Highlights
UERR: A Unified Effective Retrieval Model for Open-Source Repos-

itories
Neng Zhang, Xin Gu, Jianga Shang, Haishen Lei, Chao Liu, Yiwang Huang,
Zheng Lin, Bingnan Li

e A unified schema for characterizing open-source repositories.
e A query grammar for users to express personalized requirements.

e An effective model for retrieving repositories.



UERR: A Unified Effective Retrieval Model for
Open-Source Repositories

Neng Zhang?®, Xin GuP, Jianga Shang®?, Haishen Lei®f, Chao Liu®, Yiwang
Huang™*, Zheng Lin!, Bingnan Li

@School of Computer Science, Central China Normal University, Wuhan, China
bChina Electronic Product Reliability and Environmental Testing Research
Institute, Guangzhou, China
¢Hubeir Key Laboratory of Intelligent Geo-Information Processing, China University of
Geosciences, Wuhan, China
4 Engineering Research Center of Natural Resource Information Management and Digital
Twin Engineering Software, Ministry of Education, Wuhan, China
¢Fifth Electronic Research Institute of Ministry of Industry and Information
Technology, Guangzhou, China
I Ministry of Industry and Information Technology Key Laboratory of Industrial Software
Engineering Application Technology, Guangzhou, China
9School of Big Data and Software Engineering, Chongging University, Chongging, China
hSchool of Data Science, Tongren University, Tongren, China
iSchool of Software Engineering, Sun Yat-sen University, Zhuhai, China

Abstract

Open-source repositories are widely used to improve the productivity and
quality of modern software development. However, it is generally not an easy
task for developers to find suitable repositories from a large-scale platform,
e.g., GitHub. Although GitHub provides a search engine to support reposi-
tory exploration, the search capability is limited as some important criteria
(e.g., the closed ratio of issues) are not supported, and users cannot specify
fine-grained preferences on different criteria. To address these limitations, we
propose a unified effective repository retrieval model, named UERR. We first
define a unified schema that is useful for retrieving repositories by analyz-
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ing the metadata of GitHub repositories. Our schema includes 30 attributes
grouped into six dimensions, such as functionality, maintenance, and popu-
larity. Based on the schema, we design a query grammar for users to express
their fine-grained requirements with personalized preferences and an inte-
grated method to measure the relevance between a repository and a query.
In particular, we expand acronyms and split conjoined words by leveraging
large language models (LLMs) and design a weighted N-gram based method
to measure functional relevance between textual descriptions of repositories
and queries. Experiments with 20 diverse queries show that UERR signif-
icantly improves the top 1~20 retrieved repositories by 27.12%-165.87% in
terms of the three metrics: Pre@k, MRR@k, and NDCGQk, in comparison
with the search engines provided by Elasticsearch and GitHub. The results
also validate the superiority of our weighted N-gram based functional rele-
vance measurement method over three representative methods.

Keywords: Open-Source Community, Unified Model, Repository Retrieval,
GitHub, Large Language Model (LLM).

1. Introduction

To accelerate the sharing and development of software artifacts, many
organizations and developers publish their artifacts in open-source commu-
nities |1, 2|. For example, as of 15 October 2025, the largest open-source
community in the world, GitHub!, has accumulated more than 420 million
repositories. In modern software development, open-source repositories are
widely used to promote the efficiency of the development process and improve
the quality of software applications.

Existing open-source communities generally provide search engines to as-
sist users in exploring their repositories by queries. A query can consist of
multiple criteria (or conditional items) to support a combinatorial search. As
described in the official documentation? of GitHub, users can search for repos-
itories by repository name, description, size, visibility, etc. Fig. 1 presents the
top-3 repositories returned by the GitHub search engine for a query contain-
ing five conditions: “CAD in:name stars:> 100 language:java language:python
is:public’ (CAD is short for “Computer-Aided Design”). This query aims to

https://github.com/
Zhttps://docs.github.com/en/search-github/searching-on-github
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Figure 1: Top-3 repositories returned for a query by GitHub.

retrieve repositories satisfying four criteria: 1) the repository name contains
the string ‘CAD’; 2) the repository has received more than 100 stars; 3) the
repository is primarily developed using Java or Python; and 4) the repository
is public. From the documentation and the search results returned for several
queries, we find that the GitHub search capability has the following
limitations:

e Only direct attributes (e.g., name and language) of a reposi-
tory can be used in a query, while some indirect attributes (e.g.,
the issue closure ratio (ICR)) of interest to users cannot be used as
query conditions.

e Users cannot specify personalized preferences on query con-
ditions. As for the example query above, the importance of the five
query conditions can be different, e.g., “ CAD in:name” should be more
important than the others. However, there is no way for users to specify
their preferences on the query conditions.

e Unable to deal with slightly complex queries. For example, only
one repository “ ArivunidhiA /Digital- Twin-for-Supply- Chain-Scenario-
Analysis” of low quality (with unknown programming language (PL)
and zero stars) is returned for the query “digital twin for supply chain
in:name”, while actually there are a number of repositories matching
the query on GitHub.



Much work has been dedicated to recommending open-source repositories
using various information from developers and repositories [3, 4, 5, 6, 7, 8,
9, 10, 11, 12, 13]. However, only a small number of studies [14, 15, 16] have
been conducted to assist users in retrieving repositories by queries, which is
a commonly used way to explore repositories in open-source communities.
Moreover, existing repository retrieval approaches only considered part of
attributes (e.g., PLs and the number of stars/forks) of repositories while
neglecting many other information (e.g., license and ICR) that might be of
interest to users. Therefore, there still lacks a comprehensive method
to help users effectively retrieve repositories from GitHub.

To address the limitations of the GitHub search engine and existing repos-
itory retrieval methods, we propose a unified effective repository retrieval
model, named UFRR. Initially, we define a unified schema for characteriz-
ing open-source repositories by analyzing the metadata of repositories on
GitHub. Our schema contains 30 attributes that are useful for users to
search for repositories. The attributes are categorized into six dimensions,
e.g., functionality, maintenance, and popularity, according to the aspects of
repositories described by them. Based on the schema, we propose an inte-
grated model to assist users in retrieving repositories. At first, we design
a query grammar to guide users on how to express their requirements. A
query can use any attribute in the schema associated with users’ personal-
ized preference. For a given query, UERR measures the relevance between
the query and every candidate repository with respect to the query condi-
tion of each attribute. Particularly, we propose to expand acronyms and
conjoined words by leveraging large language models (LLMs) and design a
weighted N-gram [17] based method for measuring the functional relevance
between the textual descriptions of a repository and the query. Finally, a
comprehensive relevance is calculated for a repository by aggregating the
relevance of all query conditions with the user’s preferences.

To evaluate UERR, we create a relatively large dataset of 29,155 repos-
itories from GitHub and conduct experiments with 20 diverse queries. The
GitHub search engine and another popular search engine provided by the
Elasticsearch (ES)? library are used as baselines. The results show that
compared with the baselines, UFRR improves the top 1~20 recommended
repositories by 27.12%-165.87% in terms of three popular metrics: Pre@Qk,

3https://www.elastic.co/elasticsearch
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MRR@k, and NDCG@k. The effectiveness of our weighted N-gram based
functional relevance measurement method is validated by comparing it with
three representative methods, i.e., BM25, the Inverse-Document Frequency
(IDF) [18]-weighted keyword matching, and the IDF-weighted word embed-
ding matching.

The main contributions of this work are outlined below:

1)

We define a unified schema of 30 attributes for characterizing open-
source repositories on GitHub. The attributes are interested by users
when they search for repositories.

We design a query grammar to help users express their requirements
based on our unified schema. Users can add any attribute in the schema
to a query and specify personalized preferences on the attributes.

We propose an effective model, UERR, for retrieving repositories rele-
vant to a query. Particularly, in order to better measure the functional
relevance between a repository and the query, we design an LLM-based
method to expand acronyms and split conjoined words in their tex-
tual descriptions and also propose a weighted N-gram based functional
measurement method.

We evaluate UERR by conducting experiments with 20 diverse queries
in comparison with two popular search engines and three representative
functional relevance measurement methods. The replication package of
this study, including the experiment dataset and the source code of
UERR, is publicly released at GitHub*.

The rest of the paper is organized as follows. Section 2 reviews the related
work. Section 3 introduces the details of our work. Section 4 describes the
experiments and results. Section 5 discusses threats to the validity of our
work. Section 6 concludes the paper.

2. Related Work

2.1. Open-Source Repository Recommendation & Retrieval

Repository Recommendation. Asopen-source repositories have gained
increasing popularity in software development, many studies [3, 4, 5, 6, 19,

“https://github.com/nengz/UERR
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7,8,9, 10, 11, 12, 13] have been conducted on recommending repositories to
developers. For example, Su et al. 3| proposed a recommendation model for
GitHub repositories based on a self-attention mechanism considering user’s
historical operation sequence of repositories. Sun et al. [10] proposed a per-
sonalized approach for recommending GitHub repositories by integrating de-
velopers’ behavior (i.e., create, fork, and star) and project features (i.e.,
the terms from the description and source code). Zhang et al. [12] also
presented a personalized repository recommendation approach by extract-
ing and modeling data related to developers and repositories using a deep
learning technique. Lin et al. [4] defined an open-source weighted heteroge-
neous information network, called OSWHIN;, to integrate four entities (i.e.,
developers, repositories, issues, and pull requests) and their relationships on
GitHub. Then, a repository recommendation framework was proposed using
an OSWHIN-based embedding method. Yu et al. [6] proposed a GitHub
repository recommendation model for developers by combining two kinds of
similarities: the repository similarity measured from a repository knowledge
graph and the developer similarity measured from a developer-repository
matrix. These approaches are proposed to recommend repositories for devel-
opers and cannot be applied to help users search for repositories by queries.

