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Editorial

Mirjana Ivanović, Miloš Radovanović, and Vladimir Kurbalija

University of Novi Sad, Faculty of Sciences
Novi Sad, Serbia

{mira,radacha,kurba}@dmi.uns.ac.rs

Starting the new year of 2025, this first issue of Volume 22 of Computer Science and
Information Systems consists of 17 regular articles. We are grateful for the continuing
hard work and enthusiasm of all our authors and reviewers, without whom the publication
of the current issue and the journal itself would not be possible.

The first regular article, “Segmentation of COVID-19 CT Lesions in CT Scans through
Transfer Learning” by Symeon Psaraftis-Souranis et al., propose a novel deep learning
framework designed for the segmentation of lesions evident in Computed Tomography
(CT) scans. The results suggest that the incorporation of transfer learning, combined with
appropriate pre-processing techniques, can contribute to achieving state-of-the-art perfor-
mance in the segmentation of lesions associated with SARS-CoV-2 infections.

In the second regular article, “Topic-oriented Sarcasm Detection via Entity Knowl-
edge-based Prompt Learning,” Yuhao Zhou et al. investigate an Entity Knowledge-based
Prompt Learning (EKPL) model that combines prompt learning and entity knowledge
from knowledge graphs for topic-oriented sarcasm detection. Experimental results illus-
trate that the EKPL model exhibits good performance in the topic-oriented sarcasm de-
tection task.

“A New Course Difficulty Index (CDf ): Framework and Application,” by Konstanti-
nos Kelesidis et al. proposes new framework for the quantification of course difficulty in
academic curricula. For each course, course difficulty index value (CDf ) is computed us-
ing difficulty indicators that characterize the course as a whole. The difficulty indicators
can be tailored to reflect the academic domain considered. The proposed framework and
analysis represent a useful tool for academic policy-making and quality assurance.

Zhimin Feng et al., in “Anomalous Traffic Identification Method for POST Messages
Based on Gambling Website Templates,” propose a POST traffic classification method
based on website templates to identify abnormal traffic from gambling websites. POST
message data is collected from several gambling sites, extracting features and creating a
Gambling Website Single POST Message Dataset (GSPD). Word2Vec, TF-IDF, hierar-
chical clustering, support vector machines and particle swarm optimization are utilized to
achieve excellent performance on the evaluated test set.

“Formal Transformation of OWL Ontology to a FOKI Generic Meta-Model,” au-
thored by Bogumila Hnatkowska et al. presents a meta-model and a set of transforma-
tion rules for bi-directional transformation between ontologies expressed in the authors’
FOKI framework (which does not use OWL) from previous work, and the OWL standard.
The meta-model serves as a bridge in the transformation process. The correctness of the
obtained transformation rules was verified on widely available ontologies expressed in
OWL.

The article “Multilingual Pretrained based Multi-feature Fusion Model for English
Text Classification,” by Ruijuan Zhang proposes a novel multilingual pre-training based
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multi-feature fusion method for English text classification (MFFMP-ETC) to tackle two
challenges faced by current deep-learning approaches: (1) effectively capturing long-
range contextual structure information within text sequences, and (2) adequately inte-
grating linguistic knowledge into representations. Results on three datasets show that
MFFMP-ETC introduces a new baseline in terms of accuracy, sensitivity, and precision.

In their article entitled “TPBoxE: Temporal Knowledge Graph Completion based on
Time Probability Box Embedding,” Song Li et al. address the challenges in temporal
graph completion of making effective use of special relationships between relations and
time series information, and difficulties in fully representing the complex relationships
existing in the graph. The proposed model based on time probability box embedding,
TPBoxE, is experimentally shown to exhibit better performance than existing state-of-
the-art models.

Yong Ren et al., in their article “A Lightweight defect classification Method for La-
tex Gloves Based on Image Enhancement,” present a glove defect classification method
that integrates image enhancement techniques with a lightweight model to enhance the
efficiency and accuracy of glove defect classification in industrial manufacturing. Ex-
perimental results demonstrate that the proposed MobileNetV2 model achieves excellent
accuracy, effectively mitigating overfitting phenomena, and exhibits significantly faster
training speed compared to the ResNet34 and ResNet50 models.

In “ASAM: Asynchronous Self-Attention Model for Visual Question Answering,”
Han Liu et al. propose the asynchronous self-attention model (ASAM) that makes use of
an asynchronous self-attention component and a controller, integrating the asynchronous
self-attention mechanism and collaborative attention mechanism effectively to leverage
the rich semantic information of the underlying visuals in addition to textual information,
for the task of visual question answering. Experimental evaluation demonstrates that the
proposed model outperforms the state-of-the-art, without increasing model complexity
and the number of parameters.

In their article “Medical Images Anomaly Detection for Imbalanced Datasets with
Multi-scale Normalizing Flow,” Yufeng Xiao et al. propose a novel unsupervised medical
image detection model named Multi-Scale Normalizing Flow (MS-NF), in order to tackle
the large number of features and parameters for the task of anomaly detection in med-
ical images. After extracting multi-scale feature maps and normalizing flow to transfer
the anomalies into a normal distribution in the latent space, channel and spatial convolu-
tional attention mechanisms are integrated into the model. Experimental results show that
MS-NF improves the pixel-level AUC index by 9% compared to existing medical image
detection models.

“PSBD-EWT-EGAN: Heart Sound Denoising Using PSBD-EWT and Enhancement
Generative Adversarial Network,” by Jianqiang Hu et al., presents a heart sound sig-
nal (HSS) denoising method which uses Parameterless Scale-space Boundary Detection
(PSBD), the Empirical Wavelet Transform (EWT) and Enhanced Generative Adversarial
Network (EGAN) to remove noise signals that corrupt HSSs. Experimental results show
that the proposed method achieves significant improvements over the state-of-the-art.

In their article entitled “Academic Research on Fuzzy Systems: A Country and Re-
gional Analysis from its Origins in 1965 to 2023,” Carlos J. Torres-Vergara et al. present
a bibliometric study encompassing 185,673 documents from the Web of Science, that ex-
plores tendencies and trends, and identifies the most prolific and important countries in
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fuzzy systems research and its evolution. Since its inception in 1965, the field has grown
significantly, with its epicentre originally in the USA and England, and moving first to
Europe and then to Asia, following global trends in other fields of study.

The article “Mapping-Based Approach to Integration of Technical Spaces,” by Vladi-
mir Dimitrieski et al. address software integration issues and introduce a novel mapping-
based approach for structured, automated, and reusable integration of software compo-
nents and systems. An automated development process for the integration adapters at
a higher level of abstraction is presented, based on model-driven software development
principles. A tool called AnyMap is introduced, as well as a visual domain-specific model-
ing language for specifying mappings and generating adapters, with the approach demon-
strated on a practical use case.

Congyin Cao et al., in their article “Linear Projection-Based Noise Filtering Frame-
work for Image Denoising,” tackle the challenges of image denoising approaches related
to incorporating crucial structural information from perspectives other than local space,
such as local manifolds and global structures, by proposing a novel linear projection-
based noise filtering (LPNF) framework grounded in linear projection learning theory.
The framework learns a linear projection for noise filtering by incorporating multiple
structural information sources: local spatial, local manifold, and global structures.

In “Multimodal Deep Learning-based Feature Fusion for Object Detection in Remote
Sensing Images,” Shoulin Yin et al. propose a multimodal deep learning-based feature
fusion for object detection in remote sensing images. In the new model, a cascade region-
based convolutional neural network (RCNN) is the backbone network, while a parallel
cascade RCNN network is utilized for feature fusion to enhance feature expression abil-
ity. In order to solve the problem of different segmentation shapes and sizes, the central
part of the network adopts multi-coefficient cascaded hollow convolution to obtain multi-
receptive field features without using pooling and preserving image information.

In their article “Improved Session Recommendation Using Contrastive Learning based
Tail Adjusted Repeat Aware Graph Neural Network,” Daifeng Li et al. study the in-
teractions between users and items in session-based recommender systems from a new
perspective. A novel contrastive learning based tail adjusted repeat aware graph neural
network (CLTAR-GNN) is proposed to tackle the problems of long-range dependencies,
order information loss, and data sparsity. A tail adjusted repeat (TAR) mechanism cap-
tures users’ repeat-explore behaviors in both short-head and long-tail session items, while
a self-attention (SA) network with position embedding is incorporated to overcome se-
quence information loss issues.

Finally, “Unraveling the Organisational Debt Phenomenon in Software Companies,”
by Muhammad Ovais Ahmad et al. assesses the extent of knowledge, factors, and conse-
quences of organizational maladjustment in software organizations. A survey performed
in three organizations identified several highly visible issues such as complex code, in-
consistent UI, unclear requirements, and outdated processes. These themes often emerge
due to exponential growth, prioritizing speed over quality, lack of cooperation and coor-
dination, and outdated processes.
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Abstract. Since its emergence at the end of 2019, SARS-CoV-2 has infected 

millions worldwide, challenging healthcare systems globally. This has prompted 

many researchers to explore how machine learning can assist clinicians in 

diagnosing infections caused by SARS-CoV-2. Building on previous studies, we 

propose a novel deep learning framework designed for segmenting lesions evident 

in Computed Tomography (CT) scans. For this work, we utilized a dataset 

consisting of 20 CT scans annotated by experts and performed training, 

validation, and external evaluation of the deep learning models we implemented, 

using a 5-fold cross-validation scheme. When splitting data by slice, our optimal 

model achieved noteworthy performance, attaining a Dice Similarity Coefficient 

(DSC) and Intersection over Union (IoU) score of 0.8644 and 0.7612 

respectively, during the validation phase. In the external evaluation phase, the 

model maintained strong performance with a DSC and an IoU score of 0.7211 and 

0.5641, respectively. When splitting data by patient, our optimal model achieved a 

DSC score of 0.7989 and an IoU score of 0.6686 during the validation phase. 

During the external evaluation phase, the model maintained strong performance 

with a DSC and IoU score of 0.7369 and 0.5837, respectively. The results of this 

research suggest that incorporating transfer learning along with appropriate 

preprocessing techniques, can contribute to achieving state-of-the-art performance 

in the segmentation of lesions associated with SARS-CoV-2 infections. 

Keywords: computer vision, machine learning, deep learning, transfer learning, 

convolutional neural networks, COVID-19, semantic segmentation, medical 

imaging, computed tomography. 

1. Introduction 

According to the World Health Organization, since the first detection of SARS-CoV-2, 

there have been more than 771 million confirmed cases of COVID-19 infection, of 

which nearly 7 million cases have resulted in death [1]. Early detection and diagnosis of 

COVID-19 are key factors in limiting the spread of the virus [2]. Diagnostic tests remain 

the most common method to detect SARS-CoV-2, with Reverse Transcription 
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Polymerase Chain Reaction (RT-PCR) tests being the most reliable. However, the fact 

that they are time-consuming is a significant disadvantage, especially regarding this 

particular virus, where early diagnosis plays a vital role in successful treatment [2]. 

The study of medical images, such as CT scans, constitutes a valuable approach for 

identifying COVID-19 by detecting pathological findings associated with lower 

respiratory tract infections (pneumonia) [3]. Medical imaging is widely used by 

specialists as a diagnostic tool for SARS-CoV-2 associated pneumonia, with CT scans 

providing much higher diagnostic accuracy, as they can identify incipient lesions in the 

lung parenchyma that cannot be discerned on plain chest X-rays [4].  

Through the review of medical images, clinicians can assess the health status of each 

patient and, if concerning findings are discovered, make the correct diagnosis and follow 

the appropriate treatment. However, while the process of reviewing medical images by 

healthcare professionals often leads to correct and timely detection, diagnosis, and 

treatment, 40-54% of malpractice cases attributable to medical radiologists are 

associated with errors in interpreting medical images [5].  

Given these challenges, leveraging machine learning techniques for the analysis of 

medical images can be a valuable tool for the early and accurate detection and diagnosis 

of COVID-19 infections. 

The COVID-19 outbreak has resulted in increased interest in how machine learning 

techniques can contribute to the process of analyzing medical images to detect COVID-

19 infections. Consequently, since the start of the COVID-19 pandemic, a multitude of 

scientific papers featuring noteworthy results have been consistently published by 

experts in the field of machine learning. The large volume of relevant papers indicates 

that this research area remains active, which is understandable given the ongoing 

presence of COVID-19. The opportunities for research in this area, along with the 

continued interest of the scientific community, motivated our engagement with this 

specific research topic. 

In this work, we investigate the applicability of deep learning techniques for detecting 

and isolating lesions associated with COVID-19 pneumonia. Our contributions can be 

enumerated as follows: 

 We utilized a segmentation architecture called U-Net [6], which we trained and 

evaluated using a publicly available dataset. Subsequently, we applied transfer 

learning principles to train and evaluate variations of the U-Net architecture, 

replacing the encoder with a pre-trained CNN model. Finally, we compared their 

performance with the basic U-Net architecture. 

 We evaluated the impact of data preprocessing on the performance of the models 

used in this work. Specifically, we trained the selected architectures on CT slices 

that were normalized in terms of contrast and brightness, and then segmented to 

retain only the information within the lung parenchyma for each slice. While 

contrast and brightness normalization are standard practices, our contribution lies in 

the systematic integration of these techniques within a deep learning framework 

tailored for detecting lesions associated with COVID-19 pneumonia. This 

preprocessing approach proved crucial in achieving state-of-the-art results, 

demonstrating its effectiveness in enhancing model accuracy and reliability. 

The rest of the article is organized as follows: Section 2 provides an overview of 

related work on COVID-19 lesion segmentation. Section 3 explains the methodology 

used in this research. In Section 4, we present and discuss the results of the conducted 
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experiments and compare them with state-of-the-art approaches. Finally, in Section 5, 

we draw conclusions from this research. 

2. Related Work 

This section provides an overview of the related literature on COVID-19 lesion 
segmentation in CT scans. To better present the findings, Table 1 summarizes the work 
conducted by other researchers that is relevant to this research paper. It can be seen that 
the U-Net architecture is the most popular approach used to address this problem. 
Furthermore, it is noteworthy that among the approaches detailed in Table 1, only three 
make use of the transfer learning technique. This observation underscores that the 
utilization of transfer learning in the context of COVID-19 lesion segmentation on CT 
scans has not been extensively explored within the existing literature. 

Table 1. Summary of the existing literature related to our proposed work 

Model Architecture Training and 

Validation Dataset 

External Evaluation 

Dataset 

Preprocessing 

& Transfer Learning 

Validation Results External Evaluation 

Results 

Ma et al. [7] 

2D U-Net 

COVID-19-CT-Seg 

[8] 

(5-fold cross-

validation 

Train: 20% 

Val: 80%) 

- HU Clipping  

[-1250, 250], 

No Transfer Learning 

DSC:  

60.80% 

- 

Ma et al. [7] 

nnU-Net [9] 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 20% 

Val: 80%) 

MosMed [10]  HU Clipping  

[-1250, 250], 

No Transfer Learning 

DSC:  

67.30% 

DSC:  

58.80% 

Müller  

et al. [11] 

3D U-Net [12] 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

- HU Clipping  

[-1250, 250], 

No Transfer Learning 

DSC:  

76.10% 

 

-  

Müller  

et al. [13] 

3D U-Net 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

An et al. [14] HU Clipping  

[-1250, 250], Data 

Augmentation, 

No Transfer Learning 

DSC:  

80.40% 

DSC:  

66.10% 

Owais  

et al. [15] 

DAL-Net 

Experiment 1: 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

Experiment 2: 

MosMed 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

Experiment 3: 

COVID-19-CT-Seg 

Experiment 3: 

MosMed 

Experiment 3: 

Reinhard 

Transformation [16], 

No Transfer Learning 

Experiment 1:  

DSC: 83.23%  

IoU:  74.86% 

Experiment 2: 

DSC: 68.63% 

IoU:  

61.35% 

Experiment 3: 

DSC:  

74.93% 

IoU: 

66.50% 
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Zheng  

et al. [17] 

3D CU-Net 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

MosMed HU Clipping  

[-1250, 250], 

Data Augmentation, 

No Transfer Learning 

DSC:  

77.80% 

 

DSC: 

66.80% 

Yixin Wang  

et al. [18] 

3D U-Net 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 20% 

Val: 80%) 

 

- No Transfer Learning DSC:  

70.04% 

- 

Singh  

et al. [19] 

LungINFSeg 

COVID-19-CT-Seg 

(Train: 70% 

Val: 10% 

Test: 20%) 

- Data Augmentation, 

No Transfer Learning 

DSC:  

80.34% 

IoU:  

68.77% 

- 

Amara  

et al. [20] 

O-Net 

COVID-19-CT-Seg 

(Only 10 CT) 

(Train: 70% 

Val: 30%) 

MosMed  Image Cropping, 

Data Augmentation, 

No Transfer Learning  

DSC:  

86.60% 

IoU:  

76.40% 

DSC:  

58.40% 

IoU:  

42.80% 

Aswathy  

et al. [21] 

3D U-Net 

COVID-19-CT-Seg 

(Train: 60% 

Val: 20% 

Test: 20%) 

- Lung Parenchyma 

Segmentation, 

Patchwise Data 

Augmentation, 

No Transfer Learning  

DSC:  

82.00% 

 

Xiaoyan Wang  

et al. [22] 

SSA-Net 

Experiment 1: 

COVID-19-CT-Seg 

(5-fold cross 

validation) 

Experiment 2: 

MedSeg Dataset 

[23] 

(Only 98 CT Slices) 

(5-fold cross 

validation) 

- HU Clipping  

[-1250, 250], 

No Transfer Learning 

Experiment 1: 

DSC:  

65.22% 

Experiment 2: 

DSC: 

75.40% 

- 

Krinski  

et al. [24] 

Various CNN 

Models 

COVID-19-CT-Seg 

(5-fold cross 

validation 

Train: 80% 

Val: 20%) 

- Transfer Learning 

(ImageNet [25]) 

Best Model DSC:  

73.67% 

Best Model IoU:  

70.91% 

- 

Mahmoudi et al. 

[26] 

2D U-Net 

COVID-19-CT-Seg 

(4-fold cross 

validation 

Train: 70% 

Val: 30%) 

- CLAHE,  

Image Cropping,  

Data Augmentation, 

No Transfer Learning 

DSC:  

91% 

IoU:  

85% 

- 

Qiblawey et al. [27] 

Various CNN 

Models 

COVID-19-CT-Seg 

(10-fold cross 

validation 

Train: 60% 

Val: 20% 

Test: 20%) 

- HU Normalization, 

Lung Parenchyma 

Segmentation, Data 

Augmentation, 

Transfer Learning 

(ImageNet) 

Best Model DSC:  

94.13% 

Best Model IoU:  

91.85% 

- 

Enshaei  

et al. [28] 

COVID-Rate 

Private Dataset + 

COVID-19-CT-Seg  

(Only 10 CT) 

(10-fold cross-

validation 

Train: 60% 

Val: 10% 

Test: 30%) 

MedSeg Dataset 

(Only 9 CT) +  

COVID-CT-MD 

[29] 

Lung Parenchyma 

Segmentation, Data 

Augmentation, 

No Transfer Learning 

DSC:  

80.69% 

DSC:  

79.98% 

Uçar et al. [30] 

U-Net + Various 

CNN Models as 

Encoders 

MedSeg Dataset 

(Train: 80% 

Val: 20% 

Test: 10% of 

Training Data) 

- Transfer Learning 

(ImageNet) 

Best Model DSC: 

84.04% 

Majority Voting 

DSC: 

85.03% 

- 
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Building upon the research summarized in Table 1, it becomes apparent that deep 

learning methods, particularly those employing the U-Net architecture, are widely 

recognized for their effectiveness in segmenting lesions within CT scans. During our 

experimental phase, we followed this approach and utilized a 2D U-Net architecture, 

along with variations where the encoder of the U-Net model was substituted with pre-

trained convolutional neural networks. 

Each of the previously mentioned research papers employs various methods and pre-

processing techniques to provide a more reliable assessment and enhance the 

performance of the models on the given task. Notably, in [7], [11], [13], [17] and [22], 

the authors normalize the CT slices by clipping pixel intensities. In [13], [17], [19], [20], 

[21], [26], [27] and [28], data augmentation is applied. Moreover, in [21], [27] and [28], 

segmentation of the lung parenchyma is performed and in [24] and [30], the authors 

leverage transfer learning.  

