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Abstract

Classes are the basic building blocks of object-oriented software
systems. To understand key parts of the system we need to un-
derstand the roles that classes play by looking at their structure
and their behavior. However, source code alone is too opaque to
convey such roles, especially in large and complex systems. More-
over, as software evolves, classes originally designed for a single
purpose often get new responsibilities, changing, expanding, and
complicating their roles over time.

We present a heuristic-based approach for fully automatic class
stereotypes identification. We use CodeQL queries to capture struc-
tural properties (e.g., attribute composition, inheritance patterns)
and to infer behavioral properties (e.g., method interactions, at-
tribute accesses) of classes. We leverage this information to deter-
mine intrinsic and system-level class roles. Based on these proper-
ties, we define class archetypes that simplify system understanding
by using a common pattern language to highlight single and co-
occurring roles. We applied our heuristics to a dataset of over 650
Java GitHub repositories. Besides the scalability of our approach,
preliminary observations reveal underlying temporal trends in how
certain class roles emerge, endure, or evolve, suggesting that au-
tomated, property-based class role inference can support future
research on software design and system evolution analyses.
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1 Introduction

Classes are the main abstraction unit of object-oriented software
systems. They encapsulate data and behavior, define relationships,
and organize responsibilities within a system [14].

Understanding class roles is key to program comprehension,
maintenance, and evolution [3, 4]. However, inferring the intended
role of a class just by reading source code is challenging, particularly
because a class role is rarely “pure” and often depends on relation-
ships that are not explicitly visible in the code [11, 16, 20, 26]. More-
over, as software evolves, classes frequently acquire new responsi-
bilities, drifting away from their original design intent [25, 28, 29].
A class initially created to store data may later implement logic
to validate data or coordinate data management of other depen-
dent classes. This evolution complicates identifying class roles and
increases the difficulty of reasoning about overall system design.

Class stereotypes provide exactly such a high-level abstraction
of the design intent, hiding the nitty-gritty implementation details,
and serving as a bridge between the two. Stereotypes describe com-
mon recurring roles that classes play in a system (e.g., data holders,
utility providers, creational helpers) [15, 29]. By using stereotypes
for system modeling, developers can decide class responsibilities
even before implementing them, and explicitly communicate design
choices, supporting both consistency and understanding across de-
velopment teams [15, 29]. Class stereotypes can also be reverse
engineered from existing implementation artifacts to understand
system evolution [5, 7, 9, 24], to generate automatic documenta-
tion [2, 19, 21], and to improve program comprehension [8, 10, 17].

Among the proposed approaches for automatic class stereotypes
extraction, some use machine learning to classify stereotypes based
on structural class features [22, 27]. Others analyze the frequency
distribution of method-level patterns [1, 18], trading off abstraction
level for low granularity discriminative power. Some approaches
leverage visual patterns to infer stereotypes, offering rule-of-thumb
visual cues for quick identification [12, 17], but fail to systematically
capture stereotypes at scale without human interpretation.

Yet Another Classification? Current approaches to class stereo-
typing generally follow two directions. One defines semantic stereo-
types a priori to declare design intent before implementation. The
other reverse engineers stereotypes from existing code by mapping
both implementation patterns and code metrics to a single stereo-
type per class. These methods face limitations: Taxonomies can be
large and hard to remember, and labels may not clearly reflect class
semantics, reducing their practical usefulness. We argue that these
limitations hinder the effective adoption of class stereotypes.

