
 

MOOC Dropout Prediction with Machine Learning Techniques:
A Systematic Review and Meta-Analysis
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Abstract: Massive Open Online Courses (MOOCs) have gained popularity as an accessible form of education,

attracting a diverse and widespread student base. Despite their potential, MOOCs face a significant challenge:

high dropout rates, which undermine their effectiveness and impact. The increasing interest in addressing this

problem led to numerous studies developing new models to predict dropouts early and automatically, many of

which  use  Machine  Learning  (ML)  approaches.  This  research  performs  a  quantitative  synthesis  of  the

performance  of  ML  techniques  for  early  dropout  prediction  in  MOOCs.  Following  PRISMA  guidelines,  we

perform a systematic review and meta-analysis. To analyze the overall performance, we use a random-effects

model  for  a  meta-analysis  of  proportions,  analyzing  two  metrics:  sensitivity  and  specificity.  We  have  also

studied the relationship between some of the studies’ characteristics and the performance obtained by means

of  subgroup  analysis.  The  results  indicate  that  ML  systems  are  capable  of  accurately  detecting  a  significant

percentage of potential dropouts. However, the performance of these systems varies depending on the dataset

and  the  definition  of  dropout  used  in  each  study.  Despite  the  promising  findings,  the  high  heterogeneity

observed across studies suggests that these results should be interpreted with caution.

Key words:  Massive Open Online Courses (MOOCs); meta-analysis; Machine Learning (ML); dropout; systematic

review; Deep Learning (DL)

1　Introduction

Over  the  last  few  decades,  the  distance  learning
industry has grown considerably[1], giving rise to large
platforms that offer flexible learning opportunities on a
global scale. These companies have promoted a type of
product  that  has  been  associated  with  their  growth.
These  are  Massive  Open  Online  Courses  (MOOCs),
unregulated  courses  characterized  by  flexibility  and
low entry requirements. They offer a flexible schedule

and  allow  students  to  explore  their  interests  at  a
minimal  cost,  as  they  generally  have  few  enrollment
requirements.  These  characteristics  make  them  a
perfect  educational  supplement  for  students  and
employees.

However,  MOOCs  have  a  big  problem:  the
percentage  of  students  who  complete  these  courses  is
very  low,  with  the  dropout  rate  around  90%[2].
Although Onah et al.[3] pointed out that some dropouts
are  practically  unavoidable,  mainly  caused  by
practically  non-existent  enrollment  requirements,  this
problem  has  attracted  the  community’s  interest  by
increasing  the  number  of  scientific  papers  addressing
it.  While  some  have  tried  to  explore  the  causes  of
dropout[4],  most  have  focused  on  developing  systems
for early detection and intervention. This task is much
more  complex  than  face-to-face  education  due  to  its
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distance  and  massive  nature.  Machine  Learning  (ML)
provides techniques to deal with this complex problem,
the  most  common  approach  is  to  pose  it  as  a
classification  problem  between  dropouts  and
retentions[5, 6].

Multiple authors study this problem with a variety of
approaches and techniques. Al-Shabandar et al.[7] used
data  from  Harvard  and  MIT  MOOCs  on  edX,  using
decision  trees  on  aggregated  behavioural  data.  Jiang
and Li[8] worked with activity logs from MOOCs of the
XuetangX platform.  Other  ML models  have also  been
used,  such  as  Random  forest[9] or  SVM[10].  Deep
Learning  (DL)  has  also  been  applied  in  this  field,
taking advantage of the temporal nature of behavioural
data.  In  Ref.  [11],  raw  data  are  transformed  using  a
time-window-based  algorithm  to  train  a  convolutional
network.  He  et  al.[12] used  recurrent  networks  on  the
time  series  of  behavioural  data,  in  this  case  from  the
open university. More advanced models, such as those
proposed by Fu et al.[13], combine convolutional layers
with LSTM and attention mechanisms.

Moreno-Marcos  et  al.[14] performed  a  systematic
literature review giving a survey of the state of the art
on  prediction  in  MOOC,  and  suggested  that  future
research  should  be  focused  on  heterogenous  context
giving  by  different  platforms,  thematic  areas,  or
duration.  This  remark  is  aligned  with  Huang  et  al.[15]

who in their review found out several factors that affect
MOOC  dropout:  course  attributes,  social  status,
cognitive  ability,  emotional  factor  and  learning
behavior.  Moreover,  it  is  also  important,  as  Basnet  et
al.[16] pointed  out,  to  consider  the  impact  of
fakelearners  on  MOOCs  as  they  biased  the
investigation on this topic[17].

