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Abstract. The purpose of this paper is to describe the role of co-creation in the 
analysis of family wellbeing data (n=22,359) concerning families with children. The 
target population consists of families with children from four Family Centre areas 
within a single wellbeing services county, based on a complete population sample. 
Co-creation introduced diverse expertise into the analytical process — 
encompassing both methodological competence and knowledge of family services 
— enabling the results to better support professionals working with families with 
children in the region. 
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1. Introduction 

The examination of families with children (hereinafter “families) and their wellbeing 

requires comprehensive and reliable data from multiple perspectives [1, 2]. In this paper, 

the wellbeing of families was examined through the objective perspective of well-being 

defined by Stiglitz et al. [3]. 

Advanced analytics methods, such as artificial intelligence, machine learning and 

data-mining algorithms, are employed to analyse heterogeneous datasets and to support 

the identification, prediction and resolution of complex problems [4, 5, 6]. Previous 

research has demonstrated the significant potential of advanced analytics and artificial 

intelligence in various areas of clinical health care [7-11]. However, challenges in using 

analytics include data visualisation and practical applicability [8], lack of user 

understanding and ethical concerns [12, 13, 14], and technical limitations [8, 11, 15].  

Co-creation is considered part of a broader concept of co-approaches, which utilise 

participatory and collaborative methods to leverage data in healthcare contexts. It brings 

together various stakeholders as active and equal partners, working with different types 

of data and employing creative methods to understand problems and develop solutions 

[16]. Co-creation is described as a process involving co-ideation, co-design, co-

implementation and co-evaluation [17]. 

Although the possibilities of analytics are widely recognised in healthcare [7, 8, 18], 

its use in identifying regional wellbeing among families has been far less studied.  The 
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aim of this paper is to provide an overview of the analysis process of family register data 

and to describe the role of co-creation in this process.  

2. Material and Methods 

In Finland, basic services for families are organised through family centres within 

wellbeing services counties [19]. This analysis was conducted in one such county, where 

services for families are structured into four family centres. The study employed a 

complete study population sample comprising all individuals born between January 1, 

2005, and December 31, 2023, as well as all other persons living in the same household, 

including siblings, cohabiting individuals, grandparents, parents, and other household 

members. 

The Act on the Secondary Use of Social and Health Data regulates the conditions 

for using social and healthcare data for research purposes [20–21]. For this study, registry 

data were obtained from the Finnish Social and Health Data Permit Authority (Findata) 

under an approved data permit. The dataset included information from 11 national social 

and healthcare registers covered by the Act (Digital and Population Data Services 

Agency; Kela; Finnish Institute for Health and Welfare; and Finnish Centre for Pensions) 

as well as two registers outside the Act’s scope (the Tax Administration and Statistics 

Finland), covering the years 2020–2023. 

The data scientist analysed the dataset in Kapseli, which is a secure remote 

processing environment provided by Findata for handling individual-level data [20]. The 

variables included in the study were selected based on prior expert work [3, 22]. From 

the combined register datasets, 168 variables were extracted for each individual. The data 

scientist employed k-means clustering [23-25], in which families with similar wellbeing 

profiles are grouped into the same cluster (see Figure1). Cluster analysis provides more 

detailed and granular anonymised information about the wellbeing of families. The 

clusters were further grouped into segments, offering a simplified and higher-level 

overview of family wellbeing.  

 

Figure 1. Co-creation approaches to the analysis of family wellbeing data. 

In accordance with the principles of co-creation [16], six workshops were organised 

during the data analysis phase, each attended by five participants. These participants had 

expertise in data processing, research, informatics, family service systems and 

leadership. The data scientist and one of the participants had prior experience with 

similar analyses [22].  In addition, three further workshops were organised, which—

alongside the previously mentioned participants—included an expert in data 

visualisation. Each workshop was conducted remotely using the Microsoft Teams 
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application and lasted two hours. The purpose of the workshops was to support the 

success of the data scientist’s analysis by incorporating diverse expertise, with the aim 

of ensuring the accuracy of the results and their practical applicability through 

consideration of end users’ needs. 

3. Results 

During the co-creation workshops, participants addresseded matters related to data 

processing, analytical procedures and visualisation, while ensuring compliance with data 

security and privacy requirements. For exemple, postal code areas were aggregated to 

protect the privacy of families living in regions with very small populations.  Although 

the analytical methods were familiar to the data scientist, the analysis required not only 

technical skills but also local contextual knowledge and, in particular, the operational 

experts’ deep understanding of the study population. Through co-creation, the analysis 

incorporated the region’s service structure, the selected analytical perspectives, and 

needs-based visualisation. 

