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Abstract. The number of publicly accessible software repositories on
online platforms is growing rapidly. With more than 128 million public
repositories (as of March 2020), GitHub is the world’s largest platform for
hosting and managing software projects. Where it used to be necessary to
merge various data sources, it is now possible to access a wealth of data
using the GitHub API alone. However, collecting and analyzing this data
is not an easy endeavor. In this paper, we present Prometheus, a system
for crawling and storing software repositories from GitHub. Compared
to existing frameworks, Prometheus follows an event-driven microservice
architecture. By separating functionality on the service level, there is no
need to understand implementation details or use existing frameworks to
extend or customize the system, only data. Prometheus consists of two
components, one for fetching GitHub data and one for data storage which
serves as a basis for future functionality. Unlike most existing crawling
approaches, the Prometheus fetching service uses the GitHub GraphQL
API. As a result, Prometheus can significantly outperform alternatives
in terms of throughput in some scenarios.
Keywords: Mining Software Repositories · GitHub Crawling · GraphQL
API · Microservices · Event-driven.

1

Introduction

Today’s software development projects are characterized by a large number
of stakeholders and a comprehensive technology stack. The activities of the
stakeholders and their communication with each other are systematically stored
in various software repositories, be they code repositories, source code control
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repositories, bug repositories, archived communications, or artifacts from builds,
testing, or deployment. The Software Analytics domain generates interesting
and actionable insights about the software development process by analyzing
the extensive data available in software repositories [34]. For example, machine
learning methods are used that require training data. This data is usually extracted from online software repositories as they contain large amounts of openly
available data. Various systems have been developed to generate datasets from
publicly available software repositories. There are already large collections of
raw or enriched software data that can be used for studies [14,28,6]. In addition,
end-to-end approaches have also been proposed to support scientists and engineers throughout the process, from data collection to analysis [7,31]. However,
although existing datasets contain large amounts of data, they may be incomplete, the pre-processing steps may be unclear or obstructive, or the chosen
format may be inappropriate.
In this work, we propose Prometheus, a system that is based on an eventdriven microservice architecture. In a microservice architecture, functionality
is separated into services. This separation reduces the need to understand implementation details of existing functionality, as new services communicate via
REST-like API’s, events, or a mixture of both. Being able to connect to event
streams also facilitates the development of live analytic scenarios, which is especially interesting for industry use cases [26]. Prometheus consists of two components, a GitHub crawling service and a storage service that is important to
overcome API throughput limitations. We chose the GitHub project management platform as it contains a large number of software artifacts, i.e., source
code control information, software development information, and metadata like
developer information and comments. The latter two are less represented in Mining Software Repositories (MSR) research [8]. Through the redesigned GitHub
GraphQL API, Prometheus can access all information available on GitHub and
retrieve it in less time than other systems that use the prior REST API.
The remainder of this work is structured as follows: In section 2 we review
existing work related to our approach. We provide an overview of our concept
in section section 3. In Section 4 we present a detailed description of our system
and provide implementation details. The experimental setup and the results of
our evaluation are presented and discussed in section section 5. We conclude this
paper in section 6 and present directions for future work.

