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A B S T R A C T

Blended learning is useful in higher education for catering to diverse student learning needs, however, higher 
education teaching staff need to be trained and supported so that it is applied attentively. Higher education 
teachers are diverse themselves with complex professional development needs. This study aims to examine the 
relationships between professional development preferences and 217 teaching staff grouped into technology 
acceptance profiles: high, moderate and low. Association rules analysis was run on an 18-item questionnaire 
dataset of the teaching staff’s professional development preferences for blended learning. Results show that the 
high group is highly motivated to professionalise themselves collaboratively with added central support. The 
moderate group prefers centrally organised and guided professional development initiatives. The low group 
prefers centrally organised initiatives with guidance as well as incentive for professionalisation. These results 
highlight the differences between the groups, and how these preferences can be useful for designing targeted 
initiatives along with adapted communication strategies for groups with different technology acceptance levels.

1. Introduction

Blended learning (BL) is considered to be a solution for solving 
challenges in the organisation of higher education, eg. providing flexi
bility to students (Boelens et al., 2018; Garrison & Kanuka, 2004), and 
has been associated with improved student learning outcomes (Bohle 
Carbonell et al., 2013; Siemens et al., 2015). Online and BL approaches 
have furthermore been widely used in order to ensure continuation of 
education during the COVID-19 pandemic lockdowns (UNESCO IESALC, 
2020).

Since the COVID-19 pandemic, the literature on BL in higher edu
cation and professional development (PD) for teaching staff has 
increased exponentially (eg. Zawacki-Richter, 2021). This means there 
is a significant need to re-examine the approach and methods for 

training and professionalising higher education teaching staff to meet 
the digitalization needs of higher education in the current climate 
(Scherer et al., 2021). However, one of the main challenges remains that 
technology anxiety still poses a significant barrier to change in teaching 
practices and the effective use of educational technology. While clus
tering users according to their technology acceptance and attitudes is a 
useful step towards understanding their technology acceptance needs, a 
closer look at these profiles is needed to understand how to approach 
these groups (AUTHORS; AUTHORS). This is particularly important for 
the groups who are less enthusiastic about educational technology, 
which is often related to technology anxiety and general risk-aversion 
(Howard, 2013).

Much is known about how to design PD for BL that is effective and 
sustainable (Philipsen et al., 2019), but little is known regarding how to 
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adapt this design or approach to the characteristics of the participants. 
This study takes a closer look at how different groups of higher educa
tion teaching staff want to professionalise themselves for BL. PD models 
and approaches are examined and how they can serve different pur
poses. Technology acceptance as a relevant construct for PD for BL is 
explored and how it connects to person-centred research methods. 
Finally educational-datamining methods are discussed and how this 
approach can reveal useful information on group behaviours and 
characteristics.

1.1. Models of continuous professional development

Continuous PD, workplace learning, lifelong learning and in-service 
training are all internationally recognized keywords that have become 
part of the national policies and legislatures of OECD countries 
regarding education and training (Fraser, 2007; Swaffield, 2014). 
Regardless of how PD is organised, approached, and regulated, the 
intended outcomes of such initiatives are thought to benefit students, as 
well as the teaching staff themselves (Fraser et al., 2007; Guskey, 2002; 
Swaffield, 2014). On a policy level, PD initiatives answer the need for 
the regulation of standards and assurance of the quality of education on 
various levels in educational systems (Swaffield, 2014). The effects of 
PD on teachers and students is discussed in detail by Desimone (2009)
whose foundational framework lists the key elements involved in PD 
design and execution, while evaluation of PD, for instance, is discussed 
in Guskey’s (2000) five level evaluative framework. Design and evalu
ation are thus considered to be key pillars essential to the imple
mentation of PD initiatives (Merchie et al., 2018). What is a “good” 
approach to PD, in general, is still a matter of debate, nevertheless it is 
agreed that depending on the context, different approaches to PD are 
suited for different types of contexts; eg. a short hands-on workshop is 
enough to teach practical skills regarding the use of a new technological 
tool, but transformative approaches such as collaborative professional 
inquiry are thought best suited where deep and meaningful trans
formation of beliefs and teaching practices are required (Kennedy, 
2014).

In higher education settings, PD outcomes are dependent on many 
factors, such as the content of the PD and how relevant it is to specific 
disciplines (Díaz et al., 2010). Studies show that various context, such as 
content or discipline have an effect on how teachers use and implement 
technology in their teaching practices (Ding et al., 2019). Examples of 
discipline-specific relevance can be observed in several studies (e.g. 
Bingimlas, 2009; Garrison & Vaughan, 2013; Pérez-Foguet et al., 2018), 
where PD content and approaches were adapted to various contexts in 
the respective higher education institutions that were involved in the 
studies. Kennedy (2014) describes continuing PD both as a pedagogical 
and policy construct, in that it is intended to facilitate the learning of 
new knowledge and skills by teaching staff, while also being shaped by 
institutional as well as national decision-making bodies. Key compo
nents of continuing PD, according to Kennedy (2014), are teacher 
agency and autonomy and are used as a spectrum measure within the 

framework, where on the one end, transmissive models allow for the 
least amount of autonomy which increases on the other end with 
transformative models where the most autonomy and agency in 
participating teaching staff is encouraged. While the framework mostly 
serves as an indicator or guide for understanding how policy at different 
levels shape various PD initiatives in education (see Fig. 1.), it can also 
be used, in Kennedy’s own words to “help us analyse patterns and trends 
in our own CPD experiences as individuals and to analyse 
institution-wide and system-wide approaches.” (Kennedy, 2014, p. 694).

