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Abstract  
The Dutch healthcare system faces challenges such as an ageing population, staff 
shortages, fragmentation, and disparities in health literacy. Developing a digital platform 
that concretely brings together the supply and demand of care and social services can 
contribute to addressing these challenges. This study examines the relationship between 
personal characteristics and the domains of personalised health advice that is needed for 
developing the underlying algorithm of this platform.  

To meet this objective, an explanatory pilot study was conducted. The study identified a 
set of candidate predictors based on existing literature, analysed and evaluated the 
observations and results of the pilot study, and proposed a revised study design to ensure 
more robust follow-up research.  

Data was collected from the electronic health record and an outpatient clinic in Rijnstate 
Hospital. Chi-square tests and logistic regression were used to examine the relationships 
between fourteen personal characteristics (five socio-demographic, two behavioural and 
seven medical conditions) and twelve domains of health care or social services. Univariate 
logistic regression analysis indicated a significant association between ‘smoking status’ and 
personalised health advice related to nutrition. Another significant association was found 
for ‘bodily functioning’, one of the dimensions of positive health, and nutrition. After 
conducting a multivariate logistic regression analysis with these two variables, only 
‘smoking status’ remained significant (OR = 0.02, 95% CI: 0.00 - 0.26, p<0.05). However, 
the results should be interpreted with caution as this study is not without limitations. The 
small sample size, a large number of missing data and inappropriate variable selection 
affect the reliability of the results. A larger sample size is needed to achieve valid results.  

As demonstrated in the pilot study, obtaining valid and reliable results regarding the 
relationship between personal characteristics and the domains of personalised health 
advice is not feasible due to various limitations. Considering the significant role of the 
outpatient clinic in recruiting potential patients, it is crucial to ensure that processes, such 
as the referral process, are established effectively in the first place. The revised study 
design offers a framework to enhance patient inclusion, data quality, and candidate 
predictor selection. This revised design can be used in further research to gain a better 
understanding of the relationship between personal characteristics and the service 
domains. Considering alternative classification algorithms for selecting the input variables 
for the final algorithm could be valuable. Future studies should compare techniques to 
identify optimal input variables for the final algorithm and determine the best-performing 
underlying algorithm for the platform.  

Keywords: Lifestyle coach, Non-communicable diseases, Positive health, Predictors, 
Regression analysis  
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1 Introduction  
Access to state-of-the-art healthcare services is one of the pillars of the Dutch healthcare 
system. Although the Dutch healthcare system is considered among the best-performing 
in the world, it faces major challenges in the future that requires resilience. First, an ageing 
population, staff shortages, and disparities in health literacy put pressure on the 
accessibility of the healthcare system. Second, the quality of care is under pressure due to 
the fragmentation of the system and inefficient and ineffective provision of care since not 
all medical cases have, by definition, a medical solution. Last, healthcare costs are 
predicted to triple by 2060 because of an increase in care demand and the use of costly 
medicines  (1). The implementation of new technologies that facilitate the transition to 
high-quality care and the organizational restructuring of care is needed to anticipate these 
challenges and contribute to a sustainable healthcare system (2). 

The challenge of an ageing population is associated with an increasing prevalence of non-
communicable diseases (NCDs) such as cancer, diabetes, cardiovascular diseases (CVD), 
and Chronic Respiratory Diseases (CRDs). A substantial proportion of this group has 
multiple chronic conditions. NCDs cause 80% of the disease burden in European countries 
and leading causes of preventable premature mortality (3). Mortality because of NCDs is 
higher in people with low socioeconomic status (SES). In high-income countries, SES 
markers such as income level, educational attainment, employment status, and 
environmental factors are associated with CVD, CRDs, cancer, and diabetes (4–7). In these 
studies, patients with a low SES show an increased risk for NCDs. 

The needs in healthcare associated with NCDs are complex. Consequently, the need for 
effective chronic disease prevention and management initiatives grows (8). Broadly, 
preventive initiatives can be provided at three levels: primary, secondary, and tertiary. 
Initiatives at the primary level aim to lower or prevent the risk of adverse health conditions. 
Secondary prevention aims to prevent the progression of a present condition. Tertiary 
prevention involves clinical interventions such as treatments and rehabilitation (9). In the 
Dutch healthcare setting preventive initiatives vary from giving advice, making referrals, 
and counselling to offering lifestyle interventions within the social domain. Generally, 
lifestyle interventions focus on smoking, unhealthy diets, physical inactivity, and 
overweight (10). Multiple studies have shown the positive effects of primary and secondary 
preventive interventions on risk factors of NCDs and the impact of behavioural factors such 
as smoking, alcohol consumption, unhealthy diet, and physical inactivity, that are 
associated with NCDs (11–14).  

In the last two decades, there has been a growing body of literature that recognizes the 
importance of exploring innovative approaches to delivering healthcare. One approach is 
to establish a strong network between the healthcare and social domain. A challenging 
task because both fields have different approaches. The collaboration between the social 
domain, primary care, and specialist care is far from being an inherent certainty (15,16). 
In general, healthcare services provide a medical solution while services in the social 
domain provide non-medical solutions to meet the patient’s needs. Breaking down existing 
boxes in both sectors is challenging due to the historical multi-sourced funding structures. 
Furthermore, due to the lack of a clear and comprehensive overview of existing healthcare, 
social, and welfare services, it is difficult to connect patients to the most suitable care and 
improve their health. Integrated care is an approach aimed to connect different parts of 
the healthcare system to improve continuity of care and meet patients’ needs in such a 
way that the right care is delivered at the right place and time and optimal experienced 
health is achieved (17). Social prescribing (SP) is a strategy to connect healthcare and the 
social domain. In brief, SP refers patients with health-related needs to non-medical 
services in the social domain (18).  
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Rijnstate, a large teaching hospital (Arnhem), recognised the importance of a network in 
which healthcare and social domain collaborate to deliver optimal care for their patients. 
In early 2023, Rijnstate opened the 'Gezondheidsplein', an initiative to support patients in 
improving their lifestyle to prevent the progression of current conditions (i.e., secondary 
prevention). Patients who are eligible for a consultation with an employee of the 
'Gezondheidsplein' are referred by nurses or physicians. After referral, the first step is to 
identify the patient’s needs. The person who identifies the patient’s needs and directs them 
to the appropriate healthcare or social service is referred to as ‘lifestyle coach’. In Rijnstate, 
lifestyle coaches are educated to support patients in maintaining or achieving a healthy 
lifestyle. The lifestyle coaches include specialized nurses, sports coaches, and an 
integrative medicine physician. Before the consult, patients complete the 17-item version 
of the Positive Health Questionnaire (PH_Q) proposed by van Vliet et al. (19). Positive 
Health (PH) is the underlying concept of the PH_Q, taking a holistic approach to health that 
encompasses physical, mental, and social well-being and emphasizes the patient's 
strengths, resources, and abilities. Huber et al. defined health as 'the ability to adapt and 
self-manage in the face of social, physical, and emotional challenges' (20). PH includes six 
dimensions: bodily functions, mental functions and perception, spiritual/existential 
dimension, quality of life, social and societal participation, and daily functioning (21). The 
PH_Q is used to identify the need for support in these six dimensions. However, the PH_Q 
tool has not been validated as a measurement tool, so its output cannot be used as such 
in this study (19). The lifestyle coach uses knowledge and expertise to identify the patient's 
needs, preferences, and intrinsic motivation and provide a bit of health advice. The health 
advice encompasses a suggestion for care or social services aimed at enhancing the 
patients' health through the selection of the most suitable service. In this thesis, the term 
‘Care or social services’, next referred to as services, will be used in its broadest sense to 
refer to all services, both care and social services, advised by lifestyle coaches aimed to 
improve health in terms of secondary prevention. After the consultation, the lifestyle coach 
completes a score table that specifies the domain of the service. The score table consists 
of 12 domains that cover each service within healthcare and the social domain. From here 
on the specific domains of the services will be referred to as the service domain ‘name’, 
e.g., the service domain ‘Lifestyle behaviours’.  

Currently, clinical physicians do not use any tool in the referral decision, while lifestyle 
coaches use the PH_Q as input for health advice. However, technological advancements in 
data science are expected to automate this process. Big data analytics, which involves 
analysing vast amounts of data, can provide personalized health services and support 
decision-making through automated algorithms (22,23). In healthcare, algorithms such as 
Artificial Intelligence (AI) and Machine Learning (ML) are used for various purposes, 
including prevention, diagnosis, and treatment prediction (13,24–27). Machine learning 
algorithms can train prediction models based on sample data, and these models can 
support clinical decision-making. Recommendation systems, which are algorithms 
developed to suggest the most suitable intervention for a specific clinical condition, can be 
used to predict suitable services and connect patients to the right service. To achieve this, 
a clear and comprehensive overview of the patient's behaviour, lifestyle, genetics, and 
living conditions is necessary (28). Therefore, it is expected that, in addition to the 
outcomes of the PH_Q, personal characteristics will enhance such algorithms to predict a 
suitable service. 
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1.1 Objective 
The objective of this study is to determine which personal characteristics are predictor 
variables of the domain of a ‘Positive Health’ based recommendation of care or social 
services aimed at secondary prevention in non-communicable disease patients.  To achieve 
this objective, the following steps will be taken: 

• Identifying a set of candidate predictors that have been highlighted in existing 
literature as potential predictors for the service domain of the health advice; 

• Analysing and evaluating the initial observations and results of the pilot study; 
• Revising the initial study design to ensure more robust follow-up research.  

1.2 Significance of the study 
This study is part of the first phase of the development of an algorithm that will be used 
for a digital platform. The platform provides an environment where supply and demand for 
care and social services meet. In this way, the platform will facilitate collaboration between 
primary care, secondary care, and the social domain. The aim is to improve the current 
recommendation process by identifying possible predictor variables of secondary care 
patients to the right secondary preventive service across all levels of healthcare and the 
social domain. Automating the recommendation process based on personal characteristics 
will improve the quality of care, in terms of increased efficiency, effectiveness and patient-
centredness care. An automatised recommendation system could make a quick, consistent, 
and accurate recommendation based on large datasets, provided that the model is 
validated. A validated model can recommend the right healthcare, social- or welfare service 
with a low error rate. This reduces waste of time, care, capacity and the provision of 
services to those not likely to benefit. Moreover, the personalized recommendation is 
attentive to the patient's specific needs, values, and preferences.  
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2 Theoretical framework 
As briefly described in the introduction, the Dutch healthcare system is under increasing 
pressure. A shift from care towards health has been initiated to maintain the quality, 
accessibility, and affordability of care in the Netherlands. Prevention and collaboration 
between healthcare and the social domain are the central topics of two Dutch agreements: 
the Integral care agreement and the Healthy and Active Life Agreement. 

A strong network between all levels of care and the social domain is essential to support 
people in their lives, health, participation and coping with their health and vulnerability. 
Promoting a healthy lifestyle and mental health starts with a healthy living environment. 
A healthy living environment is safe and attractive, invites everyone to engage with one 
another, promotes healthy behaviours, and is pleasant to live in. Support from both 
domains has a fundamental role in promoting healthy behaviours. 

2.1 Health  
Since the WHO introduced its ground-breaking definition of health in 1948, there has been 
a growing interest in how health should be defined. At that time, WHO defined health as a 
state of complete physical, mental, and social well-being and not merely the absence of 
disease or infirmity (29). By including mental and social dimensions the WHO widened the 
view on health. Saracci (30) questioned this definition and stated that a state of complete 
physical, mental, and social well-being relates considerably more to happiness than to 
health. Therefore, Sarracci proposed to define health as a condition of well-being, free of 
disease or infirmity and as a basic and universal human right. Bircher (31) argues that the 
definition of health should have a dynamic component as demands of life change with each 
stage of life, depend on culture, and must be fulfilled with personal responsibility. In the 
following years, the need for a dynamic approach increased. Thus, a few years later, a new 
concept of health was introduced: ‘Health is the ability to adapt and to self-manage, in the 
face of social, physical and emotional challenges' (20). Between 2011 and 2012 Huber et 
al. (21) conduct a study to operationalise this concept. The study identified health 
indicators which were categorised into six dimensions: bodily functions, mental functions 
and perception, spiritual/existential dimension, quality of life, social and societal 
participation, and daily functioning, with 32 underlying aspects. For this broad perception 
of health, Huber et al. proposed the term ‘Positive Health' (20,21). The six dimensions and 
32 underlying aspects are incorporated into the PH_Q. As mentioned before, the PH_Q has 
not been validated as a measurement tool; therefore, the output cannot be used as such 
in this. Vliet et al. (19) aimed to develop a measurement tool for PH and proposed a 17-
item model with a six-factor structure, comprising the factors of physical fitness, mental 
functions, future perspective, contentment, social relations, and daily life management.  

