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Step One
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“Financial Analysis” is an online course designed for professionals con-
sisting of three MOOCs, offering a professionally and institutionally rec-
ognized certificate in finance. The course is open but not free of charge
and attracts mostly professionals from the banking industry. The primary
objective of this study is to identify indicators that can predict learners
at high risk of failure. To achieve this, we analyzed data from a previous
course that had 875 enrolled learners and involve in the course during
Fall 2021. We utilized correspondence analysis to examine demographic
and behavioral variables.

The initial results indicate that demographic factors have a minor im-
pact on the risk of failure in comparison to learners’ behaviors on the
course platform. Two primary profiles were identified: (1) successful learn-
ers who utilized all the documents offered and spent between one to two
hours per week, and (2) unsuccessful learners who used less than half of
the proposed documents and spent less than one hour per week. Between
these groups, at-risk students were identified as those who used more
than half of the proposed documents and spent more than two hours
per week. The goal is to identify those in group 1 who may be at risk of
failing and those in group 2 who may succeed in the current MOOC, and
to implement strategies to assist all learners in achieving success.

1 Introduction

Despite being offered by reputable universities and validated with certificates, as-
sessing MOOC participants’ skills and their recognition can be challenging. Unlike
traditional degrees, MOOCs do not confer formal academic credentials, making it
difficult to evaluate the acquired skills even with certificates and badges. To address
this, badges and micro-credentials have emerged as opportunities to recognize
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knowledge acquisition and certify skills, both professionally and institutionally,
including the potential for academic credit [5, 12].

Micro-credentials, as defined by [16], encompass formation that spans multiple
courses but falls short of a full degree. They are increasingly prevalent across
various platforms and are referred to by different names such as certifications,
specializations, or nanodegrees. These paid certificates consist of a series of inde-
pendent or non-independent MOOCs, where successful completion of each course
leads to the award of a certificate.

However, limitations persist for MOOCs and e-learning, besides the issue of
certification, a recurrent issue in the MOOC is dropout. [13] found that approxi-
mately 10 % of registered participants actually complete the course. Dropout rates
are prevalent across all online courses not just MOOC, [11] showed that they tend
to be higher in online courses compared to face-to-face courses.

Numerous studies have examined dropout and failure in MOOCs, by trying to
determine the factors that determine them. [10] identified three main categories of
factors: student factors, course factors, and environmental factors. Student factors
encompass demographics, motivation, and goals. Course factors refer to the design,
implementation, and support of the course, as well as learner interactions on
the platforms. Environmental factors pertain to external influences such as work
constraints and supportive study environments. Course designers and researchers
can directly address course factors to decrease dropout risks.

Learners in MOOCs typically juggle professional, personal, and family respon-
sibilities, which necessitates available time to complete the courses. The interests
and motivations of learners are closely tied to their own objectives [17]. Indeed,
several studies have highlighted the link between the motivation of participants
and the completion of the MOOC [3, 2]. Participant’s motivation is an important
aspect of learners.

Research on course factors has highlighted the increasing use of learning analyt-
ics to understand student behavior and predict at-risk students. Techniques such as
logistic regression, decision trees, factor analysis, and neural networks have been
employed for this purpose [21, 14]. However, despite the multitude of studies, no
singular model has emerged as significantly superior [14].

Regarding forum interactions, participants’ engagement can enhance their per-
formance. Research on dropout and failure based on forum interactions has shown
that individuals who actively use forums have a higher likelihood of success [22].
Moreover, forums might not provide a meaningful context for studying dropouts,
as few at-risk students consistently participate. This emphasizes the importance
of employing alternative methods to identify diverse dropout patterns [22]. [1]
demonstrated that, in their context, factors observed in the first week of the course
could predict dropout with 82 % accuracy.
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2 Context

Analyzing learning analytics allows for the classification of learners based on
their platform behavior. These classifications reveal distinct groups of student tra-
jectories. For instance, [9] identified four sub-groups: “Completing” learners who
successfully completed most assessments, “Auditing” learners who infrequently
participated in assessments, “Disengaging” learners who initially engaged but then
decreased their participation, and “Sampling” learners who only watched video
lectures for a few assessment periods. While these classifications primarily rely
on behavioral data from the platform and remain relatively stable on a weekly
basis, [20] found that demographic characteristics are linked to changes in student
behavior and group dynamics within the first half of the course.

The aim of this article is to investigate the online behavior of learners in a French
MOOC called “Financial Analysis” offered in 2021 as part of a program named
International Certificate in Corporate Finance (ICCF).

