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Abstract 

Background:  Despite effectiveness of action and coping planning in digital health interventions to promote physical 
activity (PA), attrition rates remain high. Indeed, support to make plans is often abstract and similar for each individual. 
Nevertheless, people are different, and context varies. Tailored support at the content level, involving suggestions of 
specific plans that are personalized to the individual, may reduce attrition and improve outcomes in digital health 
interventions. The aim of this study was to investigate whether user information relates toward specific action and 
coping plans using a clustering method. In doing so, we demonstrate how knowledge can be acquired in order to 
develop a knowledge-base, which might provide personalized suggestions in a later phase.

Methods:  To establish proof-of-concept for this approach, data of 65 healthy adults, including 222 action plans and 
204 coping plans, were used and were collected as part of the digital health intervention MyPlan 2.0 to promote PA. 
As a first step, clusters of action plans, clusters of coping plans and clusters of combinations of action plans and barri-
ers of coping plans were identified using hierarchical clustering. As a second step, relations with user information (i.e. 
gender, motivational stage, ...) were examined using anova’s and chi2–tests.

Results:  First, three clusters of action plans, eight clusters of coping plans and eight clusters of the combination of 
action and coping plans were identified. Second, relating these clusters to user information was possible for action 
plans: 1) Users with a higher BMI related more to outdoor leisure activities (F = 13.40, P < .001), 2) Women, users that 
didn’t perform PA regularly yet, or users with a job related more to household activities (X2 = 16.92, P < .001; X2 = 20.34, 
P < .001; X2 = 10.79, P = .004; respectively), 3) Younger users related more to active transport and different sports activi-
ties (F = 14.40, P < .001). However, relating clusters to user information proved difficult for the coping plans and combi-
nation of action and coping plans.

Conclusions:  The approach used in this study might be a feasible approach to acquire input for a knowledge-base, 
however more data (i.e. contextual and dynamic user information) from possible end users should be acquired in 
future research. This might result in a first type of context-aware personalized suggestions on the content level.

Trial registration:  The digital health intervention MyPlan 2.0 was preregistered as a clinical trial (ID:NCT03274271). 
Release date: 6-September-2017.
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Background
Promoting a healthy lifestyle is key in reducing the bur-
den of non-communicable diseases such as type 2 diabe-
tes, cancer, osteoarthritis, depression and cardiovascular 
diseases [1, 2]. Digital health interventions, an umbrella 
term for the usage of digital technology to support health 
[3], can be employed to promote a healthy lifestyle and 
has gained popularity because of its time- and cost-effec-
tiveness [4–6].

Digital health interventions have been found to be 
more effective when informed by a behaviour change 
theory in comparison with a-theoretical interventions 
[7]. Several theories have been developed (e.g. social cog-
nitive theory, the health belief model, self-determination 
theory), but one of the most comprehensive models is the 
Health Action Process Approach (HAPA) model [8]. The 
HAPA-model is a two-phase model that guides individu-
als to change their behaviour, beginning with the devel-
opment of an intention (motivational phase), followed 
by bridging the gap between intention and the actual 
behaviour (volitional phase) [8, 9]. Behaviour change 
techniques (BCTs) such as action planning (i.e. where 
participants select their own goals and decide what they 
want to do & how, where and when they want to do it) 
and coping planning (i.e. exploring solutions for possible 
barriers) are key components within the HAPA-model to 
bridge the intention-behaviour gap [10–13].

Despite the effectiveness of action and coping plans in 
digital health interventions to change behaviour [14–16], 
attrition rates remain high [14, 17, 18]. This reduces the 
impact of these interventions. An important reason for 
these high attrition rates might be that support offered 
by digital interventions to make such action and coping 
plans usually is abstract, generic and the same for each 
individual (a so-called “one size fits all intervention”) [14]. 
Nevertheless, people are different, and the context in 
which they behave varies between individuals [19]. There 
is a need to provide support in digital health interven-
tions in a more personalized and contextualized way.

As yet, interventions provide already tailoring at 
the construct level or BCT level (e.g. participants who 
have an intention to change for example receive other 
BCTs than participants who do not have an intention to 
change) [20]. However, practical support on the content 
level (i.e. concrete operationalizations of BCTs such as 
action and coping planning), is not provided in a person-
alized and contextualized way. In previous studies [14, 
16, 17], participants were considered as their own expert 

in terms of making plans: they specify themselves the 
content of their plans and take their own personal and 
context-factors into account. Nevertheless, this approach 
resulted in a low quality of plans, and participants expe-
rienced difficulties in formulating them [21, 22]. As a 
result, support at the content level is needed: this support 
should include suggestions of specific plans that are per-
sonalized to the individual (e.g. If someone is retired, he 
should not get the advice to walk to work) and contextu-
alized to the individual (e.g. If someone is working from 
home, she should not get the advice to go for a lunch 
walk with a colleague).

