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Abstract

Identifying the technical specialization of developers is relevant to
software maintenance and evolution tasks, including expert rec-
ommendation, task assignment, onboarding, and the analysis of
open-source communities. However, developer profiles are often
based on self-declared information, which may be incomplete, out-
dated, or disconnected from actual development activity. This pa-
per presents an automated approach for characterizing technical
specialization from public source-code repositories. The approach
combines identity resolution, Degree of Authorship-based file attri-
bution, programming-language inference, language-specific cali-
bration of relative technical experience, dependency extraction, and
LLM-based semantic inference. The resulting profile includes four
dimensions: main programming language, broad technical area, spe-
cific technical skills, and relative technical experience. We evaluated
the approach with 154 GitHub developers across Java, JavaScript,
Python, C, C++, and C#. The results show that dimensions closer to
observable code evidence are inferred more accurately: main pro-
gramming language achieved 97.01% accuracy, followed by specific
technical skills with 86.77%, broad technical area with 80.00%, and
relative technical experience with 75.22%. These findings indicate
that public repositories can support evidence-based developer pro-
filing for maintenance and evolution scenarios, while reinforcing
that public-code activity should not be interpreted as a complete
measure of professional competence or seniority.
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1 Introduction

Identifying the technical specialization of developers is relevant to
software maintenance and evolution tasks, including expert recom-
mendation, task assignment, onboarding, team formation, and the
analysis of open-source communities [1, 13-15, 21]. In distributed
development environments, understanding the languages, technolo-
gies, domains, and abilities of a developer can support coordination
decisions and empirical studies on software ecosystems [18].

In practice, the characterization of developers is often based on
self-declared information, such as resumes, professional profiles,
GitHub descriptions, or technology lists. Although useful, these
sources may be incomplete, outdated, generic, or influenced by how
each developer describes previous experience. Prior studies also
suggest that indicators such as years of experience, job seniority,
and self-assessment do not necessarily provide a direct measure
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of programming ability or task-specific expertise [3, 8]. Therefore,
self-declared information should be complemented with evidence
extracted from actual development activity.

Public source-code repositories provide an observable source
of evidence. Commit histories, maintained files, programming lan-
guages, dependencies, and contribution patterns may reveal techni-
cal activities not explicitly described in professional profiles. How-
ever, transforming repository data into interpretable profiles is
challenging. Simple metrics, such as commits or changed lines,
capture activity volume but not necessarily sustained technical re-
sponsibility. Similarly, dependencies found in code require semantic
interpretation before mapping them to broader technical areas or
specific skills.

Software repository mining has addressed parts of this problem.
Authorship-based metrics, such as Degree of Authorship (DOA), es-
timate the relationship between developers and source-code files [2,
5]. Other approaches infer expertise from repository metrics, li-
braries, programming languages, or technical terms extracted from
code [12, 19, 23]. Studies also map technologies to professional roles
or skills using visualizations, tag-based vocabularies, or supervised
classification [6, 15]. Nevertheless, these dimensions are commonly
treated separately. Existing approaches often focus on authorship
without semantic skill characterization, infer expertise for specific
technologies without considering file responsibility, or depend on
predefined vocabularies and labeled datasets.

This paper investigates to what extent public source-code ev-
idence can be integrated into an automated process for charac-
terizing the technical specialization of developers. We propose
a repository-mining approach that combines identity resolution,
DOA-based file attribution, programming-language inference, rela-
tive technical-experience classification, dependency extraction, and
LLM-based semantic inference. The approach produces a multidi-
mensional profile composed of four dimensions: main programming
language, broad technical area, specific technical skills, and relative
technical experience.

We evaluate the approach using public GitHub evidence from
developers associated with Java, JavaScript, Python, C, C++, and C#.
The calibration phase uses 300 developers, 50 per language, to define
language-specific thresholds for relative technical experience. The
validation phase analyzes 154 developers and compares the inferred
profiles against public evidence from GitHub and other professional
sources when available. The results indicate that the approach is
more reliable for dimensions closer to observable code evidence:
main language identification achieved 97.01% accuracy, specific
technical skills 86.77%, broad technical area 80.00%, and relative
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technical experience 75.22%, with a weighted Kappa of 0.4427. These
findings suggest that public repositories provide useful evidence
for characterizing technical specialization, but this evidence should
not be interpreted as a complete measure of professional seniority.

