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ABSTRACT
We present KGpipe, a modular open-source framework for con-
structing and executing pipelines for integrating RDF, JSON, and
text sources into knowledge graphs (KG). KGpipe supports hetero-
geneous execution backends, intermediate exchange formats, static
pipeline validation, and can reuse existing implementations for inte-
gration tasks such as information extraction or ontology and entity
matching, including LLM-based components. To demonstrate the
framework’s flexibility, we implement and comparatively evalu-
ate multiple pipeline variants for the different source formats. The
results show that structured RDF pipelines currently provide the
most stable integration behavior, whereas JSON and text pipelines
remain more sensitive to errors in mapping, extraction, and linking.
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1 INTRODUCTION
Knowledge graph (KG) construction and integration require com-
bining heterogeneous data sources through multiple interacting
tasks such as extraction, schema alignment, entity resolution, fusion,
and validation [7]. In practice, these tasks are often implemented
using different tools, programming languages, and execution envi-
ronments, making integration pipelines difficult to construct, repro-
duce, and compare systematically. Existing solutions are frequently
tailored to specific domains or source formats, resulting in ad hoc
workflows with limited interoperability and reuse. Furthermore, ex-
isting tools for constructing KG integration pipelines are mostly not
openly available and unable to reuse existing solutions for certain
integration tasks [7].

The increasing diversity of source formats further complicates
this problem. Structured RDF graphs, semi-structured JSON doc-
uments, and unstructured text sources require fundamentally dif-
ferent integration strategies. RDF integration primarily focuses on
ontology alignment and entity matching, JSON integration requires
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schema interpretation and mapping, while text integration heavily
depends on information extraction and entity linking. As a result,
building reusable end-to-end KG integration pipelines remains chal-
lenging.

This paper presents KGpipe, a modular open-source framework
for generating and executing heterogeneous KG integration pipelines.
KGpipe supports pipeline composition across multiple execution
backends, including Python tasks, Docker-based tools, and HTTP
services. To improve interoperability between independently de-
veloped components, the framework introduces intermediate ex-
change formats together with static pipeline validation. This al-
lows tasks operating on different data formats and implemented in
different environments to be composed into reusable integration
workflows.

To demonstrate the flexibility of the framework, we implement
and analyze pipeline variants for RDF, JSON, and text integration
settings using both traditional and LLM-based components. The
pipelines are evaluated on the KGI-Bench [8] knowledge graph inte-
gration benchmark under a shared ontology and evaluation setting.
The experiments illustrate characteristic differences between struc-
tured, semi-structured, and unstructured integration pipelines and
highlight common challenges such as mapping ambiguity, entity
fragmentation, and extraction errors.

In summary, this paper makes the following contributions:

• We present KGpipe, a modular open-source framework for
constructing and executing heterogeneous KG integration
pipelines.

• We introduce interoperable pipeline components with uni-
fied execution interfaces, intermediate exchange formats,
and static validation mechanisms.

• We demonstrate the usefulness of the KGpipe framework by
generating, executing and comparatively evaluating mul-
tiple pipeline variants for RDF, JSON, and text integration
using both classical and LLM-based task implementations.

After a brief discussion of related work we give an overview of
the KGpipe framework in Section 3. We then present the realized
pipeline variants and their comparative evaluation (Sec. 4) before
we conclude.

2 RELATEDWORK
Research on KG integration spans specialized task-specific solu-
tions as well as end-to-end KG construction systems. Numerous
approaches address individual tasks such as information extrac-
tion [12], schema and ontology matching [1, 5], and entity res-
olution [3]. Tools such as JedAI [15] and Valentine [11] support
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Figure 1: Overview of the KGpipe framework for heterogeneous and incremental knowledge graph integration. Pipelines are
constructed as modular DAGs of interoperable tasks spanning extraction, alignment, entity resolution, fusion, and validation
stages. KGpipe supports RDF, JSON, and text sources through interchangeable execution backends and intermediate exchange
formats, enabling systematic evaluation of alternative integration strategies across successive integration stages.

configurable matching workflows, while recent work explores LLM-
based support for supervised configuration of schema mapping and
integration tasks [6, 14, 16].

