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Abstract
Expedient design choices in software development can lead to Technical Debt (TD), with 
development teams documenting such decisions as Self-Admitted TD (SATD). Algorithm 
Debt (AD) is a type of TD resulting from the suboptimal implementation of algorithms, 
which impacts system performance. Given the impact of AD, its automated detection is 
crucial in Deep Learning (DL) frameworks due to their complexity and evolution. Early 
detection of AD in DL frameworks can help mitigate model degradation and scalability 
issues. Despite previous studies on the automated detection of TD from SATD using 
Machine Learning (ML)/DL models, research on AD detection in DL frameworks 
remains underexplored. In this study, we empirically investigated the performance of 
ML/DL models for the automated detection of AD using a dataset of 38,  881 SATD 
comments from seven DL frameworks. We trained, evaluated, and tested ML/DL models, 
used embeddings from both DL and large language models, and explored an approach to 
enrich the dataset with handcrafted features based on AD-related keywords. Our findings 
reveal that AD is frequently misclassified as Design or Implementation Debt. Logistic 
Regression (an ML model) with Custom AD Features, achieved an F1-score of 54% for 
AD, outperforming other ML/DL models (42% to 52%), highlighting the importance 
of tailored feature engineering. Our research advances automated AD detection in DL 
frameworks by providing insights into the strengths and limitations of ML/DL models, 
serving as a first step to guide future tool development. This could help developers using 
DL frameworks to identify AD issues during development, thereby enhancing system 
reliability by mitigating model degradation and scalability challenges.

Keywords  Technical debt · Algorithm debt · Machine learning · Deep learning · 
Software engineering
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1  Introduction

Conventional Machine Learning (ML) and Deep Learning (DL) technologies have 
advanced in their applications in various sectors, including healthcare, tourism, finance, 
businesses, and education (Khan 2024; Williamson 2024; Ghasemi et  al. 2025). These 
advancements include the emergence of applications such as GPT-4, voice assistants, and 
computer vision technologies including self-driving cars (Bhatia et  al. 2024). Just like 
traditional software systems, ML/DL systems are not immune to Technical Debt (TD) (i.e., 
the long-term cost of expedient design or implementation decisions) (Moreschini et al. 
2024). Traditional software refers to software systems that follow standard programming 
paradigms and do not incorporate any ML/DL algorithms or components, while ML/
DL systems are systems that integrate ML/DL models or algorithms with other non-ML 
components (Bhatia et al. 2024). These additional components introduce new sources of 
TD, such as model retraining, data dependency, and parameter tuning in ML/DL systems 
(Liu et al. 2020).

Among the various TD types, Algorithm Debt (AD) has emerged as particularly 
important in DL frameworks. AD arises from sub-optimal implementations of algorithms 
or logic that degrade system performance (Liu et al. 2020; Simon et al. 2023). Unlike 
other TD types which are structural or syntactic in nature, AD directly affects the 
computational core of ML/DL systems, leading to inconsistent results, poor scalability, 
and model degradation if left unaddressed (Liu et al. 2020; Vidoni 2021). For instance, 
an inefficient algorithm used for model training can lead to prolonged training times or 
limited scalability, ultimately affecting the performance of the model when deployed. 
The algorithmic complexity, stochastic training processes, and hardware constraints 
inherent in DL frameworks make AD particularly challenging to detect and optimise 
(Sculley et al. 2015).

Given these challenges, identifying AD through developer-written comments, known as 
Self-Admitted TD (SATD) offers a promising direction. SATD, where developers explicitly 
document trade-offs in code comments, is a valuable approach for studying TD (Potdar and 
Shihab 2014), providing a practical way for categorising TD types in real-world systems. 
However, some TD types can be miscategorised with one another due to their conceptual 
similarities and linguistic patterns. For instance AD can be confused with Design and 
Implementation Debt in SATD comments. For example, AD is reflected in comments such 
as: Is there a faster way to do pooling in the channel-first 
case? (from Caffe), highlighting inefficiencies in algorithmic logic. By contrast, Design 
Debt is captured in comments like This kernel should be moved into Eigen 
and vectorized? (from TensorFlow), which concern structural choices. While 
Implementation Debt is reflected in comments such as: We temporarily support 
indexing a zero-dim tensor as if it were a one-dim tensor 
to better maintain backwards compatibility (from PyTorch). These 
examples drawn from our analysed dataset (Liu et al. 2020), demonstrate that AD focuses 
on algorithmic inefficiencies, distinct from the structural concerns of Design Debt and the 
coding flaws of Implementation Debt. These distinctions are especially important in DL 
systems, where SATD tends to be more complex and varied than in traditional software.
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Although SATD exists in both traditional and DL systems, it differs in scale and nature 
(OBrien et al. 2022; Bavota and Russo 2016), with the median SATD in DL systems being 
twice that of traditional software (Bhatia et al. 2024). The additional components and ML 
operations (i.e., practices and tools for managing ML model lifecycle), make SATD in DL 
unique (Sculley et al. 2015; Bhatia et al. 2024). For example, in Listing 1, the TD originates 
from an open-source DL framework (Caffe). The deferred pooling optimisation creates AD, 
as the current channel-first implementation may lead to inefficiency and poor scalability 
(Ayyagari et  al. 2022). This example illustrates how AD can impact performance and 
scalability in DL frameworks, highlighting the need for its early detection in DL frameworks, 
to help DL developers identify inefficiencies and ensure systems scale effectively and 
prevent long-term performance degradation. This highlights the need to evaluate whether 
existing SATD detection approaches are effective in identifying AD in DL frameworks.

While prior studies have explored the automated detection of TD in traditional software 
using SATD, a gap exists in addressing AD in DL frameworks, given that ML/DL SATD 
differs in nature. These studies have used NLP (da Silva Maldonado et al. 2017; Sabbah and 
Hanani 2023), n-gram Inverse Document Frequency (IDF) (Wattanakriengkrai et al. 2019), 
Generative Adversarial Network (GAN)-based neural networks (Yu et al. 2023), and ML/DL 
detection of SATD from different sources using Random Forest (RF), Logistic Regression 
(LR), Support Vector Machine (SVM), Convolutional Neural Networks (CNNs), and GANs 
(Li et al. 2023a). This research has been extended to R programming (Sharma et al. 2022) 
and Blockchain (Pinna et al. 2023), with works on Large Language Models (LLMs) through 
prompt tuning (Yu et al. 2024) and data argumentation (Sutoyo et al. 2024; Li et al. 2025). 
However, these studies did not target DL frameworks or focus on AD specifically. The only 
study that included AD, conducted by Sharma et al. (2022) and focused on R programming, 
reported a low F1 score of 31% for AD when using the RoBERTa model, suggesting room 
for improvement. These limitations collectively contribute to an underexplored research gap 
in the automated detection of AD in DL frameworks.

To address this gap, the aim of our study is to empirically investigate the performance of 
ML/DL models with different feature extraction techniques. To achieve this aim, we focus 
on two Research Questions (RQs): RQ1: Which ML models and feature extraction methods 
are effective in detecting AD in DL frameworks? and RQ2: How do DL models perform in 
detecting AD from SATD in DL frameworks?
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We followed the details of the Stage 1 Protocol of our Registered Report (Simon et al. 
2024) to address the RQs, which provides methodological transparency and ensures repro-
ducibility. We trained, validated, and tested different ML/DL models on a domain-specific 
dataset. The dataset was curated by Liu et al. (2020) from seven open-source DL frameworks: 
TensorFlow, Keras, DeepLearning4j (DL4J), Caffe, PyTorch, MXNet, and Microsoft Cogni-
tive Toolkit (CNTK) hosted on GitHub. We used this dataset because it was used to uncover 
AD, thereby having AD-related insights and also has an inter-rater agreement of over 85%.

The ML models we trained are the SVM (Joachims 1998), LR (Hilbe 2009), RF (Breiman 
2001), using different feature extraction techniques: Term Frequency-IDF (TF-IDF), Count 
Vectoriser, Hash Vectoriser. For the DL models, we used transformer-based models which 
include RoBERTa (Robustly Optimised BERT-Pretraining approach) (Liu et al. 2021b) and 
ALBERT (A Lite BERT) (Lan et al. 2019). We also extracted embeddings from pre-trained 
versions of these models that were fine-tuned on the SATD dataset. With the advancements 
in LLMs, we explored INSTRUCTOR (Su et al. 2023) and VoyageAI1 to extract embed-
dings from the SATD comments in the dataset. These LLMs have achieved the state-of-
the-art performance in tasks such as automatic code generation, bug detection, and natural 
language tasks (Lemieux et al. 2023; Ozkaya 2023; Liu et al. 2024; Sallou et al. 2024). In 
addition, we enriched the dataset by experimenting with a technique that combined LR (an 
ML model) with Custom AD Features (i.e., additional keywords related to AD) to allow the 
models to better capture the nuances of AD. We conducted statistical significance testing for 
all the models, to validate the differences in their performances.

Our results show that limitations exist in the detection of AD in DL frameworks using 
ML/DL models. The combination of LR (a ML model) and Custom AD Features achieved 
the highest F1-score of 54% outperforming other ML/DL models. Also, we found that AD 
was often misclassified with Design and Implementation Debt, further highlighting the dif-
ficulty in detecting AD in DL frameworks. The findings from this research offer insights 
into the effectiveness of ML/DL models in detecting AD in DL frameworks. These insights 
can help developers create tools to flag and address AD early while coding, facilitating AD 
research and mitigating issues that can hinder model scalability and degradation. Conse-
quently, this research adds to the body of knowledge on AD detection in DL frameworks, 
serving as a first step for building automated tools for AD detection. The contributions of 
our work are as follows:

	● Empirical Evaluation of AD Detection. We empirically evaluated the performance of 
ML/DL models and embeddings from DL models and LLMs for the detection of AD in 
DL frameworks. Our analysis provides insights into the effectiveness of these models 
and their limitations.

	● Investigation of Feature Engineering for AD Detection. By using custom features 
specific to AD in DL frameworks, we investigated the effectiveness of tailored feature 
engineering for AD detection. Our findings suggest that using AD-related features 
improves the detection performance of ML/DL models.

	● Proposal for Future AD Detection. Based on our empirical findings, we proposed 
recommendations for improving AD detection in DL frameworks. These include 
incorporating information from code artifacts, refining dataset labelling strategies, and 
use of hybrid models to enhance model performance.

1 https://www.voyageai.com/
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The remainder of this paper is structured as follows: In Sect. 2 we review related work on 
TD, SATD detection, TD in ML/DL systems and the use of ML/DL for detection of SATD. 
In Sect. 3, we provide details of the methodology used in our study and the Research Ques-
tions (RQs) that we addressed. We present the results of our empirical study in Sect. 4. In 
Sect. 5 we analyse the results. In Sect. 6 we discuss the implications of our findings while in 
Sect. 7 we discuss the threats to validity and the steps we took to mitigate them. Finally, in 
Sect. 8, we provide a conclusion of our work.

2  Related Work

In this Section, we describe works related to previous studies on TD, SATD detection in 
traditional software engineering, and TD in ML/DL systems.

2.1  Background on TD and SATD

Cunningham (1992) introduced the concept of TD as “quick and dirty” work in software 
design that results in code that is “not quite-right”. Since then, studies have explored and 
expanded this concept, leading to a variety of definitions. For instance, Rios et al. (2018) 
defined TD as the costs incurred in software maintenance due to tasks postponed during its 
development. Broadly, TD symbolises the compromise between delivering fast and produc-
ing high-quality code (Avgeriou et al. 2016); however, it is considered an abstract concept 
with trade-offs between optimal software quality and project deadlines being difficult to 
measure quantitatively (Bhatia et al. 2024).

To address the abstract nature of TD, Potdar and Shihab (2014) introduced the notion of 
SATD, which provides a more tangible measure of TD. SATD are comments made by the 
development team acknowledging the presence of TD. In their seminal work, they found 
that SATD was widespread in large open-source projects, with up to 31% present in files 
containing such comments. This was followed by a work by Bavota and Russo (2016), that 
conducted a comprehensive study of SATD across various software projects, leading to the 
creation of a taxonomy for SATD in traditional software to help in the management of TD.

To explore the management and repayment of TD, Peruma et al. (2022) conducted an 
exploratory study on the relationship between TD and refactoring. They identified five areas 
where developers often need assistance with refactoring. Also, Mastropaolo et al. (2023) 
explored the automated repayment of TD through neural-based generative models, where 
they used a dataset of 5, 039 SATD removal instances from open-source projects, to per-
form their experiments. Similarly, Lenarduzzi et al. (2019) performed a systematic literature 
review on TD and proposed different approaches for prioritising TD, offering insights into 
strategies for managing TD in software projects.

Several studies have also been carried out to study different aspects of TD and SATD 
in different domains. Azuma et  al. (2022) categorised SATD within Dockerfiles through 
manual classification and found that 3.0% of comments in Dockerfiles represent SATD. 
They categorised SATDs into five main classes and eleven sub-classes. In a recent work, 
Pinna et al. (2023) investigated SATD in open-source blockchain projects, using NLP for 
comment classification in ten selected projects. Their results revealed that Design Debt 
surpasses Requirement Debt in Blockchain projects. Ebrahimi et al. (2023) conducted an 
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exploratory study on SATD in smart contracts i.e., digital contracts that automatically exe-
cute and enforce terms of the agreement in blockchain technology in Blockchain using 
quantitative and qualitative methods to assess their prevalence. They proposed a taxonomy 
of SATD consisting of six major and 26 minor categories of SATD.