2

Related Work

Various systems have been proposed which acquire data from online repositories.
Linstead et al. presented Sourcerer, an infrastructure for analyzing source code
repositories [22]. The authors processed source code files from GitHub projects
and analyzed them using Latent Dirichlet Allocation [2] and its variant, the
Author-Topic Model [29]. The results may serve as a summary for program
function, developer activities and more. A system developed to support scientists and practitioners in MSR research is Boa, presented by Dyer et al. [7]. The
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system provides the infrastructure and a domain-specific language for accessing
large software repositories such as GitHub. Researchers can access the service
and create datasets for their experiments through a web-based interface. Another
system for generating large datasets of open source projects was presented by Ma
et al. [23]. The authors created World of Code, a very large and frequently updated collection of version control data for open source software projects that is
updated monthly. In their work, the authors explore several issues related to the
structure of open source projects. Trautsch et al. presented the SmartSHARK
ecosystem to support MSR research [32]. It consists of four parts, which are
tools for crawling data from different hosting platforms, e.g., GitHub or Jira, a
storage system, a web application that can be used for data collection and a web
application that provides an overview of the collected data. While the aforementioned systems combine crawling and processing functions, other systems focus
more on crawling to create datasets that can be used as a research base. Gousios
and Spinellis presented the GHTorrent project [14]. Ultimately, GHTorrent aims
to create an offline mirror of GitHub. To this end, it retrieves event data from
the GitHub REST API, from which the original GitHub data schema has been
reconstructed, and makes everything available in database dumps. In a follow-up
study, Gousios presented a dataset created by GHTorrent [15], and in another
follow-up study, Gousios et al. described a new feature to obtain customizable
data dumps on demand [16]. Another mentionable project in this context is GH
Archive (www.gharchive.org/), which is an open source project to record and
archive the public GitHub timeline (event data). GH Archive data is often used
as a data basis in MSR related research [17,1,12].
In general, a deeper understanding of data sources and potential use cases
helps in the design and development of MSR systems. Kalliamvakou et al. analyzed the data quality of GitHub data in more detail [20]. The study showed
that there are some dangers to be aware of when using GitHub data for research
or analysis purposes. For example, 40 % of all pull requests do not appear as
merged, even though they were. Also, many projects are personal or inactive.
This could be a potential threat for analysis purposes Munaiah et al. addressed
the issue and developed a classifier to identify whether a repository is a developed
software project or not [27]. Another study that analyzed GitHub metadata was
conducted by Borges et al. In their work, they investigated what factors influence
the popularity of GitHub repositories [3].
As previously described, systems often use REST API’s of repository hoster
to gather data. But in the case of GitHub, there is also a GraphQL based alternative. Due to the growing popularity and adoption of GraphQL in general,
academia has also turned to the topic. Motivated by the lack of a formal definition, Hartig and Pérez formalized the semantics of GraphQL queries and then
analyzed them [18]. This allowed them to prove certain things, such as that the
GraphQL evaluation problem is NL-complete and that GraphQL answers can
be prohibitively large for Internet scenarios. Wittern et al. studied 16 commercial GraphQL schemas and 8,399 GraphQL schemas to investigate GraphQL
interfaces. They found that the majority of APIs are vulnerable to denial of ser-
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vice through complex queries, which also introduces security risks [33]. A direct
comparison between the REST and GraphQL architectural models was made by
Seabra et al. [30]. Three target applications were implemented in both models,
from which performance metrics could be derived. Two-thirds of the applications
tested saw performance improvements in terms of average number of requests
per second and data transfer rate when using GraphQL. But in general, performance was also below that of its REST counterpart when the workload exceeded
3000 requests. Similarly, Brito et al. migrated seven REST-based systems to use
GraphQL [4]. The migration reduced the size of JSON responses by up to 94% in
the number of fields and 99% in the number of bytes (median results). In another
study, Brit and Valente described a controlled experiment in which students had
to implement similar queries, once in REST, once in GraphQL [5]. Their results
showed that students were faster at implementing GraphQL queries, especially
when the REST endpoints contained more complex queries. Surprisingly, the
results held true for the more experienced groups of graduate students as well.
As mentioned earlier, GraphQL queries can be unexpectedly large, not least
because of their nested structure, making query cost estimation an important
feature. Estimating costs based on a static worst-case analysis of queries has had
limited success, leading Mavroudeas et al. to propose a machine learning-based
approach. Testing their approach on publicly available commercial APIs, they
found that their framework is able to predict query costs with high accuracy and
consistently outperforms static analysis.
The presented systems come with limitations when used for data generation.
Some systems have obstructive data transformations of raw data [22] or provide
a fixed set of processing functionality [7] which excludes them as usable tools
when a different transformation or format is needed. Systems which are able to
provide raw data [14,32] do usually only leverage a subset of available data, e.g.
issue tracking and version control history. Additionally most systems use the
GitHub REST API, whose rate limit is rather conservative which introduces the
need for multiple API tokens, otherwise crawling additional information takes
long. By using the GraphQL API, a single API token can crawl significantly
more information, which makes it more suitable for most users.