Several systems support the determination of broader KG con-
struction pipelines, including NELL [2], SAGA [9], XI [4], and
Plumber [10]. However, these systems are mostly not openly avail-
able or focus on specific integration settings with handcrafted
pipelines so that they are not generic enough to support the in-
tegration of different source formats. In our recent survey [7] we
qualitatively evaluate available systems to determine end-to-end
KG integration pipelines against a set of requirements and note a
lack of powerful open, generic and modular tools that can reuse
existing task-specific solutions within the pipelines.

KGpipe addresses this gap by providing a modular open-source
framework for constructing and comparatively evaluating heteroge-
neous KG integration pipelines across RDF, JSON, and text sources.
It allows the generation of several alternate pipelines for integrat-
ing a certain source into a given KG - the pipelines can then be
comparatively evaluated, e.g. using the KGI-Bench approach [8].

3 KGPIPE FRAMEWORK
KGpipe implements a modular and extensible architecture that
enables the specification, validation, and execution of KG inte-
gration pipelines. Each pipeline consists of tasks that can be exe-
cuted in multiple ways, with clear input/output specifications that
ensure compatibility across steps. To ensure reproducibility and
easy debugging capabilities, our implementation uses file-based
I/O between tasks. While this may introduce overhead compared
to in-memory execution or direct streaming, it simplifies logging,
inspection, and cross-language compatibility. All tasks are executed

sequentially within a pipeline. Parallelism and optimization are
reserved for future work.

Figure 1 illustrates the overall workflow of KGpipe for incremen-
tal KG construction and integration. Starting from a given seed
KG the task is to determine a pipeline to integrate a new source of
format RDF, JSON or text to generate an updated version of the KG.
Each source is integrated by a separate pipeline.

Pipelines combine integration steps such as extraction, schema
alignment, entity resolution, fusion, and validation. Each step is
implemented as a modular task supporting different execution back-
ends and interoperable exchange formats. Intermediate representa-
tions enable reusable workflows across independently developed
components, while static validation ensures compatibility between
consecutive tasks. The resulting integrated KG can then be evalu-
ated using suitable quality metrics, as discussed in Section 4.

The remainder of this section is structured as follows. Section 3.1
introduces the formal pipeline specification and validation model.
Section 3.2 describes the supported execution modes and backend
abstraction. Section 3.3 discusses interoperability through exchange
formats and transformation tasks. Section 3.4 presents the valida-
tion mechanisms and constraints, while the last section summarizes
the task catalog used in this work.

3.1 Pipeline Specification
KGpipe represents each integration workflow as a directed acyclic
graph (DAG) of interconnected tasks. A task corresponds to an
integration operation such as extraction, schema matching, entity
resolution, fusion, or validation. Each task specifies typed input
and output interfaces together with its execution backend (Python,
Docker, or HTTP service).
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Pipelines are constructed by connecting compatible task outputs
to subsequent task inputs. During pipeline construction, KGpipe
performs static validation to ensure that adjacent tasks are com-
patible with respect to data formats, structural constraints, and
intermediate exchange schemas. This validation prevents invalid
task compositions before execution.

Formally, a pipeline is defined as a DAG 𝑃 = (𝑇, 𝐸) where 𝑇
denotes the set of tasks and 𝐸 ⊆ 𝑇 ×𝑇 represents directed depen-
dencies between tasks. An edge (𝑡𝑖 , 𝑡 𝑗 ) exists if the output of task
𝑡𝑖 satisfies the input requirements of task 𝑡 𝑗 . The resulting graph
defines both the execution order and data flow between integration
stages.

To support interoperability across independently implemented
components, KGpipe introduces lightweight intermediate exchange
formats such as JSON𝐸𝑅 for entity and relationmatches and JSON𝐾𝐸

for extracted triples and entity links. Transformation tasks can ad-
ditionally be inserted automatically to bridge incompatible repre-
sentations between pipeline stages.