1.2. Technology acceptance

An important issue to be addressed with BL is technology acceptance, 
because the extent to which users of educational technologies accept 
these technologies also determines their attitudes towards applying 
them for BL (Bingimlas, 2009; Dias & Diniz, 2012; Surry et al., 2005). 
Technology acceptance can be measured as a construct with several 
determinants that result in predicting participants’ intention and actual 
usage of a technology (Venkatesh et al., 2003). There are several scales 
that are useful to measure technology acceptance. One that has widely 
been implemented in educational settings is the unified theory for 
acceptance and use of technology by Venkatesh and colleagues (2003). 
The framework (see Fig. 2) consists of four main constructs: effort ex
pectancy (perceiving the technology as easy to use), performance ex
pectancy (perceiving the technology as useful), social influence (how the 
opinions and pressure from important peers influence the users’ 
perception of the technology) and facilitating conditions (how well the 
users feel supported in different factors towards using the technology).

These scales are useful not only in determining what factors can 
ultimately predict use, but can also show researchers which groups of 
users will take up usage and how (Villani et al., 2018). Authors et al. 
(2019) found that by clustering university teaching staff according to 
how they scored in the four main UTAUT constructs, distinctly different 
groups are revealed that show differing levels of technology acceptance 
independent of moderating variables such as age and gender. Under
standing the technology acceptance profiles of university teaching staff 
is a first step towards understanding how to approach these different 
groups in PDI’s, and how to tailor PDI approaches to suit the needs and 
preferences of these groups.

High technology acceptance in education is associated with quick 
uptake and positive attitudes towards new technological tools (Pynoo 
et al., 2011a). Teaching staff with low technology acceptance also have 
higher anxiety towards technology and therefore resist using new tools 
and in general prefer not to change teaching practice (Schoonenboom, 
2014; Wilfong, 2006). Teaching staff who are resistant to new technol
ogies in general tend to avoid risks in teaching practice (Howard, 2013). 
Individuals who are resistant to change will often be present in every 
institute or organisation (Hall & Hord, 1987; Rogers, 2003), addressing 
the needs of these groups becomes a particular challenge when pro
moting and implementing BL in higher education (Ertmer, 1999; 
Howard, 2013). Understanding the differences between different groups 

Fig. 1. Models of continuing professional development, based on the original framework (Kennedy, 2014).
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of teaching staff, therefore, becomes an important component in 
devising tailored strategies for PD organisation (AUTHORS).

1.3. Person-centred research and data mining methods

Psychometric studies are normally variable-centred, meaning the 
aim is to define variables that describe homogenous populations 
regardless of their surrounding contexts (Hofmans et al., 2020; Morin 
et al., 2018). In person-centred research, the main goal is to break down 
participants into similar groups or profiles and to address the needs of 
these groups based on their profiles, rather than generalized variables 
(Hofmans et al., 2020; Weiss & Rupp, 2011). Person-centred methods 
such as clustering and latent profile analyses are considered to be well 
suited for studying phenomena among individuals in an occupational or 
working environment (Weiss & Rupp, 2011). Organising workplace 
learning opportunities and PD at a higher education institute is chal
lenging first because of the many disciplines housed under the same 
institute, and secondly because of the variety of personal and profes
sional contexts in which teaching staff is situated (Dysart & Weckerle, 
2015). While clustering as an analytical method provides an opportunity 
to explore the characteristics of groups and subpopulations, a major 
pitfall that can occur is “hard clustering” in which participants are 
forced into certain group memberships more or less based on the best fit 
or similarities, thus causing some subpopulations to remain unobserved 
(Hofmans et al., 2020).

While understanding the differences between groups, educational 
data mining can further reveal attributes and patterns within groups and 
populations (Howard et al., 2016, 2021; Tondeur et al., 2021). Educa
tional data mining is by now a well-established methodology in educa
tional research, particularly as a method for capitalising on sources of 
educational data such as learning management systems and large-scale 
educational assessment studies (Baker, 2010; Merceron et al., 2015). 
Educational data mining offers several methods, among them is associ
ation rules analysis, a relationship mining method, which is the induc
tive analysis of relationship patterns among variables, which is 
frequently used in retail and marketing research for uncovering con
sumer preference patterns (Baker, 2010). The patterns in which these 
rules organise can help to infer contextual meanings that can help to 
explain behaviours, attitudes, and preferences which is useful for 
devising PD strategies (Merceron & Yacef, 2010; Tondeur et al., 2021).

2. Problem statement

Best practices for designing effectivePD specifically for BL is well 
established, but how to address teaching staff’s preferences for pro
fessionalisation in this context is not well known. This study takes a 
closer look at these technology acceptance profiles from the point of 
view of their PD preferences for implementing BL while using a new 
learning management system. Using data mining methods will uncover 
patterns and pathways that can reveal different behaviours within 
certain groups, and give indications for communicating, organising and 
targeting the different profiles according to their most likely needs and 
preferences. In sum, this study aims to answer the following research 
questions. 

1. What are the professional development preferences of the groups 
with different technology acceptance levels?

2. What are the key relationships among these preferences within these 
groups?

3. Approach and methods

This study is situated within the context of the implementation of a 
new learning management system (LMS) and PD initiatives and projects 
surrounding the implementation in two Belgian higher education in
stitutes. The LMS was first introduced in the year 2017 in the first 
institute and in 2018 in the second.