In this work, we combine methods and pre-processing techniques from the 

aforementioned research papers, to achieve state-of-the-art performance. Specifically, 

we adopt a technique similar to the one used in [7], [11], [13], [17] and [22] to 

normalize CT slices in terms of contrast and brightness. Moreover, we apply data 

augmentation strategies analogous to those performed in [13], [17], [19], [20], [21], 

[26], [27] and [28]. Additionally, following the approaches in [21], [27] and [28], we 

perform lung parenchyma segmentation on CT slices. Furthermore, inspired by [24] and 

[30], we utilize a transfer learning method to train variations of the U-Net model, where 

the encoder of the network is replaced with a pre-trained convolutional neural network. 

3. Materials and Methods 

Analyzing medical images to aid in the diagnosis of COVID-19 pneumonia can be 

framed as a semantic image segmentation problem. In this type of problem, deep 

learning methods, such as convolutional neural networks, are provided with CT slices 

alongside corresponding “masks”, which are images where the regions of the CT slices 

containing lung lesions have been annotated by experts. The networks are then trained 

using the input data to map the pixels of each CT slice into distinct categories based on 

the presence or absence of lesions associated with COVID-19 pneumonia.  

The framework proposed in this study is illustrated in Figure 1. In the first step, the 

selected dataset is preprocessed before being fed into each deep learning model. 

Subsequently, the deep learning models to be used in this work are selected. For our 

experiment, we chose to employ pre-trained neural networks as the backbone of a classic 

U-Net model. Following that, the implemented models undergo training and validation. 

Finally, after the training process is completed, the models’ ability to perform semantic 

image segmentation is evaluated. Appropriate performance evaluation metrics are used 

to assess their performance. 
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Fig. 1. Block diagram of the proposed method 

3.1. Dataset Selection 

For this work, we opted to use a publicly available dataset called COVID-19-CT-Seg 

[7], [8]. This dataset consists of 3,520 CT slices collected from the Coronacases.org 

[31] and Radiopaedia.org [32] repositories, comprising data from 20 distinct patients 

[7], [8]. Specifically, 2,581 CT slices originate from 10 patients within the 

Coronacases.org repository, with the remaining 939 CT slices attributed to the other 10 

patients and taken from the Radiopaedia.org repository. Figure 2 illustrates the 

distribution of CT slices in the two subsets of the COVID-19-CT-Seg dataset. 

 

Fig. 2. Bar graph depicting the number of CT slices in the COVID-19-CT-Seg dataset 
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The creators of this dataset have provided a set of 3,520 masks, in which the lung 

parenchyma is outlined bilaterally. In addition, they have included another set of 3,520 

masks outlining lesions attributed to SARS-CoV-2.  

The initial outlining procedure was carried out by two radiologists with 1-5 years of 

experience [7], [8]. It was then optimized by radiologists with 5-10 years of experience 

and finally validated and further optimized by a radiologist with over 10 years of 

experience in respiratory radiology [7], [8].  

Each patient’s slices are stored in the Neuroimaging Informatics Technology 

Initiative (NifTI) format. A visual representation of a subset of the COVID-19-CT-Seg 

dataset, alongside corresponding masks outlining lesions attributed to SARS-CoV-2, is 

depicted in Figure 3. 

 

Fig. 3. A subset of CT slices from the COVID-19-CT-Seg dataset, along with their corresponding 

masks in which areas where lesions attributed to SARS-CoV-2 have been outlined 
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3.2. Preprocessing 

In this section, we list the preprocessing techniques applied to the data before feeding it 

as input to each of the deep learning models for training and validation. The primary 

purpose of pre-processing the data is to improve data quality, reduce training time, and 

produce better results. 

In the CT slices, the pixels containing lesions (positive samples) are far fewer than 

those that do not contain lesions (negative samples). This, combined with the relatively 

small size of the dataset used in this study, results in class imbalance. To alleviate this 

problem, we removed CT slices that do not contain lesions.  

Therefore, 1,844 slices are retained in the dataset, with 1,351 slices from the 

Coronacases.org repository and the remaining 492 from the Radiopaedia.org repository. 

The distribution of CT slices in the two subsets of the COVID-19-CT-Seg dataset is 

shown in Figure 4. Additionally, since not all CT slices are of the same dimensions, we 

resize them to 256x256. 

The CT slices in the dataset used in this work present significant difference in terms 

of contrast and brightness. This difference makes the detection of important features for 

accurate semantic image segmentation difficult. To address this problem, we normalize 

the CT slices in terms of contrast and brightness. This is achieved by applying a method 

called “windowing,” where we adjust the parameters Window Width and Window Level 

of the CT slices to 1400 HU and -500 HU respectively. The choice of these values is not 

random. According to [33], adjusting Window Width and Window Level to these 

specific values enhances the visibility of features inside the lung parenchyma, which in 

turn improves lesion detectability. Moreover, by standardizing the appearance of CT 

images through the method of “windowing,” variability can be reduced, which improves 

the generalization and performance of deep learning models. Figure 5 shows a CT slice 

before and after applying contrast and brightness normalization.  

In addition, we normalize the pixel values of the CT slices to the range [0, 1], which 

is a common practice in deep learning applications. This preprocessing step facilitates 

convergence during training by ensuring that all pixel values are within a standardized 

range. This is achieved by dividing the pixel values of the CT slices by 255, which is the 

maximum pixel value. 

The region of interest in a CT slice, examined for lesions attributed to the SARS-

CoV-2 virus, is the lung parenchyma. A beneficial practice that enhances the efficiency 

of the deep learning models used in this work involves the segmentation of CT to 

preserve only the lung parenchyma in each slice. This can be achieved by utilizing the 

masks in which the lung parenchyma has been outlined bilaterally. Figure 6 shows a CT 

slice before and after the segmentation of the lung parenchyma. 

To mitigate the risk of overfitting, data augmentation is applied to the data before it is 

fed into the neural network. Data augmentation is achieved by making slight 

modifications to the existing data. These modifications consist of combinations of 

rotation within the range of 0 to 15 degrees, horizontal flipping, and horizontal and 

vertical translation within the range of 0 to 15%. 
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Fig. 4. Number of CT slices in the COVID-19-CT-Seg dataset after removing the slices without 

lesions 

 

Fig. 5. A CT slice before and after applying contrast and brightness normalization 

 

Fig. 6. A CT slice before and after segmenting the lung parenchyma 
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3.3. Data Splitting 

For the purposes of this research paper, we leveraged the 20 CT scans provided in the 

COVID-19-CT-Seg dataset. Initially, our intention was to train our models using two 

separate datasets, as exposure to diverse datasets during training can improve a model’s 

robustness. However, due to limited access to public datasets, we chose an alternative 

approach and opted to use a single dataset sourced from two distinct repositories. To 

explore this, we employed two different scenarios:  

 In the first scenario, a set of 10 CT scans from the Coronacases.org repository, 

comprising of 2,581 slices, was utilized to construct the training and validation sets 

for training and evaluation of the deep learning models, respectively. Concurrently, 

another set of 10 CT scans from the Radiopaedia.org repository encompassing 939 

slices, was used as an external evaluation set. 

 In the second scenario, the allocation of CT scans was reversed. Here, 10 CT scans 

from the Radiopaedia.org repository were used to form the training and validation 

sets, while 10 CT scans from the Coronacases.org repository were designated for 

the external evaluation set. 

The partitioning of data into training and validation subsets was accomplished 

through a 5-fold cross validation scheme. It is worth mentioning that the splitting into 

training and validation sets was performed using two distinct approaches: 

 At the slice level, where CT slices were randomly split into training and validation 

sets without any predefined criteria. 

 At the patient level, where CT slices were allocated into training and validation sets 

based on the patient they belonged to. 

3.4. Model Selection 

This section introduces the deep learning models employed in this research. The models 

used include the classic U-Net model and variations of it with different “backbones”. 

Specifically, these U-Net architectures replace the contractive path, or encoder, with 

convolutional neural networks pre-trained on the ImageNet [25] dataset, thereby 

leveraging transfer learning. The pre-trained convolutional neural networks selected as 

the encoder for the U-Net model are the VGG16 [34] and DenseNet121 [35] 

architectures. 

U-Net Architecture. The U-Net architecture, introduced in 2015 by Ronneberger et 

al., is a convolutional neural network designed for biomedical image segmentation tasks 

[6]. This network consists of three main components: the contracting path, the 

bottleneck level, and the expansive path [6]. The contracting path, which acts as the 

encoder of the network, follows the typical structure of a convolutional neural network 

[6]. In each block of this path, the spatial dimensions of the images are halved, while the 

number of the feature channels is doubled [6]. The bottleneck level connects the 

contracting path to the expansive path [6]. The expansive path, or decoder, consists of 

blocks where, in each, the spatial dimensions of the images are doubled, and the number 

of feature channels is halved [6]. The output of each block in the contracting path is 

concatenated with the input of the corresponding block in the expansive path [6]. This 
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enables the network to preserve high-resolution features from the contracting path [6]. 

The implementation of the U-Net model allows it to leverage both high-level and low-

level features, contributing to improved segmentation accuracy [6]. Another advantage 

of the U-Net architecture is that it has a relatively small number of parameters, which 

results in reduced execution time compared to alternative segmentation methods [6]. 

U-Net Architecture with the VGG-16 Model as Encoder. In this architectural 

variation, the traditional encoder is replaced with a pre-trained VGG16 model. The 

VGG16 model consists of 21 layers organized into five blocks [34]. The bottleneck 

level of the network acts as the intermediary link connecting the VGG16 model with the 

decoder. The decoder itself consists of five blocks of layers. Notably, the outputs from 

the last four blocks of the encoder are concatenated with the inputs of the corresponding 

first four blocks of the decoder. 

U-Net Architecture with the DenseNet121 Model as Encoder. In this architectural 

variation, the traditional encoder is replaced with a pre-trained DenseNet121 model. The 

DenseNet121 model begins with a convolutional layer followed by a max pooling layer 

[35]. It then includes four dense blocks, separated by transition blocks [35]. The decoder 

consists of five blocks of layers. Notably, the outputs from the convolutional layer and 

the first three dense blocks of the encoder are concatenated with the inputs of the 

corresponding first four blocks of the decoder. 

3.5. Model Training 

The training of the implemented architectures was conducted using the Kaggle [36] 

platform, leveraging the computational capabilities of an Nvidia Tesla P100 GPU with 

16 GB of memory. The models were trained on grayscale images of size 256x256 for 

200 epochs, with a learning rate of 0.001. Due to memory constraints, the data were 

divided into batches and incrementally loaded into memory during each epoch. A batch 

size of 32 was chosen for this purpose. Additionally, Adam [37] was selected as the 

optimizer. Regarding fine-tuning, we chose not to freeze any layers of the encoder part 

of the models during training. This decision was motivated by two reasons: First, the 

problem addressed in this research significantly differs from the original task for which 

the CNN models were pre-trained. Training all layers from scratch allows the models to 

better adapt to the specific characteristics of the new problem. Second, since the dataset 

used is relatively small, freezing layers might limit the models’ ability to learn important 

features specific to the dataset.   

3.6. Model Evaluation 

In this section, we detail the methodologies used to evaluate the performance of the 

models described in the previous section. To assess the models’ ability to segment 

lesions in CT slices and detect overfitting, we implemented a 5-fold cross-validation 

scheme. Additionally, we used graphical representations to monitor the training and 

validation processes, aiming to identify the presence of underfitting or overfitting and 

investigate the models’ generalization capabilities. The evaluation also includes key 
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metrics, namely Precision, Recall, Dice Similarity Coefficient, and Intersection over 

Union. 

Precision, in the context of semantic image segmentation, is defined as the ratio of 

true positive pixels to the total number of pixels included in the segmentation by the 

model, as shown in Equation (1). 

FPTP

TP
ecision


Pr  

(1) 

Recall, in the context of semantic image segmentation, is defined as the ratio of true 

positive pixels to the total of pixels that should have been included in the segmentation 

by the model, as shown in Equation (2). 

FNTP

TP
call


Re  

(2) 

The Dice Similarity Coefficient, a fundamental metric for evaluating semantic 

segmentation tasks, is calculated as the harmonic mean of Precision and Recall. This 

metric measures the spatial overlap between two segmentation regions, A and B, as 

shown in Equation (3). 

 

(3) 

Intersection over Union, another fundamental metric for evaluating semantic 

segmentation tasks, measures the spatial overlap between two segmentation regions, A 

and B, as shown in Equation (4). 

 

(4) 

4. Results and Discussion 

To assess the impact of transfer learning on the performance of the U-Net model, we 

conducted an ablation experiment. This involved training three variants of the U-Net 

architecture: the standard U-Net model and two modified versions, where the original 

encoder was replaced with pre-trained models, specifically VGG16 and DenseNet121. 

4.1. Results when Splitting Data by Slice 

For our initial experiment, we chose to use 10 CT scans obtained from Coronacases.org 

for both training and validation, while reserving the remaining CT scans from 

Radiopaedia.org for external evaluation.  This split into training and validation sets was 

performed at the slice level. Table 2 presents the metrics used to assess the performance 

of the trained models in semantically segmenting lesions associated with COVID-19 

pneumonia. 
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Among the models evaluated, the U-Net + DenseNet121 model demonstrated 

superior performance on both the validation and external validation datasets, as 

indicated by higher mean DSC and IoU values. Despite some decline in performance on 

the external validation set, all models maintained competitive results. 

When comparing the models’ performance on the validation data with their 

performance on the external evaluation data, it is evident that the evaluation metric 

values are higher in the former than in the latter. This outcome is expected, considering 

that the external validation dataset contains previously unseen data. Therefore, it is 

reasonable that the models do not perform as well on this “unknown” dataset. Moreover, 

the validation set is used during the training process to tune each network’s parameters, 

which may lead the models to learn features specific to that set and, thus perform better 

on it, despite not being explicitly trained on that specific dataset. 

Notably, all models achieved high mean Precision and Recall on the validation set. 

Higher Precision indicates a lower false positive rate, meaning the model is less likely to 

incorrectly identify non-lesion regions as lesion-containing areas. Higher Recall implies 

that the model can effectively identify actual lesions. 

In the case of external evaluation, a notable difference between Precision and Recall 

values is apparent. Although Precision slightly decreased compared to the validation set, 

Recall exhibited a more significant reduction. A lower Recall suggests that the model is 

more likely to miss identifying actual lesion regions. 

Table 2. Ablation study results when evaluating variations of the U-Net architecture on the 

validation and external validation sets, with data split at the slice level. Training and validation 

utilized 10 CT scans sourced from the Coronacases.org repository, while the external validation 

set comprised the remaining 10 CT scans from the Radiopaedia.org repository 

Model 

Validation 

Mean 

DSC 

Validation 

Mean 

IoU 

Validation 

Mean 

Precision 

Validation 

Mean Recall 

External  

Mean DSC 

External  

Mean IoU 

Externa 

Mean 

Precision 

External 

 Mean Recall 

U-Net 
0.8423 ± 

0.0131 

0.7277 ± 

0.0194 

0.8312 ± 

0.0267 

0.8545 ± 

0.0195 

0.6587 ± 

0.0396 

0.4921 ± 

0.0435 

0.8321 ± 

0.0269 

0.5487 ± 

0.0631 

U-Net + 

VGG16 

0.8573 ± 

0.0072 

0.7503 ± 

0.0111 

0.8489 ± 

0.0120 

0.8661 ± 

0.0140 

0.7118 ± 

0.0165 

0.5528 ± 

0.0200 

0.8190 ± 

0.0171 

0.6305 ± 

0.0325 

U-Net + 

DenseNet12

1 

0.8644 ± 

0.0091 

0.7612 ± 

0.0143 

0.8597 ± 

0.0112 

0.8691 ± 

0.0094 

0.7211 ± 

0.0197 

0.5641 ± 

0.0238 

0.8071 ± 

0.0450 

0.6566 ± 

0.0584 

 

Table 3 presents the training and inference times for the models discussed in Table 2. 

The results show that the U-Net model exhibits the shortest runtime, while the U-Net + 

DenseNet121 model required the most time. This observation aligns with expectations, 

as the U-Net + DenseNet121 model includes DenseNet121 as its encoder, a deep and 

complex model that requires more time to run compared to the standard U-Net model. 

Figure 7 illustrates the training and validation curves for the models, the results of 

which are shown in Table 2. Examination of these curves reveals that all models 

converge, showing no signs of overfitting. 
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Table 3. Running times of different variations of the U-Net architecture evaluated with the data 

split at the slice level. Training and validation used 10 CT scans sourced from the 

Coronacases.org repository, while the external validation set comprised the remaining 10 CT 

scans from the Radiopaedia.org repository 

Model Training 

Time 

Validation 

Time 

External 

Validation 

Time 

U-Net 4577.40 ± 

51.57 

seconds 

1.47 ±  

0.08 seconds 

2.62 ±  

0.15 seconds 

U-Net + VGG16 4633.48 ± 

17.83 

seconds 

1.63 ±  

0.02 seconds 

2.90 ±  

0.01 seconds 

U-Net + 

DenseNet121 

7807.70 ± 

218.71 

seconds 

2.58 ± 

0.05 

seconds 

4.50 ± 

0.098 

seconds 

 

Fig. 7. Training and validation curves for the models trained and evaluated on data split at the 

slice level. Training and validation used 10 CT scans sourced from the Coronacases.org 

repository, while the external validation set comprised the remaining 10 CT scans from the 

Radiopaedia.org repository 

In our second experiment, we maintained the data splitting by slice approach, but this 
time utilized the 10 CT scans taken from Radiopaedia.org for training and validation, 
and the 10 CT scans from Coronacases.org for external validation. 
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Upon comparing the model performances, it becomes apparent that the U-Net + 
DenseNet121 model once again exhibits the highest performance across all metrics in 
both the validation and external evaluation cases. Notably, a distinct observation arises: 
the difference in performance between U-Net + DenseNet121 and the other variants is 
more apparent compared to the corresponding models in Table 2. Given that the dataset 
sourced from Radiopaedia.org is significantly smaller than the one sourced from 
Coronacases.org, it seems that U-Net + DenseNet121 performs better than the other two 
models, particularly in scenarios with limited data availability. 

Interestingly, the difference between Precision and Recall values during external 
evaluation appears to be smaller compared to what was demonstrated in Table 2. This 
suggests that using the subset sourced from Radiopaedia.org for training and validation, 
and the subset sourced from Coronacases.org for external evaluation, may lead to 
models with improved ability to generalize. 

Table 4. Ablation study results when evaluating variations of the U-Net architecture on the 

validation and external validation sets, with data split at the slice level. Training and validation 

utilized 10 CT scans sourced from the Radiopaedia.org repository, while the external validation 

set comprised the remaining 10 CT scans from the Coronacases.org repository 

Model Validation 

Mean  

DSC 

Validation 

Mean 

IoU 

Validation 

Mean 

Precision 

Validation 

Mean Recall 

External 

Mean DSC 

External 

Mean IoU 

External 

Mean 

Precision 

External 

Mean 

 Recall 

U-Net 0.7909 ± 

0.0051 

0.6541 ± 

0.0070 

0.7962 ± 

0.0253 

0.7864 ± 

0.0154 

0.6546 ± 

0.0161 

0.4867 ± 

0.0180 

0.6565 ± 

0.0411 

0.6559 ± 

0.0379 

U-Net + 

VGG16 

0.8062 ± 

0.0055 

0.6753 ± 

0.0078 

0.7935 ± 

0.0241 

0.8201 ± 

0.0155 

0.7152 ± 

0.0132 

0.5568 ± 

0.0159 

0.7341 ± 

0.0381 

0.6991 ± 

0.0239 

U-Net + 

DenseNet121 

0.8586 ± 

0.0068 

0.7523 ± 

0.0105 

0.8568 ± 

0.0166 

0.8609 ± 

0.0158 

0.7553 ± 

0.0065 

0.6069 ± 

0.0084 

0.7879 ± 

0.0235 

0.7261 ± 

0.0185 

Table 5. Running times of different variations of the U-Net architecture evaluated with the data 

split at the slice level. Training and validation used 10 CT scans sourced from the 
Radiopaedia.org repository, while the external validation set comprised the remaining 10 CT 
scans from the Coronacases.org repository 

Model Training 

Time 

Validation 

Time 

External 

Validation 

Time 

U-Net 1596.20 ± 

26.73 

seconds 

0.53 ±  

0.04 seconds 

6.47 ±  

0.03 seconds 

U-Net + VGG16 1805.55 ± 

43.33 

seconds 

0.64 ±  

0.05 seconds 

7.88 ±  

0.02 seconds 

U-Net + 

DenseNet121 

3075.20 ± 

62.63 

seconds 

1.15 ±  

0.04 seconds 

12.17 ±  

0.14 seconds 

 

Table 5 showcases the training and inference times for the models discussed in Table 

4. The results reveal that, as expected, the U-Net model exhibited the shortest runtime, 

while the U-Net + DenseNet121 model required the most time. Moreover, the training 
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and validation times in this case are shorter, and the external validation time is longer 

compared to those in Table 3. This is expected, as the dataset used for training and 

validation, sourced from Radiopaedia.org, is notably smaller than the one used for 

external evaluation. 

