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Abstract
Identifying code authors is an important research topic in software forensics and plagia-
rism detection. Although researchers reported promising results on their datasets, the true 
effectiveness of real source files is still unknown. However, the single prior large-scale 
study selected Google Code Jam programs as their subjects, but such programs are quite 
different from the source files that programmers write in daily development. To under-
stand their effectiveness and challenges, we replicate their study with source files that are 
retrieved from real projects. Our study produces many different results. For example, we 
find that in 85.48% of pairs of training and testing sets, the accuracy of a trained model 
is less effective when the temporal effect is considered, and in total, the average accuracy 
decreases by 42.98%. Our study confirms that instead of a solved problem, identifying 
code authors for real source files is rather challenging, and many questions are still open.

Keywords  Code authorship attribution · Coding style evolution · Empirical study

1  Introduction

When implementing malware, programmers often hide their true identities. Even if code 
authors do not hidden their identities on purpose, code repositories can record wrong code 
authors, since true code authors may not have the right to submit their changes. Due to 
some restricts of licences, it needs a complicated procedure to accept changes from outside 
programmers. True code authors can bypass the procedure, and their true identities are not 
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recorded. Due to the above considerations, researchers (Alsulami et  al. 2017; Caliskan-
Islam et  al. 2015; Yang et  al. 2017) have proposed various approaches to identify code 
authors. Given a code snippet, the task of identifying its author is known as code authorship 
attribution. This task is important in various other research topics (e.g., bug report assign-
ments Anvik et  al. 2006, software forensics Spafford and Weeber 1993, and plagiarism 
detection Parker and Hamblen 1989). For example, if the author of a piece of buggy code is 
identified, assigning the corresponding bug report to this code author is straightforward. As 
another example, for software forensics, the identification of code authors is useful to trace 
malware samples.

Although identifying code authors is critical in many scenarios, it has many open chal-
lenges. For example, in recent studies, researchers report that the code styles of code authors 
can change over time (Abuhamad et al. 2018; Bogomolov et al. 2021; Kalgutkar et al. 2019; 
Petrik and Chuda 2021), and the distribution of files can affect their effectiveness (Abu-
hamad et al. 2018). In the above studies, researchers evaluate approaches on the Google 
Code Jam dataset. To build this dataset, researchers collect programs from a programming 
competition hosted by Google, since their labels are recorded. Although these programs are 
useful to build datasets, these programs are quite different from those in real development. 
For instance, Gong and Zhong (2021) report that most source files in real development have 
more than one code author, but in the Google Code Jam dataset, each source file has only a 
code author. As a result, although the above studies are large scale, their settings are quite 
different from the wild, and their findings can be different in real development. As a result, 
although these studies are interesting, it needs more studies to ensure the reliability of their 
answers.

To meet the timely needs, in our earlier work (Gong and Zhong 2022), we replicate the 
prior study (Abuhamad et al. 2018) with two major extensions. First, we select an extended 
version of the approach that is used in the prior study (Abuhamad et al. 2018). This approach 
uses a two-layer bi-LSTM to identify code authors. Second, our setting is closer to the real 
development (see Section  3 for details). For example, the prior study (Abuhamad et  al. 
2018) mainly uses Google Code Jam programs that are submitted in two years, but we 
collect 14,657 commits from real projects over twenty years. For example, the prior study 
(Abuhamad et al. 2018) mainly uses Google Code Jam programs that are submitted in two 
years, but we collect 14,657 commits from real projects over twenty years. Although flag-
ship projects can have even more commits, we have collected much more complicated data 
than the above studies. As another example, we design more pairs of training and testing sets 
to analyze the impact of the time. In our position paper (Gong and Zhong 2022), we pursued 
the following research question:

	– RQ1. How does time affect identifying code authors from real development?
	 Motivation. After a model is trained, it inevitably becomes obsolete, since the styles of 

code authors can evolve over time. The prior study (Abuhamad et al. 2018) shows that 
the impacts are minor. However, their analyzed source files are not from real develop-
ment. Meanwhile, as most lines of code are written by several authors (Gong and Zhong 
2021), some authors have insufficient files for mining. To explore the impacts, the prior 
study (Abuhamad et al. 2018) reduces the files per author from nine to five. In their set-
ting, authors have equal files, but when source files are retrieved from a real project, a 
few authors write many more files than others (Gong and Zhong 2021).
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	 Protocol. To answer this question, we use source files from real development and care-
fully design the aging setting to explore the impact of the time. Besides the overall 
results, for each training-testing pair, we calculate the accuracy for each long-term 
contributor.

	 Answer. In 85.48% of cases, the accuracy of a trained model is less effective when 
it becomes obsolete (Finding 2). In total, the average median accuracy decreases by 
42.98% (Finding 1). In addition, identifying individual long-term contributors also 
becomes less effective, when the trained model is obsolete (Finding 3).

In this extended study, we analyze more research questions that are untouched by our early 
study (Gong and Zhong 2022). Besides the impacts of time and the distribution of files per 
author, there are other factors with practical values. For example, an author can write code 
for multiple projects. When an author joins a new project, this project may not contain suf-
ficient history for mining. Although it is feasible to use models trained from other projects, 
the team of a project can define quite different naming conventions and code styles from 
other teams (Krsul and Spafford 1997). As a result, a trained model may not work well on 
other projects. It is interesting to explore to what degree a trained model becomes less effec-
tive in this situation. Although the coding style of an author inherently evolves over time 
and across projects, there can be some features that are more stable than others. This study 
explores the following research questions:

	– RQ2. How effective is a model, if it is trained on a project but used to predict code 
authors of other projects?

	 Motivation. A programmer might participate in multiple projects for collecting more 
experience in programming. When a code author can be identified by the model trained 
from one project, is it feasible to use this trained model to predict this code author of 
other projects?

	 Protocol. To answer this question, we use real code from real development and care-
fully design the cross-project setting to explore the project’s impact on predicting code 
authors.

	 Answer. Finding 5 shows that in 94.46% of cases, the accuracy decreases when a trained 
model is used on other projects, and Finding 4 shows that the average median accuracy 
decreases by 61.89%.

	– RQ3. How reliable are code metrics over time and across projects?
	 Motivation. As we discussed in our prior study (Gong and Zhong 2021), most existing 

code authorship identification techniques (Caliskan et al. 2018; Ding and Samadzadeh 
2004; Lange and Mancoridis 2007; Shevertalov et al. 2009; Yang et al. 2017) extract a 
set of code metrics (e.g., the ratio of blank lines) of a given source code that could be 
used as inputs to identify the author of the given code. These metrics can be seen as a 
fingerprint of the code author (Ding and Samadzadeh 2004). In this RQ, we locate some 
software metrics that mitigated the evolution of coding style and cross-project learning 
when attributing authorship.