3

Concept

The Prometheus architecture follows an event-driven microservice architectural
style. At first, the implemented system will consist of two components. A fetching
component to crawl data from the GitHub GraphQL API, and a database component that stores the responses in a database management system. As there is
no common formal definition of microservices and event-driven applications, we
will start by outlining important aspects of these, before describing the fetching
component in section 3.2 and database component in section 3.3.
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Fig. 1: General concept of the Prometheus system architecture.

3.1

Architecture Considerations

According to Fowler and Lewis, a microservice architectural style means that
an application is developed as a suite of small services. These services usually
communicate via lightweight mechanisms and are built around business capabilities. Furthermore, each service runs in its’s own process, which means that they
can be deployed independently [10]. Figure 1 shows the general concept of the
Prometheus System, including two services, one for crawling and one for persisting crawled data. Fowler and Lewis also described the main characteristics
of microservices derived from practice, since there is no formal definition. Some
of them also apply to our system.
In software engineering, a component usually refers to a unit of software, that
encapsulates a certain functionality, e.g., via a library. In monolithic applications,
components are tightly coupled to the code that uses them, thus making a complete redeployment necessary when a component is changed. The microservice
approach mitigates this problem by dividing the application into services, each
of which can be deployed individually. So in the architecture seen in Figure 1, a
change related to the importing service would not affect the fetching service at
all. In monolithic applications, components communicate via method invocation
or function call which execute in-process. Microservices use a coarser-grained
approach where the communication medium should be as simple as possible.
Usually, an HTTP request-response or lightweight message bus is used for asynchronous communication with routing, which is also used in our system to control
the crawling component. The right tool for the right job is a philosophy that
microservice architectures follow. Unlike centralized governance, where standardization of certain technologies leads to restrictions on the choice of development
tools, developers of microservice architectures choose the tools they need to create a particular service. When one wants to extend the Prometheus system, the
only technology restriction will be the component that manages services. While
a single data model seems reasonable, it is often not realistic, as different components may have slightly different views of the data. It may be useful for each
service to use its own appropriate conceptual model, which has the advantage
that each service can use a database system that is most suitable, also known as
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“polyglot persistence” [21]. In our system, the Importer service stores the raw
data collected from GitHub, and new services, even if they build on this data,
may use a new storage component. We believe this also has usability benefits, as
single conceptual models are easier to understand than a complicated mixture.
Event-driven architectures are also not formally defined, most likely because
there are many different notions of what an event is and what it is used for.
An event contains at least the form or action of the event and a timestamp of
when the event occurred. In summary, three purposes of events can be formulated [11]. In the simplest case, an event just serves as a mere notification that
something happened. For instance, in our system, the fetching service publishes
data from the crawling process as events. As mentioned earlier, two systems or
services, even if they use conceptually different data models, can still have similar attributes. In this case, state changes from one service must be transmitted
to others that have a similar view of the data which can be done in the form
of an event. In our system, the importing service publishes state changes via
events so that dependent or related components can react to them. For a small
monolithic application with a single data model, the state of the application is
usually mirrored in the database or can be derived from it in case of failure. In
contrast, the state of a distributed system is mirrored in all data of all services
together. However, because services can change state individually or event-driven
state transfers can occur, accessing older state is not as easy as with a single
database log. One way to maintain this capability in a distributed system is
event sourcing, where all changes to the system are recorded as events [9]. In
theory, the event log can be used to recover the system state at any point in
time. This feature will not be used in the current version of Prometheus but
may be relevant for future use-cases where it can be implemented without any
architectural change.
3.2