Repository Retrieval. In recent years, some work [14, 15, 16] has been
done on the repository retrieval task. For example, Bissyande et al. [14] devel-
oped an integrated search engine architecture based on a knowledge database
built by combining various metadata from multiple resources: source code,
version control systems, bug tracking systems, and collaborative development
platforms, and providing a query language for users to retrieve repositories.
Wu et al. [16] implemented an open-source repository retrieval service by
extracting structured functional semantics of repositories from six dimen-
sions, such as PL, operating platform, and data format. Yue et al. [15]
implemented a visual retrieval tool, VisRepo, for open-source repositories
by mining repository data from four perspectives, namely topic, technology,
usability, and comprehensibility, and employing a visualization technique to
help users explore the data interactively. Although these approaches have
made some progress in repository retrieval, they do not fully explore the
meaningful information of repositories.

2.2. Attribute Recommendation for Open-Source Repositories

In spite of repository recommendation and retrieval, there has been a
large amount of research work [20, 21, 22, 23, 24, 25, 26, 27, 28, 29| on the
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Figure 2: Overview of our research methodology.

recommendation of various attributes, e.g., developers, issues, reviewers, top-
ics, and license, for open-source repositories. For example, Xuan et al. [26]
proposed a ranking approach for recommending expertise developers to com-
ment on bug reports by leveraging both the collaborative patterns of com-
menters and the specific content of bug reports. Samer et al. [21] introduced a
recommendation approach that can support contributors of open-source com-
munities in identifying relevant issues to work on. Izadi et al. [20] proposed
two models for recommending topics to projects by incorporating the con-
tent of a repository and the semantic relationships among topics assigned to
existing repositories. Zhang et al. [24] developed a machine learning-powered
license recommendation method for open-source repositories based on their
application scenarios. Some attributes considered in these approaches could
be useful for users in retrieving repositories and are included in our unified
schema and supported by our UERR model.

3. Research Methodology

Fig. 2 shows the overview of our research methodology. The details of
the three main stages (1) - (3) are described in the following subsections.



"id": 148177372, "id": 2635747715,

"full_name": "cadCAD-org/cadCAD", "number": 365,

"html_url": "https://github.com/cadCAD-org/cadCAD", "html_url": "https:/github.com/cadCAD-org/cadCAD/issues/365",

"description": "Design, simulate, validate, and operate within complex systems", "title": "Multiprocessing runs 100X+ slower than single simulation ...",

"created_at": "2018-09-10T15:28:572", “body”: “This [notebook](https://github.com/BlockScience/cadCAD-Performance-
"updated_at": "2025-06-03T09:27:00Z", Testing/blob/main/Comparison.ipynb) shows a current simulation model that runs very
"homepage": "https:/cadcad.org", slow when moving to multi-processing ... ”,

"stargazers_cou 573,

"watchers_count": 573,

"language": "Python",

"forks_count": 274,

“license™: {“key”: “mit”,“name”: “MIT License”,“spdx_id”: “MIT”, ...},
"open_issues_count": 11,

"visibility": "public",

2024-11-05T15:15:41Z",
1 "2025-02-16T10:10:09Z",

":1051935829,"name": "bug", "description": "Something isn't working"}],
"repository_url": "https://api.github.com/repos/cadCAD-org/cadCAD",

"issues_url": "https://api.github.com/repos/cadCAD-org/cadCAD/issues{/number}", "comments_url": "https://api.github.com/repos/cadCAD-
"pulls_url": "https://api.github.com/repos/cadCAD-org/cadCAD/pulls {/number} ", org/cadCAD/issues/365/comments",
(a) Part of the metadata of a repository from GitHub (b) Part of the metadata of an issue of the repository shown in (a)

Figure 3: Part of the metadata of a repository and an issue of the repository.

3.1. Open-Source Repository Metadata Collection

In this first step, we collect the metadata of open-source repositories
from GitHub. The metadata is used to define a unified repository schema
(URS) that contains meaningful attributes for retrieving repositories. GitHub
provides RESTful APIs® to access the data of repositories and their issues,
pull requests, etc. We find that there are differences between the reposito-
ries’ metadata. For example, most GitHub repositories have the attribute
‘license’, while some do not, e.g., “ FreeCAD /FreeCAD-library®”. To cover all
possible attributes of GitHub repositories, we randomly sample 1,000 repos-
itories from the set of 29,155 repositories collected for experiments (see Sec-
tion 4) and then obtain their metadata. Fig. 3(a) shows part of the metadata
of a repository, “cadCAD-org/cadCAD”". By analyzing the metadata, there
are 80 attributes in total. Seventy-seven attributes, e.g., ‘full name’ and
‘description’, are possessed by all the repositories, while the three attributes
‘homepage’, ‘language’, and ‘license’ are missed by some repositories.

We also observe that there are a considerable number of attributes’ val-
ues being URLs, e.g., ‘issues_url’. The details of these attributes could be
useful to users when searching for repositories. For example, if we know the
total number of issues of a repository, we can compute the closed ratio of
issues based on the attribute ‘open issues count’ shown in Fig. 3(a). This
value should be cared about by users as it indicates the maintainability of
a repository. Thus, we further obtain the details of these attributes by re-

Shttps://docs.github.com/en/rest?apiVersion=2022-11-28
Shttps://github.com/FreeCAD/FreeCAD-library
"https://github.com/cadCAD-org/cadCAD
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questing their URLs using the corresponding APIs. Fig. 3(b) shows part of
the attributes obtained for an issue.

3.2. Unified Repository Schema (URS) Definition

Based on the metadata of repositories and their URL-style attributes, we
define a unified schema for GitHub repositories by identifying the information
that users might consider for repository retrieval. For this purpose, we re-
cruited three developers from the affiliation of the first co-author. The devel-
opers are interested in our study and have more than three years of experience
exploring GitHub. As a preparation, we create a list of the 80 attributes with
explanations. After introducing the task, we provided the attribute list to the
developers and asked them to complete the task independently within one
week. The developers are guided to identify attributes (including direct at-
tributes and indirect attributes that can be derived from existing attributes)
based on the importance for repository search, i.e., whether an attribute
could affect their decision on the appropriate repository for a query. More-
over, they are allowed to search for any required information on the Web.
From the results submitted by the developers, they identified 35 attributes in
total; and there are eight attributes with disagreements. Then, we asked the
developers to discuss their results together. Finally, they reached a common
decision on a set of 30 attributes. Table 1 presents a brief description and
the source of each attribute. The attributes have three kinds of sources:

e Seventeen attributes, e.g., ‘full name’ and ‘license’, are obtained (or
with a simple transformation) from the original attributes.

e Eleven attributes, e.g., ‘languages’ and ‘total issues count’, are ob-
tained from the response of URL-style attributes. For example, the
issues of a repository are obtained by replacing ‘/{number}’ in the
URL of ‘issues url’ with ‘?state—allépage—i€iper page=100"% where
1 = 1,...,m; and m is the maximum page number which can be ob-
tained from the response of the first page request. From the entire set
of collected issues, we obtain the value of ‘total issues count’.

e Two attributes, i.e., ‘issue_closure rate’and ‘pull request completion
_rate’, are calculated using the values of other attributes. For exam-

8https://docs.github.com/en/rest/search/search?apiVersion=2022-11-28#
search-issues-and-pull-requests
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ple, the issue closure rate (ICR) of a repository, p, is computed as

ICR(p) = %(opg(,*(p)? where OIC(p) is the number of open issues

of p, i.e., the value of ‘open_issues count’; and TIC(p) is the total
number of issues of p, i.e., the value of ‘total issues count’.

To help users better understand the attributes, we categorize them into six
dimensions according to the repository aspects described by the attributes:

e Basic. This dimension contains five attributes describing the basic
information of a repository, including the ‘full name’, ‘created time’,
and ‘homepage’ of the repository, as well as the ‘languages’ (especially
the ‘main_language’) used for the repository development.

e Functionality. This dimension contains three attributes that briefly
describe the functionality of a repository, namely the ‘about _description’
(i.e., the original attribute ‘description’ in Fig. 3, which corresponds to
the field ‘About’ on the webpage of the repository), ‘readme description’
(extracted from the README file of the repository), and ‘topics’.

e Activity. This dimension includes three attributes reflecting a repos-
itory’s development activity: ‘commits count’, ‘releases count’, and
‘last _update time’. Generally, a repository has higher activity when
it has more commits/releases or a more recent last update time.

e Maintenance. This dimension includes four attributes representing
the total number of issues and pull requests (PRs) as well as their
closure/completion rate. Generally, a repository with more issues/PRs
and higher closure/completion rate means it has better maintenance.

e Popularity. This dimension comprises seven attributes that serve
as indicators of a repository’s popularity. Specifically, a repository’s
popularity is positively correlated with the number of user-assigned
stars, developer-created branches/forks, and subscribers/watchers, and
whether the repository has been downloaded.