	 Protocol. To answer this question, we use statistical hypothesis testing to find features 
that are reliable over time and across projects.

	 Answer. Finding 6 shows that only when a project has fewer than three code authors, the 
stability values over time are more than or equal to 0.5, except for configuration. 

1 3

Page 3 of 31  _####_



For
 A

ppro
va

l

Empirical Software Engineering _#####################_

Finding 7 shows that except for the ratio of variable naming starting with lowercase 
letters, the stability values across projects are zero.

	– RQ4. How effective are advanced machine learning techniques?
	 Motivation. Transfer learning (Liu et al. 2020; Nguyen et al. 2019, 2020) and incre-

mental learning (Chen et al. 2023; Narayanan et al. 2016; Qiang et al. 2022) have been 
successfully applied to resolve the challenges of temporal evolution and project shifts, 
e.g., malware detection. Inspired by their successful story, Li et al. (2024) and we Gong 
and Zhong (2025) use transfer learning approach and incremental learning to mitigate 
the two challenges, respectively. Our evaluation results (Gong and Zhong 2025) dem-
onstrate that both approaches effectively reduce temporal effect. However, these con-
clusions are drawn from the Google Code Jam dataset, and their effectiveness in real 
development is still unclear. In this research question, we evaluate the two approaches 
in a more real setting.

	 Protocol. To address this question, we evaluate (Li et al. 2024) and our approach (Gong 
and Zhong 2025) on the benchmark in Section 3.1. Different from the Google Code Jam 
dataset, our benchmark includes data from Github projects.

	 Answer. Finding 8 shows that the implementation of incremental and transfer learn-
ing frameworks effectively mitigates the impact of temporal shifts, resulting in average 
accuracy improvements of 29.33% and 10.32%, respectively. Finding 9 shows that the 
implementation of incremental and transfer learning frameworks effectively mitigates 
the impact of project shifts, resulting in average accuracy improvements of 18.44% and 
6.00%, respectively.

2  Preliminary

Researchers already noticed that a code author’s programming style evolves over time, 
which results in the earliest code samples becoming the least reliable indicators of the cur-
rent programming style. For example, Burrows et al. (2009) use a collection of six program-
ming assignments with guaranteed relative timestamps from 272 students to examine the 
evolution of coding style, they conclude that coding style does change over time and it takes 
at least three programming tasks for coding style to settle. Considering the coding style of 
students can evolve during their studies, Hansen et al. (2014) examine the practical feasibil-
ity of using limited and recent writing samples from students for authorship attribution. Cal-
iskan-Islam et al. (2015) propose a random forest and abstract syntax tree-based approach 
based on the data set extracted from Google Code Jam, they find that skilled programmers 
(who can complete the more difficult tasks) are easier to attribute than less skilled program-
mers. To analyze the influence of time on source code authorship attribution, Petrik and 
Chuda (2021) use the Google Code Jam dataset to test if there are any significant changes 
in the author’s style over time. Their results reveal significant changes in the code style fea-
tures in one year difference, which enlarges as the difference of time increases. Bogomolov 
et al. (2021) also demonstrate that the evolution of programming style affects the accuracy 
of their authorship attribution model. The above papers suggest that the temporal effect is a 
challenge for code authorship identification, since the programming style of programmers 
evolves rapidly with time due to their education and experience. However, there is only a 
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large study (Abuhamad et al. 2018) conclude that both the time and the files per author have 
only minor impacts. We next introduce its dataset, settings, and metrics.

As shown in Row “Dataset” of Table 1, Abuhamad et al. used Google Code Jam pro-
grams (Google Code Jam 2019). Google Code Jam is a code competition. Although Google 
Code Jam programs are real code, they are quite different from the real source files from the 
wild. First, most coding problems do not involve complicated dependencies, but real tasks 
often involve them. Second, the programs from Code Jam programs resolve much simpler 
tasks than source files from a real project. Third, programs from Code Jam programs are 
written by individual authors, but source files from a real project are typically written by 
multiple code authors.

As shown in Row “Author selection”, Abuhamad et al. require that authors must appear 
in both the training set and the testing set. In the wild, when the authors are unidentified, it is 
infeasible to determine whether they appear in the training set. As a result, the requirement 
is unrealistic. As shown in Row “Time strategy”, Abuhamad et al. use the programs from 
2014 to 2015 as the training set and the programs from 2015 to 2016 as the testing set. The 
time intervals between their training set and testing set are zero, and the impact of the time 
is not fully tested. Here, Table 3 of their paper (Abuhamad et al. 2018) lists the programs 
of only two years, and Table 9 of their paper (Abuhamad et al. 2018) lists only an accuracy 
value for each technique. They must present more values if they tried more combinations. 
As shown in Row “File strategy”, the dataset of Abuhamad et al. is still balanced and dif-
ferent from the real scenarios.

Abuhamad et al. use accuracy as the metric of their study. Indeed, all the other approaches 
(Abuhamad et al. 2018, 2020; Alsulami et al. 2017; Bogomolov et al. 2021; Caliskan et al. 
2018; Caliskan-Islam et al. 2015; Li et al. 2022; Petrik and Chuda 2021; Yang et al. 2017) 
use this metric to evaluate their effectiveness. As a result, in this study, we select accuracy as 
the metric. Besides accuracy, we select F1-score (Yao and Shepperd 2020) as our measure.

3  Methodology

This section introduces the methodology of our study.

3.1  Dataset

To build a more realistic usage scenario, we use real projects to build our dataset. As shown 
in Table 2, we select 5 projects from the Apache Foundation (2018). Column “Name” lists 
project names. We choose these projects since they have long maintenance histories. Col-

Setting Abuhamad et al. (2018) Our study
Dataset Google Code Jam programs from 

2014 to 2016
Real projects from 
2001 to 2021

Author 
selection

Authors must appear in both the 
training set and the testing set

No requirement

Time 
strategy

A training set (2014 to 2015) and a 
testing set (2015 and 2016)

Much more 
combinations as 
shown in Fig. 3

File 
strategy

Five vs seven vs nine files per 
author

The real 
distribution

Table 1  The comparison of 
settings
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umn “Time” lists the maintained time of the project. In total, these projects have 14,467 
commits that were submitted from 2001 to 2021. Column “Commit” lists the number of 
commits. Figure 1 shows the distribution of commits and code authors over time for each 
project. We inspect the first commits of all the projects. The first commit of collections 
added 5 files; the first commit of dbcp added 28 files; the first commit of configuration added 
49 files; the first commit of compress added 2 files; and the first commit of io added 28 files. 
Only two commits modify much more files than others. Still, their impacts are minor. As 
shown in Fig. 3, the first commits are not used anymore when we move our sliding win-
dows. As a result, in most training and testing sets, the first commits are not used.