GitHub Fetcher

The crawling component uses the GraphQL API from GitHub to fetch metadata.
Mainly because the rate limit is more liberal than in the case of the REST
API. But also because one GraphQL call can replace multiple REST calls and
therefore returns more data. But using the GraphQL paradigm also imposes
differences in crawling logic which can be seen in Figure 2. For instance, when
crawling metadata for a repository and its issues on GitHub, the entry point is
the according /repos/ URL path as seen in Figure 2a. The response of such
a call then contains URLs to linked entities, e.g. repository issues. Paginated
endpoints usually just include summary information of entities, so in order to
get all information, subsequent calls for every single entity must be made. With
GraphQL, all these entities can be included in a single call which is shown in
Figure 2b. Since we need a cursor to fetch more than 100 results, the crawling
is more complex making it difficult to get a parallel connection. Furthermore,
responses do not contain information about linked entities, so in the case of
Figure 2b, the system must infer how to formulate a query that fetches user
information of issue authors.
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GET
/repos/vuejs/vue/issues/1

GET
/repos/vuejs/vue

GET
/repos/vuejs/vue/issues
?page=1

GET
/repos/vuejs/vue/issues/2

GET
/repos/vuejs/vue/issues/2

GET
/users/tenderlove

GET /users/tenderlove/repos
(a) REST API crawling. Pagination information is encoded in URL parameters.
Response
POST
query {
repository ( name :" vue " , owner :" vuejs ") {
name
issues ( first : 100 , after : null ) {
nodes {
title
author {
login
}
}
}
}
}

" pageInfo ": {
" hasNextPage ": true ,
" endCursor ": " Y3Vyc29yYyOp =="
}
...
" author ": {" login ": " tenderlove "}

Set Cursor
query {
user ( login : " tenderlove ") {
name
}
}

(b) GraphQL API crawling. A cursor from the response is needed to paginate.

Fig. 2: A comparison of how entities of the GitHub REST and GraphQL API’s
are crawled. Red parts specify pagination settings.

Since it is good practice to combine services that change frequently and the
GitHub data schema may change often [10], our service could also address data
persistence. We argue that it is unlikely that there will be frequent changes to
the GitHub data model as GitHub has a long history of how people use the
API and has put a lot of thought into the GraphQL schema. So it is more likely
that the data model just gets extended for new features, which will not break
the existing ones. GraphQL also makes it easy to handle minor changes, for
example, attributes that will soon be dropped can be marked as deprecated,
and new changes can simply be added as nullable attributes.
Therefore, storage capabilities will be handled explicitly by a separated service as described in section 3.3.
The interface of this service will only be used to control the crawling process
which means sending crawling jobs and monitoring progress. In our system job
descriptions will be defined as GraphQL queries. Using GraphQL for job descriptions makes sense since it is the same paradigm as the GitHub API, and because
it seems easier for developers to form GraphQL queries instead of e.g. REST
queries [5]. These queries will be the same as regular GitHub GraphQL API
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queries but allow for additional or different parameters. For instance, the query
seen in figure 2b uses 100 as the first argument value, which is the allowed maximum in the GitHub API. In our system values beyond the allowed value, e.g.
10.000 are possible. By allowing additional or changed arguments, the system
needs logic on how to handle them. For example, it needs to be able to paginate automatically when more than 100 elements are requested. An additional
problem is when we nest connections and require more than 100 elements in the
nested connection. Pagination requires a cursor of the previous page, which is
specified as the after argument as seen in figure 2b. The response to a query
with nested pagination returns multiple cursors for the nested entities since the
cursor refers to the parent entities. But since there can only be supplied one
cursor, there is no correct way to map these in a consecutive query. But in most
cases, the nested pagination problem can be solved by resolving it in separate
queries. This can be achieved by replacing a connection field with a field that
queries just one entity. In the left query of figure 2b, issues can be replaced with
issue which returns only a single issue. This would resolve nesting if any, but
requires splitting the query into one that fetches all issues and a second one that
paginates the nested connection.
3.3

