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ABSTRACT
Low completion rates are a well-documented challenge in
MOOCs, and Machine Learning (ML)-based predictors have
been proposed as a way to detect at-risk learners and sup-
port them through personalised interventions. Yet, evidence
shows that ML models trained on such data can be biased
against certain groups of learners, often the historically dis-
criminated ones. In particular, usage patterns can substan-
tially vary across world regions due to contextual factors,
which can affect predictions. In this work, we analyse ML
models trained on a MOOC dataset including African and
OECD learners to examine whether, and for whom, biases
arise. Our findings show that learners from Middle and
Western Africa and from countries with low HDI and low
literacy rates are affected by significant biases in ML pre-
dictions. Our findings highlight the need to systematically
evaluate ML unfairness in African educational contexts.
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1. INTRODUCTION
The widespread adoption of ML in education, e.g., for pre-
dicting course success or dropout risk, has raised concerns
about their fairness towards historically discriminated groups [7].
ML unfairness arises when model behaviours and accuracy
substantially differ across learner groups [8, 21]. When such
models guide important decisions like program admission,
resource allocation, and interventions for at-risk learners,
they risk perpetuating existing biases and hindering the aca-
demic outcomes for specific groups of learners [4].

Recent educational data mining research has explored fair-

ness in ML models on educational datasets [3, 10, 11, 26, 29].
Yet, surveys and opinion papers highlight a key limitation:
an overwhelming amount of studies focuses on North Amer-
ican and European learners, with few considering African
contexts [8, 17, 21]. Yet, African educational contexts have
distinctive features, including the high prevalence of mobile
or offline learning [16], stark rural-urban contrasts [14], un-
equal access to connectivity, electricity and computers [16],
widespread reliance on open digital spaces and digital uni-
versities to mitigate infrastructure limitations [24], decreas-
ing gender parity with higher levels of educational level in-
creases [1], and overcrowded classrooms [12]. These may
affect the target population and platform interactions, po-
tentially reflecting contextual constraints rather than learn-
ers’ engagement, abilities or interests.

Understanding this gap is critical for fairness-aware analysis,
particularly in MOOCs which serve international and highly
diverse learners, and are widely adopted in Africa [12, 16,
28]. While ML studies to predict drop-out on MOOC data is
extensive [2, 18], fairness analyses are scarce [10, 13, 22]. As
a result, the promise of democratizing access to knowledge
across continents through MOOCs cannot be fully realized
if known contextual differences are not accounted for from
the course design stage onward. In this respect, indiscrim-
inately combining data from African and Western learners
may exacerbate existing biases rather than mitigate them.

Within prior work, the only openly available MOOC dataset
used in a fairness study is the GDP-MOOC dataset pub-
lished by Lallé et al. [13]. This dataset involves students
from 23 African countries, mostly located in Western, North-
ern and Middle Africa. This work [13] showed that ML
models can accurately predict MOOC completion, but were
biased against African learners. However, they treated all
African learners as a single homogeneous group. Building
on this, we propose a fine-grained fairness analysis of bi-
ases across African countries and socio-economic character-
istics in this dataset. Beyond MOOCs, ML biases have been
analysed for automatic scoring of Nigerian essays (which
accounted for only < 0.03% of the data) [6], and in the
PISA 2015 data, but without specific results for Africa (Al-
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geria and Tunisia) [15]. This led to this research question:
Which specific countries or socio-economic characteristics
help explain the biases toward Africa of ML models predict-
ing course success in the GDP-MOOC dataset?

2. METHOD
2.1 Data and Machine Learning Setup
We used the GDP-MOOC open dataset in this paper (https:
//github.com/Mocahteam/GdPMOOC_Fairness) [13]. It orig-
inates from a French MOOC on Project Management last-
ing five weeks (2022 offering) delivered on the OpenEdX
platform. The dataset includes weekly aggregated statis-
tical summaries (e.g. counts) derived from OpenEdX log
data, the students’ country, and their final grade. Course
completion (pass/fail) is defined as achieving a final grade
of at least 50%. The GDP-MOOC dataset corresponds to
the Spring 2022 offering. It includes complete data for 912
learners (460 are in Africa, 452 in OECD countries in West-
ern Europe and North America), among whom 380 (39%)
successfully passed the course. Learners provided informed
consent for their data to be used for research purposes, and
all data are fully anonymized per the EU’s General Data
Protection Regulation (GDPR).