We seek to understand how to support at-risk students in achieving success.
By examining the factors influencing dropout rates and exploring effective strate-

gies to engage learners, this study aims to contribute to the improvement the
MOOC and enhance the overall learning experience for participants. Understand-
ing the dynamics of online learning and identifying successful approaches can
pave the way for more effective educational offerings in the digital age.

2 Context

2.1 Micro-accreditation ICCF

The International Certificate in Corporate Finance (ICCF) is a certification offered
through a partnership between HEC Paris business school, which provides the ped-
agogical content, and First Finance, a company specialized in professional learning
and certification in finance, which implements the program. In 2013, First Finance
launched the first MOOC in finance [6], which was followed by two other MOOCs
in 2015, resulting in the creation of the ICCF program. The program offers two
training sessions each year in March and October and costs 2950e. French workers
can use various public funding options for continuing education. To obtain the
ICCF certificate, learners must complete all three courses independently and pass
a final exam at an assessment center.

ICCF is composed of three MOOCs: Financial Analysis, Valuation, and Finan-
cial Decisions. These three courses have a similar structure: a prerequisite phase,
four weeks of lessons released on a weekly basis, and a case study. Each week is
composed of a new chapter divided into sections. A section is comprised of videos,
quizzes, documents, and live sessions. Each course is estimated to require three
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to five hours of personal work per week. In addition to the MOOCs, learners can
attend synchronous moments:

• a masterclass (once per course) takes place in presence and online, it’s com-
posed by a presentation by a reputed financial professional, and by a revisit of
the concepts covered in the week.

• a meet-up (once per course) is for remote case study preparation sessions
(organized two weeks before the submission of the case study), supervised by
didactic tutors.

• an online live session (once a week) to revisit the concepts covered in the
week’s chapter, to correct the difficult questions of the week’s quiz, and to
answer questions from the learners.

These moments are recorded, and learners have access to the replays. The final
exam is a quiz of 120 questions randomly selected from a database made of 2000

questions. If a learner fails at the case study a re-take may be offered. Successful
completion of the three courses and the final exam allows students to obtain ICCF
certificate.

2.2 Financial Analysis course

The MOOC Financial Analysis is the first part of the ICCF certification. A new chap-
ter is delivered each week during five weeks and one assessment week. Chapters
are organized in two parts: content with videos and documents and content with
training and evaluative quizzes. The pedagogical content of the course aims to:

• Analyze the financial documents of a company (income statement, balance
sheet, cash flow statement) in different strategic contexts.

• Construct and interpret the key indicators of a company’s financial equilibrium.

• Carry out complete financial analyses independently.

• Make a relevant diagnosis of the financial situation of companies.

The validation of this course is achieved through the completion of a case study
evaluated by peers. To prepare for the case study, participants can attend an online
meetup with tutors. The case study and peer review are both mandatory.

Problematics: A dataset from the MOOC Financial Analysis has been extracted
during a complete course done from September 2021 to December 2021. Based on
this data we focused on understanding the behavior of learners in the course so
that we could determine the common characteristics of failed students to be able
to identify those at risk in future sessions. This article is a preliminary attempt to
describe online behavior of learners in micro-credentials.
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3 Method

3 Method

3.1 Data

We have collected data from 875 learners in two forms:

• Variables produced by the Edx platform: time spent watching videos, number
of videos viewed, quizzes ‘scores and results.

• Declarative demographic variables: gender, age, nationality, level of study.

To explain and describe failure or success in the MOOC Financial Analysis we
have used R software [18] to proceed to a Multiple Correspondence Analysis
(MCA). MCA is an unsupervised algorithm permitting to explore the relationships
between categorical variables. Similar to the Principal Component Analysis (PCA),
MCA provides an overall view of the links between variables [7, 19].

Ignoring missing data can decrease the precision and bring strong biases in
the analysis models. We used the missData R package to handle missing value
by imputing missing data by proportions with the method of [8]. In addition, we
performed a Hierarchical Agglomerative Clustering (HAC) to visualize clusters of
learners based on their proximity.

3.2 Participants profile

The sample was composed by 277 females (mean = 36.2 years old, s.d = 8.3), 539

males (mean = 36.7 years old, s.d = 8.5) and 59 who did not respond to the gender
question. They mostly came from Europe (63.3 %), Africa (27.5 %). 74 % of the
learners have at least a master’s degrees. All participants were registered at the
beginning of the course and were French speakers.

4 Results

4.1 Influence of socio-demographic data on achievement

The influence of the socio-demographic variable on achievement has been made by
searching for correlation between gender, age, levels of diploma and localization.
A Pearson’s chi-squared test does not permit to find influence of gender on success
or failure (X2 = 1.08, p = 0.299). Learners with a master’s degree succeed more
than the others but not significantly (X2 = 3.6, p = 0.05766). However, learners aged
between 35 and 45 years old (Figure 1), have a greater risk of failure than other age
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Figure 1: Frequency of results by learners’ age

categories (X2 = 16.35, p < 0.001). People living in Europe have a higher chance of
success (X2 = 10.7, p = 0.005).