2.2 Healthcare 
Healthcare services include services being delivered by physicians or other licenced 
healthcare professionals and provide a medical solution to meet the patient’s needs. Health 
care is delivered on different levels. In 1920, Dawson’s Report introduced three hierarchal 
levels of care (primary, secondary, and tertiary). More than a century later these three 
levels of care are still relevant to structured healthcare systems. Medical specialisation, 
fragmentation of health services, and the introduction of publicly funded healthcare all 
contributed to the necessity for structuring the healthcare system. Primary care, also 
known as the first level of care, is generalist care, consisting of general medical, 
paramedical, and pharmaceutical care, nursing and supportive care, physiotherapy and 
occupational therapy care, and non-specialised mental and social healthcare, together with 
preventive and health educational activities linked to these forms of care. Care is delivered 
close to the patient’s home and outside the walls of the hospital (32). In contrast to primary 
care, secondary care is delivered by specialists within the walls of the hospital. This 
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specialist care is provided on an ambulatory or outpatient basis, usually after a referral 
from primary care. The third level of care, tertiary care, which includes highly specialized 
care, is beyond the scope of this thesis.  

2.3 Social domain  
Support in the social and public domain is non-care related and organised by the 
municipality. Social and welfare services are public or private services providing support 
and assistance to ensure the patient's well-being. Examples are walking clubs to improve 
physical activity, social dining to reduce loneliness and nutrition or activities in community 
centres.  

Social determinants of health (SDH) can broadly be defined as non-medical factors that 
influence health outcomes (33). It encompasses “the conditions in the environments where 
people are born, live, learn, work, play, worship, and age that affects a wide range of 
health, functioning, and quality-of-life outcomes and risks”. SDH is categorised into 5 key 
areas: ‘economic stability’, ‘education access and quality’, ‘health care access and quality’, 
‘neighbourhood and built environment’, and ‘social and community context’.  These 
categories can be sub-categorised in dimensions. Examples of dimensions are income, 
employment, education, ethnicity, marital status, living environment and behavioural and 
mental health. SDH is associated with increased healthcare utilisation and poorer health 
outcomes (34,35). SDH may impact blood sugar levels, cholesterol and blood pressure 
resulting in an increased risk of diabetes and CVD (36). In addition, SDH has been 
associated with Type 2 diabetes, cancers and kidney diseases (37).  

According to Gottlieb et al. (38) collecting data on SDH is effective in improving health 
outcomes. Data on SDH can be used in clinical decision-making and referral to social 
services. Vest et al. (39) studied the association between adult patient characteristics and 
SDH service needs to identify patients with SDH needs. In their study, SDH services 
included: nutritional counselling, behavioural health, respiratory therapy services, patient 
navigation, and financial counselling. Finding the relation between patient characteristics 
and SDH services was not part of the study.  

2.4 The intersection of Healthcare and the Social domain 
Collaboration among diverse stakeholders in the health and social sectors is imperative for 
addressing impending challenges for a sustainable healthcare system in the future. 
Nonetheless, attaining such collaboration in practical terms proves to be challenging. This 
can be elucidated by the existence of distinct barriers that impede collaboration between 
the various tiers of healthcare and the social domain. In this study patients from secondary 
care were referred to the ‘Gezondheidsplein’. After the consultation, patients received 
health advice to improve their health. The ‘Gezondheidsplein’ refers patients to healthcare 
services in the first level of care or social and welfare services in the social domain. 
Integrated care and social prescribing are two concepts related to the intersection of 
healthcare and the social domain.  

2.4.1 Integrated care 
Previous paragraphs described healthcare and the social domain. It is important to 
emphasize that both affect health outcomes. Integration of both systems might lead to 
better health outcomes. Multiple studies show evidence of improved quality of care, 
increased patient satisfaction and improved access to care because of integrated care. 
Moreover, integrated care may reduce hospital admission rates and lengths of hospital stay 
(40). Valentijn et al. (41) define integrated care as ambulatory care settings in which a 
network of multiple professionals and organisations across the health and social care 
system provide accessible, comprehensive, and coordinated services to a population in a 
community.  In integrated care, effective collaboration between all levels of care, the social 
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domain and other community care providers is crucial to meet the population's diverse 
behavioural, social, and physical needs (42). Therefore, a strong network of healthcare 
institutes, municipalities, and non-medical actors in the social domain is required (43).  

However, the fragmentation of the Dutch healthcare system makes it difficult to manage 
and coordinate such initiatives. Furthermore, in practice cooperation and coordination are 
limited due to barriers on the macro-, meso- and micro-level (37). Barriers on the macro-
level are administrative/regulatory and funding related. In practice, organisations do not 
have or are not able to acquire sufficient resources to develop integrated care. 
Furthermore, regulations on different levels hinder collaboration by making the process 
complex, time-consuming, and costly (44). On a meso-level, inter-organisational and 
organisation barriers caused by a lack of leadership and coordination impede cooperation 
and coordination (44,45). In the healthcare system, various stakeholders with divergent 
interests are involved. Conflicting interests between different organisations hamper 
collaboration. Barriers on the micro-level cover the domains of service delivery and clinical 
practice. Lack of commitment, communication, mutual understanding, and technological 
standards are described as a barrier to corporate (44,46). 

2.4.2 Social prescribing  
Social prescribing entails the referral of healthcare patients to services in the social domain. 
In literature, no consensus about the definition of SP, also known as social referral (SR), 
exists. A rapid review by the University of York defined SP as a way of linking patients in 
primary care with sources of support within the community (47). The National Health 
Service has a similar definition and defines SP as an approach that connects people to 
activities, groups, and services in their community to meet the practical, social and 
emotional needs that affect their health and well-being (48). In general, referrals from 
healthcare to the social domain are from primary care, but cases from outpatient services 
(e.g. oncology and gynaecology), community-based nursing, mental health teams, 
rehabilitation and intermediate care and acute care or emergency departments have been 
described (49). Rempel et al. (50) prefer to use the term social referral to describe the 
links between healthcare and third-sector organisations as it encompasses a broader 
scope. In this broader scope, they do not limit social referrals to primary care and include 
referrals by other healthcare professionals. In general, both definitions describe the links 
between healthcare and the social domain. However, they do not incorporate health and 
well-being. Vidovic et al. (51) use a more extensive definition: ’Social prescribing is a 
community-based, person-centred, holistic health coaching scheme, which supports 
individuals to better understand their needs and take action to improve their health and 
well-being to reduce demand on health and social care’.  This definition is used in this study 
since it is coherent with the concept of PH and addresses the personal aspect by 
incorporating patients’ needs.  

2.5 Lifestyle coaching  
In the last years, lifestyle coaching has been recognised as a potential supporting tool in 
disease management. Health coaching is described as the process of health promotion and 
education to improve lifestyle and prevent the progression of chronic conditions (52). To 
manage their disease, patients receive support in identifying needs, evaluating 
interventions and choosing the right strategy towards an improved lifestyle (53). A meta-
analysis conducted by Long et. al. showed that lifestyle coaching has a significant positive 
effect on the quality of life and leads to a significant reduction in COPD-related hospital 
admissions (54). Moreover, a study conducted by Racey et al (55) shows a clinically 
significant reduction in blood sugar levels (HbA1c) and small benefits for BMI, waist 
circumference, body weight, and depression/distress post-treatment. A major limitation in 
the evidence of lifestyle coaching is the lack of a consensual definition of what coaching 
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entails. In addition, it is primarily the interventions or services to which the patient is 
referred that contribute to the enhancement of health outcomes. 

2.6 Automating the process  
This relationship between personal characteristics and the provided health advice will be 
used to automatise the referral process. Currently, clinical physicians and lifestyle coaches 
provide health advice based on their knowledge and expertise. Clinical physicians do not 
use any tool in the referral decision. Recent developments in the field of data science have 
led to an increased interest in automating healthcare processes. Recommendation systems 
and digital social prescribing are tools described in literature used to provide automatically 
generated health advice.  

2.6.1 Recommendation systems  
Studies describing personalised recommendation systems are limited available in the 
literature. Few studies have demonstrated promising results in personalised 
recommendations of lifestyle interventions. Chi et al. (56) used an algorithm to learn 
patterns in personal characteristics and to connect patients to the most suitable 
intervention that prevents cardiovascular diseases. To determine the relationship between 
the patient characteristics and an intervention a predictive model was used. Nam and Kim 
(57) proposed a personalised recommendation system that provides systematic 
recommendations for lifestyle interventions such as exercise and diet to obese patients. 
However, these studies focused on interventions in the domain of primary prevention and 
the target populations of these studies were limited to CVD and obesity.  

2.6.2 Digital social prescribing 
Patel et al. (58) propose to define digital social prescribing (DSP) as: “social prescription 
that has been facilitated through the use of technology, such as mobile phone apps and 
online platforms intended to benefit users.”. DSP uses social data combined with health 
data (i.e., patient characteristics) from the electronic health record (EHR) to enhance 
clinical care. Patient data from the EHR can be analysed to predict social needs using AI 
and algorithms (49). Digital social prescribing tools (DSPTs), such as ‘Joy’ and ‘Access 
elemental’ use algorithms to connect patients to the right service (59,60). These DSPTs 
use patient preferences, comorbidities, and locally offered services to provide personalised 
health advice. As far as known the algorithm did not include demographic, lifestyle, and 
disease-specific characteristics. Furthermore, the concept of positive health is not 
incorporated.  

2.7 Predictors  
Algorithms for recommendation systems and DSPTs that predict the patients’ needs for 
services use predictor variables, next referred to as predictors. Predictive models are used 
to determine the relationship between patient characteristics (predictor variables) and 
lifestyle interventions (outcomes). Predictive models provide estimates of a patient’s 
probability of receiving certain health advice based on personal characteristics. It is 
expected that the patient’s condition is associated with the provided health advice. 
Correspondingly, certain personal characteristics are associated with the patient’s 
condition. In this thesis, risk factors of NCDs are used as protentional predictors in 
predicting health advice. Budreviciute et al. (61) proposed a model to classify the risk 
factors of NCDs. In their model risk factors are classified into five classes: genetic, 
environmental, socio-demographic, behavioural and medical conditions. Table 1 provides 
an overview of personal characteristics associated with the NCDs CVD, diabetes, CRDs and 
cancer. Genetic and environmental risk factors are beyond the scope of this study and 
therefore not included. In addition, positive health scores are included as predictors. 
However, the use of these scores in such a manner has not yet been validated in the 
literature. 
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Table 1: Risk factors associated with various non-communicable diseases (NCDs). Studies 

supporting the associations are referenced in parentheses. 

Class Risk factors  NCD References 

Socio-
demographics 

Age CVD, Diabetes, 
CRDs, Cancer 

(62–66)  

 Gender CVD, Diabetes, 
CRDs 

(62–71)  

 Degree of 
urbanisation 

CVD (68,72,73)  

 Educational level CVD, Diabetes, 
CRDs, Cancer 

(73)  

 Employment CVD, Diabetes, 
CRDs, Cancer 

(73) 

Behavioural Alcohol consumption  CVD, Diabetes, 
CRDs, Cancer 

(62,64,71,73,74)  

 

 

Smoking  CVD, CRDs, 
Cancer 

(62–74)  

Medical 

condition 

Diastolic blood 
pressure 

CVD, Diabetes, 
Cancer 

(61–63,70)  

 Systolic blood 
pressure 

CVD, Diabetes, 
Cancer 

(61–63,67,68,70,72)  

 BMI CVD, Diabetes, 
Cancer 

(61–63,65,68,70,71,74)  

 Total cholesterol  CVD, Diabetes (61–63,68,72)  
 LDL cholesterol  CVD, Diabetes (61,62)  
 HDL cholesterol  CVD, Diabetes (61–63,68,72)  
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3 Method Pilot study  
3.1 Setting  
This pilot study was conducted at Rijnstate Hospital, which comprises four locations 
situated in the Arnhem region of the Netherlands. Rijnstate Hospital is recognized as a top 
clinical hospital, serving a service area encompassing approximately 433,000 inhabitants. 
Annually, the hospital attends to 500,000 outpatients and 60,000 inpatients (75). With a 
strong emphasis on prevention, the hospital strives to establish itself as a frontrunner in 
this domain and is one of the co-founders of the prevention network Community of Care 
Gelderland Midden (76) . This collaborative network aims to foster cooperation among 
stakeholders dedicated to the promotion of health and well-being among the region's 
residents. 

This study is part of the dRural project, a European project with over 30 participants from 
8 countries (77). The project part in the Netherlands focuses on the so-called “Care region 
of the future” in which digitalisation plays an important role. A study to develop a digital 
marketplace to connect patients to the right service is part of this and contributes to 
overcoming barriers in prevention as described in Chapter 2 (Theoretical framework). The 
digital marketplace will be a platform where healthcare and social care organisations offer 
their services. Inhabitants and caregivers can use the platform to search for suitable 
services and meet demands. The platform aims to connect the right healthcare or social 
service suitable to the patient's needs. To support this process, Rijnstate initiated the 
development of the underlying algorithm.   

3.2 Study design  
This explanatory quantitative observational study includes data collection, regression 
analyses and a research report. Patients’ positive health scores, patients’ characteristics, 
and recommendations from the employees of the ‘Gezondheidsplein’ will be used in the 
regression analysis. The report will provide an overview of what personal characteristics 
should be included in the algorithm that will be developed to identify patients’ personal 
needs for services. The steps are described in more detail below. 

3.3 Study population 
This study exclusively focused on patients (≥ 18 years old) who were referred to the 
'Gezondheidsplein' between January 12, 2023, to June 30, 2023, and received health 
advice aimed at secondary prevention. The population consisted of patients who visited 
the outpatient clinics and departments of Cardiology, DIVAN (Diabetes, Vascular, and 
Nephrology), Gastrointestinal Oncology, Gynaecology, Pulmonology, and Oncology at 
Rijnstate and were referred based on expert opinion by nurses or physicians. No 
participation from other hospitals occurred within the scope of this study. 

