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Identifying architecturally relevant entities in textual artifacts is crucial for Traceability Link Recovery
(TLR) between Software Architecture Documentation (SAD) and source code. While Software Architecture
Models (SAMs) can bridge the semantic gap between these artifacts, their manual creation is time-consuming.
Large Language Models (LLMs) offer new capabilities for extracting architectural entities to construct SAMs
automatically or establish direct trace links. This paper extends our ICSA 2025 paper [19], which introduced
ExArch for LLM-based architecture component name extraction, by contributing the novel ArTEMiS approach,
an extended evaluation, and a combined evaluation of both approaches. ExArch extracts component names as
simple SAMs from SAD and source code, while ArTEMiS identifies architectural entities in documentation
and matches them with SAM entities. Our evaluation compares against state-of-the-art approaches SWATTR,
TransArC, and ArDoCode. TransArC achieves strong performance (F1: 0.87) but requires manually created
SAMs; ExArch achieves comparable results (F1: 0.86) using only SAD and code. ArTEMiS matches SWATTR
(F1: 0.81) and can replace it when integrated with TransArC. The combination of ArTEMiS and ExArch
outperforms ArDoCode, the best baseline without manual SAMs. Our results demonstrate that LLMs can
effectively enable automated SAM generation and TLR, making architecture-code traceability more practical
and accessible.
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1 Introduction
In software development, numerous artifacts are produced, each representing different levels of
abstraction and addressing distinct aspects of the system. Challenges for architects and developers
arise because the relationships between these artifacts are often unclear, which prevents their
effective use and causes challenges in maintenance. To address this, traceability link recovery (TLR)
techniques are used to establish, maintain, and manage explicit trace links between artifacts.
Improving software quality is closely tied to the creation and management of trace links [48, 61].

One challenge in linking artifacts is the semantic gap between different types of artifacts. Bridging
this gap is difficult, and automated approaches often misinterpret the underlying semantics. To
address this, some methods suggest using intermediate artifacts to reduce the semantic gap, making
it easier to link related artifacts [4, 32, 43, 45]. For example, the descriptions in design documentation
are semantically closer to design artifacts like Software Architecture Models (SAMs) than to code,
and SAMs, in turn, are closer to code. Consequently, specialized approaches canmore easily establish
links between Software Architecture Documentations (SADs) and SAMs, or between SAMs and
code [26, 33]. Based on these insights, transitive approaches like Transitive links for Architecture
and Code (TransArC) [32] have been developed. TransArC recovers trace links between SADs and
source code based on manually created SAMs as intermediate artifacts. However, these methods
are not always applicable, as intermediate artifacts are often unavailable.

The trace links across the SAD-SAM-Code chain are bi-directional and differ in multiplicity. Bi-
directionality means that links can be traversed in both directions: forward (SAD→ SAM→ Code)
to identify which code units implement a given architectural description, and backward (Code
→ SAM → SAD) to identify which architectural descriptions and components are responsible
for a given code unit. Accordingly, developers can, for example, trace the root cause of a failure
back to the relevant passages in the SAD. The two sub-link types also differ in their multiplicity.
SAD-SAM links are many-to-many. This means, on one hand, a single sentence in the SAD can
mention multiple components. For example the sentence “The MediaManagement requests the
user token from the UserManagement.” links to both components simultaneously. On the other
hand, a single component of the SAM may be described across multiple sentences throughout the
SAD. SAM-Code links are one-to-many in the forward direction: one architectural component (e.g.,
MediaAccess or UserManagement) can map to multiple implementing source files. In the backward
direction, a source file usually belongs only to one component, making these links many-to-one
from code to SAM.

We propose two complementary Large Language Model (LLM)-based approaches that together
enable end-to-end TLR from SAD to source code without the need for manually created SAMs.
Both approaches follow a common design philosophy: rather than delegating the entire TLR task
to an LLM, they decompose the problem and employ LLMs only for the subtasks where they excel.
Specifically, they focus on identifying and extracting architectural entities. For the actual trace
link recovery, these new approaches are then providing necessary information to the existing
heuristic-based approach TransArC [32]. Consequently, we can formulate our overarching research
question:

RQ0 How well can LLMs extract architectural elements to enable and assist in TLR between
SAD and source code?

First, we introduce Extracting Architecture (ExArch), an approach that uses LLMs to extract
component names from SAD and/or source code. Since, in practice, SAMs are regularly unavailable,
we aim to recover trace links between SAD and code without the need for manually created SAMs.
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To achieve this, we leverage the strength of LLMs in understanding natural language and code. We
design an approach that uses LLMs to recover SAMs in the form of component names from SAD
and/or code. Component names contribute the required information to apply TransArC without
manually creating SAMs. In doing so, we bridge the semantic gap between SAD and code and
empower TLR between these artifacts. We emphasize that the component names define a simple
SAM that provides exactly the information for TLR. In contrast to the research field of architecture
recovery that aims to recover more detailed architecture models, we focus on the information
needed to enable state-of-the-art SAD-to-code TLR approaches such as TransArC. Consequently,
we have the following research questions regarding this approach:
RQ1.1 Is the performance of architecture TLR with LLM-extracted component names as interme-

diate artifacts (ExArch) comparable to using manually created SAMs?
RQ1.2 Does TransArC with ExArch perform better than state-of-the-art TLR between SAD and

code without SAMs as intermediates?
RQ1.3 Is the performance of TransArC with ExArch with current open-source LLMs comparable

to the performance of closed-source ones?
RQ1.4 How does the performance of TransArC with ExArch differ when using different artifacts

to generate the simple SAMs?
Second, we introduce Architecture Traceability with Entity Matching via Semantic inference

(ArTEMiS), an approach to recover trace links between SAD and SAM using LLMs. The approach
uses LLMs for a special form of Named Entity Recognition for software architecture. It is a modern
alternative to traditional heuristic-based TLR approaches such as the approach by Keim et al.
[34]. We compare our new ArTEMiS approach with existing TLR approaches for SAD-SAM TLR.
Finally, we combine ArTEMiS with TransArC and ExArch to evaluate the influence of LLM-based
SAD-SAM TLR on the performance of TransArC. Consequently, we have the following research
questions regarding this approach:
RQ2.1 Is the LLM-based TLR from SAD to SAM (ArTEMiS) better than state-of-the-art heuristic-

based TLR?
RQ2.2 Does ArTEMiS improve the performance of TransArC with and without ExArch?
This paper extends our ICSA 2025 paper [19], which initially presented ExArch and presented

initial evaluation results. ExArch extracts architecture component names for transitive TLR between
SAD and code, removing the need for manually created SAMs. ArTEMiS is a novel contribution
of this extension: It extracts architecture entities from SAD similar to Named Entity Recognition,
links them to SAMs, and provides a modern alternative to classical heuristic-based approaches. We
additionally provide an extended evaluation of ExArch with a broader range of LLMs, a revised
benchmark, and the combined evaluation of ArTEMiS and ExArch with TransArC. We provide
code, baselines, evaluation data, and results in our replication packages [20, 21].
We structure the remainder of the paper as follows: Related work is examined in Section 2.

ExArch [19] is presented in Section 3, including a description of howwe incorporated TransArC [32]
in Section 3.3. Moreover, in Section 4, we describe the ArTEMiS approach to extract architecture
entities from SAD and how to link them to SAM. In Section 5, we describe our experimental design.
Here, we present our initial experiment on the performance of ExArch. Moreover, we show the
results of our extended evaluation of ExArch, ArTEMiS, and their combination. Lastly, we conclude
this paper in Section 6.

2 Related Work & Foundations
In this section, we first discuss the ideas and benefits of transitive links, comparing previous works
with ours. Afterward, we focus on the application of LLMs for TLR. Here, we concentrate on the
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information extraction ability of LLMs that also motivates our use of LLMs. We also discuss the
use of LLMs for Named Entity Recognition (NER) that relates to our ArTEMiS approach. Finally,
we discuss architecture recovery and its differences from our component name recovery.

2.1 Transitive Trace Links
Automated TLR approaches primarily involve comparing different terms across textual artifacts
to find terms referring to the same concept. Consequently, researchers have leveraged semantic
similarity techniques developed within the Natural Language Processing (NLP) field to facilitate
this process.

Among those techniques, methods like Vector Space Model (VSM) and Latent Semantic Indexing
(LSI) are commonly used [3]. However, software artifacts exist at various levels of abstraction.
This complexity challenges NLP models, as they often struggle to handle cross-level artifacts
effectively, limiting their accuracy in recovering trace links. Thus, researchers have explored
different techniques to address this challenge. Approaches include incorporating fine-grained
information [28, 30], considering dependencies [36, 47], and using enriched vocabularies [22].
More recently, transitive linking through intermediate artifacts has been shown to be promising in
bridging those semantic gaps [32, 49].
The underlying idea of transitive links is that intermediate artifacts can help to find implicit

tracing relationships [44]. An earlywork byNishikawa et al. [45] showed the importance of choosing
suitable intermediate artifacts for transitive link recovery. Their approach focuses on establishing
transitive links between two artifacts using a third artifact [45]. It uses VSM to generate initial trace
links between various pairs of artifacts. These links include pairs between use cases, interaction
diagrams, code, and test cases. The experiment was conducted under various settings, including
scenarios with no intermediate artifacts and with different artifacts used as intermediates. Their
findings highlight that suitable intermediate artifacts can significantly influence TLR performance.
For example, interaction diagrams are better intermediates than use cases when recovering trace
links between code and test cases. Instead of only using VSM to generate initial links for later
transitive linking, various NLP techniques can be combined [44, 49]. COMET [44] uses a Bayesian
inference framework to treat the recovery process from a probabilistic view. It uses multiple
similarity scores to estimate the model’s parameters. In contrast to COMET, Rodriguez et al. [49]
first combine multiple scores from different sources into a single score, and then evaluate the link
based on the final score.
So far, previous works mainly focused on traceability in requirements [3, 22, 28, 36, 44, 49] or

test cases [44, 45, 47], leaving architectural traceability [32, 33] less explored. TransArC [32] has so
far achieved the best performance in the architectural traceability benchmark. It leverages SAMs as
intermediate artifacts to recover trace links between SAD and code. Although it achieves significant
improvement, its reliance on the existence of well-maintained SAMs limits its application to a
wider range of projects.