Clustering and profiling are useful methods for surveying a large 
population and breaking them down into smaller, more manageable 
groups (Milligan, 1980; Yim & Ramdeen, 2015). While clustering has its 
advantages, a disadvantage can be that smaller subpopulations can be 
overlooked in the process by forcing all participants into profiles 
(Hofmans et al., 2020). Decisions regarding the organisation and design 
of PD following the information based on such “hard” profiles is in 
danger of becoming “profile-centred”, rather than person-centred. This 
being said, profiling users and potential participants according to their 
technology acceptance profiles is a useful first step towards under
standing what their immediate general attitudes and needs are towards a 
certain technological innovation (Devolder et al., 2012). A previous 
study (AUTHORS 2019) explored how the present sample was clustered 
with the above-mentioned clustering methods, where participant and 
UTAUT factor characteristics are discussed and how these influence 
cluster membership.

Fig. 2. The UTAUT model based on the original framework by Venkatesh et al. (2003).
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3.1. Sample

Two institutes of higher education participated in this study, a uni
versity and a university of applied sciences. These two institutes were 
chosen as they had both implemented the same learning management 
system within the year preceding data collection. Participants who were 
involved in teaching were invited to take part in the survey. It was found 
that there was a significant overlap in types of teaching staff from both 
institutes that allowed for the merging of both samples. All participants 
agreed to an informed consent, which was approved by the university’s 
data protection officer, and steps were taken by the principal researcher 
to guarantee the protection of the identities and email addresses of all 
participants. Personalised links were sent to all participating teaching 
staff, where they filled the survey out on Qualtrics, an online survey tool. 
The target population sample at the university included all appointed 
professors and researchers and guest professors, post-docs, Ph.D. re
searchers, teaching assistants and practical assistants, and other 
appointed pedagogical/teaching staff such as language teachers. The 
target population at the university of applied sciences was all staff with a 
teaching position or appointment. 349 teaching staff participated in the 
survey (249 from the university, and 100 from the university of applied 
sciences); only 217 participants, however, completed both the UTAUT 
and PD preferences sections of the survey.

3.2. Data collection

A survey consisting of two parts was constructed, the first a tech
nology acceptance scale (UTAUT) and a self-constructed scale (PD 
preferences for BL). The items describing preferences for PD were based 
on possible scenarios described by Kennedy (2014) in her models of 
continuing PD framework. The PD preference items were formulated in 
the context of BL. 18 items were based on the transmissive, malleable 
and transformative models described in the framework.

21 UTAUT items were included that make up the core technology 
acceptance scales: Performance expectancy, effort expectancy, social 
influence, and facilitating conditions, along with other supporting 
scales: Attitude, anxiety, behavioural intention to innovate. Since the 
goal of this study is to understand how different groups of teaching staff 
want to professionalise themselves, the data is analysed on two levels: 1) 
Clustering and 2) Association rules analysis. The design of this research 
is illustrated in Fig. 3 below and is explained in further detail in the data 
collection and analysis sections.

All UTAUT items were formulated around the participants’ 

experience and use of the new LMS while teaching or managing their 
courses. PD preference items were formulated according to several of the 
models of continuing PD described by Kennedy (2014), and inspired by 
the research of Czerniawsky et al. (2017). The item wording was centred 
around professionalisation for BL, meaning learning about, and how to 
implement BL in their future courses. BL was defined and explained 
prior to the section of questions to ensure that participants were aware 
of the pedagogical concepts and their application. The complete list of 
all survey items, including the adapted UTAUT items as well as the PD 
preference items can be found in Appendix A.

349 higher education teaching staff from two institutes in Belgium 
responded (faculty, lecturers as well as other staff) to an online survey. 
All respondents agreed to the informed consent prior to filing out the 
survey. Both institutes had implemented the same learning management 
system half a year to a year prior to administering the survey. All de
mographic information are detailed in Table 1 below.

3.3. Analysis

The data analysis was organised on two levels. On the first level, a 
two-step cluster analysis was used to find participant profiles. Previous 
studies have shown that the UTAUT scales are suitable for clustering, 
with the resulting profiles indicating various levels of technology 
acceptance (Devolder et al., 2012; Pynoo et al., 2011a). The first-level 
analyses were all carried out on SPSS (v.26). First, the individual scale 
scores were calculated for each individual participant, with missing 
values being deleted. The sample descriptives and scale statistics and 
reliability scores for each technology acceptance scale can be found in 
Table 1 below. Next, the four core UTAUT scales (Performance Expec
tancy, Effort Expectancy, Social Influence, Facilitating Conditions) were 
selected as input variables for a hierarchical cluster analysis. Inspection 
of the agglomeration schedule, dendrogram and scree plot (all available 
in appendix B) revealed three viable clusters. Following these results, a 
K-means cluster determined into three groups was carried out using the 
same UTAUT scales as input variables. These resulted in three technol
ogy acceptance groups, high (above average scores), moderate (average 
scores), and low (below-average scores). A previous study by AUTHOR 
and colleagues (2019) also found three technology acceptance clusters 
in university teaching staff in a smaller sample within one institute. 
Cluster means of the entire sample can also be found in Table 2.