The inclusion criteria were:  

• Patients completed the PH_Q (Appendix 1) 
• Patients received health advice from a lifestyle coach of the ‘Gezondheidsplein’. 
• The patients’ scoring table (Appendix 2) is filled out by a lifestyle coach.   

3.4 Patient inclusion  
To access patient data, approval was requested by Rijnstate’s local feasibility committee 
(LFC. As this study uses patient data, the patient’s informed consent was required. A 
patient information form was used to inform the patient (Appendix 3). After the LFC’s 
approval was obtained, the inclusion process started. The researcher did not have a 
treatment relationship with the patients. Therefore, the lifestyle coaches, who did have a 
treatment relationship with the patients, were tasked with asking them if they were willing 
to participate in this study. This was done by sending an e-mail to the patients with a 
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patient information form (PIF). At least 7 days after receiving the PIF, patients who did not 
object to being contacted were called by the researcher and asked if there were any 
questions regarding the study. During the phone call, the patients were given the 
opportunity to indicate their understanding of the provided information and declare 
(verbally) that their patient data could be used for this study. Patients who had a 
consultation with the ‘Gezondheidsplein’ after the data collection started, received the PIF 
during the consultation. After reading the PIF, the lifestyle coach asked whether the patient 
wanted to participate or not. Patients who met the inclusion criteria declared to fully 
understand the PIF and provided verbal consent were enrolled in this study.  

To ensure patient privacy, study IDs were used. Before anonymisation, a key list with 
identifiable data was made. In this list, patient name, date of birth, phone number, HiX 
numbers (patient EHR number) and study IDs were documented. The key list enabled the 
researchers to contact patients in case of problems such as a data leak. The list was not 
used to collect any data. Subsequently, a screening list with study IDs was created to log 
which patients were approached by the researchers and whether they provided consent.  

3.5 Data collection 
The study data were collected from May 19, 2023, to June 30, 2023. During this period, 
eligible participants were recruited and enrolled in the study. Before the consultation, the 
patient filled out the PH_Q. The patient gains access to the questionnaire through a link 
that is sent to them after scheduling the appointment. The patient completes this 
questionnaire independently. In case a patient did not fill out the PH_Q, this was done at 
the start of the consultation. Filling out the PH_Q was part of the regular care process and 
was done to identify the patient's needs for services. Needs were identified by a score 
within the six dimensions of PH on a scale from 1 – 10. Scoring was done using a digitalised 
17-item version of the PH_Q proposed by van Vliet et al. (19) (Appendix 1). In this study 
only items 10, 17, 22, 29, 36, and 43 were used to determine the PH-score’s per dimension. 
This digital version was made before the start of this study. The researcher was not 
involved in the development of the questionnaire. 

After the consult, the lifestyle coach filled out the scoring table to specify the health advice 
given to the patients. Lifestyle coaches noted the service domain and the specific advice. 
Both the PH_Q and the scoring table were filled out using Microsoft Forms. 

Personal characteristics were extracted from HiX using the data extraction tool CTcue. The 
software has two workflows: patient finder and clinical data collector. ‘Patient finder’ was 
used to compile the study cohort. Patients were added to the study manually by searching 
the patient’s HiX number. CTcue automatically generates pseudo-IDs to ensure patient 
privacy. After selecting the study cohort, data were extracted from the EHR using the 
clinical data collector. In CTcue queries are used to collect data in structured and 
unstructured form. In general, structured data comprise numeric values such as lab and 
vital sign measurements. Unstructured data is any type of data in free text fields and 
consists of documentation reported by health professionals. Appendix 4 shows the query 
used to collect data.    

3.6 Study variables  

3.6.1 Candidate predictors 
Patient characteristics were selected as candidate predictors predicting the service domain. 
These predictors were categorised into socio-demographic, behavioural, medical 
conditions, and positive health characteristics. The candidate predictors were selected by 
conducted literature research (Table 1). Candidate predictors were both continuous and 
categorial.  
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• Age: Captured from the EHR at the time of inclusion.  
• Gender: Captured from the EHR. Reported as: 

o male  
o female  

• Degree of urbanisation: Derived from postal code captured from the document. 
Reported as (inhabitants per km2 land):  

o not urbanised (<250) 
o hardly urbanised (250 < 500) 
o moderately urbanised (500 < 1000) 
o strongly urbanised (1000 < 2000  
o extremely urbanised (> 2000) 

• Educational level: Captured from the PH_Q form. Reported as: 
o low (Basisonderwijs/VMBO/MAVO) 
o medium (MBO/HAVO/VWO) 
o high (HBO/Universiteit) 

• Employment: Captured from the scoring table filled out by lifestyle coaches. 
Reported as:  

o employed 
o unemployed 
o retired 
o volunteering 

• Alcohol consumption: Patient's alcohol consumption. Captured from the EHR. 
Reported as:  

o no  
o yes  

• Smoking status: Patient's current or past smoking status. Captured from the EHR. 
Reported as: 

o never 
o current  
o stopped 

• Department of referral: The department or outpatient clinic within the hospital 
referred the patient to the ‘Gezondheidsplein'. Captured from the documentation of 
the ‘Gezondheidsplein’, reported as:  

o cardiology  
o DIVAN   
o gastrointestinal oncology 
o gynaecology 
o lung 
o oncology  

• Body Mass Index (BMI) (km/m2): A measurement used to assess the patient's 
body weight in relation to their height. Captured from the EHR as the last available 
measurement. 

• Blood pressure systolic (mmHG): Pressure in the blood vessels when the heart 
contracts (systolic). Captured from the EHR as the last available measurement. 

• Blood pressure diastolic (mmHG): Pressure in the blood vessels in between 
contractions (diastolic). Captured from the EHR as the last available measurement. 

• Cholesterol (mmol/L): Captured from the EHR as the last available 
measurement. 

• Low-density lipoprotein (mmol/L): Captured from the EHR as the last available 
measurement. 

• High-density lipoprotein (mmol/L): Captured from the EHR as the last available 
measurement. 
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• Bodily function: Relates to the patient's body. The extent to which the patient 
feels healthy, feels fit, and can exercise. Self-reported by the patients in the PH_Q. 
Measured on a scale from 1 to 10, where 1 represents the worst score and 10 
represents the best score. 

• Mental well-being:  Relates to the patient's feelings and thoughts. The extent to 
which the patient can remember things, concentrate, and knows what to do when 
things are not going well. Self-reported by the patients in the PH_Q. Measured on 
a scale from 1 to 10, where 1 represents the worst score and 10 represents the 
best score. 

• Meaningfulness: Relates to a meaningful life. The extent to which the patient 
worries about the future and is eager to do things in life. Self-reported by the 
patients in the PH_Q. Measured on a scale from 1 to 10, where 1 represents the 
worst score and 10 represents the best score. 

• Quality of life: Relates to the patient's quality of life. The extent to which the 
patient is happy, feels good and can cope with life. Self-reported by the patients in 
the PH_Q. Measured on a scale from 1 to 10, where 1 represents the worst score 
and 10 represents the best score. 

• Participation: Relates to the patient's participation in society. The extent to which 
the patient interacts with others, has a sense of belongingness, and can ask people 
around them for help. Self-reported by the patients in the PH_Q. Measured on a 
scale from 1 to 10, where 1 represents the worst score and 10 represents the best 
score. 

• Daily functioning: Relates to the patient's daily life. The extent to which the 
patient knows their own capabilities, how to live healthy and can plan their day. 
Self-reported by the patients in the PH_Q. Measured on a scale from 1 to 10, where 
1 represents the worst score and 10 represents the best score. 

Measurements older than 1 year were reported as missing.  

3.6.2 Outcome variables 
The outcome variables were the twelve service domains as specified by an expert group 
consisting of, among others: a PhD student, a strategic policy advisor social domain 
(Municipality Lingewaard), and employees of an organization that is engaged in the 
implementation of broad welfare work in an adjacent municipality (Lingewaard).  

The following twelve service domains were specified:   

• Lifestyle behaviours: aimed to support with bad lifestyle behaviours such as 
addictions. Example services: smoke cessation, alcohol or drugs counselling, and 
gambling therapy  

• Mental well-being: aimed to support emotional stability, resilience, positive self-
perception, and the ability to cope with the stresses of life. Example services: Adult 
day care, social worker, psychologist, and psychiatrist.  

• Nutrition: aimed to support with dietary habits. Example services: social dining, 
meal provision, dietitian, and combined lifestyle interventions (CLIs). 

• Physical activity: aimed to support with exercise. Example services: walking 
groups, personal training, physiotherapist, and CLIs. 

• Sleep/Relaxation: aimed to reduce stress and improve night's sleep. Example 
services: relaxation techniques, meditation, music therapy, and acupuncture. 

• Physical well-being: aimed to support with physical fitness and overall functional 
well-being. Example services: general practitioner, pharmacist, pain relief 
techniques, acupuncture, and osteopathy. 

• Residence/Household: aimed to support with the living situation and conditions. 
Example services: supported living, home adaptations, home care, and informal 
care.  



 18 

• Social environment/contacts: aimed to support with the social setting in which 
the patient lives and contact with others. Example services: clubs, groups and 
events in local communities, community centres, adult day care, and informal care.  

• Financial/work: aimed to support with handling depts, financial abuse, and job 
seeking. Example services: financial administration support, free pass for low-
income individuals, and budget and debt counselling.  

• Transport and services: aimed to support with mobility issues. Example services: 
transport pass (free or reduction), community transport, and disability parking 
permits. 

• Personal care: aimed to support with daily routines, such as washing, dressing, 
and getting out and about. Example services: general practitioner, home care, 
pedicure, and ergotherapy.   

• Child-rearing: aimed to support with looking after your child, child's development 
or wellbeing. Example services: domestic abuse support, day care, after school 
care, preschools, playgroups, street coaches, and youth worker.  

Subsequently, lifestyle coaches from the 'Gezondheidsplein' allocated appropriate care and 
social services to the twelve service domains. The specification of the domains and their 
corresponding services had been previously conducted and was not part of this study. 

It should be noted that the outcome variable of this pilot study was the service domain, 
not the specific service. In practice, the lifestyle coach advises on the best-suited service.  
In the scoring table, lifestyle coaches were instructed to first specify the service domain 
and then provide the details of the specific service itself. However, predicting the specific 
advice was beyond the scope of the pilot study. 

3.7 Data preparation 
The output of the PH_Q scoring table and CTcue was captured in separate Excel files. For 
authority reasons, the researcher did not have any influence on the compilation of data 
from the PH_Q and scoring table.  Data other than the study variables section described 
data was excluded. The output of the queries used was directly exported from CTcue. 
Before data was exported from CTcue a variable selection was made. Subsequently, all 
files were combined in one dataset.  

The study encountered a large number of missing data, especially in data extracted with 
CTcue. No complete cases occurred. Variables with >50% missing data were excluded from 
the analyses. Excluded variables were blood pressure systolic (54%), blood pressure 
diastolic (54%), total cholesterol, LDL and HDL cholesterol (Appendix 5).  

3.8 Statistical analyses  
A descriptive analysis was conducted on the patient’s characteristics (socio-demographics, 
behavioural, and medical conditions). The results were reported in terms of the mean ± 
standard deviation (SD) for continuous predictors and as frequency n (%) for categorical 
variables. The Chi-square test (χ2-test) was used to examine the relationship between 
categorical predictors and outcome variables. In addition, logistic regression was 
performed to examine the strength and direction of the relationship between predictors 
indicating a significant association. For continuous predictors, logistic regression was 
employed to examine the relationship with outcome variables.  

3.8.1  χ2-test 
The χ2-test is a test to examine whether predictors indicate a significant association with 
the outcome variables (Equation 1). The results of the X2-test are reported as the X2. In 
all tests, the null hypothesis stated that there is no relationship between the predictor and 
the service domain. Predictors with a p-value p < 0.05 were marked as significant.  
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Equation 1:	𝑥! =	∑
(#$%)²

%
 

Where χ2 is the test statistics, O is the observed number of frequencies, and E is the 

expected number of frequencies.  

3.8.2 Logistic regression 
In logistic regression, the outcome variable represents the probability of an event 
occurring, such as receiving health advice in a certain service domain or not. This outcome 
is coded as a binary variable, with a value of 1 indicating that the patient received the 
health advice in a certain service domain and a value of 0 indicating that the patient did 
not receive the health advice in that service domain. 

Ui = 1 Û patient i		received health advice in a certain service domain i.e., ‘Lifestyle 
behaviours’ 

Ui = 0 Û patient i did not receive health advice in a certain service domain.  

Univariate logistic regression was used to identify significant predictors associated with the 
service domain (Equation 2). Multivariate logistic regression was then performed to analyse 
the relationship between these significant predictors (the result of univariate analyses) and 
the outcome variable (Equation 3). Subsequently, odds ratios (OR) were obtained by 
exponentiating the coefficient.  

Equation 2: 𝑃(*) =	
+ 	

,-	+ 	
 

Where P is the probability of getting health advice in a certain service domain, and i is the 

regression coefficient of the X and Xi predictor.  