3.2 Execution Modes
To accommodate the diversity of tools and runtimes used in KG
integration, our framework abstracts task execution from the un-
derlying implementation. We support three execution backends for
tasks: Python tasks implemented using libraries such as rdflib or
transformers, Docker-based tasks executed in isolated container
environments for external tools or heterogeneous runtimes, and
remote HTTP/LLM services accessed through RESTful APIs for
scalable extraction, linking, or matching tasks.

These three backends are sufficient to cover the full spectrum of
integration tasks we encounter: lightweight in-process operations
(Python), encapsulated external tools or heterogeneous runtimes
(Docker), and scalable remote services (HTTP). Supporting addi-
tional execution modes would largely duplicate functionality or add
unnecessary complexity, whereas this set strikes a balance between
flexibility, interoperability, and maintainability.

Pipelines are executed with a uniform interface regardless of
backend, and temporary files are used for communication between
tasks.

3.3 Task Interoperability
A central challenge is ensuring that task outputs are compatible
with subsequent task inputs, particularly across heterogeneous
execution backends and data formats. For example, some entity
matching tools produce CSV outputs while fusion components
expect structured JSON; information extraction tools may output
raw triples without ontology alignment; and linker components
may require specific JSON schemas or XML.

To address this, we introduce intermediate transformation tasks
that convert outputs into the formats expected by subsequent com-
ponents. These exchange tasks act as glue between independently
developed modules. Our interoperability strategy is inspired by
Plumber [10], but it extends this approach to support other task
areas.

Currently, we define two intermediate exchange formats: 𝐽𝑆𝑂𝑁𝐸𝑅 ,
used for entity resolution tasks, representing entity or relation
matches as:

Table 1: Task catalog of KGpipe. OM=Ontology Matching,
EM=Entity Matching, EF=Entity Fusion, TE=Triple Extrac-
tion, EL=Entity Linking, RL=Relation Linking, DM=Data
Mapping, and TC=Type Completion. Backend types are
Python (Py), Docker (D), and HTTP services (H).

Component Tasks Backend I/O

PARIS EM, OM D RDF→ JSON𝐸𝑅
Valentine OM D CSV→ JSON𝐸𝑅
JedAI EM D CSV→ JSON𝐸𝑅
StanfordOpenIE TE D TEXT→ JSON𝐾𝐸
Spotlight EL D/H TEXT→ JSON𝐾𝐸
EmbeddingEL EL Py JSON𝐾𝐸 → JSON𝐾𝐸
EmbeddingRL RL Py JSON𝐾𝐸 → JSON𝐾𝐸
Tabularize DM Py RDF→ CSV
Json-to-RDF DM Py JSON→ RDF
GenerateRDF𝐾𝐸 DM Py JSON𝐾𝐸 → RDF
FusionFirst EF, TC Py RDF, JSON𝐸𝑅 → RDF
SelectFirst EF, TC Py RDF→ RDF

LLMExtract TE H TEXT→ JSON𝐾𝐸
LLMMapping DM H JSON, RDF→ RDF
LLMMatcher OM H RDF→ JSON𝐸𝑅

{ id1: $id # $number | $url
id2: $id
type: $str # "entity" | "relation"
score: $float }

𝐽𝑆𝑂𝑁𝐾𝐸 , used for knowledge extraction tasks, captures text, triples,
and links, the latter representing mappings of text forms to URIs in
the KG.
{ text: $str

triples: [{head: $str, rel: $str, tail: $str}]
links: [{form: $str, link: $id, score: $float}] }

3.4 Validation and Constraints
Each task specifies its expected input and output types, and during
pipeline building, we apply static validation to ensure that consec-
utive tasks are compatible. This validation considers aspects such
as file formats (e.g., TEXT, JSON, RDF), structural requirements
like the presence of mandatory JSON keys or relation types, and,
when available, schema compatibility between input and output.
If a pipeline violates any of these constraints, it is rejected before
execution.

To further support interoperability, these checks are aligned with
the intermediate exchange formats introduced earlier (𝐽𝑆𝑂𝑁𝐸𝑅 and
𝐽𝑆𝑂𝑁𝐾𝐸 ). By validating against these well-defined representations,
we ensure that independently developed components can be safely
composed into larger pipelines, even when they rely on different
toolkits or programming languages.