A promising approach is to use intelligent algorithms 
and decision support systems [23]. The term “decision 
support system” (=DSs) is a broad concept covering all 
aspects of support during decision making, and provides 
automated recommendations where required and when 
available [23]. As such, a DSs could improve tailoring in 
digital health interventions by suggesting a relevant plan 
to do physical activity (PA) that is personalized and con-
textualized to the individual. Notwithstanding the poten-
tial of a DSs, a knowledge-base should first be developed 
in order to deliver such suggestions of plans [23, 24]. A 
knowledge-base is defined as a collection of facts, asser-
tions, relationships, rules about a specific domain repre-
sented in a computer readable format [24]. The process 
of acquiring knowledge for the knowledge-base is defined 
as knowledge acquisition and may come from multiple 
sources (experts, books, research findings, etc) [24]. For 
our purpose, the knowledge-base should at least con-
tain relationships between personal and contextual user 
information (i.e. information that relates to the individ-
ual itself such as demographic information, motivational 
stage, emotions; information that relates to the context of 
the individual such as physical and social environment, 
the  weather, respectively) and PA plan characteristics 
(e.g. PA type, place of the activity, time of the activity, 
barriers to do the activity). Once a knowledge-base is 
developed, it may become possible to deliver context-
aware personalized suggestions to a user, as the DSs can 
exploit the knowledge-base to find appropriate sugges-
tions based on specific user information of that user (e.g. 
if a user is a female younger adult living with her partner 
in a rural environment and the knowledge-base contains 
relationships between these characteristics and certain 
outdoor physical activities, these activities can then be 
delivered as a suggestion to the user).

Keywords:  Digital health, E-health, M-health, Behaviour change, Physical activity, Personalization, Knowledge-base, 
Decision support systems
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The main objective of this study is to empirically inves-
tigate whether user information relates toward specific 
action and coping plans (e.g. motivated users may rather 
plan vigorous physical activities compared to less moti-
vated users; adults who work may rather experience bar-
riers such as not having time for PA compared to retired 
adults). More specifically, this paper will rather address 
personal user information than contextual user informa-
tion. As such, this paper provides a proof-of-concept on 
how knowledge can be acquired in order to develop such 
a knowledge-base. This includes a clustering method with 
a two-steps approach. The first step is to explore whether 
patterns in action and coping plans can be identified 
using clustering algorithms on available data. The second 
step is to examine whether these clusters of action and 
coping plans can be linked to specific user information.

Methods
Data source
Data was used from the ‘MyPlan 2.0’ factorial rand-
omized controlled trial, which was conducted between 
February 2018 and December 2018, and was approved 
by the Ghent University Hospital Ethics Committee (ID 
number: NCT03274271). The protocol paper of ‘MyPlan 
2.0’ can be found elsewhere [25].

MyPlan 2.0
Intervention
‘MyPlan 2.0’ was a digital health intervention that con-
sisted of a website and an optional mobile application 
to promote PA in healthy adults from the general pop-
ulation. ‘MyPlan 2.0’ was based on the HAPA-model 
and consisted of a number of BCTs to guide partici-
pants in changing their behaviour. The BCTs used in 
‘MyPlan 2.0’ were goal setting, providing information 
on consequences of behaviour, providing feedback on 
performance, social support, action planning, coping 
planning, self-monitoring and reviewing behaviour 
goals. The intervention consisted of 5 website sessions, 
with 1 week between each session. In each website ses-
sion, participants were prompted to create their own 
action and coping plans in order to reach their PA goal. 
The app was synchronized with the website and was 
offered to participants as an extension to support users 
in their plans on a daily basis. The usage of the app 
was optional. It consisted of different modules through 
which participants could freely navigate (i.e. a quiz 
module regarding benefits of more PA, an action plan 
module, a coping plan module, a self-monitoring mod-
ule, a gamification module). For example, in the action 
and coping planning modules, participants could 
review the action and coping plans that they created on 
the website, and could change these plans throughout 

the week. The app also reminded participants of 
their plan by sending a notification on the scheduled 
moment. More information about the website and app 
can be found in the protocol paper of MyPlan [25].

Procedure and participants
Before starting with the intervention, participants had 
to complete a pre-test questionnaire, assessing 1) demo-
graphic variables, 2) psychosocial determinants of behav-
iour change including motivational stage, and 3) their 
current PA level. When the pre-test measurements were 
completed, participants were randomly allocated to dif-
ferent versions of the intervention as part of the design 
of the ‘MyPlan 2.0’ factorial randomized controlled trial. 
They were allocated to eight different groups to evaluate 
the efficacy of three BCTs (i.e. action planning, coping 
planning and self-monitoring) and their combinations. As 
such, each group received a different version of the digi-
tal health intervention, including different BCTs. There-
fore, only data of participants allocated to the groups who 
received both the BCTs action and coping planning, were 
included in this study. As such, data of 65 participants 
were used, including 222 action plans and 204 coping 
plans. Inclusion criteria were [25]: (1) having a minimum 
age of 18, (2) speaking Dutch, (3) having internet access 
and being the owner of a smartphone (iOS or Android). 
Participants were excluded if a risk for adverse effects 
during physical activity was detected. For that purpose, 
participants completed the ‘Physical Activity Readiness 
Questionnaire’ (PAR-Q) [26], and were excluded when 
they answered “yes” on one of the seven questions.

Measures
The data in this paper includes 1) the created action and 
coping plans and 2) specific user information.

Action and coping plans
Once a week in each website session, participants were 
prompted to create their own action and coping plans. 
For the BCT action planning, participants could create 
a plan by specifying how they wanted to be more physi-
cally active, what they wanted to do, where and when they 
wanted to do it. Figure 1 shows an overview of the ques-
tions asked with possible answer options in order to guide 
participants in the process of action planning. For the 
BCT coping planning, participants had to identify difficult 
situations or barriers they anticipated to experience while 
being more physically active in the upcoming week. Partic-
ipants were then prompted to think about a relevant solu-
tion for their barrier. In order to guide participants in the 
process of coping planning, a list of possible barriers and 
their solutions were provided, which is shown in Fig. 2.
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User information
Specific user information in this paper addressed per-
sonal user information (i.e. information related to the 
individual itself ) including the demographic informa-
tion and motivational stage of participants. The following 

demographic variables were used for analyses: age 
(continuous), height and weight to calculate BMI (con-
tinuous), gender (categorized as male and female), edu-
cational level (categorized as not having versus having a 
college/university degree), occupation (categorized as 

Fig. 1  Questions and answer options for the action plans

Fig. 2  Questions and answer options for the coping plans
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having a job versus not having a job) and marital status 
(categorized as having a partner versus not having a part-
ner). Motivational stage was measured using items of the 
HAPA-model [8, 13] and was categorized as pre-intend-
ers (i.e. participants who had no intention to change their 
behaviour), intenders (i.e. participants who already devel-
oped an intention to change their behaviour but did not 
perform PA regularly yet) and actors (i.e. participants 
who already perform PA regularly).