We propose Class Archetypes, an approach distinct from class
stereotypes, derived from a class’s semantic role rather than metrics,
which are used only for secondary classification. Our method also
considers system-level usage and allows multiple archetypes per
class, acknowledging that classes are rarely semantically pure.
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Table 1: Class archetypes: Definition and comparison with the ones in the literature.
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Archetype Description [15] [17] [29] [10]
Constants  Stores constant data (e.g., settings, default values) to be available to other classes. A class is a Constants Definer if it defines at » o » o
Definer least one class-side constant attribute (i.e., a final static attribute in Java) that is accessed from a non-local method.
Responsible for creating instances of other classes (e.g., factory or builder design patterns). A class is Creational if it defines at
Creational least one Creational Method. A method qualifies as such, if all of the following conditions hold: It creates an instance of a class » o ) ©
other than the one in which it is defined; It returns the created instance or a collection of such instances; The created instance
is not assigned to any field of the defining class; The method is not invoked from within the class.
Data Stores data rather than implementing complex logic. A class qualifies as a Data Holder if at least 80% of its attributes are Data
Holder Holder Attributes, that is, attributes where every accessing method is public, local to the class, and functions exclusively as a » (V] » «
getter, setter, constructor, or lazy initializer.
Interface Specifies methods that its subtypes implement to ensure a shared usage interface. A class is an Interface Definer if all of
D the following conditions hold: It defines no attributes; It defines at least one method; None of the defined methods have an (x) o (V] (x)
efiner X 2 .
implementation; All of the defined methods are overridden.
Names a type without defining any logic (e.g., for type-checking purposes). A class is a Marker if all of the following conditions
Marker hold: It defines no attributes or methods; It defines at most one constructor; The only defined constructor only calls the [x] o Qo (V]
superclass constructor.
Ensures that at most one instance of the class exists and provides a global access point to it. A class is a Singleton if all of the
Singleton  following conditions hold: It declares a class-side attribute of the same type as itself; It declares a class-side method that returns » »
this instance (i.e., a getter); All of its constructors are private.
Utility Defines reusable pieces of logic that do not alter the state of the program. Defines at least one Utility Method, which is the case o Px)
if it is class-side; it is not empty; no class-side method in its call tree modifies the state of any field (i.e., it is a pure function).
Encapsulates another class to modify or control how it is accessed (e.g., by adapting the interface of the wrapped class). At least
Wrapper 80% of its methods are Wrapper Methods. A method qualifies as such, if all of the following conditions hold: It invokes a method » » « «

of the wrapped entity; It contains fewer than four statements (i.e., no complex logic); It does not call any method nor modifies

the state of its defining class.

2 Related Work

Class stereotypes were introduced as a high-level means to extend
the Unified Modeling Language (UML) and to explicitly commu-
nicate a design intent [15, 28, 29]. Subsequent research shifted to
reverse engineer intent from implementation. Different approaches
to stereotype reverse engineering have been explored. Some rely
on predefined lists of stereotypes derived from the observation
of implementation artifacts [10], from syntactic properties with-
out predefined categories [23], or from visual patterns that reveal
class roles through custom visualization metaphors [13, 17]. Dra-
gan et al. [8, 10] analyzed the frequency distribution of method
stereotypes to infer class stereotypes, framing them as semantic ab-
stractions of software behavior. Clarke et al. explored structural clus-
tering of classes based solely on syntactic characteristics, demon-
strating that design categories can arise even without a predefined
taxonomy [23]. There are various strategies for the automatic detec-
tion of class stereotypes (e.g., rule-based pattern recognition [1, 18],
including machine learning-based stereotype classification [22, 27]).
Previous research on method and class stereotypes evolution
focused on detecting how changes in the code trigger a stereotype
change [7], on characterizing commits with stereotypes [9], and on
automatically generating commit messages via stereotypes [5, 24].
Our work defines a new set of stereotypes (i.e., Class Archetypes)
derived by applying heuristics to a large number of object-oriented
Java repositories. Our work (in progress) focuses on the interac-
tions between classes, methods, and attributes, an aspect that has
been under-explored in the previous literature. For example, Lanza
and Ducasse examined class relationships in detail (detecting 13
inheritance patterns that we do not detect), but their work was
geared toward visual pattern recognition rather than automatic
detection [17]. Moreover, previous research on stereotype and code
co-evolution has focused on analyzing method stereotypes in sin-
gle commits [5, 7, 9, 24]. We analyze how the archetypes of a class
change throughout the entire history of a repository, including the
acquisition of new archetypes and changes or loss of existing ones.

3 Class Archetypes

Class Archetypes capture two complementary aspects of a class: Its
internal structure and behavior (e.g., attribute composition, method
interactions), and its role in the system. The former reflects the
design intent behind the class. The latter reveals how effectively
this intent aligns with the class’ actual role within the codebase.