Given  the  large  number  of  publications  in  this
research  area,  the  need  for  methods  for  synthesizing
results  and  conclusions  arises.  Several  studies  have
been carried out  in  this  area.  All  of  them are included
in  the  so-called  reviews,  of  which  Borenstein[18]

distinguished two types:
● Narrative reviews,  in which an expert  in  the field

summarizes an arbitrary number of articles in the same
line  and  presents  his  conclusions,  as  in  the  case  of
Dalipi  et  al.[19] who  reviewed  25 studies  or  Prenkaj
et  al.[20] who  presented  a  narrative  review  of  dropout
prediction in various types of online courses, including
MOOCs.

●  Systematic  reviews,  that  eliminate  the  inherent

subjectivity  of  classical  reviews  by  defining  a
reproducible  method  of  obtaining  studies.  Several
systematic  literature  reviews  have  been  performed  in
this  area[14, 15, 21–29].  Two  of  the  most  relevant  are
Moreno-Marcos  et  al.[14],  who  analyzed  88 articles  on
MOOC prediction  (not  just  dropout),  and  Alhothali  et
al.[25],  a  systematic  review  on  predicting  outcomes  in
different types of courses.

Unlike  reviews,  the  meta-analysis  technique  tries  to
obtain  a  global  value  for  a  specific  measure.  In  other
words, it is a quantitative synthesis. To our knowledge,
no  meta-analysis  has  been  carried  out,  although
Alhothali et al.[25] mistakenly refered to the systematic
literature  review  performed  by  Moreno-Marcos  et
al.[14] as a meta-analysis. Our work propose to use this
technique  to  review  and  evaluate  the  performance  of
current  dropout  prediction  systems  in  MOOCs.  These
objectives are innovative for two main reasons: (1) No
previous work has obtained a quantitative synthesis of
the  performance  of  dropout  prediction  systems;  (2)
Although the meta-analysis technique is widely used in
medicine[30, 31],  its  application  in  the  field  of  data
science and ML is an almost unexplored line of work.

We  can  find  an  example  in  Azeem  et  al.[32],  where
they analyzed 15 studies in code smell detection. It is a
similar problem to dropout prediction since it is also a
classification  problem.  We  find  other  examples  using
meta-analysis  in  regression  problems  like  Junior
et  al.[33],  for  performance  synthesis  in  market
prediction,  and  Ahmadi  et  al.[34] for  groundwater
monitoring/prediction.

Thus,  this  work  tries  to  address  two  main  Research
Questions (RQ):

(1)  RQ1: Is  there  a  quantitative  synthesis  of  the
performance  of  ML  techniques  for  dropout  prediction
in MOOCs?

(2)  RQ2: How  do  the  characteristics  of  the  studies
affect the performance of the models?

To  answer  these  two  questions,  we  structured  the
paper  as  follows:  Up  to  this  point,  we  have  presented
the  problem,  novelty,  and  objectives  of  this  work.
Section  2  describes  the  procedure  used  to  prepare  the
systematic  review  and  the  subsequent  meta-analysis.
Section 3 presents the results of the systematic review
and  the  synthesis  of  the  effect  measures.  Section  4
introduces the key findings as well as the assumptions
and limitations of the study. Finally, Section 5 presents
the  answers  to  the  research  questions  and  the  lines  of
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future work that arise from this work.

2　Materials and methodology

The  PRISMA  framework  is  used  to  carry  out  this
work’s  systematic  review and  meta-analysis.  First,  we
will  present  how  the  search  strategy  is  approached,
then the synthesis  methods,  and finally,  the subgroups
that are considered when performing the meta-analysis
and the quantitative synthesis.

2.1　Search strategy

We  have  included  all  studies  predicting  dropout  in
MOOCs  found  in  three  scientific  databases:  Scopus‡ ,
Web  of  Science  (WoS)§,  and  IEEE  Xplore¶.  The
queries  were  carried  out  on  November  14th,  2024,  so
later articles are not included (see Fig. 1).

The queries executed in the different databases have
defined  the  inclusion  criteria.  The  query  refines  the
proposal  of  Alhothali  et  al.[25] and  includes  terms
related  to  three  concepts:  dropout,  MOOC,  and
prediction.  The  search  for  these  terms is  performed in
the title and abstract of each article, except in the case
of IEEE Xplore, which has been searched in all article
metadata. The queries performed in the three databases
are presented at the end of this section.

Although  we  acknowledge  the  high  quality  of  top-
tier  conferences,  such  as  ACM  LAK,  AIED,  EDM,
ITS, and EC-TEL, we have chosen not to include them
in  our  meta-analysis.  This  decision  is  based  on  three
key  reasons:  (1)  databases  lack  filters  for  high-quality
conferences,  making systematic  inclusion difficult;  (2)
conference  papers  often  lack  the  necessary  detail  for
rigorous analysis; and (3) many are later expanded into
journal articles, ensuring their inclusion. Our approach
aligns  with  common  practices,  prioritizing  peer-
reviewed  journal  publications  for  robust  and  reliable
evidence.