9The full name of a repository may partially reflect its functionality. When retrieving
repositories, it is suitable to use full name as an attribute for measuring the functional
relevance of a repository to a query.
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e Development Support. This dimension comprises eight attributes
that reflect the development support of a repository, including the num-
ber of contributors and collaborators, the license and visibility, the pri-
vate fork permission (corresponding to the attribute ‘allow forking’),
and the availability of the GitHub Projects'®, Wiki documentation®!,
and GitHub Actions'? features. Specifically, for a repository, its at-
tribute ‘allow _forking’ can be true/false to allow /prevent private forks;
it can use the GitHub Projects, an adaptable, flexible tool, to plan and
track work; it can be equipped with a section called Wiki for hosting
documentation to share long-form content, e.g., the usage, design, and
core principles of the repository; and it can also enable the GitHub
Actions, a continuous integration and continuous delivery platform, to
allow users to automate the build, test, and deployment pipeline.

3.3. Repository Retrieval Model Design

Based on the URS, we propose a unified retrieval model, UERR, for open-
source repositories, which contains two key parts: 1) a query grammar
that introduces users on how to formulate a query; and 2) a relevance
measurement method for calculating the relevance between a repository
and a query.

3.3.1. Query Grammar

For each attribute in the URS, we provide a short identifier for it to be
easily used as a query item and explain the setting constraint on the query
item, as listed in Table 2. Apart from the query items corresponding to
the 30 attributes, we provide two additional query items, FTA and FTAR,
to help users effectively express functional requirements on the attributes:
‘full _name’; ‘topics’, ‘about _description’, and/or ‘readme_description’. For
example, if a user wants to search for repositories with ‘CAD’ appearing in
any of the three attributes: ‘full name’;, ‘topics’, and ‘about description’,
he/she can simply create a query condition “FTA:cad”. If a user wants to

Ohttps://docs.github.com/en/issues/planning-and-tracking-with-projects/
learning-about-projects/about-projects

Uhttps://docs.github.com/en/communities/documenting-your-project-with-wikis/
about-wikis

2https://docs.github.com/en/actions/get-started/
understand-github-actions.
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search for repositories with ‘CAD’ appearing in any of the four attributes,
he/she can create a query condition “FTAR:cad” for simplicity.

If there are multiple query items included in a query, the user can further
express fine-grained preferences on the query items by assigning different
weights. Formally, a query condition of a query item with a value setting
and an optional preference weight can be expressed as

QI : value _expression[: preference weight| (1)

where @)1 is the short identifier of the query item; value expression is the
value setting expression of 1, which can be a single value (e.g., true, 20,
or java), a set of values (e.g., {java,python}), a range value (e.g., [10,20]),
or a logical expression (e.g., >20), according to the setting constraint of QI
(see Table 2); and preference_weight € (0,1.0] is an optional weight that
can be assigned by the user to reflect his/her preference on Q1. A higher
weight indicates a higher preference. If QI does not have a weight, then it
has a default weight of 0.5.

Multiple query conditions are connected by ‘&’. For example, suppose
that Bob is a CAD developer. He wants to search for public repositories rel-
evant to CAD, and the repositories need to be created after 2018-09-10, de-
veloped using Java or Python, licensed using ‘MIT’, and have received 100+
stars. Additionally, Bob has the following preference priority: functionality
> license > language > stars > wvisibility > others. Finally, a query satisfying
Bob’s requirements and preference priority can be formulated as “TP:cad:0.9
6 FN:cad:0.9 € ADES:cad:0.9 & LIC:mit:0.8 & LAN:{java,python}:0.75
€9 StaC:>100:0.7 & VIS:public:0.6 & CT:(2018-09-10,)". For simplicity, the
three functional query conditions “ TP:cad:0.9 & FN:cad:0.9 & ADES:cad:0.9”
can be replaced by “FTA:cad:0.9”.

3.3.2. Relevance Measurement Method

To apply our repository retrieval model, UERR, given a collection of
repositories, R, a prerequisite step is to standardize each repository by ob-
taining or calculating the values of the 30 attributes defined in the URS
(see Table 1). Moreover, to better measure the functional relevance between
a repository and a query, we preprocess the values of the four attributes
‘full _name’; ‘topics’, ‘about description’, and ‘readme description’ of each
repository using the following steps:

12
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Table 1: Unified Repository Schema (URS)

No. Dimension  Attribute Description Source
1 full name Full name of a repository The repository’s full name attribute
2 created time Creation time of a repository The repository’s created at attribute
3 homepage Homepage of a repository The repository’s homepage attribute
4  Basic main_language Main programming language (PL) used The repository’s language attribute
by a repository
5 languages PLs used by a repository Obtained from the response of the repository’s
languages url
6 about description A short summarized description of a The repository’s description attribute
repository (corresponding to the About field on the
repository’s webpage)
7 readme_description The readme description of a repository Obtained from the README file of the
Functionality repository
8 topics A set of topics assigned to a repository The repository’s topics attribute
9 commits__count Number of commits owned by a Obtained from the response of the repository’s
repository commits url
10 releases__count Number of releases owned by a repository  Obtained from the response of the repository’s
Activity releases url
11 last updated time Last updated time of a repository The repository’s updated at attribute
12 total _issues_ count Total number of issues owned by a Obtained from the response of the repository’s
repository issues url
13 issue_closure_ rate (ICR) Issue closure rate of a repository Calculated using the repository’s
total issues count (TIC) and
open_issues count (OIC), ie., ICR = %
14 total pull requests count Total number of pull requests owned by a  Obtained from the response of the repository’s
Maintenance repository pulls_url
15 pull request completion Pull request completion rate of a Calculated using the repository’s
_rate (PRCR) repository total pull requests count (TPRC) and
closed_pull_requests_count (CPRC) (obtained
from the response of the repository’s pulls _url),
i.e, PRCR = SLEC
16 branches count Number of branches owned by a Obtained from the response of the repository’s
repository branches url
17 . has downloads Whether the repository has been The repository’s has downloads attribute
Popularity - -
downloaded
18 forks count Number of forks owned by a repository The repository’s forks count attribute
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Table 1 — continued from previous page

No. Dimension  Attribute Description Source

19 owner followers count Number of followers of a repository’s Obtained from the response of the owner’s
owner (which can reflect the owner’s followers url
popularity)

20 stargazers count Number of stars owned by a repository The repository’s stargazers count attribute

21 subscribers_count Number of subscribers owned by a Obtained from the response of the repository’s
repository subscribers url

22 watchers count Number of watchers owned by a The repository’s watchers count attribute
repository

23 allow forking Whether private forks are allowed by a The repository’s allow forking attribute
repository

24 contributors_count Number of contributors owned by a Obtained from the response of the repository’s
repository contributors _url

25 collaborators count Number of collaborators owned by a Obtained from the response of the repository’s

Development repository collaborators url

26  Support disabled Whether the GitHub Actions workflow is The repository’s disabled attribute
disabled by a repository

27 has projects Whether the GitHub Projects feature is The repository’s has projects attribute
enabled by a repository

28 has_wiki Whether the Wiki documentation feature The repository’s has wiki attribute
is enabled by a repository

29 license License of a repository Obtained from the value of the ‘spdx_id’ key of

the repository’s license attribute (see Fig. 3)

30 visibility

Visibility of a repository

The repository’s visibility attribute




ar

Table 2: Query Items Defined Based on the URS (see Table 1)

No. Attribute Query Setting Constraint No. Attribute Query Setting Constraint
Item Item
1 full name FN Any string 17 has downloads HasDown true/false
2 created time CcT 1) A complete/partial datetime, | 18 forks count FC Similar to the setting of CC
e.g., 2018, 2018-09, 2018-09-10,
or 2018-09-10 15:28:57; 2) A
datetime range, e.g., [2018-09,)
or [2018-09,2018-12]
3 homepage HP true/false, which means the 19 owner_followers count OFC Similar to the setting of CC
homepage is accessible or
inaccessible, respectively
4 main_language LAN 1) A PL, e.g., java; 20 stargazers count StaC Similar to the setting of CC
5 languages 2) A set of PLs, e.g., {java,python}21 subscribers count SubC Similar to the setting of CC
6 about description ADES Any string 22 allow forking AllowFork  true/false
7 readme _description RDES Any string 23 watchers count WatC Similar to the setting of CC
8 topics TP Any string that can probably 24 contributors_count ConC Similar to the setting of CC
represent one or more topic
keywords (e.g., ‘cad’ and
‘cad,stl’)
9 commits__count CC 1) An integer, e.g., 10; 2) An 25 collaborators_count ColC Similar to the setting of CC
integer range, e.g., (10, 20]; 3)
A logical integer expression,
e.g., >10
10 releases count RC Similar to the setting of BC 26 disabled Disabled true/false
11  last update time LUT Similar to the setting of CT 27 has projects HasProj true/false
12 total issues count TIC Similar to the setting of CC 28 has wiki HasWiki true/false
13  issue_closure rate ICR 1) A float, e.g., 0.5; 2) A float 29 license LIC 1) A license, e.g., MIT; 2) A set of
range, e.g., (0.5, 1.0]; 3) A licenses, e.g., {MIT, Apache
logical float expression, e.g., License 2.0}
>0.5
14  total pull requests count TPRC Similar to the setting of CC 30 visibility VIS public/private/internal
15 pull request completion rate PRCR Similar to the setting of ICR 31 — FTA Any string
16  branches count BC Similar to the setting of CC 32 — FTAR Any string




1) Non-text Content Cleaning. We clean up non-text content from
the ‘about description’ and ‘readme _description’, including code snip-
pets, scripts, images, markdown tags, and URLs, as such content is
often noise and ignored by exiting repository retrieval methods.