Table 1 defines our growing collection of class archetypes, pro-
viding a synthetic comparison to existing categorizations. & means
that the previous work defined the same concept, possibly with an
alternative name. € means that the previous work does not feature
such a concept. €€ means that a concept similar to our archetype
is present but split into a finer-grained classification. For example,
the work of Dragan et al. [10] features a finer-grained classification,
splitting the data holder archetype into three subcategories accord-
ing to the distribution of method stereotypes.  is the opposite: The
related work provides coarser-grained concepts compared to our
approach (e.g., the broad categories defined by Jacobson et al. [15]).

Our catalogue of archetypes is not complete, as we will show in
the next section. In all approaches, including ours, there are cases
which cannot be mapped (yet) to a concept, sometimes collected
in broad “fallback” categories, for example, Entity in the work of
Dragan et al. [10]. With respect to their work, we also merged Data
Class and Minimal Entry into a single Data Holder archetype, yet
encompassing more than the Data Storage stereotype of Lanza and
Ducasse [17]. In our classification, a minimal entry is a data class
with additional constraints regarding its size. Furthermore, unlike
Dragan et al., we do not allow data classes to include complex logic
(e.g., Command methods [10]); such classes are instead categorized
as regular classes. The only logic we allow within a data class is the
special case of lazy initialization implemented in a getter method.
We also merged, for consistency, Controller and Pure Controller from
Dragan et al. (and Coordinator and Controller [29]) into a single
Wrapper archetype. In our classification, a class that exhibits only
the Wrapper archetype is equivalent to a pure controller; otherwise,
if it has additional archetypes, it corresponds to a controller.
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4 Analysis

CodeQL! is a semantic code analysis engine that allows querying
code as data in a database. We implement our heuristics as CodeQL
queries and execute them on 652 Java repositories from GitHub.
Using seart-ghs [6], we selected Java projects with at least 100
stars, 100 watchers, and 35,000 lines of code. From the 726 retrieved
repositories, we filtered out 74 for which CodeQL could not build
a database. An example of CodeQL database query to detect the
Utility archetype is shown in Figure 1. All the queries and their
results are included in the replication package.

class UtilityMethod extends ClassMethod {
UtilityMethod() {
this.isPublic() and this.getBody().getNumStmt() > @
and not exists(FieldAccess a | this = a.getEnclosingCallable())
and not exists(Callable callee, FieldWrite write |
this.calls*(callee) and not callee instanceof Constructor
and callee = write.getEnclosingCallable()

)3}

Figure 1: Example of CodeQL sub-query to identify utility
methods in utility classes.

To efficiently collect data at scale, we developed a parallelized
miner with the following workflow: We perform a shallow clone
(i.e., clone with a depth of 0, no history) of each repository to
minimize storage and network overhead; we create the CodeQL
database for the repository and perform all our custom queries on
it; finally, we decode the binary output from each query as JSON
(JavaScript Object Notation) and merge all the outputs into a single
TSV (tab-separated values) file for the subsequent analyses.

For the temporal analysis (Section 4.3), we leverage a similar
process for every commit. We clone each repository (this time with
a deep clone for the complete history) and copy it n times locally,
allowing n parallel processes to analyze a distinct batch of commits.
Each process repeats checkout, database build, query execution,
and output decoding, independently for each commit in the batch.

Overall, our queries collect 47 structural and behavioral proper-
ties for a total of 1,967,993 classes. Eight boolean labels mark the
presence or absence of each of our class archetypes.

Figure 2 shows the distribution of the percentage of classes
covered by at least one archetype across all analyzed repositories
via a violin plot. The median of classified archetypes is about 45%,
with most repositories having between 30% and 60% of their classes
automatically assigned to at least one archetype. A small number
of repositories shows higher classification coverage (up to 90%),
while very few have extremely low coverage. This indicates that
our heuristics can automatically identify at least one archetype for
about 45% of the codebase on average, with just eight archetypes.

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Figure 2: Archetypes distribution across repositories.

Ihttps://codeql.github.com/
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4.1 Coverage Analysis

The number of occurrences of class archetypes across approxi-
mately two million classes gives a clue about how developers struc-
ture large object-oriented systems (with an average of more than
three thousand classes per system). Table 2 shows that the most
prevalent single-role archetypes are Creational, Data Holder, and
Interface Definer, together spanning roughly 25% of all classes.