Equation 3: 𝑃(*) =	
+ 	

,-	+ 	
 

Where P is the probability of getting health advice in a certain service domain, and i is the 

regression coefficient of X and Xi predictors.  

One assumption in logistic regression is linearity between the logit of the outcome and 
each continuous predictor. This assumption was assessed using a visual interpretation of 
the scatterplots. Variables that did not meet the assumption of linearity were excluded. 
Additionally, logistic regression assumes there is no multicollinearity between predictors. 
Variance inflation factor (VIF) was used to indicate multicollinearity.  

For each OR the 95% confidence interval is given within parentheses. The OR indicates the 
strength and direction of the association between the six dimensions of positive health and 
the service domains. OR’s greater than 1 indicate a positive association between the 
predictor and the outcome. Conversely, ORs less than 1 indicate a negative association. 
OR’s equal to 1 suggest no association. For both χ2 and logistic regression, p-values are 
reported as the significance threshold. The reported p-values were solely reported as a 
threshold to determine whether the variables, based on the univariate analyses, should be 
included in the multivariate analysis. The p-value was not taken into account when 
analysing the strength and direction of the association. Therefore, outcomes that are not 
significant according to the p-values are still reported. 

3.9 Analysis Pilot study  
The previously described method was used to gain a better understanding of the primary 
data. The first step was analysing the referral process. This was done by evaluating the 
process with referrers, lifestyle coaches and the program manager of the 
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‘Gezondheidsplein’. Next, the inclusion process as described in section 3.4 was analysed. 
Both processes were visualised in a swimming lane flowchart. After patient inclusion, data 
collection started as described in section 3.5. The data collection process was evaluated to 
determine how data collection can be improved to ensure data quality. The analyses of the 
referral, inclusion and data collection processes are presented in part I of the results 
section. Next, the results of the exploratory statistical analyses on the primary data are 
analysed (results II). Finally, the insights from the pilot study were critically evaluated to 
modify the initial explorative study design and a revised design is proposed (results III). 
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4 Results I - Process analyses Pilot study  
4.1 Referral process 
The referral begins at the ward or outpatient clinic, where the nurse (specialist) or physician 
identifies eligible patients (Figure 1). Nurses play a vital role in referral, as they have close 
and regular interactions with patients. Due to this close involvement, nurses are well-
positioned to identify eligible patients. Therefore, physicians and especially nurses should 
possess the necessary competencies to recognise patients who need support in improving 
their lifestyle. However, from brief dialogues with ward nurses, it became clear that they 
were not directly aware of the ‘Gezondheidsplein’ and their role as referrers. Nurses tend 
to miss or omit signals when their role in referring is unclear. Moreover, uncertainty about 
the referral role might result in a lack of accountability leading to disengagement (78).  

 

Figure 1: Swimming Lane chart referral process 

4.2 Documentation process ‘Gezondheidsplein’ 
In total 133 patients (≥ 18 years old) were referred to the ‘Gezondheidsplein’ (Appendix 
6). Seven patients (5.3%) had a no-show for the first appointment. Patients were called 
by the lifestyle coaches and appointments were rescheduled. After a second attempt, 7 out 
of 13 patients ultimately attended the rescheduled appointment. Reasons for no-shows 
were not documented.  

The deliberate adherence to broad inclusion criteria aimed to encompass a substantial 
number of patients within the study cohort. However, in retrospect, a considerable portion 
of the population had to be excluded from the study because they did not meet two 
essential inclusion criteria regarding the PH_Q and the scoring table, respectively 46.5% 
and 42.5% of the patients.  Most of these patients visited the 'Gezondheidsplein' shortly 
after the outpatient clinic opened in March. According to the program manager, at that 
time, the processes around the consultation were not well established. Moreover, the 
limited presence of the program manager hampered their ability to direct this process. 
Brief interviews with lifestyle coaches revealed that they do not consider the PH_Q as the 
primary source of input for giving advice. Instead, one lifestyle coach emphasised that the 
information and observations obtained during the interview are the main input for giving 
advice. This could explain why consultations proceeded without the completed PH_Q.  

Additionally, lifestyle coaches were requested to specify the given advice in a scoring table 
directly after the consultation with the patient. Particularly, during the start-up phase of 
the ‘Gezondheidsplein', the lifestyle coaches did not consistently fill out the provided 
scoring tables. The scoring tables are accessible via a link that directs the lifestyles coaches 
to the form. Filling out the scoring table was not seen as part of the lifestyle coach's primary 
task. Their primary tasks involve identifying needs and providing advice. Filling out the 
scoring table should be incorporated into the process since it was observed that filling out 
the form was not fully ensured within the process during the study period. Moreover, it 
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was found that filling out the form was not intuitive. On multiple occasions, the form was 
inaccurately edited by lifestyle coaches, necessitating the developers to redraft the form. 

4.3 Recruitment process 
In total, 33 patients were eligible to the study of which 24 (72.7%) provided verbal consent 
to extract data from the patient’s EHR after being approached by the researchers (Appendix 
6). As described in section 3.4 patients who did not object to being contracted were called 
by the researcher to ask for verbal consent. Most patients saw but did not read the e-mail 
with the attached PIF. Consequently, the intention and methodology of the study had to 
be explained during this call. Calling each patient is infeasible for a larger patient cohort 
as the average duration of phone calls to patients was 4 minutes. Moreover, the 7-day 
objection period set by the LHC creates a delay in inclusion and shortens therefore the 
inclusion period.  

4.4 Estimated sample size 
The 'Gezondheidsplein' distinguishes between two types of consultations: intake 
consultations lasting 60 minutes, and follow-up consultations lasting 30 minutes. A lifestyle 
coach estimates that by the end of 2023, a realistic number of consultations based on the 
available working hours (30 hours allocated for consultations per week) would be around 
10-15 intake consultations and 20-40 follow-up consultations per week. Considering the 
capacity of the "Gezondheidsplein", there is potential to increase the number of referrals, 
thereby enabling the inclusion of a greater number of patients.  

According to a projection by the programme manager, most departments will have started 
referring patients by the end of 2024, and relevant staff will have received training on 
preventive care. At present, predicting the exact number of patients referred by then 
remains a challenge. However, based on existing figures on referrals and inclusions, it 
becomes possible to estimate a sample size to be achieved by the end of 2023. 

Based on the lifestyle coach's estimation, the ‘Gezondheidsplein’ has a weekly capacity of 
10-15 intake consultations. Assuming enough patients are eligible for consultations, it is 
conceivable that 40 - 60 patients could receive Health advice each month. Thus, within the 
timeframe from July to the end of December (6 months), the potential range would be 240 
- 360 patients. However, the findings reveal that approximately 30% of patients do not 
provide consent of using their data in the study. Consequently, by the end of this year, 
given the completion of all requisite documents (PH_Q and scoring table), a projected 168 
- 252 patients could still be eligible for inclusion. Note that this number could be higher if 
more departments and outpatient clinics start referring patients. 

4.5 Data quality 
Data was collected from documentation of the ‘Gezondheidsplein’ (PH_Q, scoring table, 
excel file) and patients ’EHRs. The retrospective nature of the study affected the quality of 
the data. In terms of accessibility, data was only accessible by requesting the necessary 
data from the lifestyle coaches. Currently, the ‘Gezondheidsplein’ does not have its 
environment in the EHR; hence, data can only be accessed by employees directly involved 
with the outpatient clinic.  

Access to data from the EHR could be obtained in three ways, namely: directly through 
HIX, CTcue, or by submitting a request to BIT. Due to time constraints, it had been decided 
to access the data via CTcue. However, the choice of this software affected the quality of 
the data. Patient history and assessments are stored in the EHR in structured and 
unstructured form. In general, clinicians prefer to use unstructured data whereas those 
reusing data for scientific research prefer structured data. Structured data was easily 
accessible as CTcue has features to report patient data in a structured way using forms 
and pre-defined query terms. In contrast, obtaining unstructured data was challenging. 
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Unstructured documentation contained more detailed information. Creating a specific 
query was, therefore, necessary for finding and extracting the desired data. Depending on 
how different individuals construct a query, distinct datasets can be retrieved. 

The results of the query used to collect data showed that there was currently no consistent 
way of reporting. Details about whether a patient smokes cigarettes or drinks alcohol or 
not can be reported in forms with ‘Yes’ or ‘No’. In practice, such information is reported in 
unstructured free-text fields. Similarly, numerical data such as blood pressure, BMI or 
cholesterol can be reported in forms with corresponding units (mmHg, kg/m2, mmol/L). 
However, these measurements were often found in free text fields.  

Timeliness is another crucial factor affecting data quality. In this context, the standard 
retrieval of the latest available data by CTcue is important. Up-to-date information is 
essential for accurate analysis. By collecting the latest data, CTcue improves the reliability 
and usability of the information collected, thus contributing to better data quality. However, 
measurements such as blood pressure and cholesterol were outdated (>1 year old) and 
therefore labelled as missing data.  

In terms of completeness, the dataset had 2 (8.33%) complete cases (Figure 2). Figure 2 
shows the pattern of missing data. The left vertical axe represents the number of cases, 
and the right vertical axe represents the number of missing data. The bottom horizontal 
axe represents the number of missing entries with respect to the variables on the top 
horizontal axe. For example, the figure illustrates that data on cholesterol, and 
consequently on LDL and HDL, were missing in 19 cases. Moreover, the figure shows that 
in 13 cases, data on blood pressure were missing. 

 

Figure 2: Missing data pattern plot 
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5 Results II - Data analyses Pilot study 
5.1 Patient cohort characteristics  
The patient cohort visiting the 'Gezondheidsplein' and participating in this pilot study 
(n=24) had an average age of 49 ± 17.7. Among the patients, 91.7 % were female. At the 
time of inclusion, most patients 47.6% were employed. Regarding behavioural 
characteristics, most patients who visited the “Gezondheidsplein” were smokers or former 
smokers (66.7%). Nine patients (37.5%) reported alcohol consumption. Patients were 
referred from 6 departments. Nine patients (37.5%) were referred from the gynaecology 
department, while from the oncology and lung departments, both 5 patients were referred 
(20.8%). All referred from gynaecology received health advice in the service domain 
‘lifestyle behaviour’. Table 2 provides a comprehensive description of the study population, 
encompassing socio-demographic, behavioural, and medical condition characteristics. 

Table 2: Patient cohort characteristics (n=24). Missing data is not included in the table. 

Socio-demographic  

Age (Mean ± SD)  49 ± 17.7 

Gender = Female (%)  22 (91.7) 

Education (%) Low 4 (25.0) 

 Medium 7 (43.8) 

 High 5 (31.2) 

Employment (%) Employed 10 (47.6) 

 Unemployed 4 (19.0) 

 Volunteering  2 (9.5) 

 Retired 5 (23.8) 

Degree of urbanisation (%) Not urbanised 1 (4.2) 

 Hardly urbanised 2 (8.3) 

 Moderately urbanised 11 (45.8) 

 Strongly urbanised 9 (37.5) 

 Extremely urbanised 1 (4.2) 

Behavioural 

Smoking status (%) Never 8 (33.3) 

 Current 8 (33.3) 

 Stopped 8 (33.3) 

Alcohol = yes (%)   9 (37.5) 

Medical condition 

Body Mass Index (Mean ± SD)  34.66 ± 8.16 

Cholesterol (Mean ± SD)  4.78 ± 0.65 

Low-density lipoprotein (Mean ± SD)  2.55 ± 1.09 

High-density lipoprotein (Mean ± SD)  1.40 ± 0.17 

Department of referral (%) Cardiology 2 (8.3) 

 DIVAN 2 (8.3) 

 Gastrointestinal Oncology 1 (4.2) 

 Gynaecology 9 (37.5) 

 Pulmonology 5 (20.8) 

 Oncology 5 (20.8) 

 

The patient’s cohort PH scores obtained from the PH_Q are summarised in Table 3. Among 
the six dimensions of positive health, the included patients scored the lowest in the 
dimension of bodily functioning and the highest in the dimension of meaningfulness.  
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Table 3: Population's positive health scores obtained from the PH_Q 

Dimension  Score (Mean ± SD) 

Bodily functioning  5.67 ± 1.31 

Daily functioning  6.75 ± 1.59 

Mental well-being  7.00 ± 1.62 

Quality of life  7.08 ± 1.53 

Participation  7.17 ± 1.17 

Meaningfulness  8.04 ± 1.12 

 

The results show advice was given in five of the twelve service domains. Of the 24 patients, 
13 received advice in the service domain ‘Nutrition’, 9 in the service domain ‘Lifestyle 
behaviours’, and 8 in the service domain ‘Physical activity’, with the fewest advice in service 
domain with the fewest advice in service domain 4 (n=6). The advice within the service 
domain ‘sleep/relaxation’ were excluded as there were just 2 events. No advice was given 
in the other domains. Appendix 7 includes a table with the advice per patient characteristic 
with respect to the service domains.  

5.2 Statistical analyses  

5.2.1 Association between categorical predictors and the service domains  
To examine the relationship between categorical characteristics and the service domains, 
X2-tests were conducted. The results reveal a significant association between 'Smoking 
status' and the service domain 'Lifestyle behaviours' (χ2, = 13.87, df = 2, p<0.001). 
Similarly, a significant association was found between 'Smoking status' and the service 
domain ‘Nutrition' (χ2 = 9.40, df = 2, p<0.001). No other variables showed a significant 
association with the service domains. Table 4 summarises the results obtained from the 
χ2-tests.   

