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Abstract. Ensuring the veracity of assertions is vital for building reliable and 
consistent knowledge graphs. A variety of automatic fact-checking approaches 
have been proposed over the past decade. Among these, path-based fact-checking 
approaches are particularly attractive due to their independence of supplemen-
tary external knowledge and their faster runtimes compared to methods reliant on 
external corpora or embeddings. However, the effectiveness of these approaches 
is fundamentally limited by the incompleteness of existing knowledge graphs, 
which often lack the paths necessary to support or refute assertions. To address 
this limitation, we propose SHALLKNOW, a framework that supplements the 
knowledge graph with shallow knowledge—automatically extracted RDF asser-
tions from external unstructured sources—even if this additional knowledge may 
not always fit a well-defined ontology nor be fully verified. By appending such 
shallow knowledge, we enhance the graph’s coverage and increase the chances 
of finding relevant evidence for fact-checking. Comprehensive experiments on 
three widely used benchmark datasets demonstrate that integrating SHALLKNOW 

consistently and significantly enhances the performance of state-of-the-art path-
based fact-checking approaches, yielding improvements of up to 0.24 in Area 
Under the Receiver Operating Characteristic Curve (AUROC). These results 
establish SHALLKNOW as a broadly applicable auxiliary component for improv-
ing the reliability and coverage of automatic fact-checking in knowledge graphs. 
Our code is open-source and can be found at https://github.com/dice-group/ 
ShallKnow. 

Keywords: Automatic fact checking · Shallow knowledge · Information 
extraction · Open Information extraction · Kno wledge graphs

1 Introduction 

Knowledge graphs (KGs) are essential infrastructure for representing and reasoning 
over large-scale semantic data on the Web [15,28,32]. As KGs are increasingly used in 
critical applications such as search engines [50], question answering applications [2], 
and healthcare systems [35], ensuring the reliability of KGs has become paramount. 
This is crucial because erroneous or unverifiable assertions within a KG can propagate 
c The Author(s), under exclusive license to Springer Nature Switzerland AG 2026 
M. Acosta et al. (Eds.): ESWC 2026, LNCS 16549, pp. 436–456, 2026. 
https://doi.org/10.1007/978-3-032-25156-5_23

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-032-25156-5_23&domain=pdf
http://orcid.org/0000-0001-6714-8729
http://orcid.org/0000-0002-6955-7718
http://orcid.org/0000-0002-8609-8277
http://orcid.org/0000-0001-7112-3516
https://github.com/dice-group/ShallKnow
https://github.com/dice-group/ShallKnow
https://github.com/dice-group/ShallKnow
https://github.com/dice-group/ShallKnow
https://github.com/dice-group/ShallKnow
https://github.com/dice-group/ShallKnow
https://doi.org/10.1007/978-3-032-25156-5_23


No Need to Be a Know-It-All: Fact Checking with Shallow Knowledge 437

misinformation to downstream applications [7,8]. To address this risk, fact checking has 
emerged as the systematic process of verifying the truth or falsehood of assertions—a 
task increasingly addressed through automated approaches within KGs [7,27,57]. Con-
sequently, automatic fact checking for KGs has become a vital research challenge, 
aiming to assess the veracity of assertions and improve the overall trustworthiness 
and usability of KG-based systems [23,62]. Furthermore, fact checking is pivotal for 
KG maintenance, as it verifies whether candidate assertions are supported by evidence 
present within reference knowledge [7,57–59,65]. In response, a variety of automatic 
fact-checking approaches have emerged, including embedding-based approaches [3,31, 
44], path-based approaches [34,55,63,66], rule-based approaches [21,22,36,52], text-
based approaches [25,65], and hybrid approaches [56,59]. 

Path-based approaches, in particular, are prominent for their efficiency, scalability, 
and transparent reasoning, as they leverage only the graph’s connectivity and avoid 
reliance on external data sources or complex model training [56,59]. Nevertheless, 
these approaches inherently depend on the completeness of the underlying graph.1 As 
a result, when key relationships or properties are absent, even sophisticated path-based 
approaches may fail to find the evidence required to validate or refute a given asser-
tion [60,63]. 

Figure 1 shows an example to illustrate this problem. While entity information 
such as “Edith Frank” and “Otto Frank” is encoded in the KG, crucial relations like 
spouse or child are absent, even though a simple unstructured reference—a snippet 
from Wikipedia—provides this background knowledge. In such cases, fact-checking 
approaches restricted to the KG are unable to validate relevant assertions, thereby limit-
ing both coverage and reliability.2 

A promising direction to overcome this shortcoming is the automatic extraction of 
“shallow knowledge” from unstructured sources. Shallow knowledge typically takes the 
form of RDF assertions mined via information extraction, offering broader–albeit less 
ontologically precise–coverage compared to manual KG curation [39,47]. By append-
ing such assertions, even if noisy or only weakly aligned with KG ontologies, it 
becomes possible to fill evidential gaps that hinder the fact-checking task. The lower 
part of Fig. 1 shows this process: The Wikipedia article of “Edith Frank” is analyzed to 
extract additional relational assertions, which are then added to the KG. These automat-
ically generated assertions, such as missing spouse or child relationships, enhance the 
KG and allow fact-checking approaches to validate claims that would otherwise lack 
support from the original KG alone. 

