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Abstract—Understanding and identifying the nature of learner
confusion is important for online learning platforms. In this
study, we address this problem by analyzing forum posts from
large-scale online courses. However, due to the large volume
of comments and frequent interactions, confusion posts are
often overlooked. Existing methods and models, while capable of
detecting confusion, typically rely on linguistic features of posts
and community factors (e.g. votes, views) but ignore personalized
contexts, such as the specific causes and types of confusion. To
address this problem, we create the first deep learning dataset
focused on confusion types and develop a BERT-based network
to model personalized features and identify confusion types.
Considering the highly imbalanced distribution of different types
of confusion, we further design a novel loss function that adap-
tively optimizes the training weights for each type. Our method’s
effectiveness is confirmed through extensive experimentation.

Index Terms—Learning confusion, Discussion forum, Text
classification, Confusion characterization

I. INTRODUCTION

Discussion forums on online learning platforms are impor-
tant for learner interaction, allowing them to ask questions,
share opinions, and express concerns that peers or instructors
can address [1]. Forum posts are valuable in capturing the
emotions and confusion of learners [2]. This study aims to
describe the emotions and confusion expressed by learners in
forum posts and to develop automated methods for detecting
these emotional states. Drawing from [3], [4], we describe
“confusion” as a state in which learners encounter obstacles
and are uncertain about how to proceed, often due to unclear
discussion topics or technical issues within the learning in-
terface. Although the connection between learners’ emotions,
engagement, and outcomes is well-recognized, research on its
impact in online environments like MOOCs is still emerging
[5], [6]. Automated confusion detection serves two purposes:
identifying areas in need of improvement [7], [8] and provid-
ing insights into learners’ emotional states [9], which allows
for timely intervention and increased course success [10]. With
the growing prevalence of large-scale learning environments,
efficient and automated confusion detection has become more
important than ever [11].
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Despite the urgent need, there has still been limited research
on confusion analysis within the course discussion forums
[5], [6] [12]. Most current methods used to detect confusion
rely heavily on community interactions (e.g. votes, views) and
content analysis tools (e.g., LIWC, Coh-Matrix) [9], [13]-
[16] [17]. Given the large volume of posts, these models may
misclassify “confusion” posts if they fail to receive adequate
forum responses, potentially causing some learners to fall
behind despite instructor intervention. To address this prob-
lem, researchers have attempted to detect confusion through
discourse analysis that is independent of community-related
factors [18] [19]. [20], [21] also show that features extracted
from language can effectively detect confusion, but relying
only on simple lexical features may lead to misclassification.
This is because confusion posts often manifest as questions,
and since the information-seeking behavior in question posts
and confusion posts is so similar, traditional question detection
methods may not be directly applicable to confusion detection.
Due to the complexity of confusion detection, this problem has
become a major challenge in the realm of natural language
processing [22].

To resolve this challenge, we integrate Al techniques with
educational psychology to automatically identify confusion
type. We treat confusion detection as a psychological char-
acterization rather than a simple text classification task. We
create the first Chinese learning confusion dataset of 10,590
posts and develop the BERT-BiLSTM-CNN model that in-
corporates psychological knowledge and linguistic features.
Due to the highly imbalanced frequency of confusion in real-
world scenarios, which may lead to model bias and poor per-
formance, we design an effective cost-sensitive learning loss
function that automatically optimizes the training weights for
each type. Experimental results show significant improvements
over the baseline, demonstrating the method’s effectiveness in
accurately identifying confusion.

II. DATASET CONSTRUCTION

A. Dataset collection

This study aims to identify confusion types during the
learning process. To achieve this, we analyze data collected
from participants enrolled in the course “Applications of
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Fig. 1. The architecture of our model, includes BERT embedding, two-layer
BiLSTM, three parallel CNNs, and an imbalance-aware loss function.

Mind Maps in Teaching” offered on the Chinese MOOC
platform (https://www.icourse163.org). The course lasted for
10 weeks, from March 15, 2020, to May 24, 2020. The
content, developed by a professor and two assistants based
on various teaching models, primarily included video lectures,
quizzes, and discussions. Participants were expected to spend
3-6 hours per week on their studies and were encouraged to
engage in discussions to deepen their understanding. In total,
we totally obtain 10,590 Chinese sentence-level texts about
different types of confusion. As this study focuses on the
identification model, the details of data preprocessing are not
discussed further in this paper.

