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Multi-Layer Personalized Federated Learning for
Mitigating Biases in Student Predictive Analytics

Yun-Wei Chu, Seyyedali Hosseinalipour, Elizabeth Tenorio, Laura Cruz,
Kerrie Douglas, Andrew S. Lan, Christopher G. Brinton

Abstract—Conventional methods for student modeling, which
involve predicting grades based on measured activities, struggle to
provide accurate results for minority/underrepresented student
groups due to data availability biases. In this paper, we pro-
pose a Multi-Layer Personalized Federated Learning (MLPFL)
methodology that optimizes inference accuracy over different
layers of student grouping criteria, such as by course and by
demographic subgroups within each course. In our approach,
personalized models for individual student subgroups are derived
from a global model, which is trained in a distributed fashion via
meta-gradient updates that account for subgroup heterogeneity
while preserving modeling commonalities that exist across the full
dataset. The evaluation of the proposed methodology considers
case studies of two popular downstream student modeling tasks,
knowledge tracing and outcome prediction, which leverage multi-
ple modalities of student behavior (e.g., visits to lecture videos and
participation on forums) in model training. Experiments on three
real-world online course datasets show significant improvements
achieved by our approach over existing student modeling bench-
marks, as evidenced by an increased average prediction quality
and decreased variance across different student subgroups. Visual
analysis of the resulting students’ knowledge state embeddings
confirm that our personalization methodology extracts activity
patterns clustered into different student subgroups, consistent
with the performance enhancements we obtain over the baselines.

Index Terms—federated learning, student modeling, personal-
ization, de-biasing

I. INTRODUCTION

ONLINE learning, underscored by its substantial surge
during the COVID-19 pandemic [2], has become a

critical component of contemporary educational platforms [3].
The lack of in-person interaction in online education poses
challenges for instructors in giving personalized attention to
individual students and delivering tailored feedback. This need
for tailored feedback has motivated the exploration of AI-
driven methods for providing personalized guidance and feed-
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back in online learning based on measured student progress
in online learning activities [4].
Student modeling [5] and its associated research area aims to

produce analytics that may inform such personalization efforts.
A broad spectrum of student models have emerged, including
those focused on (i) evaluating student knowledge, such as
item response theory [6] and models for knowledge tracing
[7], and those addressing (ii) student behavior, for instance, to
recognize psychological states [8], unveil learning tendencies
[9], and uncover engagement patterns in discussion forums
[10]. Because these student models are constructed using data
acquired from actual learning platforms, they are naturally
prone to any biases present within the accessible data [11].
As a result, addressing biases in data-driven student models
has gained traction, and research has delved into examining
inherent algorithmic biases in educational contexts [12]. The
methodologies explored to mitigate bias inherited from the
data include introducing constraints during model training that
ensure equitable outcomes among diverse student groups [13].
A shared focus in these prior de-biasing studies is the exam-

ination of bias/fairness within a singular global student model
that encompasses data from all students [14]. This setup is
typically effective in AI applications since more data generally
leads to improved model fit. However, this setup ignores the
fact that underrepresented groups may not be well-captured by
a population-level model, resulting in unfair predictions that
could severely impact some students [15], [16]. In contrast,
training separate local models for each student subgroup might
prove ineffective, as smaller subgroups lack sufficient data for
accurate model training. This study endeavors to formulate a
personalized student modeling methodology to tackle the data
availability issue challenges across subgroups.

A. Federated Learning and Student Modeling

The recently introduced federated deep knowledge tracing
(FDKT) approach [17] makes an initial attempt to coordinate
between global and local student models. It leverages federated
learning (FL) [18], a popular technique for enabling collabo-
ration among models trained on heterogeneous local datasets
through periodic global model aggregations.
Beyond the conventional FedAvg algorithm [19], research

in Global FL has introduced diverse aggregation techniques
to optimize the obtained global model, in terms of relevant
objectives for different learning settings, e.g., [20]. However,
statistical heterogeneity across local data distributions – i.e.,
non-i.i.d. (independent and identically distributed) data – is an
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Fig. 1. (a) Our problem setting of tracing online student learning activity
to predict learning outcomes. (b) Heatmaps illustrate differences in learning
behaviors observed (b1) across distinct student subgroups, such as males
versus females, and (b2) within the male subgroup, using our QDS dataset.

inherent characteristic of most FL applications that presents
fundamental challenges to Global FL [21]. This has moti-
vated Personalized FL which aims to redefine the relationship
between the local and global models for a better match to
individual local datasets [22]. In particular, personalized FL
shifts the optimization focus to individual local objectives,
often by incorporating meta-functions into the definition of
the global learning objective [23].
In student modeling, this statistical heterogeneity property

manifests along several dimensions. FDKT [17] deals with
the challenge of heterogeneity stemming from the division of
student training data across multiple schools. Applying the FL
principle, individual school-specific models are trained, and
communication between the global and local models is man-
aged without sharing data across schools. Although this setup
mirrors certain real-world educational scenarios, it overlooks
the broader context of diversity among student subgroups,
including factors like race, gender, and demographic variables.
In AI fairness research, it has been noted that minority
groups with limited data can be overlooked during model
training, leading to biases and ethical concerns [24], [25].
This happens because AI models are frequently trained on
datasets that contain more samples from majority population
groups, causing them to be better suited for these groups
while being less effective for minority groups with limited
representation. This issue has been identified in various AI
application domains, such as medicine [26], language mod-
eling [27], and image recognition [28]. As a result, biased
models tend to be less accurate and unfair when applied to data
from underrepresented groups. In the online education field,
data from user interactions are similarly skewed according to
the demographics of students who have historically taken these
courses the most, naturally creating biases in AI-driven student
models [29], [30]. This bias has been observed in several
applications, such as knowledge tracing [31] and graduation
prediction [32] tasks, where AI models produce lower-quality
outputs for students from underrepresented backgrounds. For
instance, students from lower-income support levels are of-
ten disadvantaged in these educational predictions, further

exacerbating fairness issues in AI models [31], [32]. Such
challenges highlight the importance of addressing bias and
ethical concerns in the training data to promote fairness and
accuracy for all groups.
The aggregation mechanism in FDKT assigns weights to

local models based on their “data quality,” which is assessed
by fitting local psychometric models like classical test theory
and item response theory. This leads to an implicit devaluation
of underrepresented student subgroups due to insufficient data
volume. However, this is unacceptable in our setting as the
data from each group holds crucial information about these
students’ learning processes. We address this in our work by
developing a Personalized FL methodology which accounts
for heterogeneity across courses and demographics in a multi-
tiered student modeling framework.

B. Activity-Based Student Modeling
Our student modeling approach will build upon two signifi-

cant insights from previous research in educational data mining
that can further mitigate biases. These will come into play in
Sec. III as we formalize two downstream student modeling
applications for case-studies of our methodology.
The first insight is that student learning activity patterns, en-

compassing actions like video viewing, participation in discus-
sion forums, and clickstream logs (as depicted in Figure 1(a)),
contain signals of student achievement in online courses [33],
[34]. Given that each student typically generates a significant
number of activity records over a course’s duration, inclusion
of such data could alleviate the sparsity challenges faced by
prediction models trained on subgroups with fewer students.
The second observation is that unique learning activity

patterns can be identified both within and across student
groups (e.g., different gender groups) [35], [36]. This phe-
nomenon was initially found in traditional classrooms, includ-
ing behaviors like participation and engagement with course
materials, and more recently in digital learning environments
as well [37]. Hence, we aim to consider how variations in
sequences of learning behaviors, such as accessing a fo-
rum, viewing specific videos, and answering particular quiz
questions, across student subgroups can be integrated into
personalized federated learning models. Yet, online learning
behaviors are noisier than those occurring in in-person settings
(e.g., accidental video access, inadvertent skipping through a
video), posing challenges in identifying these patterns through
conventional data mining methods [33].
For example, considering one of the datasets in this paper,

Figure 1(b) depicts the heatmaps of differences observed when
students engage in particular learning activities. We explore
two cases: (b1) across learners of a demographic group (all
males vs. all females), and (b2) within a subgroup (50% of
males vs. the other 50%, randomly chosen). Each heatmap
value represents the difference in the proportion of students
participating in the activity at that specific point in their
learning journey. (b1) reveals varied trajectories compared
to (b2), consistent with diverse learning behaviors among
different subgroups. However, (b2) also shows significant
differences despite being a comparison within the same sub-
group. This motivates the meta-learning approach we propose
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for subgroup personalization, wherein shared patterns in data
across subgroups are integrated into a global model, which
can then be fine-tuned using local subgroup information.

C. Outline and Summary of Contributions
In this paper, we develop a federated student modeling

methodology that personalizes prediction models for different
data grouping criteria and mitigates the bias in data avail-
ability for underrepresented groups. Specifically, we make the
following major contributions:

• We design Multi-Layer Personalized Federated Learning
(MLPFL), where local models associated with different
student groupings are adapted from a global model (Sec-
tion II). Unlike prior methods that invoke data quality
heuristics, this adaptation involves meta-gradient updates
on localized data from particular courses or student
subgroups. We show that this mitigates biases from
heterogeneous data availability.