Studies have also investigated the prevalence of SATD in software projects. Xiao et al. 
(2024), conducted a large-scale study on SATD comments to investigate the prevalence 
of SATD clones. They observed that SATD clones are a more prevalent phenomenon in 
build systems than in source code. Given that the available SATD datasets for automated 
detection of different SATD types are unbalanced, Sutoyo and Capiluppi (2024) augmented 
different SATD datasets which includes SATD from different source code comments, issue 
trackers, pull requests, and commit messages to provide a richer source of labelled data 
for SATD detection. Rantala et al. (2024) investigated the relationship between keyword 
labelled SATD from source code comments and reports from SonarQube to find which 
metrics and issues are related to keyword-labelled SATD introduction and removal and 
whether keyword labelled SATD is related to those issues that address them.

Similar to these studies, we leveraged SATD as an indicator of TD to explore AD. While 
TD types: Design, Defect, and Documentation Debt have been studied, AD remains under-
explored, particularly in DL frameworks. Our work thus contributes to existing research on 
TD by investigating AD in DL frameworks.

2.2  TD and SATD in ML/DL Systems

While TD and SATD have been studied in traditional software systems, their implications in 
ML/DL systems are unique, given that DL introduce additional TD risks. Now, we examine 
prior works addressing TD in ML/DL systems. In this research, ML/DL systems refer to 
systems that contain any implementation of DL algorithm or framework. Sculley et al. (2015) 
conducted pioneering research into TD risk factors specific to ML systems. They stated that 
“ML systems have a special capacity for incurring TD because they have all of the maintenance 
problems of traditional code plus an additional set of ML-specific issues”. They introduced 20 
TD types in ML systems including Data, Model, and Reproducibility Debt.

In another work, Liu et al. (2020) examined the prevalence of SATD in DL frameworks 
and found that Design, Defect, and Documentation Debt are the most prevalent SATD in 
DL frameworks. Additionally, this work uncovered two new TD types in DL frameworks: 
Algorithm and Compatibility Debt. As a follow-up, Liu et al. (2021a) investigated the intro-
duction and removal of SATD in DL frameworks, and found that Design Debt is introduced 
the most along the development process. As for the removal of TD, they found that Require-
ment Debt is removed the most, with Design Debt as the fastest to be removed.

Tang et al. (2021) explored ML system refactorings and correlated them to ML-specific 
TD. They introduced new ML-specific refactorings and TD categories like Duplicate Model 
Code, Model Code Comprehension, and Custom Data Types Debt. In another study by 
OBrien et al. (2022), the authors investigated different types of SATD in ML software and 
their distributions in different components of ML pipeline stages. Recently, Bhatia et al. 
(2024) investigated the occurrence of SATD in ML code through an empirical study by 
manually analysing open-source ML projects across five domains. They found that ML 
pipeline components for data preprocessing and model generation logic are more suscep-
tible to TD than other components.
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Recently, in a work by Pepe et  al. (2024), they analysed SATD in DL systems and 
categorised DL-specific SATD into categories including DL models, technology, and 
suboptimal DL processes such as model usage or configuration. Also, Ximenes (2024) 
identified a list of potential factors contributing to TD in the source code of ML/DL systems. 
They identified data processing as the most critical factor. They also identified issues 
related to model creation and training as issues leading to TD in ML systems. Sklavenitis 
and Kalles (2024), in their work to identify TD types in ML systems, conducted a survey 
and categorised TD types in ML systems into AD, architecture, Code and Configuration 
Debt. Recupito et al. (2024) further investigated ML-specific TD to address issues related 
to managing ML-code and Architecture Debt in ML systems through the use of a survey.

From the above, we observe the unique nature of TD in ML/DL systems. Our work is 
closely related to that of Liu et al. (2020), that uncovered AD in DL frameworks. While their 
work characterised AD in DL frameworks, our focus is to advance its automated detection 
using ML/DL models and SATD comments to mitigate its consequences.

2.3  ML/DL for SATD Detection

Since the first study on SATD (Potdar and Shihab 2014) various approaches have been 
proposed to automatically identify SATD in traditional software engineering. For exam-
ple, da Silva Maldonado et al. (2017) proposed an approach to detect SATD in ten open-
source projects using the NLP Max Entropy and classified SATD into five types and 
provided the dataset for future research. They achieved an average F1-score of 62% for 
Design and 43% for Requirements Debt. Wattanakriengkrai et al. (2019) used n-gram IDF 
techniques to categorise SATD comments into three categories: Design, Requirements, 
and non-SATD. They achieved an average F1-score of 64% by using the RF model. Fur-
thermore, Zampetti et al. (2020) created a multi-level classifier using a dataset on SATD 
removal. Using a CNN trained on embeddings, and achieved an average precision of 55% 
and recall of 57%.

AlOmar et al. (2022), proposed SATDBailiff, a tool that uses an existing state-of-the-
art SATD detection tool, to identify SATD in methods and track their lifespan. Sharma 
et al. (2022) studied how different classifiers (ME, SVM and Pretrained Language Models) 
perform in classifying SATD in R programming. Their classifiers achieved macro-averaged 
F1-scores of between 42% – 56%. Furthermore, Li et al. (2023a) proposed a method for 
the automated detection of SATD from issue tracking systems, pull requests, commit 
messages, and source code comments using LR, SVM, RF, and Text-CNN and achieved an 
average F1-score of 61%. Consequently, Li et al. (2023b) conducted a second study with 
the goal of determining correlations between SATD items from various sources, such as 
commit messages and code comments. They evaluated different methods for the automated 
detection of SATD and obtained an average F1-score of 83% and consequently provided 
insights into 26 types of relations.

Yu et  al. (2023) proposed a DL approach that used a generative adversarial network 
to improve the accuracy of classifying various SATD types. Their model combined code 
snippets and natural language information to detect different SATD instances. Sabbah and 
Hanani (2023), explored different models such as SVM, RF, Naive Bayes, and CNN to 
identify SATD from code comments or commits. They achieved an average F1-score of 
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82% and 84% for RF and CNN respectively. Also, Pinna et al. (2023), investigated SATD 
in Blockchain, using the Stanford classifier. They obtained an F1-score of 48% and 54% for 
Design and Requirements Debt.

The use of LLMs has recently been proposed for SATD detection. The work by 
Sheikhaei et al. (2024), investigated the performance improvement obtained by using the 
Flan-T5 family of LLMs. Their findings indicate that for SATD identification tasks, fine-
tuned LLMs outperform the best-performing non-LLM baseline, specifically the CNN 
model, achieving an improvement in F1-score ranging from 4.4% to 7.2%. Also, Yu et al. 
(2024) proposed a method of using prompt tuning to identify SATD, while Sutoyo et al. 
(2024) in their work used DL and data augmentation for SATD detection. In another recent 
work, Li et  al. (2025) evaluated the effectiveness of ChatGPT for SATD classification 
and compared the performance to DL models (CNN, Long short-term memory (LSTM), 
and Transformers). They found that ChatGPT outperformed the DL models in terms of 
F1-score.

Although various approaches have been proposed for automated detection of SATD 
using ML/DL models, these approaches are mainly for traditional software using the 
dataset curated by da Silva Maldonado et al. (2017), in Blockchain, or R. However, in DL 
frameworks, AD is uniquely influenced by the inefficiencies in the implementation of the 
algorithm. Also, AD was not included in most of the TD types that were identified. Our work 
is closely related to the work by Sharma et al. (2022); while they focused on different TD 
types in R programming domain, our focus is on AD in DL frameworks.

3  Methodology

To address RQ1 from Sect.  1, we compared multiple ML models with different feature 
extraction methods to assess their effectiveness in detecting AD. Similarly, for RQ2, we 
evaluated the performance of DL models, their embeddings, and LLMs against the ML 
baselines. This design allowed us to compare approaches and highlight the role of feature 
representations and model architectures in the detection of AD. In this section, we describe 
the methodology (Fig. 1) that we followed to answer these questions.

Fig. 1  The general methodology for training and testing the ML/DL models. The flowchart shows the 
steps we followed including data splitting, cleaning, feature extraction and scaling. It also displays the 
model training, validation, and testing stages
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3.1  Dataset

We used an updated version of the dataset originally curated by Liu et al. (2020), which 
contains SATD comments from seven widely used DL frameworks. The frameworks are 
TensorFlow,2 Keras,3 DL4J,4 Caffe,5 PyTorch,6 MXNet,7 and CNTK.8 We contacted the 
authors and received an updated version of the dataset that includes additional SATD 
instances from the 7, 159 SATD instances in the original dataset. This update provides more 
data (i.e., now containing a class for comments not belonging to any TD type), allowing an 
extensive and diverse coverage of SATD in DL frameworks.

The comments in the dataset were labelled by experts in TD and an independent PhD 
student in Software Engineering (Liu et al. 2020). The annotators employed a card-sorting 
approach in three iterations to classify the comments using the TD categories defined by 
Maldonado and Shihab (2015). When a comment was ambiguous, disagreements were 
resolved through discussion until a consensus was reached. For comments that could rea-
sonably fit into more than one category, the annotators assigned the category reflecting the 
primary TD type. The reliability of the dataset is supported by a high inter-rater agreement 
(Kappa Cohen 1960 greater than 85%), as reported by the original authors, confirming that 
the labelling process was consistent. Using this dataset reduces the chances of personal bias 
in labelling new data since this was the research that uncovered AD.

Beyond the validity of this dataset, it was the first to uncover AD. Existing datasets either 
focus exclusively on general-purpose software systems or do not contain any instances of 
AD, making them less suitable for capturing the unique linguistic characteristics of the 
DL frameworks. For instance, the dataset by Sharma et al. (2022) that contains AD is spe-
cific to the R programming domain. For effective detection of AD in DL frameworks, it is 
important to use a dataset that aligns with this domain. Consequently, the dataset included 
domain-specific terms such as RNN, LSTM, CUDNN, and BATCHNORM, taking the unique 
characteristics of DL frameworks into perspective.

Table 1 provides an overview of the dataset distribution across TD types, highlighting the 
prevalence of each category. The dataset contains a total of 38, 881 SATD instances catego-
rised into seven TD types and “WITHOUT CLASSIFICATION” (i.e., the class for the com-
ments that do not belong to any of the seven classes). Among the TD types, AD had a total of 
935 across the different DL frameworks. The WITHOUT CLASSIFICATION class had the 
highest number of instances (23, 156), making the dataset highly imbalanced. However, given 
the class imbalance, we used several mitigation strategies to avoid bias during training.

Table 2 presents examples of comments (with their associated frameworks) from the 
dataset with their corresponding TD types. The first column (TD Type) specifies the SATD 
type, while the second column (Example), presents an example of comment belonging to 
the SATD Type. The Comments column contains comments indicating SATD from the 

2 https://www.tensorflow.org
3 https://keras.io
4 https://deeplearning4j.org
5 https://caffe.berkeleyvision.org
6 https://pytorch.org
7 https://mxnet.apache.org
8 ​h​t​t​p​s​:​​/​/​l​e​a​​r​n​.​m​i​c​​r​o​s​o​​f​t​.​c​o​​m​/​e​n​-​​u​s​/​c​o​g​​n​i​t​i​​v​e​-​t​o​o​l​k​i​t​/
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TD Type Example
Algorithm TODO(jeff,opensource): This 

should really be a more in-
teresting computation. Maybe 
turn this into an mnist model 
instead — Tensorflow

Compatibility This is a workaround for re-
current layer if n is in-
ferred dimension, we can’t 
figure out how to repeat it in 
cntk now return the same x to 
take cntk broadcast feature 
to make the recurrent layer 
work need to be fixed in GA. 
— Keras

Defect TODO (Patric): lrn_within_
channel will cause core dump 
in MKLDNN backward. Need to 
confirm with MKLDNN team and 
fix later. — MXNet

Design TODO: move to Variable con-
structor when supported in 
public release. — Keras

Documentation TODO: add note on how we de-
pend on TracedEval being cre-
ated in here — PyTorch

Requirement TODO setup for RNN. — DL4J
Test TODO (fchollet): insufficiently 

tested. — Tensorflow
WITHOUT 
CLASSIFICATION

content=Generating artificial 
data:We are going to create a 
movie with square of size one 
or two by two pixels moving 
linearly trought time. For 
convenience we first create a 
movie with bigger width and 
height, and at the end we cut 
it to 40x40 — Keras

Table 2  TD types and example 
of comments for each TD type 
from Liu et al. (2020)’s dataset

 

TD Type Total Instances
AD 935
Compatibility 454
Defect 659
Design 10, 891
Documentation 159
Implementation 1, 967
Test 653
WITHOUT CLASSIFICATION 23, 156

Table 1  Distribution for each TD 
type in Liu et al. (2020)’s dataset
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source code of seven popular open-source DL frameworks hosted on GitHub, while the 
second column contains the TD category of the comments. For replication purposes, we 
have made the dataset publicly available on GitHub.9

3.2  Data Cleaning

We followed a standard data cleaning process, drawing suggestions from previous research 
(Maldonado et al. 2017; Huang et al. 2018; Pinna et al. 2023). This is to help guarantee the 
quality of data used for consistency with established works. First, we removed stop words, 
i.e., common words like “the,” “is,” and “in”, which frequently appear in text but typically 
do not add significant meaning or context to the data (Kaur and Buttar 2018; Feuerriegel 
et al. 2025). This step is important in NLP tasks with the aim of reducing the dimensionality 
of the data and also improve training time. We used the Natural Language Toolkit 
(nltk),10 a widely-used Python library for NLP tasks, to implement stop word removal. 
Following the methodology suggested by Huang et  al. (2018), we removed punctuation 
from the comments, with the exception of the exclamation mark (!) and question mark (?). 
These specific punctuation marks were retained because they can provide context for SATD 
detection (Pinna et al. 2023).

