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Abstract  Rapid technological advances, coupled with globalization, have resulted 
in a changing economy, requiring graduates and students to master not only techni-
cal and subject knowledge but also broad, transferable skills for workplace readi-
ness. However, assessing these essential soft skills and competencies beyond the 
cognitive domain has often relied on questionnaires, surveys and other self-rated 
scales, which are subjective, often obtrusive in nature, subject to response biases, 
and lack scalability. In contrast, the pervasive use of educational technology has 
provided researchers with the opportunity to unobtrusively collect enormous 
amounts of factual learners’ data which has the potential to overcome some of the 
challenges with questionnaire-based approaches. These unobtrusive measures 
increase the possibilities of passively evaluating skill acquisition and supporting 
learners by personalizing learning according to their needs. This chapter outlines a 
multi-tiered case study and proposes a novel blended methodology, marrying mea-
surement models and learning analytics techniques to mitigate some of these chal-
lenges and unobtrusively measure leadership skills in a workplace learning context. 
Using learners’ reflection assessments, several leadership-defining course objec-
tives were quantified, and their progress was assessed over time. The implications 
of this evidence-based assessment approach, informed by theory, to measure and 
model soft skills acquisition are further discussed.
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1 � Introduction

The changing nature of the modern workplace coupled with technological advances 
has led to short shelf life for educational practices focused on rote learning within 
traditional settings, shifting the focus on learners applying their skills and knowl-
edge (Pellegrino, 2017) and on assessment of competencies (Milligan, 2020). 
Unlike classroom activities that are often constrained to independent learning within 
disciplinary boundaries, real-world challenges in the modern workplace typically 
demand collaborative and individual learning approaches to transfer theoretical 
understandings to practical applications (Ginda et  al., 2019). Business leaders, 
employers, educational stakeholders, and researchers recognize that school success 
is not the only influential factor determining the economy’s success (Kyllonen, 
2012) and have called for policies that would support and promote the development 
of more broad, transferable skills. Organizations deem these broad skills essential 
for workplace success to solve real-world challenges. Researchers and practitioners 
lack consensus on the terminology describing these skills (Joksimovic et al., 2020), 
but they are commonly referred to as 21st century competencies or soft skills 
(Vockley, 2007). Often differing from context to context, soft skills are well accepted 
as inherently social and developed through collaboration and networking (Jenkins 
et al., 2006). Specifically, skills such as communication (oral and written), critical 
thinking, leadership, problem-solving, and teamwork are some of the most desir-
able competencies for future graduates (Casner-Lotto & Barrington, 2006; Lai & 
Viering, 2012).1

Despite much work being undertaken on promoting soft-transferable skills, they 
are inherently complex and assessing them is less straightforward (Joksimovic 
et al., 2020). Martin et al. (2016) note that “even with increasing attention to the 
importance of 21st century skills, there is still relatively little known about how to 
measure these sorts of competencies effectively” (ibid., p. 37). The evaluation of the 
development and acquisition of soft skills is primarily done using introspective 
approaches such as self-reported questionnaires and inventories (Amagoh, 2009; 
Ebrahimi & Azmi, 2015), often considered obtrusive. Lai and Viering (2012), and 
Sondergeld and Johnson (2019), among others, note that the cost-effectiveness, ease 
of implementation and the ability to provide scores on multiple abilities simultane-
ously make such approaches popular. However, there are several important chal-
lenges associated with these commonly adopted introspective measures, including 
response biases (Bergner, 2017; Gray & Bergner, 2022), scalability and coverage 
(Pongpaichet et al., 2022), to name a few. Such challenges make the adoption of 
such introspective approaches much more challenging, prompting the need to look 
for alternative approaches.

In contrast, adopting online learning platforms along with educational technolo-
gies such as a learning management system provides unobtrusive ways of collecting 

1 For convenience and to minimize the multiplicity of terms used to describe the same skills and 
competencies, we refer to them as soft skills throughout this chapter.
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educational data. Relatively recently, educational organizations have started invest-
ing in longitudinal learning data, collected at various levels of granularity, to pro-
vide insights into teaching quality and understanding the learning process 
(Joksimovic et al., 2019). The emergence of educational research domains such as 
learning analytics (LA) has demonstrated the potential to support the assessment of 
learners’ skill acquisition through unobtrusive approaches by utilizing fine-grained 
data collected from educational technologies. Collective sets of LA research in the 
domain of soft skills measurement have been published in the Journal of Learning 
Analytics across two editions in 2016 (Shum & Crick, 2016) and 2020 (Joksimovic 
et al., 2020).