The second analysis level involved the association rules analysis of 
the PD preferences of each technology acceptance cluster. In order to 
facilitate analysis, the 7-point Likert scale responses were recoded at 

Fig. 3. Research design.
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item-level into binary variables, with 4-1 (neutral - strongly disagree) as 
0 and 5–7 (agree-strongly agree) as 1. The Apriori algorithm was used to 
analyse the associations among all 18 PD items (See Appendix A.2.). The 
analysis identifies item sets with the database which are understood as 
“rules” and consist of at least two items. Within a rule, one item will 
appear as the antecedent (A) and the other item as the consequent (C). 
This means that if item A with a specific value appears (in this case either 
1 or 0), then highly probably item C with a specific value would also 
appear. These rules are expressed as: IF A, THEN C or represented 
graphically as A → C. The analysis was run with a lift cut-off of 2. Lift is 

an indication of the association strength between the items, thus the 
higher the lift, the more likely the association between the items. Setting 
a lift cut-off point results in showing the top number of rules above this 
value. Rules can be represented graphically using graph theory, which 
can be generated to visualize rule patterns (appendix C, Figs. 1–3).

4. Resultsfig1

A summary of the rules, averaged support, confidence, and lift from 
the three clusters can be seen in Table 3. The node distributions are 
summarised for each technology acceptance profile separately in the 
following sections. The high technology acceptance profile produced the 
highest number of rules with a collaborative professional inquiry item 
scoring highest in percentage distribution (how often an item occurs as 
part of a rule), while the moderate profile had the fewest rules and with a 
training model item scoring highest in percentage distribution, which 
was the same for the low profile as well.

Graphical patterns and heuristic interpretation of the rules.
An output graph was generated for each cluster, and these were 

analysed and simplified for the facilitation of discussion. All original 
graphs can be found in appendix C. The relationships between nodes are 
indicated by arrows. The antecedent is indicated by the arrow direction 
in such that A → C. If nodes are found in reciprocal relation to one 
another, this is indicated via bi-directional arrows ↔ between the nodes.

4.1. High technology acceptance profile rules

Participants with high technology acceptance appeared to have two 
distinct preference clusters, ten items in the preferred (“Agree”) cluster 
and three items in the not preferred (“Disagree”) cluster. Two items from 
each of the following models were contained in the Agree cluster: 
training model, deficit model, standards-based model, coaching- 
mentoring model and collaborative inquiry. The Disagree cluster con
tained two items from the awards-based model and one from the deficit 
model. The average confidence, support and lift values of each cluster 
are summarised in Table 4 below, and graphically represented below in 
Fig. 4. Each cluster is discussed in more detail below.

The high technology acceptance profile is characterized by an in
terest in BL (DM1 and DM3), and a desire for freedom and autonomy to 
professionalise themselves (DM1, CPIM2 and CPIM3), while at the same 
time they would like to combine this with coaching and guidance 
(CMM2 and CMM3). Clear guidelines and leadership from the institute 
with regards to BL implementation at the university seems to play an 
important role as well (SBM2 and SBM3). Furthermore, they do not see 
any value in award-bearing approaches, and are not motivated to pro
fessionalise themselves by an apparent lack of skills. These patterns are 
indicative of a group of participants that are interested in BL, motivated 
to professionalise themselves, while possibly actively taking part in the 
implementation process as well via transformative professional devel
opment approaches.

Table 1 
Demographic information of the participants.

University (total N = 249) N University College (total N =
100)

N

Faculty 
Social sciences & solvay business 
school 
Medicine and pharmacy 
Engineering 
Languages and Humanities 
Pysical education and 
physiotherapy 
Psychology and education 
Law and Criminology 
Sciences and Bioengineering 
Missing

40 
40 
35 
33 
13 
32 
14 
38 
4

Faculty 
School of arts 
Royal Conservatory 
Management, Media & Society 
Health & Landscape 
architecture 
Education 
Design & Technology 
Vocational Programmes

12 
10 
29 
20 
9 
8 
11

Academic position 
Practical assistant 
Assistant professor 
Associate professor 
Full professor 
Full full professor 
Doctoral student 
Post -doc 
Pedagogical assistant 
Other 
Missing

28 
60 
40 
14 
12 
49 
19 
7 
15 
5

Academic position 
Lecturer 
Other

90 
8

Followed pedagogical training 
Yes 
Including training for blended 
learning 
No training 
Not applicable 
Total 
Missing

38 
21 
55 
46 
139 
110

Followed online platform 
training 
Yes 
No 
Not relevant 
Total 
Missing

69 
4 
2 
75 
25

Table 2 
Technology Acceptance Scale descriptive statistics, reliability and cluster means.

Clusters 
Clusters

1 
1

2 
2

3 
3

Total 
means 
(SD) 
Total 
means 
(SD)

Crohnbach’s 
alpha 
Crohnbach’s 
alpha

N 108 128 45 281 ​
Performance 

expectancy scale
5.52 4.13 3.00 4.48 

(1.22)
.837

Effort expectancy 
scale

5.77 4.92 2.81 4.91 
(1.25)

.930

Social influence 
scale

5.88 4.80 4.41 5.15 
(1.04)

.794

Facilitating 
conditions scale

5.39 4.17 3.52 4.53 (.98) .773

Attitude scale 5.79 4.35 3.15 4.72 
(1.28)

.913

Anxiety scale 1.86 2.49 2.93 2.32 (.97) .788
Behavioural 

intention to 
innovate scale

4.88 3.90 3.15 4.16 
(1.44)

.886

Table 3 
Summary of rules extracted from the data sets of the three clusters.