Database Importer

The sole purpose of the database import service is to capture the data published
by the GitHub fetching service and store it in a database. An important design decision is the choice of database, as it has a large impact on the schema,
database interface, and transactional properties.
The GraphQL API provides a schema for GitHub’s data model so it is normalized to some extent since the schema provides the relationships between
structured entities. In some cases, it seems tempting to store this data in a
denormalized form in a document store. For instance, if repository entities are
stored, the corresponding topics can simply be stored in a nested list in a document store. Bulk loading this data could be faster since no join operations are
required. However, this would result in the repetition of data, and the increased
storage requirements that would result may not be feasible since GitHub provides huge amounts of data. Since, if a topic name changes, every occurrence in
all objects must be changed, it is more challenging to keep the data consistent.
Moreover, it is not possible to nest every type of entity in this way, as the size
of the documents would become very large. Also, some relationships would still
need to be modeled, such as the relationship between repositories and their forks.
A mixture of relationships and nested properties would lead to a cluttered data
model and complicated application logic and a performance decrease [25].
Finally, no caching strategy is implemented. This means that even if entities
were already fetched and stored in the database, they will always be fetched again
in new queries. Systems that rely on the REST API often use such a strategy,
in the GraphQL context it makes less sense. This is because in the REST API
ETags can be used. ETags are GitHub’s REST APIs way to determine if a
resource has changed. This makes it easy to check in advance if an entity stored
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Importer
Post / Get - Job

GitHub
GraphQL
Endpoint

binlog
REST

GitHub
Fetcher

RDBMS

Metastore
Importer

Created / Finished - Job / Blueprint / WP

Metastore
Publisher

Created / Updated / Deleted - Entity

Redis Publish / Subscribe

Fig. 3: Prometheus system architecture docker setup. Event subscriptions are
excluded for clarity.

in the database needs an update. In GraphQL, one could check the updatedAt
field, but unlike the REST API, this consumes rate limit, so one could also
simply ask for all attributes and update the entity if needed.

4

Prometheus System

The individual services are developed and deployed as Docker containers. These
coincide with the conceptual requirements for microservice architectures. In fact,
it has been shown that Docker can be a good fit when implementing microservices
[19]. Figure 3 shows the general Docker setup of Prometheus. The importer
service consists of two containers, and one for importing fetched entities, one for
publishing changes in the database. Separating service functionality in several
containers is not uncommon. This way the system can spawn multiple containers
of the desired functionality in case of a heavier workload. Both use the same
relational database. The fetching functionality resides in one single container.
The GitHub fetcher is using the GitHub GraphQL endpoint to query data.
Querying jobs can be submitted via a REST API, as well as getting job progress
summaries. The GitHub fetcher as well as the metastore publisher are publishing
events via an event service when service state changes occur. Redis is chosen as
the event system, whose basic publish/subscribe as well as a queuing mechanism
is sufficient for a prototype implementation of the proposed architecture.
GitHub Fetcher. One of the most important functions of the crawling service is
the processing of the job definitions. This includes splitting the query if there is
nested pagination. In addition, pagination must continue until the parameters
entered by the user are satisfied or there are no more objects. It must also pass
parameters from responses to consecutive queries resulting from the splitting
process if any. If a query has nested pagination, the way to resolve it is to first
query the top paginated node, e.g. issues of a repository, and then for every
node in the response query the nested nodes, e.g. assignees of every single issue.
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Listing 1.1: Nested pagination split algorithm
1
2

queries = [initial_query]
consecutive_info = []

3
4

current_query = initial_query

5
6
7

while True:
actual_query, info = remove_nested_pagination(current_query)

8
9
10
11

if actual_query != current_query:
remove_field_nodes(queries[-1], info.obsolete_nodes_left)
remove_field_nodes(actual_query, info.obsolete_nodes_right)

12
13
14
15
16

queries.append(actual_query)
consecutive_info.append(info.consecutive_info)
else:
break