• We consider two popular downstream student model-
ing tasks for our methodology, knowledge tracing and
outcome prediction (Section III-B). We formulate these
based on multi-modal activity logs on learner interactions
with course content and in discussion forums available in
real-world online course datasets (Section III-A).

• Through experiments on three online education datasets
(Section IV), we demonstrate that our methodology sig-
nificantly outperforms existing approaches in terms of
improving prediction accuracy and reducing variance
across subgroups (Section IV-A-IV-B). We find this ad-
vantage appears at both the global and local model levels,
resulting in a robust prediction framework that can adapt
between different student groupings.

• Our experiments reveal that demographic-based MLPFL
provides substantial improvements in student modeling
compared to course-level personalization without demo-
graphic information. We also visually examine how the
student activity embeddings generated by our approach
cluster according to subgroups, and find that they exhibit
informative clusterings (Section IV-C).

This paper is an extension of our prior conference ver-
sion [1]. Compared with [1], this extension adds the following
major components: (1) We consider a hierarchical personal-
ization approach that incorporates subgroup variables across
both courses and demographic groups within courses, while
[1] only considers demographic groups and treats each course
independently. (2) In addition to student outcome prediction
considered in [1], we extend our exploration to include the
knowledge tracing use case. (3) Our experiments have been
augmented with various baselines to evaluate different compo-
nents of hierarchical personalization, and have also introduced
a practical scenario where access to students’ demographic
information is unavailable.

II. MULTI-LAYER PERSONALIZED FEDERATED LEARNING

This section introduces the training procedures of Multi-
Layer Personalized Federated Learning (MLPFL) based on
general modeling assumptions. We detail the model structures

for specific downstream tasks in Section III-B. The two layers
we consider for our modeling hierarchy are courses and
demographics. Since demographic information may not always
be available, we consider two different scenarios, as depicted
in Figure 2. The first scenario (Figure 2(a)) conducts adaptable
student modeling by course only. The second scenario (Figure
2 (b)) further considers personalization for each demographic
subgroup within each course, i.e., when students have provided
this information.

A. Scenario I: Course-specific Adaptation
1) Data Partitioning by Courses: Well-defined dataset par-

titioning is essential for scenarios I and II since it is the basis
for personalization. We use ⌦c to represent the students of
each course c 2 {1, 2, ..., C}, where C is the number of
courses. For each course, the partition is done by splitting
students into train-test sets at a ratio of 4:1, denoted as
⌦c = {⌦train

c
,⌦test

c
}. Therefore, our entire collected dataset

is ⌦ =
S

C

c=1 ⌦c = {⌦train,⌦test}, where ⌦train =
S

C

c=1 ⌦
train
c

and ⌦test =
S

C

c=1 ⌦
test
c

. The methodology proposed in this
section uses ⌦train

c
(c = 1, · · · , C) to build C models for

courses, denoted as⇥c, for the downstream tasks formulated in
Section III. The prediction performance of each trained model
⇥c is subsequently evaluated by using test set ⌦test

c
.

2) Meta-Learning Adaptation: To facilitate adaptation to
courses, our methodology obtains separate local models for
each course. Locally, we address two tasks: (i) generating a
course-customized model ⇥c for global aggregations and (ii)
adapting the global model ⇥g according to the characteristics
of students within each course. Our objective is to develop
a global model that can be easily adaptable to each course.
For this purpose, we employ a personalized federated learning
framework based on meta-learning [23] to find the global
model that addresses the optimization problem:

min⇥
X

c2C
Fc(⇥) := fc

�
⇥�rfc(⇥)| {z }

(a)

�
, (1)

where Fc(·) is the meta-loss function of course c, and fc(·)
is the original loss function, which is the sum of prediction
losses (i.e., binary cross entropy loss as we will formulate in
Section III-B1 and III-B2) over course c. The key distinction
between our loss function (equation (1)) and those used in
prior student modeling studies [38], [39] is that ours minimizes
the loss of the adapted versions of the global model. This
adaptation is performed through a single gradient descent step,
represented as term (a) in (1), executed on the dataset of
course c. In essence, our approach leverages the commonality
of data across courses to develop an adaptable global model
which can be easily tailored to individual courses.
To address (1), we derive local update steps based on meta-

gradients. The training process is executed in a series of
training rounds k 2 1, · · · ,K, where each round comprises
multiple local training iterations e 2 1, · · · , E. Within each
iteration e, course c 2 C updates its local model ⇥(k,e)

c using
solely the student data associated with that course. After each
local model completes its E iterations, these local models
are synchronized through a global aggregation process. In
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Fig. 2. Overview of the personalized methodology we develop in this paper for customizing prediction models for (a) each course and (b) each demographic
student subgroup. Our Multi-Layer Personalized Federated Learning (MLPFL) methodology refines global models in a hierarchical manner to create personalized
local student models for distinct student groups, leveraging both commonality and subgroup diversity.

every round k, the local model for each course c begins with
initialization as ⇥(k,0)

c = ⇥(k)
g , where ⇥(k)

g represents the
global model achieved at the completion of round k�1. Then,
each course c performs its meta-gradient updates according to

⇥(k,e)
c

= ⇥(k,e�1)
c

� ⌘rFc

⇣
⇥(k,e�1)

c

⌘
, e = 1, · · · , E, (2)

where ⌘ is the step size, and following (1), the meta gradient
rFc is computed as:

rFc(⇥) =
�
I�r2fc(⇥)

�
rfc (⇥�rfc(⇥)) , 8⇥, (3)

where r2 is the Hessian operator. The second-order Hessian
term in (3) can be first-order approximated without causing
deterioration in performance [23]. Following the local up-
dates, we compute the global aggregation ⇥(k+1)

g through an
attention-based technique explained in the following section.
3) Attention-Based Global Model Aggregation: The global

modeling phase in our approach involves two tasks: (i) ag-
gregating local models and (ii) synchronizing course models
with the resulting parameter vector for subsequent rounds
of local model training. Rather than relying on the conven-
tional averaging-based aggregation FedAvg [19], we utilize an
attention-based aggregation, FedAtt [20]. FedAtt incorporates
an attention mechanism to assign weights to local models
based on the extent to which the parameters in their individual
layers have diverged from the previous global model.
In each aggregation step, the global model is informed by

two elements: (i) the entirety of local models ⇥(k,E)
c (c =

1, · · · , C), and (ii) the respective attention weight associated
with each local model. The attention weight ↵(k)

c for the local
course model ⇥c is calculated across its layers L as follows:

↵(k)
c

=
X

`2L
softmax

⇣���⇥(k)
g

(`)�⇥(k,E)
c

(`)
���
⌘
, (4)

where ` 2 L represents a specific model layer, and ⇥(k)
g (`)

and ⇥(k,E)
c (`) denote the parameter vectors of the `-th layer

Algorithm 1 Course Level MLPFL
1: Global Model at k training round: ⇥k

g
; Local Model of

course c at k training round and e local iteration: ⇥(k,e)
c

2: Global Execution:
3: Initialize global model ⇥(0)

g

4: for each global round k = 1, 2, ...,K do
5: for each course c 2 C in parallel do
6: ⇥(k,E)

c  LocalAdaptation (⇥(k�1)
g )

7: for each course c 2 C do
8: Compute attention weight ↵(k�1)

c using (4)
9: Obtain the global model ⇥(k)

g by (5)

1: LocalAdaptation (⇥(k�1)
g ):

2: Initialize the local model ⇥(k,0)
c = ⇥(k�1)

g

3: for Each local iteration e = 1, · · · , E do
4: Obtain ⇥(k,e)

c using the meta-update rule (2)
5: Return parameters ⇥(k,E)

c

in the global and local models, respectively, during global
aggregation. The resulting aggregated global model is:

⇥(k+1)
g

= ⇥(k)
g

� ✏
X

c2C
↵(k)
c

⇣
⇥(k)

g
�⇥(k,E)

c

⌘
, (5)

where ✏ is a tunable step-size. The full personalized FL process
is outlined in Algorithm 1 and Figure 2(a).