To help guarantee consistency across all features, the training data was then standardised 
using the Standard Scaler11 from the Scikit-learn. We applied the Standard 
Scaler only after splitting the dataset into training, validation, and test sets. This splitting 
helped prevent any information from the test or validation sets leaks into the testing process, 
preserving the integrity of the model evaluation.

3.3  Data Splitting

Following best ML practices, we first separated the dataset into training, validation, and test 
sets, to help guarantee the integrity of the data and avoid data leakage. We split the dataset 
into 80% for training and 20% for the final evaluation of the models, ensuring that test data 
remained unseen during training to prevent data leakage.

For a robust validation and tuning of the ML models, we implemented the k-fold CV 
(Yadav and Shukla 2016) on the train data. We applied the 5-fold CV, allowing the models 
to be evaluated across different subsets of data. We selected k = 5, as it provides a balance 
for computational efficiency (James et al. 2013).

3.4  Feature Extraction

Feature extraction is vital towards identifying informative features and reducing the dimen-
sionality to improve model training (Guyon et al. 2008). We employed three different sets 
of embedding techniques: traditional vectorisation techniques, DL embeddings, and embed-
dings from LLMs. We chose these techniques to capture both the linguistic nuances and 
the contextual significance of SATD comments, which are critical for identifying instances 

9 ​h​t​t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​i​k​​o​o​j​o​s​​/​A​l​g​o​​r​i​t​h​m​-​​D​e​b​t​​-​R​e​s​e​​a​r​c​h​/​​t​r​e​e​/​m​​a​s​t​e​​r​/​d​a​t​a​s​e​t
10 https://www.nltk.org/
11 ​h​t​t​p​s​:​​/​/​s​c​i​​k​i​t​-​l​e​​a​r​n​.​​o​r​g​/​d​​e​v​/​m​o​​d​u​l​e​s​/​​g​e​n​e​​r​a​t​e​d​​/​s​k​l​e​​a​r​n​.​p​r​​e​p​r​o​​c​e​s​s​i​n​g​.​S​t​a​n​d​a​r​d​S​c​a​l​e​r​.​h​t​m​l
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of AD in DL frameworks. These embeddings and vector representations were used to train 
ML models. We did not use extracted embeddings for the DL models to avoid redundancy 
in feature representation, as they incorporate embedding layers (Goodfellow et al. 2016).

We started with the traditional ML techniques: TF-IDF, Count Vectoriser, and Hashing 
Vectoriser to transform the SATD comments into numerical features. We selected these 
techniques due to their effectiveness to extract meaningful patterns from textual data in 
NLP tasks such as classification (Suryaningrum 2023; Arsyah et al. 2024). We then explored 
more advanced methods, such as embeddings from DL models: RoBERTa,12 ALBERT13 and 
also embeddings from LLMs: INSTRUCTOR14 and VoyageAI,15 which offer contextual 
understanding.

TF-IDF  is a feature extraction technique that assess the importance of a word in a document 
relative to a larger collection of documents by weighting words based on their frequency 
(Sabbah and Hanani 2023). Intuitively, this technique determines how relevant a given word 
is in a particular document. We employed TF-IDF to extract important features from SATD 
comments, as it provides an approach for identifying significant terms in the dataset while 
minimising the impact of common words such as “the” and “is.”

Count vectoriser  transforms text data into numerical features by converting words in 
a document into a matrix of token counts (Danyal et  al. 2024). The vectoriser, counts the 
occurrence of each word and assigns each word in the document a unique ID. For example, 
words that appear frequently in the dataset like “code,” and “TODO” will have higher counts. 
This representation will then be used as input to the model (Deepa et al. 2019) for training.

Hashing vectorisation  converts text into a numeric vector using a hash function (Roshan 
et  al. 2023). This technique processes each word independently, offering speed and low 
memory usage since no dedicated dictionary is needed (Poczeta et al. 2023). Also, by using 
this extraction method we can define a vector of any length making it scalable for various 
text sizes. For instance, SATD comments can be hashed into a fixed-length vectors, enabling 
efficient processing regardless of the size of the dataset.

DL word embeddings  One of the key breakthroughs in DL is the development of word 
embeddings that capture patterns within data. Learned embeddings from DL models 
generated by transformer-based architectures like Bidirectional Encoder Representations 
from Transformers (BERT) (Devlin et  al. 2019), can capture the contextual meaning 
of words, making them useful in representing polysemous words, which can enhance 
classification performance (Loureiro 2023). To generate the DL embeddings, we used pre-
trained DL models from the transformers library from Hugging Face. Specifically, 
we used embeddings generated by RoBERTa and ALBERT, to train ML models. RoBERTa 
and ALBERT were used in previous studies for classifying SATD and non-SATD (Sharma 
et  al. 2022; Rajapaksha et  al. 2021), making these models a good choice to explore for 

12 ​h​t​t​p​s​:​​/​/​h​u​g​​g​i​n​g​f​a​​c​e​.​c​​o​/​d​o​c​​s​/​t​r​a​​n​s​f​o​r​m​​e​r​s​/​​e​n​/​m​o​d​e​l​_​d​o​c​/​r​o​b​e​r​t​a
13 ​h​t​t​p​s​:​​/​/​h​u​g​​g​i​n​g​f​a​​c​e​.​c​​o​/​d​o​c​​s​/​t​r​a​​n​s​f​o​r​m​​e​r​s​/​​e​n​/​m​o​d​e​l​_​d​o​c​/​a​l​b​e​r​t
14 ​h​t​t​p​s​:​​/​/​h​u​g​​g​i​n​g​f​a​​c​e​.​c​​o​/​h​k​u​​n​l​p​/​i​​n​s​t​r​u​c​​t​o​r​-​​l​a​r​g​e
15 https://docs.voyageai.com/docs/embeddings

1 3

66  Page 12 of 52

https://huggingface.co/docs/transformers/en/model_doc/roberta
https://huggingface.co/docs/transformers/en/model_doc/albert
https://huggingface.co/hkunlp/instructor-large
https://docs.voyageai.com/docs/embeddings


Empirical Software Engineering (2026) 31:66

AD detection in DL frameworks. These models were fine-tuned on our dataset using the 
Trainer class from the transformers library. The fine-tuning process involved 30 
epochs with early stopping. The embeddings were generated from the last hidden state of 
the models, specifically from the [CLS] token. The embeddings had a vector size of 768 
dimensions, consistent with their base model architectures.

Embeddings from LLMs  In addition to the DL embeddings, we explored embeddings 
generated from LLMs (INSTRUCTOR Su et al. 2023 and VoyageAI) since they were among 
the models used for text generation on Hugging Face’s leaderboard.16 The INSTRUCTOR 
(Su et  al. 2023) model is an fine-tuned text embedding model that is optimised for a 
wide range of tasks and achieved state-of-the-art results across 70 different tasks without 
requiring additional fine-tuning, showing its versatility. This makes the INSTRUCTOR 
particularly suitable for extracting meaningful insights from text data, which is essential 
for identifying patterns and relationships in our SATD dataset. VoyageAI (Tang and Yang 
2024) is a general-purpose embedding model designed for high retrieval quality, surpassing 
the performance of OpenAI’s V3 Large model.

To generate the embeddings for both the INSTRUCTOR and VoyageAI, we used the 
pretrained models available on Hugging Face directly without additional fine-tuning to 
evaluate their out-of-the-box performance. Each SATD comment was passed through the 
respective model to extract the embeddings. The INSTRUCTOR generates embeddings with 
a dimensionality of 768, making it computationally efficient for downstream ML tasks. With a 
context length of 3, 200 tokens, it is particularly effective for processing lengthy inputs, such 
as the detailed discussions present in our dataset. The VoyageAI has an embedding of 1, 024 
which allows it to capture and represent patterns and relationships in the data effectively. The 
extracted embeddings were then used as input features for training a ML model.

3.5  Custom Feature Extraction

To improve the classification of AD, we first sought to identify domain-specific terms fre-
quently occurring in AD-related comments. To achieve this, we grouped comments from 
the training set by their respective SATD classes and extracted the custom AD features from 
only the train set to avoid data leakage. This extraction enabled us to identify frequently 
occurring words associated with each TD class using word counts. Using a Python script, 
the first author automatically retrieved the top 30 most frequent words for each TD class.

From the top 30 words, we selected five terms (shape, input, tensor, number, matrix), as 
shown in Table 3, to serve as additional features in the dataset. To reduce subjectivity, this 
selection was guided by a domain expert (not a co-author) with over 10 years of experience 
in TD research and software engineering. The expert inspected the list that was automatically 
generated and selected the terms based on explicit criteria: i) high specificity to AD-related 
comments, ii) relevance to algorithmic and software engineering contexts, and iii) exclusion 
of general-purpose terms such as content, todo. The number of custom AD features was 
deliberately limited to five to reduce the risk of overfitting to dataset-specific patterns and 
ensure better generalisability across unseen projects. Additionally, these criteria served to 
minimise noise and enhance the discriminative power of the features, thereby supporting 

16 ​h​t​t​p​s​:​​​/​​/​h​u​g​g​i​n​g​f​a​c​​e​.​​c​​o​/​s​p​​a​c​​e​s​/​​H​u​g​g​i​​n​g​F​a​​c​e​​H​4​/​o​​p​e​n​_​​l​l​m​_​l​e​a​d​e​r​b​o​a​r​d
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more accurate detection of AD. To further evaluate this selection and mitigate potential bias, 
we constructed feature sets by combining subsets of up to five terms from the remaining 
candidate words that met the above criteria. These subsets were evaluated using the same 
training and evaluation pipeline, and none yielded improved model performance. The final 
five terms were confirmed by the co-authors.

Training with custom AD features  To integrate the words that we extracted as features into 
our data, we developed a custom ML pipeline that integrates these domain-specific features 
with an LR model. We only experimented with the Custom AD Features with LR since the 
LR had the highest F1-score. The overall process of how we implemented the pipeline is 
illustrated in Fig. 2.

The pipeline included a CustomFeatureExtractor, that was implemented as a 
scikit-learn-compatible transformer. This extractor was initialised with a predefined set of 
keywords and, during transformation, it computed binary features indicating whether each 
keyword was present in a given SATD. For each SATD input, the extractor created a dic-
tionary of binary features, where each feature corresponded to the presence (1) or absence 
(0) of a keyword in the comment. These features were then converted into a sparse matrix 
format for computational efficiency. To combine these Custom AD Features with standard 

Fig. 2  Custom pipeline for extracting features, showing the steps we followed in executing the 
CustomFeatureExtractor

 

Feature Expected Contribution to Classifier
Shape Commonly used in AD-related comments to 

describe mismatches or errors in data structures. 
Helps the classifier capture AD related to data shape 
inconsistencies

Input Frequently appears in comments about improper 
input handling in algorithmic preprocessing, such 
as incorrect data formats in ML pipelines or graph 
algorithms.

Tensor Strongly associated with ML/DL frameworks where 
AD occurs in model operations. Enhances recogni-
tion of AD connected to tensor manipulation issues

Number Often used in comments about mis-specified nu-
meric parameters or indexing errors in algorithmic 
configurations, such as ML hyperparameter tuning 
or numerical computations

Matrix Recurrent in AD-related comments about linear 
algebra operations or dimensional mismatches. 
Strengthens classifier ability to capture AD related 
to matrix operations

Table 3  Newly engineered fea-
tures for AD detection and their 
rationale
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vectorisation, we used the FeatureUnion method. This method integrated the output of 
the CustomFeatureExtractor with the Count Vectorser, which converted the raw 
text data into a bag-of-words representation.

We incorporated these features into a classification pipeline, where we trained the LR 
model. To help guarantee a balanced performance across all classes (considering the class 
imbalance), we set the model’s class weight parameter to “balanced” and defined a Grid 
Search Cross-Validation (Grid Search CV) to optimise hyperparameters. The Grid Search 
CV was used to evaluate different combinations of the regularisation (C), penalty (l2), and 
maximum iterations (max iter) using a 5-fold CV strategy. We set the scoring metric as the 
macro-averaged F1-score to provide a fair comparison because of the class imbalance in 
the dataset.

One potential limitation of the custom feature extraction approach was in its reliance on 
specific keywords from the dataset. By focusing on frequently occurring terms, there was 
a risk of overfitting to the specific dataset we used. To mitigate this, the selected keywords 
were carefully curated to help guarantee their relevance and applicability to AD, as discussed 
further in Sect. 7.

3.6  Baseline and Benchmarks

To mitigate the risk of bias and subjectivity in establishing a baseline, the results of the 
trained models were compared against two types of baselines: (i) reference baseline, which 
established minimum performance thresholds, and (ii) benchmarks from prior studies on 
SATD identification. These baselines helped to guarantee that the performance of the mod-
els extended meaningfully beyond random or simplistic predictions. The benchmarks were 
used to compare the models against established methods in SATD research.

Reference baseline  We selected the Random Classifier (Ameisen 2021) as our reference 
baseline. A Random Classifier assigned labels to SATD instances from the dataset randomly, 
without considering any underlying features or patterns in the data. During the training 
process, it did not learn from the data; instead, it simply assigned labels to the distribution 
of classes present in the dataset. When making predictions, it randomly selected a class 
label for each instance, independent of any input features. This approach helped establish 
a lower bound of performance, serving as a baseline to measure the effectiveness of more 
sophisticated models. The Random Classifier achieved an F1-score of 0.04% on the dataset 
of Liu et al. (2020), which serves as the lower bound for performance evaluation.

