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Some wild assumptions

Let’s say  

a developer writes 10-30 lines of code per day; 

each line of code costs 10 US$.
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Increasingly bigger code

…
Source: http://www.visualcapitalist.com/millions-lines-of-code/

http://www.visualcapitalist.com/millions-lines-of-code/


© 2018 Ralf Lämmel and SoftLang Team

What’s ‘Big Code Science’?

Code Science is Data Science for code. 

Big Code is like Big Data except that data is code. 

(In fact, we also care about code-related artifacts.)

Big Code Science is the systematic 
(scientific) approach to accessing, analyzing, and 

understanding big data where the data here is code or 
data related to software development.
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214 matches of searching 
“GitHub” on DBLP (18/03/19)

…
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Big Code Science at 
SoftLang

http://www.softlang.org/
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Source: Ralf Lämmel, Ekaterina Pek, Jürgen Starek:
Large-scale, AST-based API-usage analysis of open-source Java projects.

SAC 2011

An early research question:  
How many APIs are and how much of them is used in OSS?

The APIs or API methods used in a project provide insight into
the API-related complexity of the project. In fact, such footprint-
like data serves as a proxy for the API dependence or platform de-
pendence of a project. In [16], we mention such API dependence
as a form of software asbestos. In the following, we simply count
the number of APIs used in a project as a proxy for the difficulty of
API migration. Ultimately, a more refined analysis is needed such
that specific (known to be difficult) API combinations are counted,
and attention is payed to the status of whether these API combos
are really exercised in one program scope or only separately.

In this context, we need to define what constitutes usage of
an API. One option would be to count each method call with an
API’s type as static receiver type (in the case of an instance call),
or as the hosting scope (in the case of a static call), or as the con-
structed type (in the case of a constructor call). Another option
is to count any sort of reference to an API’s types (including the
aforementioned positions of API types in method calls, but count-
ing additionally local variable declarations or argument positions
of method declarations and method calls). Yet another option is
to consider simply imports in a project. The latter option has the
advantage that we can measure such imports very easily—even
for unbuilt projects. Indeed, the following numbers were obtained
by counting imports that were obtained with the token-based fact
extractor.
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Figure 2. Numbers of known APIs used in the projects;
reference projects are plotted on top of built projects which
in turn are plotted on top of unbuilt projects.

Figure 2 shows the number of known APIs (y-axis) that are
used in the projects ordered by NCLOC-based project size (x-
axis). Unbuilt, built, and reference projects are distinguished. The
listed maxima and quartiles give a sense of the API footprint in
projects in the wild. The set of unbuilt projects exercises a higher
maximum of used APIs than the set of built projects—potentially
because of a correlation between the complexity of projects in
terms of the number of involved APIs and the difficulty to build
those projects.

We also need to clarify how to measure usage of API meth-

ods. That is, how to precisely distinguish distinct methods so that
counting uses is well defined. Particularly, in the case of instance
method calls, the situation is complicated due to inheritance, over-
riding, and polymorphism. As a starting point, we may distinguish
methods by possible receiver type—no matter whether the method
is overridden or inherited at a given subtype. Then, a method call
is counted towards the static receiver type in a call. Addition-
ally, we may also count the call towards subtypes (subject to a
polymorphism-based argument: the runtime receiver type may be
a subtype) and supertypes (subject to an inheritance-based argu-
ment: the inherited implementation may be used, if not inherited).
Such inclusion could also be made more precise by a global pro-
gram analysis.
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Figure 3. Numbers of distinct API methods used in the
projects (without distinguishing APIs).

Figure 3 shows the numbers of distinct API methods used in
the built projects of the corpus; reference projects are highlighted.
Methods on sub- and supertypes of static receiver types were not
included. For simplification, we also considered overloaded meth-
ods as basically one method.

There is a trend of increasing API footprint with project size.
Both axes are logarithmic, but project size grows more quickly
than the count of distinct API methods. Most projects, even most
of the largest ones, use less than 1,000 distinct API methods. As
the table with maxima and quartiles shows, there are a few projects
with exceptionally high counts. We have verified for these projects
that they essentially implement or test large frameworks (such as
ofbiz.apache.org). That is, these outliers embody large num-
bers of ‘self-calls’ for a large number of API methods.

4.2 API coverage by the corpus

An important form of API-usage analysis concerns API cover-
age; see, for example, the discussion of coverage in the API mi-
gration project of [3]. That is, coverage information is helpful in
API migration as means to prioritize efforts, and to leave out map-
ping rules for obscure parts of the API. Coverage information is
also helpful in improving API usability [13, 12].

As it is the case with other forms of API-usage analysis, API
coverage may be considered for either a specific project, or, cu-
mulatively, for all projects in a corpus. For instance, for any given
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The APIs or API methods used in a project provide insight into
the API-related complexity of the project. In fact, such footprint-
like data serves as a proxy for the API dependence or platform de-
pendence of a project. In [16], we mention such API dependence
as a form of software asbestos. In the following, we simply count
the number of APIs used in a project as a proxy for the difficulty of
API migration. Ultimately, a more refined analysis is needed such
that specific (known to be difficult) API combinations are counted,
and attention is payed to the status of whether these API combos
are really exercised in one program scope or only separately.

In this context, we need to define what constitutes usage of
an API. One option would be to count each method call with an
API’s type as static receiver type (in the case of an instance call),
or as the hosting scope (in the case of a static call), or as the con-
structed type (in the case of a constructor call). Another option
is to count any sort of reference to an API’s types (including the
aforementioned positions of API types in method calls, but count-
ing additionally local variable declarations or argument positions
of method declarations and method calls). Yet another option is
to consider simply imports in a project. The latter option has the
advantage that we can measure such imports very easily—even
for unbuilt projects. Indeed, the following numbers were obtained
by counting imports that were obtained with the token-based fact
extractor.
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Figure 2. Numbers of known APIs used in the projects;
reference projects are plotted on top of built projects which
in turn are plotted on top of unbuilt projects.