Once  the  articles  are  obtained,  duplicates  are
discarded.  Subsequently,  the titles  and abstracts  of  the
remaining  articles  are  reviewed,  and  those  not  related
to  the  topic  are  discarded.  A  full-text  version  of  the
remaining  references  is  then  downloaded  for  a
complete review. Only those written entirely in English
have been taken into account. Next, articles that do not
present  an  original  model  for  dropout  prediction  in
MOOC  courses  are  excluded.  Finally,  we  gather  the

necessary  data  from  each  article  to  conduct  the  meta-
analysis. Articles that do not publish sufficient data are
also  excluded.  We  have  extracted  specific
characteristics from each study, along with measures of
model performance.

We consider as study features:
(1) Dropout definition. We use the categorization of

Nagrecha  et  al.[35],  which  classifies  them  into  two
groups:  Those  based  on  lack  of  participation  in  the
course  (e.g.,  not  accessing to  the  platform in  a  certain
period,  not  submitting a  specific  assignment,  etc.)  and
those based on unmet learning objectives (e.g., failing a
particular assignment, not finishing a certain number of
modules, etc.).

(2)  Dataset  employed. Many  studies  use  the  KDD
Cup  015  dataset[25],  so  we  will  check  for  differences
between the articles using this dataset and the rest.

 

(a) Query 1: Scopus

(b) Query 2: WoS

(c) Query 3: IEEE Xplore 
Fig. 1    Queries executed in different databases.

 
 

‡ https://www.scopus.com/ 
 

§ https://www.webofscience.com/ 
 

¶ https://ieeexplore.ieee.org/
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(3)  Algorithm  used. We  distinguish  between  the
studies  that  use  ML algorithms and those  that  use  DL
algorithms.

It is very important to select the appropriate metric in
these  type  of  studies.  Unfortunately  there  is  no
universally  valid  metric  in  general[14, 36–38].  In  this
work, we have used two measures of effect: sensitivity
and specificity. We have opted for these two metrics to
consider  performance  in  both  positive  and  negative
cases.  In  a  binary  classification  problem,  a  confusion
matrix  is  given  by  four  values:  True  Positives  (TP),
False  Positives  (FP),  True  Negatives  (TN),  and  False
Negatives (FN). Given the confusion matrix, sensitivity
and specificity are defined as follows:

Sensitivity =
TP

TP+FN
,

Specificity =
TN

TN+FP
.

 

We have to address two issues at this stage:
●  For  meta-analysis,  each  measure  must  be

accompanied by its associated error, but ML studies do
not  usually  publish  it.  When  a  study  does  not  present
the  confusion  matrix  or  the  error,  but  does  present
other  data  that  allow  its  calculation,  these  have  been
computed.

●  Most  of  the  articles  reviewed  perform  several
experiments.  The  main  differences  between  them
depend on the technique used or the time of the course
at  which  the  prediction  is  made.  To  avoid  possible
correlation  between  results  within  the  same  study,  we
have chosen to obtain only one result from each article.
We use the “best among the earliest” criterion to select
the  results.  In  other  words,  we  first  chose  the
experiments that use the least amount of temporal data.
When  a  study  presents  more  than  one  model,  it  is
necessary  to  choose  one  for  meta-analysis.  Choosing
the  one  with  the  best  sensitivity  and  the  one  with  the
best  specificity  will  be  unrealistic  due  to  the  trade-off
between  these  metrics.  This  way,  we  select  the  model
with  the  best  F1  score,  trying  to  select  the  model  that
performs better on these two dimensions. Although we
initially consider the Area Under the Curve (AUC), we
find the F1 score to be more appropriate. Given that not
all  published  articles  include  AUC  or  F1,  we  believe
that F1 allows us to keep a larger number of articles in
the meta-analysis,  since F1 can be calculated from the
confusion  matrix,  unlike  AUC.  Moreover,  as  the
MOOC  dropout  prediction  datasets  are  often

unbalanced (mostly because of the high dropout rate at
MOOCs),  the  F1  score  effectively  balances  precision
and  sensitivity,  being  the  harmonic  mean  (the  inverse
of  the  means  of  the  inverses)  of  precision  and
sensitivity. F1 can be computed as[29, 36]

F1 =
2TP

2TP+FP+FN
.

 

Once  the  model  is  selected,  the  meta-analysis  will
focus  on  the  ability  of  the  models  presented  in  the
literature  to  predict  the  real  dropout  (sensitivity)  and
the attainment or retention (specificity).