2) Tokenization, Conjoined Word Splitting & Acronym Expan-
sion. There are conjoined words and acronyms exist in the ‘full _name’,
‘topics’, ‘about _description’, and ‘readme description’, which will af-
fect the functional matching between a repository and a query. To solve
these problems, we first tokenize the four attributes by hyphens (‘-’),
dots (‘.”), underlines (* ), slashes (‘/’), and spaces. Then, we split
conjoined words and expand acronyms using LLMs. In particular, we
adopt the deepseek-chat model*® which corresponds to the version of
DeepSeek-V3.2 during this study. The two prompts used for conjoined
word splitting and acronym expansion are shown in Fig. 4. For instance,
the full name of a repository, “realthunder/FreeCAD _assembly3”, is
transformed to “real thunder free computer aided design assembly 3”
after performing this step.

3) Stopword Removal. We remove stopwords from the token sequences
(obtained after step 2)) based on the stopword list provided in NLTK".

4) Stemming. We reduce each token to its root form (aka. stem) using
the SnowballStemmer module of NLTK, thus eliminating morpholog-
ically varied words. For example, ‘create’, ‘creation’, ‘creating’, and
‘created’ are all stemmed to ‘creat’.

Considering that there can be tens of millions of repositories in R, to
promote the efficiency of repository retrieval for a query, we index all pre-
processed repositories using the Elasticsearch (ES) library.

After preprocessing and indexing the repositories, for a given user query,
e.g. ¢, expressed according to the query grammar (see Section 3.3.1), our
UERR retrieves a list of repositories satisfying ¢ as follows. At first, the
input query string is parsed and represented as ¢ = AC};, where C; is a query
condition as demonstrated in Eq. 1. Then, UERR needs to efficiently obtain
a candidate set of repositories, R(q), from R. This task can be achieved

Bhttps://api-docs.deepseek.com/
Yhttps://www.nltk.org/
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1) Prompt used for conjoined word splitting

Please split multi-word tokens and camel case tokens in the following text into
individual words. For example: "helloWorld" should be split into "hello World",
"deepLearning" into "deep Learning". Output only the processed text without
additional explanation.

Text: {text to be splitted}

2) Prompt used for acronym expansion

Please expand common abbreviations (e.g., cad, nlp, etc.) in the following text
into their full forms. Output only the processed text without additional explanation.
Text: {splitted_text to be expanded}

Figure 4: Prompts used for LLM-based conjoined word splitting and acronym expansion.

using the ES search engine based on the ES index built for the preprocessed
R. However, we find that it is not a good choice to obtain the candidate
repositories by directly inputting all query conditions into the search engine,
which will result in the missing of many functionally relevant repositories
that do not satisfy some non-functional requirements. Considering that the
functional relevance of a repository is generally cared more about by users, we
obtain R(q) concentrating on the functional query conditions, i.e., C;.QI €
{FN, TP, ADES, RDES, FTA, FTAR}.

Next, we measure the relevance between each candidate repository r €
R(q) and ¢ by integrating the relevance between r and each query condition
C;, denoted as rel(r,C;). Specifically, rel(r,C;) is calculated based on the
type of Cj.value expression as follows.

e Single Value (a). For this type of value'®, the closer the corresponding
attribute value of r is to a, the higher rel(r,C;) should be. Let A;
denotes the attribute of r that corresponds to the query item C;.Q1,
and r.4; is the value of A;. Then, rel(r,C;) is calculated using Eq. 21
In the equation, ».mPL represents the main PL of r; r.PLs represents
the set of PLs used by r; 1{} is an indicator function; secs() calculates
the number of seconds in a datetime interval.

15For the string-typed single value from the value expression of a functional query con-
dition, rel(r,C;) is measured using Eq. 6 instead of Eq. 2.

6For the branches of Egs. 2~5, the computation of rel(r, C;) is performed sequentially
from the top branch to the bottom branch based on the if-conditions.
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(

((9U{a==rmPL}-1 ifa€er.PLs

1 if a equals/belongs to r.A;

_ |r.A;—al . . .
0.99 * (1 mawrjemq)lrj-&—al) if a is an integer or a float (2)
0.99 * (1 — secs(|r.Ai —al) ) if a is a datetime

mamrjeR(q)secs(|rlei—a|)

\ 0 otherwise

1 if r.A; € range
i min(|r.A;—al,|r.A;—b|) . .
0.99 x (1 maxrjeR(q)min(|Tj-Ai_aMTj-Ai_bD) if @ and b are integers/floats
0.99 % (1 — min(secs(|r.A; ~al).secs(rAi ~b])) ) if a and b are datetimes
L maxrjeR(q>min(secs(|rj.Ai—a\),secs(hj.Ai—bD)
(3)
( .
1 if rA;, €8
0.99 % (1 — minees|r.Ai—e] if the elements in S are integers/floats
mamrjeR(q)mmeesVJ.Al—e|
0.99 % (1 — mincessees(rAizel) ) if the elements in S are datetimes
mazrjeR(wmzneegsecsﬂrj.Alfe|)
ZeE'r PLsNS 2t{e==rmPL}-1 3 3
‘ == P if the elements in S are PLs
max 2 7
T €R(q) ZeerjAPLsﬁS
L0 otherwise

(4)

e Range Value (range=la,bl, (a,b), (a,b], or [a,b)). For this type of

value, rel(r,C;) is calculated using Eq. 3 based on whether r.A; falls
within the range or its proximity to the lower and upper bounds of
the range. Note that if a is not given (e.g., (,20]), it is set to 0, 0.0,
or the launch datetime of GitHub, respectively; and if b is not given
(e.g., [20,)), it is set to the MAX INT, 1.0, or the datetime when g is
submitted, respectively.

Set Value (S={a,b,...}). For this type of value, rel(r,C;) is calcu-
lated using Eq. 4 based on whether r.A; contains any element in the
set or its best proximity to any element in the set.

Logical Expression (LE=> a, > a, < a, or < a). For this type of
value, rel(r, C;) is calculated using Eq. 5 based on whether r. A; satisfies
the expression or or its proximity to the lower/upper bound of LE.
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1 if r.A; satisfies LE

0.99 % (1 — Ir-Ai—al —) if a is an integer or a float
maxrjER(q)‘T]'Az a| (5)
0.99 (1 — secs(|r.Ai —a]) ) if a is a datetime

maac,.jER(q)secs(\’/‘j.A,-—aD

\ 0 otherwise

e String Value (s). This kind of value appears in the functional query
conditions. If C;.QI € {FN, TP, ADES, RDES, FTA, FTAR}, rel(r, C;)
is calculated by measuring the functional relevance between s and r.A;.
Specifically, s is first preprocessed using the steps described previously.
We then compute rel(r, C;) using a weighted N-gram based method,
ie.,

T x| GR(T(s)) N GR(T(r.47)) |
mazeng Spoy O kx| Ge(T(s)) N Gr(T(r;.A47)) |

(6)

where T'(s) denotes the preprocessed token sequence of s; len(T(s)) is
the length (i.e., the number of tokens) of T'(s); and G (T'(s)) represents
the set of k-grams obtained from 7'(s).

After calculating the relevance scores between all query conditions of ¢
and the corresponding attribute values of r, the overall relevance between r
and ¢, denoted as rel(r, q), is calculated by incorporating the user’s prefer-
ences:

rel(r,q) = Z rel(r,C;) x Cy.preference weight (7)

Ci;€q

Notice that if there are a relatively large number of candidate reposi-
tories obtained using the ES search engine, it could be time-consuming to
measure the relevance between every candidate repository and the query us-
ing Egs.2~7. We can reduce the search space by retrieving an initial set of
top-n (e.g., 100 by default according to our experiment results) repositories.
Although the default keyword-based matching mechanism employed by the
ES search engine cannot accurately measure the functional relevance between
a repository and the query, the reduced set of candidate repositories can fil-
ter most of the functionally dissimilar repositories and greatly improve time
efficiency. After that, we measure the relevance between each of the top-n
candidate repositories and the query using our proposed method. By sorting
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the candidate repositories in descending order according to their relevance
to the query, a repository recommendation list is produced.