Transitive approaches have shown promising results, but cannot work when the intermediate
artifacts are missing. Therefore, it remains a challenge to leverage transitive links when the
intermediate artifacts are not completely present. To enable transitive trace link recovery of SAD
and source code in more settings, we explore using LLMs to recover the needed information of a
SAM for TLR.

2.2 LLMs for Traceability
With the rich general knowledge obtained from pretraining, LLMs have been effective at knowledge-
intensive software engineering tasks [11, 42, 70]. LLMs have been used for various architecture and
modeling tasks [31, 53], including supporting design decisionmaking [13, 14], modeling tasks [9, 10],
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and software architecture analysis and generation [1, 15]. In the following, we discuss the role
of LLMs in advancing traceability research. T-BERT is an early adoption of LLMs for TLR in an
issue-commit setting [39]. The BERT language model was tested using three variants of neural
architectures: Twin, Siamese, and Single. They demonstrated that T-BERT outperforms previous
VSM and recurrent neural network approaches.

With the rise of decoder-only LLMs like GPT, prompt phrasing greatly influences the language
model’s output [50]. They explored the performance of those LLMs on recovering linkswith different
types of prompts: classification (two artifacts are linked or not), ranking (rank all related artifacts),
and Chain-of-thought (recovery step-by-step while giving reasons). Besides, they showed that
LLMs can understand domain-specific terms from the general knowledge obtained by pre-training.
Motivated by this understanding abilities, we explore LLMs to extract intermediate structures from
architecture documents and source code to help TLR.
Hassine [24] explored LLMs’ zero-shot abilities to trace security-related requirements to goal

models. The prompts are tailored to the Goal-oriented Requirements Language’s peculiarities.
Although achieving positive results, the approach’s high dependence on the task and data lim-
its its further application to our architectural TLR task. North et al. [46] considered that using
requirements-to-code links helps LLMs to generate code by iteratively reformatting prompts. They
use the gradients between generated code and requirements sentences to identify which part of the
requirement is overlooked. This overlooking link is later used to reformat the prompt.

Fuchß et al. [18] created the LiSSA framework for generic TLR. They use retrieval-augmented gen-
eration and LLM-based classification to trace artifacts like SAD, code, and requirements. LiSSA has
also been applied to inter-requirements traceability [29]. However, for TLR related to architecture
models, they did not outperform the state of the art.
Existing LLM approaches for TLR show that LLMs can have the software knowledge needed

for our task. However, our task differs from those already tackled, or the results of the existing
approaches did not reach state-of-the-art, so these approaches can’t be directly applied.

2.3 Named Entity Recognition (NER)
NER is a subtask of NLP that focuses on identifying and classifying key entities in text into
predefined categories, such as names of persons, organizations, locations, and more. In software
engineering, NER is often used to extract relevant entities from Q&A discussions and bug reports,
cybersecurity-related texts, and other software artifacts. Thus, extracting software entities, like
frameworks, libraries, and tools from StackOverflow posts is a common task [58–60, 64, 68]. Zhou
et al. [71] recognizes bug-specific entities, like GUI elements, network entities, drivers, hardware,
etc., in bug reports. In cybersecurity, NER is used to extract cybersecurity-related terms, such
as vulnerabilities or software entities from security websites, news, or cyber threat intelligence
texts [5, 56, 62, 66]. More rarely, NER is used to extract software entities from user stories [27],
requirements [12, 41]. In contrast to the mentioned approaches, our approach focuses on extracting
component names from architecture documents. Thus, the entities are not only domain-specific
but more closely tied to the project context, which makes the task even more challenging.

2.4 Architecture Recovery
Our approach’s generation of component names is conceptually related to software architecture
recovery research. Therefore, we give a brief overview of architecture recovery approaches and
describe the differences. In the end, we discuss how our approach differs from previous ones.

Structural information, including system dependencies [40] and folder structure, is an important
source for architecture recovery. An early approach, ACCD [63], uses folder and dependency infor-
mation gathered through static analysis. Building upon ACCD, dynamic dependency information
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Architecture
Documentation

Source Code Feature
Extraction

Prompting
Strategies

Component
Names

Extracting Architecture (ExArch) Approach for Component Name Generation

TransArC Trace Links

Fig. 1. Overview of the Extracting Architecture (ExArch) Approach for TLR Between SAD and Code. ExArch
(green box) uses feature extraction and LLM-based prompting to derive component names from SAD, source
code, or both, producing a simple SAM (Component Names). TransArC then uses the SAD, source code, and
the generated component names to recover trace links. Artifacts are shown in orange, prompting in blue,
feature extraction in white, and TransArC in purple.

has been shown to help recovery in some cases [67]. Lutellier et al. [40] examined the impact of
code dependency in detail, finding that symbol dependencies yield better recovery accuracy than
include dependencies. In addition to structural information, textual information can also help. The
primary idea is that artifacts belonging to the same component may have similar variable names.
ARC [23] recovers architecture using system concerns, which are application-specific features
extracted from software corpora. Corazza et al. [8] studied the impact of six different types of
identifier names. They found it would be better to treat identifiers separately by their types and
assign suitable weights than to treat them equally in a large vocabulary. Structural and semantic
information can also be combined. They can be integrated to build weighted call graphs [6], create
recovery patterns [2], and be combined using information fusion models [69]. Rukmono et al. [51]
showed architecture could also be recovered deductively. They start from a reference architecture
and iteratively use LLMs to refine it with implementation details. Although we share similar ideas
with architecture recovery, the purpose and final result are different. Our approaches are designed
to retrieve the required information to reduce the gap for TLR between architecture documentation
and code, i.e., component names. The recovered model thus does not serve as a complete, functional
artifact. In contrast, architecture recovery focuses on recovering detailed software architecture for
more general purposes, like understanding the system’s functionality or performance prediction.

3 ExArch: An Approach to Generate Simple SAMs
This section describes Extracting Architecture (ExArch), our approach to generate a simple SAM
from SAD and source code to enable transitive TLR. The approach was introduced by Fuchß et al.
[19] at the International Conference on Software Architecture (ICSA) 2025.
Figure 1 provides an overview of ExArch. ExArch consists of two main parts: generating the

component names for a SAM and recovering trace links. The input for ExArch is the SAD and the
software project’s source code. Since the whole source code is typically too large to be used as input
for an LLM, we extract features from it. We then use prompting strategies to extract and generate
component names for the intermediate SAM. Using these SAMs, we apply the TransArC [32]
approach to recover trace links between the SAD and the source code. In the following, we describe
the individual steps in detail.
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3.1 Feature Extraction for Source Code
As LLMs typically only accept inputs that are smaller than a project’s source code, we only provide
extracted features from the source code as input. Since we aim to recover component names from
the source code, we do not need to maintain all the information.

In object-oriented programming languages like Java, the package structure can provide valuable
information about the architecture of a system [55]. Thus, we extract the package structure from
the source code. ExArch is not limited to this feature, but the feature extraction in this paper focuses
only on providing a list of non-empty source code packages.

3.2 Prompting Strategies
This section describes the prompting strategies we use to generate the SAM. We consider three
modes for this paper: First, we extract the component names only from the SAD. Second, we extract
the component names only from the source code. Third, we incorporate both to generate the simple
SAMs.

Extract Component Names from Documentation. We use Chain-of-thought prompting to generate
the simple SAM from the architecture documentation. We use two prompts:

Prompt 1: Documentation to Architecture (1) Your task is to identify the high-level
components based on the software architecture documentation. In a first step, you shall
elaborate on the following documentation: {Software Architecture Documentation}

Prompt 2: Documentation to Architecture (2) Now provide a list that only covers
the component names. Omit common prefixes and suffixes in the names in camel case.
Output format:
- Name1
- Name2

Prompt 1 queries the LLM to identify high-level components based on the architecture docu-
mentation. We also instruct the LLM to elaborate on the architecture documentation. Thus, the
LLM is not restricted to generate output in a defined format. In the second step, we use Prompt 2 to
generate a list of component names. Here, we instruct the model to provide only a list of component
names without common prefixes and suffixes, like Component. We aim to reduce complexity and
facilitate component name retrieval by defining an output format.

Generate Component Names from Source Code. We also use Chain-of-thought prompting to
generate the simple SAM from the source code in two prompting steps.

Prompt 3: Code to Architecture (1) You get the {Features} of a software project. Your
task is to summarize the {Features} w.r.t. the high-level architecture of the system. Try to
identify possible components. {Features}: {Content}

Prompt 3 queries the model to summarize the features of a software project w.r.t. the system’s
architecture. Here, we instruct the model to identify possible components based on the features
extracted from the source code. In this paper, we used "Packages" as the feature. This feature names
all non-empty packages. We then re-use Prompt 2.
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Generate Component Names from SAD and Source Code. Lastly, we consider a combination of the
SAD and the source code to generate the simple SAM. Here, we decided to use two modes for the
combination.