Figure 8 depicts the training and validation curves corresponding to the models 

whose results are displayed in Table 4. Upon examining these curves, it is evident that 

all the models converge, indicating no signs of overfitting. 

 

Fig. 8. Training and validation curves for the models trained and evaluated on data split at the 

slice level. Training and validation utilized 10 CT scans sourced from the Radiopaedia.org 

repository, while the external validation set comprised the remaining 10 CT scans from the 

Coronacases.org repository 
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4.2. Results when Splitting Data by Patient 

In this section, we assess the performance of the selected models under a patient-wise 

data split. For the first experiment, we utilized 10 CT scans from Coronacases.org for 

training and validation, while 10 CT scans originating from Radiopaedia.org were used 

for external evaluation. The performance metrics achieved during validation and 

external evaluation are summarized in Table 6. 

Once again, the U-Net + DenseNet121 model exhibits superior performance on both 

the validation and external evaluation sets. Although the model’s performance does not 

reach the levels observed when trained on data split by slice, it remains satisfactory. 

Table 6 shows lower performance metrics compared to Table 2. It is important to 

note that Table 2 contains performance metrics obtained from models trained using a 

slice-wise data split, whereas here we have opted for a patient-wise data split. When data 

are split by slice, the training and validation sets contain more diverse data, which often 

leads to improved generalization during training. In contrast, when splitting data by 

patient, the limited number of patients poses challenges due to insufficient training data 

for the model to learn patterns and relationships. Furthermore, lower performance 

metrics when splitting by slice could be associated with data leakage [38], a 

phenomenon where information from the validation or test set is used during the training 

phase, potentially overestimating model performance [38]. 

Consistent with the findings in Table 2, all models achieve similar mean Precision 

and Recall on the validation set, although these values are lower than the corresponding 

ones reported in Table 2. Notably, the performance on the external evaluation dataset is 

significantly lower, with Recall being lower than Precision, mirroring the results 

observed when using a slice-wise data split. 

Table 6. Ablation study results when evaluating variations of the U-Net architecture on the 

validation and external validation sets, with data split at the patient level. Training and validation 

utilized 10 CT scans sourced from the Coronacases.org repository, while the external validation 

set comprised the remaining 10 CT scans from the Radiopaedia.org repository 

Model 
Validation 

Mean  

DSC 

Validation 

Mean 

IoU 

Validation 

Mean 

Precision 

Validation 

Mean Recall 

External 

Mean DSC 

External 

Mean 

IoU 

External 

Mean 

Precision 

External 

Mean Recall 

U-Net 
0.7637 ± 

0.0678 

0.6216 ± 

0.0883 

0.7394 ± 

0.0894 

0.7912 ± 

0.0442 

0.6613 ± 

0.0372 

0.4940 ± 

0.0404 

0.7302 ± 

0.1209 

0.6392 ± 

0.1431 

U-Net + 

VGG16 

0.7669 ± 

0.0629 

0.6253 ± 

0.0830 

0.7591 ± 

0.0675 

0.7759 ± 

0.0673 

0.7022 ± 

0.0217 

0.5414 ± 

0.0258 

0.7592 ± 

0.0974 

0.6654 ± 

0.0639 

U-Net + 

DenseNet121 

0.7889 ± 

0.0541 

0.6540 ± 

0.0738 

0.8219 ± 

0.0521 

0.7603 ± 

0.0706 

0.7079 ± 

0.0123 

0.5480 ± 

0.0146 

0.8037 ± 

0.0558 

0.6369 ± 

0.0466 

 

The training and inference times of the models, whose metrics are presented in Table 

6, are detailed in Table 7. Similar to the experiments presented in the previous section, 

the results demonstrate that the U-Net model had the shortest runtime, while the U-Net + 

DenseNet121 model required the longest time. 

The training and validation curves for the models, whose results are depicted in Table 

6, are shown in Figure 9. Upon examining these curves, it is notable that all models 

exhibit convergence. However, unlike the curves presented in the case of data split by 
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slice, it is apparent that the models show signs of overfitting. This could be attributed to 

the potential lack of diversity in the data when splitting by patient. Furthermore, the 

reduced incidence of overfitting when splitting by slice could be linked to data leakage. 

Within Table 8, we present the metrics used to assess the ability of models trained 

with a patient-based split approach to accurately segment lesions attributed to SARS-

CoV-2. For this evaluation, 10 CT scans sourced from Radiopaedia.org were used for 

training and validation, while the remaining CT scans from Coronacases.org were used 

for external evaluation.  

In line with all previous experiments, the U-Net + DenseNet121 model demonstrates 

superior overall performance. Similar to our previous experiment, where we trained and 

validated using data from the Radiopaedia.org repository, we note that the difference 

between Precision and Recall values during external evaluation is smaller compared to 

instances where our models were trained on data from the Coronacases.org repository. 

Table 7. Running times of different variations of the U-Net architecture evaluated with the data 

split at the patient level. Training and validation used 10 CT scans sourced from the 
Coronacases.org repository, while the external validation set comprised the remaining 10 CT 
scans from the Radiopaedia.org repository 

Model Training 

Time 

Validation 

Time 

External 

Validation 

Time 

U-Net 4176.32 ± 

143.44 

seconds 

1.36 ±  

0.28 

seconds 

2.41 ±  

0.02 

seconds 

U-Net + VGG16 4684.79 ± 

157.58 

seconds 

1.64 ± 

0.35 

seconds 

2.92 ± 

0.01 

seconds 

U-Net + 

DenseNet121 

7613.26 ± 

223.34 

seconds 

2.45 ±  

0.50 seconds 

4.45 ± 

0.10 

seconds 

 

Table 8. Ablation study results when evaluating variations of the U-Net architecture on the 

validation and external validation sets, with data split at the patient level. Training and validation 

utilized 10 CT scans sourced from the Radiopaedia.org repository, while the external validation 

set comprised the remaining 10 CT scans from the Coronacases.org repository 

Model Validation 

Mean  

DSC 

Validation 

Mean 

IoU 

Validation 

Mean 

Precision 

Validation 

Mean Recall 

External 

Mean DSC 

External 

Mean 

IoU 

External 

Mean 

Precision 

External 

Mean 

Recall 

U-Net 0.7631 ± 

0.0813 

0.6224 ± 

0.1035 

0.7845 ± 

0.0842 

0.7568 ± 

0.1285 

0.6724 ± 

0.0380 

0.5075 ± 

0.0428 

0.6975 ± 

0.0746 

0.6621 ± 

0.0890 

U-Net + 

VGG16 

0.7755 ± 

0.0079 

0.6387 ± 

0.1032 

0.7680 ± 

0.0699 

0.7872 ± 

0.1056 

0.6895 ± 

0.0437 

0.5275 ± 

0.0512 

0.7227 ± 

0.0433 

0.6631 ± 

0.0690 

U-Net + 

DenseNet121 

0.7989 ± 

0.0615 

0.6686 ± 

0.0835 

0.7905 ± 

0.0762 

0.8146 ± 

0.0925 

0.7369 ± 

0.0189 

0.5837 ± 

0.0238 

0.7642 ± 

0.0420 

0.7152 ± 

0.0484 
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Fig. 9. Training and validation curves for the models trained and evaluated on data split at the 

patient level. Training and validation utilized 10 CT scans sourced from the Coronacases.org 

repository, while the external validation set comprised the remaining 10 CT scans from the 

Radiopaedia.org repository 

Table 9. Running times of different variations of the U-Net architecture evaluated with the data 
split at the patient level. Training and validation used 10 CT scans sourced from the 
Radiopaedia.org repository, while the external validation set comprised the remaining 10 CT 
scans from the Coronacases.org repository 

Model Training Time 
Validation 

Time 

External 

Validation 

Time 

U-Net 1581.43 ± 97.51 

seconds 

0.50 ±  

0.18 seconds 

6.48 ±  

0.02 seconds 

U-Net + VGG16 1799.78 ± 83.24 

seconds 

0.63 ±  

0.24 seconds 

7.90 ±  

0.04 seconds 

U-Net + 

DenseNet121 

3101.80 ± 144.39 

seconds 

1.06 ±  

0.36 seconds 

12.13 ±  

0.21 seconds 
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Table 9 provides a breakdown of the training and inference times for the models that 
achieved the performance metrics displayed in Table 8. Once again, the U-Net model 
had the shortest runtime, in contrast to the U-Net + DenseNet121 model, which required 
the longest time for training, validation and external evaluation. 

In Figure 10, the training and validation curves for the models, whose results are 

shown in Table 8, are presented. In the experiment conducted for this section, all trained 

models converge. However, it is evident that each model exhibits some degree of 

overfitting. 

 

Fig. 10. Training and validation curves for the models trained and evaluated on data split at the 

patient level. Training and validation utilized 10 CT scans sourced from the Radiopaedia.org 

repository, while the external validation set comprised the remaining 10 CT scans from the 

Coronacases.org repository 
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4.3. Results of the Application of Semantic Segmentation on a Subset of the 

Validation and External Validation Datasets 

Figures 11 and 12 illustrate the results of applying semantic segmentation to subsets of 

the validation and external evaluation datasets, respectively. Upon examining these 

results, it is evident that all models effectively isolate lesions present in the CT slices. 

In addition, a quantitative analysis was conducted, and the results are presented in 

Tables 10 and 11. Notably, the U-Net + DenseNet121 demonstrated the most accurate 

segmentation among the models on both the validation and external evaluation datasets, 

as evidenced by its superior DSC and IoU values in Tables 10 and 11. 

 

Fig. 11. Semantic segmentation results on a subset of the validation dataset 
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Table 10. Quantitative analysis of the results displayed in Figure 11 

Slice U-Net U-Net + VGG16 U-Net + DenseNet121 

 DSC IoU DSC IoU DSC IoU 

Slice 1 0.8622 0.7577 0.8818 0.7886 0.8830 0.7905 

Slice 2 0.8170 0.6906 0.8475 0.7353 0.8927 0.8062 

Slice 3 0.8460 0.7331 0.8828 0.7901 0.8988 0.8162 

Slice 4 0.9071 0.8300 0.9448 0.8953 0.9461 0.8977 

Slice 5 0.8638 0.7602 0.8585 0.7521 0.8653 0.7626 

 

Fig. 12. Semantic segmentation results on a subset of the external validation dataset 
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Table 11. Quantitative analysis of the results displayed in Figure 12 

Slice U-Net U-Net + VGG16 U-Net + DenseNet121 

 DSC IoU DSC IoU DSC IoU 

Slice 1 0.6218 0.4511 0.6417 0.4724 0.6627 0.4955 

Slice 2 0.6537 0.4856 0.7074 0.5472 0.7283 0.5726 

Slice 3 0.6624 0.4952 0.7595 0.6122 0.8020 0.6695 

Slice 4 0.7669 0.6219 0.8131 0.6851 0.8444 0.7307 

Slice 5 0.8521 0.7423 0.8704 0.7705 0.8853 0.7942 

4.4. Statistical Test Analysis of the Results 

In this section, we conduct a comprehensive statistical analysis of the results derived 

from our experiments. Our goal is to compare the performance of the best and worst 

models, namely U-Net + DenseNet121 and U-Net, respectively. To assess the 

performance of our models across different cross-validation data partitions, we 

employed a statistical test called t-test. 

A t-test is used to compare the means of two groups [39]. There are two types of t-

tests: the independent t-test, which compares the means of two groups that are unrelated 

to each other, and the paired t-test which compares the means of two groups that are 

related to each other [39]. 

Since we compare two CNN models that have been trained and evaluated on the same 

data using a 5-fold cross-validation scheme, the appropriate t-test to use is the paired t-

test. This is because the same data folds are used for evaluating both models, meaning 

the results from each fold are paired. The aim of an analysis using a paired t-test is to 

discern whether there exists a statistically significant difference in the models’ mean 

performance scores. 

The paired t-test employs two contradictory research hypotheses: the null hypothesis 

and the alternative hypothesis [40]. The null hypothesis states that the mean difference 

between the paired observations is zero [40]. The alternative hypothesis states that the 

mean difference between the paired observations is not zero [40]. 

 The steps to compute the paired t-test are summarized below: 

1. Calculate the difference between each pair of observations: 

iii xyd   (5) 

2. Calculate the mean difference: 
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4. Calculate the t-statistic: 

n
s

d
t

d

  

(8) 

Under the null hypothesis, this statistic follows a t-distribution with n-1 
degrees of freedom 

5. Find the p-value corresponding to the calculated t-statistic. 

6. Compare the p-value to the chosen significance level: 

 If the p-value is less than the significance level (commonly 0.05), reject the null 

hypothesis. 

 If the p-value is greater than the significance level, fail to reject the null hypothesis. 

Table 12 presents the p-values obtained from the paired t-test. In cases where the p-

values are less than 0.05, there exists a statistically significant difference in the 

performance of the compared models. By examining Table 12, we can see that all p-

values are less than 0.05. This indicates a statistically significant difference in the 

performance between U-Net and U-Net + DenseNet121. 

Table 12. Statistical test analysis of the U-Net and U-Net + DenseNet121 models. Training and 
validation utilized 10 CT scans sourced from the Coronacases.org repository, while the external 
validation set comprised the remaining 10 CT scans from the Radiopaedia.org repository. 

Split by Slice Split by Patient 

Validation External Validation Validation External Validation 

DSC IoU DSC IoU DSC IoU DSC IoU 

0.0026 0.0022 0.0231 0.0202 0.0263 0.0175 0.0093 0.0080 

4.5. Comparison of our Results with the Results of other Researchers 

In this paper, we employed deep learning methods, specifically convolutional neural 

networks, to assess their efficacy, after appropriate training, in detecting and outlining 

lesions in CT slices caused by COVID-19 pneumonia. This proved to be a challenging 

task for two primary reasons. Firstly, collecting a large enough dataset posed difficulties 

due to the necessity of annotations provided by medical experts. Secondly, the 

prevalence of the negative class in medical images contributed to evident class 

imbalance within the data. To address these issues, we proposed leveraging transfer 

learning by replacing the encoder of a standard U-Net model with a pre-trained model. 

Results indicate that the quality and quantity of the utilized dataset, as well as the use 

of ideal preprocessing techniques, were critical for our models’ performance. 

Segmentation of the lung parenchyma and normalization in terms of contrast and 

brightness helped achieve better overall performance. On the other hand, data 

augmentation was not that helpful. 

Employing two different splitting techniques provided us with the opportunity to 

compare our method with the literature, as some authors chose to split by patient instead 

of by slice and vice versa. 
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Verifying our approach using both subsets of the dataset for training, validation and 

external evaluation showed similar performance. This observation indicates the 

robustness of the models and their strong generalization capabilities. 

Upon observing the performance of the selected models during semantic 

segmentation on both the validation and external validation datasets, it becomes evident 

that the standard U-Net model achieves significantly improved performance when 

transfer learning is applied. Moreover, the results on the external evaluation datasets 

demonstrate high generalization ability. 

Table 13. Comparison of our work with other scientific papers where the data were split by slice. 

Model Architecture Training and 

Validation Dataset 

External Evaluation 

Dataset 

Preprocessing 

& Transfer Learning 

Validation 

Results 

External 

Evaluation Results 

Xiaoyan Wang  

et al. [22] 

SSA-Net 

Experiment 1: 

COVID-19-CT-Seg 

(5-fold cross 

validation) 

Experiment 2: 

MedSeg Dataset 

[23] 

(Only 98 CT Slices) 

(5-fold cross 

validation) 

- HU Clipping  

[-1250, 250], 

No Transfer Learning 

Experiment 1: 

DSC:  

65.22% 

Experiment 2: 

DSC: 

75.40% 

- 

Krinski  

et al. [24] 

Various CNN 

Models 

COVID-19-CT-Seg 

(5-fold cross 

validation 

Train: 80% 

Val: 20%) 

- Transfer Learning 

(ImageNet [25]) 

Best Model DSC:  

73.67% 

Best Model IoU:  

70.91% 

- 

Mahmoudi et al. 

[26] 

2D U-Net 

COVID-19-CT-Seg 

(4-fold cross 

validation 

Train: 70% 

Val: 30%) 

- CLAHE,  

Image Cropping,  

Data Augmentation, 

No Transfer Learning 

DSC:  

91% 

IoU:  

85% 

- 

Qiblawey et al. [27] 

Various CNN 

Models 

COVID-19-CT-Seg 

(10-fold cross 

validation 

Train: 60% 

Val: 20% 

Test: 20%) 

- HU Normalization, 

Lung Parenchyma 

Segmentation, Data 

Augmentation, 

Transfer Learning 

(ImageNet) 

Best Model DSC:  

94.13% 

Best Model IoU:  

91.85% 

- 

Our  

Approach 

U-Net + 

DenseNet121 

Experiment 1: 

COVID-19-CT-Seg  

(10 CT from 

Coronacases) 

(5-fold cross-

validation) 

Experiment 2: 

COVID-19-CT-Seg  

(10 CT from 

Radiopaedia) 

(5-fold cross-

validation) 

 

Experiment 1: 

COVID-19-CT-Seg  

(10 CT from 

Radiopaedia) 

Experiment 2: 

COVID-19-CT-Seg  

(10 CT from 

Coronacases) 

HU Normalization 

WW: 1400 WL: -500, 

Lung Segmentation, 

 Data Augmentation 

Transfer Learning 

(ImageNet) 

Experiment 1: 

DSC: 86.44% 

IoU: 76.12% 

 

Experiment 2: 

DSC: 85.86% 

IoU: 75.23% 

 

Experiment 1: 

DSC:  

72.11% 

IoU:  

56.41% 

 

Experiment 2: 

DSC:  

75.53% 

IoU:  

60.69% 

 

Through our experiments, we found that increasing the batch size results in better 

overall model performance, while increasing the depth of the U-Net model by adding 

extra layers or changing layer parameters increases the model complexity without 

significant performance gains. 
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Another distinctive aspect of our approach that sets it apart from the works of other 

researchers is the utilization of 2D U-Nets instead of 3D U-Net architectures, which are 

less computationally expensive. Upon reviewing Tables 13 and 14 it is evident that our 

best model outperforms the majority of the models featured in other works, 

demonstrating enhanced performance. Analytically, when splitting by slice and training 

on the data from the Coronacases.org repository, our best model achieves a DSC and 

IoU score of 0.8644 and 0.7612 during the validation phase and a DSC and IoU score of 

0.7211 and 0.5641 during the external evaluation phase. When splitting by slice and 

training on the data from the Radiopaedia.org repository, our best model achieves a 

DSC and IoU score of 0.8586 and 0.7523 during the validation phase and a DSC and 

IoU score of 0.7553 and 0.6069 during the external evaluation phase. When splitting by 

patient and training on the data from the Coronacases.org repository, our best model 

achieves a DSC and IoU score of 0.7889 and 0.6540 during the validation phase and a 

DSC and IoU score of 0.7079 and 0.5480 during the external evaluation phase. When 

splitting by patient and validating on the data from the Radiopaedia.org repository, our 

best model achieves a DSC and IoU score of 0.7989 and 0.6686 during the validation 

phase and a DSC and IoU score of 0.7369 and 0.5837 during the external evaluation 

phase. This improvement is crucial for clinical applications, as accurate segmentation of 

COVID-19 lesions can lead to better monitoring of disease progression and response to 

treatment. Automated and reliable identification of affected lung regions can help 

radiologists quantify the extent of disease more efficiently, enabling timely adjustments 

in patient management strategies. This could potentially reduce diagnostic errors and 

improve patient outcomes by ensuring that critical cases are identified and treated 

promptly. 