Figure 2 shows the number of known APIs (y-axis) that are
used in the projects ordered by NCLOC-based project size (x-
axis). Unbuilt, built, and reference projects are distinguished. The
listed maxima and quartiles give a sense of the API footprint in
projects in the wild. The set of unbuilt projects exercises a higher
maximum of used APIs than the set of built projects—potentially
because of a correlation between the complexity of projects in
terms of the number of involved APIs and the difficulty to build
those projects.

We also need to clarify how to measure usage of API meth-

ods. That is, how to precisely distinguish distinct methods so that
counting uses is well defined. Particularly, in the case of instance
method calls, the situation is complicated due to inheritance, over-
riding, and polymorphism. As a starting point, we may distinguish
methods by possible receiver type—no matter whether the method
is overridden or inherited at a given subtype. Then, a method call
is counted towards the static receiver type in a call. Addition-
ally, we may also count the call towards subtypes (subject to a
polymorphism-based argument: the runtime receiver type may be
a subtype) and supertypes (subject to an inheritance-based argu-
ment: the inherited implementation may be used, if not inherited).
Such inclusion could also be made more precise by a global pro-
gram analysis.
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Figure 3. Numbers of distinct API methods used in the
projects (without distinguishing APIs).

Figure 3 shows the numbers of distinct API methods used in
the built projects of the corpus; reference projects are highlighted.
Methods on sub- and supertypes of static receiver types were not
included. For simplification, we also considered overloaded meth-
ods as basically one method.

There is a trend of increasing API footprint with project size.
Both axes are logarithmic, but project size grows more quickly
than the count of distinct API methods. Most projects, even most
of the largest ones, use less than 1,000 distinct API methods. As
the table with maxima and quartiles shows, there are a few projects
with exceptionally high counts. We have verified for these projects
that they essentially implement or test large frameworks (such as
ofbiz.apache.org). That is, these outliers embody large num-
bers of ‘self-calls’ for a large number of API methods.

4.2 API coverage by the corpus

An important form of API-usage analysis concerns API cover-
age; see, for example, the discussion of coverage in the API mi-
gration project of [3]. That is, coverage information is helpful in
API migration as means to prioritize efforts, and to leave out map-
ping rules for obscure parts of the API. Coverage information is
also helpful in improving API usability [13, 12].

As it is the case with other forms of API-usage analysis, API
coverage may be considered for either a specific project, or, cu-
mulatively, for all projects in a corpus. For instance, for any given

Number of used 
APIs increases 

slowly.
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The APIs or API methods used in a project provide insight into
the API-related complexity of the project. In fact, such footprint-
like data serves as a proxy for the API dependence or platform de-
pendence of a project. In [16], we mention such API dependence
as a form of software asbestos. In the following, we simply count
the number of APIs used in a project as a proxy for the difficulty of
API migration. Ultimately, a more refined analysis is needed such
that specific (known to be difficult) API combinations are counted,
and attention is payed to the status of whether these API combos
are really exercised in one program scope or only separately.

In this context, we need to define what constitutes usage of
an API. One option would be to count each method call with an
API’s type as static receiver type (in the case of an instance call),
or as the hosting scope (in the case of a static call), or as the con-
structed type (in the case of a constructor call). Another option
is to count any sort of reference to an API’s types (including the
aforementioned positions of API types in method calls, but count-
ing additionally local variable declarations or argument positions
of method declarations and method calls). Yet another option is
to consider simply imports in a project. The latter option has the
advantage that we can measure such imports very easily—even
for unbuilt projects. Indeed, the following numbers were obtained
by counting imports that were obtained with the token-based fact
extractor.

 0

 5

 10

 15

 20

 25

 30

 1  10  100  1000  10000 1e+05  1e+06 1e+07

N
u

m
b

e
r 

o
f 

u
se

d
 k

n
o

w
n

 A
P

Is

Project Size (in NCLOC) 

Unbuilt projects
Built projects

Reference projects

Projects Min 1st Q Median Mean 3rd Q Max

Unbuilt 1 2 4 4.409 6 27
Built 1 3 4 4.692 6 23
Reference 1 4 6 6.937 8 20

Figure 2. Numbers of known APIs used in the projects;
reference projects are plotted on top of built projects which
in turn are plotted on top of unbuilt projects.

Figure 2 shows the number of known APIs (y-axis) that are
used in the projects ordered by NCLOC-based project size (x-
axis). Unbuilt, built, and reference projects are distinguished. The
listed maxima and quartiles give a sense of the API footprint in
projects in the wild. The set of unbuilt projects exercises a higher
maximum of used APIs than the set of built projects—potentially
because of a correlation between the complexity of projects in
terms of the number of involved APIs and the difficulty to build
those projects.

We also need to clarify how to measure usage of API meth-

ods. That is, how to precisely distinguish distinct methods so that
counting uses is well defined. Particularly, in the case of instance
method calls, the situation is complicated due to inheritance, over-
riding, and polymorphism. As a starting point, we may distinguish
methods by possible receiver type—no matter whether the method
is overridden or inherited at a given subtype. Then, a method call
is counted towards the static receiver type in a call. Addition-
ally, we may also count the call towards subtypes (subject to a
polymorphism-based argument: the runtime receiver type may be
a subtype) and supertypes (subject to an inheritance-based argu-
ment: the inherited implementation may be used, if not inherited).
Such inclusion could also be made more precise by a global pro-
gram analysis.
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Figure 3. Numbers of distinct API methods used in the
projects (without distinguishing APIs).