Data analysis
A clustering method with a two steps-approach was 
used. The first step was to explore whether patterns in 
action and coping plans could be identified using cluster-
ing algorithms. The second step was to examine whether 
these clusters of action and coping plans could be linked 
to specific user information.

Coding action and coping plans
Before conducting the clustering analyses (i.e. the first 
step), the action and coping plans were coded to be com-
puter readable. As a pre-processing step, the different 

action plans for the same user were separated into indi-
vidual samples. Furthermore, entries were separated such 
that one action plan concerns only one of the four PA 
domains, i.e. sports or leisure, household activities, active 
transport or (volunteer)work. Next, action and coping 
plans were coded into different variables, based on the 
answering options of Figs. 1 & 2 and the most frequent 
open answers that were given by participants. Table  1 
shows an overview of these most frequent open answers.

All variables of the action and coping plan that were 
coded can be found in Additional file 1. A “0” was coded 
if the variable was not applicable, a “1” was coded if the 
variable was applicable. All these variables of the action 
and coping plan that were coded can also be found in the 
second column of Figs. 6 and 7 respectively.

Clustering analysis
To explore whether patterns in action and coping plans 
could be identified, clustering algorithms were used. 
More specifically, hierarchical clustering was used to 
identify clusters of action and coping plans. Clustering 
analysis was conducted using custom Python software, 
based on the skicit-learn package [27], a machine learning 

Table 1  Overview of the most frequent open answers within MyPlan

n number of times this option was chosen by participants to create their action and coping plan *These answers of participants were used as the variable “other” for 
clustering because they were not frequently chosena or the answer was considered less qualitativeb

Answering options of Figs. 1 & 2 that 
required an open answer

Open answers that were used as variables for 
clustering (n)

*Answers of the variable “other” (n)

Action plan – sports or leisure time activities Walking (47),
Biking (49),
Running (62),
Swimming (21),
Work-out (4),

Yoga (13),
Fitness (25),
Dancing (1),
Tennis (13),
Other sports* (9)

Longboarding (2)a,
Rope skipping (5)a,
Skeelering (1)a,
Canoeing (1) a

Action plan – other household activities Weeding (1) Other gardening* (6) Cleaning terrace (4)a,
Rough gardening (2)b

Action plan – other active transport Other active transport* (4) Going to hobby (4x)a

Action plan – other moving at work Taking the stairs at work (1), Other activities at/
around work* (1)

Cleaning the office (1)a,

Coping plan – other barriers No time (62),
Tired (12),
Don’t feel like doing it alone (6),
Sick (6),

Pain (4),
No barriers (8),
Other barriers* (8)

Stress (2)a,
Getting sweaty (1)a,
Having kids home (1)a,
Too much people around (1)a,

Bad tempered 
(1)b

Obsessive-
compulsive 
disorder (1)a

Searching for 
excuses (1) b

Coping plan – other solutions Planning (34),
Manage pain (by for example 
medication) (1),
Give yourself a reward (6),

No solution (9),
Other solutions* (13)

Making time (3)b,
Just do it (1)b,
Shortening the activity (2)a,
Taking a shower (1)a,
Realizing being active does not 
take up much time (1)a,

Don’t forget 
(1)b,
Prepare the 
kids for doing 
the activity 
(1)a,
Don’t over-
think (1)b,
Search moti-
vation (1)b,
Drinking 
water (1)a,
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library. Only the information regarding the action and 
coping plans of the users were included in this analysis.

Hierarchical clustering analyses were conducted to 
identify 1) clusters of action plans (including all the 
variables of the action plans), 2) clusters of coping plans 
(including all the variables of the coping plans) and 3) 
clusters of the combination of action and coping plans. 
For the clustering of the combination of action and coping 
plans, a subset of variables of these plans is used. More 
specifically, for the action plans, the domain of PA rele-
vant to the action plan and the variables that relate to the 
users’ possible context when performing the listed activ-
ity, e.g., day of the week, time of day, location, and for the 
coping plans the subset of barriers is used. This, with the 
objective to investigate the link between action and cop-
ing plans, and more specifically to investigate if the user’s 
current context is linked to the barriers they might expe-
rience for that specific planned activity. The hierarchical 
clustering analyses have been performed using the Ham-
ming distance as a dissimilarity measure and complete-
linkage as the linkage criterion to calculate inter-cluster 
distances and define the optimal number of clusters [28]. 
In complete-linkage clustering, the distance between two 
clusters is considered as the distance between the two 
vectors furthest away from each other in each cluster.

To evaluate the density and separation between the 
resulting number of clusters, Silhouette Analysis has 
been performed for a range of possible cluster numbers 
[29]. This Silhouette Analysis gives information on the 
optimal number of clusters and how well a sample has 
been clustered. Samples with a Silhouette Coefficient 
(SC) close to 1 are very well clustered, a SC close to 0 
indicates the sample lies in between two clusters and a 
sample with a negative SC has probably been placed in 
the wrong cluster. Overall, for the optimal number of 
clusters, clusters do not have a SC below the average SC 
and the resulting clusters are preferably similar in size. 
Nonetheless, expert input is needed to validate that the 
formed clusters are logical.