We replicate the ML pipeline proposed in [13] and shared
in their GitHub to train three supervised ML models and
predict in a binary way whether learners would succeed or
fail to obtain the certificate at the end of the MOOC. The
features used to train the models are the concatenation of
weekly action counts f l

w for each learner l ∈ L. We train
Logistic Regression (LR), Naive Bayes (NB), and Stochas-
tic Gradient Boosting (SGB) on these features, selected re-
spectively for classification performance, fairness, and ac-
curacy–fairness trade-off [13]. We apply learner-level 5-fold
stratified cross-validation with feature selection. The full
dataset description and ML pipeline are reported in [13],
and here we focus on the fairness analysis.

2.2 Bias Analyses
As stated above, ML models trained on the GDP-MOOC
dataset exhibited significant unfairness toward African learn-
ers [13]. To better characterize these biases, we conduct a
subgroup analysis based on the country of African learners
(N=460). Their distribution (shown in Table 1) is highly
uneven, with the top six countries accounting for over two-
thirds of learners and all others having fewer than 20 each.
Consequently, we opt to address our research question in
two complementary ways: first by focusing on the six coun-
tries with over 20 learners (Ivory Coast, DR Congo, Benin,
Cameroon, Burkina Faso and Senegal); and second by study-
ing larger groups of countries based on UN-based socio-
economic indicators. This second approach highlights higher-
level biases that span similar countries. In addition, it allows
us to include all of African learners into meaningful and rel-
evant larger analytical groups. The country characteristics
(listed in Table 2) are based on five country-level UN-based
indicators.

UN Regions: The five sub-regions of Africa defined by the
UN Geoscheme, a statistical way to group countries by main
geographical areas. This is to understand at the high level
whether specific parts of the continent receive more unfair

predictions. The data are from the UN Statistical Division1.

HDI: The four Human Development Index groups as defined
by the UN Development Program, a widely accepted way to
quantify human development in terms of life expectancy,
quality of education, and standard of living. This allows
assessing whether ML models perform equitably across con-
texts with unequal structural opportunities. The HDI groups
are based on the Human Development Report for 20222.

Literacy: The levels of literacy among adults, as compiled
by the UNESCO, which is used as a proxy for the access to
fundamental education. The 2022 data are extracted from
the IUS Bulk Data3.

Education: The quality of education (from elementary to
university), which is compiled by the UNESCO across a
large battery of indicators as part of its Sustainable Devel-
opment Goals (SDG-4). This is to evaluate whether lower
quality of education in a country hinders the overall usage
of the MOOCs, and in turn, the fairness of the models. The
data are extracted from the IUS Bulk Data3.

GDI: We consider the Gender Development Index as mea-
sured by the UN Development Program, since lower levels
of gender development may influence how men and women
engage with online learning resources such as MOOCs, po-
tentially affecting ML fairness. Using the raw GDI values,
we construct two categories, “low”and“high”GDI, by apply-
ing the African median as the cutoff threshold. The data are
extracted from the Human Development Report for 20222.

We also considered the countries’ GDP and access to the
Internet, but discarded them as both metrics were highly
correlated to the HDI (Pearson r > .7).

Fairness metrics. We measure the potential biases across
the different groups described in Table 2 through two com-
plementary metrics, namely the group-level AUC, and the
MADD. For the first one, we compute the AUC of the mod-
els in the test sets for each of the groups, by selecting only
learners from a specific group in the test sets (e.g., “West
Africa”) and computing the AUC of the models’ outputs
for those learners. This is a simple and commonly used
approach to gauge how a model’s accuracy varies across
groups [10, 21, 23]. For a model to be fair, its AUC should
be similar across the different groups of learners. As for
the MADD, it leverages the histograms of probabilities out-
put by a model for two groups to compute the areas where
the histograms do not overlap [27]. This approach allows
to measure how a given characteristics influence the models’
outputs, regardless of its performances, as well as toward
whom the output probabilities are inflated. To be fair, a
models’ outputs should not be related to any countries or
characteristics it does not know about. Because the MADD
involves comparing two groups in a pairwise manner, we
use it by comparing each target group against all of the
other learners (e.g., “Western Africa” learners vs. every-
body else). AUC ranges from 0 (worst performance) to 1
(best performance) and MADD ranges from 0 (fairest) to 2
(most unfair). Both AUC and MADD are independent from