In this chapter, we discuss the use of unobtrusive measures to assess soft skills 
and illustrate a case study on assessing leadership skills. While other skills, such as 
creativity, critical thinking, and complex problem-solving, received significant 
attention, there has been little work on assessing leadership skills. In the next sec-
tion of the chapter, we discuss the various modalities aimed at developing soft skills, 
some of the challenges associated with the current assessment approaches and, sub-
sequently, the need for more advanced methodologies. To address these challenges, 
we outline a case study that measured leadership skills across a MOOC study pro-
gram in three components. In the first component, we rely on an automated machine 
learning classifier to extract unobtrusive measures from reflective artefacts. We then 
explore the use of learning analytics techniques and measurement models to evalu-
ate the mastery and acquisition of leadership in a single MOOC. In the final compo-
nent of the case study, we explore the systematic longitudinal progression of learners 
developing their skills. We aim to identify some relationships between the learning 
objectives across multiple courses and how fulfilling the prerequisites in one course 
helps learners progress in subsequent courses.

2 � Background

2.1 � Developing Soft Skills

While most jobs nowadays demand a broad set of skills to adequately deal with real-
world challenges and prepare for an unknown future (Rios et al., 2020), the develop-
ment of such skills and competencies has been an increasing concern among 
employers and educators (Shum & Crick, 2016; Haste, 2001). For instance, the 
Partnership for 21st Century Skills (P21) highlighted higher education’s ineffi-
ciency in adequately developing these transferable skills (Casner-Lotto & 
Barrington, 2006), resulting in significant issues with graduate employability. 
Employers and private organizations encouraged universities and educational insti-
tutions to incorporate such skills into their curricula and put greater emphasis on 
developing complex skills. Additionally, the curricula must be constantly re-
evaluated and revised depending on the labour market requirement.

4  Challenges in Assessments of Soft Skills: Towards Unobtrusive Approaches…



56

Besides developing soft skills within the traditional classroom settings, work-
place learning programs are used to develop soft skills to meet the rapid changes in 
the modern workforce. Organizations worldwide, for example, are developing pro-
fessional training courses to deliver the skills and competencies required to tackle 
the ever-changing work demands (Amagoh, 2009; Burke & Collins, 2005). The 
need for rapidly changing skill sets and new technological affordances have pro-
vided the scope for shifting the focus from classroom learning toward leveraging 
online settings for developing the necessary workforce skills and professional 
development within their employees. While some organizations encourage employ-
ees to acquire job-relevant skills through off-the-shelf courses, others co-create cer-
tification courses along with educational providers to reduce the gap between the 
skills graduates and employees need to be successful in the modern workforce 
(Ginda et al., 2019). Moreover, unlike traditional courses in higher education, work-
place training usually prioritizes learning processes that focus on transferring con-
tent knowledge to practical workplace applications.

Online learning has been increasingly seen as a prominent approach to delivering 
these workforce programs dedicated to upskilling their employees. These trends 
have also been accelerated by the recent COVID-19 pandemic, which put online 
learning at the centre of the educational policy of many governments around the 
world. One modality of online learning that witnessed growing interest in the 
domain of professional development is Massive Open Online Courses (MOOCs). 
Besides providing opportunities for gaining conceptual hold over subject-related 
knowledge, MOOCs, through their varying pedagogy and self-regulated learning, 
provide learners with opportunities for developing soft-transferable skills for life-
long learning (Chauhan, 2014). The underlying impact of MOOCs in nurturing 
these highly valued skills in the labour market allows learners to cultivate knowl-
edge and skills beyond a specific domain. Therefore, their use holds great value 
from not only developing these skills among learners, but also providing unobtru-
sive means to collect data.