2 Background and Related Work

Mining Software Repositories (MSR) examines how development
artifacts, such as commits, files, issues, dependencies, and con-
tribution histories, can be analyzed to understand software evolu-
tion, maintenance, collaboration, and developer behavior [7]. Public
repositories, especially GitHub repositories, provide rich evidence
about technical activity, but also introduce methodological risks,
such as incomplete histories, noisy identities, inactive forks, and
misleading activity metrics [9]. Thus, repository-based characteri-
zation requires mechanisms that go beyond raw counts of commits
or changed lines.

One relevant line of research focuses on authorship and main-
tenance responsibility. Fritz et al. [5] proposed the Degree of Au-
thorship (DOA), a metric that estimates the relationship between
developers and source-code files by considering file creation, sub-
sequent contributions, and changes performed by others. Avelino
et al. [2] investigated repository-mining techniques for identifying
software maintainers, showing that authorship-based strategies can
better capture responsibility over code artifacts than simple activity
metrics. In this paper, authorship is not the final target of the anal-
ysis. Instead, DOA is used as an intermediate filtering mechanism
to select files with stronger evidence of technical activity before
inferring languages, dependencies, skills, and relative experience.

Another line of work infers technical expertise from repository
evidence. Santos et al. [17] and Oliveira et al. [16] mined repositories
to identify developers with expertise in libraries and technologies.
Lopes et al. [12] proposed EXTRACTPRO, a tool that generates
developer profiles from source-code metrics and compares repos-
itory evidence with self-declared skills. These studies show that
public development activity can support expertise identification,
but they often focus on specific technologies, libraries, or metrics,
rather than combining authorship, language-specific calibration,
dependency extraction, semantic skill inference, and experience
classification into a single multidimensional profile.

A third group of studies maps source-code evidence to techni-
cal skills, roles, or interpretable profiles. Venkataramani et al. [23]
mapped technical terms from GitHub projects to Stack Overflow
tags to discover expertise. Saxena and Pedanekar [19] proposed
SkillMap, which annotates imports and method calls with Stack
Overflow tags to visualize candidate expertise. Greene and Fis-
cher [6] presented CVExplorer, a tool that explores open-source
contributions to support candidate developer identification. Mon-
tandon et al. [15] mined GitHub evidence to classify users into
technical roles, such as Backend, Frontend, Mobile, DevOps, Data
Science, and Full-Stack. These approaches translate low-level code
evidence into human-interpretable categories, but usually depend
on external vocabularies, predefined tags, supervised classifiers, or
visual exploration.

Compared with prior work, our approach differs in three aspects.
First, it uses authorship as an intermediate filtering mechanism
before inferring technologies and skills, reducing the influence of
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incidental contributions. Second, it combines attributed files and de-
pendencies with semantic inference to produce an interpretable de-
veloper profile. Third, it integrates four dimensions that are usually
studied separately: main programming language, broad technical
area, specific technical skills, and relative technical experience.

We use the term relative technical experience rather than profes-
sional seniority because seniority also involves organizational re-
sponsibility, leadership, communication, mentoring, and contextual
factors that are not directly observable in public repositories [3, 8].
Thus, the goal is not to replace human assessment, but to investi-
gate which dimensions of technical specialization can be supported
by public source-code evidence.

3 Proposed Approach

We propose an automated pipeline for characterizing the technical
specialization of developers from public source-code repositories.
Given a set of public GitHub profiles, the pipeline produces a mul-
tidimensional profile with four dimensions: main programming
language, broad technical area, specific technical skills, and relative
technical experience. Figure 1 summarizes the proposed four-stage
pipeline. First, the study scope and sample are defined according to
the selected programming languages and inclusion criteria. Second,
repository and commit data are collected from GitHub, developer
identities are resolved using profile and commit information, and
string similarity is applied when exact matches are unavailable. The
Degree of Authorship is then calculated for each developer file pair
to identify files with stronger authorship evidence. Third, these
files are analyzed to determine the main programming language,
estimate developers’ relative technical experience, and extract de-
pendencies and other evidence. An LLM interprets this information
to infer technical areas and specific skills. Finally, the results are
integrated into a multidimensional technical profile for each devel-
oper.

