagement with our available
community centrelatais thatthere aralifferent sizes of data for soncerrves as the data
differs in the precision of visitor and member informatidherefore group sizes are not

fully comparableand if data size ismall, it istaken into accounin the analysis As the
method calculates survival probabilities visualized through a stepwise survival emgee, |

step sizes in KaplaNeier 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 Ald@lculateghe size under the survival curve. A larger
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AUC however does not always indicate fdbett
differ largely. A larger AUC may possibly even represent a high initial engagement with a
steep decline. (Hess & Hess, 2020,672; Ranstam & Cook, 2017, 442)

One dhermethodconsidered foengagement analysis througiirvival probabilitywasCox
Proportional Hazardswhich is a semparametricmethod.It assumedhat the effect of
predictorson hazard dctivity drop ouj is constant over timeandif the assumption is
violated, results are unbiaseddditionally, visual representation is rex directly possible

as in KaplarMeier. (Woo, Kim & Cannella, 202417-519) KaplanMeier is also preferred

over parametrisurvival models dugo their assumptions about the underlying distribution

of event times, which we cannassumereliably. Overall, te justifications for selecting
KaplanMeier for engagement analysis include 1) handling of censored data, 2) providing
survival probabilities over time, 3) easisual comparison between selected groups 4) no

distributional assumptions.

4.22. Random forestregression

Random Forest (RF), described in greater detagettion 4.1.2, is employed to assess
engagement based on visit count. Specifically, | model the number of visits per visitor using
the same predictors applied in the KapMeier analyss. 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-rediance on distributional
assumptionsln contrast to parametric models, Random Fofesl) 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, &829). The objective of this analgsis to evaluate the relative importance

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

engagement analysis, contributingitta analysisriangulation.
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6.PREFACE FOR THE TWO CASES

Before investigating engagement, sense of community and resilience evaluation methods in
Finnish CBOs, | will preface thievo casesand their selected types of datdis section
explainshowthetwo case evaluation methods differ in the type of data: 1) viksdeed data

and 2) unibased data.

CBO employees and voluntegmsosttypically adults play a central role in organising
structured activities. Their goals, motivation and capacity to coordfoate the foundation

for engagemerin CBOs However, an important distinction arises in kel of structure
involved in different activities. lminstructured community centagtivity, such as informal
gatherings among peers, thesencef organisers may be minimal, reducing the relevance
of assessing tharganisersThis raises a key questididow should the performance of CBOs
be evaluated, and who should be the focus of assesshtenédswer depends on the degree
of structure in the activity. Fortrsictured activity, it is appropriate to evaluate the
organisationalstructureand the quality ofmanagement and leadershlp. contrast, for
unstructured activities with minimal adult involvement, it becomes more relevalbséove

the visitors throughvisit data, surveys, and demographic informatigisitor-based data
allowsus to track changes participationpatterns, survey responses, ahdnge®ver time.
These are particularly valuable in understanding the impact of unstructured séigoes.

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

distinction.

Figure3: Levels of structure in leisure activities with examples

In unstructured settings, visitbasedatamay serve as thgrimarysource of performance.
In this study, the distinction between structured and unstructured visits cannot be precisely
definedin the availabléMelvio community centre datalthoughthe best evaluation is set at

around 70%of structured activitiesAbbott & Barber (2007, 5966) evaluated youth
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development outcomexd structurecandunstructuredctivity in Australia,by using surveys,
demographics, and visit trackingshich are commonevaluationmethodsin community
centres and youth centré@me-series data on webleing, engagement, and demographics
can inform the managemenand stakeholdersf the CBO performanceHowever, data
gatheringn CBOsis most likely aguestion of cosefficiency, becausevaluation is noseen

as an essential element in Firmjgouth organisation&retschel et al., 2023, 63).

By contrastin structured settingsisitor-based datenay reflecindirect outcomesecause

the core indicatorsight befound in organisational structurebroughadultled activity
planning.CBO activity organisersanbe assessed as key agentsaofivity performance.

Their role is foundational to enablingngagementaind positiveimpact The value of
organisationaCBO assessment is well supported in literature. Smart (20080yYargues

that selfassessment in voluntary youth work enables critical reflection and accountability.
In the sports context, De Knop, Hoecke, and De Bosscher (200244) presentetKSport,

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 stakeholdexsch as board members, coaches, and club
participants 73% of clubs aged that the assessment accurately reflected their
organisationateality. For structured activities in Finnish CBOs, one applicable approach
involves constructing indices based adut selfassessments and organisational ,data
approach introduced in the followingCforsportscasedata However, in addition to
organisational assessmeitig value of visitorbased datan structured activitiesanstill be

very insightful andsupport multiple methods of triangulation.
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/.SENSE OF COMMUNITY AND RESILIENCE
IN SPORTS CLUBS

To investigate CBO performance in structured activities, | 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 (Cl) and resilierough a

2) Resilience Index (RI). | will answer research quesBonHdw do selected factors
contribute torelative sense of community and resilience indices in sports clubs in Fihland
The indices are originally piloted as relative algorithms, aeccapyrightprotected Over

time, the increased dataasspecifiedcomparisos between unitsin this data analysjd

provide an example & largedatase{n=645 teams)l will remodel the originaklgorithm

with new machinelearning modelss{urrogate modelingto 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, | execute local and global
sensitivity analyses to asseiss sensitivityof the index scoresndthe individual importance

of input variables. One goal is &dsodetect optimal levels of input variables in achieving

the highesClI andRl in the case tool.

6.1.1. Conviviality Index and Resilience Index

Presented previously in sectiom.1.HCforsports is a data tool that enables -dizen
organizational sports club management, with a focus on club strategy. As opposed to visitor
based data collection (case Melvio), HCforsports has focused otewglitdata, which
reflects agroupinstead of individuals. Data is collected from club stakeholders that are over
18 years, whdunction asorganises of the activities through different roles. The tool
emphasizes cogffectiveness and consists of multiple @ge online assessment tests with
continuous scale slide(gd00 points) measuring current and target states of activity goals.
the construction of ClI is explained in more detail in section@rie of their sports club
tests,the club community tegtrovides 1) Conviviality Index (Cl) representing sense of
community, as well as 2) Resilience Index (RI), representing resilience in sports. &igure

visualises how the indices are constructed.
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+  Club stakeholders Human resource Index HRI

Resilience Index RI

+ Participation rate

* Goal-orientedness rate
+  Criticality rate

+  Unanimity rate

Conviviality Index CI

Figured. The construction of the HRI, Cl and RI.

The four rates form naturally correlated relationships with each d@@imea group levell)
participation is measured aseragegartaking in the tegby opening the test link 2) goal
orientedness ithe average distance of goals from the middle p8intriticality is measured

with theaveraged i st ance of O6current stated and Ot
as averagsimilarity of answes, using pairwise comparisaglditionally, in the Resilience

Index, 5) the number of club stakehoklEpresentiuman resources a unit throughpaid

staff and volunteers, as clubs almost always include both.

As thetwo algorithmsare copyrighfprotected, they cannot be fully revealed. Previous
research does not show the use of sports SOC or resilience indices, and the Cl and RI
represent an innovative take on measuring relative SOC and RI. The indices do not aim to
compute generaable values of SOC and resilience, as they aim to function only as
comparative measuregsed for development of CBO impact and performanbae
parameters of the algorithrhave beesetwith the best available information, but visibility

of the individwal variables effectsis 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 thatdividually produce the highest Cl and RI values.

As a reminderjt 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 timeor possibly with support of other validating datech as individual survey
responses on sense of communitiiis process refers to triangtion in resarch which

aimsto providea comfortable degree of assuran€ehurmond,2001, 253)
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6.12. Description of data

We have a moderate dataset of n=645 sports teams from Finland from 13 lsjhar{Ehe
teams include different sports such as football and ice hockey anddearasage between
four competitive levels. Some variables are highly correlated. Tigtmevides descriptive
information of the data, and distributions of all variables are presentigdiia 5.

Participation Goalorientedness Criticality Unanimity Club

rate rate rate rate 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

Tablel. Descriptive statistics of the dataset Cl and RI

Original data: Participation rate Original data: Goal-orientedness rate Original data: Criticality rate Original data: Unanimity rate Original data: Club stakeholders
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Figure5. Distributions of originapredictorvalues

The original data contains one error value, a moderate number of outliers and high
multicollinearity, andlinearity in relationships cannot be confirmedis crucial to model

the indices with methods that matched the characteristics of the variables. Additionally, two
errorswere deleted because they contained values that were outside intuitive value ranges.
The correlation matrix in figuré reveals high correlation between some values. There are
some restrictions in data, which include the followir) data ranges have to be clipped to:
[0,1] for the four rats, and [0,500] for clulstakeholders. 2) there is a funnel logic in zero
predictor values, for example criticality rate cannot be a positive if@oahtedness rate is
zero, and so on. djpalorientedness has to always be smaller than participation rate due to
original calculation methodThe constraints arespressed by the tool providdrhese
constraintsn value rangesire taken into consideration in the upcomghgbal sensitivity

analysis, while also ensuring that clipped values are not overrepresented. The models are
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selected to best fit the structure of the data, as well as the modeling purposes, which are local
and global sensitivity analyses. Sensitivity analysesesurrogate models will shed light

on the behavior of individual variables.