Benchmarks based on previous works  The approach by Sharma et al. (2022) was considered 
a benchmark noting that it is the only existing work that performed SATD classification that 
includes AD. RoBERTa, the best in their study, had an F1-score of 31% for AD and macro-
averaged F1-score of 56%. Using this as a benchmark enabled the direct comparison of the 
results from our models. The approach by Li et al. (2023a), known as MT-Text-CNN, could 
be considered here for comparative purposes as another recent work in SATD detection; this 
method leverages multitask learning and CNN, to identify multiple SATD types, achieving 
an F1-score of 61%. For these benchmarks, the experiments were conducted on publicly 
available datasets.
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3.7  Classification Models

To investigate the automated detection of AD in DL frameworks, we explored different 
ML/DLmodels, drawing inspiration from previous research on traditional software systems 
(Ren et al. 2019; Sharma et al. 2022; Li et al. 2023a). The ML models that we explored 
were: SVM (Joachims 1998), LR (Hilbe 2009), and RF (Breiman 2001). We used these 
models for because: i) they have been used for previous SATD classification tasks (Ren 
et al. 2019; Sharma et al. 2022), and ii) they performed well in text classification related 
tasks (Wang et al. 2019).

SVM  is a supervised ML technique, that is based on statistical learning theory (Yang 
et al. 2015) and can be used for classification tasks. They are effective in tasks where the 
objective is to classify data into distinct classes (Cortes and Vapnik 1995). SVMs classify 
data by identifying a hyperplane that separates different classes (Rejani and Selvi 2009). 
The advantages of SVM are that they are particularly effective when dealing with high-
dimensional data, making it suitable for applications like text classification from the 
SATD dataset. For instance, it can extract patterns from complex and high-dimensional 
representations of text, making it suited for our study on AD detection.

LR  is a supervised learning algorithm (Musa 2013) that has previously demonstrated strong 
performance for data with a large number of features, making it suitable for experimenting 
AD detection (Hilbe 2009). LR is based on the logistic function and evaluates the statistical 
significance of independent variables in relation to probabilities (Shah et  al. 2020). In 
text classification, the LR model recognises a vector containing variables after which it 
evaluates the coefficients for each input variable to predict the class of text in the form of a 
word vector. The LR model can excel in scenarios with a large number of features due to its 
simplicity and efficiency, particularly when processing sparse textual data (Bertsimas and 
King 2017). However, its assumption of linear relationships between features may limit its 
ability to capture non-linear patterns inherent in AD-related data (Sarker 2021).

RF  is an ensemble ML technique (Breiman 2001; Biau and Scornet 2016) that creates a 
collection of decision trees during training. These trees operate on the divide-and-conquer 
principle, where each tree contributes to the final prediction. During classification, each tree 
in the RF votes for the most likely class, and the final prediction is determined by aggregating 
these votes. RF’s ability to aggregate decisions from multiple trees ensures its robustness 
in classification tasks. Other advantages of the RF are its relatively few parameters to tune, 
along with its capability to handle small sample sizes and high-dimensional feature spaces 
(Khoshgoftaar et al. 2007; Breiman 2001).

RoBERTa  stands for Robustly optimised BERT pre-training approach (Liu et  al. 2021b), 
and builds on the foundational BERT architecture (Devlin et  al. 2019) with different 
enhancements aimed at improving its performance on NLP tasks. These include training 
on larger datasets, removing the next sentence prediction objective, using longer text 
sequences, and employing dynamic masking during pre-training. These advancements 
have made RoBERTa particularly effective for classification tasks such as SATD detection 
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(Nunes et  al. 2024). The RoBERTa model employs a transformer architecture with self-
attention mechanisms, which enable it to capture complex dependencies within textual data 
such as SATD (Vaswani et al. 2017). Additionally, RoBERTa was used in a previous study 
on AD (Sharma et al. 2022).

ALBERT  is a variant of BERT designed to reduce computational overhead and memory 
requirements while maintaining high performance (Lan et al. 2019). It achieves this through 
parameter-sharing across layers and factorised embedding parameterisation, which reduces 
the number of parameters compared to traditional BERT models. These optimisations 
make ALBERT a lightweight and suited where computational resources are constrained. 
ALBERT’s efficiency allows for rapid processing of large datasets and its streamlined 
architecture is particularly useful in our study, where computational resources are needed. 
This combination of efficiency and performance positions ALBERT as a good option to 
explore for detecting AD. Additionally, ALBERT was used in a previous study on AD 
(Sharma et al. 2022), making it an ideal choice for us to explore.

3.8  Experimental Setup

Hyperparameter tuning  Hyperparameter tuning plays an important role in optimising the 
performance of ML/DL models. To systematically refine hyperparameters and optimise the 
classification outcomes, we used the Grid Search CV (Bergstra et al. 2011). This approach 
allowed for the selection of optimal hyperparameters by evaluating different combinations 
across multiple iterations, ensuring optimal performance of our models by selecting the best 
combinations.

We performed hyperparameter tuning for the ML models (i.e., SVM, LR, and RF). 
We conducted experiments to explore different kernel functions for SVM, regularisation 
techniques for LR, and tree-based hyperparameters for the RF. The optimal configurations 
were then automatically selected based on F1-score. We have provided the details on 
the hyperparameters for each ML model in Appendix A. We did not perform multiple 
experiments for the DL models to exhaustively search for hyperparameters. This is because 
DL models have a vast number of hyperparameters, and exhaustive hyperparameter tuning 
can become computationally expensive (Joulin et  al. 2017). Instead, we used standard 
values based on prior research, ensuring a reasonable balance between model performance 
and computational efficiency.

Handling class imbalance  Training ML models from imbalanced datasets can be difficult 
and could bias the majority class, leading to poor performance on the minority classes 
(Batista et  al. 2004). The dataset we described in Sect.  3.1 exhibited class imbalance, 
particularly with the WITHOUT CLASSIFICATION category having a much higher 
number of occurrences than the other classes. To mitigate the issue of class imbalance in 
our study, we set the class weight parameter to “balanced” (Li and Mani 2021). This value 
assigns weights inversely proportional to the frequency of each class in our training data and 
gives higher weights to minority classes such as AD and lower weights to the majority class, 
encouraging the model to treat all classes more equally during training.

1 3
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3.9  Model Evaluation

Accuracy is appropriate when the classes are balanced (i.e., if each class is represented by a 
similar number of samples within the dataset). However, the dataset we used is imbalanced, 
indicating that evaluating our models based on accuracy alone would lead to biased results 
favoring the majority class (Batista et al. 2004). We evaluated our ML/DL models using 
metrics such as precision, recall, F1-score, and macro-averaged F1-scores, consistent with 
prior studies on SATD detection (Ren et al. 2019; Santos et al. 2020; Sharma et al. 2022; Li 
et al. 2023a).

Precision  is a metric used to evaluate the performance of classification models by measur-
ing the accuracy of the positive predictions (Huang et al. 2018). A high precision indicates 
that most of the AD instances it identified as positive are indeed correct. A focus on preci-
sion alone may overlook false negatives, which is why it is often analysed in conjunction 
with recall to provide a more comprehensive evaluation of a model’s performance. In the 
context of AD detection, a true positive is an instance where the model correctly identifies a 
comment as AD, while a false positive is an instance where the model incorrectly identifies 
an SATD that is not AD as AD. Mathematically precision is computed as follows:

	
Precision = TruePositives

TruePositives + FalsePositives
.

Recall  measures the proportion of true positive instances identified by a model relative to 
the actual total number of positive instances present (Foody 2023). A high recall for AD sug-
gests that the model is efficient at identifying the majority of AD cases, thereby minimising 
false negatives. A false negative is an instance where a model identifies a comment as a TD 
type other than AD when it is actually AD. Mathematically recall is computed as follows:

	
Recall = TruePositives

TruePositives + FalseNegatives
.

F1-score  Given the trade-off in using precision or recall alone for evaluating the perfor-
mance of a model (Mining 2006), we also compared the performance of our ML/DL models 
using the F1-score following the metrics used in software engineering papers (Arisholm 
et al. 2007; Sharma et al. 2022; Li et al. 2023a). The F1-score combines precision and recall 
to provide a balanced measure of a model’s performance, particularly when dealing with 
unbalanced class distribution. The F1-score is computed using the harmonic mean of preci-
sion and recall. This means that a low score in either will significantly lower the overall 
F1-score. Mathematically F1-score is computed as follows:

	
F1 = 2 × Precision × Recall

Precision + Recall
.

Macro-averaged F1-score  is the F1-score for each class calculated independently and then 
averaged (Suominen et al. 2008). This metric treats all classes equally, regardless of their 
frequency in the dataset. It is important in our study for addressing class imbalance, as 
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it ensures that the minority classes (e.g., AD) are given equal weight during evaluation. 
However, a major limitation of the macro-averaged F1-score is that it may not provide a 
true reflection of the overall accuracy or a model’s performance on the majority classes. 
Mathematically the macro-averaged F1-Score is computed as follows:

	
Macro-averaged F1 = 1

N

N∑
k=1

F1k

where N is the total number of classes and k represents the index of each individual class. 
We reported these evaluation metrics as percentages for clarity and consistency in Sect. 4.

3.10  Statistic Test

To verify whether the improvements in the F1-score for AD using the LR with Custom 
AD Features were statistically significant compared to the results of the other techniques, 
we conducted a Wilcoxon signed-rank test (Wilcoxon et al. 1970) at a significance level 
(p-value) of 0.05, following the approach used in previous studies (Li et al. 2023a; Huang 
et  al. 2018). The Wilcoxon signed-rank test is a non-parametric test designed for paired 
comparisons, making it suitable for comparing the performance of our models on the same 
dataset. Hence, we made a pairwise comparison between the F1-score of LR with Custom 
AD Features and all the other methods, where we obtained a p-value for each comparison.

We also calculated the Cliff’s Delta |δ| to quantify the magnitude of the differences in 
the performance of the models (Vargha and Delaney 2000). The Cliff’s Delta measures the 
effect size, complementing the p-values (Macbeth et al. 2011; Meissel and Yao 2024). To 
calculate the Cliff’s Delta, we compared the F1-score of LR with Custom AD Features and 
all the other methods pairwise. The amount of difference between model performances is 
considered negligible |δ| < 0.11, small (0.11 ≤ |δ| < 0.28), medium (0.28 ≤ |δ| < 0.43), 
or large (|δ| ≥ 0.43) (Vargha and Delaney 2000).

4  Results

Among the ML techniques, LR with the selected five Custom AD Features achieved the 
highest F1-score of 54% for AD, demonstrating the effectiveness of domain-specific feature 
engineering in enhancing AD detection in Table 4. To assess potential bias from the selection 
of these terms, we also evaluated subsets of the remaining top-30 words. These subsets 
achieved F1-scores ranging from 50% – 53% for AD, slightly lower than the chosen five 
terms. These results indicate that the selected five terms were not only more effective but 
also essential in reducing noise introduced by less informative terms.

This result was closely followed by LR with Count Vectoriser (52%) and RF with Count 
Vectoriser (51%), indicating that Count Vectoriser-based features were generally effective 
for AD classification. We observed that in terms of F1-score, the Count Vectoriser tech-
niques outperformed TF-IDF and Hashing Vectorisers. For example, the Count Vectoriser 
outperformed LR with TF-IDF (48%) and LR with Hash Vectoriser (48%), suggesting that 
simple frequency-based representations are more effective than weighted term frequency 
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(TF-IDF) and hashed features for AD detection in DL frameworks. Similarly, the SVM 
models performed the least, with F1-scores ranging from 41% – 43%. The low F1-score 
of the SVM models could be likely due to data sparsity as a result of the feature extraction 
techniques resulting in high dimensional sparse vectors where many values are zero.

Although the F1-scores for the models were generally low for AD, the models achieved 
higher scores in classifying SATD in classes such as Design (ranging between 78% – 85%) 
and WITHOUT CLASSIFICATION (ranging between 93% – 96%). Specifically, RF with 
Count Vectoriser, achieved the highest F1-score (85%) for Design Debt, while both RF 
with TF-IDF and RF with Hash Vectoriser achieved an F1-score of 84%. The LR with Cus-

Table 4  Comparison of ML/DL model performance (in percentages) across different TD types. The table 
presents F1-scores for AD, COM – Compatibility, DEF – Defect, DES – Design, DOC – Documentation, 
IMP – Implementation, TES – Test, and W/C - WITHOUT CLASSIFICATION. The table also presents the 
overall macro-averaged F1-scores – M/F1 and macro-averaged accuracy – M/AC. The best results are high-
lighted in bold. Abbreviations: CV – Count Vectoriser
Technique AD-F1 COM-F1 DEF-F1 DES-F1 DOC-F1 IMP-F1 TES-

F1
W/
C-
F1

M/
F1

M/
AC

SVM + 
TF-IDF

44 47 40 78 51 57 49 93 57 84

SVM + CV 41 35 35 79 32 60 68 95 56 85
SVM + Hash 
Vectoriser

43 45 37 79 38 58 51 93 55 84

LR + 
TF-IDF

48 53 45 80 45 59 53 94 60 85

LR + CV 52 49 49 82 39 63 64 96 62 87
LR + Hash 
Vectoriser

48 51 43 81 47 60 55 94 60 85

RF + 
TF-IDF

42 51 41 84 40 65 63 96 60 89

RF + CV 51 57 54 85 59 69 70 96 68 89
RF + Hash 
Vectoriser

46 52 43 84 45 65 58 95 61 88

RoBERTa 
Embeddings

44 50 43 84 16 69 76 96 60 88

ALBERT 
Embeddings

25 25 25 80 05 61 67 96 48 83

VoyageAI 
Embeddings

30 19 21 76 34 20 21 92 53 53

INSTRUC-
TOR 
Embeddings

29 31 31 69 35 51 57 93 51 77

RoBERTa 43 50 52 85 54 68 80 97 66 89
ALBERT 21 04 26 83 00 64 67 97 45 87
Random 
Classifier

04 01 03 17 00 06 02 20 07 12

LR + 
Custom AD 
Features

54 54 53 84 59 69 73 96 68 88

RoBERTa + 
Custom AD 
Features

49 56 57 85 53 69 78 97 68 89
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tom AD Features also had high scores in TD classes for Implementation and WITHOUT 
CLASSIFICATION with an F1-score of 69% and 96% respectively. The success in the ML 
models detecting Design Debt and the WITHOUT CLASSIFICATION classes could likely 
be attributed to the structured nature of design-related issues, which makes it easier for the 
models to identify patterns in the data. Another reason could be the large number of their 
instances within the dataset.