In this work, we introduce SHALLKNOW, a novel, scalable framework for automatic 
KG fact checking that robustly augments incomplete graphs using shallow structured 
assertions harvested from large unstructured corpora. Our approach demonstrates that 
even the integration of imperfect but contextually relevant evidence can substantially 
increase the success rate of path-based fact checking of assertions. Our work makes the 
following key contributions:

1 In this paper, completeness refers strictly to the presence/absence of evidence paths required 
by path-based fact-checkers, not ontology-level completeness or truth completeness. 

2 We work with IRIs, using the prefixes wd and wdt.  The  wdt prefix corresponds to the names-
pace http://www.wikidata.org/prop/direct/, and the wd prefix corresponds to the namespace 
http://www.wikidata.org/entity/. 

http://www.wikidata.org/prop/direct/
http://www.wikidata.org/prop/direct/
http://www.wikidata.org/prop/direct/
http://www.wikidata.org/prop/direct/
http://www.wikidata.org/prop/direct/
http://www.wikidata.org/prop/direct/
http://www.wikidata.org/entity/
http://www.wikidata.org/entity/
http://www.wikidata.org/entity/
http://www.wikidata.org/entity/
http://www.wikidata.org/entity/
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Fig. 1. Motivation example. The KG excerpt from Wikidata [46] contains nodes for Edith 
Frank, Otto Frank, Anne Frank, and Margot Frank, as well as basic attributes, but key famil-
ial links (e.g., spouse, child) are missing (shown as red dotted edges). Wikidata entities men-
tioned in the figure without full IRIs include: Frankfurt (wd:Q1794), Aachen (wd:Q22094), 
Banker (wd:Q806798), Housewife (wd:Q38126150), Male (wd:Q6581097), and Female 
(wd:Q6581072); the relation shown is child (wdt:P40). . θ is a threshold value set by the user. 

– We propose SHALLKNOW, a novel framework for augmenting incomplete KGs with 
shallow structured assertions automatically extracted from external textual sources.
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– We introduce a methodology that leverages large language models (LLMs) for entity-
centric text simplification and robust information extraction pipelines for assertion 
generation. 

– We establish an evaluation protocol—including expert manual assessment and inter-
annotator agreement analysis—for verifying the factual reliability of shallow knowl-
edge assertions extracted by our system. 

– We conduct comprehensive experiments on three state-of-the-art benchmark 
datasets, demonstrating that supplementing KGs with shallow knowledge signifi-
cantly improves the performance of multiple path-based fact-checking approaches, 
yielding AUROC gains of up to 0.24. 

– We release our implementation as open source to support reproducibility and further 
research in the community.3 

The remainder of this paper is organized as follows. Section 2 introduces the nota-
tion and preliminaries needed for the rest of the paper. Section 3 provides an overview 
of related work. Our proposed approach is presented in Sect. 4, while Sect. 5 describes 
the experimental setup. Results are discussed in Sect. 6. Finally, Sect. 7 concludes the 
paper and outlines potential directions for future work. 

2 Preliminaries 

Our work is concerned with KGs, specifically those represented using the Resource 
Description Framework (RDF) model [10]. We begin by formally defining an RDF KG. 

Definition 1 (RDF KG). Let .E denote the set of all RDF resource IRIs, .B the set of 
blank nodes, .P ⊆ E the set of RDF predicates, and . L the set of literals. A KG G is a 
set of RDF assertions, defined as:

.G = {(s, p, o) | s ∈ E ∪ B, p ∈ P, o ∈ E ∪ B ∪ L}, (1) 

where each assertion .(s, p, o) consists of a subject . s, predicate . p, and object . o [10,55]. 

The central objective of our approach is the automatic fact checking of KGs. We 
define the fact-checking task as follows: 

Definition 2 (Fact Checking). Given a candidate assertion in the form of an RDF 
assertion .(s, p, o), together with a reference KG G, fact checking is the process of com-
puting the likelihood with which the assertion is true [65]. 

In this work, we introduce the concept of shallow knowledge to address the evidence 
gaps that arise from the incompleteness of KGs [54]. Such knowledge may lack rich 
ontological structure or comprehensive validation–whether manual or automatic–but 
can provide additional evidence to support or refute candidate assertions.

3 We release all code, data, and experimental artifacts through our anonymized GitHub https:// 
github.com/dice-group/shallknow and Zenodo https://zenodo.org/records/15390036 reposito-
ries. 

https://github.com/dice-group/shallknow
https://github.com/dice-group/shallknow
https://github.com/dice-group/shallknow
https://github.com/dice-group/shallknow
https://github.com/dice-group/shallknow
https://github.com/dice-group/shallknow
https://zenodo.org/records/15390036
https://zenodo.org/records/15390036
https://zenodo.org/records/15390036
https://zenodo.org/records/15390036
https://zenodo.org/records/15390036
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Definition 3 (Shallow Knowledge). Shallow knowledge consists of factual assertions– 
typically in the form of RDF assertions–automatically extracted from unstructured or 
semi-structured external textual sources via open knowledge extraction methods [16, 
49,54]. Unlike curated knowledge, shallow knowledge is directly mined from large text 
corpora without reliance on domain-specific schemas or ontologies. 