Participation rate

Goal-orientedness rate

Criticality rate

Unanimity rate

Club stakeholders

=02

Human resource Index

Conviviality Index

102

Resilience Index

Figure6. Correlation matrix Cl, Rl and their predictor values

6.1.3 Process description

The use of multmodel creation andsensitivity analysis is an effective approach to
understand the behaviour of variablefienthe original model is unknown or difficult to
interpret. The selected method for local sensitivity analyses areaviableata-time

(OAT) perturbation withk20 to +20% changes, using Monte Carlo simulation, to assess local
effects of input variableg\ll code is executed in MATLAB, and models are bwiith 100%

of theoriginal data n=64%o0 ensure the modeling would be don#whe closest association

to original Y outcome values (Cl and RI), even when simulating new@aibal 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 thesgwvity of index values, and the importance

of each individual input variable. Tal®eresents the process descriptimnparticular it is

interesting tosee how each factor contributes to the Cl andaRH toinvestigatethe
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similarity of results between modelsoiftimumpredictorvaluesare foundn relation to CI
andRl, thesecan provie insights forinterpretation anaptimization ofthe index scores.
However, sensitivity analysis results should be interpreted with caution, considering
potential model assumptions and rearld complexities. The relationships between the
variables are complex, and conclusions are only drawn from \@sers observed in

surrogatenodels notoriginal algorithms

Dependent
_ Model(s) Used | Data Methods/Tools
variable
Sense of Original Data _
_ RF, CDT Monte CarloPerturbation, Feature Importan
Community n=645
Sense of Simulated
_ RF, CDT SHAP Values: Summary and Dependence
Community n=2000
. Original Data .
Resilience RF, CDT, SVR 645 Monte Carlo Perturbation, Feature Importar
n=
- Simulated
Resilience RF, CDT, SVR 2000 SHAP Values: Summary and Dependence
n=

Table2. Sensitivity analysisrpcess 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 (3\¢eheratech

set of n=2000synthetic data that mirrors the characteristics of the original dataset. The
simulation aimed to explore model responses across a broad, plausible input domain while
preserving marginatlistributions, correlation structure, and domsjrecific constraints.
Global sensitivity methods like SHAP assume variation across angdespace, but naive
sampling can lead to unrealistic combinations when features are correlated. To mitigate this,
| used a Imai€Conover method (Iman & Conover, 1982), which maintains empirical

marginal distributions and rank correlations.

Simulation Stepsiclude: 1)Empiricalquantilesampling Each predictor was sampled using
inverse transform sampling from its empirical distributi@p.Integer handling discrete

variables (e.gglubstakeholders, rand®,500]) were rounded and clipped to preserve scale

35



3) Rank Correlation EstimationA target Pearsehased rank correlation matrix was
computed from the original dat4) Correlated Gaussian Generatidfultivariate standard
normal samples were created using Cholesky decomposi®yn.manConover
RearrangementGaussian samples were used to reorder the quaatiled values,
aligning with the correlation structuré) Constraint Enforcement was executed widh
Proportions clipped to [0, Ipr thefour rates and [0500 for club stakeholdersi) Logical
zeroconstraints (e.g., if participation =thengoalorientation = 0)and iii)Behavioral rule:
goalorientation < participationmirroring original rate calculatiorL.astly, 7) Validation
Simulated data (X_new) were validategainst the original (X) using marginal histograms
and correlation matrices, showing strong statistical alignnvalidating figures7-14 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
avoidedfairly well. Additionally, joint distributions of simulatedatavisually seem to be
representative of original dathese steps enable a successful global sensitivity analysis.

The synthetic dataset is used solely for GSar both Cl 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 andetegepldts are

generated to assess global feature importance and identify potential interactions.

Original Correlation Generated Correlation

Participation rate Participation rate

Goal-orientedness rate Goal-orientedness rate

Criticality rate 04 Criticality rate

Unanimity rate 02 Unanimity rate | @

Club stakeholders

B “0\6@‘9
P € o« S A€
?’6‘,‘\0\‘? Q{_@n\e fos R oA

P (o

Figure?. Correlation matrices of original data n=645 and generated data n=2000
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Figure14. Joint distributions of simulated data
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7.2.Conviviality Index

Now, we may move to the assessment of the Conviviality Inttewughthe predictorsthat
represent sense of communityHCforsports First, | create thesurrogatenodels forCl, to
helpachievanterpretability of variable behaviouXext,local sensitivity analysis and global
sensitivity analysigare conducted to investigate sensitivity and behawietween predictors
and Cl

6.21. Modeling CI with Classification Decision Tree andRandom 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 gooafidss Random

Forest model was coded with 100% of original data in MATLAB. Rifanodel was built
with 80 tr diteasemblé frictiog in MATEAB,6specifying model type as

G e gr e. dieiexplartatory power of the created RF model was 96.78% and the mean
squared error was 18.87, which is low compared to generated values ofil@)(0rhe

model fit seems to be quite good. | 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 seein figure 15.

Histogram of Residuals, RF)
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Figure15. CI: Histogram of residuals, RF

Classification Decision Tree (CDT) also has very little assumptions. A-theses CDT

model was built with thditctreedfunction 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 nEt8%pared to RF,
calculating residuals is not possible due to the classification struétitee.building the
modelsnextl assess their goodnegEfit. Accuracy in groups was between 93.9%.39%,

which is very high. Wheassessing goodneséHfit, the confusion matrix and t caldulated

metrics provide results. The metrics weralculated 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
emough, 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. | also experimented with an 80%/20% split of the teaching armtht@sand

overall accuracy slight degraded. Thslight risk of overfitting cannot be avoided in this

case. However, thmulti-model creation with sensitivity analysigethod 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 94.18i 96.18%

Recall 93.79i1 96.39%

F1-Score 94.50i 95.90%

Overall accuracy 95.12%

Table3. Cl: Goodnes®f-fit metrics: RF and CDT

6.2.2.Local sensitivity analysisof Conviviality Index

Next, the study assesses how four selected index predictors affect the Conviviality Index
(Cl ). Feature i mport anc e@redgtorimpovtancdtunctipa t e d
with original data n=645The relative feature importance values (figifeand 17 reveal

that goalorientedness contributes to Cl scores the most. In the case of a classification
decision tree (CDT), godalrientedness also ranks the highest in feature importance, with
participation as second. The tieased models provide similar résy with slight
differences in order. Criticality rate and unanimity rate contribute the least to CI, with the

least relative importance.
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Figurel6. Cl: RFmodelFeature Importance. Figurel7. Cl: CDT modelFeature Importance.

By assessing local sensitivity with original data, | use a Monte Carlo loo206trandom
samples forsimulation, pertubing the X variables witB0 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) go@ntedness rate is smalithan
participation rate. The Monte Carlo loop takes these three restrictions into consideration in
generating simulations with the Random Forest model. Additionally, by ploRitg
samples of original predictor values wit+ 20% changes, some pattercan be visually
detected. This sample size enables visual interpretation, however different random samples
were generated and visualised to confirm similar results. The grey lines inffgre@esent

the individually pertubed rates and their relationship to Cl. Steep lines indicate that Y is
highly sensitive to changes in this feature, wiggly curves indicate nonlinear or unstable
effects, and flat cungereflect the least sensitivityAll rates seem tgoresent consise
behaviour All in all, the Monte Carlosimulations indicate that increasing predictor values
increase @ (sense of communityAdditionally, figurel9 presents a plot of mean predicted

Cl values across all 645 observations on a scale of [40, 50], highlighting the differences in
predictors. Local sensitivity analysis wiRF indicates that 1) goalrientedness 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 behavfidlie variables,

andthe nextsection investigates whether global sensitivity analysis supports this.
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Figure18. CI: Monte Carlo LSA with RF. n200 Figurg9. Mean CI: LSA with RF. n=645

A Monte Carlo simulation is executaasing the Classification Decision treenodel
However, with CDT,| am now predicting classes instead of continuous CI valu#£800

The three classes, representing the lowest 25% (class 1), middle 45% (class 2) class and top
30% (class 3) are visuadid for each of the variables. The yellow line represents the best
class, iow. the highest ClI valuegdmilar, local variable behaviour can be detected in the
plotsin figure 2Q when compared to the previous RF local sensjtianalysis. Overall,

higher perturbation in all four variables seems to contribute to higher Cl values, representing
higher sense of community. Participation rate and-goahtedness rates seems to have the

strongerrelationships to Cl, as detected from feature importance.