By further examining the results in Table 13, it is evident that our best model is 

surpassed by the models trained in studies [26] and [27] in terms of performance. While 

our work demonstrates lower DSC and IoU scores compared to [27], it is important to 

consider the difference in our data preprocessing strategies. In [27], the authors applied 

data augmentation techniques before splitting the dataset into training and validation 

sets. This approach may introduce a risk of data leakage, as slightly modified images 

could be present in both training and validation sets potentially overestimating model 

performance during evaluation. In contrast, our method follows a better practice by 

performing data augmentation after the data split and exclusively on the training set. 

Regarding [26], their strategy of cropping the CT slices to the size 256x256 likely 

contributed to their models achieving higher DSC and IoU scores, as it may have helped 

them better focus on anatomical features relevant to the task. As shown in the results of 

Table 14, our best model is slightly outperformed by the model presented in [13], as 

well as by the model implemented in [15].  
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Table 14. Comparison of our work with other scientific papers where the data were 

split by patient 

Model Architecture Training and 

Validation Dataset 

External Evaluation 

Dataset 

Preprocessing 

& Transfer Learning 

Validation 

Results 

External 

Evaluation Results 

Ma et al. [7] 

2D U-Net 

COVID-19-CT-Seg 

[8] 

(5-fold cross-

validation 

Train: 20% 

Val: 80%) 

- HU Clipping  

[-1250, 250], 

No Transfer Learning 

DSC:  

60.80% 

- 

Ma et al. [7] 

nnU-Net [9] 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 20% 

Val: 80%) 

MosMed [10]  HU Clipping  

[-1250, 250], 

No Transfer Learning 

DSC:  

67.30% 

DSC:  

58.80% 

Müller  

et al. [11] 

3D U-Net [12] 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

- HU Clipping  

[-1250, 250], 

No Transfer Learning 

DSC:  

76.10% 

 

-  

Müller  

et al. [13] 

3D U-Net 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

An et al. [14] HU Clipping  

[-1250, 250], Data 

Augmentation, 

No Transfer Learning 

DSC:  

80.40% 

DSC:  

66.10% 

Owais  

et al. [15] 

DAL-Net 

Experiment 1: 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

Experiment 2: 

MosMed 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

Experiment 3: 

COVID-19-CT-Seg 

Experiment 3: 

MosMed 

Experiment 3: 

Reinhard 

Transformation [16], 

No Transfer Learning 

Experiment 1:  

DSC: 83.23%  

IoU:  74.86% 

Experiment 2: 

DSC: 68.63% 

IoU:  

61.35% 

Experiment 3: 

DSC:  

74.93% 

IoU: 

66.50% 

Zheng  

et al. [17] 

3D CU-Net 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 80% 

Val: 20%) 

MosMed HU Clipping  

[-1250, 250], 

Data Augmentation, 

No Transfer Learning 

DSC:  

77.80% 

 

DSC: 

66.80% 

Yixin Wang  

et al. [18] 

3D U-Net 

COVID-19-CT-Seg 

(5-fold cross-

validation 

Train: 20% 

Val: 80%) 

 

- No Transfer Learning DSC:  

70.04% 

- 

Our  

Approach 

U-Net + 

DenseNet121 

Experiment 1: 

COVID-19-CT-Seg  
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Experiment 2: 
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73.69% 

IoU:  

58.37% 
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5. Conclusions and Future Work 

The primary goal of this study was to investigate the ability of deep learning methods to 

accurately segment lesions in CT slices caused by pneumonia attributed to SARS-CoV-

2. Our focus was on evaluating the performance of a U-Net architecture and two 

variations of it, where the encoder was replaced with pre-trained convolutional neural 

networks. The outcomes, presented in Section 4 and compared with the literature in 

Section 2, indicate that the objectives of this research have been achieved. 

This study lays the groundwork for potential future extensions aimed at enhancing the 

robustness and applicability of the proposed models. Future work could involve 

collecting more diverse data, featuring variations in patient age, gender and ethnicity 

from various healthcare facilities. This would allow for further training of the models 

using more varied datasets. Additionally, training the models on higher-resolution 

images could enhance segmentation precision and overall model performance. Another 

potential direction could involve adapting our segmentation method for other respiratory 

diseases where accurate lesion segmentation is equally critical. Moving our method from 

research to clinical practice is also a promising prospect. This would require further 

steps, including extensive clinical trials and validation studies to ensure the robustness 

and reliability of the segmentation tool in real-world scenarios. Collaborating with 

healthcare providers to integrate our tool into hospital information systems and 

workflows will be essential for practical implementation. 

Tuning the hyperparameters of the deep learning models automatically using methods 

such as Grid Search and Random Search could potentially improve model performance. 

These methods were omitted in this work due to their computational expense. 

Implementing regularization techniques, such as Lasso and Ridge Regression, could 

help address the overfitting phenomenon observed when data are split by patient. 
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Abstract. The extensive spread of sarcasm on social media has attracted great 

attention to sarcasm detection. Topic-oriented sarcasm detection aims to 

determine the sarcastic tendency of a comment on a specific topic. Existing 

methods focus on using topics as contextual information to enhance 

comprehension of comment semantics. However, when topics and comments 

contain entities with knowledge information, accurately understanding the 

comment semantics becomes challenging. To this end, we investigate an Entity 

Knowledge-based Prompt Learning (EKPL) model that combines prompt learning 

and entity knowledge from knowledge graphs for topic-oriented sarcasm 

detection. Specifically, we use prompt learning to transform topic-oriented 

sarcasm detection from a classification task to a mask prediction task, while we 

incorporate entity knowledge into the prompt representation to enhance the 

expressiveness of its predictive mask words and the model's understanding of text 

semantics. Experimental results on the public ToSarcasm†  dataset illustrate that 

our EKPL model has a significant performance in topic-oriented sarcasm 

detection task. 

Keywords: Sarcasm detection, Entity knowledge, Prompt Learning, Knowledge 

graph, EKPL. 

1. Introduction 

As a crucial medium for online communication, social media platforms' real-time nature 

and convenience allow people to stay updated on trending topics and make comments at 

                                                           

 
* Corresponding authors 
† https://github.com/HITSZ-HLT/ToSarcasm/tree/main 
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any time. This has led to rich and diverse expressions of social media comments, such as 

irony, sarcasm, and humor. Sarcasm is a rhetorical device widely used by people and is 

characterized by indirectness [1]. The characteristic often leads to a significant contrast 

between the literal meaning of comments and the true emotions of users, resulting in 

misunderstandings of the comments. This brings huge challenges to user opinion mining 

and sentiment analysis [2]. 

With the advancement of deep learning, numerous deep learning-based methods have 

been proposed [3-4], greatly improving the detection performance. Most of the current 

research on sarcasm detection for social media comments focuses on sentence-level text 

sarcasm detection. However, social media users' comments typically revolve around 

specific topics or events. A topic may have multiple comments, which are intended to 

describe or subjectively reflect users' opinions on the topic. In light of this phenomenon, 

the study [5] proposed a topic-oriented sarcasm detection task. This task requires 

judging whether a comment is a sarcastic expression (i.e., sarcasm or non-sarcasm) on a 

specific topic, which is different from traditional sentence-level text sarcasm detection. 

To solve this task, they built a topic-oriented sarcastic expression prompt learning 

model. This model leverages prompt learning to utilize the Pretrained Language Model 

(PLM) and achieves better performance than models that utilize PLM based on features 

and fine-tuning, thereby effectively modeling the topic-oriented sarcasm detection task. 

topic:"因不接种疫苗致麻疹爆发 纽约市郊进入紧急状态"

comment:"妥妥的，智商税"

topic:"汤姆·霍兰德发问全球汽车巨头们会成为另一个诺

基亚吗？"

comment:"汽油车就是切用切珍惜吧，二氧化碳排完了就

没得排了，什么生物柴油乙醇汽油都是扯淡的，燃油车

以后就是军用车特种车还有点价值，毕竟还有点能量密

度高、后勤保障简单的优点"

 

Fig. 1. Two examples of topic-comment text pairs on ToSarcam 

As a new paradigm for utilizing PLM, prompt learning aims to effectively use pre-

training information by aligning the learning process with pre-training objectives. This 

approach overcomes the data starvation problem of fine-tuning. Previous PLM 

utilization methods, especially fine-tuning, have achieved great success under data-

sufficient conditions, but they tend to perform poorly in low-resource scenarios. Unlike 

methods that utilize PLM to directly output class distributions based on features and 

fine-tuning, prompt learning methods mask specific label words and make predictions 

like a cloze problem. (e.g., “这是一条针对话题1的<_>评论。” This is a <_> 

comment for Topic 1.). This greatly reduces the disparity between pre-training and 

target task. Additionally, in low-resource environments with a limited number of training 
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examples, prompt learning has also shown significant effectiveness [6-8]. Therefore, 

prompt learning is anticipated to enhance topic-oriented sarcasm detection task in real-

world scenarios. 

In addition, knowledge graphs can benefit topic-oriented sarcasm detection task 

through entity representation. Generally, topics are condensed, comments are 

subjectively tendentious, and both are filled with entities. These entities may appear in a 

variety of forms, such as aliases, abbreviations, and alternative spellings. Figure 1 shows 

two topic-comment text pairs in the ToSarcam dataset, which include entities such as 

“纽约市郊” (suburbs of New York City), “智商税” (IQ tax), “汤姆·霍兰德” 

(Tom Hollander), “诺基亚” (Nokia), and “汽油车” (gasoline car). In the 

comment “妥妥的，智商税” (Sure enough, IQ tax), the entity “智商税” (IQ tax) 

is a slang or metaphorical term. It refers to the consequences of not getting “疫苗” 
(vaccinated) leading to an outbreak of “麻疹” (measles) in the “纽约市郊” 
(suburbs of New York City). In another topic-comment text pair, the entity “汽油车” 
(gasoline car) is another name for the entity “燃油车” (fuel car), and they both refer 

to cars that need to use oil. In addition, the entity “生物柴油” (biodiesel) and the 

entity “乙醇汽油” (ethanol gasoline) refer to one type of diesel and gasoline 

respectively. These entities usually contain a lot of semantic information and 

background knowledge. Therefore, we can help the model understand these different 

entities by introducing external knowledge, thereby improving the model's accuracy in 

judging sarcastic comments. 

Topic Comment

Entity Linking Entity contextEntity 

Template

Prompt PLM Embedding Entity Encoding

Knowledge Graph

PLM Transformer

Knowledgeable Vebalizer

Labels

(a)Template Construction (c)Sarcasm Detection

(b)Feature Extraction
Dataset

Fig. 2. The frame diagram of the EKPL model 

For the model to understand these entities, we use the knowledge graph to obtain the 

corresponding entity information. The knowledge graph is a multi-relationship graph, 

which is composed of entity nodes and entity relationship edges. The relationship edges 

can describe the directional relationship between two entity nodes. The knowledge-level 

judgments and connections are beneficial to understanding the content of topics and 

comments because: (1) ambiguity can be avoided by linking each entity in topics and 

comments to its corresponding entity in the knowledge graph, and the problem of 

ambiguous entity mentions can be solved. (2) the knowledge graph can also provide 

more background information about entities, that is, entity context information. It helps 

to learn knowledge-level relationships among entities in topics and comments and 
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improves the performance of sarcasm detection. Therefore, the incorporation of external 

knowledge is crucial for topic-oriented sarcasm detection. 

In this paper, we propose an entity knowledge-based prompt learning model for the 

topic-oriented sarcasm detection task. The frame diagram of the model is shown in 

Figure 2. First, we design a topic-oriented prompt template for topics. Then we identify 

entities in topics and comments and obtain the corresponding entities using the 

knowledge graph Wikidata [9]. Next, we extract each entity’s directly connected 

neighbor entities in the knowledge graph as entity context information. Finally, the 

entity context information and entity information are integrated into prompt learning as 

external knowledge to enhance prompt guidance for topic-oriented sarcasm detection. 

To assess the EKPL model, we conducted experiments on the ToSarcasm dataset. 

The model proves effective in low-resource small sample environments and also 

achieves good performance when there are enough training examples. The primary 

contributions of this paper are as follows: 

(1) We propose an entity knowledge-based prompt learning model (EKPL), which 

effectively utilizes PLM through prompt learning for topic-oriented sarcasm detection. 

(2) We integrate entity knowledge and entity context knowledge extracted from the 

knowledge graph into prompt learning to enhance prompt guidance. 

(3) We carry out comprehensive experiments on publicly available datasets, with 

the experimental results showcasing the effectiveness and superior performance of our 

proposed model in both low-resource and data-rich scenarios. 

The rest of this paper is organized as follows: we introduce related work in section 2. 

In section 3, we explain our target task. And we introduce the details of EKPL in section 

4. Section 5 introduces the experimental content and provides a detailed analysis. In 

section 6 we conclude and look toward future work. 

The preparation of manuscripts which are to be reproduced by photo-offset requires 

special care. Papers submitted in a technically unsuitable form will be returned for 

retyping, or canceled if the volume cannot otherwise be finished on time. 

2. Related Work 

2.1. Sarcasm detection 

In recent years, scholars have increasingly focused on sarcasm detection in social media 

comments. Sarcasm detection for social media comments is a challenging task, which is 

related to multiple factors such as the authenticity of the comment, the author's intention, 

and the form of text. Following previous works [10-11], we define sarcastic comments 

as comments that convey sentiments or thoughts opposite to the user's genuine emotions 

or intentions. The rule-based and dictionary-based method requires researchers to 

manually design language rules [12] or extract simple statistical patterns from the corpus 

[13], and then learn through the statistical machine-learning method [14-15] to 

distinguish the sarcastic tendency of comments. 
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Thanks to its powerful data-independent modeling capabilities and excellent 

performance, deep learning technology has recently garnered significant attention in the 

realm of sarcasm detection. For example, the study [16] proposed a retrieval detection 

method for verbal sarcasm by retrieving implicit knowledge in the open domain. In [17], 

Wang et al. proposed a multi-modal mutual learning network for multi-modal sarcasm 

detection. In addition, transformer-based models have also been applied to sarcasm 

detection [18-19]. In fact, the determination of sarcasm depends heavily on the topic 

information. In [20], Lin et al. used the Latent Diliket Allocation (LDA) topic model to 

build a key feature vocabulary based on consumer topic reviews and discovered 

sarcastic feature words based on consumer review topics. In response to the problem 

that topic information cannot be used in multi-label emotion detection tasks, the study 

[21] proposed a topic-enhanced capsule network to learn the underlying topic 

information. In [22], Wu et al. performed topic modeling on input images and text and 

combined latent multi-modal topic features to enrich context. 

Topic-oriented sarcasm detection is a type of sarcasm detection, and they all need to 

detect the sarcastic tendency of sentences. The difference is that the former requires a 

specific topic to determine whether the sentence is a satirical expression for that topic. 

This means that the same sentence may have different sarcastic labels when the topic is 

different. Therefore, compared with traditional sarcasm detection, topic-oriented 

sarcasm detection is closer to real scenes and more challenging [5]. Inspired by the 

topic-oriented sarcasm detection task, this paper proposes an Entity Knowledge-based 

Prompt Learning (EKPL) model. Different from existing methods for this task, we 

utilize an external knowledge base to link entities in topics and comments, and we 

introduce entity context information to provide a better explanation of topics and 

comments. 

2.2. Prompt Learning 

Existing PLMS have demonstrated their strong performance in various classification 

tasks, such as ELMo [23], BERT [24], and Roberta [25]. Many studies are also 

exploring how to better utilize these PLMs. Previous studies are mainly divided into two 

ways to leverage PLMs: feature-based and fine-tuning. The feature-based approach 

regards the PLM as a feature extractor, while the fine-tuning approach treats the PLM as 

an initialized backbone for continued training on downstream tasks [26]. Despite the 

great success of the above methods, there is an inevitable huge disparity between the 

language model pre-training and the target task fine-tuning process [27-28]. 

Fortunately, many studies have explored another reliable paradigm for leveraging 

PLMs, called prompt learning. Prompt learning can show the potential to further 

improve performance by narrowing the disparity between language model pre-training 

and target task training [29-30]. Later, the study [7] proposed the Pattern Exploration 

Training (PET) method for few-shot learning. This method replaces labels with [MASK] 

tokens in a manually constructed template, converts the original classification task into a 

cloze form, and relies on the language model to predict the words filled in at [MASK]. 

In response to the problem that previous prompt learning-based methods did not 

consider external information, the study [31] proposed a knowledge-based prompt 

learning method. This method improves the coverage of labels by integrating external 
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knowledge bases and demonstrates the effectiveness of knowledge tuning in zero-shot 

and few-shot text classification tasks. In [32], Xie et al. proposed a method to extract 

prior knowledge from pre-trained language models using prompts. This method enables 

the model to effectively extract relevant information from a huge language knowledge 

base for different relationship types by designing specific query instructions. We 

leverage prompt learning to use Roberta for topic-oriented sarcasm detection, where the 

template combines entity knowledge information and learnable tokens. 

2.3. Knowledge information utilization 

In recent years, external knowledge information has attracted widespread attention in 

several natural language processing tasks [33-36], including sarcasm detection tasks. 

Some studies assist in judging the sarcastic tendency of a given text by introducing 

contextual information [37]. From a multimodal perspective, many studies utilize 

multimodal data such as images and videos to help with sarcasm detection [38-40]. In 

addition, some researchers have used knowledge graphs to extract information from text 

for sarcasm detection [10-11]. The good flexibility of knowledge graphs allows them to 

be used without external information (such as contextual information and image data). 

Therefore, we use knowledge graphs for topic-oriented sarcasm detection. 

The knowledge graph is composed of multiple entity nodes and edges describing 

entity relationships, which can provide rich auxiliary information for learning the 

semantic features of the context. Knowledge graphs are widely used in various fields 

through entity linking [41-43]. In [44], Hu et al. proposed a method to align knowledge 

representation with text representation by applying entity-linking technology. In [45], 

Dun et al. utilize attention mechanisms to adjust word representations and entity 

knowledge representations. In addition, some studies propose integrating knowledge 

information into prompt learning. In [16], Wen et al. used prompt learning to identify 

texts with connotative knowledge related to a given text, thereby improving the model's 

ability to understand text semantics. 

Different from the above methods, our EKPL model integrates knowledge 

information obtained from the knowledge graph into PLM and further enhances the 

comprehension of comment content by fusing knowledge information sequences to 

explore its application in topic-oriented sarcasm detection task. 

3. Task Modeling 

The topic-oriented sarcasm detection task is a binary classification task. Our research 

goal is to detect the sarcastic tendency of social media comments on specific topics. We 

formally define this task as follows: The input is a topic-comment text pair, which 

contains a topic text and a comment text. The topic text  1 2 3, , , , mT t t t t L  consists of 

m words, and the comment text  1 2 3, , , , nC c c c c L  consists of n words. Topic-

oriented sarcasm detection aims to predict the label {0,1}y  of a comment C  on a 
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specific topic T , where 1 represents sarcasm comments and 0 represents non-sarcasm 

comments. 

4. Methodology 

In this section, we first elaborate on the method for acquiring knowledge, then introduce 

the method of leveraging PLM through prompt learning in our topic-oriented sarcasm 

detection task. Finally, we detail its knowledge enhancement method.  

The overall architecture of the EKPL model is shown in Figure 3. The input of EKPL 

is the topic and comment text, and its output is the predicted probability of the labels. 

Specifically, we first leverage prompt learning to build a topic-oriented template and 

add learnable tokens to this template. Entity knowledge and entity context knowledge 

are then extracted from the knowledge graph and their representations are integrated into 

the template. Finally, we map the labels of sarcastic comments to corresponding words 

and predict them through a module called Veralizer. 

Entity Linking

RoBERTa Embedding 

Knowledge Gragh

RoBERTa

 Sequence for Entity

Bi-GRU

RoBERTa

Bi-GRU

RoBERTa Transformer

AOA  Attention
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论特朗普:中国发展太快了,引起了美国怒火,所以

把加州点燃了.....上帝保佑,只烧到加州.伟大的美

利坚万岁,大火没点燃华盛顿......