3 Related Work 

Various automated fact-checking approaches have been introduced in the litera-
ture, each leveraging different types of reference data. Text-based methods, such 
as DeFacto [25] and FactCheck [65], cast candidate assertions as search queries to 
retrieve relevant textual evidence from unstructured corpora. Path-based approaches— 
including Adamic Adar [1], COPAAL [63], Degree Product [61], Jaccard [41], Knowl-
edgestream [61], Katz [33], KL [7], PredPath [60], PRA [24], PathEnt [68], REL-
KL [37], and SimRank [30]—analyze evidential patterns, statistical cues, or semantic 
paths within a KG as the primary information source. These methods aim to capture 
statistical regularities, express complex semantic dependencies, or detect violations by 
generalizing from positive and negative examples. Path-based fact-checking approaches 
are valued for their efficiency and transparency, but their performance is fundamen-
tally constrained by graph incompleteness: such methods often cannot validate or refute 
assertions when key paths are missing 

Recent work, such as FAVEL [55], enriches path selection or systematically com-
bines multiple path-based signals to enhance fact checking performance. Our approach, 
SHALLKNOW, further improves the performance of this category by appending shallow 
knowledge to existing KGs, overcoming limitations due to missing evidence. Rule- and 
graph-pattern-based approaches—such as AMIE [21,22,36], RuDiK [52], GPARs [17], 
OntoPathFinding [6], and (O)GFCs [42,43]—discover logical rules and frequent sub-
graph patterns in KGs to infer new facts or validate assertions. While powerful for 
discovering hidden structure, they rely on sufficient data support and degrade with spar-
sity or incompleteness. Embedding-based models, such as ESTHER [62] and those by 
Dong et al. [12], rely on KG embeddings to assess assertion plausibility in a latent space. 
Hybrid methods combine multiple evidence modalities—including path-based, rule-
based, textual, and embedding-based signals—to improve robustness and fact check-
ing accuracy. Examples include ExFakt [19], Tracy [20], Facty [40], ESTHER [62], 
HybridFC [59], and TemporalFC [56]. 

Beyond the KG-based fact-checking methods discussed above, there is extensive 
research on noisy-knowledge processing [5], triple fusion [14], conflict resolution [45], 
and trust-aware or ontology-aware KG enrichment [8,13,67,69]. These areas address 
different challenges, and no prior work has explored enriching KGs with shallow knowl-
edge from unstructured text to support fact checking. Our framework does precisely this, 
providing auxiliary evidence to bridge gaps left by KG incompleteness. Comprehensive 
evaluation across ten state-of-the-art path-based fact-checking approaches demonstrates 
that each consistently benefits from the inclusion of shallow knowledge, significantly 
enhancing both the effectiveness and coverage of path-based fact checking.
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Fig. 2. Shallow knowledge extraction pipeline. 

4 Methodology 

Our approach systematically augments a KG G with shallow knowledge assertions S 
extracted from a text corpus using a multi-stage pipeline (see Fig. 2 for an overview). 
This method provides an improved performance on the fact-checking task. In the fol-
lowing, we introduce the problem statement formally. 

4.1 Task Formalization 

Given a KG. G, a set of assertions .X = {(s1, p1, o1), . . . , (sM , pM , oM )} to be verified, 
and a corpus of unstructured textual articles . C,  le  t . E be the set of all entities that occur
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as subjects or objects in . X : 

.E = {si | (si, pi, oi) ∈ X} ∪ {oi | (si, pi, oi) ∈ X}. (2) 

Our objective is to construct three augmented KGs: .G∗ = G ∪ S, .G+ = G ∪ S , and 
.G∗∗ = G∗ ∪ S , where . S and .S are defined as: 

.S = {(s, p, o) | s ∈ E , o ∈ E , p ∈ PG}, (3) 

.S = {(s, p, o) | s ∈ E , o ∈ E , p ∈ PC}. (4) 

Here, .PG denotes the set of properties already present in . G (i.e., extracted via KG rela-
tion extraction), and .PC denotes novel properties or relations mined from the external 
text corpus. C (e.g., via open knowledge extraction and LLM-assisted relation discovery). 
The assertions in . S and .S are extracted by distinct stages of our pipeline, as shown in 
Fig. 2, and are used to systematically augment the original graph with both established 
and newly generated properties forming statements about the entities in . E . 

For example, with reference to Fig. 1, the assertion (wd:Q89925 [Otto Frank], 
wdt:P40 [child], wd:Q7339 [Margot Frank]) is an instance where .p ∈ PG , whereas 
(wd:Q4583 [Anne Frank], :P-born-in [born in], wd:Q1794 [Frankfurt]) exempli-
fies an assertion where .p ∈ PC . We next describe the details of our pipeline. 

4.2 Entity-Driven Article Collection 

For each entity .e ∈ E , we retrieve documents from a reference corpus. C with additional 
information about these entities. Formally, the initial set of documents is retrieved using 
a retrieval function . q: 

.A =
e∈E

q(e) . (5) 

We enrich the context further by expanding this initial set of documents by including 
all documents that are directly linked from any document .d ∈ A (i.e., their .1-hop 
neighbors): 

.A = A ∪
d∈A

l(d) , (6) 

where . l denotes a function retrieving all documents linked from document . d. Thus, 
.A forms a larger set of relevant documents used for further processing. This strategy 
increases recall by adding topically related articles to the input set. 

4.3 Entity-Centric Paragraph Simplification 

Given a document .d ∈ A , we construct a prompt . ζ and apply a large language model 
(LLM), denoted as .fLLM, to process . d: 

.p = fLLM(ζ, d). (7)
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Specifically, the LLM is instructed to: 1. Simplify the input text by removing unneces-
sary tags, markup, and non-informative content; 2. Summarize the remaining informa-
tion into a clear, plain-language paragraph; 3. Only use information directly present in 
the text, without generating or inferring new facts; 4. Ensure that, if information about 
any of the target entities appears in the article, it is preserved in the summary.4 This pro-
cedure produces a concise, entity-centric paragraph . p that is free of extraneous details, 
which makes it suitable for accurate downstream information extraction. 