Predicted Conviviality Index Class shares: % Perturbation (CDT)
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Figure20. Mean Clclass LSA with CDT. n=6%

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 asseS$&8P summary plot (Figur2l) and SHAP
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dependence plot (Figu?) reveal both main effects and interaction effeStdAP values
indicate thestrength of contribution to GInd may reveal positive or negatiadationships

with theindividual predictos. In SHAP plots, the features are ranked by importance from
top to bottomA SHAP dependence plot displays the relationship between a feature's actual
values (xaxis) and its corresponding SHAP valuesagys). 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. (da2021206-213). In both SHAP plots, colors
towards red indicate higher predict@ues(X). A high predictor value (red) and a positive
SHAP mayindicatehighersense of communifgthrough Cl It is alsoimportant to keep in

mind that he valus indicaterelative,unit-level scoresBased on the SHAP summary plot,
goalorientedness is theost important variable in generati@g. It also seems to provide

the steepest curve in importance of valieflectingbackto local sensitivity and the Monte
Carlo simulations in figurd 8, an estimatedriticality value of 0.2seems to generate the
highest Cl values. For participation the curve issofter, indicating a gradualise in
importance toward€| until participation levekeaches 0.5 and thimportance becomes
steadier Unanimity is most scatteredut provides greatest importance abund0.2.

Criticality reaches its highest importancédi.

Conviviality Index: SHAP Dependence Plot - Random Forest

Conviviality Index: SHAP Summary Plot - Random Forest
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Figure21. Cl: RF SHAPSummary plon=2000 Figure22. Cl: RF SHAP Dependence plot. n=2000

Individual variable behaviowwith Cl is nextinspectedy modeling the Cl scoresith RF
usingthe simulated data=2000. The plot is generated with simulated datantprove the
coverage of the feature spadeesults ar@ery similar to local sensitivity analysis, however
criticality and unanimity are more scattered and show less preaisable patterrs.
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Participation rate and gealientedness rate however remain quite persistent with previous

results, indicating peaks in G045, and 0.2, respectively.

Predicted Conviviality Index with RF: simulated data n=2000
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Figure23. Predicted Clith RF n=2000 simulated data

Moving onto global sensitivity analysef the Classification decision tregmilar insights
can bedrawnwith CDT. Three classes are plotted in sepaf@feres24-29. CDT SHAP
valuesprovidesensitivityanalysign clas®s with theability to detectmost importantclass
specificpredictors Class 3 represents thest class, as in the highest CI vallrégures 28
and29 areof largestinterest in our analysiss they indicate the beSt values, which are
of interestto the users of HCforsportSHAP summary plots indicate different relative
predictor importance in the class&ased on the figures,oglorientednesproduces the
most contribution to Cl in all classes. Participation rate is sphitclass 3 its importance is
high and in class 1 it is the lowe#t class 1 andalass 2 the lowest and middle clasye
higher participationrates affect Cl less.The CDT SHAP dependence plots are more
scattered, and it igvident thatRF is able to model importance with more precision
However classspecific feature importance reveals that low values of all rates produce most
importance to class, lsclass 1mostly compiles of zero (or very low) predictor values
Higher values of most rates contribute more to Cl clask 3his sensepreviousresults
derived with RF are supportéy CDT.
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Conviviality Index: SHAP Summary Plot - Classification Decision tree (Class 1) SHAP Daperdence Plol - Classificatian Decision tres {Class 1)
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Conviviality Index: SHAP Summary Plot - Classification Decision tree (Class 3)
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In conclusion,| creat@ surrogatemodelswith a very good fit andnspect theidocal and
globalsensitivityto CI, with original and simulated data (n=2000). Results showgbalt
orientednessontributes to Gnviviality Indexthe most, wittparticipationin second place.
The importance of criticality and unanimitygmaller and their relationship to @light be
more complexAll four predictorsseem to generallyncrease CIA high ClI reflecs a high
sense of community within a urigportstean). In this given datasetostoptimalinidivdual
valuesfor achievinga high relative CI scorare: participation rate> 0.4, goalorientedness
rate > 0.2 criticality rate > 008 and wanimityrate > 01. All rates should beonsidered 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 Cfijrbt createsurrogate modelwith original RI

scores, with the airto 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 TreeRandom Forest Regression and
Support Vector Regression
Due to theirpresumedability to modelour described datbest Random Forest (RF) and
Support Vector Regression (SVR) were chosen as two regression metho@®) Bmas
chosen trovide 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 nonlineatalata
capture complex relationships. The RF model reached a very good RBY%Q6aBd
relatively low MSE, 21.88Running the modalith a 80/20%train/testsplit degraded the
results slightly (R2=0.92, MSE=42.64) slight risk of overfitting is againpresent The
CDT data was split into classes of 25%, 50% and 25% data, to aomstequal accuracy
between groups. Overall accuracy reached 94.42%, which is a very good result. The SVR
model reached a very good R2, @B%6, and relatively low MSE, 29.36, as well. When
comparing the two regression models, RF model had slightlgriveiues in both R2 and
MSE, suggesting slightly better model explanatory power, as well as less errors in the results.

Goodnesof-fit metrics for Rl can be found in table
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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 93.621 95.57%
Recall 93.171 95.36%
F1-Score 94.041 94.67%

Overall accuracy

94.42%6

Table4. Goodnes®f-fit metrics R2 and MSE imodels: RF, SVR and CDT

Even when adding a new predicolub stakeholdergcompare to Cl)which has a value
distribution of 0406, residuals remained fairly loigures30 and 31), indicating good

prediction power for RI Residual s can be
residuals remaineldrgely between valueslO and 10.
Histogram of Residuals, RF) Histogram of Residuals, SVR)
150 140
] 120 = M
i 100 M
g i g =
) [in.
f 40 -30 -20 -10 1) 10 20 f 60 -50 40 -30 -20 -10 o 10 20 30
Residual Residual
Figure 30RI: Histogram of residuals, RF Figure31l RI: Histogram of residuals, SVR
6.3.2. Local sensitivity analysis of Resilience Index
Next, the study assesses how four selected index predictors affBesihencendex RI).
For treebased models, efat ur e i mportance i s Il nvest

(oredictorimportancé command with original data n=64and for kernebased models
(SVR) Permutation Feature Importanisesused This was done by shuffling each variable
individually - the resulting increase in prediction error (MSE) indicated its contribution to
model performancdn a relative sense,epmutation Feature Importanaedicates feature

importance similagitoMA T L A Bpdedictorimportancé
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The relative feature importance (figar81, 32 and 3Breveal thatclub stakeholders
contribute toRI scores the mostvhat seems to bat leasttriple the importance of other
individual predictorsCiriticality rate and unanimity rate contribute Rl differently in the

models Participation andjoalorientedness seem to hawestlysimilarfeatureimportance
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Figure33. RI: SVR Feature Importance

Next, | assess local sensitivity with original data, using a Monte Carlo loop with 200
simulations {20 and +20% perturbation€)ata constraints are taken into consideration

the loop By plotting these 200 samples of original predictor values w#tl20% changes,

some patterns are visually detected. Different random samples were generated and visualised
to confirm similar results. Similar to previous local sensitivity analysiSI, the gey lines

in figures 34 and 35 represent the pertubed rates ahnelir relationship to RI. Steep lines
indicatethat 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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Resilience Index: Monte Carlo Sensitivity Analysis with RF (+20% Perturbed) Resilience Index: Monte Carlo Sensitivity Analysis with SVR (+20% Perturbed)
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Figure34. Cl: Monte Carlo LSA with RF. n=200 Figure35. RI: Monte Carlo LSA with SVR. n=200

Most predictors follow agammalike distribution. Club stakeholders present the most
precise variabldehaviow, with a peak at 50 club stakeholdeParticipation and goal
orientedness present fairly clear visual patterns as well, with detectable@rdatadity and
unanimityshow peaks dRl in fairly low valuesPerturbed Monte Carlo simulations indicate
thatmostpredictos seem to have some kind of optimal value in this dataset, in achieving
the highest resilience. Keeping in mind that Rlescores are generated with a relative
algorithm, this indicates thatedictorvaluesare programmed to achieve some mediika

score Referring back to tablg, with descriptive statisticand looking at predictor means in
the datasetit is likely that the algorithnis allocating the highest RI scoresunits with

meanlike predictor scores.