High Moderate Low

Dataset size 91 90 36
Total number of rules 64 37 55
Averaged support degree .32 .32 .32
Averaged confidence 

degree
.86 .86 .87

Averaged lift 2.09 2.10 2.17
Top scoring item CPIM3-1 (92 

%)
TM1-1 (89 %) TM1-1 (45 %)

Lowest scoring item DM3-1 (25 %) CMM2-1 (24 
%)

CMM2-1 (9 
%)

A. Garone et al.                                                                                                                                                                                                                                 Computers in Human Behavior Reports 18 (2025) 100680 

5 



4.2. Moderate technology acceptance profile rules

Participants with moderate technology acceptance appeared to have 
two distinct preference clusters, eight items in the preferred (“Agree”) 
cluster and three items in the not preferred (“Disagree”) cluster. Items 
from the following models were contained in the agree cluster: training 
model, deficit model, standards-based model, and the coaching- 
mentoring model. The disagree cluster contained one item from the 
awards-based model and two from the collaborative professional inquiry 
model. The average confidence, support and lift values of each cluster 
are summarised in Table 5 below, and graphically represented below in 

Fig. 5. Each cluster is discussed in more detail below.
The presence of, and strong connection between the training/deficit 

model items connected to coaching-mentoring and a standards-based 
item shows a strong preference for a structured and guided approach 
to professionalisation. This preference is further confirmed by the 
collaborative professional inquiry items being placed in the disagree 
cluster which further indicates a desire for less autonomy in favour of 
institutional guidance and leadership. They have little interest in 
transformative or award bearing approaches, instead the coaching and 
mentoring approaches play a central role in their preferences. The early 
majority, unlike the early adopters, do not prefer to be involved in 

Table 4 
High technology acceptance confidence, support, and lift.

Confidence Support Lift

min mean max min mean max min mean max

Agree (62 rules) 0,72 0,86 1 0,30 0,32 0,37 2,00 2,09 2,23
Disagree (2 rules) 0,77 0,79 0,81 – 0,30 – – 2,04 –

Fig. 4. Graphical representation of the rules for the high technology acceptance cluster.

Table 5 
Moderate technology acceptance confidence, support, and lift.

Confidence Support Lift

min mean max min mean max min mean max

Agree (35 rules) 0,70 0,86 1 0,30 0,32 0,36 2 2,10 2,35
Disagree (2 rules) 0,76 0,83 0,89 – 0,32 – – 2,13 –
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actively being part of the implementation process, instead they would 
like to be guided through the process and have the university take the 
lead for them.

4.3. Low technology acceptance profile

Participants with moderate technology acceptance appeared to have 
two distinct preference clusters, Ten items in the preferred (“Agree”) 
cluster and fourteen items in the not preferred (“Disagree”) cluster. 
Several items occurring with the agree cluster also occur within the 
disagree cluster, unlike in the high and moderate profiles in which 
different items appear within the agree and disagree clusters. Items from 
each of the following models were contained in the agree cluster: 
training model, deficit model, standards-based model, awards-based 
model, coaching-mentoring model and collaborative inquiry. The 
same model items were also contained in the disagree cluster. The 
average confidence, support and lift values of each cluster are sum
marised in Table 6 below, and graphically represented below in Fig. 6. 
Each cluster is discussed in more detail below.

4.4. Low technology acceptance profile: agree cluster patterns

Items that this group disagreed with were many instead. Almost all 
attributes included in the agree cluster are also in the disagree cluster, at 

the centre being the awards-based and community of practice ap
proaches. Antecedent to the community of practice items are “follow a 
course because would like to know more” and “view instructional tu
torials”, indicating that simply following courses and accessing mate
rials on BL will not motivate this group to start collaboratively working 
in a community of practice, no matter if accompanied by coaching or 
awards-based approaches. The reciprocal relationship between the 
“competences” items and the “follow a course” item in the disagree 
cluster shows that, in contrast to where these items are in relation with 
sessions given by experts, if the university were to merely approach 
professionalisation with a set of competences needed, this will likely not 
be enough to motivate the professors to seek out more information about 
BL.

It is important to note that with this group, the relationship se
quences between the preferred items seems to be important, as the same 
items shown in relationship with different items or in a different 
sequence then become “disagree”. The low technology acceptance group 
prefers, as with the moderates, also elements of a centrally guided 
initiative, however this is contingent on BL being perceived as relevant. 
Courses and sessions along with carefully planned personal guidance 
and coaching to complement these approaches can be offered to this 
group, along with clear guidelines and expectations from the institution.

Fig. 5. Moderate technology acceptance preferences.

Table 6 
Low technology acceptance confidence, support, and lift.

Confidence Support Lift

min mean max min mean max min mean max

Agree (33 rules) 0,74 0,88 1 0,30 0,33 0,37 2,02 2,17 2,71
Disagree (22 rules) 0,74 0,86 1 0,30 0,31 0,33 2,04 2,16 2,52
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5. Discussion

The aim of this study was to understand how different groups of 
university teaching staff with various levels of technology acceptance 
want to be professionalized for BL. The results presented in this study 
show the professional development preferences for three groups: High, 
moderate and low technology acceptance. 18 preference items of pro
fessional development for BL were analysed per group. The rules anal
ysis results for each group present with a unique number of rules, 
combinations and patterns of preferences.