B. Scenario II: Personalized by Course and Demographics
1) Data Partitioning by Demographic Variables: Open

platforms, such as edX and Coursera, usually solicit students’
demographic details during registration, which they can fill
out voluntarily. In this section, we add an additional layer of
personalization based on this demographic information. Next,
we illustrate the partitioning criterion using the training set as
an example; the test set follows the same partitioning rule. We
use ⌦train

{c,I} to represent the students belonging to the training
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set who answered specific demographic information I within
course c. For each variable I , we assume there are a finite
set of categories (groups) for students to select from, e.g., as
defined by a dropdown list. Based on our available datasets
from edX (see Section III-A), the demographic information
I 2 {G, C, Y} includes three frequently employed vari-
ables: Gender (G), Country (C), and Year of Birth (Y). For
country, we group students into five continents since some
countries receive no responses at all. ⌦train

{c,G} , ⌦train
{c,C}, and

⌦train
{c,Y} are not necessarily the same since students may choose

to not respond to certain demographic questions.
For the set ⌦train

{c,I}, we further define ⌦train
{c,I,x} as the set

of students belonging to subgroup x 2 X , where X is
the set of groups in variable I . For example, X = {M,F}
represents male and female subgroups for gender informa-
tion (I = G) when it is provided. For country informa-
tion (I = C), X = {AS,AF,EU,NA,SA} represents Asian
(AS), African (AF), European (EU), North American (NA),
and South American (SA) student subgroups. Furthermore,
X = {<80,80-90,>90} represent year of birth prior to
1980, between 1980 and 1990, and after 1990 for birth year
information (I = Y ). To conclude, ⌦train

{c,I} =
S

x2X ⌦train
{c,I,x}

Moreover, we introduce ⌦train
{c,¬I} to denote the set of stu-

dents that chose not to provide demographic information I
in the training set of course c. To be specific, ⌦train

c
=

{⌦train
{c,I},⌦

train
{c,¬I}}. We will use ⌦train

c
to build several local

models, denoted as ⇥{c,I,x} or ⇥{c,¬I}. ⇥{c,¬I} denotes the
model built by ⌦train

{c,¬I}, and ⇥{c,I,x} represents the model
constructed by the specific x subgroup of demographic in-
formation I within course c. When performing Multi-Layer
Personalized Federated Learning in this section, we consider
two settings: (i) training models by using ⇥{c,I,x} and (ii)
training an additional model ⇥{c,¬I} alongside ⇥{c,I,x}. The
prediction performance of each model then is tested on
⌦test

{c,I,x} or ⌦test
{c,¬I} after the training procedure.

2) Meta-Learning Personalization: We build separate mod-
els for demographic subgroups to facilitate more fine-granular
prediction personalization within each course. Specifically, as
shown in Figure 2(b), we build separate subgroup-personalized
models and increase the hierarchy during MLPFL training.
Similar to the local model personalization for courses as
explained in Section II-A2, we undertake two tasks at the
subgroup level: (i) generating a subgroup-personalized model
for global aggregations and (ii) adapting the global model
using local subgroup data. Our aim is to train a global
model that is easily adaptable to each local student subgroup.
Therefore the optimization problem will change from (1) to:

min⇥
X

c2C

X

x2X
F{c,I,x}(⇥) := f{c,I,x}

�
⇥�rf{c,I,x}(⇥)
| {z }

(b)

�
,

(6)
where F{c,I,x}(·) is the meta-loss function of student subgroup
x (corresponding to information I) in course c, and f{c,I,x}(·)
is the original loss function, which is the sum of prediction
loss over the dataset of group x in course c. This adaptation
is performed through a single gradient descent step, indicated
by term (b) in (6), conducted on the local dataset of subgroup
x. In essence, our approach leverages the commonality of data

across subgroups to develop an adaptable global model, readily
customizable for each specific subgroup.
To solve (6), we derive meta-gradient based local update

steps. Similar to Scenario I, the training also proceeds through
a sequence of training rounds k 2 {1, · · · ,K}, with each
round consisting of multiple local training iterations e 2
{1, · · · , E}. During each iteration e, the local subgroup-model
⇥(k,e)

{c,I,x} is updated by meta-gradient:

⇥(k,e)
{c,I,x} = ⇥(k,e�1)

{c,I,x} �⌘rF{c,I,x}

⇣
⇥(k,e�1)

{c,I,x}

⌘
, e = 1, · · · , E,

(7)
where ⌘ is the step size, and rF{c,I,x} is the meta gradient.
3) Global Model Aggregation and Adaptation: We employ

attention-based aggregation for global model construction. As
we have additional hierarchy for training, the global modeling
stage in this scenario encompasses four tasks: (i) aggregat-
ing local subgroup-models into course-models, (ii) aggregat-
ing course-models into a global model, (iii) synchronizing
course-models with the resulting global parameters for course-
level adaptation, and (iv) synchronizing subgroup-models with
course-level parameters for subgroup-level adaptation.
At each aggregation step, local subgroup-models are first

aggregated into course-models as:

⇥(k+1)
c

= ⇥(k)
c

� ✏
X

x2X
↵(k)
{c,I,x}

⇣
⇥(k)

c
�⇥(k,E)

{c,I,x}

⌘
8I, (8)

where ↵(k)
{c,I,x} is the layer-wisely computed attention weight

for local subgroup-models:

↵(k)
{c,I,x} =

X

`2L
softmax

⇣���⇥(k)
c

(`)�⇥(k,E)
{c,I,x}(`)

���
⌘
, (9)

with L denoting the set of layers. After aggregating the
subgroup-models into course-models, the global model ⇥g

receives the parameters of each course-model ⇥c and performs
attention-based aggregation as follows:

⇥(k+1)
g = ⇥(k)

g � ✏
X

c2C
↵(k)
c

⇣
⇥(k)

g �⇥(k+1)
c

⌘
, (10)

where ↵(k)
c is the attention weight for course-models:

↵(k)
c

=
X

`2L
softmax

⇣���⇥(k)
g (`)�⇥(k+1)

c
(`)

���
⌘
, (11)

and ` 2 L denotes a particular model layer.
The full MLPFL algorithm is summarized in Algorithm 2

and Figure 2(b). Note that, in Scenario II, there are two steps
of synchronization after ⇥(k)

g has been aggregated, compared
with Scenario I where there is just one step. The first syn-
chronization is adapting the global model ⇥g as a temporary
course-model ⇥0

c
, as shown in line 6 of Algorithm 2. This

course adaptation is done through a single-step update by using
a batch of students from course c. We use stratified sampling to
select a few students within each subgroup to form this batch
without bias. After the course adaptation, the second step is
to synchronize and adapt the subgroup models, shown in line
8. In each round k, the subgroup model for demographic x in
course c is initialized as ⇥(k,0)

c,x = ⇥(k)0

c , where ⇥(k)0

c is the
temporary course-model. Referring to Figure 2(b), the ⇥(k,E)

c,x
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Algorithm 2 Demographic Level MLPFL
1: Global Model at k training round: ⇥k

g
; Global Course-

level Model of course c at k training round: ⇥k
c
; Local

Demographic-level Model of demographic subgroup x in
course c at k training round and e local iteration: ⇥(k,e)

{c,x}
2: Global Execution:
3: Initialize global model ⇥(0)

g

4: for each global round k = 1, 2, ...,K do
5: for each course c 2 C in parallel do
6: ⇥

0(k)
c  Course-level Adaptation (⇥(k�1)

g )
7: for each subgroup x 2 X in parallel do
8: ⇥(k,E)

{c,x}  LocalAdaptation (⇥
0(k)
c )

9: for each subgroup x 2 X do
10: Compute attention weight ↵(k�1)

x using (9)
11: Obtain the course-level model ⇥(k)

c by (8)
12: for each course c 2 C do
13: Compute attention weight ↵(k�1)

c by (11)
14: Obtain global model ⇥(k)

g based on (10)

1: Course-level Adaptation (⇥(k�1)
g ):

2: Initialize the course-level model ⇥(k)
c = ⇥(k�1)

g

3: Obtain ⇥
0(k)
c using one step of meta-update (2)

1: LocalAdaptation (⇥
0(k)
c ):

2: Initialize the local model ⇥(k,0)
{c,x} = ⇥

0(k)
c

3: for each local iteration e = 1, · · · , E do
4: Obtain ⇥(k,e)

c using the meta-update (7)
5: Return parameters ⇥(k,E)

c for each course c

correspond to the models at the bottom level of the hierarchy,
which have the most fine-granular adaptation. Then, in line
11, the updated course-level models ⇥(k+1)

c are obtained by
aggregating the bottom-level models, corresponding to the
middle level of the hierarchy. Finally, in line 14, the updated
global model ⇥(k+1)

g is obtained by aggregating the middle-
level models, corresponding to the top level of the hierarchy.

III. DATASETS AND PREDICTION TASKS

A. Datasets

Our datasets are sourced from online courses hosted on the
edX platform (www.edx.org) at Purdue University. We study
three graduate-level courses: Fiber Optic Communications
(FOC), Quantum Detectors and Sensors (QDS), and Essentials
of MOSFETs (MOSFETs). Within each course, a series of
lecture videos is available, some of which include end-of-video
quizzes to evaluate student comprehension. Additionally, every
course features a discussion forum where students can engage
in interactions with one another. The platform also logs the
final grade of each student, indicating whether they passed
or failed according to the grading policy. Table I provides
summary statistics for the three courses, highlighting a diverse
range of activity levels for our evaluation. Details about the
dataset are available in Appendix A.

TABLE I
SUMMARY DETAILS OF THREE DATASETS ACQUIRED FROM EDX.