1https://unstats.un.org/unsd/methodology/m49/
2https://hdr.undp.org/system/files/documents/
global-report-document/hdr2023-24reporten.pdf
3https://databrowser.uis.unesco.org/resources/bulk

606



Table 1: Number of learners (n) and passing rates (pr) per African country in the GDP-MOOC dataset.

Country n (pr) Country n (pr) Country n (pr) Country n (pr)

Ivory Coast 82 (22%) Togo 16 (31%) Niger 10 (20%) Burundi 3 (0%)
DR Congo 74 (36%) Guinea 14 (14%) Tchad 10 (3%) Mauritania 2 (50%)
Benin 60 (40%) Congo Republic 13 (23%) Tunisia 9 (22%) Central African Rep. 2 (0%)
Cameroon 42 (36%) Mali 13 (8%) Algeria 8 (38%) Rwanda 1 (0%)
Burkina Faso 40 (28%) Gabon 11 (27%) Madagascar 4 (0%) Mozambique 1 (0%)
Senegal 33 (27%) Morocco 8 (38%) Djibouti 4 (0%)

Table 2: Country characteristics, sample size per group within Africa and passing rates. We report all groups for completeness,
however, only groups with ≥ 20 learners are included in the analysis.

Characteristics Groups (#learners [passing rate])

Sub-regions of Africa Northern (25 [32%]), Western (270 [27%]), Eastern (13 [0%]) , Middle (152 [34%]), Southern (0)
HDI Low (369 [28%]), Medium (63 [33%]), High (28 [29%]), Very high (0)
Literacy Low (231 [26%]), Medium (155 [33%]), High (41 [27%]), Very high (33 [27%])
Quality of education Low (79 [22%]), Lower middle (292 [30%]), Upper middle (65 [31%]), High (24 [33%])
Gender Gap Index Low (281 [33%]), High (179 [22%])

the decision threshold of the ML models, i.e., the probability
cutoff above which a binary classifier labels an instance as
positive. Thus, they can provide a more robust and stable
assessment than metrics tied to a single threshold. In ad-
dition, AUC and MADD are complementary, as AUC deals
with the likelihood of correct predictions across groups and
MADD with the independence of the models’ decisions to-
ward group membership. Both metrics have been used in
EDM fairness studies, e.g., [19, 23, 27, 29].

3. RESULTS
Table 3 reports on the evaluation of the ML models’ fairness
over the countries and characteristics. For the MADD, we
indicate with a +/- sign whether the model’s behaviour is
in favour/biased (i.e., tends to give higher/lower probabili-
ties of success in the MOOC) toward the target group. To
formally compare these results, we apply a separate Fried-
man test for each unique combination of metric (group-level
AUC and MADD), ML model (LR, SGB, and NB) and fac-
tor (countries or characteristics). Each test assesses dif-
ferences in the metric across the levels of a single factor
within one ML model, with repeated measures defined by
the AUC/MADD values computed at each week and fold of
cross-validation. To account for multiple comparisons, we
apply the Benjamini–Hochberg method (BH) to adjust all
p-values simultaneously across the full set of Friedman tests,
making the correction stricter. We then examine significant
main effects using pairwise Wilcoxon signed-rank tests with
adjustment, and indicate in bold in Table 3 the values for
which the tests show significant unfairness.