4.4 Coreference Resolution 

We perform coreference resolution using a function .R [38]. The idea is to replace pro-
nouns and ambiguous mentions in the paragraph . p produced from the previous step 
with canonical entity names. 

.p = R(p). (8) 

This facilitates accurate downstream assertion extraction [38]. 

4.5 Primary Assertion Extraction 

Our framework supports any assertion extraction tool for generating candidate RDF 
assertions from a paragraph .pd summarizing the content of a document . d. For our cur-
rent implementation, we employ REBEL [29] and Relik [51] as extraction modules.5 

Let .Tk denote the extraction function for a tool .k ∈ {REBEL,Relik}. For each . d ∈ A
and tool . k, the extracted assertions are: 

.Sd,k = Tk(pd). (9) 

The union of all such sets across all articles and extraction tools forms the overall pri-
mary extracted assertion set: 

.S =
d∈A k

Sd,k . (10) 

To exemplify, in the context of Fig. 1,  SHALLKNOW successfully extracts assertions 
such as (wd:Q104542980 [Edith Frank], wdt:P26 [spouse], wd:Q89925 [Otto 
Frank]) and (wd:Q104542980 [Edith Frank], wdt:P40 [child], wd:Q4583 [Anne 
Frank]), illustrating the practical output of this step.

Whenever the total number of assertions extracted by the primary extraction mod-
ules for a given paragraph .pd falls below a user-defined threshold . θ, i.e., 

.

k

Sd,k < θ , (11)

4 Due to space constraints, the exact prompts used in our experiments are provided on our project 
github page for transparency and reproducibility https://github.com/dice-group/ShallKnow/ 
tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts. 

5 REBEL and Relik are transformer-based sequence-to-sequence models that perform entity and 
relation extraction to produce structured assertions directly from input text. 

https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
https://github.com/dice-group/ShallKnow/tree/e34783aec974a9d8dc8a7f2ea15dfb8bac0c2792/Prompts
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we trigger the secondary assertion extraction as described in the following subsection. 
This threshold-based mechanism ensures efficient resource usage by invoking the more 
computationally intensive secondary extraction only when the primary extraction yields 
comparatively few assertions. 

4.6 Secondary Assertion Extraction 

If the primary assertion extraction yields fewer than . θ assertions for a given processed 
paragraph. pd, we apply a secondary extraction step to increase recall. This step consists 
of two main components. 

First, we perform entity recognition to identify candidate named entities that may 
participate in relational assertions. Specifically, we apply a named entity recognition 
module, .TNER,  t  o .pd to obtain a set of entities: 

.Ed = TNER(p ). (12) 

In our implementation, we use spaCy NER for .TNER.6 For example, as shown in Fig. 1, 
recognized entities could include Edith Frank, Otto Frank, Anne Frank, and 
Margot Frank. 

Next, we construct a prompt .ζ and use an LLM to extract additional assertions 
among these entities from. pd:

7 

.Sd = hLLM(ζ , pd, Ed), (13) 

where.Sd denotes the set of secondary assertions inferred for the summary of document 
. d. 

To illustrate, in the context of Fig. 1, the secondary assertion extraction produces 
assertions such as (wd:Q4583 [Anne Frank], :P-born-in [born in], wd:Q1794 
[Frankfurt]) and (wd:Q104542980 [Edith Frank], :P-married-to [married to], 
wd:Q89925 [Otto Frank]). These examples demonstrate how this step recovers essen-
tial relational information even when standard tools are unable to identify explicit asser-
tions in the text.8 

However, while the tools used in the previous step rely on the existing ontology of 
. G and its set of properties .PG , the secondary extraction introduces a set of additional 
properties .PC . 

4.7 Shallow Knowledge Augmentation 

Finally, the shallow knowledge is combined with the original KG to obtain.G∗ = G ∪S, 
.G+ = G ∪ S , and .G∗∗ = G∗ ∪ S . These augmented KGs contain both the origi-
nal curated assertions and supplementary shallow assertions. Their main difference is 
that .G∗ only comprises properties of .PG , i.e., properties that were already present in

6 https://spacy.io/api/entityrecognizer. 
7 https://github.com/dice-group/ShallKnow/tree/main/Prompts. 
8 Preliminary experiments with OpenIE methods [16,54] produced limited or low-quality extrac-
tions in our KG fact-checking scenario, and thus are not reported in detail here. 

https://spacy.io/api/entityrecognizer
https://spacy.io/api/entityrecognizer
https://spacy.io/api/entityrecognizer
https://spacy.io/api/entityrecognizer
https://spacy.io/api/entityrecognizer
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts
https://github.com/dice-group/ShallKnow/tree/main/Prompts


No Need to Be a Know-It-All: Fact Checking with Shallow Knowledge 445

the original KG. .G+ comprises additional assertions comprising properties that were 
newly generated within the secondary assertion extraction. .G∗∗ comprises all assertions 
generated by entire pipeline, i.e., both primary and secondary assertion extraction. 

These augmented KGs serve as the basis for performing the fact-checking task in 
our evaluation. By leveraging both deep and shallow evidence, our approach aims to 
enhance the accuracy and coverage of automated fact checking. 