3.5 Task Catalog
KGpipe organizes integration functionality into reusable tasks that
can be composed into different pipeline configurations. Each task
implements a specific integration capability such as ontologymatch-
ing, entity resolution, extraction, mapping, linking, or fusion. To

3



Table 2: Representative pipeline configurations for RDF,
JSON, and text sources. The configurations illustrate selected
task combinations rather than fixed workflows.

RDF pipelines

Variant Matching Fusion

RDFbase PARIS FusionFirst
RDFalt Tabularize + JedAI + Valentine FusionFirst
RDFllm LLMMatcher + PARIS FusionFirst

JSON pipelines

Variant Mapping Matching/Linking Fusion

JSONbase Json-to-RDF PARIS FusionFirst
JSONalt Embedding Embedding SelectFirst
JSONllm LLMMapping PARIS FusionFirst

Text pipelines

Variant Extraction Linking Fusion

TEXTbase OpenIE Spotlight + Embedding SelectFirst
TEXTalt OpenIE Embedding SelectFirst
TEXTllm LLMExtract Embedding SelectFirst

support interoperability across heterogeneous implementations,
all tasks expose a unified interface consisting of typed input and
output formats together with an execution backend.

Table 1 summarizes the task catalog of KGpipe used in this work.
The catalog combines external integration tools, custom Python
components, and LLM-based services under a shared execution
abstraction. Tasks can operate on RDF graphs, JSON documents,
tabular CSV data, plain text, or the intermediate exchange formats
introduced earlier (𝐽𝑆𝑂𝑁𝐸𝑅 and 𝐽𝑆𝑂𝑁𝐾𝐸 ).

The catalog includes several established tools. PARIS [17] per-
forms ontology and entity matching directly on RDF graphs, while
JedAI [15] and Valentine [11] support entity matching and schema
matching on tabular data. For text-based extraction, Stanford Ope-
nIE [12] generates surface-form triples and DBpedia Spotlight [13]
performs entity linking against the target KG.

In addition, KGpipe provides several custom integration tasks
implemented in Python. These include transformation tasks such as
Tabularize, Json-to-RDF, and GenerateRDF𝐾𝐸 . The embedding-based
entity and relation linking tasks use text embeddings over entity
labels, relation names, and extracted surface forms to identify se-
mantically similar KG elements. Fusion tasks such as FusionFirst
and SelectFirst combine integrated graphs while additionally per-
forming type completion based on the ontology domain and range
axioms.

Finally, KGpipe supports LLM-based integration tasks through
HTTP services. These tasks include LLMExtract for text-based
triple extraction, LLMMapping for ontology-aware RDF genera-
tion from JSON documents, and LLMMatcher for LLM-assisted
ontology matching. Since all tasks share compatible I/O contracts,
they can be substituted or recombined within different pipeline
layouts without modifying the overall execution framework.

4 EVALUATION
To demonstrate the usefulness of the KGpipe framework, we gener-
ated and executed multiple pipeline variants for their comparative
evaluation. In particular, we compare pipelines operating on struc-
tured RDF, semi-structured JSON, and unstructured text sources
under a shared KG ontology and a common evaluation setting. This
should enable us to study how source characteristics and the de-
sign of the KGpipe-generated pipelines influence the quality of the
resulting knowledge graph.

KGpipe supports RDF, JSON, and text sources through config-
urable pipeline layouts composed of interchangeable integration
tasks. For each source type, we implement three representative
variants: a baseline pipeline, an alternative pipeline using differ-
ent matching or linking strategies, and an LLM-assisted pipeline
replacing selected components with large language models. These
pipelines are intended as illustrative configurations rather than
fixed workflows, since tasks can be substituted or recombined de-
pending on the integration setting. Table 2 summarizes the im-
plemented pipeline configurations and their selected task imple-
mentations. For each source format, the baseline, alternative, and
LLM-assisted variants differ in the task implementation used at the
main format-specific integration step. For RDF, RDFbase uses PARIS
for ontology and entity matching, RDFalt converts the graphs to
tabular form and applies JedAI and Valentine, and RDFllm replaces
ontology matching with an LLM-based matcher while retaining
PARIS for entity matching. For JSON, JSONbase first converts JSON
to RDF, JSONalt performs embedding-based entity and relation link-
ing, and JSONllm directly generates ontology-aligned RDF using an
LLM. For text, TEXTbase combines OpenIE with DBpedia Spotlight
and embedding-based relation linking, TEXTalt uses embedding-
based linking for both entities and relations, and TEXTllm replaces
OpenIE with LLM-based triple extraction.