Table 4: Results Chi-square tests for categorical variables 

 

Lifestyle 

behaviours  

Mental  

well-being Nutrition 

Physical  

activity 

Characteristics χ2   P-value χ2   P-value χ2   P-value χ2   P-value 

Sociodemographic 

Gender 0 1.000 0 1.000 0.75 0.387 1.70 0.192 

Education 0.97 0.615 1.37 0.504 2.96 0.228 5.20 0.074 

Employment 1.71 0.636 5.08 0.166 4.16 0.245 0.53 0.913 

Degree of urbanisation  2.47 0.650 2.13 0.712 5.69 0.223 2.93 0.569 

Behavioural  

Smoking status 13.87 < 0.001*  4.00 0.135 9.40 < 0.001* 2.63 0.269 

Alcohol consumption 0 1.000 0.00 1.000 0.10 0.751 0.20 0.655 

Medical condition 

Department of referral 3.09 0.686 3.60 0.825 3.56 0.829 7.46 0.382 

*Significant (p < 0.05) 

Since the χ2-test lacks information on association strength and direction, significant 
variables were analysed using univariate logistic regression. No significant association was 
found between smoking status and the service domain 'Lifestyle behaviour'. The analyses 
revealed a negative association between ‘Smoking status’ and the services domain 
‘Nutrition’ (OR = 0.02, 95% CI: 0.00 - 0.26, p<0.05). In this study, however, we are 
predominantly interested in positive associations, where the presence of certain 
characteristics increases the likelihood of health advice in a specific domain. 
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5.2.2 Association between continuous predictors and the service domains 
The relationship between continuous variables and the service domains of the health advice 
was assessed by conducting univariate logistic regression analyses. The analysis revealed 
that patients with a higher score on the bodily function dimension of positive health were 
less likely to receive health advice within the service domain 'Nutrition' (OR = 0.44, 95% 
CI: 0.17 - 0.91, p<0.05) (Table 5). In addition, patients with a higher BMI were found to 
be less likely to receive health advice within the service domain 'Lifestyle behaviours' (OR 
= 0.65, 95% CI: 0.34 - 0.86, p<0.05).  

The univariate logistic regression analyses with the PH-scores as predictor and ‘Nutrition’ 
as outcome revealed a negative association between all the PH-scores and ‘Nutrition’. 
These findings suggest that for patients with lower scores on the dimensions ‘Bodily 
functions’, ‘Meaningfulness’, ‘Quality of Life’, ‘Participation’, and ‘Daily Functioning’, the 
likelihood of receiving health advice in the 'Nutrition' domain increases compared to 
patients with a higher score.  

Counterintuitive results were found in the analyses with the PH scores as a predictor and 
‘Lifestyle behaviour’ as the outcome. It is important to highlight that higher scores on the 
PH dimensions are considered positive. For every 1-point improvement on the Bodily 
Functions score, the likelihood of receiving health advice in the 'Lifestyle Behaviour' domain 
increases by 1.85. Similar results were observed for the dimensions of ‘Mental well-being', 
‘Quality of Life’, ‘Participation’, and ‘Daily Functioning’. 

Table 5: Results from the univariate analyses examining the associations between 

continuous predictors and the service domains. 

 Lifestyle behaviours  Mental well-being  Nutrition  Physical activity  

 

 

predictor OR (95%CI) 

p-

value OR (95%CI) 

p-

value OR (95%CI) 

p-

value OR (95%CI) 

p-

value 

Positive health 

Bodily functions 1.85  

(0.92 – 4.56) 

0.118 1 

(0.48 – 2.15) 

1.000 0.44  

(0.17 – 0.91)  

0.049* 0.59 

(0.27 – 1.18) 

0.157 

Mental  

well-being 

1.56 

(0.86 – 3.57) 
0.207 0.71 

(0.36 – 1.27) 

0.259 0.93 

(0.53 – 1.58) 

0.796 0.80 

(0.43 – 1.38)  

0.423 

Meaningfulness 1.09 

(0.51 – 2.48) 

0.811 0.79  

(0.31 – 1.87) 

0.595 0.58 

(0.21 – 1.26) 

0.207 1.11 

(0.50 – 2.57) 

0.793 

Quality of life 1.35 

(0.75 – 2.94)  

0.376 0.95 

(0.51 – 1.88) 

0.875 0.70  

(0.32 – 1.25) 

0.290 0.80 

(0.41 – 1.43) 

0.454 

Participation 1.98 

(0.91 – 5.28)  

0.114 0.70  

(0.29 – 1.61) 

0.415 0.65  

(0.29 – 1.34) 

0.266 0.83 

(0.37 – 1.75) 

0.615 

Daily 

functioning 

1.71 

(0.89 – 4.66)  

0.193 0.81  

(0.45 – 1.47) 

0.460 0.88 

(0.48 – 1.49)  

0.649 0.93 

(0.53 – 1.67) 

0.782 

Sociodemographic 

Age 1.06  

(1.00 – 1.13)  

0.053 0.95 

(0.87 – 1.00) 

0.100 0.96 

(0.91 – 1.00) 

0.133 1.00  

(0.94 – 1.04) 

0.709 

Medical condition 

BMI 0.65 

(0.34 – 0.86)  

0.042* 1.04  

(0.92 – 1.20) 

0.549 1.09  

(0.97 – 1.25)  

0.171 1.12  

(0.99 – 1.31)  

0.094 

*Significant (p < 0.05)  

5.2.3 Multivariate logistic regression  
Multivariate logistic regression is used to obtain a more comprehensive understanding of 
this relation. The multivariate analysis revealed that smoking status remained significant 
for current smokers and service domain ‘Nutrition’ (OR = 0.02, 95% CI: 0.00 - 0.35, 
p<0.05). Hence, for current smokers, the odds of health advice in the service domain 
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‘Nutrition’ were 0.03 times the odds of patients who never smoked (Table 6). The ORs 
were adjusted for the effects of other predictors in the model. 

Table 6: Results of the multivariate logistic regression examining the association between 

univariate significant predictors and the service domain 'Nutrition'. 

  Nutrition 

  Adjusted OR (95%CI) p-value 

Bodily function   0.47 (0.14 – 1.16) 0.141 

Smoking status Current 0.03 (0.00 – 0.35) 0.010* 

 Stopped  0.21 (0.01 – 2.62) 0.268 
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6 Results III - Revised study design  
6.1 Study design 
As described in section 4.5 the pilot had to deal with poor data quality in terms of 
accessibility, completeness, and timeliness. Adopting a prospective research design can 
significantly enhance data quality. A major disadvantage of using retrospective clinical data 
is the high variability, as there are often no standardized methods used for data collection. 
With a prospective design, data collection is more purposeful. The key advantage of such 
a design is that the researcher maintains control over the data collection process from the 
beginning on. Furthermore, the researcher can exert quality control throughout the study. 
For optimal fitting of the model to the population, a heterogeneous sample with high 
variability in predictor variables is preferred. A heterogeneous cohort makes it difficult to 
select candidate predictors that match each case. The use of a prospective study design 
limits the presence of unmeasurable candidate predictors. Candidate predictors can be 
more accurately tailored to the patient cohort. In the initial design, the candidate predictors 
cholesterol, LDL, and HDL were excluded, as it appeared that they were not part of routine 
clinical care for the patients or not relevant to report. The pilot study faced a large number 
of missing data and adopting a prospective design may be an appropriate alternative to 
ensure improved data quality.  

6.2 Data splitting  
Before model development and variable selection, the existing dataset should be split into 
two, namely a training dataset and a testing set. The training set will be used for estimating 
coefficients, assessing collinearity, stepwise selection, and model evaluation. The test set 
should only be used to assess the performance of the final model. To avoid bias, it is crucial 
not to use any of the samples that are part of the test set during model development. A 
standardly used ratio for splitting data is 80:20 train-test split. That is, 80% of the data is 
for training and 20% for testing (79).  

However, the results of the pilot study show that the proportions of outcomes were 
unevenly distributed. For example, in the domains of lifestyle behaviours and physical 
activity, the ratios were 63:37 and 66:33, respectively. Therefore, the stratified random 
sample method should be used to split the data. This is done by selecting samples at 
random within the classes of the outcome variable, i.e., patients with health advice in the 
service domain ’Lifestyle behaviours’ and patients without advice in that domain. This 
ensures an equal distribution of the outcome within both sets. 

6.3 Sample size 
In general, sample size calculations are a key component of quantitative studies. However, 
early exploratory pilot studies with limited data might not require such calculations, as 
there may not be enough data available to perform such calculations (80). The drawback 
is that the obtained results are not reliable, valid, and likely not representative of the actual 
population. To obtain an estimate of the minimum sample size, rules of thumb can be 
employed. A commonly accepted rule of thumb for logistic regression is to have a minimum 
of 10 events per variable (EVP). This minimum is required for the accurate estimation of 
regression coefficients (81). However, if the number of events is insufficient for certain 
domains, these might be excluded from the model. In the pilot, this rule of thumb is only 
met in the service domain ‘Nutrition’ as there were 13 events.  

In the initial design 20 predictor variables were selected to predict the outcome variable 
(1 of the 12 service domains). Assuming balanced data, the probability of getting advice 
in 1 of the 12 service domains is 8.33%. To achieve the required 10 EVP a minimum of 10 
patients per outcome variable are needed.  That is a minimum of 120 patients per variable 
is required to meet the EVP rule. In theory, therefore, the pilot study required a sample 
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size of 2400 (20*120). This calculation does not yet consider data splitting (section 6.2). 
Applying the standard 80:20 train-test split, a total sample size of n=3000 (2400*100/80) 
patients is required. However, in practice, out of the total of 133 referred patients, 78 had 
consultations between January 12, 2023, and June 30, 2023. Furthermore, the estimation 
of the sample size (as seen in section 4.4) indicates that, in the most favourable scenario, 
an additional 252 patients could still be included by the end of 2023. Therefore, it can be 
concluded that achieving a sample size of n=3000 is not feasible in the short term. To 
narrow the significant gap between the currently feasible and the required sample size, a 
thorough evaluation of the set of candidate variables and the referral process is imperative.  

6.4 Reduction candidate variables  
Derived from the estimated feasible sample size, the maximum number of variables can 
be estimated. The estimated sample size is approximately 275 patients (24 included 
patients + 252 eligible patients by the end of 2023). The results of the pilot study showed 
that only 5 domains were represented in the selected patient cohort. Assuming a balanced 
dataset, the probability of getting advice in 1 of the 5 service domains is 20%. To achieve 
the required 10 EVP a minimum of 10 patients per outcome variable are needed.  That is 
a minimum of 50 patients per variable is required to meet the EVP rule. In theory, 
therefore, 5 candidate predictors (275/50= 5.5) could be selected based on the estimated 
sample size. In the initial design 20 candidate predictors were selected, this means that 
15 candidate predictors should be excluded. Experts’ opinion and assessing for collinearity 
can be used to shrink the number of candidate variables.  

6.4.1 Expert's opinion  
Accurate results in model building require proper predictor selection. Inappropriate 
predictor selection can introduce biased relationships. Moreover, every redundant variable 
unnecessarily increases the required samples size.  Aligning the candidate predictors 
accurately with the patient cohort increases the yield of a study with a similar study design. 
Consulting experts such as physicians or lifestyle coaches about what variables should be 
in the model enhances the candidate predictor selection. Observations from the pilot study 
indicate that dialogue with the patient and observations during the consultation serve as 
the primary inputs for the advice provided. The lifestyle coaches do not consciously 
consider specific characteristics when giving advice; instead, they rely on their knowledge 
and expertise. Currently, the advice of the lifestyle coaches is regarded as the golden 
standard. Hence, involving the lifestyle coaches in the selection of variables becomes 
crucial. Conducting focus group interviews with physicians, nurses and lifestyle coaches is 
an effective method for adequately pre-selecting and reducing the number of candidate 
predictors. Furthermore, a selection of clinically relevant outcome variables should be part 
of the interview. As a result, the specification of the domains needs to be carefully 
reassessed.  

Reducing the outcome variable from 12 to 5 service domains has a significant effect on the 
required sample size. Instead of a minimum of 120 patients per variable, a minimum of 50 
patients per variable is required to meet the EVP rule. In theory, therefore, the revised 
study requires a sample size of 1000 (20*50). This calculation does not yet consider data 
splitting (section 6.2). Applying the standard 80:20 train-test split, a total sample size of 
n=1250 (1000*100/80) patients is required.  

6.4.2 Collinearity 
Assessing for collinearity is a statistical approach to reduce the number of predictors. To 
examine the individual relationship between predictors and the outcome, predictors should 
be tested for collinearity. Collinearity occurs when a pair of predictor variables are 
correlated or associated with each other. The presence of collinearity is expressed in the 
VIF. A VIF > 10 indicates a strong correlation between predictors (82). Correlating 
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predictors do not affect the predictive power or reliability of the full model but only influence 
the estimates of individual predictors. A group of correlating predictors combined may 
predict the outcome. However, the influence of individual predictors is not clear. For the 
complexity and interpretability of the model, selecting fewer variables is preferred. 
Therefore, it suffices to include only one of the correlating variables in the model because 
the other variables do not add any additional information. Combining multiple predictors 
variables is also a possibility to avoid collinearity and lower the required sample size.  