3.1 Data Collection and Identity Resolution

The pipeline collects public GitHub data, including repository meta-
data, commit histories, modified files, authorship signatures, file
paths, extensions, modification dates, and dependency evidence.
Repository histories are mined with PyDriller [20], while profile
and repository metadata are obtained through the GitHub API.
To reduce noise, we discard binary files, generated files, depen-
dency directories, files without implementation evidence, file-level
modifications with fewer than three changed lines, and commits
modifying more than 100 files (heuristic threshold).

Identity resolution is performed because commit signatures do
not always match public GitHub profiles. A developer may con-
tribute using different names, e-mail addresses, abbreviations, or
alternative accounts. The pipeline compares username, name, public
e-mail, and commit signatures, consolidating equivalent identities
before computing authorship metrics.

3.2 DOA-Based File Attribution

The approach uses the Degree of Authorship (DOA) to avoid treat-
ing incidental contributions as evidence of technical specialization.
DOA estimates the relationship between a developer and a source-
code file by combining file creation, subsequent contributions, and
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Figure 1: Overview of the proposed pipeline for public-code-
based developer profiling.

changes performed by other developers [2, 5]. For each developer
d and file f, DOA is computed as follows:

DOA(d, f) =3.293 + 1.098 X FA(d, f)
+0.164 X DL(d, f) (1)
-0.321 x In(1 + AC(d, ).

In Equation 1, FA(d, f) indicates whether developer d was the
first author of file f. The term DL(d, f) represents the number of
changes made by the developer to that file, while AC(d, f) repre-
sents changes made by others. For each repository, DOA values are
min-max normalized across all developer-file pairs before applying
the threshold. A file is attributed to a developer only when the
normalized DOA exceeds 0.75 and the absolute DOA is at least
3.293. The first criterion captures relative influence over the file,
while the second prevents attribution based on minimal activity.

The resulting set of attributed files is the central evidence used
by the remaining stages of the pipeline. Thus, the approach does not
infer technical specialization from all files touched by a developer,
but from files with stronger evidence of authorship or maintenance
responsibility.

3.3 Main Language and Relative Technical
Experience

The main programming language is inferred from attributed files.
Each file is mapped to a programming language based on its ex-
tension and syntactic conventions. The language with the largest
number of attributed files is selected as the main language. This
dimension should be interpreted as the language with stronger evi-
dence of public-code responsibility, not necessarily as the preferred
or main professional language of the developer.
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Relative technical experience is estimated from the number of
attributed files in the main language. Since software ecosystems
differ in file granularity, project structure, and coding conventions,
thresholds are calibrated separately for each language. For each
language, the pipeline computes quartiles from a calibration sample
and classifies developers as Junior when x < Q;, Mid-level when
Q1 < x < Qy, and Senior when x > Q,, where x is the number of
attributed files in the main language.

These labels represent relative technical experience observed
in public repositories. They do not represent professional senior-
ity, organizational role, leadership ability, or overall competence.
This distinction is important because public source-code evidence
captures only part of the technical trajectory of a developer.

3.4 Dependency Extraction

The pipeline extracts dependencies from attributed files to collect
semantic evidence about technologies used by each developer. De-
pendency extraction is language-specific: the pipeline searches
for import statements in Java and Python, import and require
statements in JavaScript, using directives in C#, and #include
directives in C and C++.

The extracted dependencies are filtered to remove native li-
braries, generic modules, and uninformative packages. This step
prioritizes third-party libraries, frameworks, and domain-specific
dependencies that provide stronger evidence of technical activity.
These dependencies are not final outputs; they serve as intermediate
evidence for semantic inference.