First, if we extract the SAM from the documentation and the source code, we can aggregate the
results by using LLMs. For this purpose, we use the following prompt:

Prompt 4: Aggregation You get a list of possible component names. Your task is to
aggregate the list and remove duplicates. Omit common prefixes and suffixes in the
names in camel case. {Output Format (cf. Prompt 2)} Possible component names: {Possible
Component Names}

In Prompt 4, we ask the model to aggregate the list of possible component names and remove
duplicates. Afterward, we use the same statements regarding prefixes, suffixes, and output format
as in the other prompts.
We calculate the similarity between the component names generated from the documentation

and the source code. To merge the component names, we process them sequentially, starting with
the component names from the documentation. The normalized Levenshtein distance is already
known from TLR tasks [17, 33]. We use this Levenshtein distance [37] to calculate the similarity
between the possible component names. If the similarity is above a certain threshold, we consider
the component names as equal and omit the new one. Since we assume that the SAD is closer to the
actual SAM than the source code, we start aggregation with the extracted component names from
SAD. In doing so, we want to complement the component extracted from SAD with component
names extracted from the source code. Moreover, this also merges similar component names.

Interpretation of Responses. Among the most challenging aspects of using LLMs is interpreting
the generated responses because there is no guarantee that they adhere to the requested output
format. In ExArch, the final output of the LLM should be a list of component names. This output is
determined by the final prompt in each mode (cf. Prompt 2). To parse the responses, we consider
every line of the final response. First, we check that the trimmed line starts with the character
‘-’. If this is the case, we consider the line as a component name. We remove the occurrences of
’components’ and ’component’ from the component names. Thus, we aim to only get the actual
component names. Third, we remove any spaces from the component’s name, as we requested the
component names to be in camel case. After the initial experiments without ArTEMiS ([19]), we
modified the algorithm to not only remove spaces, but to generate proper camel case by changing
the capitalization. Finally, we remove any duplicates from the list of component names.

3.3 TransArC Approach
To be able to analyze the effect of LLM-extracted intermediate models on transitive TLR between
SAD and code, we make use of the TransArC approach by Keim et al. [32]. TransArC links SAD
to source code by using SAMs as intermediate artifacts to bridge the semantic gap. TransArC
consists of two linking phases: linking documentation to SAMs, and the models to source code.
The remainder of this section gives a brief overview of them.

In the first phase, TransArC uses the existing ArDoCo approach [33] to create trace links between
SAD and SAMs. ArDoCo employs NLP techniques to analyze the SAD to identify architectural
elements such as components. ArDoCo uses various similarity measures and heuristics to link the
sentences in the SAD and components in the SAM.

In the second phase, TransArC uses ARchitecture-to-COde Trace Linking (ArCoTL) to establish
trace links between SAMs and the source code. ArCoTL first transforms the input artifacts into
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Software Archi-
tecture Model

Software
Architecture

Documentation

Entity
Identification
(Appendix A)

JSON
Formatting
(Appendix B)

Line
Mapping

Entity
Matching

Trace Links
(SAD–SAM)

Fig. 2. Overview of the ArTEMiS Approach for TLR Between SAD and SAM. ArTEMiS takes the SAD and a
SAM as input. It uses two LLM prompts (blue): the first identifies architecturally relevant entities in the SAD
text, with SAM entity names provided as examples (dashed arrow); the second converts the plain-text output
to structured JSON. Line mapping then locates each identified entity in the original SAD text using exact and
similarity-based matching. Finally, entity matching links the identified SAD entities to SAM entities using
string similarity and vector embeddings, producing trace links between SAD and SAM. Artifacts are shown
in orange, heuristic-based steps in white, and LLM prompting steps in blue.

intermediate representations. For SAMs, this includes identifying components, while for code, it
involves extracting elements like classes, methods, and packages. ArCoTL then applies a series
of heuristics to identify correspondences between architectural elements and code entities. A
computational graph combines these heuristics to aggregate the confidence levels of candidates to
form the final trace links.

Combining the results from both phases, TransArC generates transitive trace links between SAD
and source code. It uses the intermediate SAMs to enhance the accuracy of trace link recovery,
effectively reducing the semantic gap between the documentation and code. The evaluation of
TransArC (cf. [32]), demonstrated its high performance in recovering trace links (weighted average
F1-score of 0.87).
We use the TransArC approach to create trace links between the SAD and the source code.

Therefore, we use the component names generated by the approach as SAM to enable trace
linking between architecture documentation and source code without needing a manually created
component model.

4 ArTEMiS: An Approach to Extract Architecture Entities from Software Architecture
Documentation

In this section, we describe our approach ArTEMiS (Architecture Traceability with Entity Matching
via Semantic inference) that takes SADs and SAMs as inputs to identify trace links between both
artifacts. ArTEMiS adapts the ideas of two previous approaches of ours: SoftWare Architecture Text
Trace link Recovery (SWATTR) [34], which provides trace link recovery between SAD and SAM
that is also used in TransArC, and ExArch, which offers techniques for component identification
in text. Accordingly, ArTEMiS uses a two-step approach: It first uses LLMs to detect architecturally
relevant entities in SADs through a specialized Named Entity Recognition (NER) approach. Once
identified, these entities are matched against actual architecture entities from SAMs to establish
trace links.

Figure 2 provides an overview of ArTEMiS.
For the first step, the identification of architectural entities, ArTEMiS uses a two-prompt strategy.
The first prompt provides the task description (see Appendix A for details). This prompt instructs

the LLM to identify explicitly named software components that are architecturally relevant. For
each component, the LLM extracts: (1) a primary name, (2) any alternative names or abbreviations,
and (3) complete lines where the component appears, either directly or through clear context. The
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prompt includes specific rules defining what to include and exclude. The benefit of this prompt,
unlike traditional heuristics or information retrieval approaches, is the capability of LLMs to identify
coreferences and indirect references within their context. Additionally, ArTEMiS takes the names of
architecture entities from the SAM as input for this prompt and appends them as positive examples
to look out for. To ensure reliable parsing, the prompt asks the LLM to output results in structured
plain-text format.
The second prompt (see Appendix B) converts the plain-text output into JSON format. We

separated these tasks because combining them into a single prompt frequently produced malformed
JSON. This two-step approach ensures more reliable and parseable results.

After obtaining the JSON output, ArTEMiS processes the results through several steps. First, it
maps each identified component’s mentioned lines back to the original text. The mapping process
begins by searching for exact matches between the mentioned lines and the original text. If none
are found, it calculates string similarity scores to select the best match. We initially attempted to
have the LLM return line numbers directly, but found that LLMs struggle with numerical accuracy
even when line numbers are provided. Through this processing, ArTEMiS produces a structured
set of components with their names, alternative names, and line locations.

Finally, ArTEMiS establishes connections between the SAM entities and the identified SAD enti-
ties. The matching process uses both string similarity metrics (Jaro-Winkler [65] and Levenshtein
[38]) and vector embeddings similarity. For vector embeddings similarity, we use OpenAI’s model
“text-embedding-3-large” to embed each of the name and alternative names of the identified named
architecture entities from the SAD on the one hand as well as each name of the SAM entities on
the other hand; we then use cosine similarity to calculate the similarity score between each pair of
embedding from the SAD and embedding from the SAM. When one of the similarity scores exceeds
a defined threshold, ArTEMiS creates a link between these entities. These links enable trace link
generation between the various text locations where architectural entities are mentioned and their
corresponding model elements.

ArTEMiS’s key advancement is replacing SWATTR’s traditional heuristics with modern LLMs for
architectural entity identification. For this, ArTEMiS adopts ExArch’s idea to use LLMs to identify
components in text, but maintains stronger text relationships by tracking both entity occurrences
and alternative names throughout the documentation.

ArTEMiS can be deployed in three different settings. First, the approach was designed specifically
for SAD-SAM TLR. Second, ArTEMiS can be integrated into TransArC to replace its existing SAD-
SAM TLR approach SWATTR. Third, ArTEMiS can be combined with ExArch (using the extracted
component names as SAM) and used within TransArC.

5 Experimental Evaluation
In this section, we present the evaluation setup (Section 5.1), including the dataset, evaluation
metrics, and the LLMs used. Additionally, we present the baselines to which we compare our
approach (Section 5.2). Afterward, Section 5.3 discusses the initial experimental evaluation of
ExArch by Fuchß et al. [19]. In Section 5.4, we describe our full evaluation of ArTEMiS and ExArch.
This section concludes in Section 5.6 with our threats to validity.

5.1 Evaluation Setup: Data and Metrics
This section describes the datasets and evaluation metrics that we use for our evaluation. We use the
same setup as in the original TransArC publication [32], i.e., we use the same dataset and evaluation
metrics to compare the results. As ExArch generates all intermediate information needed, we do
not rely on manually created SAMs for configurations that use ExArch.
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Table 1. Number of Artifacts per Artifact Type and Number of Trace Links in the Gold Standard for each
Project Based on [32].

Artifact Type MS TS TM BBB JR

Sw. Architecture Documentation [17, 32] # Sentences 37 43 198 85 13
Sw. Architecture Model # Components 14 11 8 12 6
Source Code # Files 97 205 832 547 1,979

SAD-Source Code [32] # Trace links 50 707 7,610 1,295 8,240

SAD-SAM [17] # Trace links 29 27 51 52 18

Benchmark Dataset. The TransArC approach uses a benchmark dataset from Fuchß et al. [17]
comprising SAD to SAM trace links. Keim et al. [32] extended the dataset with trace links between
SAD and source code. The dataset consists of five open-source projects, each differing in size and
domain. The projects are MediaStore (MS), TeaStore (TS), TEAMMATES (TM), BigBlueButton (BBB),
and JabRef (JR). The dataset contains the artifacts themselves and the ground truth for trace links.
Table 1 provides an overview of the dataset. Every project has, at most, 14 components. The number
of source code files ranges from around 100 to roughly 2000, and the SADs comprise 13 up to 198
sentences.

Evaluation Metrics. We use commonly used metrics for TLR tasks [7, 25]: precision, recall, and
their harmonic mean F1-score. This way, we can compare our approach’s performance to the
reported results of other state-of-the-art approaches.