Figure 3 shows the numbers of distinct API methods used in
the built projects of the corpus; reference projects are highlighted.
Methods on sub- and supertypes of static receiver types were not
included. For simplification, we also considered overloaded meth-
ods as basically one method.

There is a trend of increasing API footprint with project size.
Both axes are logarithmic, but project size grows more quickly
than the count of distinct API methods. Most projects, even most
of the largest ones, use less than 1,000 distinct API methods. As
the table with maxima and quartiles shows, there are a few projects
with exceptionally high counts. We have verified for these projects
that they essentially implement or test large frameworks (such as
ofbiz.apache.org). That is, these outliers embody large num-
bers of ‘self-calls’ for a large number of API methods.

4.2 API coverage by the corpus

An important form of API-usage analysis concerns API cover-
age; see, for example, the discussion of coverage in the API mi-
gration project of [3]. That is, coverage information is helpful in
API migration as means to prioritize efforts, and to leave out map-
ping rules for obscure parts of the API. Coverage information is
also helpful in improving API usability [13, 12].

As it is the case with other forms of API-usage analysis, API
coverage may be considered for either a specific project, or, cu-
mulatively, for all projects in a corpus. For instance, for any given

Correlation on a log-
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API, we may be interested in the API types (classes and inter-
faces) that are exercised in projects by any means: extension, im-
plementation, variable declaration, all kinds of method calls, and
other, less obvious idioms (e.g., instance-of tests). At a more fine-
grained level, we may be interested in the exercised members for
each given API type. Hence, qualitative measurements focus on
types and members that are exercised at all, while quantitative
measurements rank usage by the number of occurrences of a type
or a member or other weights.

Assuming a representative corpus, further assuming appropri-
ate criteria for detecting coverage, we may start with the naive
expectation that a good API should be covered more or less by
the corpus. Otherwise, the API would contain de-facto unneces-
sary types and methods—which is clearly not in the interest of the
API designer. However, it should not come as a surprise that, in
practice, APIs are not covered very well—certainly not by single
meaningful projects [3], but—as our results show—not even by a
substantial corpus; see below.

We have actually tried to determine two simple coverage met-
rics for all 77 known APIs: i) a percentage-based metrics for the
types; ii) another percentage-based metrics for all methods. How-
ever, we do not feel comfortable presenting a chart of those met-
rics for all known APIs here. Unless considerable effort is spent
on each API, such a chart may be disputable. The challenge lies
in the large number of projects and APIs, the different character-
istics of the APIs (e.g., in terms of their use of subtyping), aspects
of cloning, and yet other problems. Some of the issues will be
demonstrated for selected APIs below.

Projects Min 1st Q Median Mean 3rd Q Max

All built 0.1629 1.954 2.769 4.861 3.746 59.93
Reference 1.954 2.891 3.664 3.441 3.95 4.56

Figure 4. Usage of JDOM’s distinct methods.

Let us investigate coverage for specific APIs. As our first tar-
get, we pick JDOM—a DOM-like (i.e., tree-based, in-memory)
API for XML processing. We know that JDOM is a ‘true library’
as opposed to a framework. Regular client code should simply
construct objects of the JDOM classes and invoke methods di-
rectly. We mention these characteristics because library-like APIs
may be expected to show higher API coverage than framework-

like APIs—if we measure coverage in terms of called methods,
as we do here. In this paper, in the case of a call to an instance
method, we only count the method on the immediate static receiver
type as covered. We have checked that the inclusion of super- and
subtypes, as discussed earlier, does not change much the charts
described below.

Initially, we measured cumulative coverage for the methods of
the JDOM API to be 68.89 %. We decided to study the contribu-
tion of the different projects. There are 86 projects with JDOM
usage among the built projects of the corpus. Figure 4 shows the
percentage-based coverage metrics for the methods of the JDOM
API for those JDOM-using projects. The table with maxima and
quartiles gives a good indication of the relatively low usage of the
JDOM API.

Obviously, 3 projects stand out with their coverage. We found
that these projects should not be counted towards cumulative cov-
erage because these projects contain JDOM clones in source form.
That is, it the API calls within the API’s implementation imply ar-
tificial coverage for more than half of all JDOM methods. Without
those outliers, the cumulative coverage is considerably lower, only
24.10 %.

Projects Min 1st Q Median Mean 3rd Q Max

All built 0.3268 0.3268 0.9804 2.22 2.614 27.12
Reference 0.3268 0.3268 1.144 2.369 3.023 11.44

Figure 5. Usage of SAX’ distinct methods.

Let us consider another specific API. We pick SAX—a push-
based XML parsing API. The push-based characteristics imply
that client code typically extends ‘handler’ classes or implements
handler interfaces with handler methods such as startElement
and endElement—to which XML-parsing events are pushed.
As a result, one should be prepared to find relatively low API
coverage—if we measure coverage in terms of called methods.

We measured cumulative coverage for the methods of the SAX
API to be 50.98 %. This relatively high coverage was suprising.
There are 310 projects with SAX usage among the built projects of
the corpus. Figure 5 shows the percentage-based coverage metrics
for the methods of the SAX API for those SAX-using projects. We
found that three of the projects with the highest coverage were in
fact the previously discussed projects with JDOM clones in source

Most of an API  
is never used.
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API # Projects # Methods # Distinct methods # Derived types # API types
impl. ext. any impl. over. impl. over. interf. classes interf. classes

Swing 173 381 391 2512 11150 305 645 443 1859 39 92
AWT 194 75 225 4201 756 593 176 651 120 31 24
Java Collections 120 0 120 986 0 16 0 208 0 3 0
SAX 28 21 42 428 90 85 21 37 29 12 3
JUnit 3 38 40 4 344 4 19 3 46 2 2
Core XML 11 5 14 89 13 17 4 14 5 9 3
SWT 5 8 10 37 86 4 13 25 11 3 3
log4j 1 8 8 25 87 7 9 2 9 2 3
Reflection 7 0 7 10 0 1 0 7 0 1 0
JMF 4 2 6 8 6 6 3 4 3 3 3

Table 4. Top 10 of the APIs with framework-like usage (sorted by the sum of numbers of API-interface implementations and
API-class extensions; see the first 3 columns).

form. Closer inspection revealed that the JDOM API implements,
for example, a bridge from in-memory XML trees to SAX events,
and hence, it pushes itself as opposed to regular SAX-based func-
tionality that is pushed. This is an unexpected but correct use of
the SAX API within the DOM API which brings up coverage of
the SAX API. Even if we removed those 3 projects, the cumulative
coverage only drops down a little to 49.34 %.

