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Abstract. A backbone of knowledge graphs are their class membership
relations, which assign entities to a given class. As part of the knowledge
engineering process, we propose a new method for evaluating the quality
of these relations by processing descriptions of a given entity and class
using a zero-shot chain-of-thought classifier that uses a natural language
intensional definition of a class. We evaluate the method using two pub-
licly available knowledge graphs, Wikidata and CaLiGraph, and 7 large
language models. Using the gpt-4-0125-preview large language model,
the method’s classification performance achieves a macro-averaged F1-
score of 0.830 on data fromWikidata and 0.893 on data from CaLiGraph.
Moreover, a manual analysis of the classification errors shows that 40.9%
of errors were due to the knowledge graphs, with 16.0% due to missing
relations and 24.9% due to incorrectly asserted relations. These results
show how large language models can assist knowledge engineers in the
process of knowledge graph refinement. The code and data are available
on Github1.

Keywords: Knowledge engineering, large language models, knowledge
graph refinement, natural language generation

1 Introduction

Knowledge graphs (KGs) have become a key technology in many applications
in industry and academia [19]. This has brought attention to the area of KG
refinement [27], for which a main goal is ensuring that the knowledge captured
in KGs is as complete and correct as possible. This is a challenge, given that large-
scale KGs composed of contributions from multiple sources of knowledge often
contain incomplete, misaligned, and inaccurate information [30,28]. At the same
time, as part of the knowledge engineering process, direct manual evaluation
of KG quality by human reviewers to detect and remediate these problems is
expensive [36,17].

The recent emergence of large language models (LLMs) has inspired work
towards understanding how LLMs can applied to knowledge graph construction.

1 https://github.com/bradleypallen/evaluating-kg-class-memberships-using-llms

https://github.com/bradleypallen/evaluating-kg-class-memberships-using-llms
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To date, much of this work has centered on the use of LLMs for knowledge graph
completion [37] and the evaluation of provenance [5] and correctness [31] in a
knowledge graph. In this paper, we describe work on using LLMs to evaluate
class membership relations in a KG. Class membership relations are important
because they are a principal way in which knowledge graphs represent classi-
fication schemes. Classification schemes are an a major consideration in many
knowledge engineering efforts, often with significant implications for social policy
and scientific consensus [9].

We present an approach to evaluate class membership relations by using an
LLM to define a zero-shot chain-of-thought (CoT) [22,35] classifier that takes
natural language descriptions of an entity and a class in a given KG, and predicts
whether or not the entity is an instance of the class, providing a natural language
rationale for the prediction. The motivation for this approach is to leverage an
LLM’s capabilities for natural language processing to allow knowledge engineers
to use intensional knowledge expressed in natural language by domain experts
directly, as opposed to having to first transform it into a symbolic knowledge rep-
resentation, and apply it to determining if that knowledge is accurately reflected
in a given knowledge graph.

2 Related work

Using LLMs for knowledge engineering tasks Beyond uses for KG refine-
ment, LLMs are beginning to be applied to other tasks in the engineering of
knowledge graphs. In [4], two scenarios for the use of LLMs in knowledge en-
gineering are described: creating hybrid neurosymbolic knowledge systems and
enabling knowledge engineering in natural language. Pan et al [26] describe three
categories of LLM/KG hybrids: KG-enhanced LLMs, LLM-augmented KGs, and
synergized LLMs + KGs. Specific examples of LLM augmentation of KGs in-
clude the use of LLMs for KG completion [37,3] and for ontology engineering
[25]. We view our work as an example of an LLM-augmented KG approach
that performs knowledge engineering using intensional knowledge expressed in
natural language to develop classifiers; classification is a well-known instance
of an analytic knowledge task as defined in the CommonKADS taxonomy of
knowledge-intensive task types [29].
KG refinement Knowledge graph refinement is defined by Paulheim [27] as the
process of improving an existing KG by adding missing knowledge or identifying
and removing errors. KG refinement has been implemented using manual, statis-
tical, rule-based and hybrid methods [36,17]. Interactive solutions to aid human
reviewers have been developed, including tools for crowdsourcing KG quality
assessment [23], fact-checking triples using textual evidence [31], ontology repair
using description logic reasoners [24], and sampling techniques to better focus
manual reviewers’ attention [12]. Our work builds on these results by creating
classifiers that can be used to alert a knowledge engineer to misalignments be-
tween natural language definitions of a class and elements of the class’s extension
in a given KG.



Evaluating Class Membership Relations in Knowledge Graphs using LLMs 3

Automated fact checking A recent survey [13] provides a useful overview
of the large amount of methods for fact checking. The work most related to
ours is that of Atanasova et al. [7] on justification production using language
models of the BERT family. That work focuses on the fact checking applied to
claims expressed as natural language statements; in contrast, our methods admit
of the combination of both serialized RDF statements and natural language
descriptions as input for both justification production and verdict prediction.

3 Preliminaries

To precisely specify the integration between KGs and LLMs in our experiments,
we now introduce a formalization of a neurosymbolic workflow [11] for entity
classification.

Language models Let T be the set of sequences of tokens Ti = t1, t2, . . . , tn
such that ti is a token in a predefined vocabulary V . Given a corpus C ⊆ T , a
language model LC is a probabilistic model trained on a sample of C that defines
a distribution over sequences of tokens.