2.2　Synthesis methods

θ

θ̂k

ϵk
ζ

From  a  formal  point  of  view,  a  meta-analysis  is
intended to estimate an overall effect measure  based
on the observed measures of each study . We use the
random effects  model  to  calculate  it,  which  takes  into
account  differences  between  study  characteristics,
assuming  that  there  is  no  single  true  effect  size  but
rather a distribution of them. Thus, the random effects
model assumes that there are two sources of variability
on the one hand, the sampling error , associated with
the measure provided by the study, and on the other ,
which  takes  into  account  the  variability  between
studies resulting from the differences between them.

Both  sensitivity  and  specificity  are  proportions
between  two  variables,  so  a  meta-analysis  of
proportions  is  necessary.  We  use  the  binomial-normal
model  with  logit  transformation  using  GLMM[39].  We
believe  that  the  assumptions  of  this  model  best  fit  the
problem definition. Thus, the model used is given by

ŷk ∼ Bin (nk, θk),

logit (θk) ∼N (θLO, τ
2
LO) (1)

 

k ŷk

nk

θk

θLO τ2LO
LO

where, for the -th study,  is the number of events or
numerator  of  the  proportion,  is  the  sample  size  or
denominator  of  the  proportion,  and  the  observed
value of the effect measure. The overall effect measure
is  given  by ,  and  its  variance .  The  subscript
“ ” indicates that they are in logit scale.

It is common for there to be differences between the
measures  of  effect  of  different  studies.  As  we  have
mentioned,  a  meta-analysis  assumes  the  existence  of
two sources of  error.  On the one hand,  sampling error
is the result of variations due to chance within a study
and is inversely proportional to the sample size. On the
other  hand,  heterogeneity  measures  all  variability  not
caused  by  this  error,  which  is  usually  caused  by
characteristics  not  considered  during  the  analysis.
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Estimating  it  is  one  of  the  objectives  of  meta-analysis
since  it  is  directly  related  to  the  validation  of  the
evidence.  There  are  several  methods  for  this  purpose.
In this work, we have used three indices: Cochran’s ,
the  statistic, and the inter-study variance [40].

2.3　Subgroup analysis

The  subgroup  analysis[18] allows  analyzing  the
relationship  of  each  study’s  characteristics  with  the
value  of  the  effect  measure  while  exploring  the
possible  causes  of  heterogeneity.  We  use  the  same
model  as  the  global  analysis,  considering  the  three
variables mentioned in Section 2.1: dropout definition,
dataset used, and algorithms applied.

3　Result

This  section  presents  the  results  of  the  systematic
review and the meta-analysis.

3.1　Systematic review

The  queries  executed  on  the  three  databases  return
1203  articles.  Of  these,  554  come  from  Scopus,  342
from WoS, and 307 from IEEE Xplore. Of this set, 404
are  duplicated  entries,  and  526  articles  are  discarded
because they are not from peer-reviewed journals.

Of  the  remaining  273 articles,  the  article  selection
process  concludes  by  excluding  251 for  the  following
reasons:

●  131 articles  are  discarded  because  they  are
unrelated to the topic of meta-analysis.

● Seven articles considered could not be obtained.
● Six articles are not written in English.
●  51 articles  are  discarded  because  they  do  not

perform dropout prediction or the prediction of dropout
is made only in non-MOOC courses.

●  56 articles  are  discarded  because  they  do  not
provide  the  necessary  information  to  obtain  the
confusion matrix and calculate the error.

Figure  2 shows  the  PRISMA  flow  diagram,  which
summarizes  the  results  of  applying  the  inclusion  and
exclusion criteria, where n is the number of articles.

3.2　Study characteristics

0.6957 0.9951
0.0877

Table  1 shows  the  confusion  matrix  extracted  from
each  article  and  the  effect  measures  calculated.
Sensitivity  values  are  generally  high,  ranging  from

[41] to [42].  Specificity  values  are  more
variable,  ranging  from [9] to  1.0000[8].  It  is
important  to  mention  that  this  last  study  has  many

fewer cases than the rest.
Regarding the characteristics of the studies, we have

found  that  most  of  them  base  their  definition
of  dropout  on  criteria  related  to  lack  of
participation[7–11, 13, 42–45, 48, 49, 51, 52],  and  eight
studies  use  definitions  based  on  unmet  learning
objectives[41, 46, 47, 50, 53–56].

Eleven  of  the  studies  use  the  KDD  Cup  2015
dataset[8–11, 13, 43, 45, 48, 49, 51, 52].  The  remaining  eleven
studies  use  different  datasets:  Standford[42],  OULAD
dataset[7, 46, 53, 55, 56], HarvardX[44, 50], and from privates
datasets[41, 47, 54].