As the prior studies (Abuhamad et al. 2020; Gong and Zhong 2021) did, from each com-
mit, we extract its added lines as code snippets and assign the author of the commit as the 
label of these code snippets. In particular, we build the links between the code snippets and 
their authors with the following steps:

Step 1. Extracting patches of each commit. From the Github code repository of each 
project, we extract all its commits. From each commit, we store its original and modified 
source files in a local directory. By comparing the original and modified version of each file, 
we build a patch. In addition, for each commit, we record its commit time and its author 
name with an email.

Step 2. Extracting code snippets, authors, and submission time. From each patch, we 
extract its added code lines to construct a code snippet. The author of the commit is consid-
ered as the author of the added lines, e.g., the label of the code snippet, and the submission 
time is considered as the time of the code snippet.

Fig. 1  The distributions of commits and code authors

 

Name Time Commit Author LOC
Collections 2001-2021 3,559 89 301,881
dbcp 2004-2021 2,027 62 94,764
Configuration 2003-2021 3,415 38 269,997
Compress 2010-2021 2,493 65 87,177
io 2002-2021 2,973 94 118,634
Total 20 years 14,467 221 872,453

Table 2  Overall dataset 
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Step 3. Extracting lexical metrics, code-style metrics and structure and syntax met-
rics. The author of the commit is considered as the label of the item of metrics, and the 
submission time is considered as the time of the item of metrics.

Column “Author” lists the number of authors. Column “LOC” lists the lines of extracted 
code snippets. Although we use the code authors recorded by GitHub as our gold standard, 
code attribution approaches are still useful. First, some in-house projects are not hosted on 
Git, and their authors are not recorded. Second, even if a project is hosted on GitHub, their 
owners can deliberately delete revision histories, if they intend to steal source files from 
other projects.

3.2  Subject

We selected the state-of-the-art approach (Abuhamad et al. 2020) as the subject approach 
since it uses deep learning techniques (BiLSTM Schuster and Paliwal 1997) and is effec-
tive on their datasets (an accuracy of 79.62%). Abuhamad et al. (2020) divide source files 
into small segments. The segments are then encoded as a sequence of n-dimensional data 
with word2vec. The sequences and their label are used to train the identification model. 
As Abuhamad et al. (2020) did not release their tool, we implemented the tool upon Keras 
(Géron 2019), according to their paper (Abuhamad et al. 2020). Their approach is evaluated 
on balanced inputs, but the distribution in real development is not. To build a similar setting, 
we select the top ten programmers from Table 2 and construct a balanced dataset. We select 
the identical parameters as Abuhamad et al. (2020) did. On this dataset and with identical 
parameters, our implementation achieved an accuracy of 86.38%, and the result is close to 
what is reported in their paper.

As a deep learning approach, Abuhamad et al. (2020) do not explicitly list its features. To 
understand which metrics are stable, we select (Yang et al. 2017), since they explicitly list 
all their metrics to determine code authors.

3.3  Analysis Overview

Figure 2 shows our analysis overview. To explore how the state-of-the-art approaches iden-
tify real code authors, we conducted an empirical study on the data set listed in Section 3.1. 
Our study has three research angles.

RQ1. Exploring the impact of time. To explore the impact of time, we split the commits 
of each project by time intervals, and build the pairs of training sets and testing sets. We 
then use our built pairs to train and test the approach (Abuhamad et al. 2020). To explore the 
impact on individual authors, we calculate the testing accuracy of each long-term contribu-
tor with the trained models in RQ1.

RQ2. Exploring the impact of projects. To explore the impact of projects, we split 
the commits in the same time intervals by project, and we build the pairs of training sets 
and testing sets. We then use our built pairs to train and test the approach (Abuhamad et al. 
2020).

In RQ1 and RQ2, we find that the time and the project both have significant impacts on 
the state-of-the-art deep learning-based approach (Abuhamad et al. 2020). The results lead 
to our RQ3, which explores the reliable features over time and across projects. We do not 
analyze the approach (Abuhamad et al. 2020) in RQ1 and RQ2, since it does not explic-
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itly define code metrics. Instead, we analyze (Yang et al. 2017) in RQ3, since it explicitly 
defines all its used metrics.

RQ3. Discovering the reliability of features. In RQ3, we use ANOVA (St et al. 1989) 
and Kruskal-Wallis test to check whether the code metrics defined by Yang et al. (2017) can 
distinguish code authors over time and across projects.

Our findings in RQ3 indicate that no fully reliable code metric exists to consistently 
distinguish code authors over time and across projects. A promising alternative is to adopt 
incremental learning, enabling models to adapt continuously amid rapidly evolving soft-
ware projects. This insight motivates RQ4, in which we evaluate the effectiveness of incre-
mental learning in mitigating the impact of both temporal changes and project shifts on code 
author identification.

RQ4. Evaluating the effectiveness of more advanced machine learning techniques. 
In RQ4, we evaluate two recent approaches, CIcaL (Gong and Zhong 2025) and Tim-
eDA (Li et al. 2024). The two approaches use incremental learning and transfer learning, 
respectively.

4  Result

This section presents our detailed protocols and results. More details are listed on our proj-
ect website: DOI: https://doi.org/10.5281/zenodo.8058290

4.1  RQ1. The Impact of the Time

4.1.1  Protocol

We select the stratified 10-fold cross-validation (Parsons 2014) as the compared setting, 
since it is popular (Piryonesi and El-Diraby 2020; Willis and Riley 2017). Compared with 
the classical cross-validation (Browne 2000), the stratified cross-validation uses stratified 
sampling (Parsons 2014) to ensure that the training set and the testing set have the same pro-
portion of labeled data as the original dataset has. In each iteration, we split the submitted 

Fig. 2  Analysis overview
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code snippets and the items of metrics of a whole year into ten groups. In each fold, we use 9 
groups as the training set and the remaining 1 group as the validation set. From each training 
set, we train 10 models, and we collect their validation accuracy values as the baseline, as 
the prior approaches (Abuhamad et al. 2018, 2020) did.