In terms of macro-averaged F1-score, the combination of LR with Custom AD Features 
and RF with Count Vectoriser achieved the highest score of 68%, indicating that these 
models provided a more balanced performance across different TD types. This score is 
followed by LR with Hash Vectoriser and RF with TF-IDF with a score of 60% both. 
The SVM with Hash Vectoriser had the lowest macro-averaged F1-score, highlighting its 
difficulty in maintaining a strong balance between precision and recall across the TD types. 
The performance of LR with Custom AD Features suggests that domain-specific feature 
engineering improves model effectiveness by enhancing its ability to capture AD-related 
patterns across different contexts. Similarly, RF with Count Vectoriser’s high score can be 
attributed to the ensemble learning of RF, which benefits from multiple decision trees voting 
on predictions, improving generalisation. However, the lower performance of SVM with 
Hash Vectoriser suggests that SVM struggles to generalise well across multiple TD types, 
likely due to its sensitivity to sparse feature representations and difficulty in handling class 
imbalances.

The accuracy results indicated that RF with TF-IDF and Count Vectoriser achieved the 
highest accuracy of 89%, suggesting their effectiveness in the overall classification of the 
different TD types. LR with Custom AD features achieved an accuracy of 88%, while LR 
with Count Vectoriser followed closely with 87% accuracy. The SVM models (TF-IDF, 
Count Vectoriser, and Hash Vectoriser) had the lowest accuracy ranging between 84% 
and 85%. Although the F1-scores for the models were lower for AD and TD types such 
as Defect, and Documentation, their overall performance demonstrates their potential in 
detecting different TD types in DL frameworks. However, given that accuracy can be mis-
leading in imbalanced datasets, relying solely on this metric may overestimate the effective-
ness of the models, especially for underrepresented TD types like AD.

Among the ML models, the RF achieved the highest precision in Table 5. Specifically, 
the combination of RF and TF-IDF achieved, a precision of 96%, Count Vectoriser 92% 
and Hash Vectoriser 91%. This high precision could likely be due to the ensemble nature 
of the RF, where the trees vote before providing the final output. This is followed by the 
LR models having a precision between 53% and 54%. SVM with the Count Vectoriser had 
the lowest performance of 37% in terms of precision. The high precision of the RF model 
indicates its strong ability to correctly identify AD instances with minimal false positives. 
This makes RF particularly suitable for scenarios where avoiding false positives is critical, 
such as in systems where false alarms can lead to unnecessary resource allocation.

For recall, LR with Custom AD Features achieved the highest recall of 57%. This 
suggested that leveraging domain-specific knowledge can enhance AD detection by 
capturing subtle patterns missed by generic feature extraction methods. The higher recall 
indicated that LR with Custom AD Features could capture a broader range of AD instances, 
making it particularly useful in scenarios where identifying a high number of AD instances 
is critical, such as during early-stage debugging. This was followed by the LR with Count 
Vectoriser (46%) and SVM with Count Vectoriser. This further highlighted the effectiveness 
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of the Count Vectoriser in identifying AD instances. On the other hand, the RF models 
achieved low recall ranging from 27% for the TF-IDF to 35% for Count Vectoriser, likely 
due to their prioritisation of precision (i.e., prioritising correctly identified cases).

Among the DL embeddings, RoBERTa achieved the highest F1-score for AD, scoring 
44% in Table 4. This was followed by embeddings from VoyageAI and INSTRUCTOR, 
which achieved 30% and 29% respectively. ALBERT embeddings achieved the lowest 
F1-score of 25%. When considering recall, the INSTRUCTOR achieved the highest score 
of 52% for AD. This was followed by RoBERTa and VoyageAI embeddings with scores of 
39% and 32%. The ALBERT embeddings had the lowest recall of 28%.

For the macro-averaged F1-score, the RoBERTa embeddings achieved the highest score 
of 60%, which was followed by the VoyageAI and INSTRUCTOR embeddings, which 
achieved 53% and 51% respectively. ALBERT embeddings achieved the lowest macro-
averaged F1-score of 45%. For precision, the VoyageAI embeddings achieved the highest 
precision of 67% for AD. This was followed by RoBERTa embeddings with a score of 49%. 
ALBERT and INSTRUCTOR embeddings achieved a precision of 23% and 20% respec-
tively. These low performance scores might be due to the limitations of general-purpose 
embeddings in effectively representing AD characteristics, potentially resulting from insuf-
ficient domain-specific training or the broad, generalised nature of these embeddings.

Model and Feature Extraction Precision Recall
SVM + TF-IDF 54 38
SVM + CV 37 46
SVM + Hash Vectoriser 49 38
LR + TF-IDF 54 44
LR + CV 53 50
LR + Hash Vectoriser 53 44
RF + TF-IDF 96 27
RF + CV 92 35
RF + Hash Vectoriser 91 30
RoBERTa Embeddings 49 39
ALBERT Embeddings 23 28
VoyageAI Embeddings 67 32
INSTRUCTOR Embeddings 20 52
RoBERTa 55 36
ALBERT 29 16
LR + Custom AD Features 52 57
RoBERTa + Custom AD Features 61 41

Table 5  Performance Metrics (in 
percentages) across different ex-
periments showing the precision 
and recall for AD, with the best 
results highlighted in bold
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Beyond DL embeddings, we evaluated stand-alone DL models, and RoBERTa achieved 
the highest F1-score for AD detection at 43%. In contrast, the ALBERT model achieved an 
F1-score of 21%. To investigate whether domain-specific features could further enhance the 
performance of DL models, we concatenated a binary Custom AD Features vector to the 
RoBERTa [CLS] embedding prior to the final classification layer. This model achieved an 
F1-score of 49% for AD, a 14% improvement over the RoBERTa. For the precision of AD, 
RoBERTa achieved a score of 55%, while ALBERT scored 29%. Also, the recall score for 
ALBERT remained at 16% for AD, while RoBERTa achieved a higher score of 36%, which 
is still low (less than a random guess). The macro-averaged F1-score followed the same 
trend, where RoBERTa achieved a score of 66%, while ALBERT scored 45%. The overall 
consistent low performance of ALBERT could be likely due to its lightweight architecture, 
which may prioritise efficiency at the expense of detailed feature representation.

Beyond AD, the performance of the DL models was low for Documentation and Defect 
Debt, as indicated by the low F1-scores. Notably, ALBERT model performed poorly and was 
unable to detect Documentation Debt. Embedding techniques for ALBERT and RoBERTa 
had F1-scores of 5% and 16%, respectively for Documentation Debt. For Defect Debt, the 
F1-scores ranged between 21% (VoyageAI embeddings) to 52% (RoBERTa). Despite the 
low F1-scores achieved by our DL models, they performed well for other TD types. For 
instance, RoBERTa excelled in detecting WITHOUT CLASSIFICATION, Design, and Test 
Debt, achieving F1-scores of 97%, 85%, and 80% respectively. Likewise, ALBERT had a 
high F1-score of 97% for WITHOUT CLASSIFICATION, 83% for Design, and 67% for 
Test Debt. The high performance of the DL models for these specific TD types could be due 
to the high number of samples in these classes, providing the models with sufficient training 
data to learn their characteristics effectively.

For the accuracy metric, RoBERTa achieved the highest accuracy of 89%, while ALBERT 
had an accuracy of 87%. The RoBERTa embeddings achieved an accuracy of 83%, while 
INSTRUCTOR achieved a score of 77%. The VoyageAI embeddings had the least accuracy 
of 53%. The variation in accuracy across models and embeddings highlights their differing 
effectiveness in TD classification.

Given that DL models require a large amount of training data, the limited number of 
samples for TD types like AD, Compatibility, Defect, and Documentation Debt could have 
contributed to the low F1-scores for these TD types, as the available data might not have 
been sufficient for effective training. Hence, the overall performance for the DL models was 
lower than for the ML models.
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Overall, out of the models we evaluated, the LR with Custom AD Features achieved 
statistically significant improvements (p < 0.05) over other models (Table 6). Specifically, 
the models SVM + TF-IDF, SVM + Count Vectoriser, SVM + Hash Vectoriser, LR + 
Count Vectoriser, LR + Hash Vectoriser, RF + TF-IDF, RF + Hash Vectoriser, ALBERT 
Embeddings, VoyageAI Embeddings, INSTRUCTOR Embeddings, and the Random 
Classifier demonstrated statistically significant differences in performance. Conversely, RF 
+ Count Vectoriser, RoBERTa, and RoBERTa Embeddings showed no significant difference 
in performance.

These statistically significant differences varied in magnitude. Among the ML/DL 
models that we compared with the LR with Custom AD Features, the SVM + TF-IDF, 
Random Classifier, INSTRUCTOR Embeddings, and VoyageAI Embeddings exhibited the 
large effect sizes with Cliff’s delta values greater than 0.43. The effect sizes between LR 
with Custom AD Features and SVM + CV, SVM + Hash Vectoriser, LR + CV, LR + Hash 
Vectoriser, RF + TF-IDF, RF + Hash Vectoriser, ALBERT Embeddings, and ALBERT, were 
considered medium effect sizes (Cliff’s Delta between 0.280 and 0.43). We observed small 
effect sizes (Cliff’s Delta between 0.11 and 0.28) with RoBERTa Embeddings and RoBERTa. 
The effect size for RF + CV was negligible with a negative Cliff’s delta of −0.0156.

These test underscored the value of custom AD features in enhancing the performance 
of ML/DL models. The statistically significant improvement, particularly in those models 
with medium to large effect sizes, suggested that incorporating AD features can lead to more 
effective detection of AD in DL frameworks. The small effect sizes suggested that while 
statistically significant, the practical impact of the LR model’s improvements over these 
specific models may be less pronounced. The negligible effect size for RF + CV reinforces 
the lack of practical difference between this model and the LR model. We have provided a 
more detailed classification report for all the experiments in Appendix B.

Model p-value Cliff’s Delta
SVM + TF-IDF 0.0158 0.5000
SVM + CV 0.0058 0.3473
SVM + Hash Vectoriser 0.0058 0.3430
LR + CV 0.0309 0.3281
LR + Hash Vectoriser 0.0482 0.3750
RF + TF-IDF 0.0168 0.3125
RF + CV ≥ 0.05 −0.0156
RF + Hash Vectoriser 0.0140 0.3593
RoBERTa Embeddings ≥ 0.05 0.2345
ALBERT Embeddings 0.0190 0.3281
VoyageAI Embeddings 0.0022 0.5937
INSTRUCTOR Embeddings 0.0002 0.6406
RoBERTa ≥ 0.05 0.1562
ALBERT 0.0294 0.3125
Random Classifier 0.0000 1.0000

Table 6  Pairwise comparison of 
statistical significance (p-value) 
and effect sizes (Cliff’s Delta) 
for F1-scores in AD detection, 
comparing LR with Custom AD 
features against other ML/DL 
models. Each row represents a 
comparison between LR with 
custom AD Features and the 
model in the model column. A p-
value < 0.05 indicates a statisti-
cally significant difference, while 
a higher Cliff’s delta represents a 
larger effect size
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5  Discussion

In this study, we investigated the detection of AD in DL frameworks, by evaluating the 
strengths and limitations of ML/DL models. Our findings reveal that while these models 
demonstrate potential for AD detection, their performance varies, suggesting differing abili-
ties to handle the inherent complexities of AD.

To validate our findings, we conducted a statistical significance test, confirming that the 
performance differences we observed between LR and Custom AD Features and the other 
ML/DL models were statistically significant. Additionally, we compared the models against 
a Random Classifier baseline to ensure that their predictions exceeded chance levels. As 
expected, the Random Classifier showed low performance across all metrics, reinforcing the 
effectiveness of our ML/DL models in detecting AD (Table 4). We now examine the specific 
strengths and weaknesses of these ML/DL models in AD detection.

Performance of ML/DL models  Among the ML/DL models, our proposed approach of using 
Custom AD Features with LR achieved the highest F1-score for AD (54%). While we did not 
test all 30 words that were extracted for the AD class, evaluating a subset of the remaining 
top-30 terms yielded slightly lower F1-scores (50–53%), suggesting that the manually 
guided selection captures the most discriminative domain-specific terms. By involving 
an independent domain expert in the selection process, we mitigated potential bias and 
improved the relevance of the features. These findings underscore the value of combining 
automatic frequency-based extraction with expert validation to enhance performance in AD 
detection. This also suggests that further investigation of custom feature engineering could 
lead to even greater improvements.

Among the DL models, RoBERTa demonstrated superior performance, achieving 
an F1-score of 43% for AD and the highest macro-averaged F1-score (66%) across all 
experiments, which can be attributed to its attention mechanism, which captures contextual 
nuances (Vaswani et  al. 2017). While the 43% F1-score for AD may seem modest, it 
reflects the inherent complexity of AD within DL frameworks and the challenges posed 
by limited labelled data. The relatively low F1-scores of DL models for AD and TD types 
like Compatibility, Defect, and Documentation Debt further underscores the impact of data 
scarcity, suggesting that specialised training approaches are needed for AD these TD types.