Collinearity is foreseen between diastolic blood pressure and systolic blood pressure, two 
interrelated variables. These variables can be used to derive the mean blood pressure, a 
consolidated metric. Furthermore, an expectation of collinearity between cholesterol, 
specifically LDL and HDL, exists. It is possible that LDL and HDL might be redundant, and 
their inclusion as potential predictors could be reconsidered. Consolidating diastolic and 
systolic blood pressure and excluding LDL and HDL yields a requisite sample size of 
n=1060. Regrettably, this figure remains unattainable within the current context. 
Therefore, it is advisable to initiate efforts aimed at increasing the sample size through 
incremental inclusions. 

6.5 Referral process  
In the context of 5 clinically relevant service domains, meeting the EVP rule requires an 
increase of 50 patients for each additional predictor variable. To attain an increase in the 
number of inclusions, several actions should be considered. Increasing the number of 
inclusions begins at the ward and outpatient clinic levels. As previously mentioned, 
physicians and nurses play a key role in the referral process. Hence, these key stakeholders 
must have a comprehensive understanding of their role. The 'Gezondheidsplein' program 
manager emphasized the importance of nurses' awareness in the referral process. 
Fostering this awareness starts with ensuring the visibility of the "Gezondheidsplein" This 
entails integrating physicians and nurses into the vision and aspirations of the 
"Gezondheidsplein". The benefits for both the patient and the caregiver should be 
delineated. Furthermore, the program manager mentioned that nurses are not necessarily 
educated to work with a focus on preventing diseases but rather on treating diseases. Both 
viewpoints require different skill sets. In preventive healthcare, the emphasis is on 
addressing illness rather than promoting health. This change in perspective is also evident 
in how definitions of health have evolved over the years, as discussed earlier at the start 
of Chapter 2. 

Conducting workshops is an appropriate strategy to initiate this paradigm shift. The 
workshops can contribute to promoting the Gezondheidsplein, inform stakeholders about 
its objectives, and impart necessary skills to medical professionals. Once the added value 
of the ‘Gezondheidsplein’ is clear, attention can be focused on the current situation. 
Presently, an average of 16 patients per month are referred, whereas the 
'Gezondheidsplein' possesses significantly greater capacity. Together with the department 
concerned, an analysis must be undertaken to determine the reasons behind the current 
lower-than-anticipated referral rate. Once these factors are elucidated, efforts can be 
directed towards identifying the requisite changes needed to increase the referral rate. To 
determine whether the proposed changes are an improvement, the 'Gezondheidsplein' 
should provide departments and other stakeholders with comprehensive feedback on 
outcomes, encompassing both successes and failures. Based on the feedback, it should be 
assessed whether the changes lead to the expected result. If little change is visible, another 
evaluation will have to take place. After this, newly proposed changes can be put into 
practice.  
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6.6 Variable selection 
After determining the set of candidate variables, the right variable selection method should 
be applied. In practical and statistical terms, fewer predictors are preferable for simpler, 
more interpretable, and practical models (83). However, essential variables must not be 
excluded to preserve accuracy and relevance. A commonly used variable selection method 
in medical applications is the stepwise backwards selection method (84). One advantage 
of this method is that multiple models with varying predictors can be examined easily with 
the use of statistical software. Another advantage is the reproducibility of results which 
helps model validation. Stepwise backward selection starts with a full model, which 
includes all selected candidate variables. The candidate predictors should be selected by 
experts’ opinions and conducting a literature search. 

Under the condition that the assumptions are not violated (section 3.8.2), the selection 
process starts with the construction of the full model. If the outcome is binary and the 
relationship between the patient’s characteristics and the service domain is significant, 
multivariate logistic regression should be used as a statistical method to fit the model. 
Next, the Akaike information criterion (AIC) should be calculated for all predictors in the 
full model. The predictor with the lowest AIC should be excluded from the model. If the 
AIC of the model of the excluded variable is lower than the AIC of the previous model, it 
indicates that the exclusion of that predictor has resulted in a greater improvement in the 
model's fit compared to the increase in model complexity Again, the AIC should be 
calculated. Iteratively, the predictors with the lowest AIC should be excluded one by one 
until further removal of predictors no longer leads to a substantial improvement in the AIC. 
The model with the lowest AIC indicates the predictors for the final model.  

6.7 Model evaluation  
As described, the final model is developed based on the training set. The next step is to 
evaluate the performance of the model using the unseen data from the test set. The aim 
of this is to determine the extent to which the patterns and relationships found can be 
applied beyond the training data. As the selected predictors serve as input for the final 
algorithm for the platform, it is important to evaluate the extent to which the selected 
predictors can predict the service domain. 

6.7.1 Confusion matrix  
A confusion matrix could be used for the evaluation. This tabular representation of the 
model is used to compare predicted outcomes with the actual outcomes for binary 
outcomes (event and non-events) (Table 7). The table lists the number of true positives 
(TP), false positives (FP), true negatives (TN) and false negatives (FN) Several 
performance metrics can be derived from the confusion matrix. Accuracy reflects the 
proportion of correct predictions by dividing the number of correct predictions (TP + TN) 
by the total number of predictions. The model aims to predict the events i.e., the right 
service domain. Therefore, it is also relevant to look at the proportion of the number of 
correct positive predictions compared to the total number of positive observations (positive 
predictive value), also known as the precision of the model. One last relevant metric that 
can be obtained from the confusion matrix is sensitivity. This metric defines the probability 
that the service domain is predicted correctly for all samples with a positive observation. 
Sensitivity is calculated by TP/(TP+FN). n the other hand, specificity defines the number 
of true negative classifications among the total number of negative observations. 
Specificity is calculated by TN/(TN + FP). 
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Table 7: Confusion matrix showing predictions versus the actual observations. 

  Observation   
  True False   
Prediction True True positive 

 
False positive 

 
→ Positive predictive value 

 False False-negative 
 

True negative 
 

→ Negative predictive value 

  ↓ ↓   
  Sensitivity Specificity   

 

6.7.2 Receiver operating characteristics curve 
A cut-off for the predicted probability for binary outcomes is needed to classify patients as 
either positive or negative. In classification, a patient is classified as positive if the 
prediction is higher than the cut-off; otherwise, they are classified as negative. In 
predictive modelling, there is a trade-off between sensitivity and specificity. Increasing the 
cut-off results in decreasing sensitivity and increasing specificity. On the contrary, 
decreasing the cut-off results in increasing sensitivity and decreasing specificity. The 
receiver operating characteristic (ROC) curve is used to plot the trade-off results between 
sensitivity and specificity by various cut-offs ranging from 0 to 100%. However, the ROC 
curve itself is not informative. 

6.7.3 Area under the curve 
To evaluate the performance of the model, the area under the ROC curve, also known as 
the area under the curve (AUC) is calculated. Strong-performing models have higher ROC 
curves closer to the upper left corner and therefore a larger AUC. A perfect model, with an 
AUC of 1, predicts the outcome correctly for every patient. A model with an AUC of 0.5, 
represented by a 45-degree line, does not perform better than a model that randomly 
predicts the outcome.  
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7 Discussion 
This study explored the relationship between personal characteristics and the service 
domain of a ‘Positive Health’ based advice of care and social services aimed at secondary 
prevention. The results of the pilot study revealed the first associations, including their 
direction and strength. Significant associations were found for ‘Smoking status’ and the 
service domains ‘Lifestyle behaviours’ and ‘Nutrition’ as an outcome of the χ2-tests. The 
univariate logistic regression analyses for 'Smoking status' and the service domain 
'Lifestyle behaviours’ showed no relationship between these variables. Univariate logistic 
analyses revealed significant associations between ‘Bodily functioning’ and the service 
domain ‘Nutrition’ and ‘BMI’ and the service domain ‘Lifestyle behaviours’. Patients with a 
higher score on the bodily function dimension of PH were less likely to receive health advice 
within the service domain 'Nutrition'. Additionally, patients with a higher BMI were less 
likely to receive health advice in the service domain ‘Lifestyle behaviours’. The findings 
from the pilot study have been used, together with the observations from the process 
analyses, to revise the initial study design. An extended dataset with a minimum of 1060 
samples is necessary to increase the statistical power, validity, and reliability of the results. 
The observations from the process analyses indicate that optimisation of the inclusion 
process may contribute to achieving a larger sample size. Data quality will improve by 
imputing missing data and improved variable selection. Imputing missing data offers 
several advantages, including preserving data completeness, producing unbiased 
estimates, enhancing statistical power, and improving model performance. In addition, 
using a more appropriate method for candidate predictor selection will result in a better 
alignment of predictors and the characteristics of the patient cohort. Finally, internal 
validation should be done to assess the performance and reliability of the model on unseen 
data.  

7.1 Process analyses Pilot study 
As the process analysis shows, the referral process typically starts on the ward (except for 
a small number of walk-ins). Physicians and nurses play a crucial role in patient referral 
due to their close and regular interactions with patients. Their involvement puts them in a 
good position to identify eligible patients. The findings of the analysis of the referral process 
align with Kemppainen et al's (85) integrative review, which extensively studied the role 
of nurses based on existing studies published between 1998 and 2011. Kemppainen et al 
identified four major competencies of health promotion. The concept of health promotion 
extends beyond merely recognising eligible patients and is mostly beyond the scope of the 
referral role. However, developing some of the competencies related to health promotion 
can contribute to scaling up the referrals to the ‘Gezondheidsplein’ and, consequently, 
increasing the sample size. For instance, a comprehensive understanding of health across 
different age groups, and epidemiology and disease processes of various conditions is 
essential. Furthermore, nurses must possess various communication skills to gather 
accurate information relevant to referrals and to motivate patients to participate in lifestyle 
improvement. Jallinoja et al. (86) conducted a questionnaire study to investigate the 
perception of healthcare professionals' roles in managing lifestyle-related diseases. 
Physicians and nurses are aware of their role in providing information and encouraging 
patients to make lifestyle changes. Another finding of this study is that 45% of the 
physicians and 42% of the nurses estimated that they lack the skills for lifestyle 
counselling. In addition, physicians (61%) and nurses (50%) reported workload is too high 
to identify the patient’s needs. Geense et al (87) identified barriers to delivering health 
promotion activities. Lack of skills or time to discuss lifestyle and lack of evidence of the 
effectiveness of lifestyle improvement activities were mentioned by general practitioners 
and practice nurses as barriers. While these observations were mainly made in primary 
care, they may also contribute to the lower-than-expected referrals observed in the pilot. 
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Furthermore, the observations emphasize the crucial role of the 'Gezondheidsplein' as a 
healthcare facility.  

The next step in the process was the documentation of information at the 
‘Gezondheidsplein’. Documentation starts when the referral email is received. Referrals 
made using free text fields, such as emails, may contain less detailed information compared 
to those made using an electronic referral system. The use of structured text fields can 
enhance the quality and completeness of referral information(88). Enhancing the quality 
and accuracy of referral information improves understanding of the patient's condition, 
medical history, and specific concerns, thereby enhancing data quality.  

7.2 Data analyses Pilot study 
Although the pilot study is small and explorative, a relevant significant association between 
‘Bodily functioning’, one of the six dimensions of PH, and the service domain ‘Nutrition’ 
was found. The characteristic 'Bodily functioning' encompasses the assessment of patients 
regarding the extent to which the patient feels healthy, feels fit and can physically exercise. 
Patients with a higher score on the bodily function dimension of PH were less likely to 
receive health advice within the service domain 'Nutrition' (OR = 0.44, 95% CI: 0.17 - 
0.91, p<0.05). In reviewing the literature, no data was found on the association between 
dimensions of PH and interventions aimed to improve PH scores. A possible explanation 
for this is that the PH_Q has not undergone validation as a measurement tool. 
Consequently, it would be inappropriate to use it for studying the effects of potential 
interventions. Regarding the outcome of the analysis, several studies (89–93) confirm that 
poor nutrition is associated with impaired bodily functions.  

7.3 Univariate selection prior to model selection  
Applying appropriate variable selection is an important prerequisite in building a model and 
ensuring the validity of the results. In the initial study design, the selection of candidate 
variables was done by using univariate analyses. Variables that showed a significant 
association (p<0.05) with the outcome variable were included in the final model. However, 
employing this method is discouraged, as it could decrease the performance of the model 
since non-significant predictors can still add value to a model (94). Furthermore, models 
built using this method showed low validity in new populations (95). Univariate analyses 
do not account for interactions between different predictors. However, individual predictors 
that show a weak association in the univariate analysis can potentially add value to the 
model when combined. Applying higher p-values (p<0.25) is a suggested option that can 
help avoid this problem partly. However, this can lead to an overfitted model, especially 
with a small sample size (96). In a simulation study, Hafermann et al (97), examined 
model performance where two different p-value thresholds were used during variable 
selection. In addition, the performance was examined using the backwards selection 
method. The univariate selection with a p-value of 0.2 showed the highest true positive 
rate, followed by univariate analyses with a p-value of 0.05.  
The worst true positive rate was found for the backwards selection. However, a simulated 
study may not accurately reflect real-world practice.  