Through observation, there can be repositories in the recommendation
list that have the same relevance but differ in the values of user-queried at-
tributes. The rankings of such repositories can be refined according to the
magnitude or popularity of the attribute values. Generally speaking, the
functional relevance measured on the four attributes corresponding to the
query items FN, TP, ADES, and RDES should be as high as possible. For
the other attributes, if their values do not satisfy the query conditions: 1)
the integer or float values (e.g., the values of ‘stargazers count’ and ‘is-
sue_closure rate’) should be larger the better; 2) the enumeration values
(e.g., the values of ‘main_language’ and ‘license’) with higher popularity!” is
preferred; 3) for the boolean values (e.g., the values of ‘has downloads’ and
‘has_ wiki’), true is better than false. Based on these heuristics, we re-rank
the candidate repositories with the same relevance. If such repositories have
multiple attributes with different values, their rankings are adjusted sequen-
tially following the priority of the user’s preferences on the query conditions.
Specifically, the repositories are first re-ranked according to the values of the
attribute, A, with the highest preference; after that, if multiple repositories
still have the same value of A, they are further re-ranked according to the
next attribute by preference.

Finally, for each recommended repository, the values of its attributes
corresponding to the query items along with the relevance scores are displayed
to help the user effectively determine the suitable repository.

4. Evaluation

In this section, we evaluate our proposed UEFRR by conducting a series
of experiments to answer the following four research questions (RQs).

e RQ1. What is the proper setting of the parameter n?

e RQ2. How effective is UEFRR compared with existing search engines?

[R(e)]

R where

1"The popularity of a PL, license, or visibility, e.g., e, can be measured as

R(e) denotes the set of repositories labeled with e, licensed by e, or set as e.
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Table 3: Statistics of the numbers of stars and commits of 29,155 experimental repositories

Attribute Min Max Mean Std

#Stars 0 64,652  22.79  687.78
#Commits 1 564,658 92.09  3,435.95

e RQ3. Do the LLM-based preprocessing steps and the weighted N-gram
based functional relevance measurement method contribute to better
performance of UERR?

e RQ4. How efficient is UERR?

Our experimental environment is a laptop with Intel(R) Core(TM) i7-
1360P 2.20 GHz and 32GB RAM, running Windows 11 OS.

4.1. Experiment Setup

Dataset. We collect 29,155 repositories primarily related to five indus-
trial topics, i.e., computer numerical control (CNC), computer-aided design
(CAD), computer-aided manufacturing (CAM), programmable logic con-
troller (PLC), and supply chain optimization, from GitHub. Specifically,
for each topic, we obtain all relevant repositories retrieved by requesting
the GitHub repository search API'® with the topic keywords. For instance,
the URL used to retrieve the repositories about “computer numerical con-
trol” is: “https://api.github.com/search/repositories?q—=computer numerical
control in:name,description,topics”. The limitation of the GitHub API that
returns at most 100 repositories per request is addressed using a strategy of
pagination and multi-batch retrieval based on creation datetime partitioning,
which are implemented by setting the parameters per_page and created.

By performing a preliminary analysis of the repositories, they involve
179 languages, e.g., Jupyter Notebook and Python. The numbers of stars
and commits of the repositories both have a wide distribution, ranging from
0 to 64,652 (with a mean of 22.79) and from 1 to 564,658 (with a mean
of 92.09), respectively, as listed in Table 3. These results indicate that the
repositories have good diversity and can effectively cover GitHub repositories
with different characteristics.

8https://docs.github.com/en/rest/search/search?apiVersion=2026-03-10#
search-repositories

21


https://docs.github.com/en/rest/search/search?apiVersion=2026-03-10#search-repositories
https://docs.github.com/en/rest/search/search?apiVersion=2026-03-10#search-repositories

GG

Table 4: Experimental Queries

ID Query UERR Query

Q1 plc simulator FTA:plc simulator

Q2 cne gecode FTA:cnc gcode

Q3 geometry kernel occt FTA:geometry kernel occt

Q4 programmable logic controller simulator FTA:programmable logic controller simulator

Q5 computer numerical control gcode FTA:computer numerical control gcode

Q6 3d-printing marlin using ¢, and functionality is more important FTA:3d-printing marlin:0.9 & LAN:c

Q7 supply chain simulation in python/c+-, and functionality is more important ~ FTA:supply chain simulation:0.9 & LAN:{python,c++}:0.7

Q8 inventory optimization with c++, and functionality is more important FTA:inventory optimization:0.9 & LAN:c++:0.7

Q9 digital twin for supply chain, c#, and functionality is more important FTA:digital twin for supply chain:0.9 & LAN:c#:0.7

Q10  gcode generator cam python, and functionality is more important FTA:gcode generator cam:0.9 & LAN:python:0.7

Q11  plc simulator using python, stars>100, with priority “functionality > FTA:plc simulator:0.9 & LAN:python:0.7 & StaC:>100
language > stars”

Q12  cnc gecode with c#/c++, stars>100, with priority “functionality > language FTA:cnc gcode:0.9 & LAN:{c#,c++}:0.7 & StaC:>100:0.6
> stars”

Q13  geometry kernel occt, python, stars>100, with priority “functionality > FTA:geometry kernel occt:0.9 & LAN:python:0.7 &
language > stars” StaC:>100:0.6

Q14  3d-printing marlin, c, stars>100, with priority “functionality > language > FTA:3d-printing marlin:0.9 & LAN:c:0.7 & StaC:>100:0.6
stars”

Q15 inventory optimization with c+-, stars>100, with priority “functionality > FTA:inventory optimization:0.9 & LAN:c++:0.7 &
language > stars” StaC:>100:0.6

Q16 plc simulator using python, stars>100, with over 50% issues are solved, with ~ FTA:plc simulator:0.9 & LAN:python:0.7 & StaC:>100:0.6 &
priority “functionality > language > stars > others” ICR:(0.5,)

Q17  cnc geode with c#, stars>100, with 50+% issues and pull requests are FTA:cnc geode:0.9 & LAN:c#:0.7 & StaC:>100:0.6 &
completed, with priority “functionality > language > stars > others” ICR:>0.5 & PRCR:>0.5

Q18  geometry kernel occt, python, stars>100, with over 50% issues are solved, FTA:geometry kernel occt:0.9 & LAN:python:0.7 &
with priority “functionality > language > stars > others” StaC:>100:0.6 & ICR:>0.5

Q19  3d-printing marlin, c¢/c++/c#, stars>100, with over 50% issues are solved, FTA:3d-printing marlin:0.9 & LAN:{c,c++,c#}:0.7 &
with priority “functionality > language > stars > others” StaC:>100:0.6 & ICR:>0.5

Q20 inventory optimization with ¢+, stars>100, with over 50% issues are FTA:inventory optimization:0.9 & LAN:c++:0.7 &

solved, with priority “functionality > language > stars > others”

StaC:>100:0.6 & ICR:>0.5




We finally standardize each repository by extracting or computing the val-
ues of the 30 attributes defined in our URS (see Table 1). The content of the
attributes ‘full name’; ‘topics’, ‘about _description’, and ‘readme__description’
are preprocessed using the steps described in Section 3.3.2. Then, we create
an ES index for the preprocessed repositories.

Queries. We create 20 experimental queries as listed in Table 4. The
column “UFERR Query” presents the queries formulated according to our
query grammar (see Section 3.3.1), and the column “GitHub Query” presents
the queries expressed using the repository search syntax of GitHub APIs.

The queries exhibit various characteristics. Some queries, e.g., Q1~Q3,
have acronyms, such as ‘plc’; ‘enc’, and ‘occt’ (short for “Open CASCADE
Technology'®”), while some queries, e.g., Q4 and Q5, use the full expanded
forms of the acronyms. Moreover, the queries vary in complexity, with 0~4
non-functional requirements, e.g., “using c¢”, “stars>100", and “over 50% is-
sues are solved”. Furthermore, some queries, e.g., Q6~Q20, are associated
with user-defined priority, e.g., “ functionality is more important” and “func-
tionality > language > stars”. Notice that the query grammar of UERR has
more powerful expression capability than the search syntax of GitHub APIs.
For example, some non-functional requirements, e.g., those on the issue clo-
sure ratio (ICR) and pull request completion ratio (PRCR) of Q17~Q20,
cannot be expressed using the GitHub search syntax. The user’s preference
priority is also not supported by GitHub.

Baselines. We select two popular search engines and three representative
retrieval methods as baselines, which are briefly introduced as follows.

e GitHub Search Engine (GHSE). The capability of GitHub search
engine is implemented by the GitHub search APIs. We retrieve the
repositories for a query by calling the repository search APIs using the
corresponding “GitHub Query” shown in Table 4.

e Elasticsearch search engine (ESSE). This is the default search
engine implemented by the ES library, which has been widely adopted
in both industry (e.g., AWS and Google Cloud) and academia [30, 31].
For a query, we transform the “UFRR Query” according to the query

Y0pen CASCADE Technology (OCCT) is a software development platform providing
services for 3D surface and solid modeling, CAD data exchange, and visualization. More
details can be found on the official website https://dev.opencascade.org/
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grammar of ES and retrieve the repositories by calling the ES search
API based on the ES index built for the preprocessed repositories.

e BM25-based Functional Matching (BM25). BM25 is a popular
functional matching algorithm used for text/document retrieval. We
implement the algorithm using the bm25s module® and apply it to
measure the functional relevance between a repository and a query.
Specifically, we first create four BM25 indexes for the full name (FN),
topics (TP), about description (ADES), and functional text (FTA)
of the preprocessed repositories and then use them to retrieve similar
repositories for the corresponding conditions of a query. The resulting
functional relevance between a repository and the query is used to
replace our weighted N-gram based method.

e IDF-weighted Keyword Matching (IDF+KWDM). This is a sim-
ple classic method for measuring the functional relevance between a
candidate repository, r, and a query, ¢, denoted as rel(r,q). We first
calculate an asymmetric relevance of r to ¢ using Eq. 8. Similarly, an-
other asymmetric relevance of ¢ to r can be calculated by exchanging
the order of r and ¢ in Eq. 8. Finally, rel(r, q) is calculated as the
harmonic mean of both asymmetric relevance scores.