While the F1-scores and macro-averaged F1-scores provided valuable insights into 
model performance, we acknowledge the impact of class imbalance in our dataset. The 
WITHOUT CLASSIFICATION class constituted a significantly larger proportion of the 
data, which could potentially bias the models. Future work could explore techniques like 
oversampling, undersampling, to mitigate the effects of class imbalance and potentially 
improve performance, particularly for the under-represented classes like AD, Compatibility 
Debt, Defect, and Documentation Debt.

A key question arising from our initial experiments was whether our custom AD features 
could enhance large-scale transformer models for AD detection. To investigate this, we con-
ducted an additional experiment, integrating our domain-specific features into the RoBERTa 
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model. Specifically, we integrated our Custom AD Features into the RoBERTa architec-
ture by concatenating the binary feature vector with the RoBERTa [CLS] token embedding 
before the final classification layer. This hybrid model achieved an F1-score of 49% for AD, 
a 14% improvement over the RoBERTa. These findings demonstrate that domain-specific 
features provide complementary domain-specific information that strengthens RoBERTa’s 
predictive capability. However, the current feature set alone does not fully close the gap to 
effective AD detection, suggesting that additional strategies will be needed to fully leverage 
these custom features.

Challenges with LLM embeddings  Standalone LLM embeddings such as those from 
VoyageAI and INSTRUCTOR appeared to be less effective for AD detection, achieving 
notably lower F1-scores compared to other ML/DL models. This limitation may be due 
to lack of task-specific pre-training or the inherent complexity of AD, which requires 
contextual understanding beyond generic embeddings. Despite their successes in other 
NLP tasks (e.g., text classification Su et  al. 2023), the embeddings from these LLMs 
underperformed for AD detection, highlighting important directions for future research. 
Future work could address this limitation by exploring richer LLM-based feature repre-
sentations. For example, fine-tuning embeddings on AD-specific corpora or leveraging 
prompt-engineered contextual embeddings to better capture the linguistic cues relevant 
to the detection of AD.

Effectiveness of count vectoriser  For the vectorisation techniques, the Count Vectoriser 
achieved the highest F1-scores across all the ML models, indicating its effectiveness in cap-
turing the textual features relevant to AD detection. This performance might be attributed to 
the nature of AD-related terminology, which often features task-specific keywords. Unlike 
TF-IDF, which penalises frequently occurring terms, the Count Vectoriser emphasises these 
repetitions, enhancing its ability to identify AD patterns. Future work could investigate this 
hypothesis by comparing the term importance assigned by Count Vectoriser, TF-IDF, and 
Hash Vectorisers, and evaluate their effectiveness in the detection of AD.

Variability in AD comments  The generally low F1-scores for AD that was observed across the 
different experiments could be likely due to the variability in the length of AD comments. These 
comments ranged from concise statements to lengthy, detailed descriptions. For example short 
comments like  “content=TODO: add an epsilon [CR comment by Nikos]” 
lacks sufficient keywords, making detection harder for the ML/DL models. While traditional 
feature extraction methods like the Count Vectoriser are effective for term frequency analysis, 
they struggled to capture the semantic nuances of AD, especially in shorter comments with 
limited keywords, due to issues with synonyms and polysemy (Joachims 1998).

Misclassifaction of AD  To gain further insights into the performance of the models, we 
analysed the confusion matrix (Fig. 3) of our proposed technique. This analysis revealed 
frequent misclassifications of AD into Design Debt or Implementation Debt, suggesting 
conceptual similarities between AD and these TD types. The overlap with Design Debt 
may arise from the shared focus on architectural and structural concerns. While AD often 
involves algorithmic inefficiencies or limitations, such issues may be rooted in or result 
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from poor design decisions. For example, tasks like improving algorithm performance may 
implicitly touch on design aspects, leading to ambiguity. For example,

	– todo: this seems to be very slow
	– todo(misard) if we see graphs built with a different struc-
ture, relax this constraint. leaving it here for now to 
avoid writing unnecessary complex code since we believe 
graphs generated by front ends all have the back edge as 
the second input to the merge node.

The first comment reflects a performance concern which is characteristic of AD. However, the 
lack of specificity and context in the comment may cause the model to interpret the comment 
as Design Debt, where the algorithm’s slowness could stem from poor architectural choices 
rather than the algorithm itself. The second comment represents AD because it highlights 
algorithmic limitations based on specific assumptions about graph structures (e.g., the back 
edge as the second input to the merge node). The decision to avoid “unnecessary complex 
code” reflects a trade-off prioritising simplicity over robustness, deferring potential issues 
to the future. The comment was misclassified as Design Debt possibly due to the language 
in the comment, such as references to “graphs built with a different structure” and “merge 
nodes”, which suggest architectural or structural concerns.

Fig. 3  Confusion Matrix of the LR with Custom AD Features
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The overlap with Implementation Debt may be due to their shared emphasis on practical 
execution and optimisation challenges. Implementation Debt typically refers to issues in 
the code-level execution of a task, which may be closely aligned with the implementation 
of an algorithm. For example, these two comments were classified as Implementation Debt 
although the ground truth was AD.

	– todo: update w.r.t. time offset
	– for each device, add the tensors on that device first, then 
gather the partial sums from multiple devices.

The first comment suggested modifying an algorithm to account for time offsets, which is 
characteristic of AD. The reference to implementation-related specifics such as “update” 
might have caused the misclassification as Implementation Debt. The second comment 
pertained to the implementation of a computationally distributed algorithm. While the 
underlying issue relates to the algorithm’s functionality, the focus on practical execution 
(“gather the partial sums”) could have made the model classify it as Implementation Debt.

These findings highlight that AD is not an isolated phenomenon but is interconnected with 
broader software engineering practices, intersecting with other TD types such as Design and 
Implementation Debt. This calls for the need for developers to provide clear and detailed 
comments, enabling the distinction of algorithmic issues from design and implementation 
concerns in SATD documentation. Future efforts could focus on creating more granular 
definitions of these TD categories and designing domain-specific features to capture these 
nuanced differences. For example, distinguishing AD from Design Debt could use semantic 
analysis to identify context-specific usage of terms like ‘algorithm’ or ‘structure’.

Additionally, a multi-step model could be created to help resolve these misclassifica-
tions. For instance, similar to the work by Venkatkrishna et al. (2024), a first model could 
classify AD and another general model could be used to detect other TD types.

Comparison with previous works  Our findings regarding the challenges of AD detection 
aligned with previous research by Sharma et al. (2022). They classified 11 TD types in R 
programming, and reported low F1-scores for AD, consistent with our observation that AD 
achieved some of the lowest F1-scores (ranging from 30% to 54% across four of our 16 
experiments). However, our proposed approach using LR with custom AD features achieved 
a 54% F1-score, a 74% improvement over their reported 31%, highlighting the importance of 
domain-specific features for AD detection in DL frameworks. This suggests that tailored strat-
egies and custom feature extraction could help mitigate the unique challenges of AD detection.

Our study also aligned with Li et al. (2023a), who noted challenges in classifying certain 
TD types, including Documentation Debt. Their study reported F1-scores of 62% for 
Documentation Debt and 44% for Test Debt, though our best-performing model surpassed 
this score for Test Debt. This reinforced the persistent difficulties in SATD classification, 
particularly for “hard to find” categories like Documentation Debt (Yu et al. 2020). These 
challenges might be attributed to several factors, including potential inaccuracies in manual 
classification. Future work should further investigate the underlying reasons for these 
persistent challenges in detecting AD and these specific TD types.
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Exploring prompt engineering using GPT-4  While our ML/DL experiments revealed 
limitations in accurately detecting AD given the low F1-scores, recent advancements 
in LLMs have shown promise in software engineering tasks, including TD detection 
(Sheikhaei et  al. 2024). Given this, we conducted an exploratory experiment to assess 
whether prompt engineering with LLMs could AD detection. This experiment was not 
part of our main evaluation but aimed to provide preliminary insights into the feasibility 
of LLMs for this task.

Using GPT-4, we designed a custom prompt (Fig.  4) and evaluated its effectiveness 
using a subset of stratified 100 samples from the testing set that we described in Sect. 3.1. 
The stratification of the samples ensured a proportional representation of the different TD 
types, including less frequent AD and Compatibility Debt. This stratified sampling helped to 
ensure that the evaluation was unbiased and representative. In the prompt, we provided defi-
nitions for each TD type, an option for “WITHOUT CLASSIFICATION”, and two struc-
tured tasks: (i) identifying the TD type and (ii) explaining the rationale for the classification. 
These components were designed to guide GPT-4 in the classification process.

Fig. 4  Prompt design for identifying TD in the GPT-4 experiment. The figure provides definitions TD 
types, along with tasks assigned to the model for processing the SATD comments
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By analysing the output we observed that for all the AD instances identified by GPT-
4, they were correctly classified as AD in the original dataset (i.e., the ground truth), but 
failed to identify all instances of AD. This indicates perfect precision but a lower recall. An 
example of a correctly classified SATD as AD is as follows:

The high precision and low recall could likely be due to two reasons i) the number of 
test samples that we used or ii) because GPT-4 only labels an SATD as AD when it has 
high confidence, thereby minimising false positives but missing some true instances of AD. 
While high precision is important, high recall is important to avoid missing instances of AD 
in DL frameworks. In practice, missing instances of AD could have consequences such as 
model degradation and poor scalability. Therefore, we suggest that recall should be priori-
tised as well as precision when designing automated tools for detecting AD. In a practical 
deployment scenario, this trade-off could be managed by using a high-precision model like 
GPT-4 as a secondary filter. For example, a high-recall model trained on domain specific 
features, could first flag a broad set of potential AD instances from code comments. GPT-4 
with its high precision, could then be used to validate these instances. This pipeline could be 
integrated into code review tools or Continuous Integration/Continuous Deployment work-
flows, allowing developers to efficiently address AD without being overwhelmed by false 
positives. This would help ensure that AD instances are missed minimally, while maintain-
ing actionable instances for developers.

Similar to the results of the ML/DL experiments, the outputs of the misclassifications by 
the GPT-4, showed that AD was frequently misclassifed as Design Debt. Though the ground 
truth was AD, GPT-4 predicted Design Debt, possibly due to the description in the comment 
focusing on structural and design-related challenges, often associated with Design Debt 
(Alves et al. 2014). An example of this misclassification is as follows:
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These results from the LLMs, though preliminary, suggested that tailored prompts could 
enhance their effectiveness for AD detection, similar to previous findings on their use in 
SATD detection (Sheikhaei et  al. 2024). The experiment highlighted i) the potential of 
GPT-4 in AD detection and ii) the need to improve recall through refined prompt engineer-
ing. Future work could explore iterative prompt refinement and expanding the sample size 
and testing across different datasets for a more comprehensive evaluation of the perfor-
mance of the GPT-4 for AD detection in DL frameworks.

We compared our approach (LR with Custom AD Features) against GPT-4, using 15 
identical SATD comments. Both approaches correctly identified unambiguous SATD com-
ments (e.g., TODO(nsilberman): Documentation) for Documentation Debt and 
also for COMPATIBILITY Debt. A qualitative assessment of the outputs indicates that by 
and large, the predictions are similar though divergences are observed for AD and imple-
mentation Debt. GPT-4 misclassified AD as Design Debt, likely because of structural terms 
(e.g., “move”, “nodes”) overlap with design-related language (TODO: We should be 
able to move instead of copy but it currently isn’t straight-
forward due to redU and redVT being slices). Overall, this evaluation 
highlights that the two approaches produce consistent results but also identifies specific 
cases where linguistic overlap leads to misclassification. These findings suggest future work 
to refine feature engineering to better distinguish AD from Implementation and Design 
Debt. Details of this comparison are in Table 24 of Appendix C.

The overall insights from our preliminary experiments suggested that current ML/DL 
and LLM approaches have limitations in AD detection in DL frameworks, hindering their 
real-world efficiency. However, hybrid models integrating domain knowledge and the use 
of LLMs could offer improvements in performance.

5.1  Limitations

Our study used a dataset of SATD comments drawn from established and, in some cases, 
historically significant DL frameworks (e.g., Caffe). While this provides valuable insights 
for foundational analysis, the rapid evolution of the ML/DL ecosystem, including the emer-
gence of more recent frameworks (e.g., HuggingFace Transformers), limits the extent to 
which our findings can be directly applied to current development practices. In addition, 
since our evaluation was restricted to a single curated dataset, it remains uncertain how 
well the custom features would generalise across unseen software projects with different 
linguistic and structural characteristics. Future work should therefore extend the data col-
lection to include more recent SATD instances from updated versions of widely used frame-
works (e.g., TensorFlow 2.x) as well as newly emerging DL frameworks and libraries (e.g., 
Mamba, DeepSpeed). Such efforts would enable more robust evaluation of the scalability 
and generalisability of the proposed features.

We note that the programming language of the source code in the dataset we used may 
bias the findings of this study. Certain keywords, coding patterns, and terminology are lan-
guage-specific, which could affect the relevance of selected features and the performance 
of the classifier. Consequently, our results may be more representative of code written in 
the languages present in our dataset. Evaluating our approach on datasets from additional 
programming languages constitutes an important direction for future work to assess the 
generalisability and robustness of our approach.
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While AD can exist in various types of software systems beyond DL frameworks, our 
current focus on AD within DL frameworks is intended to address the gap in the literature on 
the limited studies on automatic SATD in DL frameworks. Moreover, the study that uncov-
ered AD was in this domain, and the dataset on AD is available, which helps in mitigating 
the bias of labeling a new dataset. However, we recognise the importance of understanding 
AD in a broader context. Future research should extend this research to include other soft-
ware systems to provide a more comprehensive analysis of AD across different domains.