The experiments use the KGI-Bench benchmark datasets for the
movie domain (KGI-Bench-Movie), consisting of a seed KG, a ref-
erence KG (as the ground truth for the updated KG), and multiple
overlapping source splits derived from DBpedia [8]. The benchmark
contains film, person, and company entities connected through a
shared ontology with 25 relations and attributes. There are three
source files (in any of the three formats RDF, JSON, text) that
have to be integrated one after the other into the seed KG to ac-
count for the incremental nature of KG updates. We primarily use
the 10k films variant, where the seed KG contains 123,686 facts
and 19,527 entities (film, person, companies), while the final ref-
erence KG contains 336,002 facts and 47,706 entities. Due to the
substantially higher runtime costs of LLM-based components, the
JSONllmand TEXTllmconfigurations were executed only on the re-
duced 1k benchmark variant, where the seed KG contains 16,417
facts, and 2,793 entities, and the complete reference KG contains
63,359 facts and 8,935 entities. This reduced setup is also reflected
in Figure 2, where the corresponding pipelines are omitted from
the entity and triple growth analysis.

To ensure comparability across pipeline configurations, we use
fixed matching and linking thresholds throughout all experiments,
determined through preliminary experiments. PARIS uses a similar-
ity threshold of 0.95 for entity matches and 0.5 for relation matches.
JedAI applies a matching threshold of 0.5, while Valentine uses 0.1
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Table 3: Incremental integration quality across heterogeneous KG pipelines after successive integration stages. Values are
reported as Stage 1 / Stage 2 / Stage 3 for coverage, correctness, and semantic consistency. Rows evaluated on the 1k benchmark
variant are explicitly marked and should only be compared with scale-matched rows. The table also summarizes characteristic
integration behavior and dominant failure modes observed for RDF-, JSON-, and text-based pipelines. Dominant behavior and
main failure source are reported once per pipeline design and are not repeated for scale-matched reruns.

Pipeline Coverage Correctness Consistency Dominant Behavior Main Failure Source
RDFbase 0.69 / 0.69 / 0.70 0.89 / 0.88 / 0.89 1.00 / 1.00 / 1.00 Stable structured integration Minor fusion mismatches
RDFalt 0.59 / 0.58 / 0.58 0.77 / 0.76 / 0.74 0.99 / 0.99 / 0.99 Recall decreases during tabular mapping Entity fragmentation
RDFllm 0.94 / 0.93 / 0.92 0.96 / 0.95 / 0.95 1.00 / 1.00 / 1.00 Strongest overall stability Runtime overhead
JSONbase 0.63 / 0.63 / 0.62 0.86 / 0.85 / 0.85 0.96 / 0.95 / 0.94 Moderate degradation over stages Schema ambiguity
JSONalt 0.29 / 0.28 / 0.28 0.56 / 0.56 / 0.55 0.98 / 0.97 / 0.97 Embedding mappings accumulate errors Incorrect relation linking
JSONbase (1k) 0.78 / 0.79 / 0.77 0.89 / 0.89 / 0.89 0.95 / 0.93 / 0.93 — —
JSONllm (1k) 0.61 / 0.62 / 0.60 0.75 / 0.76 / 0.76 1.00 / 0.99 / 0.99 Better consistency but unstable outputs LLM variability
TEXTbase 0.01 / 0.01 / 0.01 0.22 / 0.23 / 0.24 0.99 / 0.99 / 0.99 Severe extraction loss Entity linking failures
TEXTalt 0.03 / 0.03 / 0.03 0.16 / 0.17 / 0.18 0.95 / 0.92 / 0.89 Increasing semantic corruption Relation direction errors
TEXTbase (1k) 0.01 / 0.01 / 0.01 0.18 / 0.17 / 0.18 1.00 / 1.00 / 1.00 — —
TEXTllm (1k) 0.04 / 0.04 / 0.04 0.22 / 0.24 / 0.24 0.92 / 0.87 / 0.82 Slightly improved extraction recall Hallucinated triples