2.2 � Leadership Skills

Numerous skills fall under the umbrella of soft skills. Although all these skills are 
indicative of being effective in dealing with challenges within professional life, 
Rios et al. (2020) argue that employers do not deem all of them equally essential for 
their organization. Skills such as written communication, deemed critical for any 
workplace setting, are missing in 47% of 2-year and 28% of 4-year graduates 
(Casner-Lotto & Barrington, 2006). In contrast, some 21st century competencies, 
such as social responsibility, are rarely mentioned in job advertisements (Rios et al., 
2020). Therefore, the distinction between the development of novel skills and those 
adjudged necessary ought to lead educators and policymakers to make educational 
reforms to decrease learning disparities and improve workforce readiness.

A. Barthakur et al.
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One such essential soft skill that is widely accepted in creating organisational 
impact and increasingly seen as employment quality is leadership capability (Rohs 
& Langone, 1997). Leadership skills are considered essential by almost 82% of 
organizations (Casner-Lotto & Barrington, 2006). Leadership skills contribute to a 
positive work environment and job satisfaction among employees (Amagoh, 2009). 
As such, to support the development of leadership skills, various instructional pro-
grams are offered in both academic and informal workplace learning settings. Along 
with providing opportunities to enhance problem-solving capabilities, communica-
tion and collaboration, these programs facilitate learning through open-ended and 
unstructured learning tasks (Joksimovic et al., 2020). Another key aspect of these 
workplace programs is the emphasis on reflection-promoting activities, encourag-
ing participants to reflect on their learnings and professional experiences (Amagoh, 
2009; Burke & Collins, 2005). Such reflective practices show potential in continu-
ously developing skills through purposeful consideration of key concepts and trans-
ferring knowledge to real work-life scenarios (Helyer, 2015). Therefore, reflection 
activities are common educational practices that are used as means to measure the 
growth and acquisition of skills.

2.3 � Challenges of Assessing Soft Skills

The widely adopted P21 framework of 21st century skills have emphasized the need 
for assessing the learning and acquisition of soft skills to provide formative inter-
vention to steer and support students’ performance (Casner-Lotto & Barrington, 
2006). Although the various frameworks developed to understand soft skills provide 
preliminary empirical evidence of their meaning and value (Pellegrino, 2017), 
unlike measuring “content” or discipline-specific knowledge in classroom settings, 
assessing soft skills is far more complex and has been of increasing concern for a 
couple of reasons: there is a lack of coherent understanding of the nature and devel-
opment of soft skills (Care et  al., 2018) and thus, it is hard to quantify them 
(Joksimovic et  al., 2020). Henceforth, researchers have raised several concerns 
regarding their measurement. Some of the major concerns associated with the 
assessments of soft skills are as follows:

•	 Biases – Recruiting learners to participate in self-reported scales includes differ-
ent response biases (Bergner, 2017; Gray & Bergner, 2022). Some of the com-
monly observed biases are response shift bias (shift in the frame of reference of 
the measured construct; Barthakur et al., 2022a, b, c; Rohs & Langone, 1997), 
social desirability bias (rejecting undesirable characteristics and faking socially 
desirable traits; Nederhof, 1985), biases that result from participants resorting to 
extreme ends of Likert scale (Bachman & O’Malley, 1984), among others. As 
such, although it is assumed that participants are honest while answering these 
surveys and questionnaires, they are replete with biases that cannot be ignored.

4  Challenges in Assessments of Soft Skills: Towards Unobtrusive Approaches…
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•	 Scalability – The time-consuming, costly, and labour-intensive aspect of incor-
porating self-reported scales as means of assessing soft skills limits the frequency 
and coverage of these approaches. Self-reported measures lack scalability and 
cannot be deployed to measure skill development among a wider audience. 
Similarly, the administration of survey-type questionnaires does not guarantee 
total participation (Pongpaichet et al., 2022). Furthermore, monitoring the pro-
gression of these complex skills over time is vital and critical for enhancing 
learning outcomes (Dawson & Siemens, 2014). However, administering the 
same questionnaire repeatedly to measure growth can result in burnout 
(Sutherland et al., 2013).