Although univariate selection is relatively simple and applicable, it also has some 
limitations. It may lead to incorrect estimates, overestimation of the model's performance, 
and inappropriate variable selection due to confounding variables (98). Serval authors 
suggest using backwards selection (96,99,100). The main advantage of this method is that 
standard errors, p-values, and confidence intervals can be adjusted for confounding 
variables and interactions. However, backward selection also has some limitations. Van der 
Weele (94) argues that estimates and confidence intervals are no longer valid when 
applying the most common approach of using the same data for variable selection and 
fitting the model. Another drawback is that the sample size must be large enough to fit the 



 35 

full model with all candidate predictors included. Therefore, candidate predictors must be 
selected adequately. It is important to include only variables known to be associated with 
the outcome or likely to be so. 

7.4 Traditional models vs machine learning 
In our study, a traditional approach was used to examine the relationship between personal 
characteristics and service domains of health advice. Logistic regression was proposed as 
a statistical model to determine what variables should be selected as input for the 
algorithm. A classification algorithm, such as logistic regression, can also be used to predict 
whether patients received certain health advice in a specific domain or not. Although 
logistic regression is an efficient way to examine the relationship between independent 
variables and dichotomous outcomes, its performance is highly dependent on several 
factors. As described in the previous section, adequate variable selection is required to 
ensure the performance of the model. Additionally, statistic assumptions have to be met 
and tested first. Moreover, choosing the right model-building approach is essential, as is 
validating the results (102). 

An alternative approach that is gaining popularity in the field is machine learning (ML). 
Multiple studies demonstrate ML's potential in disease prediction and claim to outperform 
traditional statistical modelling (103). Commonly used ML methods include Classification 
and Regression Trees (CART), Random Forest (RF), Support Vector Machines (SVM), and 
Artificial Neural Networks (ANN). ML offers several advantages over traditional 
biostatistical methods, including improved flexibility and scalability, making it suitable for 
various tasks, such as diagnoses and classification. Moreover, ML algorithms can be used 
for different types of data, such as demographic information, laboratory results, and free 
text notes from doctors, enabling accurate predictions for disease risk, diagnosis, 
prognosis, and treatment decisions (104). However, some studies have shown that the 
incremental predictive performance over traditional methods (such as regression) could be 
limited, while others show no advantage over ML (105–109).  

Our final algorithm aims to predict the service that best suits the patient, a typical 
classification problem. Supervised ML is commonly used in classification problems. 
Supervised algorithms first perform analytical tasks to recognise patterns in the training 
data. In the training data, the outcome variables are known. The algorithm is then 
validated on a test set where the outcome variables are unknown. The algorithm predicts 
the outcomes for the test set or the target population. In healthcare, supervised learning 
techniques are increasingly adopted in clinical prediction. On the contrary, unsupervised 
machine learning is adopted less frequently. In contrast to supervised algorithms, 
unsupervised algorithms do not use labels or previous results. Their main goal is to find 
patterns and extract the hidden structure of data without using predefined labels. 
Unsupervised ML encompasses clustering techniques and dimensionality reduction and is 
employed for data analysis, stratification, reduction, and clustering of unclassified data. 
Since unsupervised ML is not used for prediction, it is not directly relevant to the 
development of our final algorithm.  

However, unsupervised ML can be applied to identify patterns in the data in the EHR. 
Unsupervised ML cluster methods typically use algorithms like K-Means and Mean-shift to 
group unclassified data into independent clusters. In practice, these methods can be used 
to classify patients who are potentially eligible for a consult at the 'Gezondheidsplein' into 
clusters. In the future, when the digital platform and the algorithm are fully developed and 
implemented, unsupervised ML may also be used to cluster patients who have received 
health advice.  
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7.5 Artificial Intelligence  
AI is an umbrella term in which various techniques, such as ML and Natural Language 
Processing (NLP), are combined to simulate human behaviours such as learning, judgment, 
and decision-making (110). Over the past decade, there has been increased interest in 
applying AI in medicine. AI is increasingly being applied in clinical practice. For example, 
AI can help optimize healthcare processes by supporting clinical documentation and 
decision-making, image analysis, medical device automation, and patient monitoring 
(111). The advancement in AI has the potential to support healthcare personnel in reducing 
processing times and enhancing the quality of patient care in clinical practice. It is 
conceivable to think if AI doctors will replace other healthcare workers. Multiple studies 
show that AI is capable of equalling or outperforming physicians' performance. Yet it is 
expected that AI will not replace physicians. However, it may be that physicians who do 
not use AI will be replaced by those who don’t (112). A study conducted in 8 German 
university hospitals on physicians' expectations regarding the application of AI revealed 
that physicians foresee the future of medicine as a blend of human expertise and AI (113). 
This is in line with the observation of our study in which lifestyle coaches indicate that the 
human aspect remains necessary in giving advice. According to them, it is difficult to 
capture the observations made during the consultation in a model. Expectations are that 
AI will not replace physicians on a large scale, but rather enhance their efforts to care for 
patients. Possibly, the field of focus will shift, and physicians will concentrate more on 
actions that demand human skills such as empathy, persuasion, and perspective-taking 
ability (114). Shakeri argues that adopting AI in clinical practices will provide more 
flexibility and allow healthcare professionals to focus on patient interaction (115). 

From the patient's perspective, AI will perhaps impact the patient-doctor relationship. AI 
has the potential to stimulate shared decision-making (SDM), a result of increased patient 
autonomy (116). On the other hand, the implementation of AI could potentially lead to a 
new form of paternalism, wherein the algorithm determines what is best for the patient 
(117). In terms of SDM, patients' values and preferences should be taken into account, 
not just clinical data. Every patient is unique and therefore the most effective solution for 
one patient might not be the most suitable for another patient. In the context of SDM, it is 
crucial to consider the patient's values, preferences, and goals during the development of 
the model (118). Currently, there is limited research examining the expectations of 
patients regarding the application of AI. Richardson et al (119) conducted a focus-group 
study on patient perspectives about the use of AI in healthcare. Participants were positive 
towards the application of AI tools in healthcare but emphasized that the tool must undergo 
robust testing and ensure accuracy. In addition, participants wanted the option to choose 
AI involvement in their care and preferred not to solely rely on AI decision-making without 
understanding the rationale. Furthermore, they expect supervision and regulatory 
protection against potential harm.  

7.6 Strengths 
Our study had several strengths. Firstly, this explanatory study is the pioneering effort to 
commence data collection to develop a platform that provides personalized advice to 
patients regarding lifestyle interventions for secondary prevention. The patient inclusion 
and data collection methods have been analysed and evaluated. The valuable insights 
gained, are significant for future studies as they enable researchers to apply more efficient 
inclusion and data collection methods. Optimising the inclusion process not only leads to a 
larger sample size but also allows for better utilisation of the capacity of the 
‘Gezondheidsplein’. Consequently, more patients may benefit from the expertise of lifestyle 
coaches and receive personalised advice to improve their health. 

Secondly, the initial exploration of the data in the pilot study has yielded insights into data 
quality and the applicability of various statistical analysis techniques. The suggestions 
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based on the primary dataset can be taken into account to ensure enhanced data quality 
in the future. Furthermore, the initial statistical analyses indicate that logistic regression 
can be employed to examine the relationships between personal characteristics and health 
advice, as coefficients serve as good indicators of variable importance. The advantages of 
logistic regression lie in its applicability and relatively simple implementation. Moreover, 
the classification algorithm is easy to train and can effectively classify unknown outcomes. 

7.7 Limitations 
As with most studies, the design of the current study and the results of the pilot study are 
subject to limitations. The design of the initial study may have inherent limitations, such 
as the choice of data collection methods, sample size, and statistical methods employed. 
These factors may affect the generalizability of the results to a broader population and the 
reliability and validity of the findings. 

Due to the limited sample size and skewness of the data, the results of the pilot study are 
not reliable. Consequently, it is difficult to determine the relationship between personal 
characteristics and health advice solely based on the pilot study. As a result, determining 
the appropriate input variables for the final algorithm used in the platform becomes 
challenging. Additionally, it is difficult to conclude about the appropriateness of the initial 
study design based on these limited results. 

In addition, the revised study builds upon the initial study design, with proposed 
optimisations in processes, modification of the variable selection method and model 
evaluation. However, no new statistical methods were introduced in the revised design. 
Despite the advantages of using logistic regression, it is essential to acknowledge its 
disadvantages. One significant drawback is that it requires meeting several statistical 
assumptions. For instance, there must be linearity between the predictors and outcome 
variables. As the pilot study demonstrated, this assumption may not always hold in real-
world scenarios. Variables that do not satisfy this assumption cannot be included in the 
analysis, even though they might potentially enhance the model's performance and 
predictive capability. 

Furthermore, the data quality was not optimal. The dataset is characterised by many 
missing data. Due to the substantial amount of missing data, imputing missing values was 
not reliable. It appeared that the selected variables did not match the patient cohort. This 
could have been prevented by involving lifestyle coaches in the selection of candidate 
predictors. In the current design, candidate predictors were identified solely by consulting 
existing literature. However, there was limited availability of studies examining the 
relationship between patient characteristics and the recommendation of a secondary 
prevention intervention. Due to the lack of prior clarity regarding the specific reason for 
referral, the decision was made to select candidate predictors for the four most prevalent 
non-communicable diseases. The assumption was made that the patient’s condition was 
associated with the provided health advice. Therefore, risk factors of four major NCDs are 
selected as candidate predictors in predicting health advice. In the practical context, these 
conditions were not generally considered grounds for patient referral in most of the cases. 
Notably, smoking cessation, dietary counselling, and weight control emerged as the most 
frequently recommended lifestyle changes. 

Moreover, data quality was compromised using CTcue for data extraction from the EHR. In 
CTcue, creating a specific and efficient query is crucial for effective data extraction. If the 
query lacks specificity, it may result in incomplete data retrieval or potentially overlooking 
relevant data within the EHR. Additionally, the extraction software does not indicate 
whether the data is non-existent or inaccessible due to reasons such as authorisation or 
privacy issues. Therefore, it is difficult to determine the reasons for missing data. 
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In light of these limitations, it is important to interpret the study's results cautiously and 
consider the potential implications of using the results as input for the final algorithm of 
the digital platform. Future research should address these limitations. The revised study 
design provides a foundation for optimizing patient inclusion, improving data quality, and 
selecting appropriate candidate predictors. Further work is required to better understand 
the relationship between personal characteristics and service domains. It may be of added 
value to consider other algorithms to determine the variables to be included in the 
algorithm. Therefore, future studies should focus on comparing other techniques for 
selecting the input variables for the final algorithms. In addition, future investigations 
should focus on which algorithm performs best in predicting the advice for care or social 
services in terms of secondary prevention. 
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Appendix 1: Positive health questionnaire (PH_Q) 
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Appendix 2: Scoring table 
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Appendix 3: Patient information form 

 

Informatie- en toestemmingsformulier voor het gebruik van uw zorggegevens voor 

wetenschappelijk onderzoek 

Naam studie: Persoonlijk gezondheidsadvies voor secundaire preventie op basis van patiënt gegevens. 

Geachte heer/mevrouw, 

U heeft een gesprek gehad met een leefstijlcoach bij het Gezondheidsplein.  

In ons ziekenhuis zijn we niet alleen betrokken bij de behandeling van patiënten, maar proberen we 

ook de zorg te verbeteren door het uitvoeren van wetenschappelijk onderzoek. 

Wij vragen u of wij uw medische gegevens mogen gebruiken voor wetenschappelijk onderzoek.  De 

gegevens zullen worden verzameld door onderzoekers van Rijnstate. Als u toestemming geeft voor het 

gebruik van uw medische gegevens kunt u dit aangegeven bij uw leefstijlcoach van het 

Gezondheidsplein. Voordat u dit beslist krijgt u hieronder uitleg over het onderzoek. 

U heeft een advies gekregen van de leefstijlcoach. We onderzoeken of we dit advies ook automatisch 

kunnen geven via een website. Om een advies te kunnen geven dat bij de patiënt past hebben we 

persoonlijke informatie nodig. In dit onderzoek verzamelen we deze informatie. 

We bewaren deze persoonsgegevens: 

- geslacht  

- woonplaats  

- leeftijd  

- burgerlijke staat: of u getrouwd, niet getrouwd, geregistreerd partner bent. 

- opleiding  

- werk en inkomen  

- afkomst 

- dingen om rekening mee te houden in het advies (lichamelijk, financieel, of (reis) tijd) 

We bewaren deze gegevens over uw gezondheid:  

- of u rookt 

- uw alcohol gebruik  

- uw slaappatroon 

- uw eetpatroon 

- uw beweegpatroon 

- de afdeling in het ziekenhuis waardoor u bent doorgestuurd  

- of u een ziekte of aandoening heeft 

- tijd sinds het vaststellen van uw ziekte of aandoening  

- uw medicijn gebruik  

- uw bloeddruk  

- uw bloedsuikerwaarden 

- uw lengte en gewicht 

U kiest zelf of u meedoet. Zo niet, verandert uw zorg niet.  
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Om uw privacy te beschermen geven wij uw gegevens een code. Aan deze code is te zien om welke 

patiënt het gaat. Dat is nodig om de juiste patiënt aan de juiste gegevens te koppelen tijdens het 

verzamelen van de gegevens. Op dat moment kunnen we nog weten waar de gegevens vandaan komen. 