As  for  the  type  of  model  used,  ML and  DL models
are  almost  equally  distributed.  On  the  one  hand,
fourteen  studies  use  ML.  Random  forest  is  the  most
common model used[9, 47, 49, 50, 56]. Gradient boosting is
also  frequently  used[7, 41, 53].  Linear  regression[43],
SVM[10], rought sets[48], and ensemble techniques[8] are
also used. On the other hand, eight studies use DL for
their  models.  The  most  commonly  used  models  are
convolutional  neural  networks[11, 45],  and  the
combination of these with LSTM neural  networks and
attention  layers[13, 51, 52, 55].  Two  other  studies  mention
using  neural  networks  but  do  not  specify  the
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Fig. 2    PRISMA flow diagram for inclusion and exclusion of
studies.
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architecture employed[42, 46].
Table  2 shows  the  values  of  the  variables  of  the

11 studies included in the meta-analysis.

3.3　Risk of bias

In this work, we have qualitatively analyzed the risk of
publication  bias.  Following  the  recommendation  of
Barker et al.[57], this is the most appropriate method in
a  meta-analysis  of  proportions  since  there  is  no
quantitative  method  to  assess  publication  bias  and  the
assumptions  of  classical  methods  are  not  necessarily
met.

Our research process involves a careful consideration
of  excluding  articles  not  published  in  peer-reviewed
journals,  a  decision  that  was  not  made  lightly.  While
this  may  introduce  some  publication  bias  in  the  data,
we  make  this  assumption  in  order  to  ensure  the
inclusion of higher-quality articles in our analysis.

In addition, as previously shown, many studies have
been  excluded  because  the  data  necessary  to  perform
the analysis could not be obtained. Therefore, this work
is limited to those studies that publish sufficient data to
calculate the confusion matrix.

Another  bias  introduced  in  this  analysis  is  the

 

Table 1    Confusion matrix and measures of effect of selected studies selected.
Study TN FP FN TP Sensitivity Specificity

Reference [7] 2076 324 292 2957 0.9101 0.8650
Reference [8] 55 0 16 169 0.9135 1.0000
Reference [9] 438 4555 361 18 755 0.9811 0.0877
Reference [10] 811 1769 672 7497 0.9177 0.3143
Reference [11] 1123 1373 1309 8250 0.8631 0.4499
Reference [13] 2608 2384 2581 16 536 0.8650 0.5224
Reference [41] 67 4 7 16 0.6957 0.9437
Reference [42] 599 128 14 2844 0.9951 0.8239
Reference [43] 1123 1373 1309 8250 0.8631 0.4499
Reference [44] 1246 153 117 501 0.8107 0.8906
Reference [45] 1408 1088 402 9156 0.9579 0.5641
Reference [46] 2133 439 47 2270 0.9797 0.8293
Reference [47] 8296 1587 889 8993 0.9100 0.8394
Reference [48] 3449 551 588 3412 0.8530 0.8623
Reference [49] 146 9 9 166 0.9486 0.9419
Reference [50] 361 385 114 5183 0.9785 0.4839
Reference [51] 2748 2073 914 18 373 0.9526 0.5700
Reference [52] 2071 1644 614 13 770 0.9573 0.5575
Reference [53] 2539 556 847 2577 0.7526 0.8204
Reference [54] 95 205 8251 4552 98 904 0.9560 0.9202
Reference [55] 1030 41 45 436 0.9064 0.9617
Reference [56] 3850 293 54 3952 0.9865 0.9293

 

Table 2    Characteristics  of  the  studies  selected  for  meta-
analysis.

Study Model Dropout Dataset
Reference [7] ML Participation Others
Reference [8] ML Participation KDD Cup
Reference [9] ML Participation KDD Cup
Reference [10] ML Participation KDD Cup
Reference [11] DL Participation KDD Cup
Reference [13] DL Participation KDD Cup
Reference [41] ML Learning objective Others
Reference [42] DL Participation Others
Reference [43] ML Participation KDD Cup
Reference [44] ML Participation Others
Reference [45] DL Participation KDD Cup
Reference [46] DL Learning objective Others
Reference [47] ML Learning objective Others
Reference [48] ML Participation KDD Cup
Reference [49] ML Participation KDD Cup
Reference [50] ML Learning objective Others
Reference [51] DL Participation KDD Cup
Reference [52] DL Participation KDD Cup
Reference [53] ML Learning objective Others
Reference [54] ML Learning objective Others
Reference [55] DL Learning objective Others
Reference [56] ML Learning objective Others
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selection of a single result within each article. The best
result among the earliest ones is used.