•	 Pre/post-test – While adopting a pre- and post-test approach to measure skills 
development has been a prominent approach, such techniques do not account for 
the learning taking place during the study period. Pre-post assessment models 
developed for measuring leadership skills are usually deployed before and after 
learning content delivery (Amagoh, 2009) and provide snapshots of learning 
overtime. As such, they cannot capture the learning progression of the learners 
through the different stages of skills development and how their learning is asso-
ciated with the development.

•	 Active assessment – Learners are required to participate in assessment question-
naires and surveys during the study period; thus, interfering obtrusively with 
their learning processes. As such, there is a need to adopt unobtrusive methods to 
quietly assess soft skills and allow instructors to monitor learners’ development 
and growth without interrupting the study flow (Pongpaichet et al., 2022).

•	 Analytical techniques – Traditional measurement models used in the field of psy-
chometrics and learning assessments do not utilize the educational data gener-
ated by online learning platforms to the full extent. Measurement models used by 
psychometricians usually rely on fixed-item responses by participants to mea-
sure learners’ knowledge about subject content without necessarily considering 
the learning strategies adopted by participants while solving tasks. Traditional 
assessment techniques developed for the analysis of test responses cannot be 
applied to educational trace data. As such, the existing approaches do not con-
sider the learning process and what learners do and only focus on the learning 
outcome. In this regard, there is a need to link the assessment of student learning 
outcomes and their learning behaviour and strategies to effectively identify the 
overall progress. In contrast, the fields of Educational Data Mining (EDM) and 
Learning Analytics (LA) have utilized trace data to provide unobtrusive means of 
assessing the learning strategies adopted by learners within MOOCs; thus, con-
tributing to a richer understanding of the complex behaviour associated with 
student learning (Dawson & Siemens, 2014) without interfering with the dynamic 
learning process. Also, the use of trace data collected from various educational 
technologies eliminates biases generated from self-reported measures and the 
effort of administering additional instruments to collect data (Gray & Bergner, 
2022). However, the statistical relations found in these LA studies only demon-
strate that these patterns are unlikely random but can be inconsequential in judg-
ing an individual’s learning (Milligan, 2020). The probabilistic dependency of 
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the observed variables on the targeted latent skill/learning objectives is often 
missing within LA (Mislevy et al., 2012). Although there are individual limita-
tions in both these educational assessment fields, several studies have adopted 
multi-disciplinary techniques that draw on the strengths of one another for pro-
viding a holistic assessment of soft skills (Milligan & Griffin, 2016).

While the persistence of these challenges limits the measurement of soft skills, 
more reliable measures can be achieved through the careful consideration of unob-
trusive approaches that go beyond self-reported scores. Therefore, by building on 
some of the earlier works in LA and implementing advanced analytical methods 
intersecting measurement models, we propose more scalable and unobtrusive means 
of assessing soft skills.

3 � Case Study

3.1 � Study Context

This chapter extracts data from an online professional learning program to develop 
leadership capabilities among the employees of a large global US corporation. The 
participants of the program were full-time working professionals and were mainly 
from the engineering and management domains, with varying professional back-
grounds ranging from fresh graduates to individuals with over 15 years of experi-
ence. Delivered as a part of workplace training, this program was hosted in the 
Open_edX platform and was made available for free to all its employees.

This program consisted of a series of four Massive Open Online Courses 
(MOOCs) covering different aspects of leadership development. The first course of 
the program was scheduled for 4 weeks, while the remaining three courses were 
3 weeks long each, delivered consecutively with a week-long break between two 
MOOCs. Also, these were asynchronous MOOCs that were designed to deliver sev-
eral leadership learning objectives through recorded learning videos and related 
learning modules. Additionally, the MOOCs also included various formative assess-
ments such as quizzes and self-reflection questions and summative essay assess-
ments on several leadership concepts. All these assessments contributed to the 
certification grade for each MOOC. The second course of the program, however, 
followed a different instructional design and was left out of the analyses. The three 
components (MOOCs) of leadership investigated were – understanding organiza-
tional strategy and capability, leading change in organizations, and discovering and 
implementing individual leadership strengths.