4.2 Factors influencing success according to correspondence
analysis

Data produced by the Edx platform have been recoded into qualitative variables:

• Completion of the quizzes (yes/no)

• Time spent on the platform (less than 1 hour, between 1 and 2 hours, more than
2 hours)

• Number of videos viewed (less than half, more than half, all videos)

Achievement’s variable is produced at the end of the course and have two modali-
ties: Success and failure.

The Figure 2 is a representation of learners according to their achievement, we
observe a parabolic representation named Gutmann’s effect occurring if there are
multiple links between the variables [4]. This representation shows that individuals
who failed the courses are grouped on the right whereas those who succeed are
grouped on the left of the scatter plot. In between these groups, there are “at-risk”
students who use more than half of the proposed documents and spend more than
two hours per week.
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4 Results

Figure 2: Representation of Individuals factor map (MCA)

The variable linked to the failure of the course are closed to the one not sub-
mitting the quizzes, not watching all the videos, and spending less than an hour
on the platform during the first week of the course, while the variable identifying
success is close to the learners who complete the quizzes, view all the videos and
spend between 1 and 2 hours on the platform during the first week of the course.

To have a better view of the groups, we performed a Hierarchical Agglomerative
Clustering (HAC). It allows us to have a more precise view of the clusters. The
HAC produced a dendrogram, we decided to focus on a 3-cluster solution.

Figure 3 shows two main groups, the first one concern learners with a high
tendency to fail. They share common characteristics:

• Not completing the weekly quizzes

• Watching less than half of the videos offered each week during the course.

• Spending less than two hours on watching videos on the platform during
prerequisite courses

• Spending less than an hour on watching videos on the platform each week of
the course.
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Figure 3: Classification of learners’ achievement

The second one is people with a high tendency to succeed share common char-
acteristics:

• Completing the weekly quizzes

• Watching all the videos offered each week during the course.

• Spending one hour to two hours on watching videos on the platform during
prerequisite courses

• Spending one hour to two hours on watching videos on the platform each week
of the course.
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5 Conclusion

Between them, there are characteristics belonging to the same cluster of success-
ful learners, but which are close to characteristic with high risk to fail. They share
common characteristics:

• Spending more than three hours on watching videos at prerequisite course

• Spending more than two hours on watching videos each week of the course

• Not watching all of videos each week during the course

These results highlight that learners’ early behaviors on the platform can indicate
whether they will succeed or fail in the course.

5 Conclusion

We conducted an analysis of learners enrolled in the initial course of the ICCF
program. Our analysis focused on various learner behaviors on the platform, in-
cluding the time spent watching videos, the number of videos viewed, completion
of quizzes, and course completion. The results revealed three distinct behavioral
clusters. Cluster 1 consisted of individuals who successfully completed the course,
demonstrated by high numbers of video views, completed quizzes, and spending
one to two hours on the platform each week. Cluster 2 comprised individuals who
failed the course, characterized by low levels of video views, completed quizzes,
and time spent on the platform each week. Cluster 3 consisted of at-risk students
who managed to succeed but exhibited similarities to Cluster 2, as they did not
watch all the videos and spent more than two hours on the platform each week.

Interestingly, we observed that learner demographics had minimal influence
on course success, contrary to previous studies [22, 15]. This discrepancy can
be attributed to the fact that ICCF learners possess more homogeneous profiles
compared to the general MOOC population which can be explained by the cost of
this micro-certificate (2950e) and its specific thematic on corporate finance.

We have been able to determine factors that can be identified at the beginning
of the course, which allows us to detect learners at risk. We found that learner
behavior on the platform during the early weeks of the course can serve as predic-
tive indicators of their success or failure. These indicators enable us to determine
risk profiles for learners. However, there are certain limitations to our research, as
we were unable to ascertain the learners’ specific objectives upon enrollment and
whether their perceived failure aligned with their primary objectives. Neverthe-
less, previous studies [6] on the ICCF program have identified several objectives
directly linked to their engagement and motivation, such as obtaining certification
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or expanding one’s professional network. The success of these objectives requires
the completion and success of the three MOOCs composing the ICCF.

Our next step involves analyzing data from other courses within the ICCF pro-
gram to determine if similar patterns emerge and to develop strategies that pro-
mote success for all learners. We will thoroughly investigate the impact of suc-
cess or failure in the initial course on subsequent micro-accreditation courses and
explore whether the characteristics of at-risk learners in the first course remain
consistent throughout subsequent courses.
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