for schema matching. DBpedia Spotlight performs entity linking
at a confidence threshold of 0.8. The embedding-based entity and
relation linkers (EmbeddingEL and EmbeddingRL) both use a sim-
ilarity threshold of 0.8. For LLM-based tasks, we used OpenAI’s
gpt-5-mini-2025-08-07 model snapshot across all experiments
to balance runtime, cost, and output quality.

Execution cost. We additionally measured end-to-end wall-
clock runtime and peak memory consumption for each pipeline.
On the 10k benchmark, the RDF pipelines required 66 s for RDFbase,
6,512 s for RDFalt, and 196 s for RDFllm, with peak memory con-
sumption of 6.3 GB, 44.5 GB, and 6.1GB, respectively. The JSON
and text LLM pipelines were evaluated only on the smaller 1k bench-
mark because of their substantially higher execution costs: JSONllm
required 8,749 s and 4.8 GB, while TEXTllm required 2,006 s and
10.4 GB. Their corresponding API costs were approximately €9.90
and €2.30 per complete three-stage run; RDFllm cost approximately
€0.10. These measurements explain the use of the reduced bench-
mark for the JSON and text LLM variants. Since these variants were
executed on a different benchmark size, their runtimes should not
be interpreted as direct speed comparisons with the corresponding
10k baseline pipelines. Runtime and API cost may also vary with
hardware, network latency, service load, and provider pricing.

4.1 Metrics
We evaluate the generated KGs using the three complementary
quality dimensions defined in KGI-Bench [8]: coverage, correct-
ness, and consistency. Coverage measures how completely source
information is represented in the integrated KG. Correctness eval-
uates whether integrated entities and triples correspond to the
reference KGwithout introducing duplicates or incorrect facts. Con-
sistency measures adherence to ontology constraints such as valid
domain/range usage, relation direction, and datatype correctness.

Metric computation. Let 𝐾𝐺𝑖 denote the graph produced after
integration stage 𝑖 , and let 𝐾𝐺 (𝑖 )

𝑅
denote the corresponding refer-

ence graph containing the information expected up to that stage.
Entities and triples already present in the seed KG are excluded from

both graphs before evaluation. Because equivalent entities may use
different identifiers, an alignment 𝐴𝑖 between entities in 𝐾𝐺𝑖 and
𝐾𝐺

(𝑖 )
𝑅

is derived using sentence-transformer-based similarity over
entity labels. Literal values are also compared using fuzzy equal-
ity and datatype- or format-specific normalization. A produced
triple matches a reference triple if their subjects are aligned, their
predicates are identical, and their objects are either aligned enti-
ties or equivalent literals after datatype and lexical normalization.
Matching is binary: a triple satisfying only some of these conditions
receives no partial credit.

Let Cov𝐸 and Cov𝑇 denote the fractions of expected reference
entities and triples represented in 𝐾𝐺𝑖 , respectively. Let Corr𝐸 and
Corr𝑇 denote the fractions of produced entities and triples that cor-
respond to the reference graph. Duplicate produced entities aligned
to the same reference entity receive only one correct match and
therefore reduce entity correctness. The aggregate values reported
in Table 3 are

Coverage𝑖 =
Cov𝐸 (𝐾𝐺𝑖 ) + Cov𝑇 (𝐾𝐺𝑖 )

2

Figure 2: Evolution of entity and triple counts across incre-
mental integration stages. Dashed lines indicate reference
KG sizes. JSONllm and TEXTllm, the LLM-based pipelines, were
executed on the smaller 1k dataset variant due to higher run-
time costs and are therefore omitted.
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Correctness𝑖 =
Corr𝐸 (𝐾𝐺𝑖 ) + Corr𝑇 (𝐾𝐺𝑖 )

2 .