In this chapter, we are particularly interested in the assessment of the self-
reflection answers and use it as a proxy to comprehend and quantify leadership 
development (Helyer, 2015). The other kinds of formative assessments, such as the 
polls and the multiple-choice questions, allowed multiple attempts and prompted 
learners with hints. As such, the answers to these formative assessments may not 
adequately measure the development of the skills (Barthakur et al., 2022a).

4  Challenges in Assessments of Soft Skills: Towards Unobtrusive Approaches…
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Fig. 4.1  An example of a self-reflection assessment question

Fig. 4.2  The methodological pipeline used in the outlined case study. (Adopted from Barthakur 
et al., 2022a)

The self-reflection questions used within these MOOCs were content-specific in 
the sense that learners were encouraged to reflect on their learnings and experiences 
from leadership perspectives (Fig. 4.1). While discourse analysis and, more particu-
larly, automated assessment of reflection has been studied by LA researchers for 
some time (Buckingham Shum et al., 2017; Jung & Wise, 2020; Ullmann, 2019), 
there is limited research on the assessment of reflection depth by adult learners 
(Barthakur et al., 2022b). Furthermore, although literature shows the role of reflec-
tion in skill development (Densten & Gray, 2001; Helyer, 2015; Wu & Crocco, 
2019), there is a dearth of studies focusing on using reflection assessments as an 
unobtrusive means for evaluating soft skills.

The overview of the methodological pipeline adopted in the case study is pro-
vided in Fig. 4.2. In this, we adopt a blended methodology intersecting LA tech-
niques and psychometric measurement models (Drachsler & Goldhammer, 2020). 

A. Barthakur et al.
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This novel methodology draws on the strengths of different disciplines and miti-
gates the challenges listed in Sect. 2.3, thus, providing a means for unobtrusively 
measuring leadership skills.

3.2 � Extracting Unobtrusive Measures

As we previously discussed, assessments evaluating soft skills are often actively 
administered, requiring learners to respond explicitly to questionnaires or other 
self-reported scales (Pongpaichet et al., 2022). In contrast, the analysis of the text 
responses to self-reflection questions can provide an unobtrusive means of evaluat-
ing leadership growth and acquisition, provided that researchers can extract features 
indicative of leadership skill mastery.

In one of our recent works (Barthakur et al., 2022b), we outlined a methodology 
to extract unobtrusive features from written reflective artefacts by implementing 
quantitative content analysis (Krippendorff, 2003) and developed an automated 
assessment system. The reflection responses varied in length and in the range of 
17–393 words, with an average of 74 words utilized across each of the fifteen differ-
ent questions. Extracting data from 771 out of the 861 learners who attempted all 
the reflection questions, the responses were categorized into four different hierar-
chical levels depending on the depth of reflection exhibited. These four levels were 
coded in accordance with a reflection framework developed by Kember et al. (2008) 
and are as follows – No-reflection, Understanding, Simple reflection and Critical 
reflection.

Two independent human coders manually graded a hundred answers each for the 
first four questions. When inter-rater reliability of 0.70 was achieved, the workload 
was equally divided to code the remaining answers to the same four questions. 
Using the manually coded responses as the training set and extracting several lin-
guistic features from the written artefacts (such as Linguistic Word Count Inquiry, 
Coh-Metrix, n-grams, and readability index, among others), a machine learning 
classifier was trained to automatically analyse the answers to the remaining reflec-
tive assessments from the first MOOC.  The performance of these models was 
judged based on their accuracy (closeness of the predicted values to the true values) 
and AUC ROC (Area Under the Curve – Receiver Operating Characteristics) val-
ues. While the model achieved a moderate accuracy of 0.66 and an AUC ROC of 
0.88, the focus of the study was on establishing explainable insights rather than 
achieving higher accuracy through the implementation of AI black boxes (Dawson 
et al., 2019; Sartori & Theodorou, 2022).