Figures 36 and 37resenta plot of mean predictel valueswith RF and SVRof all 645
observations on a scale ofg8[452], highlighting the differences in predictorsSigure 38
presents a plots of mean RI class shares using C&zal sensitivity analyss with Random
forestand Support vector regression revibat club stakeholders reflect the steepest curve,
with differing Aopti mumo bne criidalgty rdteorevealr |
constrastingesults inmeanpredicted valuedn both RF and SVRpwer values ofyoat
orientedness anghanimity indicate better RHowever the visuaraphs of meaRl values
only indicate largdevel patterns and do not account data structure such asnlinearity
With CDT, class 3 in yellow, presents the highestiRbresents similar results to RF, as

both are tredbased models.
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Mean Predicted RI: % Perturbation (RF)

Mean Predicted RI: % Perturbation (SVR)
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Figure36. Mean RI: LSA with RF. n=645

Figure37. Mean RI: LSA with SVR. n=645

Predicted Conviviality Index Class shares: % Perturbation (CDT)
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Figure38. Mean RI class: LSA with CDT. n=645

6.3.3. Global sensitivity analysis of Resilience Index

Next, | will investigatesensitivity of the three models CDRF and SVRglobally. With the
previouslysimulated dataset n=200070w plot the predicted RI scoresisingRF and SVR
(Figures 39 and 40VYisually detectable ariable behaviour revealsnctionality behindthe
underlyingalgorithms, andcompare to local sensitivity analysis, simitgstimal levelsin

reaching a high Rare detecteth individual predictos.
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Predicted Resilience Index with SVR: simulated data n=2000
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Figure39. PredictedR] with RF n=2@0 Figure40. PredictedRI with SVR n=2000

Next, SHAP summary plat and SHAP dependence @aeneratedfigures41-44) for RF
and SVR SHAP Values representing theontribution toRI, allows us to assedhe
sensitivity of the model to individual predictardn RF SHAP summary plo#4l and
dependence plet2, club stakeholderare the most contributive predictor to &lit appeas
asfirst in order The peaks in valuesehave similarly to the previous local sensitivity
analyses with Monte Carlo. However, this time with a lasgeulateddataset n=20Q0nore
nuanceeffectsare caught.Criticality and unanimity indicate peaks at arouh@ and G
0.05, respectively. The results align with the previous indicatiatmedium values might
generate the highest RI scorésr club stakeholders, goarientedness and participation,
the Aopti mumo |59v0ellasd 02% esgpsctivelpd rateseshould be
considered to receive the highest possible index sBvife.summary plotffigure 43)reveal

a slightly different order in importance, althouighportance seems to follow three levels:
1) club stakeholders, 2) participation and goaéntedness, and 3) criticality and unanimity.
The SVRSHAP dependence pl¢figure 44)shows similar points in highest SHAP valyes

in comparison to RFThese findingdollow the previoudocal sensitivity analysis results
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Resilience Index: SHAP Dependence Plot - Random Forest
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Figure43. Rl. SVR SHAP Summary plot n=2000 Figdre RI. SVR SHAP Dependence plot. n=2000

With CDT, SHAP valuesndicate similar result§figures 4550). SHAP Dependence plots
of Class 3(highest RI valugsreveal thatlub stakeholders is th@ost important predictor
and interestinglyunanimityis included as the third most important predictor Class 3
This revealghat unanimitymight have more contribution to the high&dtvalues than
previously could have beetetectedFor thisfinding, it is alsoinsightful to include CDT as
one of the surrogate models, revealing importance between cl@siieslity shows the
least relative importance class 2 and.3After analysing all models and their SHAP values,
we may generally state ththe best Rl values seem to folltlweirmean values irme dataset.
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Index: SHAP D Plot - Cl 1 Decision tree. (Class 1)
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6.4. Assessing unilevel sense of community and resilience in Finnish sports clubs

By executingsensitivity analyse®n surrogate modslwith a very good model fitthe
investigation of theConviviality Indexpredictors indicate that increasing values produce
higher CI values. This is found in all four rates: participation,-go@nhtedness, criticality

and unanimityTheir relationships to Cl arbowever not entirely linear antheyindicate
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decreasing contributioat visually detectable level&romthe givendataset,te following
estimatesare maderegardingthe optimal predictor valuen achieving higkconviviality:
Participation rate: > 0.4

Goalorientedness rate: > 0.2

Criticality rate: > 0.08

Unanimity rate: > 0.1

The Cl evaluationmethod is based on theory and practice, taedgoal of the ClI is to
evaluatesense of communityn the context of sports clubs, in a ceftective way.
Therefore, relatively easilgbtainableénputs are usenh the indexThe index results provide
relative comparisons of unite.@. sports cluby howeverwhether they directly measure
conviviality or sense of communitycannot bestatedwith certainty The indexand the

algorithmsshould be further assessaderms ofwhetherpossible benchmaskcan be used.

The RI was investigated similarly, by achieving very good model fit in three surrogate
models and executing sensitivity analysesgo through theassessment of thHeesilience
Index | will provide sometheoricalinspectionbehind the goal of aiminfpr intermediate
values of theredictors, and assess whether the Resilience ndegvego detectesilient

club structureThe highesRI values seem toonsist oimeanpredictorvalues in the dataset.
The following optimal values were estimated to produce the highest Rl scores. These
estimatesre:

Participation rate: 02

Goalorientedness rate: 0.10

Criticality rate: 0.6

Unanimity rate: €0.05

Club stakeholder$0

T h e &hebakaim is not to maximise all variables, but to pursue resilience through
moderati on. Referring to the Balanced Scor
aim is similar- by enhancing both social impact and revenue, overall organizational
effectiveress is improved. (Hazenberg & Paterdoung, 2022, 3€82). 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. Sploitis arein a sense,
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comparable to educational institutions due to the learning that happ#resr activities.

When compared to universities, the quality of education is proveonttict with the goal

of economy of scale (Haapakorpt al, 2023). One can also critically consider these

I mplications in the context of a sports cl
context of sports clubs, where the maximum human resources are not even sought after,
because they are not restic 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 unani@ribyip

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. 2016609. 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
shauld not be mistaken for a concrete measure. Ths &lored from 0 to 100, ard in all,

it aims to act as amdicabr of long-term activity in a clubWhether theRl achieves to
accuratelydetect resilient club structugés impossible to statehoweverits calculation is

well justified to be an indicator of resiliend®¥hen used as a relative measure to assess units,

it certainly cannot be usdd objective settingsBased on this dataset, Rbes seem to
indicate the mean values of all predictafhether this indicates resilienteCBOsshould

be assessasingtriangulation and by comparing RI scores on timelines vathginal unit

sizesfor feasible comparison.

To conclude sensitivity analyses were executed to bring light to the original Cl and RI
scoring which was enabled byigh goodnes®f-fit in surrogatemodels.In the current
HCforsports platform,unit-level selfassessment datia utilised in assessing sense of
community, in the form of a Conviviality Index. Urével selfassessment data and human
resource datareutilized in assessing resilienceith the Resilience IndexBoth indices are
tied to their context within sports clubs and function -@gf&ctively. Thecalculation of the
indices provide somineoretical and practicalvaluation into unit level sense of community
and community resiliencénowever results currently cannggt be compared to any other
possibly validating data. Therefoypporting datauch as individual surveys for sense of
community, or time series financial data for resiliengeuld be beneficial irevaluating

reliability of the indexscoring Further suggestions are maatehe end of the study.
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8.ENGAGEMENT IN COMMUNITY CENTRES

After investigding sense ofcommunityandresiliencein sports clubshrough the first case
example, ext wewill focus on thefactorsof engagemerih community centres in Finland

with data fromFinnish community centre$ he selectedommunitycentregrovideacase

specific analysison engagement with visiteoased dataThe focus is now shifting from
assessing the stakeholders to assessing the vigitasscase example @rides a contrasting

view in assessing CBO performanBesearclguestiordi Wh at demogr aphi c
factors are |inked to engage,wdhetanswarecbg o mmu
modeling the datawith KaplanMeier survival curve and Random forestin the end,
suggesobns are made fdiostering andnaintaining engagement in community centeesd

reliability of the analysis is discussed

8.1.Data in Melvio

The impact tool Melvio created and maintained by$détid supports its community centre
partner sd | mp dletdataktaused in this dtudyeiscfrogatbened by Melvio
between spring 2021 and summer 2084-saétio has its own community centre Meltsi that
enables its visitors to spend leisure time with friends or to participate in structured leisure
activites. Mes 22t i ©°0s partners using Melvio offer
throughfacilities and structured activitie$he Melvio platform consists of survey data,
membership register with contact details, calendfmrmation eventinformationand all
participation information includingisits and visitodemographicsTo compare in Finland,

other tools createdfor visitor activity observation include Jopox and myClub in Finland.
However, th& useis built mainly for sports clubs and thég notactivelysurvey wellbeing

of individuals Melvio does not collect strategic information on budgets, accountgletc.
datafrom partnerss collectedandpseudonymizedrhe visit data is collected and visible in
reaktime. Survey datés collected initially when a member is registered, and tiygically

in 6-month survey cycleslhe meanpercentage ofespondents reachéor surveysis 10

15%. Visitor data is largly availablefrom all visitors but more informative member data

(e.g. including socioeconomic risks)availablefor a smaller portion ofisitors. This is seen

in the studyodés analysis through differing

be analysedMemberspecific data is available for less than 50% of the vsitdisitors
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includepeopleof all agesalthoughfor childrenunder 13 yearsheir guardiangrovide the

gathered informatianTheaverage agim the datasedf all memberss 21years(n=10,298)

Me-s & atij?© has bsargey duestidies! oni fandlys background, so called
socioeconomic risk factor s, on THLOSs c
intergenerational disadvantagd@$iese socioeconomic risk factors are found in tabRy5.
categorizing the visitors or their guardians with a quantisoofoeconomicisk factors such

as unemployment, low education and {meome level,l can further investigate the

effects tovisit activity and engagementrhis data is also key in community centre
performance assessment, asatmnof activities may be observed.