Precision =
TP

TP+ FP , Recall =
TP

TP+ FN, F1 = 2 × Precision × Recall
Precision + Recall

We define the following: True positives (TPs) are found trace links between the SAD and the
source code that are also contained in the gold standard. False positives (FPs) are found trace links
that are not contained in the gold standard. False negatives (FNs) are trace links contained in the
gold standard but not identified by the approach.

Additionally, we use two different averaging methods. First, we report the overall (macro) average
across all projects without considering their size. This average provides useful insights into the
expected performance on a per-project basis. Second, we calculate a weighted average based on
the number of expected trace links in the gold standard [32]. This weighting offers more in-depth
insights into the anticipated effectiveness of the approach for each trace link.

Large Language Models (LLMs). We use various LLMs to generate the simple SAMs. We decided
to use both closed-source models by OpenAI and locally deployed open-source models. For OpenAI,
we use the following models: GPT-4o mini, GPT-4o, GPT-4 Turbo, GPT-4, and GPT-3.5 Turbo. As local
models, we use Codellama 13b, Meta AI Llama 3.1 8b, and Meta AI Llama 3.1 70b.

5.2 Baselines
We reuse the baseline approaches of Keim et al. for TransArC [32]. Thus, we can directly compare
their results to ours. The descriptions of the baselines are based on [32].
TAROT [22] and FTLR [28] are both recent, state-of-the-art IR-based solutions designed for

linking requirements to code. CodeBERT [16] is an LLM trained to find the most semantically
related source code for a given natural language description. Consequently, all three methods show
promising results for similar TLR problems.
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Table 2. Precision, Recall, and F1-score for TLR Between SAD and Code (ExArch: SAM Derived From SAD). In
the Baselines section, TransArC uses manually created SAMs; all other baselines (TAROT, FTLR, CodeBERT,
ArDoCode, LiSSA) operate without SAMs. ExArch generates component names from SAD using the listed
LLMs and passes them to TransArC as simple SAMs, removing the need for manually created SAMs. Best
result per project within each section is highlighted in bold.

Baselines ExArch

Project Met. TA
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FT
LR

Co
de
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e
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13
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3.
1
8b
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a
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1
70
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MS
Pre. .09 .15 .29 .05 .06 1.0 .49 .49 .45 .49 .49 .81 .49 .48
Rec. .24 .26 .12 .66 .72 .52 .52 .52 .40 .52 .52 .52 .52 .50
F1 .13 .19 .17 .09 .11 .68 .50 .50 .43 .50 .50 .63 .50 .49

TS
Pre. .19 .19 .26 .20 .34 1.0 .95 .96 .96 .96 .96 .96 .21 .62
Rec. .44 .25 .57 .74 .33 .71 .67 .67 .71 .71 .67 .67 .71 .80
F1 .27 .21 .36 .31 .34 .83 .78 .79 .82 .82 .79 .79 .33 .70

TM
Pre. .06 .06 .09 .37 .07 .71 .71 .71 .71 .71 .71 .66 .66 .62
Rec. .32 .30 .22 .92 .03 .91 .90 .90 .90 .90 .90 .49 .34 .31
F1 .11 .10 .12 .53 .04 .80 .80 .80 .80 .80 .80 .56 .45 .41

BBB
Pre. .07 .04 .07 .07 .20 .77 .71 .74 .71 .63 .75 .05 .73 .62
Rec. .18 .42 .49 .57 .21 .91 .64 .77 .66 .84 .54 .32 .47 .43
F1 .10 .07 .12 .13 .21 .84 .68 .75 .69 .72 .63 .08 .57 .51

JR
Pre. .32 .32 .49 .66 .51 .89 .89 .89 .89 .89 .89 .89 .89 .89
Rec. 1.0 .93 .83 1.0 .01 1.0 1.0 1.0 1.0 .99 1.0 .99 1.0 1.0
F1 .49 .48 .61 .80 .03 .94 .94 .94 .94 .94 .94 .94 .94 .94

Avg
Pre. .15 .15 .24 .27 .23 .87 .75 .76 .75 .74 .76 .67 .60 .65
Rec. .44 .43 .45 .78 .26 .81 .75 .77 .73 .79 .73 .60 .61 .61
F1 .22 .21 .28 .37 .14 .82 .74 .76 .73 .76 .73 .60 .56 .61

w. Avg
Pre. .19 .19 .28 .47 .29 .81 .80 .81 .80 .80 .81 .73 .75 .74
Rec. .63 .59 .53 .92 .05 .94 .92 .93 .92 .93 .91 .72 .67 .66
F1 .29 .28 .36 .62 .06 .87 .85 .86 .86 .86 .85 .71 .68 .68

Keim et al. [32] also introduced the ArDoCode approach that uses heuristics to recover trace links
between SAD and source code without using intermediate artifacts, that is based on the SWATTR
approach [33, 34]. They reported that, on average, ArDoCode was the best-performing approach
that does not need SAMs. Thus, this approach is one of the important baselines. Also, we compare
to the original TransArC approach [32] using (manually created) SAMs.

Moreover, we compare our approaches to the LiSSA approach [18] that uses retrieval-augmented
generation and LLMs to recover trace links directly. This approach has been designed to be applicable
to various TLR tasks and was also recently applied to the same dataset.
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Table 3. Results of a One-Sided Wilcoxon Signed-Rank Test Regarding If ExArch (GPT-4o) Using SAD for
Recovery Performs Better Than the Baseline Approaches (Significance Level 𝛼 = 0.05, P-values With * Cannot
Be Calculated Exactly.)

Approach / Hypothesis Requires SAM p-value Significant

TAROT No .031 Yes
FTLR No .031 Yes
CodeBERT No .029* Yes
ArDoCode No .031 Yes
LiSSA No .031 Yes
TransArC (ours better) Yes .970* No
TransArC (ours worse) Yes .091* No

5.3 ExArch and TransArC
In this section, we present the results of our evaluation of how to extract component names from
SAD and/or source code using ExArch and how we integrated it with TransArC [19].

5.3.1 Extracting Component Names from SAD. This section presents the results of our approach
ExArch with TransArC if we only use the SAD to generate the component names of a SAM. Table 2
provides a detailed overview of the results.

The table shows the precision, recall, and F1-score for each project and the average values. The
table consists of two sections, one for the baseline approaches and one for our approach using
different LLMs. We highlight the overall best results per project in each section. In the first section,
we took the results of the approaches as presented in the work of Keim et al. [32]. Here, TransArC
uses the manually created SAM, while the other baseline approaches only use the SAD and source
code. Overall, the best-performing baselines are ArDoCode and TransArC.
The second section of the table presents the results of ExArch using different LLMs. We can

see that the performance varies across the projects. We observe that for the weighted average
F1-score, the models by OpenAI perform particularly well. Furthermore, we can see that they
perform similarly to TransArC without the need for manually created SAMs. The best model w.r.t.
weighted average F1-score is GPT-4o with a weighted average F1-score of 0.86 compared to 0.87 of
TransArC. The other OpenAI models perform similarly. According to the classification of Hayes
et al. [25], ExArch excellently recovers trace links between SAD and code (GPT-4o). We highlight
that all models outperform the baseline approaches that also do not use manually created SAMs,
and thus, require the same input as ExArch with TransArC.

Significance Tests. We use Wilcoxon’s signed-rank test (one-sided) to calculate the statistical
significance of ExArch’s F1-score compared to the other baselines. Since ExArch works best using
GPT-4o as LLM, we only compare the results of this configuration to the baselines. We present
the results in Table 3. We mark those p-values with an asterisk that cannot be calculated exactly
due to ties in the data. The table shows that ExArch significantly outperforms all baselines that
only use SAD and code. Yet, our approach does not outperform TransArC using manually created
SAM (𝑝 = 0.97). At the same time, TransArC is also not significantly outperforming our LLM-based
approach (𝑝 = 0.09). This shows that ExArch performs comparably to TransArC without the need
for manually created SAMs.
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Table 4. F1-score for TLR Between SAD andCode (ExArch: SAMDerived From Source Code). ExArch generates
component names from source code package names using the listed LLMs and passes them to TransArC as
simple SAMs. Best result per column is highlighted in bold.

Approach MS TS TM BBB JR Avg. w.
Avg.

GPT-4o mini .16 .45 .79 .23 .51 .43 .60
GPT-4o .28 .64 .78 .12 .69 .50 .68
GPT-4 Turbo .55 .28 .34 .00 .94 .42 .59
GPT-4 .31 .32 .61 .00 .74 .40 .61
GPT-3.5 Turbo .22 .68 .72 .16 .32 .42 .49
Codellama 13b .49 .00 .03 .10 .94 .31 .46
Llama 3.1 8b .39 .45 .04 .00 .94 .37 .47
Llama 3.1 70b .11 .64 .75 .46 .94 .58 .81

Conclusion RQ1.1: Applying TransArC with LLM-extracted SAMs by ExArch produces
similar results as with manually created SAMs (ExArch (GPT-4o) weighted avg. F1-score:
0.86 vs. TransArC 0.87; not significantly different at 𝛼 = 0.05; see Table 2, Table 3).

Conclusion RQ1.2: ExArch significantly outperforms state-of-the-art TLR approaches
between SAD and code that do not use SAMs as intermediates (e.g., ExArch (GPT-4o)
weighted avg. F1-score 0.86 vs. ArDoCode 0.62; 𝑝 < 0.05; see Table 2, Table 3).

Conclusion RQ1.3: On average, OpenAI’s closed-source LLMs outperform the open-
source Llama-basedmodels in this task (best closed-source: GPT-4o, weighted avg. F1-score
0.86; best open-source: Codellama 13b, 0.71; see Table 2).