3.4　Results of syntheses

I2

Q

τ2

GParticipation GLearning

GKDD GOthers

GML GDL

In  this  section,  we present  the  results  of  the  syntheses
of  the  meta-analysis.  For  each of  the  two measures  of
effect, sensibility and specificity, we show the value of
several  statistics,  such  as  (a  percentage  measuring
the  heterogeneity  of  the  included  studies),  (a  Chi-
square  test  to  assess  the  heterogeneity  of  studies
included in a meta-analysis, in which the magnitude of
the effect of each individual study is compared with the
combined  estimate),  and  (the  estimated  standard
deviation  of  the  underlying  effects  across  studies)  as
well  as  the  graphic  of  a  forest  plot  (the  standard
method  for  graphically  representing  the  results  of  a
meta-analysis  in  terms  of  the  overall  measure  of
effect).  We  also  include  results  of  subgroup  analysis
with  the  two  measures,  considering  partioning  by
definition of dropout (groups  and ),
by  type  of  dataset  (groups  and )  and  by
type of algorithm (groups  and ).
3.4.1　Meta-analysis for the sensibility

0.9363 [0.9044; 0.9581]
The sensitivity meta-analysis obtains a pooled effect of

 with  a  confidence  interval  of .
The obtained forest plot can be seen in Fig. 3.

As  can  be  seen,  the  heterogeneity  of  this  model  is

I2

Q 0 τ2 1.0930
very high. The value of  is 99.7% and the p-value of
the  test is very close to . The value of  is 
(recall that this value is in logit scale).

Using the subgroup analysis technique, we verify the
differences  between  the  different  groups,  but  they  are
not  significant  in  any  of  the  divisions.  A  summary  of
the results obtained can be seen in Fig. 4.

GParticipation

0.9344 [0.8949; 0.9597]
0.9392 [0.8722; 0.9722] GLearning

GLearning I2 τ2

GParticipation

p = 0.8700

When  analyzing  the  differences  by definition  of
dropout,  the  pooled  effect  in  is

,  almost  the  same  the
 obtained  in .  The

heterogeneity in  reach values for  and  of
99.7% and  1.1622,  respectively,  compared  to  99.6%
and  0.9472  obtained  in .  However,  the
differences between the two groups are not significant
( ).

GKDD

GOthers

0.9284 [0.8956; 0.9514]
0.9431 [0.8831; 0.9733]

τ2 GKDD 0.4727
GOthers 1.7379

I2

p = 0.5862

When  analyze  by  the dataset used,  obtains  a
lower overall sensitivity than . The former group
obtains  and  the  latter

.  The  heterogeneity  values  also
vary in the case of . In  a value of  and in

  are  reached.  However,  both  groups
obtain  an  value  of  99.7%.  In  this  case,  the
differences  between  groups  are  not  significant
( ).

GML

Finally,  analyzing  by  model  type  also  yields  very
similar  measures.  In  the  case  of ,  we  obtain  a

 

 
Fig. 3    Forest  plot  of  the  sensitivity  meta-analysis.  N+  stands  for  the  number  of  total  possitive  cases  and  CI  stands  for  the
confidence intervals.
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0.9232 [0.8766; 0.9531] GDL

0.9544 [0.9092; 0.9776]
GML 0.9765
τ2g I2

GDL 1.1154

p = 0.2303

sensitivity of , while in  it is
. The heterogeneity is also very

high  in  both  groups.  In  values  of  and
99.7% are  obtained  for  and ,  respectively,  while

 are  and 99.6%. In this case, we also do not
obtain  sufficient  significance  in  the  difference  test
( ).
3.4.2　Meta-analysis for the specificity

0.7746 [0.6455; 0.8644]
The pooled effect value in the specificity meta-analysis
is . The obtained forest plot can

be seen in Fig. 5. In this case, the measurements of the
different  studies  are  spread  over  the  whole  possible
range of values.

I2

τ2 2.2526 Q
0

As  for  heterogeneity,  again,  very  high  values  are
obtained. The value of  is 99.9%,  and in the case of

 it  is .  Similarly,  the p-value  of  the  test  is
very close to .

The  results  of  the  subgroups  analysis  are  slightly
different  to  the  sensitivity  meta-analysis,  in  this  case
significant  differences  are  found  in  two  of  the

 

 
Fig. 4    Results of the subgroup analysis of the sensitivity meta-analysis.

 

 
Fig. 5    Forest plot of the specificity meta-analysis. N− stands for the number of total negative cases.
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divisions.  A  summary  of  these  results  can  be  seen  in
Fig. 6.