Sub-regions. Table 3 shows contrasting results. LR favors
North Africa and is more biased against Middle Africa, while
NB favors Western Africa and is more biased against North-
ern Africa. The Friedman tests show a significant main effect
of sub-regions on AUC for RF (p = 0.008, η2 = 0.30), and
on MADD for LR, SGB and NB (p = 0.0001, η2 = 0.84, p =
0.0001, η2 = 0.75, p = 0.001, η2 = 0.67, respectively). The
post-hoc pairwise tests indicate that LR is significantly more
biased toward Middle Africa on both metrics (p < 0.03). For

SGB and NB, there is no significant difference in AUC, but
the main effects and pairwise tests for MADD also show sig-
nificantly more biases toward Middle Africa. These results
provide evidence that the Middle Africa sub-region countries
would experience some levels of unfairness with all models,
especially LR, even though its passing rate is the highest
(34%) among the three regions.

HDI. Table 3 shows that the AUC for High HDI countries is
substantially higher than for the other groups with LR and
SGB, but not NB. The Friedman tests only shows a signif-
icant main effect of HDI on AUC for LR (p = 0.049, η2 =
0.19) and NB (p = 0.038, η2 = 0.20), confirming the trends
that LR is significantly less accurate for Low HDI and NB
for high HDI. For all models, there is also a significant main
effect in MADD (p < 0.0001, η2 > 0.66 in all cases), con-
sistently showing more biases for Low and Medium HDI
groups, according to the post-hoc tests. These results show
that LR exhibits clear biases for low HDI countries.

Literacy. The Friedman tests show no significant main ef-
fect of literacy groups on AUC, but significant main effects
for all models on MADD (p < 0.0001, η2 > 0.51). For all
of these effects, the pairwise comparisons always show sig-
nificant biases toward Low and Medium levels of Literacy,
as compared to High (and surprisingly Very high for LR).
These results show that literacy can capture ML unfairness
in this dataset, but only in terms of MADD.

Quality of education. The Friedman tests show no main ef-
fects on AUC, but on MADD for LR and SGB (p < 0.0001,
η2 > 0.52). This suggests that the quality of education im-
pacts to some extent the models’ behaviors, but not their
performance. The post-hoc tests for MADD indicate more
biases toward the Low education groups (p < 0.05) across
the models. More surprisingly, the same effect is found for
the High education group (as compared to Lower middle and
Upper middle), possibly due to its small size.

GDI. The Friedman tests reveal no main effect of GDI on
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Table 3: Results per group and ML model. Bold means significantly more biased toward that group.

Factor Values
LR SGB NB

AUC MADD AUC MADD AUC MADD

Sub-regions
Northern Africa 0.82 1.03+ 0.73 0.95+ 0.69 0.28+
Western Africa 0.75 0.81- 0.73 0.59- 0.75 0.64+
Middle Africa 0.73 0.47- 0.74 0.40- 0.70 0.22-

HDI
Low 0.74 0.75- 0.73 0.54- 0.74 0.66-
Medium 0.75 0.73- 0.75 0.65- 0.73 0.22-
High 0.87 0.94+ 0.78 0.86+ 0.63 0.19+

Literacy

Low 0.76 0.78- 0.73 0.58- 0.74 0.63-
Medium 0.73 0.49- 0.72 0.44- 0.73 0.29-
High 0.84 0.82+ 0.78 0.74+ 0.69 0.18-
Very high 0.71 0.90- 0.74 0.68- 0.77 0.45+

Quality of education

Low 0.72 0.79- 0.73 0.62- 0.72 0.52-
Lower middle 0.76 0.62+ 0.74 0.48+ 0.74 0.52+
Upper middle 0.78 0.78+ 0.77 0.66+ 0.68 0.27+
High 0.71 1.01- 0.66 0.96- 0.83 0.40+

GDI
Low 0.75 0.53- 0.74 0.41- 0.73 0.42-
High 0.75 0.85- 0.72 0.68- 0.75 0.57-

Countries

Benin 0.78 0.75- 0.76 0.61- 0.72 0.37-
Burkina Faso 0.71 0.84- 0.71 0.79- 0.75 0.35-
Cameroon 0.76 0.89- 0.76 0.75- 0.69 0.23-
DR Congo 0.72 0.57- 0.71 0.56- 0.72 0.16-
Ivory Coast 0.75 0.66- 0.69 0.77- 0.76 0.66-
Senegal 0.71 0.90- 0.74 0.88- 0.77 0.45+

All Africa 0.75 0.86- 0.73 0.60- 0.73 0.70-
All OECD 0.81 0.86+ 0.77 0.60+ 0.70 0.70+

AUC and MADD, suggesting that no unfair treatments was
observed in the models’ outputs for this factor. This could
stem from the fact that gender gaps are on the high side
on the UN gender gap scales, meaning that this factor does
not capture in sufficient details the nuances in gender gap
across African countries, or conversely that all model can be
trained fairly across GDI groups.