3.5 Semantic Skill and Area Inference

The pipeline extracts dependencies from attributed files to collect
semantic evidence about technologies used by each developer. De-
pendency extraction is language-specific: the pipeline searches for
import statements in Java and Python, import and require state-
ments in JavaScript, using directives in C#, and #include directives
in C and C++. The extracted dependencies are filtered to remove
native libraries, generic modules, and uninformative packages, pri-
oritizing third-party libraries, frameworks, and domain-specific
dependencies.

Recent studies report the use of LLMs in several software engi-
neering tasks [4], and research on prompt-based learning shows
that outputs may vary according to prompt design, model choice,
and configuration strategies [11]. After filtering, the dependency
list is submitted to an LLM through a structured prompt. The model
returns two semantic dimensions: broad technical area and specific
technical skills. The broad technical area is selected from the follow-
ing categories used in the evaluation: Backend, Frontend, Full-Stack,
Mobile, Data Science, DevOps, Systems Programming, Game Develop-
ment, and Other. Specific skills are generated from the technologies
and concepts suggested by the dependency list.

The use of an LLM is motivated by the difficulty of manually
maintaining mappings between thousands of dependencies and
higher-level technical categories. We treat this stage as an inter-
pretive component, not as an authoritative source of truth. To
improve consistency and reduce variability, we queried GPT-40
with temperature zero and a fixed structured prompt. The prompt
constrained the output format, required the model to rely only on
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the dependency evidence, and avoided free-form judgments about
professional competence. For transparency and reproducibility, the
replication package includes the model version, exact prompt, con-
figuration details, query dates, and anonymized outputs.

At the end of the pipeline, each developer is represented by a
profile with four dimensions: (i) main programming language; (ii)
relative technical experience; (iii) broad technical area; and (iv)
specific technical skills. These dimensions have different degrees
of observability. Main language and relative experience are closer
to repository evidence, whereas broad area and skills depend on
dependency extraction and semantic interpretation.

4 Evaluation Design

The evaluation comprises three parts: dataset construction and cali-
bration, manual validation against public evidence, and quantitative
analysis using accuracy, coverage, agreement, and association met-
rics. The evaluation was guided by the following research questions:
RQ1: How accurately can the approach identify the main program-
ming language associated with developer activity in public code?
RQ2: How accurately can the approach infer broad technical areas
and specific technical skills from dependency evidence?

RQ3: How accurately can the approach classify developers into
relative technical-experience levels based on attributed source-code
files?

4.1 Dataset and Calibration

Developers were randomly sampled from public GitHub profiles
identified through repository searches for Java, JavaScript, Python,
C, C++, and C#. These languages were selected for their widespread
use, presence in the TIOBE index [22], and diversity of program-
ming paradigms, project structures, dependency formats, and ap-
plication domains. We included profiles with source-code evidence
in at least one target language and excluded those with unavailable
repositories, insufficient commit history, or no files retained after
DOA filtering.

The evaluation used two disjoint samples. The calibration sample
comprised 300 developers, 50 per language, and defined language-
specific thresholds for relative technical experience. For each de-
veloper, the number of DOA-attributed files was computed, and
its quartiles were used to define the Junior, Mid-level, and Senior
categories for each language.

The validation sample comprised 154 developers. The pipeline
inferred each developer’s main programming language, broad tech-
nical area, specific skills, and relative technical experience. These
outputs were compared with public evidence from GitHub profiles,
repositories, project descriptions, source code, dependency files,
documentation, professional pages, and other available sources.

4.2 Manual Validation Protocol

Manual validation was done to determine whether each inferred
dimension was supported by public evidence. Each inferred item
received one of 3 labels: Validated, when explicit or strongly con-
sistent public evidence supported the inference; Invalidated, when
evidence contradicted the inference; and No Information, when
public evidence was insufficient to confirm or reject the inference.
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For main programming language, validation considered reposi-
tory languages, attributed files, and recurrent use in public projects.
For broad technical area and specific skills, validation considered de-
pendencies, frameworks, project descriptions, documentation, and
public profile information. For relative technical experience, vali-
dation considered the calibrated category assigned by the pipeline
and public indicators of sustained development activity in the cor-
responding language. Ambiguous, generic, or insufficient evidence
was conservatively classified as No Information. This conservative
strategy reduces the risk of counting unsupported inferences as
correct, especially when public information is sparse or generic.