5.3.2 Generate Component Names from Source Code. This section focuses on RQ1.4 and presents
the results of ExArch with TransArC if we only use the source code to generate the component
names. Table 4 provides a detailed overview of the results. As described in Section 3, we provide a
list of all non-empty packages as features for the prompts. We argue that the packages can be a
good representation of the high-level structure of a software project. Nevertheless, comparing the
results to ExArch using the SAD to extract the component names, the average performance using
only source code is lower. Especially, the performance for the project BBB is bad, i.e., for many
models, the F1-score is 0 or close to 0. The overall best model is Llama 3.1 70b with a weighted
average F1-score of 0.81. Notably, this performance is better than its performance when using the
SAD-extracted SAMs. Nevertheless, the overall average F1-score is worse.

Since, on average, all other models perform worse than with SAD, we conclude that the packages
alone are insufficient to generate SAMs for TLR. Moreover, this mode’s performance is worse than
the mode that only considers documentation. Further, the results vary even more across projects
and LLMs.

5.3.3 Generate Component Names from SAD and Code. This section presents the results of ExArch
with TransArC if we use both the SAD and the source code to generate the component names
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Table 5. F1-score for TLR Between SAD and Code (ExArch: SAM Derived From Both SAD and Source Code).
Component names extracted from both sources are merged using either LLM-based prompt aggregation (top)
or Levenshtein-distance-based similarity aggregation (𝑡 = 0.5, bottom). Best result per column and type of
aggregation is highlighted in bold.

Approach MS TS TM BBB JR Avg. w.
Avg.

Prompt-Aggregation

GPT-4o mini .05 .62 .79 .34 .51 .46 .62
GPT-4o .06 .58 .78 .42 .94 .56 .82
GPT-4 Turbo .43 .82 .80 .63 .94 .72 .85
GPT-4 .31 .80 .62 .53 .94 .64 .77
GPT-3.5 Turbo .44 .64 .74 .44 .93 .64 .80
Codellama 13b .44 .56 .42 .13 .94 .50 .65
Llama 3.1 8b .43 .00 .00 .00 .94 .27 .44
Llama 3.1 70b .11 .64 .71 .22 .94 .52 .78

Similarity-Aggregation (𝑡 = 0.5)

GPT-4o mini .27 .51 .79 .49 .93 .60 .82
GPT-4o .28 .64 .78 .54 .89 .63 .81
GPT-4 Turbo .43 .82 .80 .69 .94 .73 .86
GPT-4 .31 .80 .61 .70 .94 .68 .78
GPT-3.5 Turbo .22 .70 .72 .44 .93 .60 .80
Codellama 13b .63 .56 .56 .10 .94 .56 .70
Llama 3.1 8b .63 .34 .46 .44 .94 .56 .68
Llama 3.1 70b .13 .64 .78 .45 .94 .59 .82

of the SAM. Here, we consider the two different aggregation strategies described in Section 3.2:
the LLM-based strategy and the similarity-based one. We use a similarity threshold of 𝑡 = 0.5 in
the experiments for the normalized Levenshtein distance. Nevertheless, this threshold can also be
adjusted to the specific needs of a project.

Aggregation via Prompting. We present our results in F1-score regarding the aggregation via
prompting in the first part of Table 5. The data shows that the best-performing model is GPT-4
Turbo with a weighted average F1-score of 0.85. The results are slightly worse in macro average,
compared to the mode that only uses the SAD but mostly better than the mode that only uses the
source code.

Aggregation via Similarity. Next, we present the results of our evaluation of the aggregation via
similarity. As described in Section 3.2, we use the normalized Levenshtein distance to aggregate
common names.
We present our results in the second part of Table 5. The aggregation is better than the results

when only code is used. The best-performing model isGPT-4 Turbowith a weighted average F1-score
of 0.86. Nevertheless, the aggregation via similarity also performs not better than the mode that
only uses the SAD, particularly when considering the non-weighted average F1-score. However, on
average, the performance is often better than the aggregation via prompt.
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ConclusionRQ1.4:On average, using only the SAD to generate the simple SAMperforms
best (best avg. F1-score: SAD-only 0.76 (GPT-4o), code-only 0.58 (Llama 3.1 70b), both-
aggregated 0.72–0.73 (GPT-4 Turbo); see Table 2, Table 4, Table 5).

Overall, we conclude that to extract performing component names for TLR, the SAD is a better
source than the source code. LLMs promise to have great language comprehension capabilities.
Thus, we assume that the task of summarizing and extracting component names based on SAD is
easier for the LLMs than inferring component names from source code.

5.3.4 Discussion & Error Analysis. This section discusses our results and analyzes some errors of
the LLMs. First, we discuss exemplary differences between the extracted SAMs from the SAD using
different LLMs. Second, we analyze exemplary differences between extracted SAMs from SAD and
source code. Finally, we discuss the traceability from the SAD to the generated SAM.

Differences between extracted SAMs from SAD using different LLMs. As seen in Section 5.3.1, the
performance of the different LLMs varies across the projects. To provide insights into the reasons
for that, we perform a detailed analysis on the MediaStore project with a particular focus on the
difference between the results of Codellama 13b and GPT-4o. We picked this example because they
show a rather large gap in precision (Codellama 13b with 0.81 vs 0.49 of GPT-4o) while having the
same recall. The first column of Figure 3 shows the SAM extracted by Codellama 13b, the second
column the component names of the original, manually created SAM, and the third column the
SAM extracted by GPT-4o. While the SAMs are not the same, they share similar component names.
The connections between the names indicate that we treat them as being similar. The highlighting
of nodes indicates whether they are matched (green), not matched (red), or related (yellow). Both
generated SAMs are missing components like Cache that are part of the manually created SAM but
not described in the SAD. Besides that, the difference is that Codellama 13b generates a component
PersistenceTier and GPT-4o generates a component called DataStorage. This small difference causes
the drop in precision from 0.81 to 0.49 in the performance for the TLR task. Therefore, we also
emphasize that according to model theory, the purpose of a model (e.g., an SAM) is important
[57]. Codellama 13b creates component names that are more suitable for the considered TLR task.
However, this does not mean that they are better for other tasks, and we do not assume that these
SAMs can be directly used in reverse engineering tasks, as these tasks would require more details.

Differences between extracted SAMs from SAD and Code. In particular, we are interested in the
actual differences between the extracted SAMs from the SAD and the source code. Since this
requires manual analysis, we only focus on the projects with fewer components according to the
manually created SAMs (cf. Table 1), JabRef and TEAMMATES.

First, we analyze the differences between the extracted SAMs for the project JabRef using Llama
3.1 70b. Our evaluation shows that the performance regarding TLR is the same as TransArC using
the manually created SAM. In Figure 4a, we show the component names Llama 3.1 70b extracts. The
first column defines the components extracted using only SAD, the second column the components
of the manually created SAM, and the third column the components extracted from the source code.
In the third column, we only show the elements that are extracted as main components. The LLM
also generates a list of sub-components with no effects on performance. We use the same color
scheme as in the previous sections. The names for the matching components of the modes only
differ in their letter case, globals is missed by both modes, the SAD-extracted SAM additionally
includes EventBus, and the code-extracted adds Networking. The similar results in TLR suggest that
these differences do not matter for the specific TLR task.
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Fig. 3. Comparison of SAMs Extracted from SAD for MediaStore: manually created SAM (center) vs. ExArch
with Codellama 13b (left) and GPT-4o (right). Green nodes are exact matches between extracted and manual
components (solid lines); orange nodes are approximate matches where names differ but refer to the same
concept (dashed lines); red nodes have no match.

Second, we analyze the differences between the extracted SAMs for the project TEAMMATES
using GPT-4 Turbo. Here, our evaluation shows that using SAD, the performance is comparable to
TransArC, while using the source code, the performance is worse.

In Figure 4b, we show the component names GPT-4 Turbo extracts. We can see that our extracted
SAM from SAD is only missing the GAE Datastore component. The extraction from the source code
diverges more. Also, many components are correctly extracted, some components are abbreviated
in the manually created SAM, while the LLM extracts the full name from the source code (e.g.,
UserInterface). However, the LLM also extracts additional components that are not present in
the manually created SAM. The component ArchitectureandMainEntryPoint originates from the
LLM’s output “Architecture and Main Entry Point”. Since we instructed the LLMs to provide
component names in camel case, the final component name is as described. While there are
packages teammates.architecture and teammates.main in the source code, the LLM could not identify
that these packages should not be mapped to a new component. The first package contains an

ACM Trans. Autonom. Adapt. Syst., Vol. 1, No. 1, Article . Publication date: January 2026.



18 Dominik Fuchß, Haoyu Liu, Sophie Corallo, Tobias Hey, Jan Keim, Johannes von Geisau, and Anne Koziolek

Manual

cli

globals

gui

logic

model

preferences

SAD-extracted

Cli

Gui

Logic

Model

Preferences

EventBus

Code-extracted

GUI

Logic

Model

Preferences

Networking

(a) JabRef (Llama 3.1 70b)

Code-extracted

Client

CommonUtilities

TestingandQual-
ityAssurance

Logic

Storage

UserInterface

Architectureand
MainEntryPoint

Manual

Client

GAE Datastore

Common

E2E

Test Driver

Logic

Storage

UI

SAD-extracted

Client

Common

E2E

TestDriver

Logic

Storage

UI

(b) TEAMMATES (GPT-4 Turbo)

Fig. 4. Comparison of SAMs Extracted from SAD and Source Code vs. manually created SAMs for JabRef
(Llama 3.1 70b) and TEAMMATES (GPT-4 Turbo). Each subfigure shows the SAD-extracted SAM (left), the
manually created SAM (center), and the code-extracted SAM (right). Green nodes are exact matches (solid
lines); orange nodes are approximate matches where names differ but refer to the same concept (dashed
lines); red nodes have no match. For JabRef, only the main components are shown in the code-extracted
column.

architecture test and the second package contains the application’smain entry point. The component
TestingandQualityAssurance is also absent in the manually created SAM. While the source code
contains packages for test cases, these are not part of the manually created SAM. We mark the
components that are related to the manually created SAM with dashed lines. We assume that
the testing-related components extracted via code belong to the Test Driver component from the
manually created SAM. This example shows that if we consider source code for extracting simple
SAMs, distinguishing between code for production and code for testing is challenging.