We also found other reasonable reasons for relatively high cov-
erage. There are projects that use inheritance and composition to
define new handlers (e.g., http://corpusreader.sourceforge.
net/) so that API methods may get called through ‘super’ or del-
egation. As the quartiles show in the figure, most projects use
a small percentage of the SAX API. Most of the relevant meth-
ods are concerned with processing the parameters of the handlers.
Many of the SAX projects use (largely) predefined handlers, e.g.,
for validation—thereby implying a very low coverage.

4.3 Framework-like API usage

Finally, we introduce an analysis for framework-like API us-
age: What API types are typically implemented and extended, if
any? Also, can we determine whether a given API is presumably
more framework-like (less class library-like) than another API?
What are the parts of an API that account for framework-like us-
age? In the context of API migration, proper framework-like us-
age is very challenging because it implies an ‘inversion of con-
trol’ in applications, which is very hard to come by with mapping
rules [2].

More specifically, by framework-like usage, we mean any sort
of idiomatic evidence for refining, configuring, and implementing
API types within client code. In particular, we may measure i)
extensions (i.e., client classes that extend API classes); ii) imple-
mentations (i.e., client classes that implement API interfaces); iii)
overrides (i.e., client classes that subclass API classes and override
inherited API methods). Obviously, there are facets that may be
harder to identify generically. For instance, if a framework would
involve plug-in or configuration support based on regular method
calls, then such framework-like usage would be missed by i)—iii).
There is again a way of defining framework-like usage in a cumu-
lative way—very similar to coverage analysis. That is, for a given
API, we may determine the set of API types that are ever involved
in framework-like usage.

In reality, many APIs allow for both—class library-like and
framework-like usage. For instance, the Core Java API DOM is
essentially interface-based so that new providers can be imple-
mented, but there are default implementations for the important

use case of DOM as an in-memory XML API. In contrast, there
are other APIs that are subject to framework-like usage more in-
evitably. For instance, the Core Java API Swing is often used in a
way that the JPanel class is overridden.

In our corpus, 35 out of all 77 known APIs exercise a measur-
able facet of framework-like usage. Table 4 lists the top 10 of these
APIs. In the table, we also show the numbers of API methods that
are implemented or overridden throughout the corpus: we show
both absolute numbers of implementations/overrides and the num-
bers of distinct methods. Further, we show the number of derived
types in client code, and the number of API types ever exercised
through framework-like usage.

Surprisingly, the table shows that there are only 7 APIs that
are used in 10 or more projects in a framework-like usage manner.
This clearly suggests that our corpus (of built projects) and our
selection of APIs is trivial in terms of framework-like usage. Many
APIs do not show up at all in the table—despite heavy usage in
the corpus. For instance, DOM-like APIs like JDOM or XOM
do not show up at all, which means that they are only used in a
class library-like manner. The DOM API itself is subject to API-
interface implementations in a number of projects. In the online
appendix of the paper, we also break down the numbers of the table
to show the types that are commonly involved in framework-like
usage: just a hand full of GUI, XML and collection types account
for almost all the framework-like usage in the corpus.

5. Threats to validity

5.1 Internal validity

The selected group may fail to be representative for the whole
population. If we define the whole population to consist of all
open-source Java projects, then we restricted ourselves in at least
three ways, namely, the source of picking the projects (Source-
Forge only), the version control system (SVN only) and the build
tool (Apache Ant only). These choices were concessions to the
primary goal of the present research milestone: to prove the fea-
sibility of large-scale, automated, resolved AST-based API-usage
analysis.

If we were picking open-source projects manually and mak-
ing sure these projects build, then we could be sure not to miss
‘any projects of interest’. However, we are not exactly sure how
to assemble a suitable hand-picked corpus; we are also not con-
vinced that the internal validity issues of such a manual approach
are less severe than ours (if we assume to further improve inclusion
of projects in the future).

The deeper research question:  
How much OO is there in OSS?
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API # Projects # Methods # Distinct methods # Derived types # API types
impl. ext. any impl. over. impl. over. interf. classes interf. classes

Swing 173 381 391 2512 11150 305 645 443 1859 39 92
AWT 194 75 225 4201 756 593 176 651 120 31 24
Java Collections 120 0 120 986 0 16 0 208 0 3 0
SAX 28 21 42 428 90 85 21 37 29 12 3
JUnit 3 38 40 4 344 4 19 3 46 2 2
Core XML 11 5 14 89 13 17 4 14 5 9 3
SWT 5 8 10 37 86 4 13 25 11 3 3
log4j 1 8 8 25 87 7 9 2 9 2 3
Reflection 7 0 7 10 0 1 0 7 0 1 0
JMF 4 2 6 8 6 6 3 4 3 3 3

Table 4. Top 10 of the APIs with framework-like usage (sorted by the sum of numbers of API-interface implementations and
API-class extensions; see the first 3 columns).

form. Closer inspection revealed that the JDOM API implements,
for example, a bridge from in-memory XML trees to SAX events,
and hence, it pushes itself as opposed to regular SAX-based func-
tionality that is pushed. This is an unexpected but correct use of
the SAX API within the DOM API which brings up coverage of
the SAX API. Even if we removed those 3 projects, the cumulative
coverage only drops down a little to 49.34 %.