B. Coding scheme

Understanding the types of confusion in discussion forums
helps instructors identify potential challenges in the learning
process and promptly adjust to learners’ needs. To achieve
this, we develop a coding scheme for identifying confusion
type in MOOC discussions, modifying it based on Wang et al.
[23] to categorize posts into six sub-types. We code a portion
of the posts to create a dataset focused on confusion types.
Initially, four coders with expertise in education research and
deep learning were equally divided into two groups. Each
group independently coded 1,000 randomly selected posts,
analyzed inconsistent samples, and refined the coding scheme.
Then, the two groups jointly coded an additional 2,000 posts
to validate the reliability of the coding scheme. The final
annotated results achieved a Cohen’s Kappa coefficient [24]
of 0.84, indicating a high level of inter-coder reliability. We
establish the first Chinese learning confusion dataset on this
websit'. The resulting dataset contains 10,590 texts, of which
292 were labeled ’Logistical’ type. The dataset’s imbalance
factor exceeds 36, indicating a high level of imbalance. The
distribution of the dataset is shown in Table I.

III. METHOD
A. Model for Identifying Learning Confusion
To identify confusion types in courses, we use the BERT

model [25], pre-trained on Chinese Wikipedia, to generate

Thttps://pan.baidu.com/s/1iKC3d4vXeqbTyGOdul5qUg?pwd=uzvg

rich contextual embeddings. Instead of using the “[CLS]”
token from the final layer (which may cause overfitting), we
concatenate the last four layers of BERT to create a more
comprehensive embedding of size (n, 3072). We then integrate
a Convolutional Neural Networks (CNNs) and Bidirectional
Long Short-Term Memory (BiLSTM) network for deeper fea-
ture extraction. The BERT embeddings are processed through
two BiLSTM layers, each with 256 units, to capture bi-
directional context, producing a vector w of size (n,512).
This vector is concatenated with the original embeddings to
form a vector z of size (n,3584). Next, z is passed through
three parallel CNNs, each with 256 filters and kernel sizes
of 2, 3, and 4, to extract fine-grained features, resulting in
a final vector of size (1,768). The output is subsequently
fed into a fully connected network for classification. This
approach effectively leverages linguistic features, enhancing
the identification of confusion types. The architecture of the
model is shown in Figure 1.

B. Loss Function Design

As shown in Table I, our dataset exhibits a significant class
imbalance, with the *Question’ class containing substantially
more samples than other classes. This imbalance can lead the
model to favor the majority class, thereby compromising its
ability to generalize and accurately classify minority classes.
To address this problem, we propose a novel cost-sensitive
loss function, L, specifically designed to optimize the model
parameters ¢. We adopt a Rapid Auto-Optimization Class-
Specific Loss (RAOCSL) approach that dynamically recal-
ibrates the loss weights for various classes to reduce bias
towards the majority class.

Additionally, we introduce an auxiliary loss function,
L that dynamically adjusts the parameters of a matrix ). This
matrix i optimizes the relative loss weights across classes to
enhance the model’s ability to learn from the minority classes.
The main loss function, L, is defined as follows:

Lo=——3 [A=g)* O vm-log(q)] (1)

=|
1=

where ¢, denotes the predicted probability of the true class
r for sample m, d(, ) represents the penalty from matrix
1 for misclassifying class 7 as class s, v, is the one-hot
encoded vector of the true label for sample m, M denotes the
batch size, and A is a tunable focusing parameter (A > 1).
To mitigate the dominance of majority classes, we introduce a
modulating factor (1 — g7, )*which reduces the loss for well-
classified samples and focuses on hard-to-classify minority
samples, inspired by the Focal Loss design [26]. The Adam
optimizer is used to update ¢ following each batch.

After every epoch, the auxiliary loss function £, is applied
to optimize matrix 1. This method dynamically assigns suit-
able weights to each class, removing the need for complex
manual settings. Research suggests that v is influenced by



TABLE I
DISTRIBUTION OF CONFUSION TYPES IN THE MOOC DATASET.

Confusion type Description Number of the Posts

Question These posts seek answers or help concerning the course subject matter, focusing on knowledge mastery. 5,140

Opinion These posts expand on course content and share opinions or thoughts related to the course content. 2,227
These posts share course subject-related external resources,

Resource . L 533
such as journal papers, textbooks, and newspaper articles.

. These posts seek and provide help for technical concerns involving software, internet browsers,

Technical L . 414
and course site interface and functions.

Social/Affective ~ These posts address social purposes, such as making a self-introduction and initiating study groups. 1,984

Logistical These posts involve the availability and quality of learning materials, 292

course policy, as well as issues related to grades and credentials.

factors like data distribution, inter-class separability, and clas-
sification inaccuracies [27], [28]. We will construct L, using
these factors.