Traceability from SAD to generated SAM. To discuss the performance of ExArch, we briefly
analyze the performance of the TLR approach from SAD to the generated SAM. Since we do not
have a gold standard for this task, we decided to analyze our results using the following steps: First,
we identify the components generated by the LLMs. Second, we manually match the components
that are also present in the original SAM. Those components are assigned the same unique identifier
as in the original SAM. All other components are assigned a new unique identifier. By doing so, we
can use the evaluation of ArDoCo [33] to analyze the TLR from SAD to the generated SAM. Since
we want to do this to get insights into the overall performance from SAD to source code, we only
selected some projects and LLMs for analysis, based on our evaluation results in Table 2.
We first analyze the SAD-generated SAM for MediaStore by GPT-4o (see Figure 3). We selected

this model because the LLM is the overall best performing. Compared to the original SAM, the
generated SAM contains 11 components, while the original SAM contains 14 components. It also
contains two components that are not present in the original SAM: AudioAccess and DataStorage.
Running ArDoCo with the generated SAM increases recall for the TLR between SAD and SAM
from 0.62 to 0.79 compared to running with the manually created SAM. The precision decreases
from 1.0 to 0.68. Our results for TLR from SAD to code also reflect this.

We then analyze the generated SAM for BigBlueButton by Codellama 13b. We selected this model
because it is the best-performing open-source LLM, except for BBB. Comparing the generated SAM
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Table 6. Number of Artifacts per Artifact Type and Number of Trace Links in the revised Gold Standard for
each Project. Underline marks the changed values compared to Table 1.

Artifact Type MS TS TM BBB JR

Sw. Architecture Documentation # Sentences 37 43 198 87 13
Sw. Architecture Model # Components 14 11 8 12 6
Source Code # Files 97 205 832 547 1,979

SAD-Source Code # Trace links 59 707 8,097 1,529 8,268

SAD-SAM # Trace links 31 27 57 62 18

to the original SAM, the generated SAM contains 11 components, while the original SAM contains
12. The LLM additionally generates a component called BigBlueButton. Also, it slightly renamed
the components Apps and FSESL to AppsAkka and FSESLAkka. The LLM could not generate the
components BBB web and Recording Service. It also generated names like Joiningavoiceconference
that represent tasks but not a component name. Thus, the recall of the TLR from SAD to the
generated SAM is 0.19 and the precision is 0.27. With the original SAM, the recall is 0.83 and the
precision is 0.88. If we consider the package names of the code, one problem can be the generation
of the BigBlueButton component. Since all Java packages of the project start with org.bigbluebutton,
the component can lead to many false-positive trace links that decrease precision.

5.4 The Impact of ArTEMiS
This section covers our evaluation of ExArch and ArTEMiS. First, we describe how we revised the
benchmark after the initial experiments of ExArch [19]. Afterward, we discuss the results of our
evaluation of ArTEMiS for SAD-SAM TLR. Finally, we evaluate TransArC and ExArch with the
integrated ArTEMiS approach.

5.4.1 Revision of the Benchmark. After the initial experiments with ExArch [19], we re-assessed
trace links present in the benchmark and created a revised version of it. We identified some missing
trace links (mostly coreferences) and added them. Also, we identified false positives and removed
them. Finally, we fixed a part of the documentation of BigBlueButton where a few sentences were
wrongly terminated. The characteristics of the revised benchmark are summarized in Table 6. The
revision of trace links between SAD and SAM also affected the amount of trace links between SAD
and the code. We use this revised version of the benchmark for the following evaluations.
In Table 7, we present the results of our ExArch approach for the revised benchmark. We only

consider the extraction of component names from the SAD, as our experiments showed that this
is the best-performing mode. In comparison to the initial version, ExArch now tries to recover
camel-cased component names by removing spaces and enforcing camel-casing in post-processing.
Moreover, we included recent versions of the LLMs, i.e., GPT-4.1 and GPT-5, to provide more insights
into the performance of the most recent LLMs. As you can see, the results are similar to the initial
experiment. Also, the newer models perform similarly, but the best-performing model is GPT-4o
with an average F1-score of 0.76.

5.4.2 ArTEMiS for SAD-SAM TLR. In this section, we present the results of our new ArTEMiS
approach for TLR between SAD and SAM. To compare our approach with the state of the art, we
use the component of TransArC that creates the trace links between SAD and SAM — namely
SWATTR [33, 35]. We execute ArTEMiS with three recent LLMs: GPT-4o, GPT-4.1, and GPT-5.
Since ArTEMiS does not produce deterministic results, we run each configuration five times and
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Table 7. Precision, Recall, and F1-score for TLRBetween SAD andCodewith ExArch on the Revised Benchmark
(SAMDerived From SAD). Results are shown for three LLMs (GPT-4o, GPT-4.1, GPT-5). The revised benchmark
contains corrected and additional trace links compared to the original (cf. Table 6). Best result per metric is
highlighted in bold.

Project Metric GPT-4o GPT-4.1 GPT-5

MediaStore
Precision .51 .51 .51
Recall .46 .46 .46
F1-score .48 .48 .48

TeaStore
Precision .96 .59 .62
Recall .67 .69 .80
F1-score .79 .64 .70

Teammates
Precision .75 .72 .75
Recall .90 .90 .90
F1-score .82 .80 .82

BigBlueButton
Precision .80 .67 .70
Recall .73 .74 .84
F1-score .77 .70 .76

JabRef
Precision .89 .89 .89
Recall 1.0 1.0 1.0
F1-score .94 .94 .94

Average
Precision .78 .68 .69
Recall .75 .76 .80
F1-score .76 .71 .74

w. Average
Precision .83 .79 .80
Recall .92 .92 .93
F1-score .87 .85 .86

report average results with standard deviation. Table 8 shows the results of our evaluation. The
best ArTEMiS configuration w.r.t. F1-score uses GPT-5. On average, this configuration is slightly
better than SWATTR. Notably, ArTEMiS achieves a better average recall than SWATTR. This is
mainly due to the increased recall for MediaStore and TeaStore. For the other projects, the recall is
decreased. However, the standard deviation is different across the projects and LLMs. In particular,
for Teammates withGPT-5, the standard deviation of the precision is comparably high with 0.10. Still,
we can summarize that ArTEMiS offers an alternative to traditional heuristics-based approaches
like SWATTR for TLR between SAD and SAM.

Conclusion RQ2.1: ArTEMiS (GPT-5) outperforms the state-of-the-art heuristics-based
approach SWATTR in average recall (0.85 vs. 0.77) and achieves a slightly higher average
F1-score (0.81 vs. 0.80; see Table 8).

5.4.3 ArTEMiS and ExArch in TransArC. In this section, we present the results of combining our
approaches ExArch, ArTEMiS, and TransArC. For the SAD to code TLR task, we consider three con-
figurations that are compared to the original TransArC approach and the baseline ArDoCode. First,
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Table 8. Comparison of ArTEMiS to its heuristic-based baseline SWATTR: Average Precision, Recall, and
F1-score (± Std. Dev.) of SAD to SAM TLR over five runs. ArTEMiS is executed with different LLMs (GPT-4o,
GPT-4.1, GPT-5). Best result per metric is highlighted in bold.

ArTEMiS

Project Metric SWATTR
(baseline)

GPT-4o GPT-4.1 GPT-5

MediaStore
Precision .94 1.0 (± .00) .99 (± .01) .87 (± .01)
Recall .55 .85 (± .03) .92 (± .02) .97 (± .02)
F1-score .69 .92 (± .02) .96 (± .01) .92 (± .01)

TeaStore
Precision 1.0 .65 (± .02) .63 (± .02) .59 (± .01)
Recall .74 .86 (± .04) .96 (± .00) .99 (± .02)
F1-score .85 .74 (± .01) .76 (± .01) .74 (± .01)

Teammates
Precision .60 .89 (± .05) .58 (± .07) .78 (± .10)
Recall .86 .55 (± .04) .68 (± .04) .65 (± .07)
F1-score .71 .68 (± .04) .62 (± .04) .70 (± .03)

BigBlueButton
Precision .90 .84 (± .05) .83 (± .04) .86 (± .03)
Recall .71 .37 (± .08) .63 (± .06) .62 (± .03)
F1-score .79 .51 (± .09) .71 (± .03) .72 (± .02)

JabRef
Precision .90 .93 (± .02) .87 (± .02) .97 (± .04)
Recall 1.0 .90 (± .05) 1.0 (± .00) 1.0 (± .00)
F1-score .95 .91 (± .03) .93 (± .01) .98 (± .02)

Average
Precision .87 .86 .78 .81
Recall .77 .71 .84 .85
F1-score .80 .75 .80 .81

w. Average
Precision .83 .86 .76 .81
Recall .76 .62 .77 .77
F1-score .77 .69 .75 .77

the configuration TransArC + ArTEMiS: Here, we replaced the SWATTR component of TransArC
that recovers trace links between SAD and SAM with our new ArTEMiS approach using its best
LLM (i.e., GPT-5). Here, the comparison to the original TransArC approach is interesting as it also
needs existing SAMs. Second, the configuration TransArC + ExArch: This is the same configuration
that has been evaluated in the initial experiment [19]. Here, we use ExArch with its best performing
LLM, i.e., GPT-4o, to extract the component names from the SAD (cf. Table 7). Third, we analyze
the configuration TransArC + ExArch + ArTEMiS: This configuration combines both approaches,
i.e., we use ExArch to extract the component names from the SAD, then use ArTEMiS to recover
the trace links between SAD and SAM, and finally use TransArC to recover the trace links between
SAD and code. For both configurations, the interesting comparison is mainly ArDoCode, as it is
the best baseline that does not require SAMs for the SAD to code TLR task.

