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Abstract

Our research introduces a novel framework for analyzing programmer psychological traits by
combining automated code analysis and sentiment assessment. Our contribution is in the form
of a framework that can identify key behavioral traits such as attention to detail, collaboration
orientation, and problem-solving tendencies. Unlike traditional survey-based methods, this ap-
proach offers objectivity and applicability across diverse programming contexts. Experimental
results demonstrate its potential to contribute to software engineering, developer productivity

research, and cognitive profiling of programmers.
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1. Introduction

Programmers’ psychological traits significantly influence software quality, productivity, and
team dynamics [2, B]. However, traditional methods for analyzing these traits, such as surveys
or observational studies, are often subjective and labor-intensive.

Our research examines how the psychological traits of programmers can be inferred by ana-
lyzing their source code and comments. The research uses techniques for code analysis combined
with Natural Language Processing (NLP) to identify traits like attention to detail, collabora-
tion tendencies, and problem-solving approaches. The process involves extracting and analyzing
comments for sentiment, identifying specific keywords associated with particular behaviors, and
measuring code features like complexity and adherence to standards. Our strategy provides a
structured approach to evaluate traits directly from programming activity, moving away from
subjective survey-based assessments.

The research also explores practical uses in team organization and improving software de-

velopment practices, including readability aspects [6]. Some novel techniques for code analysis
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were employed to analyze source code, demonstrating the practicality of this approach. Fu-
ture developments should be able to support different programming languages and improve trait
identification accuracy through more advanced algorithms. These efforts aim to refine how be-
havioral characteristics are detected and interpreted from how programmers write and document
their code.

Therefore, this study presents an automated framework to infer psychological traits directly
from source code. We think that the major contributions that this novel approach provides are

the following:

e Our framework can identify insights into key traits such as attention to detail, collaboration

orientation, and problem-solving skills.

e Our framework can perform automated extraction of emotional tone from comments and

developer notes.

e Our framework could lead to applications for team management, software quality assurance,

and personalized learning tools.

The rest of this paper is organized to present its contributions in a clear and logical sequence.
Section 2 provides an overview of existing studies, showing how this approach differs and adds
value. Section 3 explains the technical contribution, ensuring readers can understand and repro-
duce the steps. Section 4 applies the method to real-world examples, demonstrating its practical
applications. Section 5 examines the strengths and limitations of the work and proposes future

improvements. Finally, we conclude with the major lessons that can be extracted from our study.

2. Related Work

Modern software development often relies on automated tools to generate code, reducing the
amount produced entirely by human programmers [§]. This shift leaves many areas unexplored,
including psychological signals inferred from a person’s coding approach. Research has considered
static and run-time checks to measure complexity, style, and error patterns. Recent work applies
NLP and machine learning, examining commit messages, issue trackers, and code repositories.
Building upon these foundations, the method described here uses sentiment analysis and keyword
extraction to identify psychological signals.

This field has an existing base of literature. For example, previous efforts examined possible
links between personality traits, coding habits, and performance [5]. Other research studies
addressed conscientiousness in pair programming [12], academic settings [I1], and the review of

source code [2], along with similarity measures [9] and interpretability [7].



Moreover, various tools and systems are already available to study source code and exam-
ine programmer behavior. Static analysis software, such as SonarQubdzl, measures metrics like
code quality and complexity, offering a means to evaluate patterns in how developers approach
coding tasks. Version control tools like GitMineiP allow researchers to explore commit histories
and changes, shedding light on patterns in programming habits and team interactions. These
platforms provide structured data, which can serve as the foundation for further behavioral
examination and collaboration [IJ.

Additionally, plugins integrated into development environments, such as IntelliJEL gather in-
formation by monitoring activity patterns within these tools. It also appears feasible to consider
semantic similarity [I0] with previously developed solutions since mapping functions can be cre-

ated to allow existing knowledge to be reused.

3. Methodology

Our approach explores various techniques to analyze programmer behavior by extracting
patterns from source code and related activities. Static code analysis measures code complexity,
style adherence, and maintainability, which provide clues about cognitive preferences and work
habits. Sentiment analysis of comments helps identify emotional states and communication
styles. Examining the frequency and type of edits in version control systems is intended to track
problem-solving approaches and collaboration tendencies.

Other techniques include keyword analysis, which identifies words associated with specific
traits, and bug report profiling to assess problem-handling strategies. Statistical and machine
learning methods can further process this data to detect behavioral trends over time, although
this is outside the scope of this paper. The idea is that, together, these methods can create a
detailed view of how individual traits and team dynamics manifest through code and related

interactions. Below, we offer a formal view of our framework.

3.1. Mathematical Representation of Framework

Let C represent the source code, K the set of keywords associated with specific traits, and
M the comments. Let S(C) be the set of extracted comments, and A(M) the sentiment analysis

function applied to the comments.