The validation followed a protocol to reduce subjectivity. Uncer-
tain cases were assigned to No Information, and invalidated cases
were revisited before computing metrics. The protocol was de-
signed to assess whether the approach produces plausible, evidence-
supported profiles, not whether it captures each developer’s com-
plete professional background. Therefore, validation focused on
public-code evidence and publicly observable information.

4.3 Metrics

We used accuracy as the main metric for main language, broad
technical area, specific skills, and relative technical experience. Let
V, I, and NI denote the numbers of cases labeled as Validated, Inval-
idated, and No Information, respectively. Accuracy was computed
only over validable cases:

Accuracy = Vel (2)

Because some inferences could not be confirmed or rejected from
public evidence, we also report validable coverage:

V+I
V+I+NI ©®)

For ordinal experience classification, we used the weighted Co-
hen kappa coefficient to account for partial agreement between
adjacent classes, such as Junior and Mid-level. To analyze whether
errors in broad technical-area inference and specific-skill inference
tended to co-occur, we encoded each validable inference as a binary
error indicator, where 0 represents a validated inference and 1 rep-
resents an invalidated inference. Cases labeled as No Information
were excluded from this analysis. We then computed Spearman rank
correlation over these paired indicators as an association measure
between error patterns in both dimensions. Confidence intervals
were computed to estimate uncertainty for the main accuracy val-
ues.

Together, these metrics allow the evaluation to distinguish di-
mensions that are directly observable from repository evidence,
such as programming language, from dimensions that require higher-
level interpretation, such as technical area, skills, and relative expe-
rience.

Coverage =

5 Results

This section reports the validation results for the four inferred pro-
file dimensions and relates them to the research questions. We first
present accuracy and coverage, then discuss agreement and error
association patterns across dimensions. Table 1 summarizes the
validation results. Accuracy was computed over verifiable cases,
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classified as Validated or Invalidated; cases labeled as No Infor-
mation were excluded because public evidence was insufficient to
confirm or refute the inference. We also report coverage, which
indicates the proportion of cases for which validation was possi-
ble. Overall, the approach performs better for dimensions closer
to observable source-code evidence: main programming language
achieved the highest accuracy, followed by specific skills, broad
technical area, and relative technical experience. Confidence inter-
vals (CIs) were computed for the accuracy values to estimate the
uncertainty associated with each result.

Table 1: Overall validation results.

Dimension Val. Inv. N/ Cov. Acc. 95% CI
Main language 130 4 20 87.01% 97.01% [94.13,99.89]
Broad area 108 27 19 87.66% 80.00% [73.25, 86.74]
Specific skills 105 16 33 7857% 86.77% [80.74,92.81]
Relative exp. 82 27 45 70.78% 75.22% [67.12,83.33]

5.1 RQ1: Main Programming Language

The approach achieved 97.01% accuracy for main language identifi-
cation, with 130 validated cases, four invalidated cases, and 87.01%
coverage. This was the most stable dimension in the evaluation.
The result supports the use of DOA-based file attribution before
language inference, since the language was inferred from files
with stronger evidence of authorship or maintenance responsibility,
rather than from all files touched by a developer.

The few invalidated cases reveal a relevant distinction between
public-code evidence and self-declared specialization. In some cases,
developers described themselves as specialists in one language,
while public repositories contained stronger DOA-based evidence in
another language. Thus, the inferred language should be interpreted
as the main language observed in public-code responsibility, not
necessarily as the preferred language or professional identity of the
developer.

The per-language analysis reinforces this interpretation. Java,
C, C++, and C# achieved 100% accuracy among verifiable cases,
while JavaScript and Python achieved 92.59% and 91.66%, respec-
tively. These two languages are commonly used in heterogeneous
contexts and multi-language repositories, which may explain the
higher number of divergences. Overall, DOA-based file attribution
provided robust evidence for identifying the main programming
language associated with developer activity in public code.