Variable Description Definition Values
Low level of education (maximum of | Maximum of basic
members_education | basic education) education 0,1
Maximum of basic
parents education Low educational level of parent(s) education 0,1
Single-parent family/child not living
parents_household with parents 0,1
Includes longterm iliness,
members_occupation| Unemployment/extended stay at hom¢ Inability to work 0,1
Disposable income afdult
parents_income_Ivl | Low family income is less than 60% of median 0,1
Parents/parent's Includes longterm illness,
parents_occupation | unemployment/extended stay at home Inability to work 0,1

Not attending school/has dropped Only tested in age group of
members_school_leveg out/has no school spot 13-17 year olds 0,1

Table5. Me Ibwnarysdtieeconomicisk factors of social exclusiceind intergenerational disadvantages

8.2 Preprocessing forthe Kaplan-meier survival curve

Next, | will be looking into factors behind engagemeim community centreswith the
KaplanMeier survival curvemethal. It is a nonparametric method used to estimate the
survival probability over time frortime-to-event daa. In this study, thenaximum follow

up periodis set to 90 daysyhich defineswhen a visitor is considered to have dropped out
if there are no visitsThe Kaplanmeier survival curveis estimated to function best in
assessing engagementCBOs andjustification isfoundint h e s rhethddgsécson
The dataor Kaplanmeier survival curve analysis from a timeline of 03/2020 06/2024.

The data was processed accordingly by removing errors such as unrealistic birth years.
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Community centres offer activities for a wide range of ages, howewstrtictured group
activities which account for approximate0%, thereare age limits insomegroups A
histogram of visitor ages is shown belowfigure 51to demonstrate the stedjvision of
two age group$ children andguardians/adultd-urtherpreprocessingvas carried outo
investigateengagemenilo ensurainbiased resulisige limits instructuredgroupactivities
mustbe considered dsniting factors of equal survival probabilitfostgroup activities
usean age limit of 18 yearsThe deletion ofages reaching 1& done to support the
assumption of equal survival probability for the fg@ar inspection period (2022024)
with KaplanMeier. Year of _birth = 2005,2006,2007and2008 representing 149-year
olds,were deleted (n875). Additionally, years of birth 2022024 representing -d-year
olds(n=3351) were disregardéa ensure equal survival probability=20,642 data samples
remain after the preprocessifigure 52) | will investigatechildren (815) and adults (20+)
in separate group® gain insightsfrom possible group difference3he censor date is
29/06/2024 for all curves, adhave visit data up until that date.
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Visitors

1000 1000

500 500

|
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Year of birth Year of birth

Figure51. Original histogram of age=25,006 Figure52. Cleaned data histogram of age, n=20,642

We are interestedin distinguishing factors behind the longestcommunity centre
engagementThis is done by splitting the data into groups and comparing differences in
engagementThe differences between groupk seasons, quarters, risk factors, surveyed
well-being as well as differences between adults and childies groupsare statistically
tested with the log rank testhe log rank testompares survival curvg® or more)over
their common time periodAn alpha levelof 0.05is usedand therefore log rank-yalue <
0.05 indicates statistical significance between groépsa Under Curve (AUC) islso
calculatedor the curves. Higher AUC generally indicates higlregagemenbut the shape
of the curvas mostinformative of the nature of engagemdrdam looking to maximise the

57



datasizefor each comparisomeaning thagroup sizesvill differ due to differenlevels of
data gathering per visitoRegistered member datansore detailedand dfferent sizes of
data forthe survivalcurvesinvite careful analysisand consideation of data sizén the

comparisons

8.3.Engagement over time

The general curvia figure 53does not show any significant droptbehaviour With closer
inspectionof agein figure 54 there isstatistical significance between children and adults,
with log rank p=0.00AUC is largelin childrencompared t@adults(211.67< 159.28), which
indicates that children show better engagement compared to. &datimparison between
adults and children inisit starting yeargfigures 5558) shows that 202%vas exceptional in
the engagement between adults and childHowever,asthe tool was launched in 2021
there werenly 295adult visitorsan our dataseEngagement within children is significantly
higher for 20222024 Larger step sizaa curvesmay reflect low amount of data arshorter

timeframe (days). Ithe 2024 curvéhe timeframe is shorter.

Kaplan-Meier curve

Kaplan-Meier curve: Adults over 19 vs. Children under 16
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Kaplan-Meier curve by year (2023): Adults vs. Children . Kaplan-Meier curve by year (2024): Adults vs. Children
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Figure57. Engagement 2023 Figure58. Engagement 2024

Before looking intademographidactors of engagemenwe are interested ttheck external
factors, and thereforeasonal differencesill be investigatedThere was initiakpeculation
thatvisitors starting inspringor autumnmight have differencgin engagementSeasonal

visit activity is now inspectedby comparingvisitors with starting visitmonths 16 and
months 712. Thedatasetvas limited t001/202 7 12/2023, disregarding thérst year 2021

and thelast 2024 spring term. This is done to ensure equal amount of spring and autumn
terms (2 each) and equal censoringThe log rank test calculates avalue 0, implying
statistical significance in the difference between the grodig§: supports this, which isi

this casecalculatedrom unified arve length AUC revealsthat thespringt er més cur v
largercompared to autumierm(139.73> 11540). The difference is also visually detectable

in figure 52 The spring starting term for visitors therefore seent®toonnectetb stronger
engagemenwithin visitors A difference between adults and childesmems to exigfigures

60 and 61)In both adult and childregroupsthere is a statisticigl significant difference
between seasor(@-value 0) however the difference in larger within children, and the

difference idargestwithin childrerés first 250 days of visiting

Kaplan-Meier curve: Seasons
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Figure59. Engagement, seaso?8222023 n=15,851
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Kaplan-Meier curve by season: Adults over 19 . Kaplan-Meier Survival curve by season: Children under 16
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Figure60. Engagementeasonsadultsn=9934 Figure61l Engagemenseasonschildrenn=5222

A quarterly inspections executed solely from years 202023 to ensurequal spread of
quarters. h figure 62shows that Q is linked to highest engagement with AUG300
(unified timelines)as seen in figure4l Next are Q, Q3 and Q4 with AUC 23.65, 122.70
and D4.86, respectively The log rankestsuggests significant differenbetweerall pairs
of quarters.In addition to AUC, vsually Q1 seems tanducelonger engagementAs a
limitation of the analysis, lnger dataset could be inspected next to erclresivaesuls,

asquarterlyinsightsaresolely from the timeline 2022023.

Kaplan-Meier curve: Quarters

Q1 n=3783
0.8 Q2 n=3802
Q3 n=3887
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Figure62. Engagementguartes 20222023 n=15,851

8.4. Engagementby demographics

Next, | investigate the effects of risk factongtive language and survey responsesamse
of community,support, friends and learningnder 13yearolds and some 1B7-yearolds
have inheritedt hei r guar dilahawe @ datases pfoB82 gistors with

information ontheir socioeconomic risk factors (figure §3yhich represent indicators of
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individual deprivation. They include low education, low income, unemployment and-single
parent households in either the . Meaynisker 6s
factors can convert to accumulated deprivation in an individual, and these groups are usually
targeted in community centre offering3BO performance can be evaluatedtiy success

of targetingactivities to these groups. It is good to note that compared to the previous
curveswith member and visitor dgtaow | have a smaller dataset ofly memberdata.