Figure 3 shows our settings to explore the impact of the time. To train each model, we 
use the commits of a whole year. For example, in Fig. 3, the first and last commit of the 
training set are submitted on Jan. 16, 2002, and Dec. 31, 2002, respectively. We use the same 
parameters as the baseline to train the model. A limitation of the prior study (Abuhamad 
et al. 2018) is that the time interval from their training set and their testing sets are zero and 
one year, and their study does not fully explore the impacts when the interval increases. In 
our study, as shown in Fig. 3, we increase the time interval from 3 months to 48 months, 
with three months as a gap. To obtain more pairs of training sets and testing sets, after each 
iteration, we apply a time-sliding window. In particular, we move the whole training set to 
that of six months later. After all the models are trained and tested, we move the first commit 
of the training set to 6 months later, as shown in the sliding window of Fig. 3. For collec-
tions, we move the training set 18 times, and we get 19 pairs of training and testing sets; For 
dbcp, we move the training set 14 times, and we get 15 pairs of training and testing sets; For 
configuration, we move the training set 22 times, and we get 23 pairs of training and testing 
sets; For compress, we move the training set 9 times, and we get 10 pairs of training and 
testing sets; For io, we move the training set 25 times, and we get 26 pairs of training and 
testing sets. Here, different from Abuhamad et al. (2018), we do not remove unseen authors 
from the testing set.

To simulate the situation where each author has different files, the prior study (Abuhamad 
et al. 2018) reduces the files per author from nine to five, but in real development, a few core 
programmers write most code lines (Gong and Zhong 2021). In our study, we use the real 
distribution to train and test the models. After that, we record the accuracy for individual 
long-term contributors. In prior studies, researchers identify core members by their commit 
contribution (Canedo et al. 2020), privileged issue events (Bock et al. 2023), and the truck 
factor (Ferreira et al. 2017). In our study, we need to identify authors who have long-term 
contributions to a project. As Bao et al. (2019) did, we select authors whose first and last 
commit has a gap of more than one year. We call such authors long-term contributors. We 
select long-term contributors to analyze the temporal effect. If programmers contribute only 
within a short period, we cannot split their data by time internals.

Fig. 3  The protocol of RQ1
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4.1.2  Result

Figure 4 shows the box plots of the two settings. The horizontal axes list when the first 
commits of training sets are submitted. In each group, the cross-validation setting shows the 
accuracy values of the ten models that are trained from a training set, and the aging setting 
shows the accuracy values when we increase the time interval. Except for the four excep-
tions in configuration and the one exception in collections, in 94.62% (88 out of 
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Fig. 4  The overall impact of the time (accuracy)
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93) cases, the medians of the cross-validation setting are higher than those of the aging set-
ting. We further calculate the average median reductions from the cross-validation setting to 
the aging setting. The reductions are 51.49% (collections), 56.10% (dbcp), 22.43% 
(configuration), 29.89% (compress), and 54.99% (io). For all the projects, the aver-
age reduction is 42.98%. The above observations lead to our first finding: 

Finding 1. When the time issue is considered, the average median reduction of

accuracy values is 42.98%.

As shown in Fig. 4, in several cases, the aging setting produces even better accuracy val-
ues than the cross-validation setting. For example, on Jun. 23, 2006, of configuration, 
the median of the cross-validation setting is even lower than that of the aging setting, the 
difference is 8.79%. We calculate the cases where the accuracy of the aging setting is more 
than the median of the cross-validation setting. The results are 15.79% (collections), 
13.33% (dbcp), 25.36% (configuration), 11.67% (compress), and 5.77% (io). In 
total, such cases account for 14.52% of all cases. After inspecting those cases, we find that 
the distributions of authors lead to those extreme results. For example, for the data points on 
Jan. 31st, 2005 of dbcp, the training set mainly contains the code snippets of Dir* (58 lines 
of code) and Phi* (950 lines of code). After three months, the testing set mainly contains 
the code snippets of Dai* (2 lines of code) and Phi* (40 lines of code). The trained model 
predicts most authors as Phi*, but still produces high accuracy since the data are imbalanced 
(see below for more discussions). The observations lead to another finding:

Finding 2. After the time issue is considered, in more than 85.48% of training and

testing pairs, the accuracy values of the aging setting become lower than the cross-

validation setting.

Figure 5 shows the F1-score results of the two settings. In each group, the cross-valida-
tion setting shows the F1-score values of the ten models that are trained from a training set, 
and the aging setting shows the F1-score values when we increase the time interval. Except 
for the seven exceptions in configuration, the one exception in collections, the 
one exception in dbcp, in 90.32% (84 out of 93) cases, the medians of the cross-validation 
setting are higher than those of the aging setting. We further calculate the average median 
reductions from the cross-validation setting to the aging setting. The reductions are 50.99% 
(collections), 46.98% (dbcp), 12.41% (configuration), 22.20% (compress), 
and 54.62% (io). For all the projects, the average reduction is 37.41%. As the F1-score and 
accuracy scores are consistent. Due save space, we present only the accuracy scores in the 
following research questions.

Figure 6 shows the results of the long-term contributors. Except for compress, the 
trained models become less effective when the time interval is larger. For example, in dbcp, 
when the time interval is 3-months, the trained model predicts the code of Phi* and Mar* 
accurately, but when it is 6-months, the trained model predicts accurately only the code of 
Phi*. The observations lead to the following finding: 
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Fig. 5  The overall impact of the time (f1 score)
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Finding 3. A model becomes less effective to identify individual long-term contrib-

utors when it is obsolete.

4.1.3  Answer to RQ

Our result shows that the median accuracy decreases significantly when temporal factors 
are taken into account. The results are consistent with those from other research topics. 
For instance, Turhan et al. (2009) report that temporal factors also significantly reduces the 
effectiveness of software defection prediction.

4.2  RQ2. The Impact of Project

4.2.1  Protocol

In this RQ, we use the stratified 10-fold cross-validation (Parsons 2014) as the baseline. 
Figure 7 shows our settings to explore the impact of projects. To train each model, we use 
the commits of a whole year from one project and the same parameters as the baseline. For 
example, in Fig. 7, the first commit and the last commit of the training set and testing set 
are submitted on Jan. 20, 2002, and Dec. 15, 2002, respectively. We test each trained model 
with the source files from another project as shown in Table 3. After all the models are 
trained and tested, we move the first commit of the training set and the first commit of the 
testing set to 12 months later and redo the training and testing. We move the first commit 
from 2002 to 2021 and redo the training and testing process 19 times. As shown in Table 3, 
some authors contribute to multiple projects. For instance, 30 code authors contribute to 
both collections and dbcp, 37 code authors contribute to both collections and 
io. If a pair of a training set and a testing set has no common code authors, we ignore this 

Fig. 7  The protocol of RQ2
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pair. After that, in total, we obtain 16 valid pairs for collections, 13 pairs for dbcp, 8 
pairs for configuration, 10 pairs for compress, and 18 pairs for io.

When a user needs to predict the authors of a source file, the user is unlikely to know 
whether this source file is written by known authors or not in advance. To analyze the 
true effectiveness, we do not remove unseen authors from the testing set. As the existing 
approaches cannot predict unseen authors, their effectiveness can be significantly reduced 
in the wild.