FOC QDS MOSFETs
# of students 1,265 2,304 886
# of lecture videos 43 31 26
# end-of-video quizzes 25 23 11
# of discussion threads 20 35 17
Avg. reply per thread 1.95 0.48 1.44
Avg. activities per student 50.42 41.44 35.41

1) Video-watching behavior and quiz responses: Each time
a student u accesses a lecture video vc of course c, their
activity is recorded with the following information: student
ID, course ID, video ID, and UNIX timestamp. In each course,
the in-video quizzes comprise either a single multiple-choice
question or a True/False question, presented at the end of
the video. When student u submits an answer to the in-
video question for video vc, the platform records the student’s
response ru,vc 2 {0, 1}. ru,vc = 0 indicates an incorrect
response, and ru,vc = 1 otherwise.
2) Discussion forum interactions: When student

u visits the discussion forum page, the learning
platform logs forum participation activities as
fu 2 {forum post, forum reply, forum view}. forum post
represents a student initiating a new thread or making a post
to an existing one, forum reply indicates a student’s response
to another student’s post, and forum view marks a student’s
visit to a thread without posting or replying.

B. Student Prediction Modeling Tasks
To evaluate MLPFL, we implement two downstream tasks,

knowledge tracing [38] and student outcome prediction [1].
1) Knowledge Tracing: We formulate knowledge tracing

task by using students’ video-and-quiz interactions in our
dataset. Let xu,t = (iu,t, ru,vc,t) be a tuple representing the
item i attempted by student u at time t, where t serves as the
activity index for each student. ru,vc,t 2 {0, 1} represents the
result of the student’s response to the quiz on video vc at time
t. iu,t = (c)� (vc) is a combined representation of course
ID c and video vc by using one-hot function (·), where �
denotes vector concatenation.
Given a series of interactions Xu = {xu,1, xu,2, ..., xu,t},

the goal of knowledge tracing task is to predict the value of
ru,vc,t+1 representing if student u will answer the new item
correctly based on their current knowledge state hu,t. The
current knowledge state of a student will be highly correlated
with their previous knowledge state. Therefore, we follow
[38]’s suggestion that models student learning process by Long
Short Term Memory network (LSTM) as:

hu,t = LSTM (iu,t, hu,t�1) . (12)

The probability of correctly answering item iu,t is:

p
u,t+1 = softmax (W · hu,t + b) , (13)

where W 2 Rk⇥2 is the weight for linearly transforming hu,t,
k = 48 is the hidden dimension, and b 2 R2 is the bias vector.
For student u answering item iu,t at time t, the prediction loss
lu,t can be modeled with the binary cross entropy loss:

lu,t = ru,vc,t log(pu,t + (1� ru,vc,t) log(1� p
u,t

)), (14)
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where 1 is an all-one vector and ru,vc,t is the one-hot encoding
vector of the binary response ru,vc,t. Finally, the total loss
LKT for knowledge tracing (KT) can be represented as

LKT =
X

u2⌦

LuX

t

lu,t, (15)

where Lu is the length of the time series sequence Xu.
2) Outcome Prediction: In addition to tracing students’

knowledge state, we consider both video interaction and
forum-activity to form a complete knowledge representation
for outcome prediction [1]. For each student u, the complete
activity record at time step t is defined as au,t = (c) �
(vc)� (ru,vc,t)� (fu,t), where fu,t represents the forum-

participation activity fu made by student u at time t. We adopt
this concatenation of video interaction and forum-participation
activity to maintain uniformity in the activity dimension. Note
that video and forum activities occur separately; whenever
a student watches a video, the forum-participation part of
this encoding, i.e., (fu,t), is set as 0. Likewise, whenever
a student makes a forum-participation activity, the video part
of au,t, i.e., [ (vc)� (ru,vc,t)] = 0.
Given a series of activities Au = {au,1, au,2, ..., au,tu}, the

goal of outcome prediction is to infer a binary classification
label su 2 {0, 1} indicating whether the student successfully
completed the course or not. Note that tu, the total number
of activities for student u used for modeling, can vary based
on the time-frame of interest for the prediction tasks; it can
represent any segment of the course duration, such as the
entire course, or segments more appropriate for early detection
prediction, e.g., the first couple weeks of the course. This
flexibility allows for tailored analyses at different stages of the
course, accommodating various intervals of student engage-
ment. The specific designations of tu used in our experiments
will be detailed in the experiments section. We follow [1]’s
suggestion and leverage attention-based Gated Recurrent Units
(GRU) to capture dependencies over long time periods [34].
The model takes encoded activities as an input, generates
learned representations for each student, and predicts learning
outcome. The hidden state of the GRU model is defined as
follows:

hu,t = GRU (au,t, hu,t�1) . (16)

Encoding a long temporal sequence au,t into a single final state
hu,t can lead to substantial loss of information. To address
this concern, [40] introduced a self-attention mechanism that
assigns weights to hu,t across time. Rather than forcing the
network to condense all information into the final state, an
attention module accepts all hu,t as input and produces the
learned representation ehu as output. Applying this concept to
our context, we define an attention module as:

ehu =
X

t

↵thu,t, (17)

where the weight ↵t = exp(et)P
t exp(et)

, et = p>
t
tanh (W↵hu,t),

and W↵ is a learned parameter. Then, a linear layer converts
the representation into the predicted pass/fail probability:

s0
u
= softmax

⇣
W · ehu + b

⌘
, (18)

where W 2 Rk⇥2 is the weight matrix for linearly transform-
ing ehu, k = 48 is hidden dimension, and b 2 R2 is the bias
vector. The loss LOP for assessing the quality of outcome
prediction (OP) is defined as binary cross-entropy loss:

LOP = �
X

u2⌦

su log(s0u) + (1� su) log(1� s0
u
), (19)

where s0
u
is the model’s prediction, 1 is an all-one vector, and

su is the one-hot encoded vector of the binary label su.

IV. EXPERIMENTAL EVALUATION

We now carry out experiments on our three online course
datasets from Section III to evaluate our personalization
methodology MLPFL. We employ the standard AUC metric
for evaluation. See Appendix B for implementation details.

A. Models and Baselines
We compare MLPFL against baselines in several different

configurations. These configurations differ in terms of several
attributes: (i) scenario (i.e., scenario I (sc1) and II (sc2)
we introduced in Section II-A and II-B), (ii) architecture
(i.e., local (L), global (G), and personalized (P) model), (iii)
FL aggregation method (i.e., average-based aggregation (AV),
attention-based aggregation (AT)), and (iv) hierarchy informa-
tion (for the scenario with demographic personalization). For
conciseness, we use a general structure:

Method =[<Scenario>-<Architecture>-

<Aggregation>-<Hierarchy>]
(20)

to represent each baseline according to the attributes listed
in Table II. In Scenario II, <Hierarchy> specifies the
level within our hierarchical adaptation structure where the
model is taken from–bottom (B), middle (M), or top (T). As
discussed in Sec. II-B, “B” models are tailored to demographic
subgroups within courses, providing the most fine-granular
adaptation. “M” describes course-specific models that are
adapted based on the learning patterns of students within
a particular course. “T” indicates the global model, which
is aggregated across all courses and demographics to offer
the most coarse-granular yet comprehensive overview. This
hierarchical approach enables nuanced modeling that ranges
from highly personalized to broadly generalized analyses. For
example, [sc2-P-AT-B] corresponds to the personalized
model that adapts the attention-aggregated global model based
on the data of the bottom level (demographic subgroups) in
scenario II.
Also, under the <Architecture> attribute, note that

both the “G” and “P” architectures have global federated
models, despite the “global (G)” name. The difference is
that the global federated models in the “G” category are
obtained through aggregations in standard, non-personalized
federated learning, whereas those in the “P” category are
defined according to our meta-learning adaptation procedures
formalized in Section II. Thus, the “G” category contains
important baselines for evaluating our meta-learning-based
student modeling. We will clarify the exact procedure followed
in each algorithm setup from Table II.

This article has been accepted for publication in IEEE Transactions on Emerging Topics in Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TETC.2024.3407716

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.  See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University of Massachusetts Amherst. Downloaded on September 08,2024 at 19:20:45 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2023 8

TABLE II
ILLUSTRATION OF ALGORITHM SETUPS: SC1 AND SC2 DENOTE THE FIRST
AND SECOND SCENARIOS, AND L, G, AND P STAND FOR LOCAL, GLOBAL,

AND PERSONALIZED MODELS. <AGGREGATION> INCLUDES AV FOR
AVERAGE-BASED AND AT FOR ATTENTION-BASED AGGREGATIONS. IN

SCENARIO II, THREE HIERARCHY LEVELS—DEMOGRAPHIC (B), COURSE
(M), AND GLOBAL (T)—ARE USED.

Configuration Attribute
<Scenario> sc1, sc2
<Architecture> L, G, P
<Aggregation> AV, AT
<Hierarchy> (optional) B, M, T

1) Algorithms for scenario I (<Scenario> = sc1):
Local Modeling (<Architecture> = L) We construct
a local baseline [sc1-L] by building several local models
based on student data in each course. More specifically, we
train three local models, one for each course c 2 C, using
datasets ⌦train

c
and evaluate each model on ⌦test

c
.

Global Modeling (<Architecture> = G) We imple-
ment three global models for scenario I. One of them,
[sc1-G], is a centralized model without FL, while the others,
[sc1-G-AV] & [sc1-G-AT], are Global FL models.
• [sc1-G]: A centralized global model is trained on all

the students’ training data ⌦train collected from all the courses
and evaluated on ⌦test.