Using co‑creation, 40 clusters and 8 segments were selected from families in the 

wellbeing services county, taking into account both the number of families in the region 

and its dispersed settlement structure. The data scientist proposed suitable numbers of 

clusters based on decisions made in the previous analysis [22]. An excessively high 

number of clusters produces fragmented and difficult‑to‑interpret information, whereas 

too few clusters exclude important details.  

The integration and analysis of datasets from different registry sources resulted in a 

final study population of 22,359 families. Family wellbeing is examined across several 

wellbeing dimensions, including health, education, personal activities and work, voice 

in society, social connections and relationships, material living conditions, environment 

and sense of security [3]. Clusters and segments can also be viewed across multiple 

geographical levels: wellbeing services county (1), Family Centre area (4), municipality 

(16) and postal code areas (approximately 200). The output dataset includes four 

Excel-format files for each level, as mentioned above, as well as documentation for the 

dataset (guidance on the use of the files in the analysis and descriptions of the indicators 

and variables). The analysis also included two-dimensional visualisations, in which 

clusters and segments are shown on an XY-plane based on two selected wellbeing 

dimensions [3]. 

The end users of the wellbeing information produced in this analysis include 

professionals working with families in the region. To support these end users, a one-slide 

verbal and visual description of each cluster and segment was created in Microsoft 

PowerPoint, using radar charts and a bar chart with overlaid markers to illustrate the 

typical wellbeing patterns of the families within them. These cards can be used in practice 

in various ways, such as identifying differences in wellbeing, guiding the allocation of 

expertise or resources, or recognising specific wellbeing phenomena. In addition, a 

design plan was developed for implementing a Power BI solution, enabling interactive 

examination of the dataset from multiple perspectives. Because regional actors have 

different information needs, an interactive display is essential. 

4. Discussion 

Advanced analytics can be used to indenitfy meaningful family types within 

multidimensional register-based wellbeing data. The findings of this analysis support 

service planning, resource allocation and the identification of vulnerable groups. The 
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co‑creation approach enriched the analysis by providing contextual understanding, 

addressing challenges, and generating new ideas (see also [16]). Similar features of 

co‑creation were observed as those identified in [16], including shared goal-setting, 

equitable collaboration, shared decision-making, valuing diverse expertise, flexibility, a 

safe working environment, and long-term commitment. Co-creation approach thereby 

enabled the successful implementation of the analysis, while also ensuring that the needs 

of end users were systematically incorporated into the analytical process (see also [12, 

14]). 

Processing the data within the Kapseli environment proved to be a secure solution, 

enabling anonymised outputs to be generated in compliance with legal requirements [22]. 

Several challenges emerged during the analysis, including interpreting the AI-generated 

clusters, combining data into sufficiently large regional groups, ensuring anonymity, and 

addressing ethical considerations (see also [8, 13]), as well as the need for effective data 

visualisation (see also [9]). The paper provided further methodological insights and an 

improved understanding of visualising complex datasets. Previous research has shown 

that advanced analytics offers significant opportunities, although fully realising its 

potential still requires continued technological and methodological development [13-15]. 

Advanced analytics alone do not lead to better decisions or more effective services 

(see also [14]); its value emerges through co‑creation with experts from different fields. 

The co‑creation workshops and shared interpretation processes enable analytical results 

to be examined within real‑world contexts, compared with everyday observations and 

translated into actionable insights for service planning and management. This 

participatory approach also supports ethically and socially sustainable knowledge use, as 

it ensures that analytical outputs remain connected to the lived realities of families and 

professionals. Co‑creation thus serves as a bridge between analytics and practical 

decision‑making—transforming complex data and analyses into a shared understanding 

and concrete development actions within family services. 

5. Conclusions 

Such an approach should become well established in the future development of 

social and health services, as it enables services to be targeted at those who need them 

most. An advantage in this analysis was the prior experience with similar work [22], as 

well as the diverse expertise brought by the co‑creation process.  

Further study will report findings on how wellbeing data on families are utilised in 

service planning within the Family Centres. In addition, forthcoming analyses will 

examine the substantive findings on regional wellbeing among families with children. 
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