We present the results of our evaluation on SAD to code TLR in Table 9. Comparing the results of
TransArC with ArTEMiS to the original TransArC, we can see that the average recall is increased
from 0.77 to 0.87. This is due to the increased recall for MediaStore and TeaStore, analogous to
the results of ArTEMiS vs. SWATTR. However, we can also see that the weighted average recall
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Table 9. Combining Approaches: Average Precision, Recall, F1-score (± Std. Dev.) of SAD to Code TLR over five
runs. TransArC marks the baseline of TransArC + ArTEMiS. ArDoCode is the baseline for TransArC + ExArch
and TransArC + ArTEMiS + ExArch. We use the best-performing LLMs for our approaches: For ExArch, we
use GPT-4o; for ArTEMiS, we use GPT-5.

Project Metric TransArC
(baseline)

TransArC
+ ArTEMiS

TransArC
+ ArTEMiS
+ ExArch

TransArC

+ ExArch

ArDoCode
(baseline)

Needs SAMs ✓ ✓ ✗ ✗ ✗

MediaStore
Precision .96 .86 (± .05) .53 (± .00) .51 .05
Recall .42 .96 (± .03) .51 (± .00) .46 .59
F1-score .59 .91 (± .02) .52 (± .00) .48 .10

TeaStore
Precision 1.0 .59 (± .00) .54 (± .00) .62 .20
Recall .71 .99 (± .01) 1.0 (± .00) .80 .74
F1-score .83 .74 (± .00) .70 (± .00) .70 .31

Teammates
Precision .75 .96 (± .06) .94 (± .07) .75 .39
Recall .90 .67 (± .05) .68 (± .05) .90 .92
F1-score .82 .79 (± .03) .79 (± .02) .82 .55

BigBlueButton
Precision .82 .87 (± .04) .78 (± .01) .70 .08
Recall .84 .74 (± .03) .64 (± .01) .84 .56
F1-score .83 .80 (± .02) .70 (± .00) .76 .14

JabRef
Precision .89 .98 (± .04) .98 (± .04) .89 .66
Recall 1.0 .99 (± .01) 1.0 (± .00) 1.0 1.0
F1-score .94 .99 (± .02) .99 (± .02) .94 .80

Average
Precision .88 .85 .75 .69 .28
Recall .77 .87 .77 .80 .76
F1-score .80 .85 .74 .74 .38

w. Average
Precision .83 .95 .93 .80 .48
Recall .93 .83 .83 .93 .92
F1-score .87 .88 .87 .86 .62

is decreased from 0.93 to 0.83, reflecting the decreased recall for projects with more trace links
between SAD and code. In terms of F1-score, we can see that the new ArTEMiS approach slightly
increases the average and weighted average F1-score of TransArC. Considering the combination of
all approaches, i.e., TransArC with ExArch and ArTEMiS, we can see that the results are similar
to the results of TransArC with ExArch. This configuration outperforms the baseline approach
ArDoCode in terms of F1-score. While the results are similar to the first experiment without
ArTEMiS, we can see some interesting performances. Notably, the results for JabRef are nearly
perfect. Also, the combination of ExArch and ArTEMiS leads to a better F1-score in weighted
average, meaning that it currently is the best-performing SAD to code TLR approach that does not
require SAMs.
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Conclusion RQ2.2: ArTEMiS (GPT-5) improves both average recall (0.87 vs. 0.77) and av-
erage F1-score (0.85 vs. 0.80) when integrated into TransArC. The combination TransArC
+ ExArch (GPT-4o) + ArTEMiS (GPT-5) achieves the best weighted avg. F1-score among
approaches without SAMs (0.87 vs. ArDoCode 0.62; see Table 9).

5.5 LLMs in Architectural Element Extraction
In our work, we used two LLM-based approaches, ExArch and ArTEMiS, to bridge the semantic gap
between Software Architecture Documentation (SAD) and code. We further combine them with
TransArC and enable SAD-to-code-TLR without manually created Software Architecture Models.
In doing so, they collectively answer our overarching research question:

Conclusion RQ0: Using LLMs to extract architectural elements yields TLR performance
between SAD and code comparable to approaches that rely on manually created SAMs.
Integrating ExArch into TransArC yields a weighted average F1-score of 0.86 (vs. 0.87
with manual SAMs), and integrating ArTEMiS raises average recall from 0.77 to 0.87. The
combination TransArC + ExArch + ArTEMiS attains a weighted average F1-score of 0.87,
well above the strongest baseline without SAMs (ArDoCode, 0.62).

Besides that, the design and evaluation of ExArch and ArTEMiS yield broader lessons about
using LLMs in software engineering tasks. Both ExArch and ArTEMiS follow the same design
principle: They decompose the overall TLR problem and apply LLMs only to the subtasks where
they excel (ExArch extracts component names from natural language or code; ArTEMiS identifies
architectural entities in SAD text) while delegating the final trace link recovery to the heuristics of
TransArC. Both also adopt a multi-step prompting strategy. ExArch uses two prompts per mode:
one to elaborate on the architecture, one to produce a rather basic list of names. A simple list format
is easier and more reliable to parse into compared to structured data formats, as minor formatting
deviations do not break parsing. ArTEMiS requires richer output (entity names, alternative names,
and line references), making a structured JSON format necessary but also harder to produce reliably
in a single prompt; hence, the second prompt is dedicated solely to converting the plain-text output
into JSON. As ArTEMiS operates on longer prompts (containing the full SAD text, the SAM entity
names, and detailed task instructions) and requires a structured JSON formatting step, we run each
configuration multiple times and report average results with standard deviation.
Why does SAD-based extraction work better? We assume that the semantic gap between SAD

and component names is smaller than between code and component names, enabling LLMs to act
like named-entity recognizers on SAD. In contrast, component boundaries and names are often
implicit in code. Still, simple SAMs produced even by smaller LLMs can be sufficient to enable
TransArC to outperform many state-of-the-art baselines on SAD-to-code TLR. The purpose of
these SAMs matters: the names best for TLR are not necessarily suited for reverse engineering
tasks requiring richer architectural detail.

5.6 Threats to Validity
In this section, we address potential threats to validity, drawing upon the guidelines provided by
Runeson and Höst [52]. We also consider the work of Sallou et al. [54], which discusses threats
specific to experiments involving LLMs in the context of software engineering. Unless stated
otherwise, the following threats apply to both ExArch and ArTEMiS, as well as to their combination
with TransArC.
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Regarding construct validity, one potential threat is dataset bias. To mitigate this, we use the
same datasets as those employed in state-of-the-art approaches for TLR. By doing so, we ensure
coverage of various domains and project sizes. Moreover, our study does not emphasize prompt
engineering, meaning we do not extensively modify or compare different prompts. As a result,
the selection of prompts potentially threatens the validity of our findings regarding our research
questions. Another concern is the possible bias in metric selection. To address this, we employ
commonly used metrics in TLR research. Overall, we strive to minimize confounding factors that
could hinder our ability to address our research questions effectively.

Concerning internal validity, there is a risk that other factors influence our evaluation, potentially
leading to incorrect interpretations or conclusions. We adhere to established practices for risk miti-
gation, utilizing datasets and projects from state-of-the-art approaches. We also clearly document
the origins of these projects and the associated ground truths. Project quality and consistency vari-
ations may still impact the performance of our approaches. For the combined pipeline (TransArC
+ ExArch + ArTEMiS), errors may propagate and compound across stages: imprecise component
names produced by ExArch may cause ArTEMiS to miss or misattribute entity matches, which
in turn affects the final SAD-to-Code trace links. We mitigate this by evaluating each component
individually as well as in combination, allowing us to isolate the contribution of each stage.

There are also potential threats concerning external validity. First, our evaluation is limited to a
small number of projects and TLR tasks, which may affect the generalizability of the results to other
projects and tasks. We utilize an established dataset covering various domains and project sizes to
reduce this threat. However, these datasets mainly consist of open-source projects, which may differ
from closed-source projects in key characteristics. Second, we evaluate the approach using only a
limited set of LLMs, which may limit the robustness of our conclusions. We further evaluated the
approach using only the configuration and the most promising models. Nonetheless, we evaluated
our approaches using various LLMs to show the performance of fixed prompts using different LLMs.
A third concern is the use of closed-source models in evaluation. Since the training data of these
models is unknown, we cannot entirely rule out data leakage. To ensure transparency, we provide
our code, prompts, and LLM responses in our replication packages [20, 21]. Furthermore, we also
use locally deployed models for ExArch. Finally, the non-determinism of LLMs poses another threat.
To mitigate this, we set the LLMs’ temperature to zero and used the same fixed seed for each run.
By doing so, we make sure that future research can replicate our results. Setting the temperature
to zero is only possible for non-GPT-5 models, as GPT-5 does not allow setting the temperature.
Moreover, for ArTEMiS, the longer prompts and the structured JSON formatting step can cause
non-deterministic behavior with effects on the results even at temperature zero. Therefore, we run
each ArTEMiS configuration multiple times and report average results with standard deviation to
account for this variability.
By conducting our evaluation on established datasets and using widely accepted metrics, we

address the reliability of our research. Therefore, we do not introduce a threat regarding the manual
creation of the gold standards or datasets. However, the existing gold standards might be imperfect.