These members agenerally more active in their visitand thicanbe seeninthe ur ve 6 s
initial valuesthatstart from~0.8 instead oprevious~0.6. Figure 64 illustratethe Kaplan

meier survival curve analysiscomparing groups by risk factordhe number of
socioeconomiaisk factors(0, 1 or 24) seems to clearlype linked toengagementn
community centresAUC values(356.20, 398.56, 429.60 respectieiind log rank(p=0)

for all pairs supportthe finding. When comparing adults and children in figai@566,
childrenshowmostvariancen the 2+ risk factor groypvhile in adults variances present

in all risk groupsTo conclude, visitors witB+ risk factorsare linked tagreater engagement

in bothadults and childrerData sizes are sufficient for all groups, with a minimum n=631.

; Kaplan-Meier curve: Risk factors

0 risk factors n=2213
1 risk factor n=1817
2+ risk factors n=1391
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Figure 63. Risks per visitor. n=5221. Figure 64. Engagement, risk factors. n=5221
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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 jsknfdctorsthat hadsufficient

data per groupwere also modeled individuglin figure 68 Me mber s 6 occupat
educatiorrisk factorswere notmodeleddue to insufficient amount of dathowever when

joined, (togethem=255) theyplotted much ower t han p aindcatingloverr i s k
engagement. However, they are not included in the visual andlzgsisnosinfluential risk
factor 1 s paalse supperted lighestAUC value451.59,and log rank
(p=0.028) It can be seen that paredt®w educationlevel most clearly promotes

engagement in this dataset.

Kaplan-Meier curve: Individual risk factors
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Figure67. Risks per visitorn=3115 Figure68. Engagement, individual risk factons=3008

Next, engagement was inspected in termsnotherlanguagen figures 6971 Log rank
also confirnsthatvisitors withnon-nativelanguageas amotherdanguageepresent stronger
engagementompared to Finnistor Swedish visitordt is worthy to knowthatour original
dataset is culturally more diverse than a random sample of Finnish popuNdi®native
languages are representedaabund9% in Finland(Tilastokeskus, 2023)while in air
sample datasetheir representation i88%. Both adults and childrershow significant
difference between native languageswever within children the engagement is even higher

in non-Finnish or noASwedish visitors.
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Kaplan-Meier curve: Mother language
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Figure69. Engagementnotherlanguage. n5501

Kaplan-Meier curve by mother language: Adults over 19
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y Kaplan-Meier curve by mother language: Children under 16
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Figure71. Engagementnotherlanguagechildren n=2489

8.5. Engagementby surveyed well-being
Next, four survey answemn individual weltbeing found in table 6were inspectedl
inspected the i s i initial Issv@y answers, iow. when the visitor has first registdfed.

survey questions with kikert scale the options are: 1) Strongly disagree, 2) Disagree, 3)
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Neither agree nor disagree, 4) Agree and 5) Strongly aboaaitialize groupsfor Kaplan
meieranalysis | calculatedhe mearsandcreatedwo categoriedi hi g h 6 a@fndial A 1| 0 w¢
scores of sense of community, support, friends and learfrigigres 7275 demonstrate the
engagement curveAs an interestingisual finding, lower initial answersn all questions
reflectslightly higher engagement latevrhen inspected visually from the cusvéhiscould

imply thatthe visibrs have benefit from the servicasdthis wouldhighlight the importance

of community centre activitin Finland However, he difference is not large, as the curves

are very similar within the first-2 years untidifference inengagement occuedter some

2 yearslin this case,tlte log rank testuggestth at A hi gho and Al owo ¢
statistically significant difference in any of the four survey varialifeglues were 05

0.26, 0.60 andD.50 for friends,learning,support and&community respectivelyDifferences
between adults and children wesonot significant when coding and plotting the curves

as a test run

Mean, initial Variable Survey question

score

3.83 Friends | have at least one godidend (1-5)

4.46 Learning | want to develop and learn new things5)L

3.84 Support (My child has) / | haveanopportunity to talk about thingsworry about
with an adult outside of the immediate family-)1L

3.82 Community | | belongto agroup that is importarfor me. (:5)

Table6. Me | v survey guestions for welbeing

Kaplan-Meier curve: Support Kaplan-Meier curve: Community
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Kaplan-Meier curve: Friends Kaplan-Meier curve: Learning
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Figure74. Engagement, community. 6856 Figure75. Engagement, community. 6581

The KaplarMeier survival curve hasassessedactors behind engagement in Finnish
community centresand the insightdrom this dataset arstatistically proven to be the
following.

Demographic factors 1) childrenwith 2+ socioeconomicisk factors or adults with1+
socioeconomiaisk factors 2) par e nt s 6 asasbcioeariomio nsk factpB) age
between @15, 4) nativelanguage other than Fi/Swe

External factors: 1) starting season in springspecially Q1

Individuals with these factors seem to generally engage in community centres longer, and
this very much aligns with most communi t
municipality. It is a great finding, antindicates 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 sen. Initial survey answers on welleing however did not provide

reliable conclusions about engagement, although initial low survey value of learning showed
the strongest differenc&he limitationsof this analysisncludedeleted age groups (4&®-

yearolds and ©4-yearolds), although itensure fair analysis(equal survival probabilify

As furtherareas to study, the sprisgasorshould be assessed withertimelines andvith

possibly comparing community centrestloeir activity offeringswith data splits

8.6. Engagement with Random Forest
I am now noving on tainspect engagement fraanotherangle visit countper visitor which
alsorepresentstrength oengagemenihe processan beclassifiedas triangulationmore
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specifically dataanalysistriangulation which is using different statistical methods
understandingone phenomenonThurmond, 2001, 254) As | am modeling a different
variable, similar results are not expegtedweversomesupportingnsightscould belinked

to engagemen€Explanatory variables include genderale=1, female=2, other¥3year of

birth, number obocioeconmic risks, sense of support, community, friends and learning, as
well as mother language as a binary variable (1=Fi/Swe, 0=Olithegmparison to previous
KaplanMeier analysis, nowll ages are now included and modeled, as previously some age
groups were left out to ensure ebsiarvival probabiliy. Thefactorswill be modeledagainst

visit count, first with the whole data and then with a split between adult (18+ years) and
children (017) years. Random Foreist selectedfor its ability to handle nonlinear data
multicollinearity and little assumptionsit assumes minimal distributional properties. RF
performs best witlalarge amount of data, anldere aren=5078datapointsfor modeliry.

The aim is to reach@ecenimodel fit and interpret featurmportanceandRF wasselected

due to the presented reasdnisear regressionould not have been used due to the fact that
linear relationships gfredictorscould not bgroven Although exact coefficients cannot be
provided for Random forest in MATLAB, feature importance gives ainsight into
relationships strengths, with the support of correlation matrices for total data as well as for
groups of adults and childre®ur datasets similar to the previously presented dafae

data was processeimilarly by removing missing survey answers and by removing errors
such as unrealistic birth years. Some variables are moderately cor(étaieel 76) It is

good to state that good modeling poweris not of interest in this case, onlyariable
relationshipsto engagementvill be assesst Though RFlack interpretability(lack of
visibility in coefficients), | userRF for feature importancewhich is then compared tbe

previousKaplanmeier engagement analysis
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0.060 | 0.038

Number of risks -0.305 | 0.076

0.6
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Initial community 0.663 0.067 | -0.002 10.2
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Figure76. Correlation matrixof @ x pl anat ory variables and O6Visit

With little modelassumptions, Random forest is initiateith 100 trees and00% of data
with n=5078 X variablesarenormalizedto ensure comparison of importanéd- reaches

R2 0.40and MSE 1058.5@&/hicharenotdesirableSimilarly to the studyn engagement by
Peng, Yang, Chang & Liu (2025;14), lowexplanatory powels reached pezach modeled
dependentariable of engagemerthuslow modeling power might biypical. In our case

low R2does not prohibitheanalysis asve are assessingriablestrengthgo engagement
however low modeling power is considered when discussing the reauigble7, feature
importance is presentetihe variables with the strongest importance in order prove to be the
following: learning, communityyear of birth,friends, gender, number of risksyother
language and suppoB&urprisingly, mother language is among the least important features
Year of birth is high in importance, which is a supporting sede split the dataset and

inspectadults and children separately.

Random Forest. Feature importance
R2: 0.40. MSE: 1058.56

cou

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

Table7. Random forest Feature importance of visit count
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Nextl split the dataset into adults and childignage (617 and 18+)and model visit count
with Random forest in two groupNo age groups are deletethd we preserve full available
data. The group size of children is n=2397 and adults 12684 Both groups contain
sufficient data for R modeling.Figures 77 and 78resent correlation matrices for datasets
of adults and children.