Table 2: Count of single occurrences, co-occurrences and total
number of archetypes.

Creational 206,012 10.47% 2 Archetypes 124,286 6.32%
Data Holder 150,455 7.65% 3 Archetypes 15,683 0.80%
Interface Definer 145,238 7.38% 4 Archetypes 410 0.02%
Utility 99,140 5.04% 5 Archetypes 13 0.00%
Constants Definer 79,912 4.06% 140,392 7.13%
Marker 42,363 2.15%
Wrapper 27,113 1.38%
Singleton 3,449 0.18% 1+ Archetypes 894,074 45.43%
753,682 38.30% No Archetypes 1,073,919 54.57%

One notable example is the repository LWJGL/1wjgl3,? a wrap-
per for various low-level graphics APIs, which shows one of the
highest classification rates, with 54% of classes being constant de-
finers, 58% creational classes, and 67% utility classes. This char-
acterization aligns with the nature of the project: As a wrapper
for low-level APIs, it contains many constants and utility classes
that model and allow interaction with the underlying APIs. There
are few stateful classes, since most of its functionality involves
delegating calls to the underlying native libraries and constructing
higher-level objects from their results.

Conversely, the relatively low occurrence of the other four ar-
chetypes, may indicate a different style of object-oriented design.
Rather than emphasizing traditional object-oriented abstractions
and inheritance hierarchies, modern Java libraries, especially those
focused on performance and interoperability, tend to favor static
utility methods and immutable data structures. This shift suggests a
more pragmatic and functional use of Java, where object orientation
is employed primarily for organization and encapsulation rather
than as the dominant architectural paradigm.

4.2 Co-Occurrence Analysis

Table 3 shows the occurrences of each archetype (diagonal) and the
co-occurrences for each pair of archetypes. The diagonal values are
much larger than off-diagonal values, showing that most classes
are primarily of a single archetype, with little overlap (less than 1%
given from the ones with more than two archetypes). Singleton most
frequently co-occurs with other archetypes (89.2%), suggesting it is
more a property than a standalone role. Constants Definer (37.9%)
and Utility (36.8%) follow, highlighting how the class-side can be
as a standalone entity or a support to other archetypes. In contrast,
Interface Definer and Marker (both mutually exclusive with all the
other archetypes, by definition) show no co-occurrences, indicating
purely standalone roles. Overall, archetype hybridization is low,
with most classes assigned to a single type.

Zhttps:/github.com/LWJGL/lwjgl3
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Table 3: Co-occurrence of class archetypes.

Constants Interface
Creational Utility Definer  DataHolder  Singleton  Wrapper Definer Marker

Creational 206,012 24,205 17,315 | ENASH 1,592 ] 0

Utility 24,205 19,323 182 [} 0

Constants Definer 17,315 19,323 79,912 1,657 283 ] o

Data Holder 13,698 150,455 753 299 ] ]
] 0

] 0

o

Singleton 25,987 230 1,657 753 3,449 13

Wrapper 1,592 182 283 299 13 27,113

Interface Definer ) ) ] ) ) 0 145,238

Marker 0 ) 0 [ ) 0 [) 42,363

Total 283,605 156,778 128,745 183,954 32,089 29,482 145,238 42,363
77,593 57,638 48,833 33,499 28,640 2,369 0 0

(27.36%)  (36.76%)  (37.93%)  (18.21%)  (89.25%) (8.04%) (0.00%) (0.00%)