6 Conclusion and Future Work
We presented two complementary LLM-based approaches, ExArch and ArTEMiS, to bridge the
semantic gap between SAD and code. ExArch generates simple SAMs (component names) from
SAD and/or code to enable TransArC without manually created SAMs. ArTEMiS recovers trace
links between SAD and SAM as a modern alternative to heuristics. Together with TransArC, these
approaches enable SAD-to-code-TLR without manual SAMs and improve average performance
over state-of-the-art baselines.
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First, on generating component names, we studied three modes (from SAD, from code, and
both). Consistent with Section 5.3, generating names from SAD performs best for the investigated
TLR task. On the original benchmark, ExArch with GPT-4o combined with TransArC achieves a
weighted average F1-score of 0.86, comparable to TransArC with manually created SAMs (0.87),
and significantly outperforms baselines that rely only on SAD and code. On the revised benchmark,
ExArch alone (SAD-only) achieves an average F1-score of 0.76 with GPT-4o. Extraction from code
alone underperforms on average; combining SAD and code via aggregation helps but does not
surpass SAD-only in macro average. Across models we evaluated, closed-source OpenAI models
on average outperform the open-source Llama-based models.

Second, on linking SAD to SAM, ArTEMiS provides a modern LLM-based alternative to heuristics.
It improves over SWATTR in average recall and is slightly better in average F1-score (with GPT-5,
recall 0.85 vs. 0.77; F1-score 0.81 vs. 0.80). When integrated into TransArC, ArTEMiS increases
average recall for SAD to code TLR from 0.77 to 0.87 and raises average F1-score (0.80 to 0.85).
In contrast, the weighted recall decreases from 0.93 to 0.83 (driven by projects with many links).
The combination TransArC + ExArch + ArTEMiS attains the best weighted average F1-score (0.87)
among approaches that do not require manually created SAMs, outperforming the strongest baseline
without SAMs (ArDoCode, 0.62).

Taken together, these results show that LLMs are a viable means to extract the architectural
elements needed for TLR between SAD and code, enabling performance similar to approaches that
rely on manually created SAMs.

In the future, we want to advance code-based SAM extraction by leveraging architecture recovery
techniques; information-fusion methods [69] appear particularly promising. We also want to
enrich prompts with additional project context (e.g., ADRs, architecture diagrams, and other SAD
sections). Furthermore, it would be interesting to determine the capabilities of LLMs regarding trace
link identification. To reduce noise, we aim to separate production and test code when deriving
names and refine pre-processing (e.g., package selection and filtering). We want to explore code
summarization to provide more context to LLMs and study models with integrated Chain-of-
thought prompting (e.g., OpenAI o1). Finally, we intend to assess per-project calibration (such as
similarity thresholds) and devise strategies to improve weighted recall for projects with many
links.
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A ArTEMiS Prompt (Task)
1 I d e n t i f y a l l a r c h i t e c t u r a l l y r e l e v a n t s o f twa r e components t h a t a r e e x p l i c i t l y named in the

f o l l ow i n g t e x t .
2 For each i d e n t i f i e d component , p r ov i d e :
3 − The pr imary name ( as i t appea r s in the t e x t )
4 − A l l a l t e r n a t i v e names or a b b r e v i a t i o n s used f o r the same component in the t e x t ( case −

i n s e n s i t i v e )
5 − A l l f u l l l i n e s where the component i s ment ioned ( d i r e c t l y or v i a c l e a r c on t e x t )
6
7 Ru l e s f o r i d e n t i f y i n g components :
8 1 . Only i n c l u d e e x p l i c i t modular s o f twa r e components with d i s t i n c t t e c h n i c a l

r e s p o n s i b i l i t i e s . These may i n c l u d e :
9 − s e r v i c e s ( e . g . , U s e r S e r v i c e )
10 − APIs ( e . g . , PaymentAPI )
11 − adap t e r s , hand l e r s , managers , r ou t e r s , eng ine s
12 − i n f r a s t r u c t u r e components ( e . g . , Media Server , P r e s e n t a t i o n Convers ion P i p e l i n e )
13 − c l i e n t − s i d e or s e rv e r − s i d e subsys tems ( e . g . , e l e c t r o n c l i e n t , backend s e r v e r )
14 2 . Exc lude domain − l e v e l e n t i t i e s , even i f c a p i t a l i z e d − such as b u s i n e s s da t a o b j e c t s , f i l e

types , or g en e r a l f u n c t i o n a l i t i e s − un l e s s used as p a r t o f a named t e c h n i c a l u n i t .
15 Do not i n c l u d e non− t e c h n i c a l c oncep t s even i f ment ioned with ve rb s l i k e " c onve r t " , "

g en e r a t e " , or " s t o r e " − t h e s e a r e o f t e n s u b j e c t − s i d e a c t i o n s un l e s s framed as
components .

16
17 Examples o f domain terms ( do not i n c l u d e ) :
18 − image − " Each i tem i n c l u d e s an image . "
19 − recommendation − " Recommendations a r e gene r a t ed . . . "
20 − f i l e − " Uploads i n c l u d e a JSON f i l e . "
21 − s e s s i o n − " Each s e s s i o n i s s t o r e d s e p a r a t e l y . "
22 − p r e s e n t a t i o n − " Uploaded p r e s e n t a t i o n s go through conve r s i on . . . "
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23
24 I n c l u d e only when wrapped in named so f twa r e components t h a t per form a c t i v e , modular

r e s p o n s i b i l i t i e s ( i f e x p l i c i t l y named and d e s c r i b e d ) .
25 3 . DO i n c l u d e t e c h n i c a l subsys tems d e s c r i b e d with proper s o f twa r e r o l e s , and c l e a r l y scoped

:
26 − (Web ) s e r v e r − i f d e s c r i b e d as a component implement ing c l i e n t − s e r v e r communicat ion or

even t d i s p a t c h i n g
27 − (Web ) c l i e n t − i f d e s c r i b e d as r ende r i ng or s u b s c r i b i n g to even t s / da t a
28 − Media S e r v e r / MS − as a media s t r e aming component implement ing SFU /MCU
29 4 . Do not i n c l u d e :
30 − Package , c l a s s , or namespace names ( e . g . , common . u t i l , x . y . z )
31 − I n t e r f a c e s ( u n l e s s d i r e c t l y implemented and dep loyed )
32 − Genera l use o f t e c h n o l o g i e s or t h i r d − pa r t y t o o l s l i k e " Reac t " or " Sp r ing " un l e s s

i n t e r n a l l y wrapped as system components
33 5 . A component i s v a l i d i f :
34 a ) I t s name i n c l u d e s a f u n c t i o n a l s u f f i x or a r c h i t e c t u r e − r e l e v a n t term ( S e r v i c e , C l i e n t ,

Engine , Manager , Adapter , Se rve r , Router , Conver ter , e t c . )
35 OR
36 b ) The t e x t c l e a r l y d e s c r i b e s i t as implement ing a t e c h n i c a l f u n c t i o n wi th in the system

( e . g . , r o u t i n g r eque s t s , s yn ch ron i z i ng s t a t e , managing media s t r eams )
37 6 . Reve r se pronoun r e f e r e n c e s a r e a l l owed only when s t r o n g l y t i e d to a p r e v i o u s l y named

component a c r o s s a d j a c e n t l i n e s .
38 Do not i n f e r vague or imp l i e d components through g en e r i c ph r a s e s l i k e :
39 − i t hand l e s the p r o c e s s
40 − t h i s system
41 − the module
42 7 . Do not c r e a t e imp l i e d components from a c t i o n nouns ( e . g . , " c onve r s i on " , " d e l i v e r y " , "

recommendation " ) u n l e s s t h e s e a r e mentioned as named , d i s t i n c t a r c h i t e c t u r a l e l emen t s .
43 8 . I f an e x t e r n a l t e chno logy ( e . g . , MongoDB , Red is , e t c . ) i s used in a custom component ( e .

g . , our R ed i s Pub l i s h e r , or MongoSyncService ) , i n c l u d e t h a t named component − not the
t e chno logy i t s e l f .

44
45 Return the r e s u l t s in a c l e a r l y s t r u c t u r e d , unambiguous p l a i n − t e x t fo rmat t h a t e n a b l e s

s t r a i g h t f o rw a r d conve r s i on to JSON ( e . g . , u s ing key− va lue s e c t i o n s per component ) .

B ArTEMiS Prompt (Formatting)
1 Given the l a s t answer ( s ee below ) , f o r each component , r e t u r n a JSON o b j e c t c on t a i n i n g :
2 − " name " : the pr imary name o f the component ( use the most d e s c r i p t i v e name ) .
3 − " type " : "COMPONENT"
4 − " a l t e r n a t i v eName s " : a l i s t o f a l t e r n a t i v e or ambiguous names , i f a p p l i c a b l e .
5 − " o c cu r r en c e s " : a l i s t o f l i n e s where the component appea r s or i s r e f e r e n c e d .
6
7 Output shou ld be a JSON a r r ay ( and noth ing e l s e ! ) , l i k e :
8 [
9 {
10 " name " : " . . . " ,
11 " type " : "COMPONENT" ,
12 " a l t e r n a t i v eName s " : [ . . . ] ,
13 " o c cu r r en c e s " : [ . . . ]
14 } ,
15 . . .
16 ]
17
18 Example :
19 [
20 {
21 " name " : " A u t h e n t i c a t i o n S e r v i c e " ,
22 " type " : "COMPONENT" ,
23 " a l t e r n a t i v eName s " : [ " s e r v i c e " ] ,
24 " o c cu r r en c e s " : [ " The Au t h e n t i c a t i o n S e r v i c e hand l e s l o g i n r e q u e s t s . " , " I t f o rwards

v a l i d c r e d e n t i a l s t o the UserDa tabase . " , " The s e r v i c e l o g s each a t t empt . " ]
25 } ,
26 {
27 " name " : " Use rDa tabase " ,
28 " type " : "COMPONENT" ,
29 " a l t e r n a t i v eName s " : [ "DB " ] ,
30 " o c cu r r en c e s " : [ " I t f o rwards v a l i d c r e d e n t i a l s to the UserDa tabase . " , " The DB then

v a l i d a t e s the c r e d e n t i a l s . " ]
31 }
32 ]
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