Consistency is computed independently of the reference graph.
For each applicable ontology constraint 𝑐 , we determine the viola-
tion ratio 𝑣𝑐/𝑛𝑐 , where 𝑣𝑐 is the number of violating entities, rela-
tions, or literals and 𝑛𝑐 is the number of corresponding evaluation
units. We consider disjoint-class, domain, range, relation-direction,
datatype, and literal-format violations. The reported consistency
value is the arithmetic mean of their compliance scores:

Consistency𝑖 =
1
|𝐶 |

∑︁
𝑐∈𝐶

(
1 − 𝑣𝑐

𝑛𝑐

)
.

For example, a relation with a correct subject but an incor-
rectly linked object contributes neither to triple coverage nor triple
correctness, while a relation whose subject and object types vio-
late its declared domain or range contributes one corresponding
consistency violation. Full definitions of the alignment procedure,
entity- and triple-level metrics, literal normalization, and individ-
ual ontology-violation measures are provided in the companion
KGI-Bench specification [8].

All metrics are computed incrementally after each integration
stage, enabling analysis of how errors propagate and accumulate
during sequential KG updates. Higher coverage and correctness val-
ues indicate more complete and semantically accurate integration
results, while higher consistency values indicate stronger adherence
to the target ontology and fewer structural violations.

In the following evaluation, we focus on comparative quality dif-
ferences between RDF-, JSON-, and text-based pipelines to analyze
how source structure and pipeline design influence KG quality.

4.2 Data Quality Results and Error Propagation
We analyze the pipeline results from a data-quality perspective
along three dimensions: completeness, correctness, and semantic
consistency. In addition, we distinguish recurring failure modes
according to the pipeline stage in which they originate: represen-
tation and mapping errors, entity resolution and linking errors,
extraction errors, and fusion-related propagation errors. Because
integration is incremental, local errors introduced at one stage may
persist or be amplified in later KG updates.

Figure 2 illustrates the evolution of entity and triple counts
across incremental integration stages, while Table 3 summarizes
coverage, correctness, and consistency for all evaluated pipelines.
Since integration is performed incrementally, errors introduced
during early stages may propagate into subsequent updates. The
evaluation therefore analyzes not only final KG quality, but also the
robustness of different pipeline designs under repeated integration
steps.

The observed failures can be grouped into four recurring data-
quality categories. First, representation and mapping errors arise
when structural information is lost or ambiguous, as in RDF tab-
ularization and JSON schema interpretation. Second, identity and
linking errors include entity fragmentation, missed entity matches,
and incorrect entity or relation links. Third, extraction errors occur
mainly for text sources and include missing, hallucinated, or direc-
tionally incorrect triples. Fourth, propagation errors arise when
incorrect mappings or entities introduced in early increments are

reused during later fusion steps. These categories affect complete-
ness, correctness, and consistency in different ways and explain
the source-dependent behavior summarized in Table 3.

The RDF-based pipelines exhibit the most stable integration be-
havior across all stages. Since RDF sources already provide explicit
graph structure and semantic relations, the integration problem is
largely reduced to ontology and entity alignment. Consequently,
RDFbase and RDFllm maintain full semantic consistency throughout
all stages, indicating that structured RDF representations substan-
tially reduce schema ambiguity and invalid relation generation.

Coverage and correctness remain comparatively stable for the
RDF pipelines because most entities and relations can already
be aligned during early integration stages. RDFllm achieves the
strongest overall performance in both coverage and correctness.
The LLM-assisted ontology matching improves relation alignment
between source and seed graphs, reducing missed mappings while
preserving semantic consistency. In contrast, RDFalt shows decreas-
ing coverage and correctness over successive stages. The conversion
of RDF graphs into tabular representations introduces information
loss and entity fragmentation, which negatively affects both entity
matching and downstream fusion quality. Once fragmented entities
are introduced into the KG, later integration stages increasingly
reuse these incomplete representations, further reducing matching
quality.