Countries. Table 3 shows that none of the African countries
reach an AUC above 0.8, and that performances vary sub-
stantially across models. Friedman tests reveal a significant
main effect of country on AUC for LR (p = 0.006, η2 = 0.25),
SGB (p = 0.008, η2 = 0.24) and NB (p = 0.002, η2 =
0.29). Post-hoc tests further indicate that LR is signifi-
cantly less accurate for all African countries as compared
to OECD ones, SGB for learners from Ivory Coast, and
NB for learners from Cameroon. This shows that no model
can perform reliably across African countries. There are
also main effects of country on MADD for LR, SGB and
NB. Post-hoc tests show that LR is more biased against all
African countries as compared to OECD ones, SGB against
all countries but Benin and DR Congo, and NB against
Cameroon. Lastly, similarly to [13] when comparing African
versus OECD countries (last two rows of Table 3), signifi-
cant biases are observed for LR (p = 0.002, η2 = 0.19) and
SGB (p = 0.039, η2 = 0.11), confirming that these models
are more biased against Africa, even though African learners
constitute the majority of the learners in this dataset.

4. DISCUSSION
Our results do show several patterns of unfairness in our
ML predictors, thus answering our research question affir-
matively. Three main trends of unfairness emerge in our
results. First, we found evidence of biases toward learners
from Middle Africa, a region that, to our knowledge, has re-
ceived no prior attention in the ML fairness literature. We
thus contribute to this work by providing strong evidence
of biases in ML predictors trained on an international ed-
ucational dataset for this part of Africa. Within Middle
Africa, learners from Cameroon are exposed to biases in all
models, especially NB. This calls for investigating further
the possible reasons that could shape these learners’ data
in future work. In particular, Cameroon is characterized
by strong multilingualism, severe infrastructural deficien-
cies in rural schools, and high dropout rates in primary and
secondary education among girls and students from lower-
income households [20]. Second, we uncovered biases against
Western Africa, at least with LR and SGB. In related work
on AI fairness in education, solely one study [6] looked at
Nigerian learners (in Western Africa), without finding evi-
dence of unfairness, possibly due to their small number of
Nigerian data points. Within this region of Africa, we found
in particular that learners from Burkina Faso, Senegal and
Ivory Coast are exposed to varied levels of biases in the ML
models, further reinforcing the per-African country analysis
we propose in this paper. In a recent institutional report
on deploying a MOOC at scale in Western Africa, educa-
tors from these countries reported specific issues that could
explain different usage patterns of MOOCs resources [25].
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Specifically, educators reported Internet connectivity issues
leading to student dropouts in Burkina Faso; a clear lack of
experience with remote learning in Ivory Coast; and the need
for offline access to the MOOC in Senegal to enable partic-
ipation for all learners. For Ivory Coast, we also found very
low levels of interaction across the board, further showing
that students from this country may have struggled with the
MOOC’s activities, which could have in turn make it more
difficult for ML models to learn from these data. Third, we
also found evidence of unfairness that appears to be match-
ing existing struggles, namely countries with low HDI and
low levels of adult literacy. To our knowledge, no prior stud-
ies have uncovered these trends, which, worth noticing, are
not explained by sample size, since many biases affect large
groups (e.g., Low HDI, Middle Africa). Overall, our find-
ings highlight the need to broaden fairness research in ML
to more diverse contexts, including replicating existing fair-
ness studies in African settings.

Furthermore, as for the ML models, we found that LR gen-
erates substantial unfairness towards several groups, and in
general is more favourable to OECD learners, which is con-
sistent with the findings in [13] that LR is the most accurate
but the most biased model. While this previous work also
found that NB is the fairest model, we actually found that
NB can be biased as well (e.g., toward Cameroon), show-
ing that examining in depth unfairness is crucial to actually
deploy an ML model. This confirms that different models
trained on the same data can generate their own algorithmic
biases.