Overall, the use of an automatic assessment approach provided the means for 
extracting unobtrusive measures of four reflection levels that were used to build 
models assessing the mastery of leadership learning objectives. Besides categoriz-
ing the responses into different levels based on the depth of reflection, the top twenty 
linguistic features predictive of the four levels were also analysed (Fig. 4.3). These 

4  Challenges in Assessments of Soft Skills: Towards Unobtrusive Approaches…



62

F
ig

. 4
.3

 
To

p 
tw

en
ty

 f
ea

tu
re

s 
su

m
m

ar
y 

an
d 

th
ei

r 
as

so
ci

at
io

n 
w

ith
 th

e 
fo

ur
 r

efl
ec

tio
n 

le
ve

ls
. (

A
do

pt
ed

 f
ro

m
 B

ar
th

ak
ur

 e
t a

l.,
 2

02
2b

)

A. Barthakur et al.



63

features are ranked based on their SHAP score (a unified measure of feature impor-
tance), and the association with the four levels is also provided.

While some of the findings echo that of previous studies, such as higher word 
count being indicative of a higher level of reflective practice, several newer insights 
regarding reflection in relation to skill development were discovered. For instance, 
it was observed that learners tend to describe more about their present learning and 
professional experiences while developing skills compared to other learners in more 
traditional settings focusing on past events (Kovanovic et al., 2018). Another obser-
vation, captured through the readability index, includes the use of more complicated 
phrases in higher levels of reflective text, while learners engaging in shallow reflec-
tion are less expressive (with fewer word counts) and tend to rely on simple diction-
ary words. Also, the use of first-person and second-person (such as you and your) 
personal pronouns can help identify the depth of reflection exhibited by the learners. 
Such insights were previously unknown, are critical for comprehending (leadership) 
skill development, and have important practical implications (Barthakur et  al., 
2022b). Based on the reflection levels, such findings can also provide opportunities 
for supporting and scaffolding learners. Learners demonstrating shallow reflection 
can be provided real-time feedback and enhance their skill acquisition during the 
learning process.

3.3 � Assessing Leadership Mastery

In Sect. 2.2, we highlighted the role of reflective practices in different educational 
contexts and, more particularly, in developing leadership skills. Extending the above 
methodology and the extracted unobtrusive measures of reflection on leadership 
concepts, another research project evaluated the mastery of leadership skills defined 
as learning objectives in MOOCs (Barthakur et al., 2022c). While the limitation of 
lack of probabilistic dependencies between the observed variables and the latent 
learning constructs is often discussed in LA studies (Milligan, 2020), in this second 
component of the case study, mastery of (five) latent leadership objectives was cal-
culated using the ordinal four-level graded reflections and a probabilistic relation-
ship was established.

In this example, we divided the analysis into two steps – providing an assessment 
of the mastery of the individual skills based on the reflection grades and finding 
clusters of students based on their mastery of all skills in the course. First, a mea-
surement model (cognitive diagnostic model, CDM; Lee & Sawaki, 2009; Rupp 
et al., 2010) was implemented using the four-level graded reflection responses as the 
input. CDMs are person-centred models that are used when empirical information 
about latent skills and attributes is sought (Rupp & Templin, 2008). CDMs in this 
case study were used to calculate probabilities of (latent) leadership skill mastery 
for all the learners based on their written artefacts. These models provide informa-
tion about the extent of mastery of these latent skills, in the range of zero to one. A 
probability closer to one demonstrates higher mastery, while probabilities on the 
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other side of the spectrum closer to zero indicate lower levels of mastery. Out of the 
several types of CDM models, a generalized model was chosen given its generaliz-
ability and relaxed nature (devoid of any strong conjunctive or disconjunctive 
assumptions). Usually, most CDM models are constrained and require fulfilling 
several assumptions as compared to the generalized CDM. Furthermore, due to the 
ordinal nature of the graded reflection data, a sequential CDM model was used for 
this analysis (Barthakur et al., 2022c). In the second and final step of the analysis, 
the learners were then categorized into different groups using a clustering algorithm 
to develop a holistic understanding of skill mastery at the cohort level in the entire 
MOOC (Fig. 4.2).