5 Evaluation 

This section describes our evaluation setup. We first delineate the experimental setup 
and discuss measures undertaken to ensure reproducibility. Subsequently, we outline the 
fact-checking approaches evaluated in this work. We then present the characteristics of 
the benchmark datasets employed in our experiments. Finally, we specify the evaluation 
metric utilized to assess performance. 

5.1 Setup and Reproducibility 

The goal of our evaluation is to answer whether shallow knowledge can improve the 
performance of knowledge-graph-based fact-checking approaches. To this end, we use 
existing fact-checking datasets as input assertions .X and a Wikipedia-based corpus . C.9 
For context enrichment, we extract 1-hop neighbor articles for each entity by identifying 
hyperlinks in the Wikipedia dump and retrieving the corresponding content using the 
Wikimedia API. Wikidata serves as . G and we execute SHALLKNOW as explained in 
the previous section to augment it. We define . θ as a simple, resource-aware trigger for 
the secondary extraction step. For an article with .|q| sentences, we set .θ = 2

3 |q| . If 
primary extraction yields fewer assertions than . θ, we invoke the secondary step. This 
proportional threshold balances extraction quality with computational resources, and 
users may freely adjust it to suit their needs. We then compare the performance of 
several fact-checking approaches when deployed with .G,G∗,G+,  o  r .G∗∗. 

All experiments are executed on a server with 64 CPU cores, 64 GB RAM, and 1. ×
NVIDIA RTX 6000 Ada Generation GPU. We use DeepSeek-r1-14B as the large lan-
guage model (LLM), hosted locally via the Ollama framework.10 We set the LLM tem-
perature to. 0 to enforce greedy decoding, which yields deterministic outputs under stan-
dard API settings. DeepSeek-r1-14B [11] is a 14-billion-parameter transformer model 
trained on both natural language and code tasks. It was selected due to its open licens-
ing, competitive performance on a variety of NLP benchmarks, and ease of deployment 
for local inference.11 We use it for the two LLM-based functions .fLLM and .hLLM in our 
pipeline.

9 Any corpus whose documents can be retrieved using entity names can be used instead. 
10 DeepSeek-r1-14B is open source and available via the Ollama framework, which we employ 
for efficient local setup and inference. More details: https://ollama.com/library/deepseek-r1: 
14b, https://github.com/deepseek-ai/DeepSeek-V2. 

11 Preliminary experiments with other open-source LLMs (e.g., Mistral, Llama) showed no 
notable differences, and thus are not reported here due to space constraint. 

https://ollama.com/library/deepseek-r1:14b
https://ollama.com/library/deepseek-r1:14b
https://ollama.com/library/deepseek-r1:14b
https://ollama.com/library/deepseek-r1:14b
https://ollama.com/library/deepseek-r1:14b
https://ollama.com/library/deepseek-r1:14b
https://ollama.com/library/deepseek-r1:14b
https://github.com/deepseek-ai/DeepSeek-V2
https://github.com/deepseek-ai/DeepSeek-V2
https://github.com/deepseek-ai/DeepSeek-V2
https://github.com/deepseek-ai/DeepSeek-V2
https://github.com/deepseek-ai/DeepSeek-V2
https://github.com/deepseek-ai/DeepSeek-V2
https://github.com/deepseek-ai/DeepSeek-V2
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Runtime vs. . θ Tradeoff. The primary extraction requires 0.575 s per document, while 
the secondary extraction requires 0.383 s. When .θ = 0 (secondary extraction disabled), 
the pipeline processes all documents in 55.9 h. For .θ = 2

3 |q|, secondary extraction is 
triggered for 77% of documents (.≈ 269k), adding 28.7 h and yielding a total runtime of 
.≈ 85.6 hours. Despite the increased coverage, throughput remains comparable (1815.33 
vs. 1874.44 triples/hour). 

Table 1. Post-processing statistics: numbers of true (T), false (F), and total assertions, and distinct 
properties (DP) for each dataset. 

Dataset Train (T/F/Total) Test (T/F/Total) DP 

BPDP 22 100/100/200 103/103/206 2 

FactBench Mix 22 633/486/1119 637/492/1129 9 

FAVEL-DS 380/385/765 163/164/327 11 

5.2 Fact-Checking Approaches 

We initially considered the following path-based fact-checking approaches: Katz [33], 
SimRank [30], Adamic Adar [1], Jaccard [41], Degree Product [61], KL [7], 
Pathent [68], Knowledgestream [61], PRA [24], PredPath [60], REL-KL [61], 
COPAAL [63], and FAVEL [55]. Many of these approaches were originally designed 
for the DBpedia KG and we adapted them to work with Wikidata and our augmented 
KGs. All approaches except COPAAL and FAVEL are implemented in a single library. 
As we faced scalability constraints with this library, we modified its codebase to support 
parallel execution. However, despite substantial effort, three approaches (KL, Knowl-
edgestream, and REL-KL) could not be successfully scaled to larger KGs and were 
therefore excluded from our final evaluation. For meta-learning within FAVEL, we 
had to remove the three systems KL, Knowledgestream, and REL-KL and adopted the 
configuration recommended by [55], utilizing Auto-sklearn 2.0 [18] on top of Scikit-
learn [4]. As COPAAL requires ontological information in the form of class subsump-
tion hierarchies and domain and range constraints, we further enriched the Wikidata 
dump by adding explicit domain and range information. This metadata was extracted by 
executing SPARQL queries that leverage Wikidata’s subject type constraint and value 
type constraint properties.12 