GParticipation 0.6938 [0.4936; 0.8405]
0.8758 [0.7817; 0.9329] GLearning

GParticipation

I2 τ2 2.5175
GLearning

0.9265
p = 0.0398

Partitioning  by definition  of  dropout results  in  a
pooled effect on  of ,
also  below  the  of .  In
terms  of  heterogeneity,  on  the  one  hand, 
obtains  an  value  of  99.8% and  of .

,  on  the  other  hand,  obtains  a  99.7% and
,  respectively.  The  differences  between  the  two

groups are significant ( ).

p = 0.180 GKDD

0.6333 [0.3836; 0.8273]
GOthers 0.8715 [0.8054; 0.9175]

GKDD

I2 2.8714 τ2 GOthers

Although  in  this  case  the  differences  are  significant
( ). In the case of , an overall specificity
of  is  obtained.  In  contrast,  in

 it  is .  Differences  also
occur  in  heterogeneity.  In  we  obtain  a  value  of

 of 99.8% and of  for , and in  99.6%
and 0.8225.

0.8128 [0.6359; 0.9152]
GML 0.7050[0.5312; 0.8344] GDL GML

2.9101 τ2g GDL

I2 GML

GDL

0.3202

Dividing the articles by model type obtains different
measures  than  in  the  analysis  of  sensitivity.  A
specificity  of  is  obtained  for

,  and  for .  In  we
obtain a value of  for , while  is 1.1542. In
the case of  we obtain 99.9% and 99.5% for  and

,  respectively.  The  test  for  differences  between
groups obtains a p-value of .

4　Discussion

This  work  has  carried  out  a  quantitative  synthesis  in
MOOC  dropout  prediction  using  ML  techniques.  We
use  PRISMA  guidelines  to  carry  it  out,  which  is  a

differentiating  element  from  other  meta-analyses
carried out in the field of data science.

This  section  will  discuss  the  results  and  the  main
limitations of this work.

Concerning  the  first  research  question  (RQ1),  the
results  of  the  overall  meta-analysis  indicate  that  the
ability of these systems to predict dropout is very good
overall, in agreement with several systematic literature
reviews (see Refs. [21, 26, 28, 29], among others). This
is  reflected  in  the  high  pooled  sensitivity  value.
However,  this  performance  has  not  been  equally
reflected  in  the  prediction  of  retentions  since  the
overall  specificity  obtained  is  barely  close  to  80%.  In
addition, the measures of each study are more variable
in this second measure.

Two  observations  can  be  made  on  this  fact.  On  the
one  hand,  priority  is  being  given  to  optimizing  the
performance of predicting dropouts at the cost of more
errors in predicting retentions. This may be because the
impact or cost associated with the mistake in retentions
is lower than that of dropouts. On the other hand, high
variability is a cause of unbalanced datasets. Typically,
they  have  a  lower  proportion  of  negative  examples,
causing  the  specificity  to  decrease  much  faster  with
each error.

In  the  results  of  the  subgroup  analysis  (RQ2),  we
have verified that there is some correlation between the
dataset  used  in  the  study  and  its  performance  (in
agreement with some systematic literature reviews, see
Refs. [15, 29], among others), which is repeated in both

 

 
Fig. 6    Results of the subgroup analysis in the specificity meta-analysis.
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measures  of  effect.  The  studies  that  use  the  KDD
dataset  obtain  worse  results  than  those  that  use  a
different  one.  This  fact  is  not  repeated  when  the
dropout  definition  or  type  of  algorithm is  used,  so  we
can  conclude  that  there  is  some  dependence  between
the data used and the prediction performance.

In  accordance  with  Ref.  [58],  another  interesting
result  of  this  analysis  is  that  there  is  hardly  any
difference  between  the  performance  of  ML  and  DL
models.  Although  the  trend  nowadays  is  to  use
complex  neural  networks,  this  analysis  shows  that  the
differences  with  the  more  classical  models  are
insignificant.

I2

0 Q τ2

The  main  fact  that  characterizes  this  analysis  is  the
high  heterogeneity.  In  the  overall  meta-analyses,
extremely  high  values  of  the  index  have  been
obtained,  always  close  to  100%;  and p-values  very
close to  in the  test,  despite the fact that  seems
acceptable.  This  fact  may  indicate  that  there  is  some
variability among the characteristics of the studies, and
therefore  subgroup  analysis  with  three  variables  is
used.  However,  this  technique  has  not  yielded  very
enlightening  results.  It  has  been  found  in  all
experiments  that  heterogeneity  varies  between
subgroups.  In  all  cases,  one  of  the  groups  obtains  a
higher value with respect to the pooled value, while the
other is lower. Beyond this fact we have not found any
relevant patterns in this aspect.

Q I2

From the  point  of  view of  Barker  et  al.[57],  the  high
levels of heterogeneity are expected in a meta-analysis
of  proportions  and  should  not  be  considered  a
drawback.  This  is  mainly  due  to  certain
incompatibilities  of  the  test  and  the  index  with
this type of meta-analysis.