Gender 0.077 | 0.107 | 0.011 | 0.374 | -0.009 | -0.008 | -0.005 |-0.015 Gender 0.011 | 0.022 |-0.010| 0.014 | 0.030 |-0.003 | 0.016

Year of birth R0V -0.028 | 0.067 | 0.128 | -0.000 | 0.018 | 0.025 | -0.003 0.8 Year of birth -0.077 | 0.027 | -0.091 | -0.146 | 0.262 | -0.176 0.8

Number of risks | 0.107 | -0.028 [EKiN -0.148 -0.105 | -0.309 | 0.080 Number of risks | 0.011 |-0.215 K[l -0.044 -0.300 | 0.078

0.6
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Figure 77. Correlation matrix, adults. n=2681 Figure 78. Correlation matrix, children. n=2397

For both groupghe numbenf risks issurprisinglynot of very high importancelthough in

the correlation matrices it is relatively correlgtethencompared to other variabl¢8.08

for adults and 0.078 for childrgnThis may indicatecomplexity in the variablend its
relationshipto visit count It also reminds us of the differemtterpretationsof visit count

and timestamped visit datdhe visitors with socioeconomic risk factors may not visit
community centres in the moattive manner howeverthe community centre may still
provide longterm supporfor them Within children, nitial sense of communithiasthe
strongestcontributionfor engagementand it is relatively important in adults as wels
thereis 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 stron@/ithin adults the strongedieatureimportanceo visit

count seems to be learni(regativecorrelatior), followed by genderAn interesting insight

is thatwithin children mother language (nelRinnish or Swedish) has a stronger importance
on visit count than in adult®verall, model performance éecent, busomeresultscan be

seen aslightly contradictivesuch as thiew importance of socioeconomic risk factairsd
mother languagdt is crucial to keep in mind thexplanatory power and mean squared error
which revealed visit count isot perfectlywell fitted One downside of RF is itssk of

overfitting. Model information, goodness-fit and feature importancare presented in
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tables 8 and 9Resultson feature importance of visit coushould beinterpreted with

caution

RF Feature importance, children

R2:0.38 MSE:1209.59

Gender | Year of birth [ Number of | Support | Learning [ Community | Loneliness | Fi/sv/
risks Other
0,21 0,82 0,56 0,6 0,49 1,14 0,8 0,58

Table8. Random forest Feature importance of visit coahtidren n=2397

RF Feature importance, adults

R2:0.38 MSE:407.07

Gender | Year of birth | Number of | Support | Learning | Community | Loneliness | Fi/sv /
risks Other
1,12 0,32 0,44 0,51 1,76 0,98 0,63 0,5

Table9. Random forest Feature importance of visit count, adu2681

Based on the analysis on engagement through visit count, it is indicatauttablevel of
community(fil belong toa group that is importantor me 0 -5) inXkhildrencontribute the
most to their visit count. Thisight be asuprising result, taking into account that values of
initial community did not prove to be significant in the previous engagement anklgais
alsobe speculated that the relationship between community and visit foouwottildrenis
nonlinearand complex! did not visually plot RF model predictions on visit count dtee
low model explanatory power and possibly misleading interpretatidowever this
indicationcould be further investigateds the most contributive predictor for adult visit
count,initial level oflearning(fil want to develop and learn new thiigs-5) ihdicated the
highest relative imgrtance The correlation matrix indicates a negative correlatibh65,
andtheKaplanmeier engagement analysiso indicatd thatlow initial learning could have

an effect on engagement

The results of the Kaplameier engagement analysisan be interpreteanostly with
confidence, as necessary steps waken to ensuraccurateesultsand both log rank and

AUC were used to confirm differences in groupeeethod isionparametri@and robust
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to outliers However, limitations in the analysis included deleted age groups in Kifdean

(0-4 and 1619 yearolds).As a form ofdata analysis triangulatipRandom forest was used

to model visit coat, to offer another perspective on engagement. Regardless of low
explanatory power of the modsbmenewspeculativansights were gathereahich point

to possible nonlinear relationships that should be further ass@&dséelature importance
was assessed with cautj@o only someesults could be stated. As answerto R(B: What
demographic andexternal factors are linked toengagement in community centers in
Fi nl awedn@y&tatethrough KaplarMeier analysighatdemographidactors included

2+ socioeconomic risk factoise s peci al | y preonmative nsother artjuagea t i o
young age (4L5), and external factors includestarting season in sprir@specially Q1).
These factors were connected sibongerengagementn the time series dat@3/202%
06/2024 RF feature importancesuggested relatively high contribution of initial survey
answers¢ommunitywithin childrenandlearningwithin adultg, however the modelid not
provide a good enough goodnessfit to further inspectthe topic. The inconsistency
between the two analytical approaches invites refle@imhprovides some newareasto

investigate orcommunity centrengagement.
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9.INSIGHTS

This study hasgnvestigatedhow engagement, sense of community and resiliesee
evaluatedn community-basedorganizationsn two case examples in Finland¥e havenow
gained deeper understanding of hbl€forsports and Melvialemonstrateengagement,
SOCandresilienceas part operformancesvaluationand ithas also becommoreevident
that the core objectives of these impact tools are lasyaljar. The data and metrics offered

by HCforsports and Melvio are intended to sup@BOsin the following ways:

1) Demonstratépositive) impact of the orgasation

2) Supportcommunitybasedorganisatiosd funding by justifying grant applications
andby attractinginvestors

3) Increase&knowledgeaboutthe organization

4) Excite andmotivate leaders to develop processes

How the twoimpacttools differ in their goals is due to the nature of the collected data.
HCforsports brings tacit information to light, increasing knowledge with collestdfd
assessment tests and organisational. ddta goal is to clarify strategy atelp improve
leadership byvaluating relative SOC and resiliendéelvio focuses omeasuringmpact
for examplethrough information on well-being of the individualsvisit activity and
demographic datarhroughtime seriesdatg Melvio may observedevelopmenbof well-

being and focus more closely ansitorswith cumulatedsocioeconomic riskgor example

The goal of this study was to assesgagementn Finnish community centregsnd
investigate predictorsf relativeSOCandresiliencan sports clubsWith bothcaseanalyses,

we partly observe the current state of CBO performance measurement in Finland.
Simultaneously, by assessiwiat impact data consists oftilthcasessuggestions can be
madefor the future especiallyn terms of reliability It is clear that thesevaluatiormethods

differ largely and thus comparison of the toolgkisly impossible Their functionalities are
differentandthe data i<ollecteddifferently. Visitor-based dataincluding demographics,

serves as a more traditiorssdd commorway to observeommunityb ased or gani s
activity, as seen in Melvio as well asprevioudliterature Unit-basedlatg collected aself

assessments amaganisational datesserves asramore uncommon but innovatiweay to
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evaluate impactreveal tacit informatiorand improve thestrategicperformance of the

organizatiorthroughclub stakeholders who organise andtuh e  @dtivitibsd s

Visitor-based data has a vipuintof 6 | ear ni ng ,fnd i imeverble toppeseatt 6
the gathered data as it iEspeciallysensitivedatg which is commonly anonymised or
pseudoanonymisedan behighly valuableto stakeholdersBy offering historical data on
visits, survey answes and organization comparisonsyisitor-based datamay best
demonstratehe impact ofunstructuredeisure activitiesn CBOs However it is good to
keep in mind that subjectivi@ates of wetbeing are complex andithout knowledge of
Awhat changes woul d (theary dchahgs, php @atecardoniamply wa y s ¢
andnot explicitly statethat apositivechange would have occurred dueBO activity. In
terms of reliability visitor-baseddatais fairly reliable when the data is collectadcurately

and when survey answers are analysed are subjedinve series datanay provide
indications ofano r ga ni s at withim arsinvestiggtadimeline, sening the local
community and stakeholders by providingightson impactIf visitor-basedata can prove
that activities havattractedspecified target groupdenefits areself-evident.In the best
casethe success afational and municipadolicies areensured andeinforced by obtaining
and analysinghis impactdata.Gretschel et al. (2023, 481) report that arrent challenges
include the polarisation of data evaluatiorCBOsi for example, most youth organisations
do notconsiderinvestments on evaluation as necessary, althewghluation could enable

organisationatlevelopment

Unit-baseddatg compiling of selfassessments and organisational ,daffer a more
strategic, forwardooking viewpointon CBO performanceUnit-based data in case tool
HCforsports focuses oourrent impact as well as possible futumepact through the

o r g a niepored gaalslt motivatesorganisersto communicate, strategize and plan
processes according to gadislf-assessment teststh continuous scaleray provide unit
level insights aboud g r maesfecdnsontargets strength (distance) eargetsdistance

of the current andarget statesandunanimityof target statest is noteworthythatthis unit-
based datanayobtaininsights only about thenit of interesti team,club, asport.Relative
methodologyenabls relative assessment efich unit and he assessments of sense of
community and resilienciunction as tooldo improvet h e  cstratedy acsivities and

impact
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Visitor -based data:case Melvio Unit-baseddata: caseHCforsports

Bring to light Demonstratémpact Bring to light
demographis of theorganisation tacit information

Evaluate activi Justify funding Improvestrategy
engagement and leadership

Increase knowledge

Observe well Evaluatg
Motivateleaders to impression

developprocesses

Figure79. Data tool comparison by goals of tba@setoolswith visitor-based andnit-baseddata

Although the tools serve many of the same purpageyply put,unit-baseddatareveals
grouplevel tacit information to improve strategy,and visitor-based data confirms
information of demographics, webeing andeventsto prove impact In this sense,
HCforsportsevaluates current and possible future impact, and Mekatuate<urrent and
past impactEspecially inthe casewhere a CBO providestructuredor semtstructured
activities(presence of organisers)is key to think of whatisitor-based data anthit-based

datacould achieveogether.