4.2.2  Result

Figure 8 shows the box plots of the two settings. The horizontal axes list the first-commit 
years of the training sets and the testing sets. In each pair, the cross-validation setting shows 
the accuracy values whose training and testing sets are from the same projects, and the 
cross-project setting shows the accuracy values whose training and testing sets are from dif-
ferent projects. In 95.38% (62 out of 65) pairs, the accuracy medians of the cross-validation 
setting are higher than those of the cross-project setting. The average reductions are 64.80% 
(collections), 59.56% (dbcp), 67.63% (configuration), 52.90% (compress), 
and 64.57% (io). For all the projects, the average reduction is 61.89%. The above observa-
tions lead to the following finding: 

Finding 4. When the training set and the testing set come from different projects,
the accuracy median is reduced by 61.89%.

As shown in Fig. 8, only in several cases, the cross-project setting produces better accu-
racy values. For example, in 2010 of dbcp, the accuracy median increased by 3.05%. In 
total, such cases account for only 5.53% of all cases. After inspecting such cases, we find 
that the abnormal results are caused by the distributions of authors. For example, for the data 
points on 2021 of compress, when the model was trained from the compress project, 
the source files in the training set are written by Gar* (130 lines of code), Pet* (3 lines of 
code) and Stef* (70 lines of code). The source files in the testing set are written by Bor* 
(51 lines of code), Flo* (2 lines of code), Art* (319 lines of code), and Gar* (1776 lines of 
code). The trained model predicts the authors of most source files as Gar* and obtains high 
accuracy values. The above observations lead to another finding: 

Table 3  The common authors across projects
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Fig. 8  The overall impact of projects
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Finding 5.When training and testing sets come from different projects, in more than

94.47% of training and testing pairs, accuracy values become lower.

4.2.3  Answer to RQ

Our results show that the median accuracy values decrease significantly when the model is 
trained and tested on different projects.

4.3  RQ3. The Stability of Features

4.3.1  Protocol

To identify code authors, in total, Yang et al. (2017) defined 19 metrics. Table 4 shows the 
metrics. PRO denotes lexical metrics; STY denotes code-style metrics; and PSM denotes 
metrics from code structures and syntaxes. From each code snippet, we build an abstract 
syntax and analyze the tree to collect the metrics. All the metrics are straightforward except 
PSM3 and PSM11. PSM3 denotes the preference for cyclic statements. We check three types 
of cyclic statements such as while, for, and do loops. According to the most frequent 
cyclic statement, we set the value of PSM3 to 1, 2, and 3, respectively. To extract PSM11, 
we count the depth as the longest distance from all nodes to the root.

In this RQ, we use statistical hypothesis testing inspired by the approach proposed by 
Hayes and Offutt (2010). In this approach, a null hypothesis, which is represented by H0, 
and its opposite, alternative hypothesis which is represented by Ha, are defined first. Then, 
acceptance of the null hypothesis (and rejection of the alternative) or vice versa would be 
evaluated by considering a particular confidence level of the corresponding statistical test. 

Metrics Description
PRO1 Ratio of blank lines to code lines
PRO2 Ratio of comment lines to code lines
PRO3 Ratio of block comments to all comment lines
PRO4 Ratio of open braces ({) alone in a line
PRO5 Ratio of close braces (}) alone in a line
STY1 Ratio of variables without uppercase letters
STY2 Ratio of variables starting with lowercase letters
STY3 Average variable name length
PSM1 Ratio of macro variables
PSM2 Ratio of for statements to all loop statements
PSM3 Preference for cyclic statements
PSM4 Ratio of if statements to all conditional statements
PSM5 Ratio of branch statements
PSM6 Average number of methods per class
PSM7 Ratio of try structure
PSM8 Ratio of catch statements
PSM9 Average number of interfaces per class
PSM10 Average character number per Java file
PSM11 Maximum depth of an AST

Table 4  The code metrics in 
Yang et al. (2017)
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If the confidence level of rejecting a null hypothesis exceeds a specified threshold, the alter-
native hypothesis will be accepted (and the null hypothesis will be rejected). Otherwise, 
the alternative one would be rejected (and the null hypothesis would be accepted). We will 
accept an alternative hypothesis in this paper if the confidence level of accepting it is greater 
than 95%, i.e., the p-value is less than 0.05.

When analyzing the stability of code metrics over time, for each project, we divide the 
source files by year, since the prior study (Abuhamad et al. 2018) and our previous RQs all 
use this criterion to divide source files. Here, we ignore years in which only a programmer 
wrote source files. With only one programmer, we cannot test whether their differences are 
significant. For each code metric mi, we group the code snippets of each year by program-
mer, and construct a dataset di. For each year, we build different groups of datasets (one 
group for per programmer). After building the datasets, we use Shapiro-Wilk test (Mud-
holkar et al. 1995) to check the normality of all groups, and conduct Levene’s test (Schultz 
1985) to check the homogeneity across groups. When the normality and homoscedasticity 
assumptions both hold, we apply ANOVA (St et al. 1989) test to determine whether code 
metrics are useful for identifying code authors. If the assumptions do not hold, we use 
Kruskal-Wallis test (Vargha and Delaney 1998) to determine whether code metrics are use-
ful. For example, for a code metric mi, if the datasets of every two code authors ai and aj  
are Di and Dj , the null hypothesis is defined as follows:

	 H0 : µ(Di) = µ(Dj)� (1)

The null hypothesis H0 denotes that the differences between the two datasets are insignifi-
cant. It is rejected if the p-value is 0.05 or below 0.05. That is to say, if the null hypothesis 
for a code metric mi is rejected, this code metric mi is useful to distinguish two code 
authors. For each year, we apply the ANOVA test or Kruskal-Wallis test on all the combina-
tions of programmer pairs, and in total there are C2

n pairs (n is the number of programmers). 
Thus, for each code metric, if all the C2

n p-values are equal to or less than 0.05, we consider 
that this code metric is useful to identify all code authors in that year. For each code metric 
(mi) and the datasets of a project (D), we apply an ANOVA test or a Kruskal-Wallis test for 
each year:

	
ratiomi =

∑
|µ(Di) ̸= µ(Dj)|

C2
n

� (2)

In the above equation, 
∑

|µ(Di) ̸= µ(Dj)| denotes the total cases when µ(Di) is signifi-
cantly different from µ(Dj), and C2

n denotes the total number of programmer pairs. By the 
above equation, a code metric is able to distinguish all code authors only when the above 
ratio is one.

We count the stability value over time as follows:

	
stabilityt =

∑
|ratiomi = 1|

all
� (3)
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In the above equation, mi is a metric, and 
∑

|ratiomi = 1| denotes the number of years 
when the ratio is one, and all denotes the total of years. The total years are 16 (collec-
tions), 11 (compress), 12 (configuration), 17 (dbcp), and 18 (io).