美国加州山火几乎
被扑灭，但降雨和

大风成新恐惧

T
o
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这是一条针对话题 __ 的[MASK]评论： __ 
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P
ro
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p

t

 Sequence for Entity Context

Literal

Sarcasm

Labels

(a)Template Construction 

(b)Feature Extraction

(c)Sarcasm Detection

Linear Layer

 

Fig. 3. The overall architecture of the EKPL model 



40           Yuhao Zhou et al. 

 

 

4.1. Knowledge Acquisition 

Entity knowledge acquisition. The utilization of external knowledge to enhance the 

performance of PLM has been extensively researched [46-47]. The purpose of this part 

is to obtain relevant entity knowledge in topics and comments by knowledge graphs. 

The model can better comprehend the expression of topic and comment content in this 

way. Entity linking is the most common method of leveraging knowledge graphs. We 

use the TagMe [48] tool to distinguish entities in topics and comments as shown in 

Figure 4. Then we align the entities with the corresponding entities in the knowledge 

graph Wikidata [9]. For example, the topic mentions the entity “特朗普” (Trump), we 

link it to and align it with the entity “唐纳德特朗普” (Donald Trump) in Wikidata. 

Through this step, we get entity sequence  1 2 3, , , , nEN = en en en enL . 

topic:

        特朗普正在研究要求盟国负担100%的

驻军费，再加50% 会员费 

text:

        交更多保护费，又得不到实际的保护，

又随时被主出卖，真划算！

 特朗普   唐纳德特朗普 

 盟国   同盟国 

 驻军费   驻军部队所需费用 

 会员费   享受会员待遇所需费用 

 保护费   保护费 

 保护   保护安全 

性别

名字

姓氏

奖项

工作

政党

国籍
事件

特朗普

男性

川普

唐纳德

政治家

美国

IG诺贝尔奖

共和党

竞选美国总统

 

Fig. 4. The process of knowledge extraction 

Entity context knowledge acquisition. The entity context is obtained based on the 

corresponding entities aligned above. For entity ien , we define the entity context as the 

entity node adjacent to ien  in the knowledge graph. Therefore, we extract the entity 

node jen  that is related to the current entity ien  and has a distance of  iec en  as the 

entity context r: 

 

      , , 1
j ji i i j en enec en en en r en K d d      (1) 

where r  is the relationship between entity ien  and entity jen , K  is the knowledge 

graph, and d  is the distance between entity ien  and entity jen . For example, the entity 

nodes adjacent to the entity “唐纳德特朗普” (Donald Trump) are “美国总统” 

(President of the United States), “IG诺贝尔奖” (IG Nobel Prize), “政治家” 

(Politician), “共和党” (Republican Party) and so on. These adjacent entity nodes 

form the entity context of entity “唐纳德特朗普” (Donald Trump). Then we can get 

the entity context sequence:         1 2 3, , , , nEC ec en ec en ec en ec en L . 
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4.2. Prompt Learning 

To address the challenge of data scarcity during fine-tuning, we use a different PLM 

utilization paradigm, namely prompt learning. Similar to pre-training, prompt learning 

uses a cloze-style approach to the tuning process. Therefore, it makes more effective use 

of pre-training information, thereby further improving performance in data-scarce 

conditions [8]. In this section, we introduce in detail the proposed entity knowledge-

based prompt learning model, which uses entity knowledge in prompt learning to 

complete the topic-oriented sarcasm detection task. 

In the topic-oriented sarcasm detection task, the input to our model is a topic-

comment text pair that contains a topic text and a comment text. Assume that the topic 

contains m words and the comment contains n words. We denote the topic text sequence 

as  1 2 3, , , , mT t t t t L  and the comment text sequence as  1 2 3, , , , nC c c c c L . To be 

aligned with the pre-training process, we use a task-related template te  to encapsulate 

the input. This template is carefully designed and summarized based on the 

characteristics of the topic-oriented sarcasm detection task. We mask a keyword in the 

template and then add topics and comments to this template. The specific content and 

representation of the template are as follows: 

这是一条针对话题 “T ”的 [MASK] 评论 “ C ” 

(This is a [MASK] comment " C " for topic " T ") 

1 , , , , , , ,te te te

i wte z T z mask z C   L L  (2) 

Meanwhile, the use of entity information and entity context information containing 

rich knowledge can effectively promote the topic-oriented sarcasm detection task. 

Therefore, we propose a method to incorporate entity knowledge representations that are 

extracted from knowledge graphs into prompt learning. We add the obtained entity 

context to the template that we constructed as a supplementary explanation of the 

entities in the template, thereby forming a new interpretable template to advance our 

prompt learning model. 

4.3. Entity knowledge utilization 

First, we add the entity context sequence EC  obtained from the knowledge graph to 

the template te  to explain the large number of entities contained in the topics and 

comments in the template, thereby enhancing the guidance performance of the template.  

We splice the entity context sequence EC  after the template te  to form a new 

prompt p : 

这是一条针对话题 “T ”的 [MASK] 评论 “ C ”| EC  

(This is a [MASK] comment " C " for topic " T "| EC ) 

Inspired by [49], prompt with special learnable tokens can make prompt learning 

more effective. Therefore, we further add learnable tokens to the prompt p . We insert 

two special learnable tokens “<ht>” (head token) and “＜tt＞” (tail token) into the head 

and tail of the entity context sequence EC . The special learnable tokens are randomly 

initialized and updated during training. The specific content and expression of the 

prompt are as follows: 



42           Yuhao Zhou et al. 

 

 

这是一条针对话题 “T ”的 [MASK] 评论 “ C ”|<ht> EC ＜tt＞ 

(This is a [MASK] comment " C " for topic " T "|<ht> EC ＜tt＞) 

 

1 , , , , , , , , ,te te te

i wp z T z mask z C ht EC tt   L L  (3) 

Then, we divide Roberta's encoder into two parts: embedding and transformer. As 

shown in formula (4): 

    _ _ _RoBERTa Encoder p RoBERTa Transformer RoBERTa Embedding p  (4) 

We input the prompt p into the embedding layer of Roberta for prompt embedding. 

As shown in formula (5): 

 

 1 , , , , , , , , , _te T te te te C EC

i mask w ht tte e e e e e e e e RoBERTa Embedding pL L  (5) 

where 
te

ie  is the embedding of the i -th word in template te . Te , Ce  and ECe  are the 

embeddings of topic text sequence, comment text sequence, and entity context sequence 

respectively. 
te

maske , hte  and tte  are the embeddings of mask <mask>, learnable tokens 

<ht> and <tt> respectively. 

Next, we encode the entity sequence EN  and entity context sequence EC  

separately. We encode entity sequence EN  and entity context sequence EC  with 

Roberta to obtain entity encoding  1 2, , ,EN EN EN

nEN r r r  L  and entity context encoding 

 1 2, , ,EC EC EC

nEC r r r  L : 

 1 1, , , ,EN EN

n nr r RoBERTa en enL L  (6) 

    1 1, , , ,EC EC

n nr r RoBERTa ec en ec enL L  (7) 

We utilize the Bidirectional Gated Recurrent Unit (Bi-GRU) to perform feature 

extraction on entity encoding EN   and entity context encoding EC . Bi-GRU utilizes 

gating mechanisms to capture long-term information of sequences and is less complex 

than Bidirectional Long Short-Term Memory (Bi-LSTM). The formulas are as follows: 

 1 1, , , ,EN EN EN EN

n nh h Bi GRU r r L L  (8) 

 1 1, , , ,EC EC EC EC

n nh h Bi GRU r r L L  (9) 

where 
EN

ih  and 
EC

ih  are feature vectors containing entity sequence information and 

entity context sequence information respectively. 

Knowledge integration. We choose the head feature 1

ENh  and tail feature 
EN

nh  in the 

feature vector 1 , ,EN EN

nh hL  that contains long-term and bidirectional entity sequence 

information output through Bi-GRU as the representation of entity knowledge. These 

two vectors are then added to the learnable tokens hte  and tte  in the prompt embedding: 

1
ˆ EN

ht hte e h   (10) 

ˆ EN

tt tt ne e h   (11) 

Next, we extract features from the prompt embedding containing entity knowledge to 

obtain prompt features through Roberta's transformer: 

 

 1 1
ˆ ˆ, , , , _ , , , ,te C te C

ht tt ht ttl l l l RoBERTa Transformer e e e eL L L L  (12) 
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After getting the prompt features, we perform a linear transformation on them: 

 

 1 , , , ,te C T

ht ttL l l l l W b  L L  (13) 

where W  is the weight matrix with dimension [256,768], b  is the bias vector with 

dimension [1,256] and L  is the output matrix. 

To better learn the relevant information between prompt and entity context, we 

introduce an Attention-over-Attention (AOA) mechanism after the output matrix L . 

This mechanism can further refine the relationship between hints and entity context by 

calculating the word pair correlation matrix, thereby improving the performance of the 

model. Firstly, we calculate an interaction matrix I : 

 
T

EC

iI L h   (14) 

where  
T

EC

ih  is the transpose of the entity context feature vector. 

Each row or column of this interaction matrix I  represents the word pair correlation 

between topic and comment. We perform softmax normalization on each row to obtain 

an attention matrix   of the prompt relative to the entity context. Then we perform 

softmax normalization on each column to obtain an attention matrix   of the entity 

context relative to the prompt. Then we average   by column to get the EC-level 

attention representation  , and do the dot multiplication with α to get the prompt-level 

attention representation  : 

= T    (15) 

Finally, the correlation representation s  between the prompt and the entity context is 

the weighted sum of the output matrix L  and the attention representation  : 
Ts L    (16) 

Veralizer. We use a module called Veralizer to simulate the process of predicting 

mask words in pre-training. This module maps labels to corresponding words, which are 

called mapping words. Inspired by [26], we convert each label into words with similar 

meanings through a similar translation method. For example, the label “讽刺” 

(sarcasm) can be similarly translated as “反讽” (irony) and “讥讽” (satire). Figure 

5 shows the mapping details between the label “讽刺” (sarcasm) and its mapping 

words. As shown in Figure 6, the topic-oriented sarcasm detection is a binary 

classification task, we set the label opposite to the label “讽刺” (sarcasm) as 

“字面” (literal) based on the template content “这是一条针对话题 “T ”的 

[MASK] 评论 “ C ””. 

Construct Knowledgeable 

Verbalizer

讽刺
(sarcasm)

反讽(irony),讽刺(sarcasm),幽默

(humorous),诙谐(wry),不协调

(incongruous),嘲讽(taunt),夸张

(hyperbole),讥讽(satire),戏谑

(banter),冷嘲热讽(Cynical),嘲

笑(mock),挖苦(ridicule),嗤笑

(scoff),滑稽(amusing)

irony,sarcasm,humorous,

wry,incongruous,

taunt,hyperbole,satire,

banter,cynical,

mock,ridicule,

scoff,amusing

sarcasm

humorous

irony

satire

hyperbole

Refine Knowledgeable 

Verbalizer
Final Verbalizer

 

Fig. 5. Mapping words corresponding to the label “讽刺” (sarcasm) 
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Construct Knowledgeable 

Verbalizer

字面
(literal)

字面(literal),明了(explicit),真实

(true),现实(real),直白(blunt),

事实(actual),直接(direct),

清楚(lucid),确切(exact),

直截了当(straight),非修辞性

(unrhetorical),简单(simple),明

确(unambiguous)

literal,explicit,true,

real,blunt,actual,direct,

lucid,exact,straight,

unrhetorical,simple,

unambiguous

exact

true

literal

real

blunt `

Refine Knowledgeable 

Verbalizer
Final Verbalizer

 

Fig. 6. Mapping words corresponding to the label “字面” (literal) 

First, we use Related Words‡ and Google Translation§ to obtain words with similar 

meanings to the labels. Related Words is a knowledge graph that integrates various 

resources, including word embeddings, ConceptNet, etc. Then we select 10 mapping 

words based on the word similarity provided by Related Words and Google Translation. 

Finally, we use MLP to predict the distribution probability of the <mask> position 

mapping word: 

   te

maskP mw p MLP s  (17) 

where mw is the mapping word,  P mw p  is the probability distribution of the 

mapping word mw, 
te

masks  is the feature of the mask <mask> in the correlation 

representation s . 

Since each mapping word has a different importance in the corresponding label, we 

allocate a learnable weight mwq  to each mapping word. The label probability  P y p  

can be obtained through the learnable weight mwq  and the probability distribution of the 

mapping word  P mw p : 

   
y

mw

mw S

P y p sigmoid q P mw p


 
  

 
 
  (18) 

where yS  is the mapping word set corresponding to the label. 

We use cross-entropy loss and L2 loss function to train and optimize our EKPL 

model. In addition, we use dropout to prevent model overfitting, thereby enhancing the 

model's generalization ability and robustness: 

 

 
2

1 1

log
N K

j j

i i
i j

Loss y P y p 
 

      (19) 

where N is the total number of training samples and K is the total number of 

categories. 
j

iy  is the true label of training sample i belonging to category j.  j

iP y p  is 

the probability that training sample i belongs to category j.   is the L2 regularization 

coefficient.   represents a trainable parameter in the model (e.g. Weight_decay). 

                                                           

 
‡ https://relatedwords.org 
§ https://translate.google.com 

https://relatedwords.org/
https://translate.google.com/
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5. Experiment 

In this section, we will verify the validity of the model through experiments. We first 

present the details of the dataset and related parameter settings. Then, we present and 

summarize the results of our model on test data. Finally, we analyze the stability and 

visualization of the model. 

Table 1. Dataset information 

Label Train Validation Test Total Ratio (%) 

irony 1464 486 486 2436 50.01 

literal 1461 487 487 2435 49.99 

total 2925 973 973 4871 100 

5.1. Experiment Setup 

To verify the effectiveness of our model, we conduct experiments on the publicly 

available ToSarcasm dataset. ToSarcasm is a dataset consisting of 4871 topic-comment 

text pairs, including 707 topics and 4871 comments. These topics and comments come 

from the Guanchazhe** website, and are mostly related to political news and humanities 

and social science. The statistics of the dataset are shown in Table 1. 

Due to the scarcity of public Chinese sarcasm detection datasets, ToSarcasm is the 

only existing publicly known topic-oriented sarcasm detection Chinese dataset. 

Therefore, we set up “Few-shot” and “Full-scale” in the comparison experiment and 

ablation experiment to simulate low-resource scenario and sufficient-resource scenario. 

Few-shot. We randomly select (5, 10, 20, 50, 100) samples from the original training 

set as the training set to simulate the real low-resource scenario. Then we create the 

development set of the same size, and the test set still uses the original test set. 

Considering that the training set and development set with different sample sizes in low-

resource scenarios significantly affect model performance, we repeated the above 

sampling method on 10 random seeds for the experiment. The results of the experiments 

were averaged after removing the maximum and minimum values. 

Full-scale. We directly use the original training set, development set and test set in 

the ToSarcasm dataset. The ratio of the three sets is 6:2:2 and they are all balanced sets. 

Model settings. We use Roberta-base [25] as our PLM. The hidden vector dimension 

of Roberta-base is 768, and the hidden layer dimension of Bi-GRU is 256. We have set 

the hidden layer size to 200 for MLP. To prevent overfitting, we use dropout to reduce 

the density of the model, and we set dropout to 0.2. During the training process, if the 

learning performance of the model does not improve after more than 10 times, the 

training will end early. We use the Adam optimizer [50] to optimize the parameters of 

the model. 

                                                           

 
** https://www.guancha.cn/ 

https://www.guancha.cn/
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Considering that our goal is to detect sarcastic comments, we set “讽刺” (sarcasm) 

as a positive example and “字面” (literal) as a negative example. We use precision 

(P), recall (R), accuracy (Acc), and F1-score (F1) to evaluate the model's classification 

performance. The calculation formula for each evaluation indicator is as follows: 

TP TN
Accuracy

TP TN FP FN




  
                                                            (20) 

TP
Precision

TP FP



                                                                         (21) 

 
TP

Recall
TP FN




                                                                         (22) 

 
2

1
P R

F score
P R

 
 


                                                                         (23) 

where TP represents the number of samples where the predicted label and the actual 

label both are “讽刺” (sarcasm); FP represents the number of samples where the 

predicted label is “讽刺” (sarcasm) but the actual label is “字面” (literal); FN 

represents the number of samples where the predicted label is “字面” (literal) but the 

actual label is “讽刺” (sarcasm); TN represents the number of samples where the 

predicted label and the actual label both are “字面” (literal). 

5.2. Comparative Methods 

In this section, we compare our EKPL model with traditional word vector models (1-3), 

which do not use PLM. Furthermore, we compare our EKPL model with feature-based 

models (4-5) and standard fine-tuned models (6-7). We further compare our EKPL 

model with several other powerful models for prompt learning (8-9). The details are as 

follows: 

(1) Bi-LSTM [51]: Use bidirectional LSTM to extract features from sentences and 

targets respectively, and then concatenate the extracted hidden layer features, which are 

finally used as classification features for sarcasm detection. 

(2) MIARN [52]: Effectively captures the contextual semantics of multi-dimensional 

information through the attention mechanism and Bi-LSTM, and then learns the 

inconsistency of sarcastic expressions in topics and comments, ultimately achieving 

accurate sarcasm detection. 

(3) ADGCN [53]: Utilizes external sentiment knowledge and adaptive dynamic graph 

convolutional networks to model sentiment inconsistencies in topics and comments to 

detect sarcastic expressions. 

(4) BERT [24]: The pre-trained language model BERT-base-Chinese can 

semantically represent target sentences and capture contextual semantic relationships 

through pre-training and fine-tuning. 

(5) ADGCN-BERT [53]: Combines the Adaptive Dynamic Graph Convolution 

Network (ADGCN) and the pre-trained language model BERT-base-Chinese. 

(6) KL-BERT [54]: A sarcasm detection model based on BERT and incorporating 

common sense knowledge. 
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(7) KC-ISA-BERT [55]: An implicit sentiment analysis model that uses a joint 

attention mechanism to integrate external common sense and contextual features. 

(8) PET [7]: Use the "[CLS]s[SEP]t[SEP] this is [MASK]" template as the input of 

the pre-trained language model BERT-base-Chinese, and predict whether the [MASK] 

position corresponds to "sarcasm" or "non-sarcasm" 

(9) TOSPrompt [5]: Prompt learning is used to construct a topic-oriented sarcastic 

expression prompt template to determine the sarcastic tendency of comments on specific 

topics. 

5.3. Experimental Results and Analysis 

Our experiments on the ToSarcasm dataset are shown in Table 2 and Table 3. From 

Table 2 and Table 3 we can derive the following results: 

Table 2. Comparison between our model and other models in Few-shot. The best results among 

the comparison models are marked with "*" 

Model 

Few-shot 

5 10 20 50 100 

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 

Bi-LSTM 23.17 26.06 28.27 30.76 35.56 37.58 31.60 33.36 39.67 41.43 

MIARN 24.89 26.54 26.23 27.76 19.52 20.45 18.45 20.84 40.67 42.25 

ADGCN 27.53 29.30 30.09 31.98 31.91 33.56 34.03 35.94 41.90 43.57 

BERT 35.24 36.75 33.71 36.32 35.90 37.70 38.57 40.38 47.23 50.65 

KL-BERT 35.89 36.27 34.66 36.71 35.41 37.83 38.72 40.59 48.17 50.90 

ADGCN-BERT 30.94 32.75 36.04 38.61 42.38 44.97 50.57 52.30 58.16 60.98 

KC-ISA-BERT 29.06 30.97 36.75 38.32 42.88 44.80 50.79 51.80 58.23 61.23 

PET 36.67 37.80 37.07 38.78 43.44* 45.20 50.08 52.63 59.87 61.57 

TOSPrompt 37.52* 39.61* 41.67* 43.22* 43.02 45.68* 51.16* 53.39* 60.22* 62.88* 

EKPL 40.83 41.25 42.77 43.92 46.40 48.34 52.52 54.60 61.29 63.51 

 

Comparison with Word Vector Models. First, we analyze the results between 

traditional word vector models and our entity knowledge-based prompt learning model. 