Even so, it is crucial to bear in mind that these types
of  studies  have  unique  characteristics  that  have  not
been  taken  into  account  and  can  affect  heterogeneity.
This  is  the  great  challenge  facing  meta-analyses
applied to studies in data science. In medicine, the vast
majority of variables are controlled and published, but
this  is  not  the  case  in  data  science.  Only  the  value  of
specific  evaluation  measures  is  usually  published,  but
not  all  the  model  and  dataset  characteristics  are
published.

We have  verified  this  in  this  article  when retrieving
specific data for the meta-analysis. Initially, we assum
a  particular  publication  bias  by  including  only  peer-
reviewed  journals.  We  consider  that  we  would  find

articles  of  higher  quality,  thus  facilitating  results
extraction.  However,  in  most  articles,  retrieving  the
data  to  calculate  the  error  associated  with  the
evaluation  measure  has  been  impossible.  This  can  be
done  using  the  confusion  matrix  or  the  characteristics
of  the  set  where  the  system is  evaluated.  We consider
that  these  data  are  not  only  necessary  to  carry  out  a
meta-analysis  but  also  essential  to  ensure  its
reproducibility.

It is also important to mention that it is possible that
some  heterogeneity  is  caused  by  a  certain  correlation
between  measures  not  taken  into  account,  caused  by
two  reasons.  On  the  one  hand,  it  is  known  that  the
decision threshold chosen in the study affects the value
of  the  evaluation  metrics[59].  This  is  clearly  seen  in
pairs of sensitivity-specificity type metrics, causing one
to increase while reducing the other. On the other hand,
as Deeva et al.[60] mentioned, there is some correlation
between prediction moment and model performance. If
the  prediction  moments  are  not  the  same,  the
measurements  could  become  incomparable.  Taking
both  aspects  into  account  adds  some  complexity  that
we propose as future work.

Related  to  the  above,  the  studies  included  in  this
meta-analysis  often report  predictions  at  multiple  time
points,  which  has  required  careful  consideration  for
measure  selection.  Since  each  study  uses  a  different
temporal granularity (e.g. Mourdi et al.[42] used weeks,
Adnan  et  al.[46] used  days,  and  Dass  et  al.[47] used  a
percentage  of  the  course),  it  is  difficult  to  standardize
the  temporal  granularity  used,  as  it  depends  on  the
format  and  structure  of  the  course.  In  line  with  the
community’s interest in making predictions as early as
possible,  we  decide  to  select  the  earliest  available
measure  for  each  study,  trying  to  alleviate  the
heterogeneity  between  measurements.  Another
possibility  that  could  be  considered  for  future  work
will be taking into account the time of the prediction as
another variable of the meta-analysis.

5　Conclusion and Future Work

Throughout  this  work,  a  quantitative  analysis  of  the
performance  of  ML  and  DL  techniques  for  the
prediction  of  student  dropout  in  MOOCs by  means  of
ML has been carried out.  The meta-analysis technique
on 22 articles and two evaluation metrics has been used
to carry  it  out.  The PRISMA guide is  followed for  all
the work.

    10 Tsinghua Science and Technology, xxxx xxxx, x(x): 1−13

 

Ju
st

 A
cc

ep
te

d



It  is  concluded  that,  despite  the  high  levels  of
heterogeneity, these systems are particularly useful for
dropout  detection,  since  they  are  capable  of  detecting
more than 90% of students who drop out in most of the
studies carried out. However, we have found that some
of  these  systems  have  a  high  false  negative  rate,
leading  to  errors  in  predicting  students  who  complete
the course.  Using the subgroup analysis technique,  we
have found that the data used have a greater influence
on  the  performance  of  the  system  than  the  type  of
model used, in agreement with Gašević et al.[61]

To continue this work we propose some lines, all  of
which  are  aimed  at  reducing  heterogeneity  and
publication bias:

●  Extend  the  meta-analysis  by  taking  into  account
the  time  of  prediction  as  a  variable.  Despite  our
analysis  take  into  account  only  the “best  among  the
earliest” models,  giving  that  early  identification  of  at-
risk learners could help to reduce dropout[62], it should
be  interesting  to  consider  other  approaches.  One  of
these  approaches  would  be  to  consider  using  meta-
regression models.

●  The  correlation  between  measures  could  also  be
taken  into  account  by  means  of  a  bivariate  analysis.
The  so-called  diagnostic  meta-analysis  takes  into
account this aspect among others.

●  Extend  the  analysis  by  applying  less  restrictive
selection  criteria,  incorporating  the  so-called  gray
literature.
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