Figure 3 gives an overview of the Silhouette Analysis for 
the hierarchical clustering of the action plans for a range 
of 2 to 5 clusters. The Silhouette Analysis for this cluster-
ing indicates that 3 clusters lead to the best clustering of 
the data (b). Even though the average SC of 2 clusters is 
higher (a), cluster 1 contains some samples with a signifi-
cantly lower SC. It can be assumed that when splitting in 
3 clusters, cluster 1 of (a) is split into cluster 1 and cluster 
2 of (b). For a higher number of clusters, the average SC 
decreases (c)(d).

Figure 4 shows the results of the Silhouette Analysis for 
the hierarchical clustering of the coping plans for 2 to 9 
clusters. The clustering resulted in 8 clusters of coping 
plans. The Silhouette Analysis indicates a higher SC for a 
higher number of clusters (f-h) and a SC close to zero for 
6 clusters or less (a-e). For 7 clusters, 4 clusters contain 
samples with a negative SC (f ), indicating wrongly clus-
tered samples, whereas for 8 or 9 clusters, this is reduced 
to 3 clusters containing samples with a negative SC (g,h). 
8 clusters is the preferred cluster number (g), as the size 
of the clusters varies less compared to the size of the clus-
ters in the case of 9 clusters. Moreover, the SC drops for 
the smaller clusters (h). However, it has to be noted that 
the data set used for clustering is limited in size and is 
not perfect, i.e. the dataset can contain outliers, for which 
more and smaller clusters will lead to a more optimal 
result. Nonetheless, fewer clusters, each containing more 
samples can result in more robust clusters to avoid tailoring 
to outliers.

Similarly, Fig.  5 shows the results of the hierarchical 
clustering of the combination of action and coping plans 
for 2 to 9 clusters. The results indicate the highest aver-
age SC for 8 clusters, namely 0.53 (g). All clusters have a 
score equal or higher to the average SC and overall size 
of the clusters is similar, containing no samples with a 
negative SC. The hierarchical clustering for the combi-
nation of the action and coping plans resulted in 8 clus-
ters, which is confirmed by the results of the Silhouette 
Analysis.

Fig. 3  The hierarchical clustering of the action plans resulted in 3 clusters. The Silhouette Analysis for this clustering indicates that 3 clusters lead to 
the best clustering of the data (b). SC = silhouette coefficient
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Statistical analysis
After identification of the clusters, they were imported 
in SPSS 26. Chi2-tests and analyses of variances were 
executed to examine the relations between the identified 
clusters with the specific user information (i.e. age, BMI, 
gender, educational level, occupation, marital status and 
motivational stage). For the continuous variables age and 

BMI, Tukey Post-Hoc tests were used. P-values of less 
than 0.05 were considered statistically significant.

Results
Clusters of action plans
Three clusters of action plans were identified through the 
hierarchical clustering. Cluster 1 consisted of 110 action 

Fig. 4  The hierarchical clustering of the coping plans resulted in 8 clusters. The Silhouette Analysis for this clustering indicates that 8 clusters lead to 
the best clustering of the data (g). SC = silhouette coefficient

Fig. 5  The hierarchical clustering of the combination of action and coping plans resulted in 8 clusters. The Silhouette Analysis for this clustering 
indicates that 8 clusters lead to the best clustering of the data (g). SC = silhouette coefficient
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plans, created by 33 individuals. Cluster 2 consisted of 
19 action plans, created by 8 individuals. Cluster 3 con-
sisted of 93 action plans, created by 32 individuals. Each 
cluster could be characterized by variables of the action 
plan, as visualized in Fig. 6 (left side). Cluster 1 was char-
acterized by the sports or leisure activities walking, bik-
ing and running. These could be performed on every 
day of the week and at any time of the day. The activities 
mainly took place outside and not at home. Cluster 2 was 
characterized by household activities (i.e. vacuuming, 
cleaning windows, mopping) which mainly took place on 
Saturdays. These activities evidently took place at home 
and inside. Cluster 3 was characterized by active trans-
port and different sports or leisure activities (i.e. fitness, 
swimming, running, tennis) which could be performed 
on every day of the week and mainly took place in the 
evening. These activities did not take place at home and 
could be inside or outside.

Subclusters of action plans
To explore the clusters of action plans into more detail, 
additional analyses were performed and can be found 
in Additional file 2. As a result, subclusters of the three 
clusters of action plans were identified. Four subclusters 
of cluster 1, three subclusters of cluster 2 and four sub-
clusters of cluster 3 of action plans were identified. The 
subclusters of cluster 1 and 2 were not considered to be 
relevant since they only divided the activities walking, 
biking and running (for cluster 1) and different house-
hold activities (for cluster 2). Therefore, only the subclus-
ters of cluster 3 are presented in this paper (Fig. 6, right 
side). In short, cluster 3.1 was characterized by different 
sport activities, cluster 3.2 mainly by the activity ‘fitness’, 
cluster 3.3 by activities related to work and cluster 3.4 
was characterized by active transport.