When analyzing the stability of code metrics across projects, we select only programmers 
who write code on all five projects, i.e., Emm*, GarD*, Gar*, and Seb*. If a programmer 
does not write source files for a project, we cannot conclude whether the code metrics of this 
programmer are stable on this project. For a code metric mi, we extract the code snippets 
of each programmer from a project, and the code snippets construct a dataset Di. For each 
project, we build four datasets (one group for each programmer), and use (2) to calculate the 
ratio. As there are 4 programmers across projects, the total number of programmer pairs is 6.

For each metric (mi), we count the stability value across projects as follows:

	
stabilityp =

∑
|ratiomi = 1|

5
� (4)

In the above equation, 
∑

|ratiomi = 1| denotes the number of projects when the ratio is 
one, and 5 denotes the total number of projects. When performing ANOVA or Kruskal-Wal-
lis test, the sample size must not be too small to ensure the reliability of results (Kastenbaum 
et al. 1970). As a result, we ignore a year if this year has fewer than 10 commits.

4.3.2  Result

Figure 9 shows the stability values over time. The horizontal axis lists the projects. The 
vertical axis lists the 19 code metrics. A darker color denotes a lower stability value. We 
find that only in several cases, the stability values are greater than or equal to 0.5 (e.g., 
PRO1 and PSM10 of collections). The stability values of io are much lower than 
those of configuration. We find that the differences are caused by the number of code 
authors. In most years, io has four or more code authors, but configuration has only 
two code authors. As a result, io has more combinations of programmer pairs, and is thus 
more challenging for code metrics to identify all code authors. Only in 2013 of collec-
tions, there are four code authors such as Emm*, GarD*, Seb*, and Tho*. For PSM10, 
the mean values of the four code authors are 146.7, 721.7, 267.8, and 2747.2, respectively. 
As a result, PSM10 is able to distinguish them. Here, PRO1 fails to identify the four code 
authors in 2013, but it identifies code authors in earlier years when collections has 
only two code authors.

As configuration has only two code authors in most years, the two code authors can 
have a clear division of responsibility. As a result, only for this project, the stability values 
of several code metrics are greater than or equal to 0.5. The observations lead to our finding: 

Finding 6. Except for configuration, only when a project has fewer than three

code authors, the stability values over time are more than or equal to 0.5 (e.g., the
ratio of blank lines to code lines).

Figure 10 shows the ratios across projects. The horizontal axis lists the projects. The 
vertical axis lists the code metrics. A darker color denotes a lower ratio. We find that no 
code metric can identify all code authors for all the projects. Based on Fig. 10, we use (4) 
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Fig. 10  The ratios across projects

 

Fig. 9  The stability values over time

 

1 3

_####_  Page 20 of 31



For
 A

ppro
va

l

Empirical Software Engineering _#####################_

to calculate the stability values of all metrics, but only the value of STY2 is more than zero. 
When building Fig. 10, we consider the four code authors that appear in all the projects, but 
the code authors of io change rapidly with time. In total, 14 code authors contribute to io. 
As a result, Figs. 9 and 10 show different results. The observations lead to a finding:

Finding 7. Except for a metric (the ratio of variable naming starting with lowercase
letters), the stability values of other metrics across projects are 0.

4.3.3  Answer to RQ

Except STY2, the stability values of code metrics are below 0.5. These results highlight the 
challenges of identifying code authors in real development.

4.4  RQ4. The Effectiveness of Advanced Learning

4.4.1  Protocol

In this research question, we select two recent approaches, TimeDA (Li et al. 2024) and 
CIcaL (Gong and Zhong 2025), since they use more advanced techniques than prior 
approaches. In particular, TimeDA (Li et al. 2024) employs transfer learning (Bozinovski 
and Fulgosi 1976) to refresh outdated models, and CIcaL (Gong and Zhong 2025) incorpo-
rates incremental learning. CIcaL treats the accumulated code snippets as data streams, and 
each incoming batch of code snippets is treated as a data chunk. CIcaL utilizes an ensemble 
framework and incrementally trains its model with incoming chunks of data.

To evaluate the time impact on TimeDA (Li et al. 2024), we use the commits of a whole 
year to train a classifier. For instance, in Fig. 3, the first and last commit of the training set 
are submitted on Jan. 16, 2002, and Dec. 31, 2002, respectively. The parameters of this clas-
sifier are identical to those in RQ1. As we did in RQ1, each testing set comprises commits 
from an entire year. The time intervals between the training and testing sets range from 3 to 
48 months, with a step of 3 months. As depicted in Fig. 3, to generate a sufficient number of 
training-testing pairs, we employ a sliding time window. Specifically, after each iteration, 
the training window is shifted forward by six months. To evaluate the impact of cross-
project authors, we use the commits of a whole year from one project to train a classifier. For 
instance, in Fig. 7, the first commit and the last commit of the training set and testing set are 
submitted on Jan. 20, 2002, and Dec. 15, 2002, respectively. As we did in RQ2, each testing 
set consists of one year’s worth of commits from a different project. As depicted in Fig. 7, 
after each iteration, both the training and testing windows are shifted forward by 12 months.

To evaluate the impact of time on CIcaL, we use the commits of a whole year to train 
each base classifier. For instance, in Fig. 3, the first and last commit of the training set are 
submitted on Jan. 16, 2002, and Dec. 31, 2002, respectively. The parameters of each base 
classifier are identical to those in RQ1. As we did in RQ1, each testing set comprises com-
mits from an entire year. The time intervals between the training and testing sets range 
from 3 to 48 months, with a step of 3 months. As depicted in Fig. 3, to generate a suffi-
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cient number of training-testing pairs, we employ a sliding time window. Specifically, after 
each iteration, the entire training window is shifted forward by six months. To evaluate the 
impact of cross-project authors, we use the commits of a whole year from one project to 
train each base classifier. For instance, in Fig. 7, the first commit and the last commit of the 
training set and testing set are submitted on Jan. 20, 2002, and Dec. 15, 2002, respectively. 
As we did in RQ2, each testing set consists of one year’s commits from a different project. 
As depicted in Fig. 7, after each iteration, both the training and testing windows are shifted 
forward by 12 months.

We compare the results of RQ1 to demonstrate the impact.