We also found other reasonable reasons for relatively high cov-
erage. There are projects that use inheritance and composition to
define new handlers (e.g., http://corpusreader.sourceforge.
net/) so that API methods may get called through ‘super’ or del-
egation. As the quartiles show in the figure, most projects use
a small percentage of the SAX API. Most of the relevant meth-
ods are concerned with processing the parameters of the handlers.
Many of the SAX projects use (largely) predefined handlers, e.g.,
for validation—thereby implying a very low coverage.

4.3 Framework-like API usage

Finally, we introduce an analysis for framework-like API us-
age: What API types are typically implemented and extended, if
any? Also, can we determine whether a given API is presumably
more framework-like (less class library-like) than another API?
What are the parts of an API that account for framework-like us-
age? In the context of API migration, proper framework-like us-
age is very challenging because it implies an ‘inversion of con-
trol’ in applications, which is very hard to come by with mapping
rules [2].

More specifically, by framework-like usage, we mean any sort
of idiomatic evidence for refining, configuring, and implementing
API types within client code. In particular, we may measure i)
extensions (i.e., client classes that extend API classes); ii) imple-
mentations (i.e., client classes that implement API interfaces); iii)
overrides (i.e., client classes that subclass API classes and override
inherited API methods). Obviously, there are facets that may be
harder to identify generically. For instance, if a framework would
involve plug-in or configuration support based on regular method
calls, then such framework-like usage would be missed by i)—iii).
There is again a way of defining framework-like usage in a cumu-
lative way—very similar to coverage analysis. That is, for a given
API, we may determine the set of API types that are ever involved
in framework-like usage.

In reality, many APIs allow for both—class library-like and
framework-like usage. For instance, the Core Java API DOM is
essentially interface-based so that new providers can be imple-
mented, but there are default implementations for the important

use case of DOM as an in-memory XML API. In contrast, there
are other APIs that are subject to framework-like usage more in-
evitably. For instance, the Core Java API Swing is often used in a
way that the JPanel class is overridden.

In our corpus, 35 out of all 77 known APIs exercise a measur-
able facet of framework-like usage. Table 4 lists the top 10 of these
APIs. In the table, we also show the numbers of API methods that
are implemented or overridden throughout the corpus: we show
both absolute numbers of implementations/overrides and the num-
bers of distinct methods. Further, we show the number of derived
types in client code, and the number of API types ever exercised
through framework-like usage.

Surprisingly, the table shows that there are only 7 APIs that
are used in 10 or more projects in a framework-like usage manner.
This clearly suggests that our corpus (of built projects) and our
selection of APIs is trivial in terms of framework-like usage. Many
APIs do not show up at all in the table—despite heavy usage in
the corpus. For instance, DOM-like APIs like JDOM or XOM
do not show up at all, which means that they are only used in a
class library-like manner. The DOM API itself is subject to API-
interface implementations in a number of projects. In the online
appendix of the paper, we also break down the numbers of the table
to show the types that are commonly involved in framework-like
usage: just a hand full of GUI, XML and collection types account
for almost all the framework-like usage in the corpus.

5. Threats to validity

5.1 Internal validity

The selected group may fail to be representative for the whole
population. If we define the whole population to consist of all
open-source Java projects, then we restricted ourselves in at least
three ways, namely, the source of picking the projects (Source-
Forge only), the version control system (SVN only) and the build
tool (Apache Ant only). These choices were concessions to the
primary goal of the present research milestone: to prove the fea-
sibility of large-scale, automated, resolved AST-based API-usage
analysis.

If we were picking open-source projects manually and mak-
ing sure these projects build, then we could be sure not to miss
‘any projects of interest’. However, we are not exactly sure how
to assemble a suitable hand-picked corpus; we are also not con-
vinced that the internal validity issues of such a manual approach
are less severe than ours (if we assume to further improve inclusion
of projects in the future).

Few APIs (frameworks) are 
exercised in an OO manner.
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API # Projects # Methods # Distinct methods # Derived types # API types
impl. ext. any impl. over. impl. over. interf. classes interf. classes

Swing 173 381 391 2512 11150 305 645 443 1859 39 92
AWT 194 75 225 4201 756 593 176 651 120 31 24
Java Collections 120 0 120 986 0 16 0 208 0 3 0
SAX 28 21 42 428 90 85 21 37 29 12 3
JUnit 3 38 40 4 344 4 19 3 46 2 2
Core XML 11 5 14 89 13 17 4 14 5 9 3
SWT 5 8 10 37 86 4 13 25 11 3 3
log4j 1 8 8 25 87 7 9 2 9 2 3
Reflection 7 0 7 10 0 1 0 7 0 1 0
JMF 4 2 6 8 6 6 3 4 3 3 3

Table 4. Top 10 of the APIs with framework-like usage (sorted by the sum of numbers of API-interface implementations and
API-class extensions; see the first 3 columns).

form. Closer inspection revealed that the JDOM API implements,
for example, a bridge from in-memory XML trees to SAX events,
and hence, it pushes itself as opposed to regular SAX-based func-
tionality that is pushed. This is an unexpected but correct use of
the SAX API within the DOM API which brings up coverage of
the SAX API. Even if we removed those 3 projects, the cumulative
coverage only drops down a little to 49.34 %.

We also found other reasonable reasons for relatively high cov-
erage. There are projects that use inheritance and composition to
define new handlers (e.g., http://corpusreader.sourceforge.
net/) so that API methods may get called through ‘super’ or del-
egation. As the quartiles show in the figure, most projects use
a small percentage of the SAX API. Most of the relevant meth-
ods are concerned with processing the parameters of the handlers.
Many of the SAX projects use (largely) predefined handlers, e.g.,
for validation—thereby implying a very low coverage.