Participants from the high technology acceptance profile indicated 
disagreement with award-bearing models, and at the same time an in
terest in BL. This is indicative of a group that is highly motivated to 
professionalise themselves without the need for external incentives. This 
group can be compared with the “high online-teaching readiness” group 
described by Scherer et al. (2021), meaning that this is a group of 
teachers that are likely already implementing BL in their teaching, and 
therefore recognize a value in further professional development 
initiatives.

The combination of these PD approaches, particularly the coaching 
mentoring models with the transmissive-transformative combination is 
in line with the findings from Zeggelaar (2020). They found that pro
fessional development initiatives are most effective when formative 
feedback moments, refresher courses are organised as a “reminder” for 
the participants to continue practicing the initiative (Zeggelaar et al., 
2020). These results also align with the recent findings from Sherer and 
colleagues (2022) who found that teaching experience, and particularly 
online teaching experience, has a curvilinear relationship with online 
teaching readiness. This means that more experienced teachers are not 
necessarily more ready to teach online as a result of their experience. 
The authors therefore caution PD policy and decision makers not to 
dismiss the support needs of experienced teaching staff. Furthermore, 
the presence of the standards-based items within this profile’s prefer
ences confirms the importance of institutional leadership and vision in 

fostering transformation of teaching practices (Bohle Carbonell et al., 
2013; Garrison et al., 2013).

The moderate technology acceptance group on the other hand seems 
to have a preference configuration that is between the high and the low. 
What is noticeable for this group, however, is the dislike of trans
formative approaches (collaborative inquiry) along with making what 
they learnt visible (awards-based). Unlike the other two groups, the 
moderates have a clear dislike for transformative, longitudinal ap
proaches. Instead, the coaching mentoring approach is important for 
this group, which is an indication that they need more intensive guid
ance and follow up than the high technology acceptance group. This 
group can be compared to the “inconsistent online teaching readiness” 
group described by Scherer et al. (2021), in that likely these teachers feel 
the need for intensive institutional support because of their lacking 
readiness and uncertainty regarding BL. What is important to remember 
from the Kennedy (2014) framework is that the approaches that are 
found within the "malleable" section can be implemented in both a 
transmissive way or transformative way, depending on the context. 
Malleable approaches such as award-bearing models can be in the form 
of longitudinal courses that offer certification and further career paths, 
or a coaching/mentoring approach can help to transform practice if 
organised systematically with a clear vision (Desimone & Pak, 2017; 
Kennedy, 2014). The fact that coaching and mentoring are a part of the 
moderates’ preferences should be a signal to PD designers that this is an 
approach that can and should be optimised in such a way that trans
formative change can still be reached (see Desimone & Pak, 2017), 
possibly by strengthening the existing support networks and teams (Gast 
et al., 2017), already situated in the context of these individuals.

These results show that guidance, coaching and central decision- 
making regarding BL from extrinsic factors are important when 
considering designing approaches for professionalisation towards BL for 
professors with moderate technology acceptance. From these results we 
also know that this group dislikes award bearing approaches (“making 
what I learnt visible”) and collaborative inquiry (“willing to work in a 

Fig. 6. Low technology acceptance preferences.
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team to systematically evaluate”, and “practical/action research”), 
which may be an indication that the moderates might prefer sponta
neous or informal professional development scenarios as well, since 
certification and recognition is not important for them (Kyndt et al., 
2016). This is especially relevant in the post-pandemic higher education 
landscape, where PD supporters should consider embedding and 
fostering informal learning opportunities in online workspaces (Yu 
et al., 2021).

Noticeably, the low technology acceptance group, and what sets this 
group apart from the other two groups, is that the same items that are 
present in the agree cluster, were also present in the disagree cluster of 
rules. This group, therefore, prefers a certain order, or for certain con
ditions to be met, in order to consider the different approaches, and may 
be indicative of a certain pathway or sequence in which the approaches 
need to appear. The presence of the award-bearing item “want to receive 
formal recognition” (ABM2), indicates a need for an extrinsic incentive. 
Taking into account the role that social influence can play in this groups 
acceptance (AUTHORS), pressure from above can help with answering 
the “why are we doing this” question with clearly communicated de
cisions (Howard, 2013) and expectations from institutional decision 
makers (Garrison et al., 2013; Hulme & Winstone, 2017).

This group also scored highest in anxiety, which explains why many 
of the same items that appear in the agree cluster, also appear in the 
disagree cluster, which is indicative of a need for a closer inspection 
through qualitative analysis of this group to understand if there are sub- 
groups within this group. Furthermore, these rules are indicative of the 
need for a “risk communication strategy” (e.g. Howard, 2013), or for 
promoting “psychological literacy” (eg. Hulme & Winstone, 2017), 
where continuous dialogue with these participants may be needed in 
order to consolidate and find the suitable matching professionalisation 
pathway that is relevant and meaningful for their personal and profes
sional needs.

6. Implications for practice

What is clear is that the preferences for each group show a variety of 
approaches that can be adapted and aligned to the needs of the three 
groups. While the same items appear in all three groups, it is important 
to note that the items appear in different associations with one another. 
These results paint a possible scenario for professional development. 
Transmissive approaches such as workshops and seminars are a good 
start for promoting awareness by introducing the practical skills and 
knowledge needed, particularly regarding the technological tools 
needed for implementing BL (Kennedy, 2014, p. 694). Such workshops 
and seminars, however, should coincide with institutional leadership 
taking up the responsibility for establishing a vision and communicating 
the expected standards with regards to BL practice in the institutions 
(Garrison, 2013).