We used Chinese Word Vectors [56] to initialize word vectors for the three comparison 

models of Bi-LSTM, MIARN, and ADGCN. According to the experimental results, our 

entity knowledge-based prompt learning model has significantly improved the four 

evaluation indicators of precision, recall, accuracy, and F1-score compared to the 

traditional word vector models. Because the traditional word vector models have 

shortcomings in text semantic representation. In addition, the PLM-based models have 

also improved their indicators compared with the traditional word vector models. It can 

be shown that in the topic-oriented sarcasm detection task, the PLM-based models have 

better results. 
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Table 3. Comparison between our model and other models in Full-scale. The best results among 

the comparison models are marked with "*" 

Model 
Full-scale 

Acc F1 

Bi-LSTM 63.72 66.65 

MIARN 65.32 68.25 

ADGCN 65.90 69.19 

BERT 69.17 69.09 

KL-BERT 69.66 70.14 

ADGCN-BERT 70.40 70.83 

KC-ISA-BERT 70.57 71.88 

PET 70.70 71.44 

TOSPrompt 71.76
*
 73.20

*
 

EKPL 73.77 74.04 

 

Comparison with other PLM utilization models. Second, we compare our prompt 

learning model with feature and fine-tuning based PLM utilization models (KL-BERT, 

BERT, KC-ISA-BERT, ADGCN-BERT). It can be seen that our prompt learning model 

achieves better performance. It proves that our prompt learning model can better utilize 

PLM information. In addition, through the comparison of the above four PLM 

utilization models and prompt learning models (PET, TOSPrompt), we found that 

prompt learning has better results in topic-oriented sarcasm detection tasks. A simple 

sentence-level sarcasm detection model cannot complete the topic-oriented sarcasm 

detection task well, but this problem can be better solved with the help of the topic 

information prompt. 

Comparison with conventional prompt learning models. Finally, we validate the 

contribution of external knowledge to prompt learning. We compared our entity 

knowledge-based prompt learning model with conventional prompt learning models 

(PET, TOSPrompt). Compared with PET, our EKPL model improves accuracy and F1-

score by 2.01% and 0.84% respectively. Compared with TOSPrompt, our EKPL model 

improves accuracy and F1-score by 3.07% and 2.60% respectively. This shows that 

external knowledge can effectively guide prompt learning, thereby improving model 

performance. 

The above results show that our EKPL model achieves the best classification 

performance when the training data is sufficient. Our EKPL model still has good 

performance when training data is insufficient. Therefore, this model is suitable for 

topic-oriented sarcasm detection tasks in real scenarios. We summarize the reasons for 

the good performance of the EKPL model into the following two points: 1) EKPL uses 

prompt learning to model topic-oriented sarcasm detection tasks, and by designing a 

topic-oriented sarcastic expression prompt learning template, it can better learn the 

sarcastic expression information in comments. 2) EKPL uses entity knowledge and 

entity context knowledge to eliminate ambiguity caused by entities in topics and 

comments. It uses the attention mechanism to effectively integrate entity information 

into prompt learning. 

Comparison with EKPL variants. We conducted ablation experiments to verify the 

effectiveness of each part of the EKPL model. Variants of EKPL are as follows: 
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EKPL-EC: EKPL-EC is a variant of EKPL without entity context knowledge. The 

specific method is to remove the entity context sequence in the prompt and remove the 

AOA mechanism and the entity context features input to the AOA mechanism. 

EKPL-EN: EKPL-EN is a variant of EKPL without entity knowledge. We remove 

learnable tokens so that entity sequence features cannot be added to the corresponding 

positions of the learnable tokens in the prompt embedding. 

EKPL-EC-EN: EKPL-EC-EN is a variant of EKPL without entity knowledge and 

entity context knowledge. This variant only uses a manually designed template for 

prompt learning and is equivalent to the regular prompt learning model. 

EKPL-LW: EKPL-LW is a variant of EKPL without learnable weight for mapping 

words. 

EKPL-PT: EKPL-PT is a variant of EKPL that does not use prompt learning. We 

feed topics and comments directly into the model and keep only two learnable tokens. 

EKPL-TM: EKPL-TM is a variant of EKPL without template. We do not use 

templates for prompt learning, only keeping <mask> and entity knowledge injection. 

EKPL-AOA: EKPL-AOA is a variant of EKPL without the AOA mechanism. 

Table 4. Ablation study in Few-shot 

variants 

Few-shot 

5 10 20 50 100 

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 

-PT 32.14 33.49 33.98 34.21 33.90 34.00 35.61 36.37 37.78 38.82 

-TM 32.85 33.76 32.47 33.95 34.35 35.49 35.69 36.21 39.21 40.21 

-EC-EN 35.25 36.30 35.92 36.53 37.34 38.57 38.60 39.08 43.51 44.73 

-EN 37.80 38.54 38.78 39.59 44.20 45.03 50.63 51.41 59.73 60.51 

-EC 37.48 38.74 39.57 40.14 45.37 46.07 51.64 52.16 60.43 61.17 

-LW 38.12 39.68 40.50 41.16 45.69 46.90 51.41 52.20 60.74 61.90 

-AOA 39.51 40.17 41.48 42.43 46.39 47.53 52.12. 53.37 61.29 62.10 

EKPL 40.83 41.25 42.77 43.92 46.40 48.34 52.52 54.60 61.96 63.51 

As shown in Table 4 and Table 5, the variants of EKPL show varying degrees of 

performance degradation, which indicates that each part of EKPL is effective. Variant 

EKPL-PT and variant EKPL-TM have the most significant performance degradation. 

One possible reason is that after losing the guidance of the prompt, it is difficult for the 

model to understand the comment content based on the topic, resulting in more errors 

when predicting the meaning of the <mask> position. The result proves the importance 

of prompt learning and the construction of a template for prompt learning. When we 

remove entity context knowledge, the Acc and F1 of EKPL-EC decrease by 2.40% and 

1.28% respectively. This shows that comprehensive entity context knowledge is helpful 

for understanding entities in topics and comments. When we ignore entity knowledge, 

the Acc and F1 of EKPL-EN decrease by 2.54% and 1.39% compared with EKPL. The 

result shows that entity knowledge plays an important role in entity disambiguation. It 

also provides a basis for effectively combining entity context knowledge. When we 

remove external knowledge from EKPL, the indicators of EKPL-EC-EN decrease. For 

example, there is a 2.29% drop compared to EKPL in terms of F1-score. The research 
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result shows that entity knowledge is instructive for EKPL to detect sarcasm. 

Furthermore, we observe that the variant EKPL-LW performs comparably to fine-tuning 

without learnable weight for mapped words. Probably because PLM has a fixed prior 

preference for [MASK] prediction, which is determined by the pre-training process. The 

learnable weights of mapping words map the mapping words to the label through 

weighted summation to obtain more accurate results. 

Table 5. Ablation study in Full-scale 

variants 
Full-scale 

Acc F1 

-PT 68.48 69.06 

-TM 69.56 70.49 

-EC-EN 70.44 71.75 

-EN 71.23 72.65 

-EC 71.37 72.76 

-LW 72.18 73.30 

-AOA 72.32 73.93 

EKPL 73.77 74.04 

 

Fig. 7. The standard deviation of F1-score in few-shot settings 

5.4. Stability Analysis 

The stability of a model is also an important indicator for evaluating model 

performance, so we measured and analyzed the stability of our EKPL model. Model 

stability is measured as the standard deviation of F1-score. As shown in Figure 7, we 

compared the standard deviations of the 10 experimental results of each model under 
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few-shot in the comparative experiment. It can be found that our EKPL model is more 

stable than feature-based, fine-tuning and other prompt learning models in most cases 

through comparison. This proves that our model has great stability. 

In addition, we found that the standard deviation of the model will show a downward 

trend as the few-shot increases. We noticed that the word vector-based models tend to 

be more stable than various PLM utilization models in the case of smaller few-shots. It 

may be that PLM-based models are prone to overfitting when there is insufficient data, 

resulting in poor generalization ability and high randomness of the model. 

5.5. Visualization of mapping word weights 

We analyze the weight of each answer word after training. We average the answer 

weights under few-shot settings. 

 

Fig. 8. The mapping word weights of literal label 

Among the mapping words corresponding to the label “字面” (literal), “直白” 

(blunt) has the highest weight, while “明了” (explicit) has the smallest weight. As 

shown in Figure 8, it may be that PLM has a strong preference for the word “直白” 

(blunt). This result suggests that PLM's perception and understanding of words may be 

different from humans. As shown in Figure 9, we performed a visual analysis of the 

weight of each mapped word after training. Among the mapping words corresponding to 

the label “讽刺” (sarcasm), “讽刺” (sarcasm) and “反讽” (irony) have higher 

weights, which is in line with our predictions. 
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Fig. 9. The mapping word weights of sarcasm label 

6. Conclusion 

In this paper, we propose an entity knowledge-based prompt learning model (EKPL) to 

solve the topic-oriented sarcasm detection task. The core idea of the model is to use 

prompt learning to guide PLM. It adopts the same goal as the language model pre-

training, significantly narrowing the gap between pre-training and target task training. In 

addition, we inject entity knowledge into our well-designed template to refine the 

prompt representation. This can further enhance our sarcasm detection model. To the 

best of our knowledge, this is the first work to combine prompt learning and knowledge 

graphs for topic-oriented sarcasm detection. 

To evaluate our model, we conduct experiments on the publicly available ToSarcasm 

dataset. Comparison with different PLM utilization methods and other prompt learning 

models fully illustrates the superiority of our prompt learning method and the 

effectiveness of external knowledge on our prompt learning model. Furthermore, we 

conduct a detailed discussion and analysis of the results for a comprehensive 

understanding of our model. 

In future work, we will look for better knowledge representations and incorporate 

them as explicit features into prompt learning and deep neural networks to further 

improve the performance of sarcasm detection models. 

 
Acknowledgments. This work was supported by the National Natural Science Foundation of 

China (Grant NO.62076006), the Opening Foundation of the State Key Laboratory of Cognitive 

Intelligence, iFLYTEK (Grant NO.COGOS-2023HE02), and the University Synergy Innovation 

Program of Anhui Province (Grant NO.GXXT-2021-008). 



 Topic-oriented Sarcasm Detection via Entity            53 

 

 

References 

1. Kanakam, R., & Nayak, R. K. (2021, June). Sarcasm Detection on Social Networks using 

Machine Learning Algorithms: A Systematic Review. In 2021 5th International Conference 

on Trends in Electronics and Informatics (ICOEI) (pp. 1130-1137). IEEE. 

2. Zhang, S., Zhao, T., Wu, H., Zhu, G., & Li, K. (2023). TS-GCN: Aspect-level sentiment 

classification model for consumer reviews. Computer Science and Information Systems, 

20(1), 117-136. 

3. Khan, M., & Malviya, A. (2020, February). Big data approach for sentiment analysis of 

twitter data using Hadoop framework and deep learning. In 2020 International Conference 

on Emerging Trends in Information Technology and Engineering (ic-ETITE) (pp. 1-5). 

IEEE. 

4. Wang Z, Hu S, Liu W. Product feature sentiment analysis based on GRU-CAP considering 

Chinese sarcasm recognition[J]. Expert Systems with Applications, 2024, 241: 122512.  

5. Liang, B., Lin, Z., Qin, B., & Xu, R. (2022, October). Topic-Oriented Sarcasm Detection: 

New Task, New Dataset and New Method. In Proceedings of the 21st Chinese National 

Conference on Computational Linguistics (pp. 557-568). 

6. Feng K, Huang L, Wang K, et al. Prompt-based learning framework for zero-shot cross-

lingual text classification[J]. Engineering Applications of Artificial Intelligence, 2024, 133: 

108481. 

7. Schick, T., & Schütze, H. (2021, April). Exploiting Cloze-Questions for Few-Shot Text 

Classification and Natural Language Inference. In Proceedings of the 16th Conference of the 

European Chapter of the Association for Computational Linguistics: Main Volume (pp. 255-

269). 

8. Schick, T., & Schütze, H. (2021, June). It’s Not Just Size That Matters: Small Language 

Models Are Also Few-Shot Learners. In Proceedings of the 2021 Conference of the North 

American Chapter of the Association for Computational Linguistics: Human Language 

Technologies (pp. 2339-2352). 

9. Vrandečić, D., & Krötzsch, M. (2014). Wikidata: a free collaborative knowledgebase. 

Communications of the ACM, 57(10), 78-85. 

10. Wen, Z., Gui, L., Wang, Q., Guo, M., Yu, X., Du, J., & Xu, R. (2022). Sememe knowledge 

and auxiliary information enhanced approach for sarcasm detection. Information Processing 

& Management, 59(3), 102883. 

11. Ren, Y., Wang, Z., Peng, Q., & Ji, D. (2023). A knowledge-augmented neural network 

model for sarcasm detection. Information Processing & Management, 60(6), 103521. 

12. Pavan Kumar, M. R., & Jayagopal, P. (2023). Context-sensitive lexicon for imbalanced text 

sentiment classification using bidirectional LSTM. Journal of Intelligent Manufacturing, 

34(5), 2123-2132. 

13. Ortega-Bueno, R., Rosso, P., & Pagola, J. E. M. (2022). Multi-view informed attention-

based model for Irony and Satire detection in Spanish variants. Knowledge-Based Systems, 

235, 107597. 

14. Vinoth, D., & Prabhavathy, P. (2022). An intelligent machine learning-based sarcasm 

detection and classification model on social networks. The Journal of Supercomputing, 

78(8), 10575-10594. 

15. Govindan, V., & Balakrishnan, V. (2022). A machine learning approach in analysing the 

effect of hyperboles using negative sentiment tweets for sarcasm detection. Journal of King 

Saud University-Computer and Information Sciences, 34(8), 5110-5120. 

16. Wen, Z., Wang, R., Chen, S., Wang, Q., Ding, K., Liang, B., & Xu, R. (2023). RDVI: A 

Retrieval–Detection Framework for Verbal Irony Detection. Electronics, 12(12), 2673. 

17. Wang J, Yang Y, Jiang Y, et al. Cross-modal incongruity aligning and collaborating for 

multi-modal sarcasm detection[J]. Information Fusion, 2024, 103: 102132. 



54           Yuhao Zhou et al. 

 

 

18. Mohan, A., Nair, A. M., Jayakumar, B., & Muraleedharan, S. (2023). Sarcasm Detection 

Using Bidirectional Encoder Representations from Transformers and Graph Convolutional 

Networks. Procedia Computer Science, 218, 93-102. 

19. Lu Q, Long Y, Sun X, et al. Fact-sentiment incongruity combination network for multimodal 

sarcasm detection[J]. Information Fusion, 2024, 104: 102203. 

20. Lin, H. C. K., Wang, T. H., Lin, G. C., Cheng, S. C., Chen, H. R., & Huang, Y. M. (2020). 

Applying sentiment analysis to automatically classify consumer comments concerning 

marketing 4Cs aspects. Applied Soft Computing, 97, 106755. 

21. Fei, H., Ji, D., Zhang, Y., & Ren, Y. (2020). Topic-enhanced capsule network for multi-label 

emotion classification. IEEE/ACM Transactions on Audio, Speech, and Language 

Processing, 28, 1839-1848. 

22. Wu, S., Fei, H., Cao, Y., Bing, L., & Chua, T. S. (2023). Information Screening whilst 

Exploiting! Multimodal Relation Extraction with Feature Denoising and Multimodal Topic 

Modeling. arXiv preprint arXiv:2305.11719. 

23. Peters, M., Neumann, M., Iyyer, M., Gardner, M., Clark, C., Lee, K., & Zettlemoyer, L. 

(2018). Deep contextualized word representations. In Proceedings of the 2018 conference of 

the north american chapter of the association for computational linguistics: human language 

technologies, Volume 1 (Long Papers) (pp. 2227–2237). 

24. Devlin, J., Chang, M.-W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of deep 

bidirectional transformers for language understanding. In Proceedings of the 2019 

conference of the north american chapter of the association for computational linguistics: 

human language technologies, volume 1 (long and short papers) (pp. 4171–4186). 

25. Liu, Y., Ott, M., Goyal, N., Du, J., Joshi, M., Chen, D., ... & Stoyanov, V. (2019). Roberta: 

A robustly optimized bert pretraining approach. arXiv preprint arXiv:1907.11692. 

26. Jiang, G., Liu, S., Zhao, Y., Sun, Y., & Zhang, M. (2022). Fake news detection via 

knowledgeable prompt learning. Information Processing & Management, 59(5), 103029. 

27. Zhang, Z., Han, X., Liu, Z., Jiang, X., Sun, M., & Liu, Q. (2019). ERNIE: Enhanced 

language representation with informative entities. arXiv preprint arXiv:1905.07129. 

28. Liu, W., Zhou, P., Zhao, Z., Wang, Z., Ju, Q., Deng, H., & Wang, P. (2020, April). K-bert: 

Enabling language representation with knowledge graph. In Proceedings of the AAAI 

Conference on Artificial Intelligence (Vol. 34, No. 03, pp. 2901-2908). 

29. Liu, X., & Zheng, Y. (2021). Zhengxiao Du, Ming Ding, Yujie Qian, Zhilin Yang, and Jie 

Tang. 2021. Gpt understands, too. arXiv preprint arXiv:2103.10385, 6(2). 

30. Han, X., Zhao, W., Ding, N., Liu, Z., & Sun, M. (2022). Ptr: Prompt tuning with rules for 

text classification. AI Open, 3, 182-192. 

31. Hu, S., Ding, N., Wang, H., Liu, Z., Wang, J., Li, J., ... & Sun, M. (2021). Knowledgeable 

prompt-tuning: Incorporating knowledge into prompt verbalizer for text classification. arXiv 

preprint arXiv:2108.02035. 

32. Xie, S., Pan, Q., Wang, X., Luo, X., & Sugumaran, V. (2024). Combining prompt learning 

with contextual semantics for inductive relation prediction. Expert Systems with 

Applications, 238, 121669. 

33. Zhu, C., Chen, M., Zhang, S., Sun, C., Liang, H., Liu, Y., & Chen, J. (2023). SKEAFN: 

Sentiment knowledge enhanced attention fusion network for multimodal sentiment analysis. 

Information Fusion, 100, 101958. 

34. Jain, P. K., Quamer, W., Saravanan, V., & Pamula, R. (2023). Employing BERT-DCNN 

with sentic knowledge base for social media sentiment analysis. Journal of Ambient 

Intelligence and Humanized Computing, 14(8), 10417-10429. 

35. Zhang, B., Hu, Y., Xu, D., Li, M., & Li, M. (2022). SKG-Learning: a deep learning model 

for sentiment knowledge graph construction in social networks. Neural Computing and 

Applications, 34(13), 11015-11034. 

36. He, Z., Wang, H., & Zhang, X. (2023). Multi-Task Learning Model Based on BERT and 

Knowledge Graph for Aspect-Based Sentiment Analysis. Electronics, 12(3), 737. 



 Topic-oriented Sarcasm Detection via Entity            55 

 

 

37. Yu, Z., Jin, D., Wang, X., Li, Y., Wang, L., & Dang, J. (2023, August). Commonsense 

knowledge enhanced sentiment dependency graph for sarcasm detection. In Proceedings of 

the Thirty-Second International Joint Conference on Artificial Intelligence pp. 2423-2431. 

38. Chauhan, D. S., Singh, G. V., Arora, A., Ekbal, A., & Bhattacharyya, P. (2022). An emoji-

aware multitask framework for multimodal sarcasm detection. Knowledge-Based Systems, 

257, 109924. 

39. Bedi, M., Kumar, S., Akhtar, M. S., & Chakraborty, T. (2021). Multi-modal sarcasm 

detection and humor classification in code-mixed conversations. IEEE Transactions on 

Affective Computing. 

40. Yue, T., Mao, R., Wang, H., Hu, Z., & Cambria, E. (2023). KnowleNet: Knowledge fusion 

network for multimodal sarcasm detection. Information Fusion, 100, 101921. 

41. Cheng, L., Wu, D., Bing, L., Zhang, Y., Jie, Z., Lu, W., & Si, L. (2020, November). ENT-

DESC: Entity Description Generation by Exploring Knowledge Graph. In Proceedings of the 

2020 Conference on Empirical Methods in Natural Language Processing (EMNLP) pp. 

1187-1197. 

42. Li, Y., Zou, B., Li, Z., Aw, A., Hong, Y., & Zhu, Q. (2021, November). Winnowing 

knowledge for multi-choice question answering. In Findings of the association for 

computational linguistics: EMNLP 2021 pp. 1157-1165. 