As mentioned earlier, these leadership skills within each MOOC are defined as 
learning objectives. The probabilities calculated by the CDM models represent the 
extent of mastery for the various individual learning objectives; probabilities closer 
to one generally indicate higher mastery. Such results provide diagnostic informa-
tion about their acquisition and mastery across several leadership components 
inferred from the reflective responses. Additionally, based on the probabilities of 
skill mastery, the clustering algorithm identified four distinct learning profiles 
(Fig. 4.4). These profiles were labelled depending on the average learning objective 
mastery. It was observed that the latter learning objectives of the MOOC had a 
higher mastery rate while the lowest mastery across the first learning objective 
across all the profiles. We supported these findings through leadership theory and 
propose that the learners were building on the contents associated with the earlier 
learning objectives to exhibit superior mastery as the course progressed. The grad-
ual shift in the learning objective mastery highlight “the effect of the design and 
sequencing of individual learning objectives on content mastery” (Barthakur et al., 
2022a, b, c, p. 17).

This component of the case study extends the discussion of understanding and 
assessing reflection answers by operationalizing meaningful latent learning objec-
tives. Based on the depth of reflection exhibited by the learners in the written arte-
facts, a measurement model was implemented to calculate the mastery of various 
leadership learning objectives. An important implication of such an analysis is that 
it shifts the focus from evaluating learners’ cognitive knowledge based on their final 
course grades to the assessments of skill mastery. It also advances the discussion of 
learner profiling by categorizing learners based on the evidenced learning objective 
mastery, which was previously done using behavioural engagement data and final 
course grades. Moreover, while the study in Sect. 3.2 can be used for scaffolding 
learners with individual reflection questions, the findings from this component 
allow instructors and other stakeholders to provide pedagogical interventions 
depending on learners’ mastery of learning objectives and support learners with 
specific content within the course. From the methodological standpoint, this work 
provides a novel blended methodology approach marrying learning analytics and 
measurement theory models to measure soft skills. The two studies discussed above 
combined provide an overview of the novel implementation of unobtrusive 
approaches to soft skills assessment in digital learning settings, opening avenues to 
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Fig. 4.4  Learner profiles are based on average learning objective mastery. (Adopted from 
Barthakur et al., 2022c)

extend the methodology to measure their longitudinal progress and growth over 
time and across several courses.

3.4 � Assessing Systematic Progression

Effective and thoughtful sequencing of courses and learning contents are critical for 
allowing learners to successfully navigate and acquire knowledge while traversing 
through a study program (Dawson & Hubball, 2014). Study programs with either 
flexible or restricted pathways, when effectively structured, can often reduce learn-
ers’ cognitive overload and enhance academic performance (Barthakur et  al., 
2022a). While the effectiveness of the courses and learning content sequencing are 
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primarily evaluated using introspective peer-review approaches, these measures 
have several drawbacks, as suggested in Sect. 2.2. However, the introduction of 
online micro-credential programs, such as the one discussed in this case study, 
opens avenues to collect trace data to evaluate the systematic progression of learners 
across multiple courses.

This work extracted data from 771 learners who engaged with the self-reflection 
assessments in at least two courses, allowing us to analyse the transitions and under-
stand the pre- and post-requisites of the courses. Building on the previous two 
research projects, in the final component of the case study, we explore the relation-
ship between several learning objectives across three different MOOCs of the lead-
ership development study program. In the works of Barthakur et  al. (2022a), a 
three-step blended methodology was outlined to automatically evaluate these rela-
tionships based on the empirical assessment data across the whole MOOC study 
program (ibid). More specifically, using the machine learning classifier described 
above to automatically grade the reflective artefacts, the mastery of learning objec-
tives was calculated using multiple CDM models across the entire study program.

In the third stage of the methodological pipeline, a Quantitative Association Rule 
Mining (QARM; Salleb-Aouissi et al., 2007) was implemented to investigate learn-
ers’ transitions in learning objective mastery when traversing across the MOOC 
program. QARM is similar to general association rules with the exception of 
numerical attributes involved on either side of the rule. For instance, while a general 
association rule can be expressed as {Butter} → {Milk, Flour}, quantitative associa-
tion rules are more advanced and can be expressed as {2 Butter} →  {3 Milk, 1 
Flour}. In this current example, the probabilities calculated from the CDMs in the 
previous step were converted into three ordinal levels – low mastery (probabilities 
below 0.60), medium mastery (between 0.60 and 0.80) and high mastery (above 
0.80). In doing so, the ordinal levels serve as adequate input to the QARM algorithm 
and support the identification of the learning objective mastery relationship.