• [sc1-G-AV]: A federated global model is implemented
from FedAvg [19]. We train several local models ⇥(k,e)

c on
⌦train

c
, without meta-learning. Upon completing E iterations,

FedAvg aggregates local models, considering the student count
in each course as the weighting factor for the aggregation:

⇥(k+1)
g =

X

c2C

Nc

N
⇥(k,E)

c
, (21)

where k is training round, Nc is the number of students of
course c, and N =

P
c2C Nc. After K global aggregations,

we take ⇥(K)
g as [sc1-G-AV] to evaluate FedAvg on ⌦test

c
.

• [sc1-G-AT]: An attention-based federated global al-
gorithm is implemented from FedAttn [20]. After E local
iterations, FedAttn aggregates local models based on the
attention mechanism introduced in (4). After K rounds, the
global model ⇥(K)

g defined in (5) is evaluated on ⌦test
c

.
Adaptive Modeling (<Architecture> = P) We con-

sider two versions of our local model adaptation in FL for
scenario I: [sc1-P-AV] and [sc1-P-AT]. Both of these
models adapt the global model based on meta-updates from
the data in each course.
• [sc1-P-AV]: This follows the algorithm we intro-

duced in Section II-A, while replacing our attention-based
aggregation method in (4) and (5) with the averaging-based
aggregation of PerFed [23].
• [sc1-P-AT]: This is the full version of our course-

based adaptive method from Section II-A.
2) Algorithms for scenario II (<Scenario> = sc2):

Local Modeling (<Architecture> = L) In scenario II,
the bottom hierarchy is grouped by demographic variables.
Therefore, we build a local baseline [sc2-L] with a separate
model for each of these demographic subgroups. Each model
in [sc2-L] is trained on student data ⌦train

{c,I,x} for a specific

subgroup {c, I, x} (i.e., subgroup x of demographic variable
I in course c) and evaluated on ⌦test

{c,I,x}.
Global Modeling (<Architecture> = G) We also

consider a centralized global [sc2-G] and several feder-
ated global models [sc2-G-AV-M] & [sc2-G-AT-M]
& [sc2-G-AV-T] & [sc2-G-AT-T]. For the feder-
ated global models, we first train several local models
based on the demographic subgroups within each course.
Then, we aggregate them to form different global mod-
els at each level (i.e., course(middle)-level global models
([sc2-G-AV-M] & [sc2-G-AT-M]) and top level global
models ([sc2-G-AV-T] & [sc2-G-AT-T])).
• [sc2-G]: Architecturally, this is the same as [sc1-G]

because they both use all students ⌦train to build one model.
However, we evaluate [sc2-G] on each demographic sub-
group ⌦test

{c,I,x} instead of each course.
• [sc2-G-AV-M]: In this case, the demographic models

are first locally trained. Then, this baseline obtains the aggre-
gated course(middle)-level model ⇥K

c
at round K using the

weighted average method of FedAvg [19]:

⇥K+1
c =

X

x2X

Nx

Nc

⇥(K,E)
x

, (22)

where ⇥(K,E)
x is a demographic model trained locally, Nx is

the number of students within subgroup x, Nc is the number
of students within course c, and Nc =

P
x2X Nx.

• [sc2-G-AT-M]: This is the course(middle)-level model
⇥K+1

g
from (8), that aggregates local demographic models via

the attention-based aggregation method.
• [sc2-G-AV-T]: After obtaining the course(middle)-

level global models from (22), we aggregate them again to
the top level global model. Specifically, [sc2-G-AV-T] is
obtained by aggregating ⇥K

c
as:

⇥K+1
g

=
X

c2C

Nc

N
⇥K+1

c
. (23)

• [sc2-G-AT-T]: This applies the attention aggregation
mechanism to [sc2-G-AT-M] and obtains the top-level
global model based on (10).
Personalized Modeling (<Architecture> = P) We

consider five personalized algorithms in this scenario. One
of the baselines, FedIRT, uses educational theory for the
aggregation, while four –[sc2-P-AV-M], [sc2-P-AT-M],
[sc2-P-AT-B], and [sc2-P-AT-B]– are different con-
figurations of our MLPFL algorithm. [sc2-P-AV-M]
and [sc2-P-AT-M] are the course(middle)-level per-
sonalizations adapted from the top global model, while
[sc2-P-AV-B] and [sc2-P-AT-B] are the corresponding
demographic(bottom)-level personalizations adapted from the
course(middle)-level models.
• FedIRT: This is based on the federated deep knowl-

edge tracing (FDKT) [17] method discussed in Section I.
FDKT employs classical test theory and item response theory
(IRT) [41] to compute a score that reflects the “data quality”
of local subgroups, which then influences the weighting of
each subgroup during model aggregation. For our setting,
we execute the model update and aggregation process by
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computing the IRT confidence ↵IRT
x

for each student subgroup
x in scenario II, using the students’ responses to the end-of-
video quizzes. Within each course, local models are trained
for each demographic variable. Following [17], local model
updates use interpolation, where the initial model for training
round k is defined as:

⇥(k,0)
x

= �(k)
x

⇥(k�1,E)
x

+ (1� �(k)
x

)⇥(k)
g

, (24)

where

�(k)
x =

⇣
⇥(k�1,E)

x ·⇥(k)
g

⌘�⇣��⇥(k�1,E)
x

��⇥
��⇥(k)

g

��
⌘
, (25)

and the final local model ⇥(k,E)
x is obtained after E lo-

cal epochs of conventional gradient descent. The aggregated
global model is then computed as

⇥(k+1)
g =

X

x2X
↵IRT
x

⇥(k,E)
x

. (26)

• [sc2-P-AV-M]: This is built by taking one meta-update
from [sc2-G-AV-T], i.e., following (7). This creates one
personalized model for each course, using stratified sampling
of students in each subgroup for each course.
• [sc2-P-AT-M]: This baseline is adapted from

[sc2-G-AT-T] by taking one meta-update.
• [sc2-P-AV-B]: This is constructed through one further

meta-update step from [sc2-P-AV-M]. It uses the datasets
from each demographic subgroup to create a separate model
for each subgroup in each course.
• [sc2-P-AT-B]: Taking one further meta-update step

from [sc2-P-AT-M], [sc2-P-AT-B] corresponds to the
full MLPFL method we introduced in Section II-B2- II-B3.

B. Experimental Results
In Tables III and IV, we compare the predictive quality of

knowledge tracing and outcome prediction for each method
across courses in scenario I. For scenario II, Tables VII,
VIII, and IX compare the performance of knowledge tracing
on each student group, while Tables XIV, XV, and XIII
in Appendix C are the results for outcome prediction. Addi-
tionally, Tables V and VI provide insights into early prediction
performance using different time-frames of students’ activities.
In this section, all results are shown on the set of students

who provided specific demographic information I; our models
are trained on ⌦train

c,I
and evaluated on each subgroup of ⌦test

c,I
.

More specifically, for the experiments in Tables VII&XIV,
VIII&XV, and IX&XIII, the dataset is partitioned into groups
according to gender, continent, and age, respectively. We
present the results for students who did not disclose their per-
sonal information (i.e., the models trained on {⌦train

c,I
,⌦train

¬I
}

and tested on each subgroup of {⌦test
c,I

,⌦test
¬I

}) to Appendix D;
these results exhibit similar qualitative patterns.
1) Discussion for scenario I: From Tables III and IV,

we see that in many cases, there is not a large differ-
ence in performance between the locally trained [sc1-L]
for each course and the centrally trained [sc1-G] across
courses. This is a key motivation for course adaptation: despite
[sc1-G] containing significantly larger training data, it is
not preserving course-specific information. On the other hand,

TABLE III
AUC RESULTS FOR KNOWLEDGE TRACING OF DIFFERENT MODELS

Model FOC QDS MOSFETs
[sc1-L] .533 (.013) .537 (.009) .529 (.011)
[sc1-G] .528 (.007) .529 (.010) .531 (.011)

[sc1-G-AV] .521 (.010) .517 (.009) .529 (.011)
[sc1-G-AT] .526 (.008) .525 (.012) .519 (.007)
[sc1-P-AV] .614 (.016) .618 (.009) .603 (.014)

[sc1-P-AT](MLPFL) .621 (.019) .625 (.015) .619 (.014)

TABLE IV
AUC RESULTS FOR OUTCOME PREDICTION OF DIFFERENT MODELS.