5.2 RQ2: Broad Technical Area and Specific
Skills

The approach achieved 80.00% accuracy for broad technical area and
86.77% for specific technical skills, with coverage values of 87.66%
and 78.57%, respectively. This difference suggests that the approach
is more reliable for dimensions closer to dependency-level evidence.
Specific skills, such as frameworks, libraries, platforms, or technical
concepts suggested by imports and package usage, are directly
connected to extracted dependencies. In contrast, broad technical
areas require higher-level abstraction and are more sensitive to
ambiguity.
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This ambiguity was especially visible in versatile ecosystems.
JavaScript dependencies, for example, may indicate front-end, back-
end, or full-stack development depending on the project context.
Python dependencies may suggest data science, automation, back-
end development, or machine learning, sometimes simultaneously.
In such cases, the approach may produce an inference that is co-
herent with the analyzed repositories, but different from the self-
declared professional focus of the developer.

To investigate whether errors in broad technical-area inference
were associated with errors in specific-skill inference, we computed
Spearman rank correlation between the validation states of both
dimensions. The coefficient was 0.6655, indicating a moderate posi-
tive association. This result is expected because both dimensions
depend on the same underlying evidence: dependencies extracted
from DOA-attributed files and semantically interpreted by the LLM.
However, the association is not perfect, indicating that the approach
may correctly infer the broad area while missing some specific skills,
or identify specific skills while assigning an overly broad or partially
incorrect area.

Overall, dependency extraction combined with semantic infer-
ence was effective for characterizing technical areas and skills, but
the two dimensions had different levels of stability. Specific skills
were more reliably inferred because they are closer to observable
code evidence.

5.3 RQ3: Relative Technical Experience

Relative technical experience achieved 75.22% accuracy, the lowest
among the four evaluated dimensions. It also had the lowest cover-
age, with 45 out of 154 developers labeled as No Information. This
result indicates that public evidence is often insufficient to validate
experience-related inferences, since professional seniority may de-
pend on private work, organizational roles, leadership, mentoring,
architectural decision-making, and non-public contributions.

The error distribution shows that most mistakes were related
to underestimating developers with Senior-compatible public ev-
idence. Among the verifiable cases, 82 developers were correctly
classified: 9 as Junior, 6 as Mid-level, and 67 as Senior. The remaining
27 cases were misclassified. The main pattern was that 24 develop-
ers with Senior-compatible evidence were classified as Junior or
Mid-level, suggesting that experienced developers may not expose
enough public-code activity to reflect their professional trajectory.
Only two cases showed the opposite pattern, in which develop-
ers with Junior or Mid-level reference evidence were classified as
Senior. This reinforces that the metric works better when substan-
tial public-code responsibility is available, but may underestimate
experience that is not fully visible in public repositories.

We also computed the Cohen kappa coefficient and the weighted
Cohen kappa coeflicient for this ordinal classification. The values
were 0.4379 and 0.4427, respectively, indicating moderate agreement
according to Landis and Koch [10]. The weighted value is relevant
because errors between adjacent classes are less severe than errors
between Junior and Senior. Still, the moderate agreement reinforces
that this dimension should be interpreted with caution.

Overall, the approach provides a useful but limited approxima-
tion of relative technical experience. It can identify developers with
strong public-code responsibility, but should not be interpreted as
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a direct measure of professional seniority. Among the evaluated
dimensions, relative experience is the most dependent on evidence
that may be absent from public repositories.

6 Discussion

The results indicate that public repositories can support evidence-
based developer profiling, but the inferred dimensions have dif-
ferent levels of observability. Main programming language and
specific technical skills achieved the best results because they are
directly connected to attributed source-code files and extracted
dependencies. In contrast, broad technical area and relative tech-
nical experience require higher-level interpretation and are more
sensitive to ambiguity, missing information, and the gap between
public activity and professional background.