5.3 Datasets 

For our experiments, we use three benchmark datasets suggested by [55]. These datasets 
are BPDP [65], FactBench Mix [25], and FAVEL-DS [55], as depicted in Table 1.  BPDP  
22, FactBench Mix 22 and FAVEL-DS are well-established benchmark datasets that

12 https://www.wikidata.org/wiki/Q21503250 and https://www.wikidata.org/wiki/Q21510865, 
respectively. All queries and scripts are publicly available on our GitHub project page. 

https://www.wikidata.org/wiki/Q21503250
https://www.wikidata.org/wiki/Q21503250
https://www.wikidata.org/wiki/Q21503250
https://www.wikidata.org/wiki/Q21503250
https://www.wikidata.org/wiki/Q21503250
https://www.wikidata.org/wiki/Q21503250
https://www.wikidata.org/wiki/Q21510865
https://www.wikidata.org/wiki/Q21510865
https://www.wikidata.org/wiki/Q21510865
https://www.wikidata.org/wiki/Q21510865
https://www.wikidata.org/wiki/Q21510865
https://www.wikidata.org/wiki/Q21510865


No Need to Be a Know-It-All: Fact Checking with Shallow Knowledge 447

have been aligned to a DBpedia version of March 2022. To facilitate experiments on 
the Wikidata KG, we map entities and relations in these datasets to their corresponding 
Wikidata identifiers using the Wikidata/Wikimedia API13 and owl:sameAs links in 
Wikidata. 

Within our experiments, we use a text corpus (. C) derived from the English 
Wikipedia. We construct this corpus by extracting plain text snippets from all 6.7 mil-
lion English Wikipedia articles (encompassing approximately 300 million sentences).14 

Since the fact-checking datasets are based on Wikidata, we use the automated entity-to-
article mapping of the Wikimedia API for the retrieval function . q.15 

Fig. 3. Sankey diagram illustrating the evaluation of extracted assertions. 

5.4 Evaluation Metric 

We assess the performance of the fact-checking approaches on the test datasets by mea-
suring the area under the receiver operating characteristic curve (AUROC) as suggested 
by previous works [34,64,66]. AUROC scores are computed using the GERBIL bench-
marking framework [48,53] to ensure consistency and reproducibility of our results. 

6 Results and Discussion 

To demonstrate the effectiveness of augmenting KGs with shallow knowledge extracted 
from unstructured corpora, we first present our evaluation methodology for assessing 
the quality and filtering of extracted assertions. We then provide a comprehensive anal-
ysis and discussion of the outcomes from the fact-checking experiments, highlighting 
both overall performance gains and insights into the impact of shallow knowledge 
integration.

13 https://www.wikidata.org/wiki/Help:Sitelinks. 
14 We used the dump from March 7th, 2022 since the corpus should be close to the year of the 
three benchmarking datasets. 

15 https://api.wikimedia.org/wiki/Main_Page. 

https://www.wikidata.org/wiki/Help:Sitelinks
https://www.wikidata.org/wiki/Help:Sitelinks
https://www.wikidata.org/wiki/Help:Sitelinks
https://www.wikidata.org/wiki/Help:Sitelinks
https://www.wikidata.org/wiki/Help:Sitelinks
https://www.wikidata.org/wiki/Help:Sitelinks
https://www.wikidata.org/wiki/Help:Sitelinks
https://api.wikimedia.org/wiki/Main_Page
https://api.wikimedia.org/wiki/Main_Page
https://api.wikimedia.org/wiki/Main_Page
https://api.wikimedia.org/wiki/Main_Page
https://api.wikimedia.org/wiki/Main_Page
https://api.wikimedia.org/wiki/Main_Page
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6.1 Analysis of Assertion Extraction Results 

To assess the quality of shallow knowledge sourced by SHALLKNOW,  we  devised  
a multi-stage evaluation protocol combining automatic schema-based filtering with 
expert manual assessment, summarized in Fig. 3. For the 3,238 entities in our fact-
checking datasets, SHALLKNOW extracted a total of 160,452 assertions. SHALL-
KNOW produced 101,477 assertions through primary extraction (. S) and an additional 
58,975 assertions via the secondary module (. S ). Of the secondary assertions, 28,211 
involved novel properties absent from the reference KG schema. Assertions with pred-
icates already in the KG schema or matching existing predicates by verbalization (i.e., 
rdfs:label) underwent further automatic filtering: 1. Exact Duplicates: 23,339 
assertions matching existing KG assertions were removed. 2. Invalid Schema Types: 
4,480 assertions were discarded for domain or range violations [54]. We create two sets 
comprising all schema-aligned assertions passing these checks and all novel-property 
assertions, respectively. We determine the quality of these assertions by randomly sam-
pling 100 assertions from each set. Two domain experts independently judged fac-
tual accuracy of the chosen assertions. The inter-annotator agreement was substantial 
for novel predicates (.κ = 0.6406) and almost perfect for schema-aligned predicates 
(.κ = 0.8790)  [9]. Discrepancies were resolved via adjudication to come to a final deci-
sion. Our pipeline delivers high-quality extractions: novel-property assertions achieved 
89% precision, and schema-aligned assertions 86%. 