Thttps://www.sonarsource.com/products/sonarqube/
*https://gitminer.com/
Shttps://www.jetbrains.com/idea/
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3.1.1. Static Code Analysis Metrics

We compute the following metrics:

Complexity : C(C) = f1(C) (e.g., cyclomatic complexity)
Style Adherence : T(C) = f2(C) (e.g., style violations)
Maintainability : M(C) = f3(C) (e.g., maintainability index)

These metrics provide insights into programmer behavior:
Behavioral Traits o< (C(C), T(C), M(C)).

3.1.2. Sentiment Analysis

Sentiment analysis is applied to comments in the following way:
Emotional Tone = A(M), A:M —R.

3.1.8. Edit Frequency and Collaboration Analysis
Define E(t) as the frequency of edits over time ¢, and P(e) as the type of edit e € E. Problem-

solving approaches are analyzed as follows:
P(E)=yg(E,P).

3.1.4. Keyword Analysis

Keyword identification is modeled as follows:
K(C)={k € K : k appears in C}.

8.1.5. Statistical and Machine Learning Methods

Behavioral trends over time ¢ are modeled as:
B(t) =h(C, T,M, A K).

3.1.6. Comprehensive Behavior Model
The overall behavioral model is constructed by integrating all components. Let D denote the

dataset comprising all observations:
D ={C(C), T(C), M(C), A(M),K(C), P(E),U(t)}.
A unified model H that captures programmer behavior is then defined as:



Where ¢ represents a machine learning or statistical function that extracts patterns and

trends from D to predict cognitive preferences, emotional states, and collaboration tendencies.

4. Use Case

The methodology used data from real-world Python repositories to analyze programmer be-
havior. A specific code snippet was selected to demonstrate the approach: a short block of code
extracted from a popular open-source library showcasing a typical error-handling pattern and the

associated comments programmers left behind as they iteratively refined their implementation.

# TODO: Refactor this function to <mprove readability
def calculate_sum(a, b):
try:
return a + b # Adding two numbers
except TypeError:
# Fixzme: Handle cases where input ©s not numeric
print ("Error: Inputs must be numbers")
return None

Listing 1: Sample Code Snippet

1. Code Structure and Style: The complexity of the function was measured as C(C) = 2,
indicating simple logic. Style compliance was rated T (C) = 0.9, reflecting adherence to
coding conventions.

2. Sentiment in Comments: Comments were neutral in tone, with A(M) = 0.0. Including
TODO and Fizme hints at an active focus on improving and resolving issues.

3. Keyword Detection: Keywords such as Refactor and Error were identified, resulting in
K(C) = {"Refactor”, ?Error” }. These terms point to a consideration for quality and error
management.

4. Patterns in Edits: The frequency and nature of error handling and comments revealed
a problem-solving tendency, calculated as P(E) = 0.75. Collaboration patterns were mod-

erate, represented by U(t) = 0.6.

5. Discussion

Our research can also help identify practical applications for software development teams
and project management. The idea behind analyzing programming behavior is to plan tasks
that can be assigned more effectively, aligning with individual strengths to improve efficiency.
Training programs can be tailored to address specific areas where developers may benefit from
skill improvement. This method can also uncover workflow issues or patterns contributing to
frequent errors, allowing teams to address problems before they escalate. These practices support

better team organization, clearer role distribution, and streamlined processes in software projects.




The results demonstrate that programming habits and collaboration can be assessed using
structured methods. Developers with complex code structures may focus on simplifying their
solutions, and neutral comments indicate clearer communication opportunities. Patterns in using
keywords suggest contributions to tasks like bug resolution and quality assurance.

Therefore, the analysis shows that programming behavior can guide improvements in indi-
vidual and team processes. Recognizing coding patterns and interactions allows teams to adjust
workflows to improve collaboration.

There are also challenges to this approach. Sparse or poorly written comments limit the
accuracy of the analysis, and predefined keywords may not capture all relevant behaviors. In
order to address these limitations, future work will include expanding the method to handle
multiple programming languages and incorporating machine learning models for more precise
detection of traits. Testing is an area that could also be further explored [4]. Moreover, it is
an idea to proceed with validation using established psychological assessments to enhance the

reliability of the findings and support its application in varied software development settings.

6. Conclusion

Our work has introduced an automated framework for examining programmer behavior by
analyzing source code and comments. Our framework is intended to identify patterns that reveal
behavioral tendencies such as attention to detail, communication habits, and approaches to
problem-solving. This method shifts away from traditional manual evaluations, offering a more
objective alternative.

The results also show us practical applications for improving team productivity, identifying
training needs, and supporting managerial decisions in software development teams. Future ef-
forts will address current limitations, such as expanding compatibility with multiple programming
languages and improving the precision of trait detection through advanced modeling techniques.
Collaboration with experts from behavioral sciences could further refine the method, enabling a
deeper connection between code patterns and psychological traits. These advancements aim to
provide organizations and researchers with actionable information to support the human aspect

of programming.
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