Co-Occurrence

4.3 Temporal Analysis

To conclude our analysis, we extend it to the domain of time with
a notable example from the ArgoUML GitHub repository.® Figure 3
shows the full evolution of the ToDoList class. Since its creation,
the class contained three constant values, leading it to be initially
classified as a Constants Definer. In commit #d8e44de, although
the number of constants remains unchanged, they are no longer
referenced by other classes, causing the class to lose its archetype.
In commit #fb9ed46, the methods getDecisions and getGoals
are converted to static and remain so until the latest commit, caus-
ing the class to be identified as a Utility archetype. In this commit,
the implementation of the two methods remains the same, only
the signature changes. We could argue that they should have been
static from the beginning, thus highlighting how this temporal
analysis can shed light on errors and wrong patterns of the past.
The methods getOffenders and getPosters change their re-
turn type in commit #20ef946 from VectorSet to ListSet. Since
ListSet is a defined within the same system, ToDoList is subse-
quently categorized as Creational. Later, in commit #35ba393, these
methods store the created instances to internal variables before
returning them, which causes the class to lose its Creational ar-
chetype. ToDoList represents an atypical implementation of the
Singleton pattern, as its constructor is not declared private. Com-
mit #fa5fc18 specifically addresses this issue. The implications of
these changes of archetype are further discussed in the next section.

Creational

Constants Definer Utility

328 3,821 4997 6,831 11,820 17,843
dfseedf dgedade fboedds 20e1946 35ba393 begs2fc
Class Created Last Commit

Figure 3: Archetypes evolution of ToDoList

5 Discussion

Our archetypes partially match those found in the literature, espe-
cially in terms of granularity. While archetypes can classify any
kind of class, we initially focus on those that identify classes with a
particular interface and structure, implying a specific semantic and
behavior. The heuristics defining the Instance Definer archetype,
for instance, capture Java interfaces and abstract classes, but also
regular classes that define reusable interfaces without relying on
specific language constructs (e.g., through methods with an empty
body instead of abstract methods).

3https://github.com/argouml-tigris-org/argouml/
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Granularity: Archetypes capture the high-level structural as-
pects of a class. More fine-grained distinctions are captured by
the metrics we consider in the heuristics, which provide an addi-
tional perspective to that of archetype classification. For example,
a Data Holder may be considered small or large depending on spe-
cific quantitative measures, such as the number of lines of code or
the number of defined fields. A Data Holder that defines internal
classes for its types might appear larger in terms of lines of code,
even though it declares fewer attributes than another class. These
considerations apply similarly across all archetypes.

Variations: Our heuristics are malleable. For example, the heuris-
tics defining the Singleton archetype can be relaxed by removing
the constraint on the getter method, thereby allowing the “instance”
attribute to be public and directly accessible by other classes. Such
a relaxation enables the identification of non-standard implemen-
tations of the Singleton design pattern. Similarly, for the Utility
archetype, instead of requiring constants to have the final modifier,
the heuristic can verify whether a field is written by any method.
These variations allow the detection of atypical implementations of
the archetype and can be fine-tuned for specific needs. For instance,
we restrict the methods in the Wrapper archetype to have a simple
implementation, whereas some developers, in practice, may allow
a wrapper to include more complex adaptation logic.

6 Limitations and Future Work

The primary limitation of our current work is its coverage, influ-
enced by the analyzed repositories and the evolving set of arche-
types. In this initial analysis, we defined the detection rules to
minimize false positives, at the cost of reduced coverage. The first
author manually inspected a random sample of 400 classes and did
not find any false positives. We plan to extend our study to a larger
and more diverse dataset and compare their metrics.

Iterating on interesting patterns emerging from these metrics,
we aim to improve the coverage with new archetypes at similar
granularity levels. We will further explore hybrid archetypes and
the degree to which a class implementation belongs to one or more
of them. The coverage of our approach is also limited by the absence
of a “fallback” archetype, as Entity in the work of Dragan et al. [10].
Given the partial nature of our catalog, we left unclassified instances
for further refinement in the future, towards a more comprehensive
list of archetypes. To accomplish this we also need to extend and
improve our heuristics.

7 Conclusion

We presented the concept of class archetypes. We automatically
identify archetypes with heuristics in CodeQL and show how they
communicate the role of a class in a repository. Roles from ar-
chetypes help developers in forming their mental models during
maintenance and evolution, reducing the needs for implementation
details. Our work extends the previous literature on stereotypes
with a different granularity level and complete automation of detec-
tion strategies at scale. Moreover, providing automated high-level
class semantic is increasingly important given the increase in code
written by LLMs. The co-occurrence analysis we performed only
scratches the surface of a complex phenomenon of identity and
evolution towards a better understanding of the role of classes.
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