6.2 Fact-Checking Results 

Table 2 presents the test set AUROC results for all evaluated approaches and datasets. 
Augmenting the KG with shallow knowledge via either primary (.G∗) or secondary 
(.G+) assertion extraction consistently improves performance across a broad spectrum 
of state-of-the-art path-based fact-checking approaches.16 In almost all scenarios, the 
combination of assertions from both extraction steps (.G∗∗) yields the highest gains, 
while secondary extraction (.G+) frequently outperforms primary extraction (.G∗) alone. 
For instance, on FAVEL-DS, COPAAL improves from .0.5102 (baseline) to . 0.7222
with .G∗ (.Δ = +0.2120), .0.7400 with .G+ (.Δ = +0.2298), and .0.7493 with . G∗∗

(.Δ = +0.2391). Similarly, PathEnt increases from .0.5733 (baseline) to .0.6221 (.G∗, 
.Δ = +0.0588), .0.7400 (.G+, .Δ = +0.1667), and .0.7533 (.G∗∗, .Δ = +0.1800). These 
results highlight the additive benefit of leveraging both extraction steps, with secondary 
extraction often providing a greater standalone improvement than primary extraction. 

The magnitude of performance improvement depends on both the dataset character-
istics and the specifics of the individual method. For example, on the BPDP 22 dataset, 
which is characterized by relatively well-connected assertions, the gains are generally 
modest; the highest improvement is observed with PredPath and PRA when utilizing 
the full pipeline, e.g., Predpath rises from 0.6311 to 0.6748 (.G∗∗, . Δ=+0.0437) and

16 
. G denotes the original knowledge graph. Let . S and .S be the triples extracted by the primary 
and secondary extraction steps, respectively. We define the augmented graphs as .G∗ = G ∩ S, 
.G+ = G ∩ S ,  an  d .G∗∗ = G ∩ S ∩ S . 
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Table 2. Test set results of all approaches across all datasets. For each approach, we compare the 
baseline performance (w/o SHALLKNOW) with results after augmentation using primary asser-
tion extraction (.G∗), secondary assertion extraction (.G+), and both extractions combined (.G∗∗). 
Each variant’s relative improvement (. Δ) is reported. In every dataset (DS), the greatest improve-
ment is shown in bold, the second best is underlined, and statistical significance is indicated by a 
dagger (. †). 

DS Approach w/o SHALLKNOW 

SHALLKNOW G∗ Δ G+ Δ G∗∗ Δ 

B
PD

P 
22
 

FAVEL [55] 0.6701 0.6822 †+0.0121 0.7091 †+0.0390 0.7232 †+0.0410 
COPAAL [63] 0.5314 0.5497 †+0.0183 0.5370 †+0.0190 0.5515 †+0.0201 
PredPath [60] 0.6311 0.6522 †+0.0211 0.6680 †+0.0369 0.6748 †+0.0437 
Pathent [68] 0.4985 0.4985 0.0000 0.4988 †+0.0005 0.4990 †+0.0005 
DP [61] 0.5000 0.5000 0.0000 0.5000 0.0000 0.5000 0.0000 

PRA [24] 0.5801 0.5905 †+0.0104 0.6155 †+0.0354 0.6212 †+0.0411 
Jaccard [41] 0.5009 0.5011 †+0.0002 0.5015 †+0.0006 0.5016 †+0.0007 
Adamic Adar [1] 0.4983 0.4983 0.0000 0.4983 0.0000 0.4983 0.0000 

SimRank [30] 0.4817 0.4856 †+0.0039 0.4920 †+0.0087 0.4945 †+0.0100 
Katz [33] 0.4960 0.4963 +0.0003 0.4975 †+0.0015 0.4979 †+0.0017 

Fa
ct
B
en
ch
 M

ix
 2
2 

FAVEL [55] 0.8133 0.8656 †+0.0223 0.9052 †+0.0919 0.9121 †+0.0988 
COPAAL [63] 0.7903 0.8404 †+0.0501 0.8960 †+0.1057 0.9011 †+0.1108 
PredPath [60] 0.7355 0.7425 +0.0070 0.7766 †+0.0411 0.7895 †+0.0540 
Pathent [68] 0.7054 0.7035 †+0.0019 0.7130 †+0.0076 0.7218 †+0.0164 
DP [61] 0.4467 0.4569 †+0.0102 0.4575 †+0.0108 0.4607 †+0.0140 
PRA [24] 0.5704 0.6033 †+0.0329 0.6170 †+0.0466 0.6221 †+0.0517 
Jaccard [41] 0.6271 0.6344 †+0.0073 0.6537 †+0.0266 0.6621 †+0.0350 
Adamic Adar [1] 0.6591 0.6793 †+0.0202 0.6980 †+0.0389 0.7328 †+0.0737 
SimRank [30] 0.5881 0.6104 †+0.0223 0.6525 †+0.0644 0.6622 †+0.0741 
Katz [33] 0.6002 0.6101 +0.0099 0.6251 †+0.0249 0.6372 †+0.0370 

FA
V
E
L
-D

S
 

FAVEL [55] 0.7231 0.7532 †+0.0301 0.7831 †+0.0600 0.7921 †+0.0690 
COPAAL [63] 0.5102 0.7222 †+0.2120 0.7400 †+0.2298 0.7493 †+0.2391 
PredPath [60] 0.7189 0.7233 +0.0044 0.7482 †+0.0293 0.7623 †+0.0434 
Pathent [68] 0.5733 0.6221 †+0.0588 0.7400 †+0.1667 0.7533 †+0.1800 
DP [61] 0.5247 0.5247 0.0000 0.5350 †+0.0103 0.5379 †+0.0132 
PRA [24] 0.5322 0.5466 †+0.0144 0.5530 †+0.0208 0.5567 †+0.0245 
Jaccard [41] 0.5398 0.5554 †+0.0156 0.5840 †+0.0442 0.5958 †+0.0560 
Adamic Adar [1] 0.5467 0.5865 †+0.0398 0.6380 †+0.0913 0.6747 †+0.1280 
SimRank [30] 0.5603 0.5778 +0.0175 0.6023 †+0.0420 0.6085 †+0.0428 
Katz [33] 0.5733 0.5735 +0.0002 0.5780 †+0.0047 0.5821 †+0.0880 
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PRA from 0.5801 to 0.6212 (.G∗∗, . Δ=+0.0411). This pattern suggests that, while shal-
low knowledge augmentation is universally beneficial, its greatest impact is realized 
when the original graph suffers from sparse evidence. 