Model FOC QDS MOSFETs
[sc1-L] .553 (.021) .558 (.017) .549 (.019)
[sc1-G] .547 (.017) .559 (.010) .553 (.013)

[sc1-G-AV] .550 (.013) .546 (.017) .551 (.009)
[sc1-G-AT] .548 (.018) .556 (.011) .548 (.015)
[sc1-P-AV] .678 (.020) .689 (.011) .658 (.017)

[sc1-P-AT](MLPFL) .684 (.014) .701 (.021) .679 (.015)

[sc1-G] generally outperforms both versions of global FL
([sc1-G-AV] and [sc1-G-AT]), indicating that central-
ized training across the entire dataset is more effective than
decentralized models in scenarios without adaptation.
Across Tables III and IV, our proposed adaptive models

([sc1-P-AV] and [sc1-P-AT]) obtain anywhere from
15-25% improvement in AUC over the non-adaptive models,
depending on the course, aggregation, and downstream task.
The improvements obtained by the adaptive models show the
significance of adapting the global models based on local
students within each course. Compared to [sc1-P-AV],
MLPFL ([sc1-P-AT]) performs better on most courses,
confirming our intuition on the advantages of layer-wise model
aggregations with an attention mechanism. Importantly, these
findings suggest that even without demographic information,
MLPFL is able to obtain substantial improvement in student
modeling through course-level personalizations.
Tables III and IV demonstrate that our method outperforms

other baselines in two downstream tasks. We further analyze
the breakdown of performance by demographic, particularly
when demographic information is not considered in the mod-
eling. Figure 3 shows the outcome prediction performance
by gender across three courses using our method. Although
our method generally improves performance for each course,
significant variations are observed between demographic sub-
groups. This observation motivates the need for Scenario II,
which incorporates demographic information into the model-
ing to address these disparities more effectively.
In addition to the outcome prediction that utilizes all activi-

ties from each student throughout the entire course (Table IV),
we have expanded our analysis to include early prediction

FOC QDS MOSFETs

FOC QDS MOSFETs

AU
C 

(%
)

Fig. 3. Breakdown of outcome prediction performance by gender for Scenario
I using our method, MLPFL ([sc1-P-AT]).
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TABLE V
AUC RESULTS FOR EARLY PREDICTION USING THE FIRST 3 WEEKS OF

DATA, ACROSS DIFFERENT MODELS.

Model FOC QDS MOSFETs
[sc1-L] .462 .459 .488
[sc1-G] .473 .487 .499

[sc1-G-AV] .470 .469 .489
[sc1-G-AT] .479 .478 .500
[sc1-P-AV] .498 .503 .518

[sc1-P-AT](MLPFL) .519 .534 .537

TABLE VI
AUC RESULTS FOR EARLY PREDICTION USING HALF OF EACH STUDENT’S

DATA, ACROSS DIFFERENT MODELS.

Model FOC QDS MOSFETs
[sc1-L] .487 .473 .491
[sc1-G] .499 .508 .489

[sc1-G-AV] .503 .486 .512
[sc1-G-AT] .498 .511 .505
[sc1-P-AV] .539 .553 .549

[sc1-P-AT](MLPFL) .568 .592 .583

tasks. Specifically, we focused on two time-frames: (a) using
only the first half of each student’s recorded interactions in
the course (Table VI) and (b) using only the first three weeks’
worth of data, out of approximately 17 weeks total for each
course (Table V). Compared with using the full duration of
data, the results show a slight decrease in AUC scores for each
method. However, our MLPFL continues to outperform other
baselines in these early prediction scenarios, demonstrating its
effectiveness even with limited data.
2) Discussion for scenario II: In Tables VII, VIII, and

IX, for knowledge tracing, we observe that the local model
[sc2-L] provides on average 54% AUC on each sub-
group according to different demographic groupings, and
in Tables XIV, XV, and XIII, we find on average
60% AUC for outcome prediction. While providing mod-
erate improvements over [sc1-L], these results confirm
our hypothesis that small subgroups do not have enough
data to train high accuracy models individually. On the
other hand, unlike in scenario I, the centralized global
model [sc2-G] does not necessarily outperform the global
federated models ([sc2-G-AV-M]&[sc2-G-AT-M] and
[sc2-G-AV-T]&[sc2-G-AT-T]). This is particularly
true for underrepresented subgroups. For example, in Ta-
ble XIV, for the MOSFETs dataset, [sc2-G] obtains the
highest performance for the male subgroup among the non-
personalized models, while two of the global FL models
noticeably outperform it on the female subgroup. As another
example, in Table XV, for the QDS dataset, [sc2-G-AT-M]
outperforms [sc2-G] noticeably for all subgroups except
North America. By incorporating such subgroup heterogeneity,
the personalized models are able to obtain improvements
across datasets and subgroups, as we discuss further next.
For both the knowledge tracing task (Tables VII, VIII,

and IX) and the outcome prediction task (Tables XIV, XV,
and XIII), our MLPFL obtains substantial improvements over
the non-personalized models on each demographic subgroup.
Specifically, for the FOC and QDS datasets, we obtain 15-
35% improvement in AUC over the highest performing non-

personalized model across subgroups. The improvements ob-
tained by the personalized models are noticeable but more
limited in the MOSFETs dataset, possibly due to its overall
smaller size (see Table I). For both tasks, MLPFL consistently
outperforms FedIRT except in 4 out of approximately 50
subgroup cases across courses, underscoring the advantages
of our meta learning-based personalization strategy. This en-
hancement confirms our premise that assigning weights to
student subgroups according to their “data quality” as done in
FedIRT might result in the loss of crucial information regard-
ing subgroup diversity, a concern addressed by our redefinition
in (6). Moreover, FedIRT does not consider course-specific
modeling, whereas our personalized architecture adapts the
student models across different courses and demographics.
These results also show how our methodology benefits

from the personalization hierarchy. Specifically, in conduct-
ing the meta-updates that move from [sc2-G-AV-T] to
[sc2-P-AV-M] and [sc2-G-AT-T] to [sc2-P-AT-M],
we find that the course-level personalized models outper-
form the global models by at least 15% AUC for both
downstream tasks. By considering the lowest-layer subgroup-
ings and performing additional meta-updates that move from
[sc2-P-AV-M] to [sc2-P-AV-B] and [sc2-P-AT-M]
to [sc2-P-AT-B], demographic-level personalized models
further improve the AUC by 7%-9% on the FOC and QDS
datasets over course-level personalized models. Bulding upon
our MLPFL results for scenario I, this shows how our per-
sonalization methodology benefits from increasing amounts
of information available about students, whereas the non-
personalized FL models do not show this trend when moving
from top to middle layer modeling.
To directly assess the bias mitigation in Scenario II, in

Table X, we show the standard deviation in AUC (expressed
as a percentage of the mean) across each demographic group
obtained by different algorithms. A model with less bias
for a demographic variable will have lower standard devia-
tion across the subgroup, as it indicates closer performance
achieved across the different categories. Compared to the
globally trained [sc1-G] model, we see that our algorithms
in Scenario I actually slightly increase the standard deviation
across demographic groups, since these characteristics are
not explicitly accounted for. In contrast, our algorithms in
Scenario II lead to substantial reductions in standard deviation
for all demographic groups in each of the courses and tasks
compared to the global model (65-70%). Thus, when furnished
with demographic information, our approach can both miti-
gate prediction biases for minority groups while leading to
improvements in performance for all groups.
Finally, Figure 4 presents both the mean and variance in

prediction quality for each demographic subgroup obtained by
FedIRT and our bottom-layer MLPFL methodology, averaged
across courses. We can see that MLPFL consistently provides
an improvement in mean AUC over FedIRT, with the atten-
tion mechanism providing an extra boost. Importantly, we also
see that [sc2-P-AT-B] reduces the AUC variance across
subgroups in five of the six cases. The exception case is the one
with the lowest variance across all methods. The increase in
mean and reduction in variance of prediction quality provided

This article has been accepted for publication in IEEE Transactions on Emerging Topics in Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TETC.2024.3407716

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.  See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: University of Massachusetts Amherst. Downloaded on September 08,2024 at 19:20:45 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2023 11

Gender Continent Year of Birth

Knowledge Tracing Outcome PredictionKnowledge Tracing Outcome PredictionKnowledge Tracing Outcome Prediction

63.33
65.70

66.87 65.84

70.96
73.03

62.86
64.97

66.58

69.56
72.05

73.51

61.30

65.67
66.66

69.52 70.31
71.70

2.53

4.15
2.01

3.76

1.83

3.31

2.67

6.26

3.29

4.81

2.16

4.67

1.30

4.88

1.96

2.29

1.67

1.97

Fig. 4. Mean and standard deviation (in blue text) AUC scores of personalized methods (FedIRT, [sc2-P-AV-B], [sc2-P-AT-B]) across all subgroups
in three courses. The increased mean AUC scores and the reduced variances show that MLPFL improves prediction quality while mitigating biases.

TABLE VII
THE PERFORMANCE ON KNOWLEDGE TRACING OBTAINED BY DIFFERENT MODELS ON EACH GENDER SUBGROUP.