4.4.2  Result

Figure  11 shows the impact of time. The horizontal axes list when the first commits of 
training sets are submitted. TimeDA improves the average accuracy of Multi-χ by 5.58% 
(collections), 14.37% (dbcp), 7.92% (configuration), 12.98% (compress), and 
10.76% (io). For all the projects, the average improvement is 10.32%. In 89 out of 93 cases, 
the medians of TimeDA are higher than those of Multi-χ. As shown in Fig. 11, in 4 cases, 
Multi-χ produces the same accuracy values as TimeDA. In these 4 cases, all the testing 
accuracy of Multi-χ and TimeDA is 0. After inspecting these cases, we find that the unseen 
authors lead to these extreme results. For example, for the data points on Aug. 16, 2005 of 
io, the training set contains the authors Jam*, Hen* and Step*. The testing sets contain the 
authors GarD*, Nai*, Joc*, Juk*, Seb*, and Mat*. The authors in the testing sets are unseen 
in the training set. In all cases, the medians of CIcaL are higher than those of Multi-χ. As 
a comparison, CIcaL improves the average accuracy of Multi-χ by 31.39% (collec-
tions), 31.22% (dbcp), 24.10% (configuration), 37.00% (compress), and 22.93% 
(io). For all the projects, the average improvement is 29.33%.

On the Google Code Jam dataset, our previous evaluation (Gong and Zhong 2025) shows 
that CIcaL and TimeDA also achieves better accuracy scores than Multi-χ, and the scores 
are much higher. CIcaL achieved an average accuracy of 90.17% on the Google Code Jam 
dataset, but only 61.50% in this study. The average accuracy of TimeDA also drops from 
73.43% to 42.50%. The above observations lead to our finding: 

Figure 12 shows the impact of cross-project authors. The horizontal axes list when the 
first commits of training sets are submitted. In 89 out of 93 cases, the medians of TimeDA 
are higher than those of Multi-χ. TimeDA improves the average accuracy of Multi-χ by 
5.02% (collections), 4.86% (dbcp), 8.12% (configuration), 6.17% (compress), 
and 5.82% (io), with an overall average improvement of 6.00%. As a comparison, CIcaL 
improves the average accuracy of Multi-χ by 21.92% (collections), 13.74% (dbcp), 
22.26% (configuration), 19.93% (compress), and 15.37% (io), with an overall aver-
age improvement of 18.44%. The observation leads to a finding: 
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4.4.3  Answer to RQ

Our results and our previous evaluation (Gong and Zhong 2025) both show that advanced 
machine learning techniques, e.g., transfer learning and incremental learning, alleviate the 
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Fig. 11  The impact of time on techniques
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impact of time and cross-project authors. In particular, incremental learning improves accu-
racy by up to 29.33% under time shifts and 18.44% under project shifts, and transfer learn-
ing improves by 10.32% and 6.00%, respectively. On the Google Code Jam dataset, CIcaL 
achieves more an average accuracy of than 90%, but on our new benchmark, it drops to 
61.50%. The result indicates that neither tool is perfect for practical application, but it leaves 
sufficient space for follow-up researchers.

Fig. 12  The impact of cross-project authors on techniques
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4.5  Threat to Validity

The threats to internal validity include wrong labels, since commits may not be submitted by 
their true authors. This threat is shared by the prior studies (Abuhamad et al. 2020; Dauber 
et al. 2018), and its impact shall be minor since Apache projects are carefully maintained. 
This threat could be further reduced by data sanitization techniques (Bird et al. 2009). The 
threats to internal validity also include our implementation. The selected approach (Abuha-
mad et al. 2020) is built upon TensorFlow (Abadi et al. 2016), but we build the tool upon 
Keras. Despite the differences, the impact shall be minor, since our effectiveness is similar 
to theirs.

The threats to external validity include limited subjects and project sources. Our dataset 
are obtained from five Apache Software Foundation projects, and it covers a 20-year period. 
Still, selecting only Apache projects may not capture the diversity of coding practices, styles, 
and author behaviors in the broader software development communities. Although our sub-
jects are already much more than the prior study (Abuhamad et al. 2018), our study still 
suffers from this threat. If follow-up researchers add subjects from more sources (Nagappan 
et al. 2013), our findings in RQs 1 and 2 may not change since we have compared many 
pairs of training and testing sets. For instance, we tried more than 90 pairs in RQ1, and more 
than 60 pairs in RQ2. The code standards of the Apache Foundation can affect the code lexi-
cal metrics in RQ3, e.g., the ratio of open braces.

The threats to external validity also include our considered programming language, since 
our subjects are all written in Java. Still, the impact shall be minor. First, Abuhamad et al. 
(2018) claim that their approach is language-independent, and their results from different 
languages are similar. Second, the code styles of authors can change over time. Finally, a 
few authors contribute to most code lines. The two observations are also language-indepen-
dent. As a result, our findings may not change much on other languages.

In our dataset, only 4 programmers contribute to more than one project. As the observa-
tion is limited, Finding 7 suffers from a threat to the external validity. This threat could be 
reduced if more projects are analyzed.

5  Interpretation of Our Findings

In this section, we interpret our findings: 

1.	 The state-of-the-art approach is insufficient to handle real source files over time 
and across projects. Findings 1, 2, and 3 show that the state-of-the-art approach is 
less effective when its trained model becomes obsolete. Findings 4 and 5 show that the 
accuracy of this approach significantly decreases when the cross-project is considered. 
The results are quite different from what were reported in their study (Abuhamad et al. 
2018), since their subjects are from Google Code Jam. In real development, program-
mers can learn from existing code bases and keep their code style consistent with exist-
ing source files. In addition, some project managers even ask programmers to use linters 
(e.g., Checkstyle (Checkstyle 2001)), and check style inconsistencies before commits 
are accepted. Although our selected projects do not have such linters, these project 
teams suggest that code authors should follow specific coding styles like most other 
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projects. As a result, lexical metrics i.e., PROs listed in Table 4 can be more correlated 
with projects than specific programmers. Due to the above issues, it is much more chal-
lenging to identify code authors for source files from real projects than those from a 
code competition. Meanwhile, in many applications of information forensics and secu-
rity, it needs to identify code authors for real source files, instead of toy programs from 
code competitions like Google Code Jam. Instead of a solved problem, it demands more 
research effort to correctly identify real code authors.

2.	 More reliable measures are required in future evaluations. The contributions of 
code authors are extremely imbalanced, and some projects have many code authors as 
shown in Findings 2 and 5. For large projects (e.g., Linux), a few core programmers 
write most source files (Gong and Zhong 2021), but these projects often have many 
code authors. Besides our tool, researchers can refer to alternative mature tools to build 
the benchmarks of large projects. For instance, the Git blame tool (Spinellis 2012) can 
report the code author of each code lien, and it can scale to large projects like Linux. As 
another example, researchers can merge identical authors by comparing their emails. To 
make the problem more challenging, our previous study (Gong and Zhong 2021) shows 
that multiple code authors often contribute to a source file. For example, as shown in 
Fig. 6, when we calculate the accuracy values for individual authors, for all the projects, 
we find that the trained models work well on only one or two authors, but their accuracy 
values are high. The results indicate that accuracy values are unreliable. Other measures 
(e.g., MCC (Chicco and Jurman 2020; Zhu 2020)) and some techniques (e.g., resam-
pling and classifier adaptations (Tarekegn et al. 2021)) can be more reliable to evaluate 
the results of identifying code authors.