Integration of shallow knowledge also brings notable improvements on FactBench 
Mix 22, and especially on the FAVEL-DS dataset. On FAVEL-DS, COPAAL [66] 
achieves the largest gain across all configurations, underscoring the potential of the 
proposed approach and the sensitivity of advanced path-based algorithms to the intro-
duction of new evidential paths, i.e., COPAAL achieves an AUROC jump from 0.5102 
(baseline) to 0.7493 (.G∗∗, .Δ =  +0.2391). PathEnt [68] also shows significant improve-
ment, highlighting that approaches leveraging graph structural features derive substan-
tial benefit from an enriched knowledge base. PathEnt improves from 0.5733 to 0.7533 
(+0.1800). This trend is confirmed on FactBench, where COPAAL and FaVeL achieve 
marked gains, but even simple baselines such as Adamic Adar [1] and SimRank [30] 
consistently benefit, albeit to a lesser extent. Collectively, these results demonstrate the 
efficacy of shallow knowledge in bridging gaps in otherwise incomplete paths, thereby 
enabling both sophisticated and simple metrics to take fuller advantage of the underly-
ing graph. 

To gain deeper insight into the impact of SHALLKNOW, we performed a predicate-
wise analysis of the predicted scores for both true and false assertions across all datasets 
(see Fig. 4). Across the majority of predicates, incorporating shallow knowledge leads 
to higher predicted scores for true assertions, demonstrating that the additional evidence 
effectively reinforces correct assertions in the KG. This effect is particularly evident for 
predicates with lower inherent connectivity, where shallow assertions expand the avail-
able evidential paths. Conversely, for a minority of predicates, we observe a modest 
decrease in scores for false assertions, suggesting that shallow knowledge can increase 
uncertainty for certain infrequent or ambiguous relations. These findings highlight that 
while shallow knowledge generally improves the discriminative power of fact-checking 
models, its benefits seem to be predicate-dependent and especially pronounced for rela-
tions with initially sparse support in the graph. It is also evident from our analysis that 
the impact of SHALLKNOW on negative (false) assertions is less noticeable compared to 
its effect on true assertions. This result is expected, as finding explicit evidence against 
false assertions is inherently challenging regardless of the supporting source [26]. Even 
with the integration of shallow knowledge, KGs and external textual evidence are typ-
ically constructed to document positive assertions, making the identification or confir-
mation of negative assertions a common limitation in current automatic fact-checking 
scenarios. 

To rigorously assess the significance of our results, we conducted the Wilcoxon 
signed-rank test, comparing the outcomes of each method with and without augmenta-
tion.17 The results confirm that our shallow knowledge integration leads to statistically 
significant improvements in almost all cases, lending strong support to the generaliz-
ability and robustness of our framework. In summary, these findings demonstrate that 
our method not only consistently boosts the performance of existing path-based fact-
checking approaches, but does so in a way that is scalable, modular, and broadly appli-

17 We use a significance threshold.α =  0.05. 
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Fig. 4. Predicate-wise predicted scores for true (top, higher values are better) and false (bottom, 
lower values are better) assertions with and without SHALLKNOW. 

cable. This holds significant practical promise for the future of automated validation in 
large, evolving KGs. 

Exploring property normalization and consolidation strategies, as well as mecha-
nisms to better manage rare properties, are promising directions for future work. More-
over, as the extraction process for the full assertion set required approximately 85 h, 
future efforts may focus on improving computational efficiency and scalability. 

7 Conclusion 

In this paper, we tackled the dependence of path-based fact-checking approaches on the 
completeness of supporting evidence within the reference KG. To address this chal-
lenge, we introduced a general framework that systematically augments incomplete 
KGs with shallow knowledge in the form of assertions automatically extracted from 
unstructured textual sources. Our model-agnostic approach can be applied as an aux-
iliary evidence enrichment step for various existing fact-checking algorithms. Exten-
sive experiments on three benchmark datasets demonstrate that incorporating shal-
low knowledge consistently enhances the effectiveness of state-of-the-art path-based 
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fact-checking methods, significantly. The proposed methodology thus bridges critical 
evidential gaps, contributing to the trustworthiness and reliability of automated KG 
applications. 

Supplemental Material Statement 

All supplemental materials are available to ensure full transparency and reproducibility. 
The source code for SHALLKNOW, all scripts to reproduce our experiments, Docker 
setup files, prediction results, AUROC graphs, and LLM prompts are available at our 
anonymized GitHub repository (https://github.com/dice-group/shallknow). The fact-
checking datasets used in this study are accessible via Zenodo (https://zenodo.org/ 
records/15390036). Additionally, an Excel file containing all manually evaluated triples 
with expert annotation results is provided at our anonymized GitHub repository. 
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