4.3 Framework-like API usage

Finally, we introduce an analysis for framework-like API us-
age: What API types are typically implemented and extended, if
any? Also, can we determine whether a given API is presumably
more framework-like (less class library-like) than another API?
What are the parts of an API that account for framework-like us-
age? In the context of API migration, proper framework-like us-
age is very challenging because it implies an ‘inversion of con-
trol’ in applications, which is very hard to come by with mapping
rules [2].

More specifically, by framework-like usage, we mean any sort
of idiomatic evidence for refining, configuring, and implementing
API types within client code. In particular, we may measure i)
extensions (i.e., client classes that extend API classes); ii) imple-
mentations (i.e., client classes that implement API interfaces); iii)
overrides (i.e., client classes that subclass API classes and override
inherited API methods). Obviously, there are facets that may be
harder to identify generically. For instance, if a framework would
involve plug-in or configuration support based on regular method
calls, then such framework-like usage would be missed by i)—iii).
There is again a way of defining framework-like usage in a cumu-
lative way—very similar to coverage analysis. That is, for a given
API, we may determine the set of API types that are ever involved
in framework-like usage.

In reality, many APIs allow for both—class library-like and
framework-like usage. For instance, the Core Java API DOM is
essentially interface-based so that new providers can be imple-
mented, but there are default implementations for the important

use case of DOM as an in-memory XML API. In contrast, there
are other APIs that are subject to framework-like usage more in-
evitably. For instance, the Core Java API Swing is often used in a
way that the JPanel class is overridden.

In our corpus, 35 out of all 77 known APIs exercise a measur-
able facet of framework-like usage. Table 4 lists the top 10 of these
APIs. In the table, we also show the numbers of API methods that
are implemented or overridden throughout the corpus: we show
both absolute numbers of implementations/overrides and the num-
bers of distinct methods. Further, we show the number of derived
types in client code, and the number of API types ever exercised
through framework-like usage.

Surprisingly, the table shows that there are only 7 APIs that
are used in 10 or more projects in a framework-like usage manner.
This clearly suggests that our corpus (of built projects) and our
selection of APIs is trivial in terms of framework-like usage. Many
APIs do not show up at all in the table—despite heavy usage in
the corpus. For instance, DOM-like APIs like JDOM or XOM
do not show up at all, which means that they are only used in a
class library-like manner. The DOM API itself is subject to API-
interface implementations in a number of projects. In the online
appendix of the paper, we also break down the numbers of the table
to show the types that are commonly involved in framework-like
usage: just a hand full of GUI, XML and collection types account
for almost all the framework-like usage in the corpus.

5. Threats to validity

5.1 Internal validity

The selected group may fail to be representative for the whole
population. If we define the whole population to consist of all
open-source Java projects, then we restricted ourselves in at least
three ways, namely, the source of picking the projects (Source-
Forge only), the version control system (SVN only) and the build
tool (Apache Ant only). These choices were concessions to the
primary goal of the present research milestone: to prove the fea-
sibility of large-scale, automated, resolved AST-based API-usage
analysis.

If we were picking open-source projects manually and mak-
ing sure these projects build, then we could be sure not to miss
‘any projects of interest’. However, we are not exactly sure how
to assemble a suitable hand-picked corpus; we are also not con-
vinced that the internal validity issues of such a manual approach
are less severe than ours (if we assume to further improve inclusion
of projects in the future).

Very few API (framework) types 
are exercised in an OO manner.
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Source: Hakan Aksu, Ralf Lämmel, Wojciech Kwasnik:
Visualization of API Experience. 

Softwaretechnik-Trends 36(2) (2016)

Figure 1: Domain & API references (DR and AR) for libGDX

Figure 2: Per-developer comparison of domain references for libGDX

be easily observed in this manner. For instance, the
favorite domains (with the most references) of devel-
oper 2 are Meta, GUI, IO, and Media. The developers
can be easily compared by means of the radii. For in-
stance, developer 1 is the most experienced developer
in the Archiving domain even though it makes only a
small contribution to all the experience atoms of this
developer.

4 Conclusion
The developed visualization approach summarizes
several aspects of per-developer API usage in a concise
and systematic manner. The overall idea of interpret-
ing API usage (in terms of both references to API
elements and referenced API elements) is not new [3];
the original insight of the present work is that ratios
of APIs are compared for each individual developer
and across all developers while adding the abstraction

level of domains on top of APIs.
In future work, we plan to develop a comprehen-

sive visualization tool that allows one to explore per-
developer API usage along different dimensions based
on the selection of a collection of developers, a win-
dow on the commit timeline, a collection of APIs or
domains, and yet other parameters.
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How to profile developers in terms of API experience?
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Source: Johannes Härtel, Hakan Aksu, and Ralf Lämmel:
Classification of APIs by Hierarchical Clustering. 

ICPC 2018

A related and recent research question:  
How to categorize APIs?

Classification of APIs by Hierarchical Clustering ICPC 2018, May 2018, Gothenburg, Sweden

Table 4: Top con�gurations with maximum category correlation

Analytical Similarity Normal. Data Selec-
tion

Document
Granularity

Clustering Max Cat-
egory

Max
Tags

Max
Api

LDA Cosine All Visible Package Single 0.602 0.587 0.671
Idf Cosine All Visible Class Single 0.599 0.439 0.844
LSI Cosine CCSW Visible Package Single 0.579 0.501 0.79
Idf JC All All Class Single 0.571 0.387 0.794
Idf JC All Visible Package Average 0.568 0.467 0.871
None Cosine All Visible Class Single 0.566 0.414 0.852
LSI Cosine None All Package Single 0.554 0.559 0.725
LSI Cosine CCSW All Package Complete 0.551 0.462 0.834
LSI Cosine CCSW Visible API Single 0.539 0.471 0.845

Figure 9: Parameter panel for exploration.