> ter(rnt(q) 1 (1)
ZteT(r) de(t)

where T'(r) and T'(q) represent the two sets of tokens contained in the
textural descriptions of r and ¢, respectively; and idf(t) is the IDF
value of the word t. The IDF values of all words are calculated using
the TfidfVectorizer module of Scikit-learn?' from the preprocessed
descriptions of all repositories.

rel(r — q) =

(8)

e IDF-weighted Word Embedding Matching (IDF+WEM). This
is a popular method widely used to measure semantic functional rele-
vance between the textual descriptions of a candidate item and a query
by leveraging the distributed vector representations of words learned
using word embedding techniques, e.g., Word2vec [32]. To employ this

2Onttps://github. com/xhluca/bm25s
2https://scikit-learn.org/stable/
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method, we obtain the embedding vectors of words by applying the
Word2vec module of Gensim?? to the set of descriptive sentences from
all preprocessed repositories. Then, for a candidate repository, r, and
a query, ¢, the asymmetric semantic relevance of r to ¢ is calculated as

> tier(r Mazyergesim(V(t:), V(t5)) x idf ()
2err vf (£:)

where V(t) denotes the embedding vector of the word ¢; and csim()
calculates the Cosine similarity between two embedding vectors. After
calculating another asymmetric relevance of ¢ to r by exchanging their
order in Eq. 9, the final semantic relevance between r and ¢ is calculated
as the harmonic mean of both asymmetric relevance scores.

(9)

The two search engines, GHSE and ESSE, are used to answer RQ2. The
three functional relevance measurement methods, BM25, IDF+KWM, and

IDF+WEM, are used to answer RQ3 by implementing three variants of
UERR (see Section 4.4).

Metrics. We use three widely used metrics: Pre@k (Precision at k),

MRR@k (Mean Reciprocal Rank at k), and NDCG@k (Normalized Dis-
counted Cumulative Gain at k), to evaluate the top-k repositories produced
by UERR and the baselines.

# relevant repositories in top-k

PrecQk =
rec ’

MRRQk — {%{ if rank; < k
o

otherwise

1 k 27"eli—1

NDCGQk =
]DCGk i—1 l0g2(1 + Z)

where rank; is the ranking position of the first relevant repository in the
recommendation list; rel; is the relevance of the repository at the ranking
position i; and I DC' Gy, represents the maximum possible DCG score through
position k£ that can be achieved for a query.

22nttps://github.com/piskvorky/gensim
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4.2. RQ1: What is the proper setting of the parameter n?

Motivation. As described in Section 3.3, there is a key parameter in
UERR, i.e., the top-n candidate repositories retrieved using the ES search
engine. The setting of n has an impact on the performance of UERR. A
small n (e.g., 50) may miss some repositories relevant to the query, while
a relatively large n (e.g., 500) may introduce many irrelevant repositories.
Therefore, it is necessary to determine the proper setting of n to ensure good
performance of UERR.

Experiment. We perform UERR for each query listed in Table 4 by
varying n from 50 to 1,000. Then, we collect the entire set of the top-20
repositories recommended for each query under the different n values. Two
master students from the affiliation of the first co-author evaluate the rele-
vance of each repository to the query by five grades: 0-‘strongly irrelevant’, 1-
‘irrelevant’, 2-‘neutral’, 3-‘relevant’, and 4-‘strongly relevant’. The students,
respectively, have three and five years of experience exploring repositories on
GitHub. In total, there are 844 repositories to be evaluated. Both students
first perform the evaluation independently; and they have disagreements on
the relevance of 129 repositories. We measure the inter-rater agreement be-
tween the two students using Cohen’s Kappa [33]. The value is 0.79, indi-
cating substantial agreement. After discussing the disagreements together,
both students reach a common decision on the evaluation results. Then, for
each setting of n, we measure the Pre@k, MRR@k, and NDCG®@k values for
each recommendation list and compute the average of every specific metric
(e.g., Pre@1) for all queries.

Result. To ensure an overall good performance of UERR, it
is recommended to set n=100. Table 5 presents the average Pre@Qk,
MRR@k, and NDCG@k of UFRR under the different settings of n. As n
increases from 50 to 1,000, the performance of UERR first rises and then
declines in terms of every specific metric in most cases (except Pre@3). Most
peak values are reached when n=100. We analyze the relevance of recom-
mended repositories and find that increasing n from 50 to 100, more relevant
repositories are included in spite of some noise, which leads to performance
improvement. When n increases to more than 100, a considerable number of
irrelevant repositories are introduced with only a few relevant ones, resulting
in a decrease in performance.
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Table 5: Average performance of UERR under different n values
n Pre@l Pre@3 Pre@5 Pre@10 Pre@15 Pre@20

50 1.00 0.97 0.92 0.89 0.84 0.81
100 1.00 0.95 0.95 0.90 0.86 0.84
200 0.95 0.92 0.86 0.84 0.79 0.78
300 0.90 0.87 0.81 0.80 0.75 0.72
500 0.85 0.83 0.81 0.82 0.78 0.73
1000  0.85 0.83 0.80 0.80 0.77 0.72

n MRR@l MRR@3 MRR@5 MRR@10 MRR@15 MRR@20

50 1.00 1.00 1.00 1.00 1.00 1.00
100 1.00 1.00 1.00 1.00 1.00 1.00
200 0.95 0.97 0.97 0.97 0.97 0.97
300 0.90 0.92 0.92 0.92 0.92 0.92
500 0.85 0.88 0.90 0.90 0.90 0.90
1000  0.85 0.89 0.90 0.90 0.90 0.90

n NDCG@l NDCG@3 NDCG@5 NDCG@10 NDCG@15 NDCG@20
50 0.91 0.90 0.90 0.89 0.88 0.87
100 0.94 0.90 0.91 0.90 0.88 0.88
200 0.91 0.87 0.85 0.86 0.85 0.84
300 0.89 0.86 0.83 0.84 0.83 0.82
500 0.86 0.83 0.82 0.84 0.82 0.81
1000  0.86 0.83 0.81 0.81 0.80 0.78

4.3. RQ2: How effective is UERR compared with existing search engines?

Motivation. UERR aims to address the limitations of the GitHub search
engine (GHSE). We need to validate whether UERR can retrieve more rele-
vant repositories for queries than GHSE. Moreover, ES provides an efficient
search engine for a large-scale corpus, which has been widely used in indus-
try and academia. We also want to validate the effectiveness of UERR by
comparing it with the ES search engine (ESSE).

Experiment. We implement GHSE by calling the GitHub repository
search API with the experimental queries expressed according to the search
syntax of GitHub, and also implement ESSE by applying the ES search API
to each query based on the ES index built for the preprocessed repositories,
as described in Section 4.1. The relevance of the top-20 repositories retrieved
using GHSE and ESSE are evaluated by the two master students involved
in the experiment of RQ1. In total, both baselines recommend 413 new
repositories that need to be evaluated. By independently performing the
evaluation, both students have 53 disagreements; and the Cohen’s Kappa
value is 0.82, which indicates almost perfect agreement. The higher agree-
ment can be attributed to the students’ prior evaluation experience. After
discussing the disagreements, both students also reach a consensus. Then,
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for each baseline, we measure the Pre@k, MRR@k, and NDCGQk of each
recommendation list and compute the average metric values for all queries.

We further calculate the performance improvement ratio of UFRR com-
pared to each baseline B as M(UERA}Z?E’;%BM)) for every specific metric
m. M(UERR,m) and M (B, m) respectively denote the average value of m
achieved by UEFRR and B. Moreover, we examine whether the performance
improvement of UERR over B is statistically significant using the Wilcoxon
signed-rank test [34].

Result. UERR achieves the best performance and significantly
improves ESSE and GHSE by 27.12%~165.87% in terms of all met-
rics. Table 6 presents the comparison of Pre@k, MRR@Qk, and NDCG@Qk be-
tween UFRR and the two baselines. The rows ‘UERR vs ESSE’ and ‘UERR
vs GHSE’ in the table present the performance improvement ratio with sig-
nificance of UERR over the two baselines.