Linking (sub) clusters of action plans to user information
Some differences in user information between clus-
ters of action plans were found. Significant differences 
were found in age, BMI, gender, occupation and moti-
vational stage (Table  2). Pairwise comparison showed 
that individuals creating action plans of cluster 3 were 
significantly younger (Mean = 31.46; SD = 11.12) than 
individuals creating action plans of cluster 1 (Mean: 
39.48; SD = 17.08) (P < .001) and cluster 2 (Mean = 44.11; 
SD = 14.09) (P = .002). Furthermore, individuals creat-
ing action plans of cluster 1 had a significantly higher 
BMI (Mean = 25.71; SD = 3.63) than individuals creat-
ing action plans of cluster 2 (Mean = 23.67; SD = 3.92) 
(P = .034) and 3 (Mean = 24.04; SD = 2.63) (P < .001). 
Individuals creating action plans of cluster 2 were likely 
to be women, to have a job and to be pre-intenders or 

intenders for PA. All pairwise comparisons can be found 
in Additional file 3.

BMI was significantly different between the sub-
clusters of cluster 3 (Table  3). Pairwise comparison 
showed that individuals creating action plans of clus-
ter 3.4 had a significantly higher BMI (Mean = 25.07; 
SD = 2.26) than individuals creating action plans of 
cluster 3.1 (Mean = 22.40; SD = 1.38) (P < .001) and 3.3 
(Mean = 21.08; SD = 1.65) (P = .003).

Clusters of coping plans
Eight clusters of coping plans were identified. Each 
cluster was characterized by a barrier of the coping 
plan and a solution of the coping plan, which means 
that relatively consistent pairs of barriers with their 
solutions could be identified (Fig. 7). For example, clus-
ter 2 consisted of 18 coping plans, made by 15 individu-
als and was characterized by the barrier “bad weather” 
and the solution “prepare equipment”. Furthermore, 
it is important to note that the majority of these clus-
ters were characterized by other pairs of barriers and 
solutions than proposed by the questions and answer 
options in the intervention of MyPlan 2.0 (see Fig. 2).

Linking clusters of coping plans to user information
Some differences in user information between clusters 
of coping plans were found. Significant differences were 
found in education and motivational stage (Additional 
file 3). For example, individuals creating coping plans of 
cluster 4 (i.e. barrier = bad weather; solution = social sup-
port), 7 (i.e. barriers = something else came up & no time; 
solution = reschedule activity) and 8 (i.e. barrier = don’t 
feel like it; solution = social support) were more likely to 
have a lower educational level. Individuals creating cop-
ing plans of clusters 4 (i.e. barrier = bad weather; solu-
tion = social support) were pre(intenders). However, 
linking clusters of coping plans in general to user infor-
mation did not appear to be straightforward as most of 
the significant findings lack a logical explanation (e.g. the 
link between having a lower educational level and creat-
ing a coping plan containing the barrier ‘bad weather’ and 
solution ‘social support’ might not be logically explained).

Clusters of the combination of action and coping plans
Eight clusters of the combination of action and coping 
plans were identified. Each cluster was characterized 
by different variables of the action plan and by one or 
two barriers of the coping plan (see Fig.  8). For exam-
ple, cluster 6 consisted of 53 combinations of action and 
coping plans, created by 23 individuals. The cluster was 
characterized by “active transport” and the barrier “bad 
weather”.
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Fig. 6  Clusters of action plans (left) and Subclusters of action plan cluster 3 (right). The first column represents the overarching categories of the 
variables of the action plan. The second column represents all variables of the action plan which were used to identify the clusters. The other 
columns represent the identified clusters which are each characterized by the different variables of the action plan. The greener the variable of the 
action plan, the more users performed this activity, did the activity on this day of the week, at this time of the day, or on this location
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Linking clusters of combination of action and coping plans 
to user information
Differences in user information between clusters of the 
combination of action and coping plans were found. Sig-
nificant differences were found for gender, education, 
occupation, marital status and motivational stage (Addi-
tional file  3). For example, individuals creating action 
and coping plans of cluster 1 (i.e. action plan = sport or 
leisure, weekdays, afternoon, not home; barrier = tired & 
don’t feel like it, something else came up), 3 (i.e. action 
plan = sports or leisure, on Monday and Wednesday, 
evening, not home; barrier = don’t feel like it, no time) and 
8 (i.e. action plan = doing sports or leisure activities, on 
Sunday, before noon and afternoon, not home and out-
side, barrier = no time) were less likely to have a partner. 

However, linking these clusters of combinations of action 
and coping plans in general to user information did not 
appear to be straightforward as all these significant find-
ings lack a logical explanation.

Discussion
The study explored the feasibility of applying a cluster-
ing method to develop a knowledge-base, which might 
be a first step towards more personalized suggestions 
on the content level in future digital health interven-
tions. More specifically, this study investigated whether 
user information was related to specific action and cop-
ing plans. The results can be readily summarized. First, 
we were able to cluster action plans, coping plans and 
the combination of action and coping plans. Second, 

Table 2  Differences in user information between clusters of action plans

Results of analysis of variance and chi-square tests. Superscript letters and bold p-values represent significant differences between clusters. a significantly different 
from cluster 1, b significantly different from cluster 2; c significantly different from cluster 3. np = number of individuals, nap = number of action plans

Cluster 1
(np = 33, nap = 110)

Cluster 2
(np = 8, nap = 19)

Cluster 3
(np = 32, nap = 93)

Significance of 
difference

Clusters of action plans Biking, walking, running | 
Every day | All times | Not 
home | Outside

Household activities 
| Saturday | At home | 
Inside

Active Transport & 
Different sports | Every 
day | Evening | Not home | 
Inside & outside

F/ X2 P-value

Age Mean ± SD 39.48 ± 17.08 c 44.11 ± 14.09 c 31.46 ± 11.12 a,b 14.40 < 0.001
BMI Mean ± SD 25.71 ± 3.63 b, c 23.67 ± 3.92 a 24.04 ± 2.63 a 13.40 < 0.001
Gender % female 52% 100% 65% 16.92 < 0.001
Education % higher education level 67% 89% 69% 3.87 0.145