Figure 10: MySQL and PostgreSQL clustering.

7 THREATS TO VALIDITY
Curated list. An issue on internal validity is that only the most

recent POM �les are taken into account regardless of any time-
stamp. We argue here that the most recent state of GitHub is our

Figure 11: An alternativeMySQL and PostgreSQL clustering.

Figure 12: Missing classi�cation on Maven Repository.

focus indeed. We exclude version ranges from the analysis, as we
prefer analyzing ‘explicitly’ chosen API usage. A last point that we
omit to cover are accidentally packaged dependencies in API JARs.
This is di�cult to handle. For instance, naming conventions of the
group and artifact id are not strictly met in the package structure. In
the future, we aim to include explicit API dependency information.

Feature model. The main threats to internal validity are related
to the restricted and biased feature model as already outlined in
Section 4. We keep close to related work to address this threat.

Evaluation. A main issue on external validity, already pointed
out in Section 5, is that we do not make signi�cance statements
about the generalizability of a con�guration. We partially handle ex-
ternal validity applying a con�guration on di�erently sampled data.
The outliers produced by LDA are connected to the lack of samples
that are input to our approach, as LDA is a stochastic process that
produces di�erent results on each run. Especially when computing
statistics on LDA averaging the results becomes necessary [41].
This threat can be handled in future work by increasing the amount
of samples.

8 RELATEDWORK
Categorization andClustering. In [11], a comparable approach

to automated categorization of new software projects or libraries is

We use the data mining technique of ‘hierarchical clustering’ to 
compare APIs based on extracted class and method names.
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CHAPTER 3. ANNOTATING SIMILARITIES 28

user can also enter some intent, and, if Restore Equality is selected, the direction
to push changes to. Ann stores the annotation and additionally keeps track of the current
similarity value at HEAD. This value will later be used when Ann updates annotations
based on user actions. Updating of annotations will be discussed in chapter 5.

3.5.2 Variant-centric

The variant-centric annotator is suitable when the user wants to systematically explore the
variants as they can be found at the HEAD of the repository’s branch. This annotator is
tailored for the use case where the history is less relevant to the user, but the user rather
wants to focus on the current set of variants.

Selecting a variant

Figure 3.9: Graph of variants with edges weighted and color-coded by the similar-
ities.

Initially the user is presented with a graph of all variants that can be found at the HEAD
of the given repository and branch. Ann uses the similarities at fragment-level to compute
a similarity at variant-level. The presentation uses a force-driven layout such that variants
that are more similar to each other are closer to each other than variants that are less similar
to each other. By using this layout the user can easily identify ”clusters” of highly-similar
variants. Finally the user selects a variant in the graph.

Source: Thomas Schmorleiz, Ralf Lämmel:
Similarity management of 'cloned and owned' variants.

SAC 2016

Yet another research question:  
How to detect and consolidate ‘clone and own’?

These are about 40 
different systems that 

have been derived from 
each other. The layout 

conveys similarity.
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Source: Ralf Lämmel, Ekaterina Pek:
Understanding privacy policies - A study in empirical analysis of language usage. 

Empirical Software Engineering 2013

44 Ralf Lämmel, Ekaterina Pek
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Fig. 25 Distribution of clone group cardinalities

of all policies of the corpus that are not distinct in the cloning sense. Column # Added
clone groups shows the number of new clone groups for each type, where we do
not count groups that are only enlarged or merged. Column # Enlarged clone groups
shows the number of clone groups that were obtained solely by adding newly detected
cloned policies of the given type to a clone group of the prior type. Column # Merged
clone groups shows the number of clone groups from the prior type that were merged
in clone groups of the given type.

It should be noted that the number of clone groups drops from syntactical to se-
mantical type: this is because some of the syntactically cloned policies are semanti-
cally invalid. Namely, 143 syntactical clone groups contain semantically invalid poli-
cies (that is, 28.83 % of all syntactical clone groups). The rest of the difference is
because of groups being merged under the clone type.

We also compared all policies with the 6 templates of IBM’s policy editor because
we realized at some point that many policies were obviously edited with this promi-
nent P3P tool. We found that all but 1 of the templates have an associated clone group.
We encounter and discuss some of these clone groups when we inspect selected clone
groups below.

Textual and syntactical clone detection clearly identify a substantial amount of
clones. The contribution of semantic clone detection is small. In Appendix A.5,
we consider the remaining diversity among the semantically distinct policies on the
grounds of the partial order for degree of exposure as of §3.4.

The distribution of textual and syntactical clone groups in terms of cardinality is
shown in Fig. 25 and Table 15. There are a few huge clone groups; most clone groups
are of trivial size. More precisely, there are 36 textual clone groups with cardinal-

Yet another research question:  
How is a language used in the wild?

We were able to determine 
that most privacy policies 
in the world are ‘clones’ 

with just a few clone 
groups defining common 

use cases.
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Source: Johannes Härtel, Marcel Heinz, and Ralf Lämmel:
EMF Patterns of Usage on GitHub. 

Submitted for publication. 2018

A current research question:  
What are the patterns of technology usage across projects?

Fig. 4. Overall pattern sum and
the number of repositories a pat-
tern occurs in.

E J G EJ1 EJ2 EJ3 EE EJc2 EJJ

Sum 4427 2217 2181 1894 96 2598 1376 496 45

Repo 1389 1152 1294 404 43 1127 157 223 18

mean 3.1 1.5 1.5 1.3 0.1 1.8 1.0 0.3 0.0

std 9.8 3.2 2.2 6.2 0.5 7.3 8.3 1.6 0.5

25% 1.0 1.0 1.0 0.0 0.0 1.0 0.0 0.0 0.0

50% 1.0 1.0 1.0 0.0 0.0 1.0 0.0 0.0 0.0

75% 2.0 1.0 1.0 1.0 0.0 1.0 0.0 0.0 0.0

max 261 71 28 103 10 248 251 26 16

cv 3.2 2.1 1.5 4.7 8.2 4.0 8.6 4.5 15.2

Fig. 5. The distribution of the detected pattern in
a repository (where the minimum is always 0.0).
Row ‘cv’ list the coe�cient of variation.