43. Wei, X., Huang, H., Nie, L., Zhang, H., Mao, X. L., & Chua, T. S. (2016). I know what you 

want to express: sentence element inference by incorporating external knowledge base. IEEE 

Transactions on Knowledge and Data Engineering, 29(2), 344-358. 

44. Hu, L., Yang, T., Zhang, L., Zhong, W., Tang, D., Shi, C., ... & Zhou, M. (2021, August). 

Compare to the knowledge: Graph neural fake news detection with external knowledge. In 

Proceedings of the 59th Annual Meeting of the Association for Computational Linguistics 

and the 11th International Joint Conference on Natural Language Processing (Volume 1: 

Long Papers) pp. 754-763. 

45. Dun, Y., Tu, K., Chen, C., Hou, C., & Yuan, X. (2021, May). Kan: Knowledge-aware 

attention network for fake news detection. In Proceedings of the AAAI conference on 

artificial intelligence Vol. 35, No. 1, pp. 81-89. 

46. Guan, J., Huang, F., Zhao, Z., Zhu, X., & Huang, M. (2020). A knowledge-enhanced 

pretraining model for commonsense story generation. Transactions of the Association for 

Computational Linguistics, 8, 93-108. 

47. Yang, A., Wang, Q., Liu, J., Liu, K., Lyu, Y., Wu, H., ... & Li, S. (2019, July). Enhancing 

pre-trained language representations with rich knowledge for machine reading 

comprehension. In Proceedings of the 57th Annual Meeting of the Association for 

Computational Linguistics pp. 2346-2357. 

48. Ferragina, P., & Scaiella, U. (2010, October). Tagme: on-the-fly annotation of short text 

fragments (by wikipedia entities). In Proceedings of the 19th ACM international conference 

on Information and knowledge management pp. 1625-1628. 

49. Hambardzumyan, K., Khachatrian, H., & May, J. (2021, August). WARP: Word-level 

Adversarial ReProgramming. In Proceedings of the 59th Annual Meeting of the Association 

for Computational Linguistics and the 11th International Joint Conference on Natural 

Language Processing (Volume 1: Long Papers) pp. 4921-4933. 

50. Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic optimization. arXiv preprint 

arXiv:1412.6980. 

51. Graves, A., & Graves, A. (2012). Long short-term memory. Supervised sequence labelling 

with recurrent neural networks, 37-45. 

52. Tay, Y., Luu, A. T., Hui, S. C., & Su, J. (2018, July). Reasoning with Sarcasm by Reading 

In-Between. In Proceedings of the 56th Annual Meeting of the Association for 

Computational Linguistics (Volume 1: Long Papers) pp. 1010-1020. 



56           Yuhao Zhou et al. 

 

 

53. Lou, C., Liang, B., Gui, L., He, Y., Dang, Y., & Xu, R. (2021, July). Affective dependency 

graph for sarcasm detection. In Proceedings of the 44th International ACM SIGIR 

Conference on Research and Development in Information Retrieval pp. 1844-1849. 

54. Li, J., Pan, H., Lin, Z., Fu, P., & Wang, W. (2021). Sarcasm detection with commonsense 

knowledge. IEEE/ACM Transactions on Audio, Speech, and Language Processing, 29, 

3192-3201. 

55. Xu, M., Wang, D., Feng, S., Yang, Z., & Zhang, Y. (2022, October). Kc-isa: An implicit 

sentiment analysis model combining knowledge enhancement and context features. In 

Proceedings of the 29th International Conference on Computational Linguistics pp. 6906-

6915. 

56. Li, S., Zhao, Z., Hu, R., Li, W., Liu, T., & Du, X. (2018, July). Analogical Reasoning on 

Chinese Morphological and Semantic Relations. In Proceedings of the 56th Annual Meeting 

of the Association for Computational Linguistics (Volume 2: Short Papers) pp. 138-143. 

 

Yuhao Zhou received his Bachelor’s degree from the School of Computing Science and 

Engineering, Anhui University of Science and Technology in 2022, China. At present, 

he is a MS degree majoring in Computer Science and Technology from the School of 

Computing Science and Engineering, Anhui University of Science and Technology. His 

current research interests include natural language processing, sentiment analysis, and 

complex network. 

 

Shunxiang Zhang received the Ph.D. degree from the School of Computing 

Engineering and Science, Shanghai University, Shanghai, China, in 2012. He is a 

Professor at the Anhui University of Science and Technology, Huainan, China. His 

current research interests include web mining, semantic search, and complex network. 

 

Caiqing Wang received his Bachelor’s degree from the School of Computing Science 

and Engineering, Anhui University of Science and Technology in 2022, China. At 

present, he is a MS degree majoring in Computer Science and Technology from the 

School of Computing Science and Engineering, Anhui University of Science and 

Technology. His current research interests include natural language processing, web 

intelligent information processing, and calculation theory. 

 

Yanhui Wang received her Bachelor’s degree from the School of Computing Science 

and Engineering, Anhui University of Science and Technology in 2022, China. At 

present, she is a MS degree majoring in Computer Science and Technology from the 

School of Computing Science and Engineering, Anhui University of Science and 

Technology. Her current research interests include natural language processing, web 

intelligent information processing, and sentiment analysis. 

 

Xiaolong Wang received his Bachelor’s degree from the School of Computing Science 

and Engineering, Anhui University of Science and Technology in 2022, China. At 

present, he is a MS degree majoring in Computer Technology from the School of 

Computing Science and Engineering, Anhui University of Science and Technology. His 

current research interests include natural language processing, web intelligent 

information processing, and semantic search. 

 



 Topic-oriented Sarcasm Detection via Entity            57 

 

 

Kuan-Ching Li is currently a Distinguished Professor at Providence University, where 

he also serves as the Director of the High-Performance Computing and Networking 

Center. He published more than 450 scientific papers and articles and is the coauthor or 

coeditor of more than 50 books published by well-known publishers. He is the Editor-in-

Chief of IJCSE and IJES and serves as an associate editor for several leading journals. 

His research interests include parallel and distributed computing, big data, and emerging 

technologies. He is a fellow of the IET and a Senior Member of the IEEE. 

 

Received: March 20, 2024; Accepted: September 22, 2024. 

 





Computer Science and Information Systems 22(1):59–78 https://doi.org/10.2298/CSIS240420068K

A New Course Difficulty Index (CDf ):
Framework and Application

Konstantinos Kelesidis, Leonidas Karamitopoulos, and Dimitris A. Dervos

Dept. of Information and Electronic Engineering, International Hellenic University, Sindos, Greece
kelesidis@iee.ihu.gr

karamitopoulos@ihu.gr
dad@ihu.gr

Abstract. A new framework for the quantification of course difficulty in academic
curricula is proposed. The originality of the approach lies in its course-centric na-
ture. A course difficulty index value is calculated (CDf ), using difficulty indicators
that characterize the course as a whole. The difficulty indicators can be tailored to
reflect the academic domain considered. A weighting percentage is calculated and it
is assigned to each course difficulty indicator, by systematically conducting Princi-
pal Component Analysis (PCA) on students’ assessment data. Next, the weighted
difficulty indicators are used to calculate CDf in the form of a composite indica-
tor. In general, the value of the latter varies across courses, and across different
offerings of a given course. The CDf framework is applied in the case of a univer-
sity in Greece by utilizing course difficulty indicators which are objective in their
nature, like course mean and median grades, passing grade percentages, etc. The
dataset used spans a period of thirteen (13) academic years. The findings are used
to identify courses that represent “bottlenecks” in student study paths. Subjective
course difficulty indicators may also be used, like students’ questionnaire data. It is
worth noting that the quantification of course difficulty by means of a single index
can be used in the calculation of adjusted student scores and, as such, facilitate data
mining operations on students’ assessment data. All in all, the proposed CDf frame-
work and analysis comprise a useful tool for academic policy-making and quality
assurance.

Keywords: course difficulty, difficulty index, learning analytics, principal compo-
nent analysis, exploratory data analysis, composite indicator.

1. Introduction and Motivation

The present research is motivated by the need to analyze student assessment data in order
to devise effective policies for educational development. At the Information and Elec-
tronic Engineering (IEE) department of the International Hellenic University (IHU) in
Greece, the task comprises the responsibility of the department’s Internal Evaluation
Group (IEG). Exploratory data analysis and mining operations are conducted on stu-
dent assessment records, i.e. grades assigned to students in course modules (courses, for
brevity). A valuable outcome is the identification of courses that present notable chal-
lenges for students, equivalently: courses that students find difficult to pass, or achieve a
high grade in. Such information is useful in many aspects, from designing course curric-
ula (especially in the context of the new online learning paradigms, like smart education
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[1]), and helping students identify their preferred course of study [33], to rating students
with respect to their academic performance.

The way course difficulty perplexes the task of rating students on the basis of their
performance in courses is best illustrated by an example in [9]: nine courses Ci (i=1,...,9)
and four students Si (i=1,...,4) are listed in Table 1 alongside with grades assigned to the
latter in courses they have been assessed in. When a student has not been assessed in a
specific course, the corresponding (Course, Student) cell is left blank.

Table 1. Student Assessment Scores Example ([9])

Course
Student

Average Course Grade
S1 S2 S3 S4

C1 93 90 91.5
C2 85 80 82.5
C3 100 95 97.5
C4 80 75 77.5
C5 97 95 96.0
C6 93 85 89.0
C7 92 89 90.5
C8 92 91 90 88 90.3
C9 91 89 90.0

Average Student Grade 88.6 89.2 89.6 90.6

For the example considered, using Average Course Grade, the nine courses are ranked
in descending order of difficulty as follows: C4 > C2 > C6 > C9 > C8 > C7 > C1 >
C5 > C3. Each one of the four students is seen to have been assessed in five of the nine
courses. In accordance with their Average Student Grade values, the four students are
ordered as follows: S4 > S3 > S2 > S1. However, when compared to each other and
ranked on the basis of their grades in courses they have both enrolled in, the students are
ordered as follows: S1 > S2 > S3 > S4. This is exactly the opposite to their Average Stu-
dent Grade based ordering. Evidently, it does not suffice to evaluate student performance
by just considering grades obtained in courses. It is important to take into account the
difficulty of each one course a student has been assessed in.

In Greece, the academic year consists of the Fall- and the Spring- semesters. Course
offerings are semester based. Each semester, students enroll in courses and they partic-
ipate in two (2) final examinations periods: examinations Period-A, and examinations
Period-B. Upon completion of each final examinations period, students are awarded an
overall grade for each course in which they have been assessed. Examinations Period-A
for the Fall semester courses runs from January to February. Likewise, June is the month
for the Spring semester’s examinations Period-A. In September one common examina-
tions Period-B is held for all courses offered during the academic year (Fall- and Spring-
semesters, alike). Student performance grades lie in the [0,10] range. Five (5.0) comprises
the minimum grade requirement for passing a course. In the CDf framework that is to be
considered next, when a student is assessed twice in a given course during the same aca-
demic year, both grades are accounted for.
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Course difficulty may vary due to, for example, a new instructor stepping in, when
there are significant updates to the course’s educational and training content, or when the
instructor of a given course attempts to address a backlog of students who haven’t passed
the exam in previous attempts. In this respect, course difficulty need be measured per
course offering. Once quantified, it can be used for calculating adjusted student scores
that incorporate the difficulty of the course at the time of assessment.

One may argue at this point that percentile-based standard scores like the T− and
z−scores comprise the means to rate/rank the performance of a student without sticking
to a raw x grade [27]. The research herewith presented aims for extending the standard
scores paradigm (a) by considering the relative difficulty of a course with respect to other
courses of a given academic curriculum, and (b) by allowing room for the difficulty of a
given course to vary from one of its offerings to the next.

The present treatise is organised as follows: the research goal is considered in the
context of the relevant bibliography in Section 2 (Related Work). Five (5) objectives that
pertain to the set aims and goals are outlined in Section 3 (Research Objectives). The
academic dataset used is outlined in Section 4 (The Dataset). Section 5 (Methodology)
comprises a detailed presentation of the proposed CDf framework and its application in
the case of the IEE department at IHU. The results obtained are presented and discussed
in Sections 6 (Results) and 7 (Discussion). The treatise concludes by summing up and
identifying new potential research goals in Section 8 (Conclusion and Future Work).

2. Related Work

Higher education establishments exploit course difficulty relating information to shape
and implement educational policies with the aim to (a) increase success rates in exams
[2,24,28,31], (b) minimize the prolongation of the typical student’s study period [10],
and (c) promote fairness in student performance evaluation and ranking [36]. Fair student
ranking has long attracted the interest of researchers because academic performance is
used in most high-stakes decisions as in the determination of eligibility for scholarships,
or job employment [36].

Academic analytics involves a wide range of methodologies and techniques utilized
by higher education institutions, alongside with their quality assurance procedures and
strategic policies for educational development [24]. In academic analytics, course diffi-
culty arises as an issue in methodologies aimed at improving student performance evalu-
ation, curriculum design, and course sequencing. Yet another analytical outcome of great
interest is the prediction of student performance in courses that lie ahead in their study
path [3,21]. The relevant data analysis and data mining tasks are expected to benefit from
the adoption and use of a (single) difficulty index that characterizes each course offering.
However, there appears to be no single approach on the quantification of course difficulty
in the relevant research literature.

One approach to quantifying course difficulty is to use instruments like questionnaires
that utilize Likert-type prompts to collect the students’ perceptions of a course’s level of
difficulty [7][25]. To better assess the perceived course difficulty, questionnaires are also
used to collect demographic information that can be combined with Grade Point Average
(GPA) scores, and course-related details (workload, assignments, etc.).
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The authors in [23] investigate the correlation between course difficulty and student
stress during course selection scheduling. The determination of course difficulty com-
prises a milestone in fulfilling their research objective. They propose four methods for the
classification of courses with respect to their degree of difficulty: pairwise comparison, an
Analytic Hierarchy Process (AHP), GPA, and physiological measurements.

A number of studies propose methods for improving the GPA score in order to pro-
vide a fairer measure of a student’s academic performance [9][36][37]. In this respect,
adjusted GPA scores are calculated for university students, scores that correlate better
with pre-admission measures like high school GPA and SAT scores. The flaws of the (un-
adjusted) GPA scores relate to the fact that grading standards and practices tend to vary
from instructor to instructor, and from department to department within the university.
The proposed methods involve a predictive model of student grades based on parameters
such as the ability of a student, the difficulty, and the discrimination of a course.

More specifically, the authors in [9] have investigated several models for adjusting a
student’s GPA score to account for the difficulty of the courses they have been assessed
in. In the simplest and perhaps most useful approach, the model predicts a student’s grade
in a course as the difference between two parameters: the student’s ability and the grading
standard index that corresponds to the course (i.e. the course’s difficulty), plus an error
term. The two parameters are estimated for each one student and for each one course, in a
way that minimizes the error term. An analogous linear model is proposed by Vanderbei et
al. in [37], with the student’s intrinsic overall aptitude and the course’s inherent difficulty
as parameters. The authors calculate the values of the two parameters in the case where
each student has been assessed in each and every one course, as well as in the case where
students enrol in selected courses. In [36], the authors utilize a two-parameter logistic
model that predicts the grade of a student in a course. Their approach involves one student
parameter (ability) and two course parameters (difficulty and discrimination). For each
student, grades are predicted for all the courses in the academic curriculum, even for those
that the student in question has not enrolled in. A modelled GPA value is computed based
on the predicted grades. The approach is shown to remove the course-choice drawback of
the (unadjusted) GPA scores.

In addition, several methodologies have been devised within the framework of Item
Response Theory (IRT) [22][30], generating measures that have been demonstrated to be
more reliable than conventional GPA scores in capturing student performance [16][38][39].
IRT is used extensively in the field of education to assess and calibrate items within tests,
questionnaires, and other instruments. It is also used to score individuals based on their
abilities, attitudes, or other underlying traits. In this regard, IRT models are used to cal-
culate adjusted GPA scores, aiming to provide a more accurate estimation of students’
performance (ability) in academic courses.

In [38] the author uses an IRT model called the Graded Response Model (GRM) on
undergraduate student assessment data [32]. A number of K (K > 2) ordinal grade cat-
egories are assumed to apply. In GRM, the probability of a student to achieve a specific
grade or higher in one course is expressed as a function of the student’s ability, plus the
course’s difficulty (referred as grade category boundary), and discrimination. An impor-
tant feature of GRM is its explicit parameterization of grade category boundaries for each
course. In theory, this enables the model to account for variations in instructor grading
patterns [16]. The model proposed in [16] can be regarded as a Bayesian extension to
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GRM. The primary motivation behind the adjustment is to utilize the relative rankings
of students within courses (instead of absolute grades) as a means for evaluating student
performance.

3. Research Objectives

All the approaches discussed in Section 2 (Related Work) adopt a student-centric approach
when assessing course difficulty. More specifically, course difficulty is calculated (a) by
considering student responses to questionnaires, or (b) as a model parameter alongside
the student’s ability and course discrimination, or (c) through a hybrid combination of (a)
and (b). This is achieved by assuming that course difficulty remains consistent across the
dataset used. To be exact, some approaches allow for course difficulty to vary, say from
one course offering to the next, at the cost of increased model complexity, and processing
overhead.

The research herewith reported aims to quantify course difficulty from a course-
centric (as opposed to student-centric) perspective. In this context, the intended research
objectives are set as follows:

1. Course difficulty is to be quantified by means of a single measure (index)
2. The measure will be calculated using a set of course difficulty indicators
3. The mix of the indicators used may vary across different academic environments and

systems
4. Course difficulty may vary from one specific course offering to the next
5. Strong emphasis to be given on the visual presentation of the results

Commenting on objective number one, the need for a single measure aims to facilitate
further analytical processing such as the calculation of adjusted student scores, and the
prediction of students’ performance in courses that lie ahead in their study path. In this
respect, the calculation of the course difficulty index is seen to comprise a task of the data
preparation for data mining stage.

Objective number two relates directly to the course-centric nature of the approach: the
measure need be calculated on the basis of parameters that characterize the course as a
whole, not on parameters that characterize each individual student assessed.

Objective number three highlights the need for the relevant framework to seamlessly
adapt to diverse application domains. Course difficulty indicators may vary significantly
in number and/or nature across different academic establishments or systems.

Objective number four is established to account for course difficulty dependence on
instructor teaching and/or grading styles, assessment types (e.g., remote testing necessi-
tated by unforeseen circumstances like the COVID-19 lockdown), etc.

Objective number five stresses the need to visualize the results in order to facilitate
exploratory analysis and strategic policy planning.

4. The Dataset

As stated in Section 1 (Introduction and Motivation) above, in Greece the academic
year comprises two semesters. The academic curriculum delineates the courses that are
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taught during each semester. Students are assessed based on their performance during the
semester and in the final examination. There are two final examination periods to each
academic semester. Consequently, a student may receive up to two grades for a course
during the academic year.

Table 2 outlines the dataset used. It comprised a total of 199,813 grades assigned to
3,737 students in relation to their enrollment in 81 courses at the IHU IEE department. The
dataset spans a period of thirteen (13) academic years: from 2009-10 to 2021-22. Several
elective courses were added to and/or removed from the department’s undergraduate aca-
demic curriculum over this 13-year period. To maintain consistency, analysis proceeded
by focusing on nineteen (19) core STEM courses comprising the STEM courses subset.
Still, data from all the courses offered over the 13-year period was used in order to bet-
ter analyze longitudinal trends and student performance patterns for the STEM courses
considered.

Table 2. Students’ assessment data: 2009-2021
All courses STEM courses subset

Assessment scores 199,813 123,850
Courses 81 19
Students 3,737 3,721

(Course, Academic Year) instances 565 247

5. Methodology

For the undergraduate program of the IEE department at IHU, the six indicators listed in
Table 3 are taken to shape a course’s difficulty profile in the academic year.

Table 3. Six (6) course difficulty indicators
Indicator Description

δ1 Percentage of course grades in the [0,1] range
δ2 Average course grade
δ3 Median course grade
δ4 Average number of attempts a student makes to achieve a passing grade in the course
δ5 Percentage of passing grades in the course
δ6 Percentage of active students in the course: enrolled and assessed vs. enrolled

Table 4 lists two (2) measures used per each one indicator: (a) Course in ac. year,
the value of which is calculated for the (course, academic year) pair considered, and (b)
All courses, all ac. years which is calculated as an average for the given indicator over
all courses and all academic years in the dataset. Alongside with the previous two, the
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table lists two more variables that will be defined next: the indicator’s Bias (b), and its
normalized difficulty value (N Value) as calculated for the (course, academic year) pair
in question.