17
18

current_query = actual_query

This approach is not always applicable, more precisely it is only possible if the
returned entities of the paginated top node can also be accessed directly.
Pseudocode on how to do that can be seen in code listing 1.1. The algorithm
starts with the query originally supplied, then remove_nested_pagination replaces connection nodes containing a nested connection with their direct-access
counterpart (e.g. issue instead of issues). It is important that the top node is
replaced and the rest of the branch remains untouched, even if it contains more
nested connections. If a substitution has taken place, the nested pagination will
be removed from the previous query (e.g. assignees of issues). Also, obsolete
nodes are removed from the new query, i.e. all connection nodes that do not
have a nested connection. These are already crawled by the previous query and
are not needed in the new query. Finally, the new query and follow-up parameter information, e.g. an issue number, are added. The loop continues to replace
nested connections until there are none left.

5

Evaluation

This section evaluates the performance of Prometheus fetching and import services. As a performance metric, we will measure throughput in fetched and stored
entities per second. This is done for Prometheus and Microsoft’s ghcrawler, a
REST-based GitHub crawler, to see if the promised speed increase through the
GraphQL API is true. Two experiments are performed, one simple and another
with deeper relationships.
5.1

Simple fetching scenario

In the simple fetching scenario, the vuejs/vue repository (github.com/vuejs/vue)
and all the issues it contains are crawled. The repository contains 327 open
issues and 9 370 closed issues. So, theoretically, 9 698 entities are being fetched
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Fig. 4: Comparison of crawling performance between Prometheus and ghcrawler.
In the GitHub REST API, every pull request is an issue, so the issues endpoint
return issues and pull requests. The vertical line indicates at what point pure
issues (without pull requests) would have been completed. Considering that,
Prometheus is still 3.5 times faster.

(9 697 issues plus 1 repo). Currently, there is only one adjustable parameter for
retrieval performance in Prometheus, which is the number of work packages that
are combined in a query. Combining more work packages increases performance,
but can also lead to timeouts. Currently, this parameter cannot be dynamically
adjusted and is set to 100 for both experiments. This is quite aggressive and
sometimes leads to API timeouts, but so far never to unresolvable timeouts. For
ghcrawler, the required visitor maps are implemented in the source code. Four
tokens and ten concurrent processing loops are used for both tasks.
Figure 4 shows the result of the simple job. The first thing to notice is that
ghcrawler processes more entities than Prometheus. This is because the GitHub
REST API considers each pull request as an issue, but not vice versa [13]. Thus,
the REST API also returns all pull requests in the issues endpoint, and therefore
ghcrawler processes them (2 169 additional entities). The GitHub GraphQL API
explicitly separates pull requests and issues, so there is no such overhead in
Prometheus job execution. A unique feature of this job in Prometheus is that the
work packages are completely sequential. Getting the next page of Issues requires
the last cursor, which means there is no advantage to combining work packages.
In terms of overall job execution, Prometheus is 4.2 times faster, with an average
throughput of 92 entities per second, while ghcrawler has a throughput of 26
entities per second. If we assume that ghcrawler does not retrieve the unwanted
pull requests, Prometheus is still 3.5 times faster at retrieving all entities. On
average, the processing loop of the Prometheus fetching service took 1.14 seconds
with a standard deviation (SD) of 0.46 to process a work package. The majority
of that time is used to make the actual API request, which took 1.09 seconds
(SD = 0.46) on average.
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Fig. 5: Comparison of crawling performance between Prometheus and ghcrawler
on a job with nested pagination. Prometheus takes 3.7 times longer because
a large number of consecutive work packages are generated, which increases
fetching and processing time. However, more entities are still fetched per unit
time.