Dataset FOC QDS MOSFETs
Model male female male female male female

[sc2-L] .532 (.009) .519 (.004) .541 (.010) .523 (.006) .538 (.011) .519 (.003)
[sc2-G] .539 (.005) .557 (.012) .538 (.008) .543 (.006) .567 (.009) .551 (.010)
[sc2-G-AV-M] .521 (.003) .539 (.008) .547 (.010) .551 (.013) .543 (.011) .538 (.008)
[sc2-G-AT-M] .529 (.002) .534 (.012) .552 (.013) .546 (.015) .557 (.017) .568 (.020)
[sc2-G-AV-T] .517 (.002) .526 (.008) .510 (.004) .527 (.009) .530 (.006) .526 (.011)
[sc2-G-AT-T] .523 (.008) .515 (.006) .523 (.013) .538 (.018) .549 (.023) .530 (.017)
FedIRT .667 (.018) .652 (.025) .621 (.023) .667 (.022) .609 (.015) .598 (.011)
[sc2-P-AV-M] .665 (.029) .630 (.024) .649 (.031) .651 (.028) .624 (.022) .602 (.018)
[sc2-P-AT-M](MLPFL) .680 (.033) .633 (.028) .655 (.024) .668 (.031) .637 (.027) .620 (.019)
[sc2-P-AV-B] .679 (.033) .661 (.028) .658 (.026) .671 (.031) .630 (.017) .625 (.019)
[sc2-P-AT-B](MLPFL) .692 (.031) .654 (.028) .671 (.028) .684 (.024) .644 (.021) .631 (.016)

TABLE VIII
PREDICTION PERFORMANCE ON KNOWLEDGE TRACING OBTAINED WITH

DIFFERENT MODELS ON EACH STUDENT SUBGROUP GROUPED BY
CONTINENT. AS, AF, EU, NA, AND SA REPRESENT ASIAN, AFRICAN,
EUROPEAN, NORTH AMERICAN, AND SOUTH AMERICAN SUBGROUPS.

Dataset FOC
Model AS AF EU NA SA

[sc2-L] .521 (.007) .519 (.005) .536 (.008) .517 (.004) .532 (.009)
[sc2-G] .537 (.009) .546 (.013) .535 (.007) .521 (.005) .530 (.010)

[sc2-G-AV-M] .555 (.009) .562 (.013) .559 (.011) .538 (.007) .556 (.013)
[sc2-G-AT-M] .578 (.015) .563 (.016) .557 (.013) .569 (.011) .568 (.009)
[sc2-G-AV-T] .546 (.007) .532 (.011) .543 (.013) .550 (.010) .567 (.008)
[sc2-G-AT-T] .557 (.016) .549 (.018) .561 (.020) .548 (.013) .557 (.015)

FedIRT .601 (.007) .637 (.019) .605 (.010) .649 (.016) .633 (.015)
[sc2-P-AV-M] .614 (.020) .603 (.024) .627 (.023) .600 (.018) .611 (.016)

[sc2-P-AT-M](MLPFL) .628 (.021) .617 (.026) .639 (.024) .624 (.020) .643 (.024)
[sc2-P-AV-B] .640 (.023) .653 (.027) .635 (.013) .648 (.017) .647 (.025)

[sc2-P-AT-B](MLPFL) .652 (.023) .648 (.019) .667 (.015) .643 (.023) .652 (.021)
Dataset QDS
Model AS AF EU NA SA

[sc2-L] .510 (.004) .533 (.006) .548 (.008) .564 (.010) .523 (.007)
[sc2-G] .556 (.006) .533 (.011) .548 (.012) .540 (.015) .536 (.010)

[sc2-G-AV-M] .547 (.016) .583 (.009) .546 (.013) .557 (.018) .589 (.021)
[sc2-G-AT-M] .583 (.013) .554 (.011) .562 (.015) .567 (.019) .565 (.016)
[sc2-G-AV-T] .532 (.010) .568 (.018) .521 (.007) .556 (.013) .574 (.018)
[sc2-G-AT-T] .564 (.015) .576 (.014) .543 (.016) .575 (.013) .580 (.009)

FedIRT .659 (.019) .632 (.022) .655 (.017) .619 (.015) .628 (.017)
[sc2-P-AV-M] .627 (.025) .604 (.019) .632 (.016) .628 (.020) .617 (.023)

[sc2-P-AT-M](MLPFL) .651 (.015) .638 (.018) .667 (.022) .662 (.024) .654 (.016)
[sc2-P-AV-B] .670 (.028) .654 (.025) .668 (.014) .658 (.016) .677 (.017)

[sc2-P-AT-B](MLPFL) .698 (.018) .671 (.015) .683 (.020) .692 (.027) .674 (.023)
Dataset MOSFETs
Model AS AF EU NA SA

[sc2-L] .531 (.010) .518 (.004) .510 (.006) .537 (.008) .555 (.015)
[sc2-G] .528 (.013) .537 (.018) .550 (.015) .542 (.007) .536 (.009)

[sc2-G-AV-M] .548 (.015) .532 (.007) .569 (.006) .547 (.008) .563 (.015)
[sc2-G-AT-M] .569 (.017) .583 (.016) .552 (.010) .543 (.009) .538 (.010)
[sc2-G-AV-T] .532 (.010) .518 (.015) .547 (.009) .535 (.004) .533 (.013)
[sc2-G-AT-T] .553 (.015) .547 (.008) .532 (.016) .514 (.005) .528 (.008)

FedIRT .592 (.008) .620 (.010) .617 (.015) .584 (.009) .603 (.015)
[sc2-P-AV-M] .588 (.016) .563 (.015) .551 (.020) .549 (.018) .543 (.012)

[sc2-P-AT-M](MLPFL) .607 (.025) .584 (.017) .586 (.015) .553 (.010) .567 (.015)
[sc2-P-AV-B] .624 (.018) .632 (.016) .615 (.020) .602 (.014) .607 (.016)

[sc2-P-AT-B](MLPFL) .632 (.018) .618 (.012) .600 (.023) .613 (.015) .629 (.020)

by MLPFL confirms that it lessens the impact of data subgroup
availability biases in student modeling.
C. Embedding Visualization

We utilize t-SNE to visualize the acquired student activity
representations in a 2D space, aiming to qualitatively eval-
uate our approach. t-SNE (t-distributed stochastic neighbor
embedding) is a dimensionality reduction technique used to
visualize high-dimensional data in two or three dimensions.

With t-SNE, datapoints that are statistically close together (i.e.,
similar) in the original space will be close to one another
in the mapped space with high probability, while those far
apart (i.e., dissimilar) in the original space will have a low
probability of being close in the mapped space. Thus, t-SNE
helps reveal similarity patterns in a high-dimensional dataset,
such as clusters. For our purposes, a method’s embeddings
can be considered “better” if its t-SNE visualizations have
more discernible clusters, with a high tendency of the points
in each cluster to be from a specific course (in Scenario I) or
course-demographic pair (in Scenario II): this indicates that
the embeddings contain activity patterns that are important to
modeling the differences between users in different courses
and demographics for personalized analytics.
In Figure 5, we plot the student embeddings for knowledge

tracing according to different courses in scenario I, while Fig-
ure 6 shows the embeddings based on the gender demographic
grouping in scenario II. We defer the visualizations for other
demographic subgroups in scenario II to Appendix E; the
results are qualitatively similar. All models are trained using
⌦train, and student embeddings are derived from the hidden
state ehu (Section III-B2), which is obtained after applying
the attention module to predict their learning outcomes. The
colors of the dots represent the corresponding student groups.
In Figure 5(a), the centralized global model does not

generate embeddings that differentiate students in different
courses for scenario I. In Figure 5(b), unsurprisingly, local
modeling produces embeddings which cluster by course with
linear separation between the clusters. Compared to these, the
embeddings learned by FL (Figure 5(c)&(d)) also demon-
strate clustering patterns according to different courses. In
Figure 5(d), the distribution learned by MLPFL is more sepa-
rated by course due to the meta-learning adaptation procedure
applied to the model in Figure 5(c).
For scenario II, in Figure 6, it is hard to differentiate
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TABLE IX
THE KNOWLEDGE TRACING PERFORMANCE OBTAINED WITH DIFFERENT MODELS ON EACH STUDENT SUBGROUP GROUPED BY AGE. < 80, 80-90, >90

REPRESENT YEAR OF BIRTH PRIOR TO 1980, BETWEEN 1980 AND 1990, AND AFTER 1990, RESPECTIVELY.

Dataset FOC QDS MOSFETs
Model < 80 80� 90 > 90 < 80 80� 90 > 90 < 80 80� 90 > 90

[sc2-L] .539 (.011) .527 (.008) .535 (.006) .528 (.007) .536 (.005) .523 (.008) .536 (.010) .548 (.011) .531 (.010)
[sc2-G] .553 (.007) .539 (.005) .548 (.009) .536 (.007) .547 (.010) .551 (.011) .568 (.011) .543 (.008) .556 (.014)

[sc2-G-AV-M] .554 (.008) .546 (.007) .530 (.008) .541 (.010) .559 (.010) .537 (.003) .560 (.008) .546 (.007) .553 (.011)
[sc2-G-AT-M] .562 (.015) .557 (.017) .549 (.008) .558 (.009) .567 (.013) .564 (.015) .572 (.018) .568 (.015) .570 (.019)
[sc2-G-AV-T] .532 (.008) .546 (.011) .538 (.009) .557 (.009) .552 (.011) .546 (.013) .553 (.015) .532 (.012) .548 (.013)
[sc2-G-AT-T] .546 (.015) .563 (.018) .551 (.012) .562 (.009) .549 (.013) .538 (.008) .546 (.008) .558 (.015) .563 (.019)

FedIRT .610 (.015) .639 (.017) .614 (.015) .631 (.013) .600 (.011) .617 (.015) .608 (.017) .592 (.009) .599 (.007)
[sc2-P-AV-M] .638 (.023) .652 (.018) .661 (.018) .630 (.021) .643 (.024) .650 (.019) .638 (.017) .620 (.019) .625 (.021)

[sc2-P-AT-M](MLPFL) .654 (.017) .661 (.015) .673 (.022) .647 (.019) .632 (.018) .656 (.023) .640 (.015) .631 (.021) .617 (.024)
[sc2-P-AV-B] .672 (.029) .669 (.025) .680 (.028) .660 (.025) .672 (.019) .648 (.020) .631 (.017) .650 (.021) .628 (.020)

[sc2-P-AT-B](MLPFL) .689 (.025) .672 (.022) .699 (.018) .654 (.015) .683 (.020) .661 (.027) .648 (.022) .657 (.017) .631 (.019)

TABLE X
PERFORMANCE VARIATION (STANDARD DEVIATION) ACROSS THE GENDER (G), CONTINENT (C), AND YEAR OF BIRTH (Y) DEMOGRAPHIC VARIABLES.