UERR achieves the optimal performance and improves both baselines by
a relatively large margin. Specifically, in terms of Pre@k, as k increases from
1 to 20, the average performance of UERR decreases from 1.00 to 0.84, while
the average performances of ESSE and GHSE decrease from 0.55 to 0.39 and
from 0.75 to 0.32, respectively. The improvement ratios of UEFRR compared
to ESSE and GHSE are 81.82%~114.74% and 33.33%~165.87%, respectively.
In terms of MRR@k, the average metric values of UERR, ESSE, and GHSE
are almost stable (except for a slight increase observed on the MRR@3 of
ESSE), at 1.00, 0.57, and 0.75, respectively. UERR improves ESSE and
GHSE by 73.91% ~ 81.82% and 33.33%, respectively. The NDCGQk values
of UERR, ESSE, and GHSE decrease from 0.94 to 0.88, from 0.61 to 0.47, and
from 0.74 to 0.38, respectively. The improvement ratios of UERR compared
to ESSE and GHSE are 53.06%~87.7% and 27.12%~130.86%, respectively.
Almost all the improvements of UERR over the baselines (except “ UERR vs
GHSE” on NDCG@1) are statistically significant.

From the perspective of Pre@k and NDCGQ@k, we observe that GHSE
performs better than ESSE when k is less than 5, and thereafter GHSE
becomes worse than ESSE. This contrasting result is due to the fact that
although most repositories retrieved by GHSE are relevant to the queries,
however GHSE can return only a few (e.g., less than 5) repositories for 15
(75%) queries. In contrast, ESSE recommends more than 20 repositories for
13 (65%) queries. Through our analysis, ESSE and GHSE share a common is-
sue: they cannot distinguish the importance priority between functional and
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Table 6: Performance comparison between UERR and two baselines

Method Pre@l1 Pre@3 Pre@5 Pre@10 PreQl15 Pre@20
ESSE 0.55 0.55 0.50 0.44 0.41 0.39
GHSE 0.75 0.58 0.49 0.38 0.34 0.32
UERR 1.00 0.95 0.95 0.90 0.86 0.84

UERR vs ESSE 81.82%** 72.73%%* 90.00%** 104.55%***  109.76%*** 114.74%***
UERR vs GHSE 33.33%* 62.86%** 93.88%***  136.84%*** 155.45%*** 165.87%***

Method MRR@1 MRR@3 MRR@5 MRR@10 MRR@15 MRR@20
ESSE 0.55 0.57 0.57 0.57 0.57 0.57
GHSE 0.75 0.75 0.75 0.75 0.75 0.75
UERR 1.00 1.00 1.00 1.00 1.00 1.00

UERR vs ESSE 81.82%** 73.91%** 73.91%** 73.91%** 73.91%** 73.91%**
UERR vs GHSE 33.33%* 33.33%* 33.33%* 33.33%* 33.33%* 33.33%*

Method NDCGa@l1 NDCG@3 NDCG@5 NDCG@10 NDCG@l5 NDCG@20
ESSE 0.61 0.56 0.54 0.50 0.48 0.47
GHSE 0.74 0.61 0.54 0.45 0.40 0.38
UERR 0.94 0.90 0.91 0.90 0.88 0.88

UERR vs ESSE 53.06%** 61.25%** 69.82%***  79.76%***  82.58%***  87.T0%***
UERR vs GHSE 27.12% 47.57%** 69.81%** 100.12%***  117.75%***  130.86%***

*: p<0.05, ¥*: p<0.01, ***:p<0.001

non-functional requirements. They try to find repositories that could strictly
satisfy (adopted by GHSE) or partially satisfy (adopted by ESSE) all the
requirements specified in a query. This is the reason why they cannot recom-
mend enough candidate repositories for some queries. UERR overcomes this
issue by obtaining an initial set of top-n candidate repositories according to
the functional requirements only and then measuring the comprehensive rel-
evance between every candidate repository and the query. Therefore, UERR
can always return a sufficient number of candidate repositories for a query.

We also find that GHSE cannot match acronyms with their full expanded
forms (e.g., ‘CAD’ vs “computer-aided design”). As a result, only one repos-
itory is returned for Q4 and Qb, respectively, while 130 and 624 repositories
are returned for Q1 and 2, respectively. This limitation is addressed by
UERR using the LLM-based acronym expansion step.

4.4. RQ3: Do the LLM-based preprocessing steps and the weighted N-gram
based functional relevance measurement method contribute to better per-

formance of UERR?

Motivation. Despite the URS and the query grammar designed for
UERR, we propose another two special mechanisms: 1) LLM-AE+CWS: the
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LLM-based acronym expansion and conjoined word splitting step used to pre-
process the textual descriptions of repositories and queries; and 2) Weighted-
Ngram: the weighted N-gram based method for measuring the functional
relevance between a repository and a query. It is necessary to verify whether
these mechanisms can help improve the performance of UERR.

Experiment. We implement four variants of UERR, namely 1) UERR
(BM25): This variant replaces Weighted-Ngram with the BM25 method de-
scribed in Section 4.1; 2) UERR(KWM): This variant replaces Weighted-
Ngram with the IDF+KWM method described in Section 4.1; 3) UERR
(WEM): This variant replaces Weighted-Ngram with the IDF+WEM de-
scribed in Section 4.1; and 4) UERR(-LLM): This variant removes LLM-
AE+CWS from the preprocessing pipeline for repositories and queries.

We apply the four variants of UERR to each query. The two master
students participated in the experiments of RQ1 and RQ2 evaluate the top
20 repositories recommended by the variants for each query. There are 914
newly recommended repositories. Both students first evaluate the relevance
of the repositories independently, which results in 80 disagreements. The
Cohen’s Kappa value is 0.88, indicating almost perfect agreement. The stu-
dents eventually reach a consensus by discussing the disagreements. Then,
for each variant, we measure the Pre@k, MRR@k, and NDCG®@k for each
recommendation list and compute the average metric values for all queries.
Similar to the experiment of RQ2, we calculate the performance improvement
ratios of UERR compared to each variant and test the statistical significance
of the improvement achieved by UERR over the variants.

Result. Both LLM-AE+CWS and Weighted-Ngram contribute
to better performance of UEFRR. And, Weighted- Ngram contributes
more than LLM-AFE+CWS. Table 7 presents the comparison of Pre@Qk,
MRR@k, and NDCG@k between UFRR and the four variants. We can see
that after removing LLM-AE+CWS, the performance of UEFRR decreases
by 1.79%~11.3%, 5.26%~11.11%, and 4.06%~11.94% with respect to the
Pre@k, MRR@Qk, and NDCG®@k metrics, respectively. Compared with the
BM25 method, Weighted-Ngram improves UERR by 14.16%~42.86%, 22.2%
~42.86%, and 9.05%~22.95% in terms of Pre@k, MRR@Qk, and NDCGQk,
respectively. Compared with the classic IDF+KWM method, Weighted-
Ngram improves UERR by 11.76%~25%, 11.11%~25%, and 16.89%~29.31%
in terms of Pre@k, MRR@k, and NDCG@k, respectively. In contrast with the
popular IDF+WEM method, Weighted-Ngram improves the Pre@k, MRR@k,
and NDCG@k of UERR by 5.56%~ 17.65%, 8.11%~17.65%, and 13.55%~
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Table 7: Performance comparison between UERR and its four variants

Method Pre@l Pre@3 Pre@5 Pre@10 Pre@l15 Pre@20
UERR 1.00 0.95 0.95 0.90 0.86 0.84
UERR(BM25) 0.70 0.80 0.80 0.77 0.75 0.72
UERR(KWM) 0.80 0.85 0.83 0.81 0.76 0.73
UERR(WEM) 0.85 0.90 0.86 0.81 0.76 0.76
UERR(-LLM) 0.90 0.93 0.90 0.87 0.80 0.75

BM25) 42.86%* 18.75%* 18.75%* 16.88% 14.16%** 16.32%**
KWM) 25.00%* 11.76%* 14.46%* 11.80%** 12.66%** 13.95%**
WEM) 17.65% 5.56% 10.47%* 11.80%* 12.66%* 10.93%*

UERR vs UERR
UERR vs UERR
UERR vs UERR

—~

UERR vs UERR(-LLM) 11.11% 1.79% 5.56% 3.45% 7.95% 11.30%*
Method MRR@1 MRR@3 MRR@5 MRR@10 MRR@15 MRR@20
UERR 1.00 1.00 1.00 1.00 1.00 1.00
UERR(BM25) 0.70 0.81 0.82 0.82 0.82 0.82
UERR(KWM) 0.80 0.90 0.90 0.90 0.90 0.90
UERR(WEM) 0.85 0.93 0.93 0.93 0.93 0.93
UERR(-LLM) 0.90 0.95 0.95 0.95 0.95 0.95

UERR vs UERR
UERR vs UERR

BM25) 42.86%* 23.711%* 22.20%* 22.20%* 22.20%* 22.20%*
KWM) 25.00%* 11.11%* 11.11%* 11.11%* 11.11%* 11.11%*

A~~~

UERR vs UERR(WEM) 17.65% 8.11% 8.11% 8.11% 8.11% 8.11%
UERR vs UERR(-LLM) 11.11% 5.26% 5.26% 5.26% 5.26% 5.26%
Method NDCG@l NDCG@3 NDCG@5 NDCG@10 NDCG@l15 NDCG@20
UERR 0.94 0.90 0.91 0.90 0.88 0.88
UERR(BM25) 0.76 0.81 0.82 0.81 0.81 0.80
UERR(KWM) 0.72 0.75 0.76 0.76 0.75 0.75
UERR(WEM) 0.79 0.79 0.78 0.77 0.75 0.76
UERR(-LLM) 0.84 0.87 0.85 0.85 0.84 0.83

22.95%* 11.68%* 11.85%* 10.41%* 9.05%* 9.83%**

29.31%**  20.12%***  20.58%***  18.43%***  16.89%***  17.02%***
19.05%* 13.55%***  17.02%***  16.36%*** 16.70%*** 15.21%***
11.94% 4.06% 6.71%* 5.36%* 5.33%* 5.25%

UERR vs UERR(BM25
UERR vs UERR(KWM
UERR vs UERR(WEM
(

~ =

UERR vs UERR(-LLM

~

*: p<0.05, **: p<0.01, ***:p<0.001

19.05%, respectively. Moreover, in terms of NDCG@k (which considers the
fine-grained relevance of recommended repositories), the performance im-
provements of UERR contributed by both mechanisms are statistically sig-
nificant in most cases.