3.	 An incremental learning approach can be useful. No matter what techniques 
researchers employ, they shall extract code metrics from source files. Even if it is a 
learning-based approach, it shall implicitly learn them from its inputs, i.e., source files. 
Findings 6 and 7 show that there is no such fully reliable code metric. According to 
our results, a trained model rapidly becomes out of date and ineffective when projects 
evolve, and cross-project learning is rather challenging, even if two projects share the 
same code authors. A possible solution is to train models incrementally so that trained 
models can evolve with the rapid evolution of projects. Researchers from both cyber-
security domain and software engineering field proposed using incremental learning to 
address the concept drift issue in malware detection (Chen et al. 2023; Narayanan et al. 
2016; Qiang et al. 2022). Findings 8 and 9 show that the incremental learning frame-
work can be used to mitigated with source files written by more cross-project authors.

6  Related Work

Our work is related to the following research topics:

Code Authorship Identification  Researchers have proposed many approaches to identify 
code authors. Caliskan et al. (Caliskan-Islam et  al. 2015) propose a random forest and 
abstract syntax tree-based approach based on the data set extracted from Google Code Jam, 
they find that skilled programmers (who can complete the more difficult tasks) are easier 
to attribute than less skilled programmers. Yang et al. (2017) use the ratio of blank lines to 
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code lines and the ratio of comment lines to code lines to identify code authors. In natural 
language processing, ngram models are widely used to identify the author of a text (Clem-
ent and Sharp 2003). As Hindle et al. (2012) show that programming languages and natural 
languages share similarities, some approaches (e.g., Caliskan et al. 2018) use ngram models 
to capture the habits of programmers. For example, Caliskan et al. (2018) extract a bigram, 
which indicates that func is followed by if. Some approaches (e.g., Alsulami et al. 2017) 
bypass the extraction of metrics or ngrams, and take abstract syntax trees or control flow 
graphs directly as their inputs. These approaches typically rely on existing techniques to 
implicitly extract metrics or ngrams. For example, Alsulami et al. (2017) use a recurrent 
neural network (Gers et  al. 2000) to analyze ASTs, and such a technique extracts code 
features as ngrams. Hansen et al. (2014) examine the practical feasibility of using limited 
and recent writing samples from students for authorship attribution. Although these selected 
features can be contributive to authorship identification, they ignore the time and project 
issues. The findings of our empirical study can be useful to extract more stable software 
features considering over time and across projects.

Class Imbalance Problem of Code Authorship Identification  To evaluate the proposed code 
authorship identification models, some prior studies (Abuhamad et al. 2018, 2020) use cus-
tom-built source code collections that include balanced training sets. Note that a code author 
can have much more or fewer files in real scenarios (Gong and Zhong 2021). Thus, long 
samples (multiple lines of code) may be available for some code authors and short samples 
for other code authors. This can also be viewed as a case of class imbalance. Some studies 
(Chatzicharalampous et al. 2012; Mahbub et al. 2019; Yang et al. 2017) do not avoid the 
class imbalance problem and use the real distribution of data to train the code authorship 
identification methods. Our study takes the data imbalance problem into consideration and 
analyzes its effect on the performance of code authorship identification methods.

Mining Code Revision Histories  From code histories, Abuhamad et al. (2020) use git-author 
(Meng et al. 2013) to extract code authors as their labels. Rahman and Devanbu (2011) use 
code histories to analyze the relationship between code ownership and developer experi-
ence. From code histories, Jiang et al. (2022) explore whether the naturalness of code is 
associated with the buggy or clean code. To provide a more precise analysis of code histo-
ries, Zhong and Wang (2017) propose an approach to repair the contexts of partial programs. 
Based on this approach, Zhong et al. (2020) infer bug signatures and use them to detect 
bugs. For code history mining techniques, Servant and Jones (2012) use history slices to 
analyze code evolution tasks. Gong and Zhong (2021) conduct an empirical study to analyze 
code authors in the wild. Our study is related to code authors, but it explores the limitations 
of existing approaches and provides insights for future improvements.

Identifying Human-authored and ChatGPT-generated Code  The ubiquitous adoption of 
Large Language Generation Models (LLMs) in programming has underscored the impor-
tance of differentiating between human-written code and code generated by intelligent 
models. Bukhari et al. (2023) attempt to use machine learning to distinguish between 28 
student-authored and 30 AI-generated solutions for a C-language programming assignment 
involving singly-linked lists. Their approach leverages lexical and syntactic features in con-
junction with multiple machine-learning models, achieving an accuracy rate of 92%. Li 
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et al. (2023) propose a discriminative feature set in differentiating ChatGPT-generated code 
from human-authored code in binary classification tasks. Idialu et  al. (2024) construct a 
classifier for detecting GPT-4 generated Python code, using XGBoost and a collection of 
140 code-stylometry features. Current Approaches of distinguishing human-written code 
and ChatGPT-generated code still follow the idea of traditional code authorship identifica-
tion, which is to extract or construct features to capture the code style of human and Chat-
GPT, and then build machine learning-based classifiers. The findings of our empirical study 
can be useful to remind researchers to consider the impact of time and the class imbalance 
problem when developing approaches to distinguish human-written code and ChatGPT-
generated code.

7  Conclusion and Future Work

Identifying code authors is important in many research topics, and various approaches have 
been proposed to attack this task, but this task has many challenges. For example, the code 
style of an author can evolve over time and across projects. Besides the impacts of time 
and project, the distribution of files can also affect their effectiveness. To better understand 
these challenges, we conduct an empirical study and explore open questions concerning 
the impacts of time and projects for identifying code authors. In addition, we also conduct 
investigations on learning code metrics that are stable over time and across projects.

In the future, we plan to explore three directions. First, we plan to explore more advanced 
and interpretable models since our dataset reveals the limitations of existing approaches. If 
we compare the different results between their original dataset and our dataset, we can find 
ways to improve their approaches. Second, as some programmers intensively use LLMs 
when they write code, researchers (Bukhari et al. 2023; Li et al. 2023) have proposed some 
approaches to identify human-authored and LLM-generated code. In their dataset, each 
source file is written by only humans or LLMs. In real development, LLM-generated pro-
grams can be modified by humans. If a dataset contains files modified by both humans and 
LLMs, it can be more challenging to identify their authors, which can be explored in future 
work.
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