Occupation % having a job 40% 79% 40% 10.79 0.004
Marital status % having no partner 46% 53% 58% 2.77 0.250

Stage % (pre)intender 45% 100% 48% 20.34 < 0.001

Table 3  Differences in user information between subclusters of action plan cluster 3

Results of analysis of variance and chi-square tests. Superscript letters and bold p-values represent significant differences between clusters. a significantly different 
from cluster 3.1, b significantly different from cluster 3.2, c significantly different from cluster 3.3, d significantly different from cluster 3.4. np = number of individuals, 
nap = number of action plans

Subclusters of action plan cluster 3 Cluster 3.1
(np = 8, nap = 18)

Cluster 3.2 (np = 9 
nap = 23)

Cluster 3.3
(np = 4, nap = 5)

Cluster 3.4 (np = 2, 
nap = 20)

Significance of 
difference

Different sports 
| Monday, 
Wednesday, Friday | 
Afternoon, evening 
| Not home | Inside, 
Outside

Fitness & swimming 
| Wednesday | 
Evening | Not home 
| Inside

Work | During week 
| Morning, (before) 
noon | Not home | 
Outside

Active Transport | 
Not home | Outside

F/X2 P-value

Age Mean ± SD 30.67 ± 7.64 28.35 ± 10.25 30.80 ± 7.16 33. 36 ± 12.73 2.10 0.15

BMI Mean  ± SD 22.40 ± 1.38 d 23.86 ± 3.11 21.08 ± 1.65 d 25.07 ± 2.26 a,c 14.74 < 0.001
Gender % female 61% 78% 80% 60% 3.01 0.390

Education % higher education 
level

56% 61% 80% 77% 3.77 0.288

Occupation % having a job 56% 35% 40% 36% 2.37 0.500

Marital status % having no partner 50% 78% 40% 53% 5.46 0.141

Stage % (pre)intender 56% 39% 60% 49% 1.44 0.697
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relating these clusters to user information was possible 
for action plans, but proved more difficult for the cop-
ing plans and specific combination of action and coping 
plans.

Our study revealed that some user characteristics 
related toward specific action plans. 1) Users with a 
higher BMI were more likely to choose outdoor leisure 
activities (walking, biking, running). 2) Women, users 
that did not perform PA regularly yet, or users who 
had a job, were more likely to choose for household 
activities. 3) Younger users were more likely to choose 
for active transport and different sports activities (fit-
ness, swimming, tennis). Of these younger adults, 
users with a higher BMI were more likely to choose for 

active transport whereas users with a lower BMI would 
choose for different sports or work-related activities. 
Overall, these findings suggest that with the approach 
used in this study, it is feasible to find relations between 
action plans and specific personal user information. 
Consequently, the knowledge acquired from these find-
ings might be used to define relationships in a knowl-
edge-base and to ultimately personalize suggestions for 
action plans.

Although we could identify relatively consistent pairs 
of barriers and solutions formulated in the clusters of 
coping plans, we concluded that no logical link was 
found between user information and coping plans or spe-
cific combinations of action and coping plan. This was 

Fig. 7  Clusters of coping plans. The first column represents the overarching categories of the variables of the coping plan. The second column 
represents all variables of the coping plan which were used to identify the clusters. The other columns represent the identified clusters which are 
each characterized by the different variables of the coping plan. The greener the variable of the coping plan, the more users thought about this 
barrier and this solution
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Fig. 8  Clusters of combinations of action and coping plans. The first column represents the overarching categories of the variables of the action 
and coping plan. The second column represents all variables of the action plan and the barriers of the coping plan which were used to identify 
the clusters. The other columns represent the identified clusters which are each characterized by the different variables of the action plan and the 
barriers of the coping plan. The greener the variable of the action and coping plan, the more users performed this activity domain, on this day, at 
this time, on this location, and thought about this barrier
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concluded since these results could not be compared to 
previous studies, nor theory. The reason that no logi-
cal link was found might be due to the fact that 8 clus-
ters were identified for both coping plans and for specific 
combinations of action and coping plans. This is a rela-
tively large number of clusters to relate user information 
to and may explain why, although statistical differences 
were found, these differences were not straightforward to 
interpret. Moreover, clusters of the specific combinations 
of action plans and coping plans were not considered to 
be valuable because it was difficult to meaningfully dis-
tinguish one cluster from another. Advanced clustering 
techniques with a larger and more heterogeneous sam-
ple may identify more valuable clusters in future research 
[30]. Also, the reason for the large numbers of clusters 
might reflect the fact that it is not possible to cluster cop-
ing plans or specific combinations of action and coping 
plans. In that case, only suggestions of action plans could 
be formulated rather than suggestions of coping plans 
or combinations of both. Another, maybe more impor-
tant explanation, might be that the current paper only 
analyzed personal user information (i.e. demographic 
information and motivational stage). Consequently, rela-
tionships of other user information with plan character-
istics remain unexplored. As it is known that PA is not a 
stable but dynamic (i.e. time-dependent) behaviour that 
varies throughout the day and from day to day [31, 32], it 
is more likely that barriers to certain physical activities, 
that are in a sense more hypothetical than action plans, 
relate more to contextual (e.g. the weather) and dynamic 
user information (e.g. emotions) than personal and rather 
stable user information (e.g. demographic information). 
Thus, future research should investigate whether more 
contextual and dynamic user information relates more 
strongly towards plan characteristics.