THE STANDARD DEVIATION IS REPORTED AS A PERCENTAGE OF THE MEAN.

Task Knowledge Tracing Outcome Prediction
Dataset FOC QDS MOSFETs FOC QDS MOSFETs
Model G C Y G C Y G C Y G C Y G C Y G C Y

[sc1-G] 5.29 5.64 4.52 8.45 4.23 5.34 4.56 3.34 3.85 7.39 4.56 3.45 9.28 3.95 4.98 5.67 4.44 3.22
[sc1-P-AT](MLPFL) 7.62 4.97 5.67 9.25 6.66 5.99 7.22 3.49 4.58 9.40 3.96 3.95 13.2 4.52 3.88 6.85 5.42 4.98
[sc2-P-AT-M](MLPFL) 3.32 1.07 0.97 0.92 1.15 1.21 1.20 2.04 1.16 1.77 1.77 0.76 1.20 2.16 1.41 3.11 1.82 1.30
[sc2-P-AT-B](MLPFL) 2.68 0.89 1.55 0.92 1.15 1.51 0.92 1.29 1.32 0.21 1.84 1.20 1.48 1.54 1.08 2.40 1.23 1.15

different courses and subgroups from the centralized global
model (Figure 6(a)). Starting with the federated global model
(Figure 6(b)), a more clustered distribution emerges as per-
sonalization steps are taken to the middle and bottom of
the hierarchy in Figure 6(c) and 6(d). Compared to the
course-level personalized model in Figure 6(c), the MLPFL
model personalized by demographic information in Figure 6(d)
shows even more well-separated clusters due to additional
meta-updates. The same clustering pattern when personalizing
according to different continent and age information can be
seen from Figure 7 in Section D of the Appendix.
Moreover, these visualizations indicate a reasonable level

of correlation between activity embeddings and the respective
courses and demographic subgroups. For example, considering
gender (Figure 6(c)), males from course 3 tend to cluster on
the left side, while females from course 2 are often positioned
towards the top, and females from course 1 are located on
the upper right part of the figure. Similar patterns are also
evident in the remaining subplots of Figure 7(a3)&(b3) in the
Appendix. These results confirm that distinct learning behav-
iors exist among various student subgroups, which our meta-
learning-based personalization method addresses by adapting
global models to accommodate these differences.

V. DISCUSSION ON REAL-WORLD IMPLEMENTATION
AND APPLICATIONS

We now discuss how our MLPFL methodology can be
integrated into online education platforms, such as the edX
platform which hosted the courses we evaluated on in Sec-
tion IV, to mitigate biases in predictive learning analytics.
The most direct application is to integrate MLPFL into the
learning management system (LMS) backends, and provide
the prediction outputs to students and instructors on their
corresponding dashboards. For the outcome prediction and
knowledge tracing tasks evaluated in our work, this would
include inferences of which students are expected to answer
specific in-video quiz questions incorrectly (from knowledge
tracing), and which students are at risk of not passing the

course (from outcome prediction). Based on this information,
instructors could plan targeted interventions to help individual
students (or a group of students) in need, e.g., as discussed
in [42]. We envision these predictions to be updated regularly
as students generate more activities in their courses, and to
include a measure of confidence in the prediction, derived from
the performance indicators observed during the model training
procedure (e.g., the AUC values displayed in our analysis).

To evaluate the effectiveness of MLPFL-enhanced dash-
boards, it will be important to conduct proper A/B testing. We
envision establishing three groups for comparison: (A) courses
without predictive analytics in dashboards, (B) courses with
baseline predictive learning analytics solutions (e.g., FedIRT,
[sc2-L], [sc2-G] from Section IV) integrated into dash-
boards, and (B) courses with MLPFL integrated in dashboards
for mitigating biases. After running such an experiment, one
can compare the resulting distributions of content engagement,
exam grades, pass/fail results, and other relevant metrics
between these groups, with the aim of showing that group (C)
has the most successful students, and importantly, the lowest
variance across demographic subgroups. One can also quantify
the impact of interventions staged by the instructor in each
group by comparing student performance before and after such
interventions took place. Additionally, qualitative feedback
from students and instructors can offer valuable insights into
how the dashboard analytics impacted the course experience.

Another application of MLPFL that we envision is to
mitigate biases in AI-enabled adaptive learning systems [43],
[44] that have been integrated into online education platforms.
Many of these systems rely on identifying students at risk of
early dropout and/or poor grades to determine refinements of
their suggested learning paths [44], [45], including but not
limited to providing additional resources on particular topics
and personalized quiz difficulties. The aim of MLPFL in these
systems will be to improve and reduce the variance in quality
of these identifications across demographic subgroups. The
evaluation of MLPFL here should similarly follow proper
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(d) MLPFL adapted [sc1-P-AT](c) MLPFL global [sc1-G-AT](a) centralized global [sc1-G] (b) local [sc1-L]

(d) MLPFL adapted [sc2-P-AT-B](c) MLPFL adapted [sc2-P-AT-M](a) centralized global [sc2-G] (b) MLPFL global [sc2-G-AT-T]

Fig. 5. The embedding vectors of students’ knowledge state learned by the centralized method ([sc1-G]), local model ([sc1-L]), federated global model
of MLPFL ([sc1-G-AT]), and the personalized model of MLPFL ([sc1-P-AT]) according to different courses in scenario I.

(d) MLPFL adapted [sc1-P-AT](c) MLPFL global [sc1-G-AT](a) centralized global [sc1-G] (b) local [sc1-L]

(d) MLPFL adapted [sc2-P-AT-B](c) MLPFL adapted [sc2-P-AT-M](a) centralized global [sc2-G] (b) MLPFL global [sc2-G-AT-T]

Fig. 6. Students’ knowledge state representations from the centralized method ([sc2-G]) and different hierarchies of our MLPFL in scenario II. The
organized and even clustered patterns learned by [sc2-P-AT-B] are consistent with its design to learn unique representations for each subgroup.

A/B testing procedures, where the learning outcomes of an
adaptive learning system with and without the integration of
our solution are compared.

VI. DISCUSSION ON LIMITATIONS

We finally discuss some limitations of our study which
can motivate future work. One limitation is its dependency
on the availability of demographic data, which students may
not always be willing to provide. Even in the three courses
we studied, a substantial portion of students chose not to
specify their gender or age (see Table XII). Such limitations
can affect MLPFL’s ability to accurately personalize learning
analytics for all students; indeed, we saw in Table X that
a key disadvantage of scenario I (which does not employ
demographic information) is that it can actually increase per-
formance biases slightly. Nonetheless, our results have shown
that even when a significant amount of demographic data is
missing, MLPFL in scenario II is able to obtain substantial
improvements in prediction quality and performance variance
across student subgroups. Related to this, another limitation of
our study is that our grouping of demographic variables was
largely based on intuition from the available data, and may
not be appropriate for all course populations. In particular,
we modeled the geographic variable based on continent since
many countries did not have more than a few samples, and we
chose three groups for the age variable somewhat arbitrarily.
Future work could investigate a technique for rigorously
optimizing the partitioning of a subgroup variable according
to performance and bias mitigation objectives.

VII. CONCLUSION

In this paper, we developed a Multi-Layer Personalized
Federated Learning (MLPFL) framework for mitigating biases
in student modeling stemming from data availability. Our
approach is based on meta learning, adapting local models

for various student subgroups from a common global model
designed to promote personalization capability. We applied
our framework to two student modeling tasks: (i) knowledge
tracing and (ii) outcome prediction, modeling student activities
when they interact with an online learning platform. Our
proposed method considers personalization in a hierarchical
manner: first by course (if there are multiple courses), and
then by student demographic subgroup within each course
(if this information is provided to the model). Evaluation
on three online course datasets showed that our approach
surpasses baseline methods by enhancing prediction accuracy
across courses and student subgroups, both in terms of mean
and variance. Moreover, well-organized student embeddings
learned by our method were seen to be correlated with
improved student modeling.
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