Beginning with the (binary) Bias (b), its value is set to “0” (“1”) to indicate the posi-
tive(negative) impact the corresponding δi represents to course difficulty. A positive bias
implies that as the value of δi increases, the course in question becomes more difficult.
For example, δ4 represents a positive bias (b=0), since the higher the average number of
attempts students make to achieve a passing grade, the more difficult the course is per-
ceived to be. On the other hand, δ2 represents a negative bias (b=1), since the higher the
average grade students achieve in a course, the less difficult the latter is perceived to be.

di = (−1)b × 100× x−X

X
i = 1, . . . , 6 (1)

where

– x is the value of the given indicator’s Course in ac. year measure
– X is the value of the given indicator’s All courses, all ac. years measure, and
– b is the indicator’s Bias (b) value

For the STEM courses in Table 2, an indicator percent variation (di) value per (δi,
course, academic year) triplet is calculated as follows:

For example, d5 is calculated as d5 = (−1)1×100× µ−M
M , µ and M being the percent-

age of passing grade values for a given STEM course in the academic year considered,
and that of the average course across the entire dataset, respectively.

Table 4. Course difficulty indicators: measures, plus bias and normalized values
Indicator Measures Bias (b) N Value

Course in ac. year | All courses, all ac. years
δ1 α A 0 ∆1

δ2 β B 1 ∆1

δ3 γ Γ 1 ∆3

δ4 ε E 0 ∆4

δ5 µ M 1 ∆5

δ6 ν N 1 ∆6

Next, the ∆i values listed under N Value in Table 4 are calculated by constructing a
di-standings list for each δi. The list registers all (course, academic year) instances sorted
in descending order, based on their di values. Considering the positioning of each (course,
academic year) pair in the di-standings list, and using the Rainbow Ranking equation from
[34], ∆i is calculated to resume values in the (0,100] range:

∆i = 100− 100

(
Nabove(c)

C
+

Ntie(c)

2C

)
(2)

where

– c refers to a given (course, academic year) pair, herewith said to comprise a c instance
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– C is the total number of c instances in the di-standings list
– Nabove(c) is the number of c instances ranked higher than the given c in the list, and
– Ntie(c) is the number of ties (if any, otherwise: 0) c is involved in, not counting c

Along the lines with the research goals outlined in Section 3 (Research Objectives),
a single course difficulty value for a given course in a specific academic year can be
calculated as a linear combination of the ∆i (i=1,...,6) values calculated via Equation 2,
provided that the latter are weighted appropriately:

CDf =

6∑
i=1

∆i × wi (3)

At this point, it is noted that the introduction of ∆i (i=1,...,6) complies with objec-
tive numbers 3 and 4 outlined in Research Objectives. Moreover, a single CDf value for
a course in a specific academic year is calculated via Equation 3, given the correspond-
ing ∆i (i=1,...,6) values and their wi (i=1,...,6) weights. The latter is inline with objec-
tive numbers 1 and 2 of the Research Objectives section. Remaining to be done is the
calculation of the wi (i=1,...,6) weight values. This is achieved by conducting Principal
Component Analysis (PCA) as described in the following.

Principal Component Analysis (PCA) is a multivariate statistical technique commonly
used for dimensionality reduction and data simplification. Its input comprises an n × p
matrix where p is the number of measured variables Xi, and n is the number of observa-
tions recorded. The initial correlated variables are transformed into a smaller number of
uncorrelated variables (m < p), called principal components (PCs). This is done by pre-
serving as much as possible of the variation (information) present in the original dataset.
For a detailed treatise on PCA the reader is referred to [17].

Initially, the number of PCs of the PCA output is equal to the number of variables p
present in the original dataset:

PCj =

p∑
i=1

αijXi j = 1, . . . , p (4)

The difference made by the PCA transformation is that the PCs are ordered so that
the first few retain most of the variance of the initial variable set Xi. More specifically,
PC1 captures most of the variation in all of the initial variables, PC2 captures most of
the remaining variation, and so on. The aij coefficients are called loadings [5].

In the present study the wi weight values are calculated on the basis of the loadings
derived from applying PCA on the academic dataset outlined in Section 4 (The Dataset).
More specifically, CDf is calculated as a composite indicator which constitutes a compi-
lation of individual indicators in order to form a single index the value of which quantifies
the multidimensional concept as a whole [26]. The use of PCA in the construction of com-
posite indicators enjoys applicability in scientific fields ranging from economics [6][14],
and environmental engineering and management [11][13], to road safety [12].

Section 6 (Results) details the application of the aforementioned methodology in the
current study. The determination of the wi (i=1,...6) weights proceeds in four steps, as
follows:

In step number one the correlation structure of the dataset is examined to assess
its suitability for PCA. First, the Bartlett’s test of sphericity [4] is applied in order to
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test whether the correlations in the dataset (as a whole) are strong enough to justify the
application of PCA. Next, Spearman’s correlation coefficient (rs) is calculated for every
pair of ∆i (i=1,...6) variables. This is done in order to ensure that the PCA output can be
used for calculating reliable weight (wi) values for Equation 3.

Step number two involves the application of PCA on the academic dataset. Consid-
ering Equation 4, the ∆i (i=1,...6) variables are used to derive the principal components
PCj (j=1,...,6):

PCj =

6∑
i=1

αij∆i j = 1, . . . , 6 (5)

In Equation 5, the loading (αij) represents the correlation between PCj and ∆i.
Equivalently, the squared loading (αij

2) expresses the variance in ∆i explained by PCj

[6]. Next, the number (m) of PCs to be retained need be determined. The relevant litera-
ture provides a number of guidelines for determining the number of components to retain
without experiencing any significant information loss: the Kaiser criterion [18], Scree
plot [8], and the variance explained criteria [15], to name a few. More than one criteria
are typically used in practice and in this respect.

In step number three, the retained principal components are rotated to enhance their
interpretability. Rotation comprises a transformation to achieve a simple structure, namely
one where (i) each variable has a high loading on only one of the retained components,
and (ii) each retained component represents high loadings for only some of the variables
[29]. This way, the most important variables emerge in the rotated principal component:
they are the ones with the larger absolute values for their loadings. At the other end, the
least important variables emerge with near zero loadings. In the present study, the varimax
rotation is applied, as it is the one most commonly used [35].

Step number four involves the utilization of the PCA output to calculate the wi

(i=1,...,6) weights. Denoting m the number of retained components from step two, the
total variance of ∆i explained by all m PCs is called communality (hi

2) and it is calcu-
lated as follows [15]:

hi
2 =

m∑
j=1

α2
ij i = 1, . . . , 6 (6)

∆i’s weight (wi) is calculated as the ratio of ∆i’s communality over the sum of com-
munalities of all ∆i (i=1,...,6) variables:

wi =
h2
i∑6

i=1 h
2
i

i = 1, . . . , 6 (7)

Summarizing, the wi component in Equation 3 is taken to represent the proportion of
∆i’s variance explained relative to the variance of all ∆i (i=1,...,6) variables explained
by the retained components. This is along the lines of the approach reported to have been
implemented in the literature, for example [6] and [26].
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6. Results

For the dataset used, the correlations among all pairs of the ∆i (i=1,...,6) variables were
calculated and they are presented in Table 5. It is noted that pairs involving variables
from the {∆2, ∆3, ∆4, ∆5} set exhibited significant correlations, as measured by the
Spearman rank correlation coefficient (rS), the latter varying from 0.34 to 0.87. Notably,
the ∆1 variable is seen exhibit significant correlations with all other variables, with the
exception of ∆4. In addition, the ∆6 variable correlates significantly only with ∆1 (rS
=0.23). Bartlett’s sphericity test results (χ2=757.48, df=15, and p <0.001) implied the
presence of correlation patterns among the ∆i (i=1,..,6) variables. In this respect, the
results obtained led to the rejection of the null hypothesis, namely that of an identity
correlation matrix.

Considering the above, the ∆i (i=1,...,6) variables turned out to be suitable for subse-
quent PCA analysis. In addition, it was decided to consider two more configurations by
omitting ∆6 and ∆1, respectively. Thus, three PCA configurations were implemented:
(a) PCA1−6 with ∆i (i=1,...,6), (b) PCA1−5 with ∆i (i=1,..,5), and (c) PCA2−6 with ∆i

(i=2,..,6). This was done for two reasons: (a) PCA1−5 is a direct analogue to the heuristic
approach reported in [19], and (b) in Table 5, ∆1 is seen to correlate significantly with
∆2, ∆3, ∆5, and ∆6, while ∆6 correlates significantly only with the ∆1 variable.

Table 5. Spearman’s rank correlation coefficient (rs) values for all (∆i, ∆j) (i, j=1,..,6)
∆1 ∆2 ∆3 ∆4 ∆5 ∆6

∆1 -
rs=0.34
(p<0.01)

rs=0.30
(p<0.01)

rs=0.07
(p=0.30)

rs=0.22
(p=0.01)

rs=0.23
(p<0.01)

∆2 - -
rs=0.81
(p<0.01)

rs=0.40
(p<0.01)

rs=0.87
(p<0.01)

rs=0.12
(p=0.06)

∆3 - - -
rs=0.34
(p<0.01)

rs=0.70
(p<0.01)

rs=0.11
(p=0.10)

∆4 - - - -
rs=0.48
(p<0.01)

rs=0.06
(p=0.37)

∆5 - - - - -
rs=0.05
(p=0.42)

∆6 - - - - - -
2
2

Beginning with PCA1−6, Table 6 lists the eigenvalues and the corresponding ex-
plained variances for all six principal components (PCs) in the PCA outcome. In ac-
cordance with Kaiser’s criterion, the first two components (PC1 and PC2 in Table 6)
need be retained since their eigenvalues are greater than 1. The Scree plot in Figure 1 is
indicative of the notably sharp drop from the first eigenvalue to the second, the rate of
decrease remaining small thereafter. For PCA1−6, the findings suggest that analysis may
safely proceed by considering only PC1 and PC2 which together account for 69.52% of
the variance present in the original dataset (the Cumulative Variance Explained column
in Table 6).
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Table 6. Eigenvalues and variance explained for the six PCs in PCA1−6

Component Eigenvalue Variance Cumulative Variance
Explained (%) Explained (%)

PC1 3.05 50.89 50.89
PC2 1.12 18.63 69.52
PC3 0.82 13.60 83.12
PC4 0.65 10.75 93.87
PC5 0.28 4.66 98.53
PC6 0.09 1.47 100.00

Total 6.00 100.00

Fig. 1. Eigenvalues of the six principal components (PCs) in PCA1−6 (Scree plot)

Table 7 presents the PCA1−6 findings in the form of loadings associated to the
given ∆i (i=1,...,6) variables when the first two principal components are used, along-
side with the corresponding communalities and wi (i=1,...6) weights. The varimax rota-
tion method was applied on the original PCA1−6 outcome. The communality (h2) for
each ∆i (i=1,...,6) is the sum of the squared loadings of the two retained components (cf.
Equation 6) For each ∆i, the corresponding wi value is calculated by Equation 7. The per-
centage of cumulative variance explained (information) of the two principal components
(PC1 and PC2) is also listed under the PCA1−6 label.

Table 8 is analogous to Table 7 and summarizes the findings for PCA1−5 and PCA2−6.
Again, the first two principal components are used. One notes the increase in the cumu-
lative variance explained values: 79.16% and 77.75% for PCA1−5 and PCA2−6, re-
spectively, next to 69.52% in the case of PCA1−6. An observation that applies to all
PCA outcomes in Tables 7 and 8, is that ∆2, ∆3, ∆4 and ∆5 are seen to maximize their
(information) contribution values in PC1, whereas ∆1 and ∆6 maximize theirs in PC2

(column: Loadings).
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Table 7. PC1 and PC2 loadings, communalities, and weights for PCA1−6

PCA1−6

(cumulative variance explained: 69.52%)

Variables Loadings Communalities Weights
PC1 PC2 (h2) (wi)

∆1 0.27 0.70 0.56 0.13
∆2 0.92 0.22 0.90 0.22
∆3 0.85 0.23 0.77 0.18
∆4 0.63 -0.08 0.41 0.10
∆5 0.92 0.08 0.84 0.20
∆6 -0.08 0.83 0.69 0.17

Total 4.17 1.00

Table 8. PC1 and PC2 loadings, communalities, and weights for PCA1−5 and PCA2−6

PCA1−5

(cumulative variance explained: 79.16%)
PCA2−6

(cumulative variance explained: 77.75%)
Variables Loadings Communalities Weights Loadings Communalities Weights

PC1 PC2 (h2) (wi) PC1 PC2 (h2) (wi)
∆1 0.12 0.90 0.83 0.21
∆2 0.87 0.39 0.90 0.23 0.94 0.07 0.90 0.23
∆3 0.79 0.39 0.77 0.20 0.87 0.08 0.77 0.20
∆4 0.74 -0.26 0.61 0.16 0.61 0.00 0.37 0.10
∆5 0.89 0.21 0.84 0.21 0.92 0.00 0.85 0.22
∆6 0.04 1.00 1.00 0.26

Total 3.96 1.00 3.89 1.00

Table 9 summarizes on Equation 3’s wi (i=1,...,6) weights as calculated using Equa-
tion 7 for PCA1−6, PCA2−6, and PCA1−5, and set heuristically in [19]. PCA1−6 and
PCA2−6 are seen to exhibit similar weighting patterns for ∆i (i =1,...,5). Comparing
PCA1−5 to PCA1−6, the weight w1 for ∆1 increases from 0.13 to 0.21, incorporating
the majority of the contribution from the ∆6 variable (0.17), which is present in PCA1−6

but not in PCA1−5. Analogously for PCA2−6 and PCA1−6, the weight w6 for ∆6 in-
creases from 0.17 to 0.26, incorporating the majority of the contribution from the ∆1

variable (0.13), which is present in PCA1−6 but not in PCA2−6. In all three PCA con-
figurations, the w4 value for ∆4 is notably smaller from the rest of the weight values.
Consequently, the δ4 indicator (Average number of attempts a student makes to achieve a
passing grade) emerges to possess the smallest relative impact on course difficulty. Re-
garding the weights heuristically assigned to the ∆i (i =1,...,5) variables in [19], there are
notable deviations in w1, w4, and w5 compared to those calculated for the three PCA
configurations.
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Table 9. PCA1−6, PCA2−6, PCA1−5 and Heuristic weight values
Variables Weights wi (i=1,...,6)

PCA1−6 PCA2−6 PCA1−5 Heuristic
∆1 0.13 0.21 0.05
∆2 0.22 0.23 0.23 0.20
∆3 0.18 0.20 0.20 0.20
∆4 0.10 0.10 0.16 0.05
∆5 0.20 0.22 0.21 0.50
∆6 0.17 0.26

Total 1 1 1 1

7. Discussion

As stated previously, PCA1−5 and Heuristic in Table 9 both involve the same set of
course difficulty indicators. Their difference lies in the way the wi (i =1,...,5) weights are
determined. In the Heuristic configuration, weight values are set heuristically, whereas in
PCA1−5 weight values are calculated by conducting PCA and using Equation 7. The
heuristic approach is seen to deviate significantly from PCA1−5 in three of the five
weights assigned to the ∆i (i=1,...,5) variables. More specifically: (a) ∆1 (percentage
of grades in the [0,1] range for the given course in the academic year considered) is rated
to be nearly four times as important in PCA1−5 (w1=0.21) as in the heuristic approach
(w1=0.05), (b) ∆4 (the average number of attempts a student makes to achieve a pass-
ing grade in the course) turns out to be nearly three times more important in PCA1−5

(w4=0.16) compared to what it is set heuristically (w4=0.05), and ∆5 (percentage of pass-
ing grades for the course in the academic year considered) is nearly half as important in
PCA1−5 (w5=0.21) as in the heuristic approach (w5=0.5).

Fig. 2. CDf density plots (19 core STEM courses, all years)
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Figure 2 presents the CDf distribution (density) curves for the nineteen (19) core
STEM courses over the 13-year period: PCA1−5 and Heuristic in Fig.2a, PCA1−5,
PCA1−6, and PCA2−6 in Fig.2b. All are left-skewed, with PCA1−6 and PCA2−6

seen to involve a smaller degree of left-skewness as compared to PCA1−5 and Heuristic.
PCA1−5 is seen to lie notably closer to Heuristic relative to both PCA1−6 and PCA2−6.
It is also narrower than the Heuristic, i.e. it involves a smaller variance. PCA1−6 and
PCA2−6 appear to be slightly shifted towards smaller CDf scores, relatively to the other
two. This could be taken to indicate that the δ6 indicator (percentage of enrolled students
who have been assessed) represents a lesser impact on course difficulty compared to the
δ1 indicator (percentage of course grades in the [0,1] range). This is further supported by
the fact that PCA1−5 (where δ6 is not used) represents the highest cumulative variance
explained (79.16%) compared to PCA2−6 (77.75%) and PCA1−6 (69.5%), as shown in
Tables 7 and 8. Given these findings, the remainder of this section will exclusively focus
on the PCA1−5 configuration.

Using PCA1−5, Figure 3 presents two CDf distribution curves: one for all courses
(the 19 core STEM courses included) and one for the 19 core STEM courses, both over the
13 academic years period considered. The former is significantly more uniform compared
to the latter. The STEM courses curve exhibits a notable degree of left-skewness, plus it
is clearly shifted towards higher CDf scores. This is taken to mean that students tend to
face more challenges with the 19 core STEM courses, compared to the other (81-19=62,
mostly: elective) courses in the undergraduate curriculum.

Fig. 3. CDf density plots (all years): 19 core STEM courses vs. all courses

The proposed CDf framework can effectively identify specific courses that present
increased challenges for students. Such courses act as “bottlenecks” that hinder student
progress, and prolong the study period. For example, focusing on course C1, its CDf value
is marked as a dot on the STEM courses’ CDf distribution curve in Figure 4, during the
2021-22 academic year. The C1 dot is seen to be positioned well past the curve’s dominant
inflexion point. Thus, for the academic year considered (2021-22), with a CDf score close
to 85, C1 is undoubtedly ranked among the most challenging core STEM courses.
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Fig. 6. 13-academic years period: Courses C1 and C2 positioned on all 19 core STEM
courses’ CDf box plots

to the next. For instance, by examining their median CDf scores, the core STEM courses
are seen to have posed the greatest challenge to undergraduate students during the 2014-
15 academic year. Also, 2018-19 has been the academic year with the largest number of
outliers among the 19 core STEM courses: two (2) in the low (less difficult), and one (1)
in the high (most difficult) ends of the corresponding box plot.

Focusing on C1 in Figure 6, the course’s CDf score is seen to lie in the right whisker
region of the box plot only during the last two academic years (2020-21 and 2021-22).
Prior to 2020-21, C1 consistently remained below or on the Q3 boundary of the STEM
courses’ box plot. More precisely, C1 comprised an outlier (in terms of its difficulty)
STEM course during the 2020-21 and 2021-22 academic years. This may be indicative of
C1’s tendency to gradually evolve into a “bottleneck” course for students. In this context,
Figure 6 signals an alert to course instructors and the department regarding the increasing
challenge associated with C1. In response to this, possible actions may include (a) a re-
view of the student assessment procedures, and (b) the identification of one or more other
courses in the curriculum that could be designated to comprise prerequisites for C1. On
the other hand, and with the exception of the 2017-18 academic year, course C2 is seen to
always comprise an outlier in the left (less difficult) whisker region of the corresponding
box-plots in Figure 6. This too deserves the department’s attention.

As stated already, the results herewith presented and commented upon relate to the
case of a typical university in Greece. In accordance with research objective number three
in Section 3 (Research Objectives), the mix of the course difficulty indicators used may
vary across different academic environments and systems. Indicators like expected study
hours, number of course prerequisites, and independent study requirements also comprise
potential candidates to be used as difficulty indicators. U.K. and U.S. universities closely
monitor student dropout rates and class sizes for course offerings; these too tend to relate
to course difficulty. Last but not least, student feedback and course evaluation survey
outcomes can be used in the form of one or more course difficulty indicators, provided
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