The following rules establish the correspondence between the elements of
sl:EcorePackageXMI and sl:EcorePackageJava by matching the nsURI.

1 // Correspondence between XMI and Java Packages.
2 (?xmi, sl:elementOf, sl:EcorePackageXMI) (?java, sl:elementOf, sl:EcorePackageJava)

3 (?xmi, sl:nsUri, ?nsUri) (?java, sl:nsUri, ?nsUri) !
4 (?xmi, sl:correspondsTo, ?java).

5 // Correspondence between XMI and Java Classifiers.
6 (?xmiClassifier, sl:uri, ?uri) (?javaClassifier, sl:uri, ?uri)

7 (?xmiClassifier, sl:elementOf, sl:EcoreClassifierXMI)

8 (?javaClassifier, sl:elementOf, sl:EcoreClassifierJava) !
9 (?xmiClassifier, sl:correspondsTo, ?javaClassifier).

Listing 1.11. Rules recovering the correspondence

The Java model extraction underlying the latter classification is based on
accessing the nsURI property in the Java AST by a similar primitive UriJava

(not shown here). Corresponding classifiers are aligned by comparing the nsURI
concatenated with the classifier name.

4.4 Results

The results of the case study applied on 1438 Vanilla EMF repositories are shown
in Fig. 4 and Fig. 5. We limit the discussion on some patterns and leave out some
results for brevity. The median pattern occurrence of Ecore (E), Java (J) and
Genmodel (G) packages and the regular correspondence (EJ3) in a repository
is 1. This indicates that common usage is concerned with only one package.
The coe�cient of variation for measuring the relative variability ‘cv’ is highest
for EJ2, EE and EJJ, the first two patterns indicate problems and the latter
represents a very rare case that does not often occur (in 1% of the Vanilla repos-
itories). We expect corner cases and problems to have high variations in pattern
occurrence. Having no package correspondence (EJ1) or a regular package corre-
spondence (EJ3) can both be considered as common usage. Forgetting to remove
Java classifiers (EJc2) can also be considered a common usage despite being a
definite inconsistency. On the contrary, we detected no repository missing a Java
classifier for an Ecore classifier (EJc1).

These are patterns related 
to the EMF technology. 

For instance, EJc2 models 
that metamodel and 

derived Java code are not 
in sync in a certain way.
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Is it all about machine learning?
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Big Code Science is about much more than 
machine learning!

Technical aspects 

Syntax and semantics of languages 

Technological spaces (e.g., Java vs. Ruby) 

Software development platforms (e.g., GitHub)
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Big Code Science is about much more than 
machine learning!

Scientific and methodological aspects 

Development of hypotheses 

Reproducibility of studies 

Realization of benefits 

Parameters
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Source:  Sven Amann, Stefanie Beyer, Katja Kevic, Harald C. Gall:  
Software Mining Studies: Goals, Approaches, Artifacts, and Replicability.  

LASER Summer School 2014: 121-158

Goals of mining 

* Productivity goals 

* Quality-assurance goals 

* Management goals 

* Exploration goals

Fig. 1. Goals for Mining Software Repositories
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Fig. 2. Popularity of artifacts and artifact-sources in MSR since 2004.

tial. These three research areas uncover artifacts which could potentially become
more prominent. As example, related to green mining, artifacts about CPU, I/O,
and memory traces are particularly interesting. Advanced technologies, which
necessarily require energy-aware applications, such as the Google Glass, might
unravel even further artifacts. Considering mobile software engineering, uncov-
ers that, for example, data gathered through Web IDEs could become relevant
for further experiments. To better understand human behavior within the soft-
ware development process, a variety of data sources can be mined. Data sources
to better understand developers capture either data about the developer itself,
as example through psycho-physiological measurements in particular situation
while coding, or capture data about social interactions of developers. Devices,
such as eye trackers, electrodermal activity, electrocardiodiagrams, or electroen-
cephalograms, allow detailed insights about individual behaviors during a pro-
gramming task. Communication threads in emails or messages were part of early
experiments in the MSR community. However, in recent years the range of these
artifacts has increased. Recent experiments mine Twitter feeds, so it is conceiv-
able that social networks, such as Facebook, will eventually become a mining
artifact for software engineering as well.

Artifacts 

subjected to mining

Source:  Sven Amann, Stefanie Beyer, Katja Kevic, Harald C. Gall:  
Software Mining Studies: Goals, Approaches, Artifacts, and Replicability.  

LASER Summer School 2014: 121-158
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necessarily require energy-aware applications, such as the Google Glass, might
unravel even further artifacts. Considering mobile software engineering, uncov-
ers that, for example, data gathered through Web IDEs could become relevant
for further experiments. To better understand human behavior within the soft-
ware development process, a variety of data sources can be mined. Data sources
to better understand developers capture either data about the developer itself,
as example through psycho-physiological measurements in particular situation
while coding, or capture data about social interactions of developers. Devices,
such as eye trackers, electrodermal activity, electrocardiodiagrams, or electroen-
cephalograms, allow detailed insights about individual behaviors during a pro-
gramming task. Communication threads in emails or messages were part of early
experiments in the MSR community. However, in recent years the range of these
artifacts has increased. Recent experiments mine Twitter feeds, so it is conceiv-
able that social networks, such as Facebook, will eventually become a mining
artifact for software engineering as well.
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