While INSTRUCTOR and VoyageAI were state-of-the-art at the time of initial 
experimentation, the rapid advancement of language models means newer, potentially more 
powerful, or code-specific embeddings (e.g., from more recent foundational models, or 
models specifically pre-trained on code and software engineering text) might offer superior 
performance. The 3, 200 token context window also represents a constraint given the larger 
context capabilities of modern LLMs.

Finally, using standard hyperparameter values for the DL models (RoBERTa and 
ALBERT) could have limited their optimal performance. A more systematic and exhaustive 
hyperparameter optimisation strategy (e.g., Bayesian optimisation, advanced grid search) 
would be crucial in future studies to ensure a fairer comparison and maximise model 
performance.

6  Implications and Future Work

Building on our findings as a first step to AD detection in DL frameworks, this study has 
implications for researchers, developers, and educators.

For researchers  The findings suggest that integrating words related to AD into the dataset 
and training ML models with this data could improve the performance of AD detection in DL 
frameworks. However, one potential limitation of the custom feature extraction approach 
lies in its reliance on domain-specific keywords. By focusing on frequently occurring 
AD-related terms, there is a risk of overfitting. To mitigate the risk of overfitting, future 
research should expand the keyword selection process to include datasets from diverse DL 
projects and also explore AD keywords from different software artefacts such as commits 
and pull requests. This broader analysis could help validate the generalisability of custom 
AD features and their effectiveness across diverse DL frameworks.

To improve the generalisation of ML/DL models in AD detection, this research can be 
expanded by collecting larger and more diverse data across various sources beyond com-
ments and include more DL frameworks. Specifically, incorporating source code alongside 
SATD comments could improve model performance by providing the models with more 
context. We hypothesise that this richer context, derived from both comments and code, 
could improve the performance of the ML/DL models due to the additional information 
contained in the expanded dataset.

The relatively low F1-scores for AD across the models reflect the limitations in accu-
rately detecting AD. This limitation underscores the need for tailored strategies to enhance 
AD detection in DL frameworks. Future research could explore a multi-step technique for 
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AD detection. For example, an initial model identifies AD in a binary fashion, and then 
subsequent models could target other TD types. This could be in the form of a multiclas-
sifer system of models composed of ML/DL models, where the attention mechanism of DL 
models can be leveraged for improved performance.

We noted that the low F1-score in both our ML/DL and the GPT-4 experiments was partly 
due to the conceptual similarity between AD, Design, and Implementation Debt, which 
highlights the difficulty of accurately distinguishing these TD types. To address this, future 
efforts could explore multi-stage classification pipelines, where an initial classifier flags 
general AD in a binary fashion, followed by specialised classifiers to distinguish between 
TD types such as Design and Implementation Debt. Additionally, hybrid models that inte-
grate rule-based heuristics with ML/DL to incorporate domain knowledge (e.g., AD-related 
keywords) which are common in AD.

Building on the promising results from GPT-4, future work should be done to explore the 
effectiveness of LLMs such as GPT-4, LLaMa, and DeepSeek. Researchers should explore 
iterative prompt refinement to improve techniques on how to improve the recall using these 
LLMs. One potential direction is leveraging techniques such as chain-of-thought prompting. 
This approach encouraging step-by-step reasoning, could enhance GPT-4’s ability to 
analyse whether a comment describes an algorithmic inefficiency or a general design issue. 
By guiding GPT-4 to sequentially assess optimisation-related keywords, performance 
concerns, and computational complexity indicators, this approach could potentially reduce 
false negatives in AD detection.

Additionally, few-shot learning strategies could be investigated to better adapt GPT-4 
to AD-specific linguistic patterns by providing it with labelled AD examples before 
classification in low resource datasets. Beyond prompt engineering, integrating hybrid 
approaches such as combining LLMs with traditional ML models may offer a way to 
mitigate misclassification patterns and improve overall detection performance for AD in 
DL systems.

For developers  Our findings further indicate that the way developers write AD comments 
affects automated detection. Comments that are very brief or lack explicit rationale are 
harder for ML/DL models to classify, highlighting a challenge in accurately detecting AD. 
An implication of this observation is that ML/DL practitioners should develop and adopt 
guidelines for reporting AD when using DL frameworks, encouraging more descriptive 
and structured comments. Educating developers to include key contextual and rationale 
information in their comments could improve both the performance of automated detection 
models and the clarity of communication within development teams. Standardising these 
practices across projects would further enhance consistency and facilitate more efficient 
detection of AD.

Developers should consider the trade-offs between model simplicity and performance 
for AD detection. ML models such as LR with domain-specific features, may be suitable 
for scenarios with limited computational resources or training data. However, the results 
indicate that such models, while promising with a higher recall (compared to the other 
models) by leveraging domain understanding, may still produce predictions close to 
random guessing.
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For educators  Finally, our findings offer insights for educators teaching ML and software 
engineering, particularly in the context of DL development. The limitations we encountered 
in detecting AD underscore the important role of domain understanding and careful feature 
engineering. Educators can use our results to demonstrate the impact of integrating domain-
specific features with even relatively simple models, such as LR, to achieve performance 
gains. This can be illustrated through hands-on exercises where students are challenged to 
develop custom features for AD detection and analyse the impact of different feature sets on 
model performance. By emphasising the importance of understanding both the dataset and 
the specific characteristics of the problem domain, educators can better prepare students to 
build effective and tailored models for real-world software engineering tasks, including the 
critical task of managing AD.

7  Threats to Validity

While designing our study, we considered potential threats to the validity of our research. 
We took measures to address these threats or mitigated them where possible to ensure the 
credibility of our findings.

To address concerns regarding internal validity, we used an already labelled dataset 
from previous research (Liu et al. 2020) to train, validate, and test the ML/DL models. This 
dataset was labelled by the authors who uncovered AD, and demonstrated a high level of 
inter-rater agreement, (with a Cohen’s kappa of over 85%) showing it is of high quality. 
Using this dataset mitigated any threat that we would have encountered if we performed the 
labelling ourselves, hence we avoided any potential misclassification of AD. However, we 
acknowledge that potential biases in the original annotation process could still impact our 
results.

From Sect.  3.1, the dataset is highly imbalanced, particularly the WITHOUT 
CLASSIFICATION class, containing a significantly larger number of SATD instances, 
which could bias model training. To mitigate this issue, we employed a class-weighting 
strategy to balance the dataset during the training process. Specifically, we set the class 
weight to ‘balanced’, assigning higher weights to classes with fewer samples like AD and 
Compatibility Debt. This balanced approach aimed to improve training robustness and 
prevent models from favouring the majority class.

We addressed potential overfitting using different approaches. Following ML best prac-
tices, we split our data into training, evaluation, and test sets. We then implemented a dedi-
cated training pipeline, applied solely to the training set, to prevent data leakage during 
training. These combined measures helped to ensure the integrity of our evaluation and 
minimised the risk of overfitting. During the training of the ML/DL models, we used Grid 
Search CV to automatically fine-tune hyperparameters and optimise their performance. We 
used Grid Search CV due to its exhaustive evaluation of hyperparameter evaluation and 
computational feasibility.

The external validity of our study is limited by the dataset we used, which focuses 
exclusively on DL frameworks. As a result, the generalisability of the findings concerning 
AD is limited to the domain of DL frameworks and may not extend to traditional software 
systems that do not incorporate DL components. However, the presence of DL-specific 
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terminologies in our dataset is expected to enhance model performance for datasets with 
similar linguistic characteristics.

A potential limitation of the LR with Custom AD Features lies in the reliance on the 
custom AD keywords. By focusing on frequently occurring AD-related terms from the 
dataset, the model’s performance may degrade when applied to datasets with different 
characteristics. To mitigate this, we took a systematic approach: a list of keywords was first 
automatically generated by the first author using frequency-based text analysis techniques, 
and the top five words were then selected by a TD expert. This list was subsequently 
discussed among the authors.

To address threats to construct validity related to our imbalanced dataset, we used 
appropriate evaluation metrics when comparing ML/DL model performance. Acknowledg-
ing that accuracy can be misleading in such cases favouring the majority class (Batista 
et al. 2004), we evaluated our models using precision, recall, F1-score, and macro-averaged 
F1-score, consistent with prior studies on SATD detection (Ren et al. 2019; Santos et al. 
2020; Sharma et al. 2022). These metrics are particularly relevant as they provide a more 
accurate assessment of the performance of minority classes such as AD.

To address the threat to conclusion validity due to potentially statistically insignificant 
results when comparing ML/DL model performance, we used statistical tests. We applied 
the Wilcoxon Signed-Rank test and Cliff’s Delta to evaluate whether the differences we 
observed in the F1-scores between the LR with custom AD features and the other ML/
DL models are statistically significant, rather than due to random variations in the dataset. 
By using these tests, we mitigated the possibility of over-interpreting the differences we 
observed and strengthened the statistical basis of our conclusions.

8  Conclusion

In this study, we investigated the performance of ML/DL models for the automated detection 
of AD in DL frameworks. We demonstrated the potential of incorporating custom features 
to enhance the performance of ML/DL models. The improved performance of LR (an 
ML model) with custom features highlighted the value of tailored feature engineering for 
AD detection. However, our best F1-score of 54%, while an improvement over baselines, 
remains insufficient for practical adoption; the misclassifications between AD, Design 
and Implementation Debt suggests that finer-grained approaches such as hierarchical 
classification or subcategory annotation may be required. Furthermore, our exploratory 
experiment with GPT-4 revealed the potential of LLMs in AD detection, although further 
refinement is needed. These results suggest that both custom features and LLMs offer 
promising avenues for automated AD detection in DL frameworks. Future research should 
develop more generalisable AD-specific features applicable across diverse DL frameworks 
and include source code in the dataset. Researchers should also explore prompt engineering 
techniques to improve AD recall in LLMs. Finally, future work should investigate the 
conceptual overlaps between AD and other TD types to develop more accurate automated 
detection tools to help developers using DL frameworks to flag AD in real time. Addressing 
these challenges will pave the way for more effective TD management, leading to faster 
development cycles and more reliable DL systems.
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A   Appendix A: Hyperparameter Tuning

A.1   Hyperparameter Tuning

Hyperparameters play an important role in the performance of ML/DL models. To optimise 
these hyperparameters and enhance classification performance, we used the Grid Search 
CV, a technique that systematically fine-tunes hyperparameters to improve the outcomes of 
models (Bergstra et al. 2011).

For the SVM, we conducted experiments with different kernels, including RBF, linear, 
and polynomial, to determine which kernel function provides the best decision boundaries 
for the SATD data. These SVM kernels offer a diverse range of capabilities: the RBF kernel 
is effective for capturing non-linear patterns. It is particularly effective for datasets where 
the separation between classes is not linear or polynomial. The linear kernel serves as a 
baseline for linearly separable data, where no explicit mapping to a higher-dimensional 
space is performed, and the polynomial kernel allows for the modeling of curved decision 
boundaries by exploration of polynomial relationships. From our experiments, the linear 
kernel performed better than other kernels in terms of F1-scores.

For the LR model, we conducted experiments using the following hyperparameters: C, 
penalty, Max_iter. C controls the regularisation strength of the model, by playing a role in 
balancing underfitting and overfitting. Regularisation helps prevent overfitting by penalis-
ing larger coefficients, which can make the model more generalised to unseen data. Smaller 
values of C indicate stronger regularisation, while larger values allow the model more 
flexibility in fitting the data. The range values we used were 0.1, 1, and 10, allowing us 
to explore a range of regularisations. These values were chosen to find the right balance 
between model complexity and generalisation performance.

The penalty hyperparameter specifies the type of regularisation to be applied to the LR 
model. We used the L2 regularisation, which penalises the sum of the squared coefficients. 
L2 regularisation is commonly used in LR classification tasks as it tends to reduce over-
reliance on any single feature while retaining all features in the model. This helps the model 
generalise better and reduces the risk of overfitting. Consequently we selected L2 due to its 
effectiveness in prior studies on similar classification tasks and its computational efficiency 
compared to alternatives like L1.

The max_iter hyperparameter controls the maximum number of iterations the solver can 
take to converge. LR uses iterative solvers to find the optimal weights for the model, and 
sometimes these solvers require different iterations to converge, particularly with complex 
data. The range that we selected were values of 1, 10, 100, and 200, to enable convergence 
while balancing computation time. These values were chosen to cover minimal iterations as 
well as extended runs for complex data patterns across various configurations.
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Similarly, for the RF classifier, Grid Search CV experiments were conducted with dif-
ferent hyperparameters: n_estimators, max_depth, min samples split, min_samples_leaf. 
We explored a range of experimental values for these hyperparameters. The n_estimators, 
defines the number of trees in the RF model. More trees generally reduce the variance of 
the model, making it more stable and accurate. However, too many trees can increase com-
putational time and memory usage. The grid included values of 100 and 200 to strike a bal-
ance between having enough trees for accurate predictions and maintaining computational 
efficiency. We used these values to explore whether increasing the number of trees provides 
performance gains.

The max_depth controls how deep each tree in the forest can grow. Deeper trees can 
capture more complex patterns but may also lead to overfitting. On the other hand, shal-
low trees might underfit and miss important patterns. To strike a balance for computational 
efficiency, the range of values we selected include: None, 10, 20, and 30, ensuring that trees 
could capture complex patterns without excessive computational cost or overfitting.

The min_samples_split controls the minimum number of samples required to split an 
internal node. Setting a high value prevents the tree from splitting too frequently, which can 
reduce overfitting by limiting the complexity of the tree. A smaller value allows for more 
frequent splits, creating more complex trees that can capture intricate patterns but may lead 
to overfitting. The grid included None, 2, 5, and 10 to explore how varying the minimum 
samples for splitting affects model performance.