Daarom is uw toestemming nodig. Na het verzamelen van de gegevens wordt de code verwijderd en 

blijft de data anoniem. Uw naam wordt dan niet meer gebruikt. De onderzoeksgegevens zijn bij 

publicatie in een wetenschappelijk tijdschrift niet naar u te herleiden. 

We bewaren uw gegevens 10 jaar in het ziekenhuis. Hierna worden ze vernietigd. 

Meer informatie over uw rechten bij verwerking van gegevens 

Voor algemene informatie over uw rechten bij verwerking van uw persoonsgegevens kunt u kijken op 

de website van de Autoriteit Persoonsgegevens. Bij vragen of klachten over het gebruik of de 

verwerking van uw gegevens, of over uw rechten, kunt u contact opnemen met: 

Functionaris - 

Telefoon: - 

Mail: - 

Website: https://www.rijnstate.nl/praktische-informatie/mijn-rechten-en-privacy   

Vragen 

Vragen over het onderzoek kunt u stellen aan Enno Kivits, een van de onderzoekers.  

E-mail: -   

Met vriendelijke groet, 

Enno Kivits, onderzoeker  
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Appendix 4: Query CTcue 
 

CTcue is a software that is used to extract patient data from the Electronic Health Record 
(EHR) systems. The features Forms, Vital Signs, and Measurements were used to extract 
structured data. The ‘Reports’ feature was used for unstructured data.  

Lifestyle behaviour 

Alcohol consumption 

• Forms - Description: Alcohol  
o Form response – Textual answer: No values 

§ 23 results  
• Reports – Content: Alcoholgebruik, Alcohol, Alcohol, Alcoholintox 

o – 
§ 24 results 

Synonyms used:  

Alcoholgebruik: Alcohol Consumption (204), Alcohol Drinking (3), Alcohol use (28), Ethanol 

Intake (1), Alcohol Intake (1753), Gebruik van Alcoholische Producten (1), Alcoholgebruik 

(10000), Gebruik Alcohol (1032), Alcohol Gebruik (10000), Alcoholconsumptie (3613), 

Alcohol Product Use (0), Alcoholic Drink Intake (0)  

Alcohol: Alcohols (62), Alcohol (1000) 

Alcoholintox: Drunk (12), Alcohol Intoxication (6), Alcoholintox (1499), Alcoholvergiftiging 
(22), Intoxicatie Alcohol (1358), Dronkenschap (372) Alcoholintoxicatie (7615), Alcohol 

Intoxicatie 3860), Dronken (10000), Gedronken (10000),  Drinkt (10000), Drink (10000), 

Drinken (10000),  ,  

Dronk (10000), Alcoholic Intoxication (0), Drunkenness (0)  

Smoking status  

• Forms - Description:  Roken 
o Form response – Textual answer: No value 

§ 22 results  
• Reports – Content: Roken 

o - 
§ 23 results 

Synonyms used:  

Roken: Smoking (520), Rookster (10000), Roker (10000), Roken (10000) 

Medical conditions 

Diastolic blood pressure  

• Vital signs – Description: Diastolische bloedruk  
o - 

§ 19 results 

• Reports – Content: Bloeddruk, Diastolische Bloeddruk Normaal, Diastolische 
Bloeddruk Verhoogd, Diastolische Bloeddruk, Bloeddruk Diastolisch Abnormaal 

o -  

§ 19 results  
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Synonyms used:  

Bloeddruk: Blood pressure (644), Bloeddruk (10000), Bloeddrukmeting (10000), Blood 

Pressure Determination (0), Blood Pressure taking (0), Rnrx Blood Pressure (0), Rnox Take 

Blood Pressure (0).  

Diastolische Bloeddruk: Diastolische Bloeddruk (6), Bloeddruk Diastolisch Normaal (1), 

Normal Diastolic Blood Pressure (0), Normal Diastolic Arterial Pressure(0),  

Normal Diastolic Arterial (0), Diastolic Bp Normal (0)  

Diastolische Bloeddruk Verhoogd: Diastolische Druk Verhoogd (3), Diastolische Bloeddruk 

Verhoogd (28), Bloeddruk Diastolisch Hoog (5), Increased Diastolic Blood Pressure (0), 

Increased Diastolic Arterial (0), Increased Diastolic Arterial Pressure (0), High Diastolic 

Arterial Pressure (0), High Diastolic Arterial (0), Blood Pressure Diastolic High (0), Diastolic 

Pressure Increased (0), Diastolic Bp Increased (0), Bloeddruk Diastolisch Verhoogd (0) 

Diastolische Bloeddruk: Bloeddruk Diastolisch (96), Diastolische Bloeddruk (3965), 

Diastolic Blood Pressure Measurement (0), Blood Pressure Diastolic (0) 

Bloeddruk Diastolisch Abnormaal: Abnormal Diastolic Arterial (0), Abnormal Diastolic 

Arterial Pressure (0), Abnormal Diastolic Blood Pressure (0), Bloeddruk Diastolisch 

Abnormaal (0) 

Systolic blood pressure  

• Vital signs – Description: Systolische bloedruk  
o - 

§ 19 results 

• Reports – Content: Bloeddruk, Systolische Bloeddruk, Bloeddruk Systolisch 
Normaal, Bloeddruk Systolisch Abnormaal, tensie 

o -  

§ 21 results  

Synonyms used:  

Bloeddruk: Blood pressure (644), Bloeddruk (10000), Bloeddrukmeting (10000), Blood 

Pressure Determination (0), Blood Pressure taking (0), Rnrx Blood Pressure (0), Rnox 

Take Blood Pressure (0). 

Systolische Bloeddruk: Blood Pressure Systolic (3), Systolische Bloeddruk (10000), 

Bloeddruk Systolisch (788), Systolisch Bloeddruk (95), Systolic Blood Pressure 

Measurement (0) 

Bloeddruk Systolisch Normaal: Systolische Druk Normaal (6), Bloeddruk Systolisch 

Normaal (1), Normal Systolic Arterial Pressure (0), Normal Systolic Blood Pressure (0), 

Systolic Pressure Normal (0) 

Bloeddruk Systolisch Abnormaal: Abnormal Systolic Blood Pressure (0), Abnormal 
Systolic Arterial Pressure (0), Bloeddruk Systolisch Abnormaal (0) 

Tensie: tensie (10000) 

BMI  

• Vital signs – Description: BMI, Unit: kg/m2 

o - 

§  18 results 

• Reports – Content: BMI 
o -  
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§ 22 results  

Synonyms used:  

BMI: Body Mass Index (10000), Quetelet Index 1427), BMI (1000), Quetelet-index (1427), 
Body-mass Index (1000) 

Total cholesterol  

• Measurements – Description: Cholesterol, Unit: mmol/L 

o - 

§  16 results 

• Reports – Content: Cholesterol 
o -  

§ 13 results  

Synonyms used:  

Cholesterol: Cholesterol (10000), Cholesterolanalyse (3), Cholesterol Measurement Test 

(0), Cholesterol Analyses (0), Cholesterol Measurement (0), Measurement of Cholesterol 

(0), Lab-based Chem Measurements Cholesterol (0) 

LDL cholesterol  

• Measurements – Description: LDL_CHOLEST., LDL-cholestrol, LDL-chol, LDL chol, 
LDL, LDL-C, LDL Cholestrol.  

o - 

§  14 results 

• Reports – Content: LDL, LDL, Ldl Increased, Ldl Low 

o -  

§ 10 results  

Synonyms used:  

LDL:  Low Density Lipoprotein Cholesterol (14), Low Density Lipoprotein (19), Ldl 

Cholesterol (10000),  LDLC (9359), Ldl-chol (10000), Familial Hypercholesterolemia (23), 

LDL (10000), Type II Hyperlipidemie (278), Familiale Hypercholesterolemie (7), Low 

Density Lipoprotein Cholesterol Level (0), Ldl Cholesterol Measurement (0), Low Density 

Lipoprotene (0), Low Density Lipoprotene Cholesterol (0).  

Ldl Increased: Ldl Verhoogd (253), Verhoogd Ldl (3281), Ldl Cholesterol Verhoogd (45), 

Ldl Gestegen (151), Gestegen Ldl (91), Low Density Lipoprotein Increased (0), Ldl 

Increased (0), Raised Ldl (0), Low Density Lipoprotene Cholesterol Hoog (0), Low Density 

Lipoprotene Verhoogd (0) 

Ldl Low: Ldl Laag (134), Laag Ldl (745), Verlaagd Ldl (24), Low Density Lipoprotein 

Decreased (0), Low Density Lipoprotein Cholesterol Low (0), Ldl Low (0), Low Density 

Lipoprotene Cholesterol Laag (0), Low Density Lipoprotene Verlaagd (0) 

HDL cholesterol  

• Measurements – Description: HDL, HDL-cholesterol, HDL-C-hol, HDL chol, HDL-
Chol, HDL-C, HDL Cholestrol  

o -  

§  14 results 

• Reports – Content: HDL, Hdl Decreased, Hdl raised, Hdl Cholesterol normal, Hdl 
Cholestrol Inscreased 

o -  
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§ 10 results  

Synonyms used:  

HDL: High Density Lipoprotein (5), Hdl Cholesterol (10000), High Density Lipoprotein 

Cholesterol (4), HDL (10000), HDLC (750), High Density Lipoprotein Measurement (0), 

High Density Lipoprotein Cholesterol Level (0), Hdl Cholesterol Measurement (0), Hdl 

Measurement (0), Measurement of High Density Lipoproteins (0), High Density 

Lipoprotene Cholesterol (0), High Density Lipoprotene (0) 

Hdl Decreased: Low Hdl (3), Hdl Cholesterol Verlaagd (722), Hdl Laag (97), Laag Hdl 

(2398), Verlaagd Hdl (405), Hdl Verlaagd (39), High Density Lipoprotein Decreased (0), 

High Density Lipoprotein Cholesterol Low (0), Hdl Decreased  (0), High Density Lipoprotene 

Cholesterol Laag (0), High Density Lipoprotene Verlaging (0), High Density Lipoprotene 

Verlaagd (0) 

Hdl raised: Verhoogd Hdl (131), Hdl Verhoogd (49), Hdl Gestegen (11), Gestegen Hdl (1), 

Increased Hdl, Hdl Raised  (0), High Density Lipoprotein Cholesterol High (0), High Density 

Lipoprotein Increased (0), High Density Lipoprotene (0), Cholesterol Hoog (0), High 

Density Lipoprotene Verhoogd (0) 

Hdl Cholesterol normal: Hdl Cholesterol Normaal (1330), Hdl Cholesterol Normal (0), High 

Density Lipoprotein Normal (0), High Density Lipoprotene Normaal (0) 

Hdl Cholestrol Inscreased: Hdl-cholesterol Verhoogd (11), Verhoogd Hdl-cholesterol (45), 

Hdl Cholesterol Increased (0) 
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Appendix 5: Missing data per predictor 
 

Number and percentage of missing data per predictor (n=24).  

Predictor Number of missing values  Percentage of missing values  

Sociodemographic 

Age 0  0% 

Gender 0 0% 

Education  8 33% 

Employment 3 13% 

Degree of urbanisation 0 0% 

Behavioural  

Smoking status 0 0% 

Alcohol 0 0% 

Medical condition 

Department of referral  0 0% 

Body Mass Index (BMI) 3 13% 

Blood pressure systolic  13 54% 

Blood pressure diastolic  13 54% 

Total cholesterol  19 79% 

LDL cholesterol  19 79% 

HDL cholesterol 19 79% 

Positive Health 

Bodily functioning  0 0% 

Mental wellbeing 0 0% 

Meaningfulness 0 0% 

Quality of life  0 0% 

Participation  0 0% 

Daily functioning  0 0% 
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Appendix 7: Advice per patient characteristic  
 

 

 

Characteristics  

Lifestyle 
behaviours 

n = 9 (37.5%) 

Mental  
well-being  

n = 6 (25.0%) 

Nutrition 
n = 13 (54.2%) 

Physical 
activity  

n = 8 (33.3%) 

Sociodemographic 

Gender 

Female 8 6 13 6 

Male 1 0 0 2 
Education 
Low 2 0 2 2 
Medium 2 2 6 1 
High  1 1 2 4 
Employment 
Employed 3 5 6 3 
Unemployed 1 1 2 1 
Retired 3 0 1 2 
Voluntary  1 0 2 1 
Degree of urbanisation  
Not urbanised 1 0 1 0 
Hardly urbanised 1 0 2 1 
Moderately urbanised 4 4 4 3 
Strongly urbanised  3 2 6 3 
Extremely urbanised 0 0 0 1 
Behavioural 

Smoking status 

Never 0 4 7 4 
Current 7 1 1 1 
Stopped 2 1 5 3 
Alcohol consumption 
No 6 4 9 4 
Yes 3 2 4 4 
Medical condition 
Department of referral 
Cardiology 1 0 1 1 
DIVAN  0 0 1 1 
Gastrointestinal 
oncology  

1 0 0 0 

Gynaecology  3 3 5 4 
Lung 2 1 3 1 
Oncology 2 2 3 1 