Overall, the absence of correlation between the observed
unfairness and subgroup pass rates, proportional represen-
tation, or absolute numbers of successful learners suggests
that the sources of bias in our setting differ from typical
representational and measurement biases, typically identi-
fied in Western educational contexts [4]. This observation
complements the regional patterns discussed above and sup-
ports the hypothesis that commonly used modelling fea-
tures, largely designed around assumptions and behavioural
norms characteristic of Western learning environments, may
not transfer well to African contexts. In particular, prior
work has shown that while infrastructural constraints con-
stitute a major barrier to MOOC adoption (often exceed-
ing challenges related to self-discipline [9]), course contex-
tualization, including the extent to which content reflects
learners’ lived realities, also plays a critical role in shap-
ing engagement [5]. Alongside these factors, variations in
digital literacy, constrained access to reliable infrastructure,
and educational trajectories may shape learner behaviours
in ways that are not adequately captured by current feature
representations. As a result, existing modelling approaches
may fail to encode meaningful indicators of learning and en-
gagement, thereby contributing to systematic disparities in
predictions. These findings highlight the need for context-
sensitive feature design and fairness interventions explicitly
accounting for linguistic, cultural, and infrastructural differ-
ences.

In addition to potential biases introduced by the ML models,
the diversity of learning contexts and modalities for access-
ing the MOOC in African countries likely contributed to
greater feature heterogeneity, which in turn affected model

training. In the GDP-MOOC dataset, for instance, African
learners interacted significantly less with videos (fewer videos
played, and fewer actions such as pausing, seeking, or en-
abling transcripts) than OECD learners, according to a t-
test with amount of video interaction as the dependent mea-
sure (p < .05). Within African subgroups, learners from
the DR Congo showed the lowest levels of video interaction.
These findings are consistent with prior work (see Introduc-
tion) emphasizing diverse modalities and challenges for ac-
cessing remote courses in Africa (e.g., mobile learning, access
through digital open spaces), which may help explain some
of the patterns observed here.

5. CONCLUSION
In this work, we explored the biases in ML predictors of
MOOC completion, focusing on African learners, by lever-
aging the publicly available GDP-MOOC dataset, which in-
cludes logged events, outcomes, and learners’ countries, with
about half of them being African. To the best of our knowl-
edge, our study is the first that focuses on eliciting complex
patterns of unfairness within Africa in educational data.

Overall, our findings show diverse forms of unfairness that
vary by ML model, highlighting the importance of investi-
gating ML unfairness for subgroups of African learners. As
these findings show no association with subgroup pass rates,
proportional representation, or absolute numbers of success-
ful learners, they suggest that the observed biases cannot be
attributed solely to representation effects.

These findings provide strong evidence for the need to con-
trol for the fairness of ML predictors in education before
deploying them in Africa, and provide insights about the
specific groups needing more attention. However, due to the
GDP-MOOC being in French, most of the African students
came from countries with a sizable French-speaking popula-
tion, typically Western, Middle, and Northern Africa, and
future work should consider other parts of Africa and mul-
tilingual MOOCs. Another limitation is that we focused on
one offering of a single MOOC, hence future work should
aim at replicating the results over a larger and more bal-
anced pool of MOOC learners. Lastly, while we provide
possible reasons for the observed biases in the ML models,
including structural and economical challenges documented
in African studies about MOOCs, future work is still needed
to link algorithmic unfairness with actual underlying causes.

With the rise of ML-driven tools in education, it is crucial
to carefully consider their robustness for African learners, a
continent with millions of learners who have received little
attention so far in existing ML fairness studies in education.
If we are to fulfill the promise that knowledge can reach
a wider audience, we must pay close attention to cultural
diversity at every stage of the educational and ML pipeline.
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V. Luengo. A comprehensive study on evaluating and
mitigating algorithmic unfairness with the madd
metric. Journal of Educational Data Mining,
16(1):365–409, 2024.
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