A central implication is that repository-based profiling should be
interpreted as evidence of public-code responsibility, not as a com-
plete assessment of professional competence. This distinction is
especially important for relative technical experience: limited pub-
lic activity, private repositories, or unresolved identities may lead
to underestimation, while extensive public activity does not neces-
sarily imply a senior professional role. Thus, the proposed approach
is better suited to maintenance and evolution tasks that require
preliminary evidence of technical familiarity, such as maintainer
identification, expert search, onboarding, or maintenance handoff,
rather than definitive decisions about seniority. In these scenarios,
the profile can reduce the search space for human decision-makers
by highlighting developers whose public-code evidence is compati-
ble with a language, technology, or maintenance context.

The profile produced by the approach should therefore be treated
as a decision-support artifact. Main language and specific skills can
be used with higher confidence, broad technical area as an approx-
imation derived from dependency evidence, and relative techni-
cal experience with greater caution. The use of an LLM avoids
manually maintaining large mappings between dependencies and
technical categories, but may be affected by ambiguous dependen-
cies, incomplete context, or model overgeneralization. Future work
should compare LLM-based inference with curated taxonomies,
Stack Overflow tags, package registries, and supervised classifiers.

7 Threats to Validity

We discuss threats to validity following the classification commonly
adopted in empirical software engineering [24]. Regarding con-
struct validity, the inferred dimensions may not fully represent
the concepts they approximate. This is especially relevant for rel-
ative technical experience, which is based on attributed files and
should not be equated with professional seniority. The labels Junior,
Mid-level, and Senior are used as ordinal indicators of public-code
responsibility within a language-specific distribution, not as direct
measures of professional maturity, organizational role, or overall
competence. Similarly, broad technical area and specific skills are
inferred from dependency evidence and may not capture all tech-
nical activities performed by a developer. Thus, absence of public
evidence should not be interpreted as absence of expertise.
Regarding internal validity, errors may arise from identity reso-
lution, DOA computation, dependency extraction, LLM-based se-
mantic inference, or manual validation. We mitigated these threats
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by filtering noisy files, using DOA-based attribution, calibrating
thresholds per language, using reproducible LLM configurations,
and assigning uncertain cases to No Information. Invalidated cases
were also revisited before computing the metrics. However, iden-
tity aliases, incomplete commit metadata, ambiguous dependencies,
incomplete public profiles, evaluator judgment, and future changes
in the behavior of proprietary LLMs may still affect the inferred
profiles.

Regarding external validity, the evaluation considered six pro-
gramming languages and public GitHub developers, but the results
may not generalize to private repositories, industrial projects, other
ecosystems, or developers with little public activity. The approach
is also affected by the visibility of public evidence, since substantial
private or organizational contributions may be underrepresented
by repository-based indicators. Regarding conclusion validity, the
results may be affected by sample size, uneven availability of public
evidence, and the exclusion of No Information cases from accu-
racy computation. Therefore, accuracy values should be interpreted
together with coverage values. This is particularly important for
relative technical experience, which had the largest proportion of
cases without enough public evidence for validation.

8 Conclusion

This paper presented an automated approach for characterizing
the technical specialization of developers from public source-code
repositories. The approach combines identity resolution, DOA-
based file attribution, programming-language inference, language-
specific calibration of relative technical experience, dependency
extraction, and LLM-based semantic inference. The resulting pro-
file includes four dimensions: main programming language, broad
technical area, specific technical skills, and technical experience.

The evaluation with 154 GitHub developers across six program-
ming languages showed that the approach is more accurate for
dimensions closer to observable code evidence. Main programming
language achieved 97.01% accuracy, followed by specific technical
skills with 86.77%, broad technical area with 80.00%, and relative
technical experience with 75.22%. These results indicate that pub-
lic repositories can support evidence-based developer profiling in
maintenance and evolution scenarios, especially when preliminary
evidence of technical familiarity is needed. However, public-code
evidence should be interpreted as partial and observable evidence,
not as a complete measure of professional competence or seniority.

Future work includes expanding the evaluation to other lan-
guages and ecosystems, comparing LLM-based semantic inference
with curated taxonomies and supervised classifiers, improving iden-
tity resolution, and evaluating the approach in concrete mainte-
nance tasks, such as expert recommendation, bug triaging, and
onboarding support. To support reproducibility while preserving
the double-blind review process.

Artifact Availability

Replication materials are available on'.
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