Considering the above findings, the clustering method 
used in the current study might be a feasible approach to 
acquire knowledge for a knowledge-base. However more 
user information will be needed to deliver personalized 
suggestions on the content level. First, we will illustrate 
how the results of the current study might be used to 
develop a knowledge-base, and then we will discuss what 
other user information might be needed to deliver more 
context-aware personalized suggestions. To develop a 
knowledge-base, acquired knowledge should be organ-
ized into a structure. Ontologies are one of the most 
popular approaches to structure these knowledge-bases 
as they are well specified [33], and can be combined with 
intelligent algorithms, which makes it possible to deliver 
personalized suggestions (e.g. for example, a user who 
does not perform PA regularly yet may get a suggestion 
to do a household activity). Furthermore, Larsen [33] 
shows that ontologies are already increasingly used by 

behavioural scientists. Indeed, several ontologies in the 
PA and behaviour change domain already exist [33]. For 
example, the Physical Activity Concept Ontology (PACO) 
structures different physical activities [34], the HAPA 
ontology structures all constructs of the HAPA-model 
[35], the Behaviour Change Interventions Ontology 
(BCIO) is a broader ontology that structures knowledge 
about interventions, their contexts, effects and evalua-
tions [36, 37]. Even though ontologies such as the BCIO 
and HAPA ontology provide structures and their rela-
tionships on an abstract construct level (e.g. ‘intention’ 
influences ‘planning’, ‘planning’ positively influences the 
‘Intenders’ to ‘Actors’ transitions relationship [35]), they 
still lack detailed concretization of these constructs and 
their interrelations at the content level [33]. Yet, ontolo-
gies with detailed concretizations at the content level are 
needed to deliver context-aware personalized sugges-
tions. The current paper provides an approach to acquire 
knowledge for such an ontology. Here follows an exam-
ple of how an ontology with the findings from the current 
paper may be used to deliver personalized suggestions. 
Suppose Rosy (older woman, higher BMI, high educa-
tion, pre-intender for PA) logs into an m-health interven-
tion. Which suggestions could the system deliver to get 
her more active the following week? Since the ontology 
contains relationships between user information and 
plan characteristics, the system can exploit the ontology 
with the help of intelligent algorithms and deduce which 
specific plan suggestions would match Rosy’s user profile. 
Based on the findings of the current paper, the sugges-
tions ‘do a household activity’ or ‘do an outdoor activity 
such as walking, biking or running’ could be delivered 
to Rosy. In addition, Larsen [33] highlights the impor-
tance of combining ontologies with other ontologies in 
the field and asks the scientific community to update 
ontologies as new evidence emerges. As such, findings 
from the current paper could take other ontologies (such 
as the BCIO or the HAPA ontology) to a higher level 
by adding detailed concretizations at the content level. 
Consequently, the approach used in this study may con-
tribute to the refinement of ontologies related to behav-
iour change interventions.

As previously stated, more user information in rela-
tion to plan characteristics should be acquired in order 
to develop a knowledge-base for context-aware person-
alized suggestions. Future studies might use the same 
approach of the current study to acquire more data from 
possible end users to shape the knowledge-base. How-
ever, the current approach should be enriched with other 
user information that might be placed on two continu-
ums: First, relatively stable user information (i.e. informa-
tion that does not change over a certain period of time) 
versus more dynamic user information (i.e. information 
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that varies over a certain period of time). Second, per-
sonal user information (i.e. information related to the 
individual itself ) versus contextual user information (i.e. 
information related to the context of the individual). 
The current paper addressed demographic info and 
motivational stage as stable and personal user informa-
tion. Other personal and relatively stable user informa-
tion worth investigating might be (perceived) motor 
skill competence or physical health. For example, recent 
research of Drenowatz [38] showed that a higher motor 
skill competence could be linked to more club sports par-
ticipation. However these findings were only identified 
in children [38]. Another example shows that patients 
with chronic back pain perform more physical activities 
in the morning than in the evening compared to controls 
[39]. Second, exploring whether relatively stable and con-
textual user information relates to plan characteristics 
might provide important information as well. It might be 
interesting to explore whether users from various home 
or work environments make different plans or encounter 
different barriers to do PA. For example, research already 
showed that neighborhoods supporting a safe, enjoy-
able and social experience are associated with more lei-
sure time walking among adults [40]. Third, as PA is not 
a static but dynamic behaviour [31, 32], it would be use-
ful to examine whether certain dynamic personal user 
information (e.g. emotions, fatigue, pain) and dynamic 
contextual user information (e.g. weather, agenda of the 
day) relates to certain plan characteristics. This would 
enable the knowledge-base to deliver personalized sug-
gestions based not only on relatively ‘stable information’ 
but also on ‘dynamic information’. For example, when the 
user has a busy day at work (dynamic contextual info), he 
might need other suggestions than when a user has more 
time; or when a user is stressed (dynamic personal info), 
the user might need other suggestions than when a user 
is more relaxed that day.

Some considerations should be taken into account for 
future research. To acquire more dynamic information, 
future studies should collect data on a smaller timeframe 
(day to day or even within days) as compared to the cur-
rent study (only once at the start of the study). Relatively 
stable information might still be collected at the start of 
the study and/or at another moment depending on the 
study length (e.g. motivational stage may change after 
3 weeks in an intervention). To acquire more dynamic 
information, ecological momentary assessment (EMA) 
might be used because this method makes it possible to 
collect real-time data based on repeated measures and 
observations that take place in participants’ daily envi-
ronment [41]. For instance, during a 7-day EMA study 
the emotional state of a participant might be asked for 
example every 3 to 4 h, together with the question to 

make a PA plan for these following hours. This example 
would make it possible to relate certain emotions toward 
specific plans.