Further, sufficient resources need to be dedicated to setting up 
coaching and mentoring initiatives, which can either be formally or 
informally organised (Gast et al., 2017; Kyndt et al., 2016). The avail
ability of these services need to be clearly communicated, particularly 
the low technology acceptance group needs to be targeted with carefully 
planned communication regarding the relevance and availability of 
support (Howard, 2013; Zeggelaar et al., 2020). Lastly, the trans
formative approaches, such as collaborative professional inquiry, are an 
important component for the high group, and possibly even for the low 
group. Transformation in teaching practices requires time and effort 
investment, and is usually a long term project or continuous process 
(Bohle Carbonell et al., 2013; Boylan et al., 2018; Vaughan, 2010). From 
the literature it can be inferred that this is an approach that can have an 
impact on addressing teacher beliefs (Teixeira Antunes et al., 2021) 
which has a profound effect on changing teaching practices (Deluca 
et al., 2015). Depending on the institutional context, such an initiative 
can be fostered from the bottom-up (Bohle Carbonell et al., 2013), or via 

formally organised groups steered by expert guidance (Garrison et al., 
2013; Evans, 2014).

7. Limitations and future research

The professional development preference survey was developed 
based on the framework by Kennedy (2014). The items in this study 
were worded to reflect likely scenarios from various models and ap
proaches as described by Kennedy (2005). However, some items need to 
be re-examined in future iterations of this survey, particularly those 
from the “deficit model”. A further limitation to consider is response bias 
of the respondents that filled out the second half of the survey containing 
questions on how they wish to be trained. This might also explain why 
the low technology acceptance profile was also the smallest group of the 
three profiles.

Moreover, the results cannot simply be generalized to other educa
tional contexts. Some themes were specifically connected to the context 
of universities. Also in other parts of the world, technology and pro
fessional development might be different in different parts of the world. 
Apart from the evaluation of professional development for BL outside 
the Flemish context, a crucial limitation of the present study concerns 
the quantitative nature of our study. Qualitative interviews or focus 
group sessions involving members from the three profiles can provide 
insights into why these groups have these preferences and how to best 
connect these with practical planning and professional development. 
Finally, this study is restricted to the perceptions of the respondents. 
Therefore, intervention studies are needed, also to grasp the dynamic 
nature of preparing teachers for BL. It would be interesting to verify 
whether and how university teachers profiles change according their 
needs and preferences.

8. Conclusion

This study aimed to understand how different groups of university 
teaching staff prefer to be professionalized. High technology acceptance 
was associated with a preference for innovative approaches which offer 
a high degree of autonomy. Moderate technology acceptance was 
associated with strong centrally organized institutional guidance and 
support. Low technology acceptance showed a complex pattern of as
sociations indicative of a need for institutional guidance and support as 
well as clear incentives to professionalise. This analysis showed that 
technology acceptance can have an effect on preferences regarding 
professional development for BL. These findings can assist professional 
development organisers to understand how to approach their teaching 
staff with training and support offers that are better aligned with their 
needs and preferences.
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Appendix A. Survey items and codes

Table A.1 
UTAUT Survey Items

Codes Item

Faculty What is your (main) faculty affiliation?
Position What is your academic position?
Performance Expectancy
PE1 I would find Canvas useful within my teaching assignments.
PE2 The use of Canvas enables me to accomplish tasks quicker and more efficiently.
PE3 Using Canvas enhances my effectiveness as a teacher.
PE4 Through using Canvas, I increase my better chance for receiving good student feedback.
Effort Expectancy
EE1 I find the interface of Canvas clear and understandable.
EE2 It is easy for me to become skillful at using Canvas.
EE3 I find Canvas easy to use.
EE4 Learning to work with Canvas is easy.
Social Influence
SI1 My colleagues think that I should use Canvas more innovatively.
SI2 Colleagues, who are important to me, think that I should use Canvas.
SI3 The educational council of my programme supports the use of Canvas.
SI4 In general, the university supports the use of Canvas.
SI5 In general, the faculty supports the use of Canvas.
SI6 The chairman of my educational council thinks that I should use Canvas.
Facilitating conditions
FC1 I have the resources necessary to use Canvas.
FC2 Canvas is compatible with the way I teach.
FC3 A specific person is available for assistance with difficulties when using Canvas.
FC4 I have the knowledge necessary to use Canvas.
FC5 I feel that I can make informed decisions about which tools/resources to use within Canvas.
FC6 I feel that I can fully take advantage of Canvas thanks to the resources within Canvas.
FC7 I have looked for tools outside of Canvas so that I can further innovate with my teaching through technology.
Attitude
ATT1 The use of Canvas at our university is a good idea.
ATT2 Canvas makes teaching more interesting.
ATT3 Working with Canvas is fun.
ATT4 I enjoy using Canvas.
ATT5 Canvas makes learning more interesting for the students.
Anxiety
ANX1 I feel apprehensive about using Canvas.
ANX2 It scares me to think that I could unintentionally lose information if I use Canvas.
ANX3 I fear that the information that I post online on Canvas could be misused.
ANX4 I fear that the information that I post online on Canvas can be misinterpreted.
ANX5 I hesitate to use Canvas for fear of making mistakes I cannot correct.
ANX6 The use of Canvas intimidates me.
Intensity of Use
IU To what extent do you use Canvas? (Least = 1 – Most = 7)
Frequency
FREQ How often do you use Canvas?
Voluntariness of Use
VOL I experience the use of Canvas (Voluntary = 1 – Compulsory = 7)
Behavioural intention to innovate
BII1 I intend to approach my following course more innovatively.
BII2 Because of the possibilities that Canvas offers, I plan to approach my next course more innovatively.
BII3 I predict that I would approach my next course more innovatively, because of the possibilities offered by Canvas.