Through an in-depth analysis of the repositories recommended for the
queries, we find that without preprocessing the repositories and queries using
LLM-AE+CWS, UERR(-LLM) cannot effectively match acronyms with their
full expanded forms, leading to the missing of repositories relevant to some
queries. For example, many repositories containing ‘plc’ in their ‘full _name’,
‘topics’, and/or ‘about_description’ are not retrieved by UERR(-LLM) for
Q4. As for UERR(BM25) and UERR(KWM), they both measure the func-
tional relevance between a repository and a query based on the Bags-Of-
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Words (BOW) model, which does not consider the order of words and thus
cannot accurately calculate the functional relevance, resulting in the retrieval
of irrelevant repositories. This issue is addressed by Weighted-Ngram as the
n-grams (with n >1) can capture the sequential semantics of words and
thus can measure the functional relevance accurately. The performance of
UERR(WEM) is slightly better than that of UERR(KWM). This is because
the word embedding techniques (e.g., Word2vec) can help measure semantic
relevance between words. As a result, UERR(WEM) can retrieve semanti-
cally relevant repositories for queries. However, some irrelevant repositories
may also be returned by UERR(WEM) due to the inaccurate semantic rele-
vance measured based on the embedding vectors of words.

4.5. RQ4: How efficient is UERR?

Motivation. We have validated in RQ2 and RQ3 that UERR can retrieve
more relevant repositories for queries than state-of-the-art baselines. In this
RQ, we want to examine the time efficiency of UERR to see whether it could
be accepted by users for practical uses.

Experiment. We apply UERR, ESSE, GHSE, and the four variants of
UERR to each experimental query three times. We record the amount of
time required by each method to produce the repository recommendation
lists. Then, for each method, M, we compute the average time of M on each
query and the overall average time of M on all queries. We also calculate
the standard deviation for the average times of M on all queries.

Result. The overall average time required by UFRR to recom-
mend repositories for a query is 3.77 seconds, which is close to that
of GHSE. And, the efficiency of UEFRR is more stable than GHSE.
Table 8 presents the average times of seven methods on each query as well as
the overall average time (i.e., the ‘Avg’ column) and the standard deviation
of the average times (i.e., the ‘Std’ column) of the methods. In terms of the
overall average time, the order of the methods is UERR(WEM) (8.60s) >
ESSE (5.09s) > UERR(BM25) (4.64s) > UERR (3.77s) > UERR(KWM)
(3.63s) > GHSE (3.20s) > UERR(-LLM) (0.21s). According to the standard
deviation values, the four methods UERR(-LLM), UERR(KWM), UERR,
and ESSE are more stable than UERR(BM25), UERR(WEM), and GHSE.
Based on these results, although UERR performs a little slower than GHSE;,
its efficiency is more stable than GHSE. Specifically, UFRR takes 3.16s~4.91s
to produce the repository recommendation list for a query, while GHSE may

32



Table 8: Time efficiency (in seconds) comparison of seven methods
Query ESSE GHSE UERR(BM25) UERR(KWM) UERR(WEM) UERR(-LLM) UERR

Ql 469 6.42 5.90 3.13 7.25 0.24 3.19
Q2 6.07 29.65 6.76 4.36 8.10 0.07 4.42
Q3 498 147 5.80 3.57 13.05 0.21 4.24
Q4 6.57 1.40 3.64 3.64 7.72 0.44 3.69
Q5 597 1.63 6.95 4.88 6.26 0.66 4.91
Q6 4.68 294 5.45 3.37 4.74 0.10 3.41
Q7 446 293 5.64 3.53 4.46 0.17 3.54
Q8 4.06 2.46 5.78 3.45 4.94 0.31 3.46
Q9 4.78 1.16 5.74 3.42 14.14 0.18 3.49
Q10 5.23 1.23 6.17 4.18 18.98 0.18 4.30
Q11 476 1.22 3.15 3.15 12.40 0.14 3.20
Q12 5.33 1.54 4.60 4.60 12.58 0.07 4.72
Q13 528 1.22 3.15 3.16 20.76 0.31 4.10
Q14 5.02 1.33 3.64 3.65 7.37 0.11 3.78
Q15 5.11 1.23 3.17 3.17 3.71 0.31 3.17
Q16 5.02 1.14 3.70 3.70 5.17 0.12 3.72
Q17 533 131 3.78 3.78 5.11 0.06 3.81
Q18 499 1.16 3.35 3.35 6.66 0.21 3.63
Q19 4.81 1.29 3.12 3.12 4.57 0.07 3.16
Q20 471 1.23 3.37 3.37 3.93 0.30 3.38
Avg 5.09 3.20 4.64 3.63 8.60 0.21 3.77
Std  0.58 6.35 1.36 0.50 5.03 0.15 0.52

take 1.14s~29.65s. Therefore, the response time of UFRR is more predictive
than that of GHSE.

UERR(-LLM) has the optimal overall average time and the smallest stan-
dard deviation. By combining the results from Tables 8 and 6, UERR(-
LLM) outperforms GHSE on all the effective and efficient metrics.
UERR(-LLM) provides an alternative for UERR if efficiency is im-
portant. Moreover, from the overall average times of UFERR and UERR(-
LLM), we find that the LLM-based acronym expansion and conjoined word
splitting of a query?® is the most costly step in the online workflow of UERR,
which occupies 94.43%(=(3.77-0.21)/3.77) of the total time.

23This time can be notably reduced by constructing a dictionary offline for mapping
acronyms and conjoined words to their full expanded forms or word sequences. After that,
when parsing a query, only the acronyms and conjoined words outside the dictionary need
to be processed by calling the LLM API.
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5. Discussion

Threats to internal validity relate to the errors in the implementation
of methods and the subjective bias of participants in manual tasks. As for our
UERR and its variants, we implement them according to the details described
in the paper. As for the baselines, namely ESSE, GHSE, BM25, IDF+KWM,
and IDF-+WEM, we implement them based on the APIs and usage specifi-
cation provided by GitHub, ES, and mature Python modules/toolkits (e.g.,
bm25s and Gensim). To ensure the correctness of the implementation of these
methods, we double-check the code and inspect the output of intermediate
steps during the testing with example queries. As for the URS definition and
the relevance evaluation of the repositories recommended by the methods,
three developers and two master students (who are not co-authors of the
paper) are recruited to collaboratively perform the two tasks, respectively,
which can help eliminate the bias of a single person.

Threats to external validity relate to the generalizability of experi-
ment results. To conduct the experiments, we collect 290+ hundred reposi-
tories from the world’s largest open-source platform, GitHub. Moreover, we
create 20 queries differing in several aspects such as the inclusion of acronyms,
the number of non-functional requirements, and the user’s preference priority.
The relatively large-scale dataset of real-world repositories and the diversity
of queries can improve the generalizability of our experiment results.

6. Conclusion

This paper proposes a unified effective model named UFERR for retrieving
open-source repositories. We first define a unified repository schema (URS)
of 30 attributes for characterizing the information of repositories interested
by users when retrieving repositories. Next, we design a query grammar to
guide users to express requirements using the attributes along with person-
alized preferences. Finally, we propose an integrated model for retrieving
repositories relevant to a query by measuring the relevance between a reposi-
tory and the query based on the different value types of the query conditions.
Particularly, to accurately measure functional relevance, we propose an LLM-
based method to expand acronyms and split conjoined words (referred to as
LLM-AE+CWS) in the textual descriptions of repositories and queries and
also propose a weighted N-gram based functional relevance measurement
method, referred to as Weighted-Ngram. The results of experiments with 20
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diverse queries show that UERR significantly outperforms the search engines
provided by GitHub and Elasticsearch. The proposed LLM-AE+CWS and
Weighted-Ngram contribute to better performance of UERR, in comparison
with three representative functional relevance measurement methods.

In future work, we plan to extend this study by supporting the retrieval
of open-source repositories for other platforms, e.g., Gitee?. Moreover, we
will try to enhance the capability of UERR by mining valuable information
from the source code files included in repositories.
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