To start, we define a matrix F' (dimensionally equivalent
to ¢)) that captures class distribution. F, , represents the dis-
tribution information of class u relative to class v. Generally,
classes with fewer samples are more prone to misclassification
and should be assigned a higher penalty. Hence, if class u
has fewer samples than class v, F, , should be increased;
otherwise, F), , = 1. The matrix F' is defined as:

F('U/v U) = maXx (L Meclass, /mclassu) (2)

where Mlass, and mygpag, are the numbers of samples in
classes u and v, respectively. Next, to evaluate class separa-
bility, we define a matrix 7" that computes the mean probability
difference between correct and incorrect class predictions for
all samples. A smaller difference indicates lower separability.
The matrix 7" is defined as:

T(u,0) = — 3 Sonilog (a2 —ap)?), uw#v 3)
1, U =0
where ¢ is the probability of sample n being predicted as
its correct class u, ¢, is the probability when predicted as class
v, and M is the number of samples in class u. The auxiliary
loss L, for optimizing the cost matrix 1) is defined as:

Ly =|N = 6||3 + CEva() 4)

N =F-exp(-T) -exp(-U) %)

where, CE,, denotes the cross-entropy loss calculated on
the validation dataset, and U is a confusion matrix reflecting
the current classification errors on the validation set.

IV. EXPERIMENTS AND RESULT
A. Baseline Models and Experiment Settings

To validate the effectiveness of our method, we select
a range of advanced techniques as baseline models and
evaluate them on our dataset. The chosen baseline models
include: Machine Learning Methods: Random Forest (RF) [29]
and Logistic Regression (LR) [30]. Deep Learning Methods:

TextCNN [31], TextRNN [32], FastText [33], and DPCNN
[34]. Transfer Learning Methods: ERNIE [35], BERT [25],
BERT-BiLSTM/CNN, and RoBERTa [36]. Except for RF and
LR, other models are trained on our datasets for 20 epochs.
Batch size is 8 and learning rate is 5e-5. The random seed
is set to 42. For the proposed RAOCSL loss function, the
diagonal of the cost matrix % is initialized to 1 and the other
positions are initialized to 30. And a learning rate of le-1 is
used to optimize its parameters. A in RAOCSL is set to 2.

To assess the generalization and stability of these methods,
we use five-fold cross-validation, reporting the mean and
standard deviation of accuracy and macro-F1. The dataset was
divided into five equal parts, with each part used in turn as the
test set (20% of the data), while the remaining 80% serves as
the training set. This process resulted in five distinct training-
test combinations, with all experiments conducted indepen-
dently. Additionally, within each training set, 5% of the data is
set aside as a validation set. This validation set is used to tune
model parameters during training, particularly for calculating
the integral parameters of the RAOCSL loss function. This
ensures that the dynamic adjustment mechanism within the
loss function enhances the model’s ability to identify minority
classes while maintaining training stability.

B. Experimental Result

Table II compares the performance of different models
on our dataset. Our method demonstrates the highest accu-
racy (87.9%) and macro-F1 score (29.2%), outperforming all
baselines. While RF and LR show relatively high accuracy,
their lower macro-F1 scores indicate limitations in handling
imbalanced data. Among deep learning models, TextCNN,
TextRNN, FastText, and DPCNN show some improvement,
particularly in accuracy, but their macro-F1 scores remain
limited. Transfer-based methods like ERNIE, BERT, and
ROoBERTa achieve better results, with the BERT model show-
ing further improvement when combined with BiLSTM or
CNN, indicating these additions effectively enhance feature
extraction. Compared with these models, our method shows
the best performance, implying our RAOCSL loss function
effectively corrects the bias on the imbalanced dataset.

C. Ablation Study

To comprehensively analyze the effectiveness of the pro-
posed components, we conduct an ablation study that evaluate



TABLE 11
PERFORMANCE COMPARISON (%). = REPRESENTS THE STANDARD DEVIATION. ‘BERT-B/C’ DENOTES BERT-BILSTM/CNN.

Metrics RF LR TextCNN  TextRNN  FastText DPCNN ERNIE BERT BERT-B BERT-C RoBERTa  Ours
Accuracy 83.5i02 8542i()‘3 84.0i4‘5 85-5i3A4 86.2i6A4 84.1i4_5 82-5i5A6 80.3 +9.5 84-2i6.7 85-8i4A6 8546136 87-9i4.8
Macro-F1 8.13405 791406 112453 15446.2 20.544.4 12.0445 251456 28.1 444 258457 279457 277446 292458
TABLE IIT
PERFORMANCE COMPARISON OF DIFFERENT EMBEDDING (WORD2VEC AND BERT-BASED) METHODS (%).