The min_samples_leaf sets the minimum number of samples required to be in a leaf 
node. This prevents the model from creating overly specific leaves that could overfit the 
training data. Smaller values, such as 1, allow leaves to be created from very few samples, 
potentially increasing model complexity. Increasing this value to 2 helps avoid overfitting 
by requiring more samples to form a leaf. The grid included values 1 and 2 to explore 
whether smaller or slightly larger leaves would lead to better model generalisation. These 
values provide a controlled way to help guarantee the model does not overfit by limiting the 
complexity of the tree branches.

After running the Grid Search CV across these configurations, the optimal hyperparam-
eters for each ML classifier are summarised in Table 7. It is important to note that unlike ML 
models, multiple experiments were not conducted for the DL models. This is because DL 
models have a vast number of hyperparameters, and exhaustive hyperparameter tuning can 
become computationally expensive (Joulin et al. 2017).

LR SVM RF
C = 10 RBF Max depth = ‘None’
Max Iter = 100 Linear Min Samples split = 2
Penalty = l2 Polynomial Min samples leaf = 1

n_ estimators = 200

Table 7  Final hyperparameter 
configuration for for the ML 
models (LR, SVM, and RF)
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B   Appendix B: Model Classification Reports and Confusion Matrix

This appendix contains the classification report for the models we evaluated models in our 
study. The report includes metrics: precision, recall, F1-scores, macro-averaged F1-scores, 
and accuracy for each model in percentage. These results provide an overview of the perfor-
mance of the models across the different TD types to support the findings discussed in the 
main text (Tables 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22 and 23).

TD Type Precision Recall F1-score Support
ALGORITHM 54 38 44 200
COMPATIBILITY 57 39 47 89
DEFECT 45 36 40 135
DESIGN 77 79 78 2,206
DOCUMENTATION 62 43 51 23
IMPLEMENTATION 61 53 57 387
TEST 75 36 49 143
WITHOUT_CLAS-
SIFICATION

91 95 93 4,592

Accuracy 84 7,775
Macro avg 66 53 57 7,775
Weighted avg 83 84 83 7,775

Table 9  Classification report for 
SVM with TF-IDF
 

TD Type Precision Recall F1-score Support
ALGORITHM 51 56 54 200
COMPATIBILITY 56 55 55 89
DEFECT 50 58 53 135
DESIGN 86 82 84 2,206
DOCUMENTATION 62 57 59 23
IMPLEMENTATION 63 75 69 387
TEST 71 76 74 143
WITHOUT_CLAS-
SIFICATION

97 96 96 4,592

Accuracy 88 7,775
Macro avg 67 69 68 7,775
Weighted avg 89 88 88 7,775

Table 8  Classification report for 
LR with Custom AD features
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TD Type Precision Recall F1-score Support
ALGORITHM 49 38 43 200
COMPATIBILITY 62 35 45 89
DEFECT 37 37 37 135
DESIGN 78 80 79 2,206
DOCUMENTATION 50 30 38 23
IMPLEMENTATION 59 56 58 387
TEST 72 40 51 143
WITHOUT_CLAS-
SIFICATION

92 95 93 4,592

Accuracy 84 7,775
Macro avg 62 51 55 7,775
Weighted avg 84 84 84 7,775

Table 10  Classification report for 
SVM + hash vectoriser
 

TD Type Precision Recall F1-score Support
ALGORITHM 96 27 42 200
COMPATIBILITY 97 35 51 89
DEFECT 88 27 41 135
DESIGN 79 90 84 2,206
DOCUMENTATION 86 26 40 23
IMPLEMENTATION 88 51 65 387
TEST 90 48 63 143
WITHOUT_CLAS-
SIFICATION

93 98 96 4,592

Accuracy 89 7,775
Macro avg 90 50 60 7,775
Weighted avg 89 89 87 7,775

Table 12  Classification report for 
RF +TFIDF
 

TD Type Precision Recall F1-score Support
ALGORITHM 37 46 41 200
COMPATIBILITY 31 42 35 89
DEFECT 29 43 35 135
DESIGN 83 76 79 2,206
DOCUMENTATION 27 39 32 23
IMPLEMENTATION 60 60 60 387
TEST 62 74 68 143
WITHOUT_CLAS-
SIFICATION

95 95 95 4,592

Accuracy 85 7,775
Macro avg 53 59 56 7,775
Weighted avg 86 85 85 7,775

Table 11  Classification report for 
SVM + count vectoriser
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TD Type Precision Recall F1-score Support
ALGORITHM 54 44 48 200
COMPATIBILITY 60 48 53 89
DEFECT 47 44 45 135
DESIGN 80 79 80 2,206
DOCUMENTATION 40 52 45 23
IMPLEMENTATION 59 59 59 387
TEST 59 48 53 143
WITHOUT_CLAS-
SIFICATION

93 95 94 4,592

Accuracy 85 7,775
Macro avg 61 59 60 7,775
Weighted avg 84 85 85 7,775

Table 15  Classification report for 
LR + TF-IDF
 

TD Type Precision Recall F1-score Support
ALGORITHM 92 35 51 200
COMPATIBILITY 86 43 57 89
DEFECT 75 42 54 135
DESIGN 81 89 85 2,206
DOCUMENTATION 79 48 59 23
IMPLEMENTATION 71 66 69 387
TEST 78 64 70 143
WITHOUT_CLAS-
SIFICATION

95 97 96 4,592

Accuracy 89 7,775
Macro avg 82 60 68 7,775
Weighted avg 89 89 89 7,775

Table 14  Classification report for 
RF + count vectoriser
 

TD Type Precision Recall F1-score Support
ALGORITHM 91 30 46 200
COMPATIBILITY 91 36 52 89
DEFECT 81 29 43 135
DESIGN 78 90 84 2,206
DOCUMENTATION 88 30 45 23
IMPLEMENTATION 83 54 65 387
TEST 91 43 58 143
WITHOUT_CLAS-
SIFICATION

93 97 95 4,592

Accuracy 88 7,775
Macro avg 87 51 61 7,775
Weighted avg 88 88 87 7,775

Table 13  Classification report for 
RF + hash
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TD Type Precision Recall F1-score Support
ALGORITHM 53 44 48 200
COMPATIBILITY 56 46 51 89
DEFECT 44 43 43 135
DESIGN 81 80 81 2,206
DOCUMENTATION 43 52 47 23
IMPLEMENTATION 59 61 60 387
TEST 60 51 55 143
WITHOUT_CLAS-
SIFICATION

93 94 94 4,592

Accuracy 85 7,775
Macro avg 61 59 60 7,775
Weighted avg 85 85 85 7,775

Table 16  Classification report for 
LR + hash vectoriser
 

TD Type Precision Recall F1-Score Support
ALGORITHM 55 36 43 200
COMPATIBILITY 59 44 50 89
DEFECT 58 47 52 135
DESIGN 82 89 85 2,206
DOCUMENTATION 71 43 54 23
IMPLEMENTATION 78 60 68 387
TEST 82 78 80 143
WITHOUT_CLAS-
SIFICATION

96 97 97 4,592

Accuracy 89 7,775
Macro Avg 73 62 66 7,775
Weighted Avg 89 89 89 7,775

Table 18  Classification report for 
RoBERTa
 

TD Type Precision Recall F1-score Support
ALGORITHM 53 50 52 200
COMPATIBILITY 48 49 49 89
DEFECT 45 53 49 135
DESIGN 84 80 82 2,206
DOCUMENTATION 36 43 39 23
IMPLEMENTATION 59 69 63 387
TEST 62 66 64 143
WITHOUT_CLAS-
SIFICATION

96 96 96 4,592

Accuracy 87 7,775
Macro avg 60 63 62 7,775
Weighted avg 87 87 87 7,775

Table 17  Classification report for 
LR + count vectoriser
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TD Type Precision Recall F1-Score Support
ALGORITHM 23 28 25 187
COMPATIBILITY 29 22 25 91
DEFECT 18 45 25 132
DESIGN 85 76 80 2,178
DOCUMENTATION 03 28 05 32
IMPLEMENTATION 75 51 61 393
TEST 71 64 67 131
WITHOUT_CLAS-
SIFICATION

98 95 96 4,631

Accuracy 83 7,775
Macro Avg 50 51 48 7,775
Weighted Avg 88 83 85 7,775

Table 21  Classification report for 
ALBERT Embeddings
 

TD Type Precision Recall F1-Score Support
ALGORITHM 29 16 21 187
COMPATIBILITY 40 02 04 91
DEFECT 31 22 26 132
DESIGN 79 87 83 2,178
DOCUMENTATION 00 00 00 32
IMPLEMENTATION 63 64 64 393
TEST 72 63 67 131
WITHOUT_CLAS-
SIFICATION

96 97 97 4,631

Accuracy 87 7,775
Macro Avg 51 44 45 7,775
Weighted Avg 86 87 86 7,775

Table 20  Classification report for 
ALBERT
 

TD Type Precision Recall F1-score Support
ALGORITHM 49 39 44 200
COMPATIBILITY 47 53 50 89
DEFECT 35 56 43 135
DESIGN 85 84 84 2,206
DOCUMENTATION 10 48 16 23
IMPLEMENTATION 75 64 69 387
TEST 72 80 76 143
WITHOUT_CLAS-
SIFICATION

97 96 96 4,592

Accuracy 88 7,775
Macro Avg 59 65 60 7,775
Weighted Avg 89 88 88 7,775

Table 19  Classification report for 
RoBERTa embeddings
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C   Appendix C: Comparison of LLM and LR with Custom AD Features

Table 24 presents a side-by-side comparison of TD for 15 selected SATD comments. We 
compared our proposed approach (LR with Custom AD Features) against GPT-4 using the 
same set of comments. The table shows the Ground Truth, the LLM predictions, and our LR 
with Custom AD Features. This comparison highlights areas of agreement and divergence 
between the approaches. Both methods correctly identify unambiguous TD comments 
(e.g., for COMPATIBILITY, DESIGN, and DOCUMENTATION). Divergences primarily 
occur for AD and IMPLEMENTATION Debt, where GPT-4 sometimes misclassifies AD as 
Design Debt, likely due to terms such as “move”.

TD Type Precision Recall F1-Score Support
ALGORITHM 21 51 29 200
COMPATIBILITY 22 52 31 89
DEFECT 24 45 31 135
DESIGN 79 62 69 2,206
DOCUMENTATION 25 61 36 23
IMPLEMENTATION 42 65 51 387
TEST 50 64 56 143
WITHOUT_CLAS-
SIFICATION

96 89 93 4,592

Accuracy 78 7,775
Macro Avg 45 61 50 7,775
Weighted Avg 84 78 80 7,775

Table 22  Classification report for 
INSTRUCTOR embeddings
 

TD Type Precision Recall F1-Score Support
ALGORITHM 0.61 0.41 0.49 200
COMPATIBILITY 0.56 0.55 0.56 89
DEFECT 0.61 0.53 0.57 135
DESIGN 0.82 0.89 0.85 2,206
DOCUMENTATION 0.82 0.39 0.53 23
IMPLEMENTATION 0.74 0.64 0.69 387
TEST 0.76 0.79 0.78 143
WITHOUT_CLASSIFI-
CATION

0.97 0.96 0.97 4,592

Accuracy 0.89 7,775
Macro Avg 0.74 0.65 0.68 7,775
Weighted Avg 0.89 0.89 0.89 7,775

Table 23  Classification report for 
RoBERTa and AD features
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Table 24  Comparison of TD classification: ground truth, LLM Prediction, and LR with custom features 
predictions
Comment Ground Truth LLM Prediction LR + Custom 

Features Prediction
Adjust learning per minibatches 

at very beginning of training pro-
cess this could be used to tackle 

the unstableness of ASGD

ALGORITHM ALGORITHM ALGORITHM

TODO: We should be able to 
move instead of copy but it cur-

rently isn’t straightforward due to 
redU and redVT being slices

ALGORITHM DESIGN ALGORITHM

Hack for the tracer that allows us 
to represent RNNs as singlenodes 

and export them to ONNX in 
this form

ALGORITHM DESIGN ALGORITHM

Linux gcc barfs on this ’us = 
(double)((std::wstring)arg).

size();’ due to some ambiguity 
error

COMPATIBILITY COMPATIBILITY COMPATIBILITY

TODO: fix libname for OSX / 
Windows TODO: just load 5.1, 
not 5.1.3 TODO: dynamic ver-

sion checks via cudnnGetVersion

COMPATIBILITY COMPATIBILITY COMPATIBILITY

/* TODO: remove the extra cop-
ies of the input. These are only * 
used for debugging purposes dur-
ing development and testing. */

DESIGN DESIGN DESIGN

/*TODO: merge with call site*/ 
void BackpropToLeftS(Matrix 

ElemType & 
input1FunctionValues...

DESIGN DESIGN DESIGN

TODO vectorize mixed product DESIGN ALGORITHM IMPLEMENTATION
TODO(b/73448937): Move all 
update damping code to a sepa-

rate class/function

DESIGN DESIGN DESIGN

This really should be done in an 
external debugging tool

DESIGN DESIGN DESIGN

ReshapeNode – reshape input 
matrix TODO: Why is this in 

NonlinearityNodes.h? Should be 
linear algebra no?

DESIGN DESIGN DESIGN

TODO(nsilberman): 
Documentation

DOCUMENTATION DOCUMENTATION DOCUMENTATION

/*l*/) todo: add 
assertion

IMPLEMENTATION TEST IMPLEMENTATION

TODO: add loading from 
checkpoint

IMPLEMENTATION IMPLEMENTATION IMPLEMENTATION

TODO(satok): Implement all 
possible cases

IMPLEMENTATION IMPLEMENTATION IMPLEMENTATION
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