From the first part of the analysis, it was observed that the learners exhibited 
varying probabilities of learning objective mastery across the three courses. 
However, the unique contribution of this example is the analysis of mastery transi-
tion and understanding how prerequisites in a course affect the mastery of content 
in the subsequent courses of a study program. Barthakur et al. (2022a) traced some 
of these findings in various seminal (Quinn, 1988) and modern (Corbett, 2021; 
Corbett & Spinello, 2020) leadership theories and frameworks. Interpreting the 
mastery transitions (Fig. 4.5), it was observed that higher mastery across the five 
leadership objectives in the first MOOC resulted in higher mastery across the first 
(3.1) and third (3.3) objectives of the third MOOC. On the contrary, failing to dem-
onstrate high command over the learning objectives of the first MOOC can signifi-
cantly affect the mastery of the last learning objective (3.4) of the third 
MOOC. Similar observations of low mastery can be made in the second objective 
(4.2) of the fourth MOOC when failing to master the leadership objectives of the 
third MOOC on leading change in organizations. Such a relationship echoes 
Quinn’s (1988) theories of the role of effective leadership in facilitating change to 
enhance organizational performance.

A. Barthakur et al.
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Fig. 4.5  Transitions in leadership objective mastery across a study program. (Adopted from 
Barthakur et al., 2022a)

Using an evidence-based approach, this work contributes to our understanding of 
learners’ skill mastery within and across multiple MOOCs in the study program and 
how they transition over time. Such findings can provide instructors with informa-
tion about students’ learning which in turn can be used to provide pedagogically 
informed decisions. For instance, learners exhibiting lower mastery in the first 
course can be supported with additional resources to successfully complete the final 
objective (3.4) of the third MOOC. Similarly, these findings can be used for gather-
ing diagnostic fine-grained information about the mastery of individual learning 
objectives that go beyond analysing learners’ success based on final course grades. 
Finally, from the perspective of the course designers, instructors, and researchers, 
this will allow for investigating the ordering of learning objectives and courses to 
reduce cognitive overload and enhance student learning experiences.

4 � Conclusion

The importance of soft skills in the modern workforce has been extensively dis-
cussed in the last few decades. Several frameworks have been conceptualized to 
comprehend and promote the development of these complex skills (Casner-Lotto & 
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Barrington, 2006). While significant efforts were made in terms of promoting soft 
skills, there were significant challenges in the way these competencies and skills 
were measured. Most previous research has measured skill development through 
the use of subjective questionnaire-type measures. However, these measures are 
often associated with several biases and cannot guarantee total participation. The 
scalability of such approaches is also questionable.

In this chapter, we illustrate some of these challenges that are associated with the 
current practices of soft skill assessment and a need for evidence-based approaches 
for measuring soft skills. A case study, divided into three components (Fig. 4.2), is 
outlined, describing a data-driven methodology using unobtrusive features for mea-
suring leadership skill mastery and acquisition. Extracting unobtrusive features 
from learners’ self-reflection artefacts in a MOOC study program, responses were 
automatically graded, and leadership mastery was calculated using a measurement 
model. The interdependencies of the skills’ mastery were further analysed to study 
the transitions over time. Such a methodology can be easily extended to extract 
several other unobtrusive features (any hierarchically graded assessments, such as 
in the form of correct, incorrect, and partially correct responses) from digital learn-
ing environments to assess different soft skills.

The underlying premise of the work presented in this chapter revolves around 
advancing research related to the assessment of complex soft skills. This chapter 
outlines three studies that illustrate a blended methodology by combining learning 
analytics and psychometrics to measure leadership skills by collecting digital 
assessment data from a professional development MOOC program. These unobtru-
sive approaches to data extraction provide the opportunity to passively measure the 
development of skills without interfering with the learning processes. The assess-
ment models discussed are fully automatic and thus have the potential to be imple-
mented at scale. Finally, the generalizability of the approach allows the assessment 
of other skills in varying contexts.
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