Metric word2vec Last 1 Sum 2 Sum 3 Sum 4 Concat 2 Concat 3 Concat 4

Accuracy 83~4i0.6 84.1i2,7 84~5i3A6 83A0i3_7 85.6i3_8 86.8i2,8 86.1i3,9 87.9i3‘3

Macro-F1 12.12‘:1,5 26.2:‘:5,6 27.8:‘:6,7 27-216.8 28.5:‘:5,9 28-716.8 29.9:{:5.7 30-2j:6.8

the embedding method (“Concat 4”), adding BiLSTM and
CNN on BERT respectively, and the RAOCSL loss function,
which is shown in Table IV. The ‘Concat 4’ embedding
method improves the performance by 1.7% in accuracy and
0.9% in macro-F1. When employing BiLSTM and CNN on
BERT respectively, the accuracy is further improved from
82.0% to 85.7%, while the macro-F1 score showed a slight
decrease. That implies BiLSTM and CNN can further cap-

on cost-sensitive matrix parameters based on distribution may
lead to suboptimal performance. The results from RUS and
ROS indicate that traditional data-level methods may not be
effective for highly imbalanced tasks.

TABLE IV
ABLATION STUDY ON ALL COMPONENTS. ‘BERT-B/B-C’ INDICATES
BERT-BILSTM/BILSTM-CNN.

ture discriminative information but increasing sensitivity to ~_Concat4 BERT-B BERT-B-C RAOCSL  Accuracy  macro-F1
imbalanced data. After adding the RAOCSL loss function, the N gg:g i:g %595(1) i‘;‘
performance reaches the highest (87.9% accuracy and 29.2% Vv Vv 842 165 258457
macro-F1), which means RAOCSL can effectively reinforce v v v 857 2.7  26.1 156
the performance on imbalanced data. The steadily performance v v v v 879 £3.8 292453
improvements are achieved for all components, which shows

the effectiveness of our proposed method.

TABLE V

D. Effect of Different Embedding Methods and RAOCSL Loss
Function

PERFORMANCE OF DIFFERENT LOSS FUNCTIONS (%)

Loss Function

Accuracy (%)

Macro-F1 (%)

To explore the rationality of our embeddings, we evaluate CE 85.5+3.6 29.316.5
seven methods based on the BERT-BiLSTM-CNN model: the s faT e
last layer, summing, and concatenating the last 2, 3, and 4 AOCC 859 i;,,iG 29.116.7
layers, respectively. Additionally, we use word2vec [37] to ROS 852434 227 454

i : : : . RUS 28.943.3 18.042.2
generate a 3072-dimensional vector (matching the dimension RAOCSL() = 2) 86.9 5+ 305,08

of concatenating BERT’s last 4 layers) for embedding. All
models are trained using the CE loss function. The results
in Table III indicate that BERT-based embeddings outperform
word2vec, showing that contextual representations better cap-
ture sequence-level semantics than non-contextual methods.
Furthermore, concatenating the last 4 layers yields the best
performance.

To evaluate the impact of A in our loss function, we test
values from 1 to 6 and compared our method with four
advanced imbalanced loss functions: Cross-Entropy (CE) loss,
Focal Loss (FL) [38], Cost-Weight Sensitive (CWS) loss [28],
and Automatic Optimization of Class-dependent Cost (AOCC)
loss [27]. Additionally, we use Random Over Sampling (ROS)
[39] and Random Under Sampling (RUS) [40] to create
balanced datasets with 38,464 texts (ROS) and 504 samples
(RUS), respectively, and conducte experiments using CE loss.
Table V shows that our RAOCSL with A = 2 achieves the
highest performance, with an accuracy of 86.9% and a macro-
F1 score of 30.5%. Results for CWS suggest that relying solely

V. DISCUSSION

In this work, we explore deep neural networks for automatic
identification of confusion types and create the first Chinese
dataset for this task, containing 10,590 highly imbalanced text
samples labeled into six classes. Our model improves text
understanding by using BERT’s last four layers as embeddings
for a BILSTM-CNN network. We also propose a novel loss
function, RAOCSL, which effectively addresses class imbal-
ance issues. Experimental results demonstrate that RAOCSL
significantly enhances model performance in accuracy and
macro-F1 score.
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