Table A.2 
Scales based on Models of professional development (Kennedy, 2014)

Purpose of 
Model

Model Code Translation (not validated)

Transmissive Training model TM1 I would like to attend sessions on blended learning given by experts.
TM2 I would like to independently develop my teaching competences by accessing information about blended learning 

(eg. Online, reading a book, etc).
TM3 I would like to view instructional videos/tutorials on blended learning.

Deficit model DM1 If I want to know more about blended learning, it is my responsibility to professionalise myself.
DM2 I will look for trainings myself, since my teaching skills on blended learning are lacking.
DM3 I would like to follow a course on blended learning, because I would like to know more about it.

(continued on next page)
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Table A.2 (continued )

Purpose of 
Model 

Model Code Translation (not validated)

Malleable Award bearing model ABM1 I choose to attend formally organised courses/training on blended learning that offer certification.
ABM2 If I learn about blended learning, I would like to get formally recognized for this.
ABM3 I would like what I learnt about blended learning to be visible (eg via LinkedIn, my CV, etc)

Standards based model SBM1 I would like the University to clearly indicate how I should approach blended learning.
SBM2 I think that there should be clear guidelines that are decided at central (University) level concerning blended 

learning.
SBM3 I would like to know which competences are needed to make my courses blended at the University.

Coaching-mentoring model CMM1 I prefer one-to-one coaching on blended learning.
CMM2 I would like to be coached by an expert on blended learning.
CMM3 I would like to receive personal guidance on how to make my courses blended.

Transformative Collaborative professional 
inquiry

CPIM2 I am willing to work in a team to systematically evaluate and develop blended learning at the University.
CPIM3 I would like to work together with colleagues to solve problems around blended learning at the University.
CPIM1 I would like to engage in practical/action research in blended learning at the University.

Appendix B. Dendrogram for combined sample hierarchical cluster analysis
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Appendix C. Original Association Rules and Graphs

Table C.1 
Item node distribution per cluster

Cluster 1 Cluster 2 Cluster 3

Item A C Total Item A C Total Item A C Total

CMM2-1 .22 .17 .39 CMM1-1 .03 .0 .03 CMM2-1 .13 .09 .22
SBM2-1 .06 .0 .06 DM3-1 .46 .41 .86 CMM3-1 .05 .04 .09
TM1-1 .38 .25 .63 TM1-1 .46 .43 .89 SBM1-1 .02 .02 .04
CMM3-1 .03 .02 .05 SBM3-1 .24 .19 .43 SBM2-1 .07 .04 .11
CPIM3-1 .33 .59 .92 CPIM3-0 .03 .03 .05 DM3-1 .2 .12 .35
CPIM2-1 .5 .28 .78 CPIM1-0 .03 .03 .05 SBM3-1 .07 .07 .15
DM3-1 .38 .27 .64 ABM3-0 .03 .03 .05 ABM2-1 .02 .0 .02
ABM2-0 .02 .02 .03 CMM3-1 .3 .22 .51 CPIM2-1 .02 .02 .04
DM2 -0 .02 .02 .03 DM1-1 .03 .0 .03 TM3-1 .09 .05 .15
ABM1-0 .02 .02 .03 TM3-1 .05 .03 .08 SBM3-0 .02 .02 .04
TM3-1 .14 .06 .2 CMM2-1 .24 .24 .49 DM3-0 .04 .02 .05
DM1-1 .13 .08 .2 ​ ​ ​ ​ TM1-1 .18 .27 .45
SBM3-1 .08 .05 .13 ​ ​ ​ ​ CMM3-0 .07 .05 .13
​ ​ ​ ​ ​ ​ ​ ​ CMM2-0 .02 .02 .04
​ ​ ​ ​ ​ ​ ​ ​ CMM1-0 .07 .05 .13
​ ​ ​ ​ ​ ​ ​ ​ CPIM1-0 .09 .15 .24
​ ​ ​ ​ ​ ​ ​ ​ ABM1-0 .05 .04 .09
​ ​ ​ ​ ​ ​ ​ ​ ABM3-0 .09 .13 .22
​ ​ ​ ​ ​ ​ ​ ​ TM3-0 .02 .0 .02
​ ​ ​ ​ ​ ​ ​ ​ CPIM3-0 .07 .07 .15
​ ​ ​ ​ ​ ​ ​ ​ CPIM2-0 .07 .04 .11
​ ​ ​ ​ ​ ​ ​ ​ DM2-0 .04 .04 .07
​ ​ ​ ​ ​ ​ ​ ​ ABM2-0 .02 .04 .05

A = Antecedent, C = Consequency
1 = Agree, 0 = Disagree.

Fig. C.1. Original directed graph output from the association rules analysis for the high technology acceptance group
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Fig. C.2. Original directed graph output from the association rules analysis for the moderate technology acceptance group

Fig. C.3. Original directed graph output from the association rules analysis for the low technology acceptance group

Data availability

Data will be made available on request.
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