By measuringunit-basedCBO performanceandvisitor-based CBO performangca holistic
approach could be obtainetulfilling the definition of triangulation,which is highly
advocatedin social sciencesThis suggestiorapplies to structured and sestructured
activities, as CBOs with unstructuredactivities might benefit less (less presence of
organisers)Increasecevaluation reliability could bachieved with dalance otnit-based
evaluationand visitorbased evaluatiot©Oneframework forholisticcommunity weltbeing
presented byPhillips & Wong (2017, 77-81), constructsa multi-dimensional model
measuringnany areas afommunity satisfaction and accomplished service delivdiyen
community is considered as a living beinggmomunity weltbeing can express a
communi tyos i deal.Ind&imdshcpmnmamitybasedeorganzatisnthi® | e

type of model would in practice gather dataof individual weltbeing with surveys
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participation withvisit activity, demographiceind individual characteristiagith available
data from all organization stakeholdezsonomic/financial resources frdireorganization

as well agdifferent strategigoalself-assessment$hemulti-dimensional model by Phillips
and Wong iguilt to guide and measure the public services delivered by local governments,
andthe same&deamayfunctionin communitybased organisatioms Finland The suggested
triangulationin CBO performancéor Finnishsports clubs and community centraslises
visitor-based and unibased datawith three types of triangulation - data sources
triangulation,methodologictriangulationanddata analysistriangulationi | mpact i s
achieving goalsimpact is,after all, always constructed in relation to godf®r this reason,
goatsetting is the very first stap building evaluatiord (Gretschel et al., 2023, 63)his
study implies thathe evaluation of engagement could be enriched with organisational (unit
based) data, and/@uations & SOC and resilience could benefit francreasingeliability

of results Based on this studyhé targets of triangulation arengagementsense of
community and resiliencend targts of activity are structured anshstructured activities
Engagementould utilise data analysis triangulatigmultiple methods), as well as data
source triangulation(organisational data and organiser ss$essments to enrich
assessmertdf engagementAdditionally, ssnse of community and resilienceuld utilise

data source triangulatipdata analysisriangulationand methodologytriangulation(visit

data, demographicwisitor/athletesurveys. With time, the phenomenanay beanalysed
with various data, analyses and methodolofgy confirm similarresults Increasingthe
reliability of data through triangulation is at the core gtialitative and quantitative
assessmeniandin the best case;anlead to rigorous and idepth qualitativeresults
(Donkoh & Mensah, 2023-9; Thurmond, 2001, 25357). These findings apply to the case

tools studiecandfurther research would be needed to confirm them in different settings
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10. CONCLUSION S AND LIMITATIONS

This study initialised with inspectingefinitionsand relationshipsf sense of community,
engagement and resilienaehichall contributeto positiveimpactas part operformancen
CBOs According to literature, ense of community, engagement and resilieace
positivelyrelated often described tbelinkedin descending order. Figure 2 was created to
represent therelationships. It was found through literature tdéh SOC, engagement and
resilience, long-term activity in communitybased orgasatiors could be fostered
producing posive social impactNext, evaluation methods of sense of communigre
assesseditough community centres and sports clulige methodsrangedfrom a survey
questioniil belong to a group that is important to & amore newly piloted, relative
Conviviality Index CI, whichis calculated byfour formulas and aelative algorithmand
produces/alues 0-100 of sense of communityithin a unit. Survey questionsn subjective
sense of communitform a more traditionakvaluation method although limited in
equidistance of value$he Clscore in contrastprovides a relational score thabased on

theory and practigdutcould benefit fronreliability 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(RECforsports)wereremodeledvith
the original algorithns 6 1 n d e0X100.sTkisowa® due to copyright protection of the
algorithm.The goal was also to inspect variable behayibacausan interest haarisedto
assessa largedataset of relativéndex scoresusing surrogate modeling asénsitivity
analysesClassification decision trees (CI, RI), Random fo(€d, RI) andSupport vector
regressior(RI1) were built withvery good fitand relatively low erroMulti-modelcreation
with sensitivity analysis was completddcally with +/- 20%-changes to explanatory
variables.Next, with correlation and distributiorpreservingsimulated data (n=2000),
sensitivity analyses were execut@dl.four rates participation rate, ambition rateriticality
rate and unanimity ratendividually contributed positively t&l. The four rates and club
stakeholders contributed to RI with more complexipptimumsin this ddasetwere
estimatedo be:participation(0.25), goatorientedness (0.1), criticality () unanimity(0-
0.05 and club stakeholde(50). Supported by literature, for examplegh cohesion could
lead to complacencyr @yroupthinly whereas anoderate level combined with diverse

stakeholder involvement fosters adaptahilifhese results provide insights about the
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individual variable behaviour in relation to remodel€tl and RI. In this study, it is
impossible to generalize findings outside the inspected datasesisting of relative
engagement and resilienseores Limitations include assumptioraf linear correlation in

the simulated datas@tman-Conover), and SHAP value interpretation as approximation due
to insufficient accountancy oveoriginal joint distributions.These limitations should be

assessed in future studies

Next, factors oengagemenwere investigated in community centres with the Kajemer

survival curve using the whole dataset, as well@snparisons of adults and childrdn.
general, then u mb e r of socioeconomic risk foactor s
national languageand young age (Q@5) were found to induce better engagement.
Additionally, the spring season showed statistically significantlink to increased
engagementData source and data analysis triangulation vi@tewed by modelingvisit

count with Random forestising the whole dataset, as well@snparisons of adults and
children Similar and contrasting insights weobtained Contrastingly,Random forest
indicated the importance of some initial survey values on visit coantowersense of
community was linked to higher engagement specifically in children, and a lower
willingness tolearn was linked to higher engagement in adiiitscompareRF to Kaplan

meier, the survival curvesisually indicated the significance of the four survey questions
(community, learning, friends, supporbut log rank could not support the finding
statistically. Further investigation isecommendedor the following predictors- spring
season, initiacommunity, and initial learningLimitations in the analysis includeithe
deletion ofage groups in KaplaMeierdue to the ensuring of equal survival probabily

4 and 1619 yearolds) aswellaRkand om f or e s t-of-fg. Flrtbewinvgstgatdm e s s
with KaplarMeier method is recommendedo confirm similar resultswith different

timelines andfeature importancef visit countshould be further assessed.

Throughout the studythe two casedata and evaluationmethodsfor communitybased
organisationsvere assesgeThe two case toolwere found taim to achieve similar goals
with distinctive differences in datollection, analysisand methodolog The most critical
finding, whichis alsosupported by literaturés that the integration of visitdraseddata and
unit-baseddata might provide more enriched andreliable assessmentsespecially on

qualitative measures such as sense of commdurhig.can be achieved through three types
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of triangulation- datasourcestriangulation,methodological triangulatioanddataanalysis
triangulation.Although in this study, the twoase tools and fields of usiéfer in some of
their corepurposs (Figure 79) combined dataollectioncould form awider foundatiorof
data tomeasuranoreareas connected to sense of commuany resiliencé on individual
and community level This suggestionis proposed forstructuredand semtstructured
activities. Combinirg these levels camore holistically genera information about
performanceand impact Phillips & Wong 2017, 77-81). For exampleCl scorescould be
validated with visitotbasedsurveydatg about sense of communitjrguably the suggestion
is, yet theoretical anthckinga strategic pattio achie\e costefficiency. Community-based
organisationsgenerally have very limited resources andhay function largely through
volunteers. In addition to potential costs, other issues toarefully considerinclude
appropriate data integratipdata privacyand data ownershigecondary datavhich is data
collected primarily for other purposeshould beprimarily utilised Piscopo et al. (2017)
support thidyy stating thatvhensecondary data is availapbsministratorgan quickly and
costefficiently better understand local communities. They also sugpedting predictive
algorithms tqsecondarydatawhichtheCl and RIhaveexecued The presenteduggestion
for triangulationis supported byindings in this study, as well aBy literature Through
triangulation, we may get closernwreenriched andavidely accepte@valuation®f sense

of community engagement anmésiliencein Finnish CBOs
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