5.2

Complex fetching scenario

In the complex fetching scenario, the repository with all issues is also fetched,
but in addition, the assigned users of the issues are also captured. In this case,
the number of additional entities cannot be estimated in advance.
Figure 5 shows the result of the complex scenario. This time Prometheus
took significantly longer than in the previous example, 3.7 times longer than
ghcrawler. The reason is that the current implementation of Prometheus strictly
separates nested queries. So there is one query that retrieves a page with 100
issues, which results in 100 new individual queries for each issue that paginates
the connection of the assignees. So in this example, Prometheus has 9 794 queries
(97 + 9 697) to fetch. In the actual processing loop, up to 100 queries can now be
combined per call. Therefore, only two more calls to the API are required for this
job than for the previous job. However, since the queries are now more complex,
one processing loop now takes 19.48 seconds (SD = 2.69) on average. The actual
API calls take 6.12 seconds (SD = 0.48). Although most of the combined queries
have about twice the number of nodes and the same number of points as the
queries in the previous example, the API calls take about 5.6 times longer. The
loop execution time is also longer due to the need to decompose the response,
extract more cursors, and create more consecutive work packages.
Prometheus also has significant overhead in this situation. We still only crawl
a single repository, but it is fetched in each of the 9 794 queries. In addition, we
now fetch 222 entities related to accounts, 97 repository owners when fetching
issue pages as in the last example, and 125 users assigned to issues. Of these 222
accounts, only 20 are unique. Since only 125 issues have a user assigned, 9 572
queries return only an empty connection to assignees, making them redundant.
Overall, Prometheus throughput in this scenario relates to 28 entities per second.
Ghcrawler, on the other hand, behaves almost exactly like the previous example
with a throughput of 21 entities per second. This is because the issues endpoint
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response already returns the summary representation of the assignees. Also, there
are only 20 unique users, so previously queried users that exist in the database
are not queried again because they are retrieved from storage.
5.3

Discussion

In the simple use case – fetching all issues from a repository – Prometheus
clearly outperforms ghcrawler in both execution time and token consumption.
Even if we exclude the discussed pull request overhead when retrieving issues,
Prometheus is still 3.5 times faster when retrieving all issues. Looking at token consumption, the difference is drastic. While ghcrawler requires at least
three tokens to fetch all requests from the REST API, Prometheus consumes
only about two percent of the rate limit of one token. The result of the second
experiment is different, Prometheus is slower in this case. This is because the
current implementation incurs unnecessary overhead when fetching empty connections. Also, at the moment it is fully synchronous in terms of the actual API
calls. Although Prometheus is 3.7 times slower, it still has higher throughput and
lower token consumption. The token consumption has remained almost the same
even though the queried nodes were much more, which is since queries could be
combined in this query. This is a particularly interesting result, as another study
suggests that GraphQL API responses are smaller than those of REST API’s [4].
While this is true for an end-user application, crawling application developers
must be careful to avoid this pitfall. Especially because GraphQL may perform
worse on heavier loads than a REST counterpart [30], one does not want to
flood GraphQL endpoints with unnecessary calls. Even if not present in this
experiment, the opposite can also be the case, badly chosen calls can lead to
unexpectedly complex queries which may either overload the server or even the
client [24].

6

Conclusion

In this work, we presented Prometheus, a system for crawling software repositories from GitHub at scale. We demonstrated that an event-driven microservice
architecture is applicable in the context of mining software repositories. Traditional systems used the REST API, but the new GraphQL API promises a significant throughput and token consumption advantage. To show whether these
promises hold, we compared Prometheus, which uses the GraphQL API, to Microsoft’s ghcrawler, which is based on the REST API. The throughput achieved
by Prometheus is higher in all test scenarios, while token consumption is significantly lower. The job execution time is 3.5 times faster in a simple scenario but
3.7 times slower in a more complex scenario due to the currently synchronously
implemented fetching loop.
Future Work. Originating from the performed experiments, we plan to make
future upgrades to Prometheus. One is using more elaborate queries. Instead of
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the strict splitting, we can still query items from the nested connection. When
querying paginated fields, one can also retrieve the total count of items available.
If we do both, we can eliminate all the redundant queries that made the second
experiment slow. We can also further optimize for throughput. For example,
a consecutive query always fetches parents of the paginated node of interest,
resulting in severe overhead that should be omitted. Furthermore, the processing
loop should be asynchronous so that the high response times do not affect the
execution time. Lastly, more use cases have to be implemented and tested to
verify the system’s effectiveness.
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