If a knowledge-base were to be developed based on 
the approach of the current study and the above-men-
tioned suggestions, future interventions to promote 
PA can exploit the knowledge-base in order to deliver 
context-aware personalized suggestions. Notwith-
standing, these future interventions might take further 
steps toward context-aware personalized suggestions. 
First, despite the fact that more information in the 
knowledge-base may result in more context-aware per-
sonalized suggestions, one should be careful with ask-
ing too many questions at the start of a personalized 
intervention (in order to determine the new user’s pro-
file). Using smart technologies such as wearables and 
apps (e.g. to measure stress, PA level, location, agenda, 
weather) could limit the number of questions. Second, 
the current study highlights the importance of a knowl-
edge-base to deliver context-aware personalized sugges-
tions in e-and m-health interventions. Nonetheless, it is 
unlikely that this approach will fully capture the com-
plexity of behaviour change to provide context-aware 
personalized suggestions. Other approaches could com-
plement the approach used in the current study. One 
of these approaches is ‘reinforcement learning’ [42]. In 
its most basic level, the system learns by measuring a 
success criterion for a given suggestion: if the success 
criterion is met, the probability of suggesting this sug-
gestion a second time increases [42]. For example, the 
success criterion can be based on the user’s rating for 
a certain suggestion, or the user’s behaviour after that 
suggestion (e.g. if a user gets a suggestion of a plan to go 
for a walk and the user eventually goes for a walk). More 
advanced derivations of reinforcement learning should 
be explored in future interventions, for example suc-
cess criterions of similar users [42, 43]. Third, another 
approach that might complement the current approach 
is the systems ID approach. The approach used in this 
study is still a ‘nomothetic’ approach (i.e. making ‘aggre-
gated’ conclusions of relationships of user info and plan 
characteristics), whereas ‘ideographic approaches’ might 
deliver more context-aware personalized suggestions 
(i.e. making individualized conclusions of relationships 
between user info and plan characteristics by examin-
ing within-person variation over time). The systems ID 
approach is an ‘ideographic approach’ and learns from 
run-in periods to provide personalized suggestions (e.g. 
for a certain user it might be better to suggest a walking 
activity on a weekend day, whereas for another user it 
might be better to suggest a walking activity on a week-
day) [31, 42]. The disadvantage of such a run-in period 
is that no context-aware personalized suggestions can 
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be delivered at the beginning of such an intervention 
(which is also the case when using reinforcement learn-
ing on its own).

Strengths and limitations
This study has several strengths. First, the current study 
demonstrated a proof-of-concept (clustering method) 
which provides insights in how a DSs with a knowl-
edge-base could be developed in order to deliver more 
context-aware personalized suggestions in future digital 
interventions. Until now, many studies use a black-box 
approach in which details about how support is generated 
in the DSs are unknown [44]. Furthermore, the few avail-
able studies that did employ DSs lack information on the 
use of behaviour change theories [43]. Second, acquired 
knowledge in knowledge-bases in previous studies is 
mostly expert driven [23, 24], whereas the current study 
was theory-driven and data-driven. This approach gave 
us the opportunity to get more insights in comparison 
with only expert knowledge. Nonetheless, we urge cau-
tion when using clustering algorithms on their own (e.g. 
giving suggestions of household activities only to women, 
may reinforce standard, normative and/or stereotypical 
patterns of behaviour). Therefore, expert consultation 
remains important.

This study also has a number of limitations. First, the 
user sample for the current study was small, clustering 
with action plans and coping plans of a larger and more 
heterogeneous sample will possibly give better insights. 
Second, this study focused on which plans users created 
in order to do PA, we did not measure the actual per-
formance of the plan. Investigating user information in 
relation to performing actual PA may also provide use-
ful insights for personalized suggestions (e.g. if a user 
is feeling stressed, what kind of physical activities does 
the user perform?). Future studies may also use EMA to 
collect this data. Third, the current study demonstrated 
proof-of-concept to acquire knowledge for a knowledge-
base in order to provide more personalized suggestions 
on the content level, however it is not clear whether 
this approach will be more effective to promote PA than 
simpler tailoring approaches (e.g. tailoring on construct 
level, tailoring based on preferences of the individual). 
Future research might investigate which approaches are 
most effective to promote PA. Fourth, the focus here was 
whether user information related toward specific action 
and coping plans, in order to deliver personalized sugges-
tions of these plans on the content level. Future studies 
might also consider other BCTs, such as self-monitoring 
(e.g. older users maybe relate to other self-monitoring 
methods than younger users) or outcome-expectancies 
(e.g. when someone is stressed that person might need 

another message to see the advantage of PA than when 
someone is relaxed). Finally, the content and clusters of 
action and coping plans were based on data obtained 
from a digital health intervention. We do not expect 
that data from analogue approaches would lead to dif-
ferent results, but this assumption requires further 
corroboration.

Conclusions
Until now, attrition rates in digital health interven-
tions to promote PA are high which might be due to the 
lack of context-aware personalized suggestions in these 
interventions. The approach used in the current study 
might be a feasible approach to acquire knowledge for a 
knowledge-base, however more data from possible end 
users should be acquired in future research. This might 
result in a first type of context-aware personalized sug-
gestions on the content level, as the system can provide 
initial suggestions based on the knowledge-base when 
a PA intervention has just started and the system did 
not have time to learn about the user. Over time, sug-
gestions could be refined based on other approaches 
like reinforcement learning. Moreover, this approach 
extended prior efforts to personalize digital health 
interventions by providing context-aware personalized 
suggestions on the content level rather than on the con-
struct level.
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