The JSON pipelines exhibit moderate degradation compared to
RDF. Unlike RDF sources, JSON documents do not explicitly encode
ontology semantics, requiring additional schema interpretation and
mapping steps. Consequently, integration quality depends strongly
on the selected mapping strategy.

JSONbase achieves comparatively robust behavior by first lift-
ing JSON data into RDF and subsequently applying graph-based
alignment. Coverage and correctness remain relatively stable across
stages, although generic relation construction still introduces schema
ambiguity that accumulates over time. JSONalt performs substan-
tially worse in both coverage and correctness. The embedding-
based matching strategy frequently links semantically similar but
structurally incompatible entities or relations, leading to accumu-
lated mapping errors and fragmented entity representations. These
incorrect mappings propagate into later integration stages and
increasingly affect downstream fusion decisions, causing persis-
tent quality degradation. JSONllm improves semantic consistency
by generating ontology-aware RDF triples directly with an LLM,
but output variability still causes fluctuations in correctness and
coverage across stages. While ontology-aware generation reduces
structural violations, occasional hallucinated or incomplete map-
pings still introduce instability during incremental updates.

The text-based pipelines remain themost challenging integration
setting. In contrast to RDF and JSON sources, text pipelines must
first recover structured information through extraction and linking,
making errors propagate across multiple dependent stages.

All text pipelines achieve substantially lower coverage due to
incomplete extraction and linking failures. In TEXTbase, OpenIE
and Spotlight frequently fail to recover entities and relations re-
quired for integration into the target KG, resulting in almost no
growth in coverage across stages. TEXTalt replaces symbolic link-
ing with embedding-based matching, but relation direction errors
and semantically incorrect matches increasingly corrupt the KG
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during incremental updates. As a result, correctness and consis-
tency continuously decrease across stages because invalid relations
and incorrectly aligned entities accumulate in the integrated graph.
TEXTllm slightly improves coverage through LLM-based extraction,
but hallucinated triples and incorrect relation generation reduce
semantic consistency over time. The generated triples often appear
structurally plausible while violating ontology semantics, making
such errors difficult to detect during later fusion stages.

The incremental setting reveals an important data-quality ef-
fect: errors are not independent across stages. A missed match may
create a duplicate entity, which then reduces the likelihood of cor-
rect matching in later increments. Similarly, an incorrect relation
mapping may be reused during subsequent fusion, causing a lo-
cal schema error to affect multiple later triples. This explains why
RDFalt, JSONalt, and TEXTalt show progressive degradation even
though their task configurations and thresholds remain fixed.

Overall, the experiments demonstrate that integration robust-
ness is strongly influenced by source structure and the number of
required semantic interpretation steps. Structured RDF integration
remains comparatively stable, whereas JSON and text pipelines
are substantially more sensitive to mapping ambiguity, extraction
noise, and semantic linking errors. The results further show that
incremental KG integration amplifies early-stage errors, making
robust matching and validation strategies essential for maintaining
long-term KG quality.

5 CONCLUSION
We presented KGpipe, a modular open-source framework for con-
structing and executing different knowledge graph integration
pipelines across RDF, JSON, and text sources. By supporting inter-
changeable task implementations and multiple execution backends,
KGpipe can utilize and reuse already proven solutions and also
integrate LLM functionality. KGpipe is a generic tool that can be
used for knowledge graphs and data sources of virtually any do-
main. It supports a comparative evaluation of generated pipelines
to help find the best solutions. The presented experiments on KGI-
Bench showed the usability of KGpipe and illustrated how different
pipeline designs and source formats affect integration quality, ro-
bustness, and semantic consistency, while also highlighting the
strengths and limitations of LLM-based components in KG integra-
tion workflows.

An important direction for future work is the automated opti-
mization of task-level hyperparameters across complete integration
pipelines. While KGpipe currently supports explicit configuration
of component parameters, these values are selected externally and
remain fixed during pipeline execution. Future work will investi-
gate pipeline-level optimization that jointly considers integration
quality, runtime, and execution cost.
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