LC(Ti) = p(t1, t2, . . . , tn) (1)

is an estimate of the probability of a sequence Ti, given a corpus C. A prompt
P = (T, F ) is a pair of a sequence of tokens T and an set of free tokens F ⊆
{f1, f2, . . . , fn}. A substitution θ with respect to a prompt P is a set of pairs
(fi, Ti) such that fi ∈ F and Ti ∈ T . An instantiation instantiate(P, θ) is a
prompt P ′ such that ∀(fi, Ti) ∈ θ every occurrence of fi in P is replaced with
fi. Given a prompt P , the goal of a language model LC is to generate a sequence
of tokens that maximizes the conditional probability under LC .

Tout = argmax
T

LC(T |P ) (2)

is the output sequence generated by the language model, conditioned on the
prompt P .
Knowledge graphs Following [6], we use the RDF data model to describe
knowledge graphs. Let I be an infinite set of IRIs (Internationalized Resource
Identifiers [10]), B be an infinite set of blank nodes [18], and L an infinite set of
literals [8]. A knowledge graph G is a set of triples {(s, p, o) | s ∈ S, p ∈ P, o ∈ O},
where S ⊂ I∪B is the set of subjects in G, P ⊂ I is the set of properties in G, and
O ⊂ I∪B∪L is the set of objects in G. Let instanceOf, subClassOf, label ∈ P
denote an instance-of relation, a subclass-of relation, and a label property in G,
respectively. A class c ∈ I∪B is an entity that represents a set of entities sharing
common properties and relationships in G. Let

ext(c) =
⋃
i∈N

exti(c) (3)

be the extension of a class c, where

ext0(c) = {e | ∃(e, instanceOf, c) ∈ G} (4)
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exti+1(c) =exti(c) ∪ {e | e ∈ ext(c′) ∧ ∃(c′, subClassOf, c) ∈ G} (5)

Zero-shot chain-of-thought entity classifiers Given the definitions above,
we now proceed to show how to construct classifiers that use intensional defi-
nitions of classes in natural language to classify entities in a knowledge graph.
For any entity e ∈ I ∪ B, let Ge = {(s, p, o) ∈ G | s = e ∨ o = e} be the
neighborhood of e. Let Tlabel(e) = {o | ∃(e, label, o) ∈ G }. A serialization TG of
a knowledge graph G is a sequence of tokens T that represents the triples in G
using a structured formal language (e.g. RDF). For any entity e ∈ E, let TGe be
the serialization of Ge. A verbalization Te of an entity e is a sequence of tokens
T that represents a description of e in natural language. We define a function
classify as follows:

(TR, TB) = classify(c, e) (6)

where TR is a sequence of tokens that represents a rationale for a classification
decision, and TB ∈ {positive, negative} are tokens that represent classification
decisions, i.e., whether or not e ∈ ext(c), respectively. We instantiate TR and
TB as follows:

TR = argmax
T

LC(T |instantiate(Prationale generation, θ0)) (7)

TB = argmax
T

LC(T |instantiate(Panswer generation, θ1)) (8)

θ0 = {({label}, Tlabel(c)), ({definition}, Tc),

({entity}, Tlabel(e)), ({description}, Te)}
(9)

θ1 = θ0 ∪ {({rationale}, TRe
)} (10)

given two prompt templates Prationale generation and Panswer generation. Figure
1 shows an example of such a classifier instantiated for a class and entity in the
CaLiGraph KG.

4 Experiments

To understand the potential of classifiers built using the above approach for the
problem of KG refinement, we conducted experiments to explore two research
questions:

Q1: Can the classifiers exhibit good alignment with KGs? Much of the
work on LLM/KG synergy to date is predicated on the idea that KGs, as curated
sources of knowledge, can be used to address gaps in the knowledge obtainable
from LLMs, or mitigate the problem of hallucination by grounding LLMs. This
makes assumptions about the degree of alignment between LLMs and KGs, hence
this question aims to measure this alignment.
Q2: Can the classifiers detect missing or incorrect relations? Our main
goal is to generate classifications based on intensional class definitions in with
natural language rationales to help guide human reviewers to areas where KGs
may be incomplete or incorrect. Any such approach must demonstrate the ability
to do so across multiple knowledge graphs and classes.
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Fig. 1. A zero-shot chain-of-thought classifier applied to the class
clgo:Romania international rugby union player and the entity clgr:Iosif Nemes

from the CaLiGraph knowledge graph [14].

The experiments to address these questions were implemented as follows:

Knowledge graphs Two publicly available knowledge graphs were used to
construct evaluation datasets: Wikidata [33] and CaLiGraph [14,15,16]. The two
KGs represent distinct approaches to KG construction. Wikidata is the result
of the crowd-sourced contribution of factual statements by thousands of human
contributors and automated processes working independently, yielding relatively
diverse approaches to modeling concepts and entities, and is loosely coupled with
and derived from information in Wikipedia. CaLiGraph is the result of the au-
tomated extraction of terminology and assertions from Wikipedia and DBPedia
pages, and as such is more consistent in how it models concepts and entities
than is Wikidata.
Data sets We randomly sampled 20 classes from Wikidata and 19 from CaLi-
Graph using SPARQL queries, including their super-classes. For each, 20 entities
were selected as positive examples, and up to 20 entities from the set difference
of the extensions of the class and one of its superclasses as negative examples.
Language models We evaluated seven large language models accessible using
services provided by OpenAI and Hugging Face: OpenAI’s gpt-4-0125-preview
and gpt-3.5-turbo, Google’s gemma-7b-it and gemma-2b-it, Mistral AI’s Mixtral-
8x7B-Instruct-v0.1 and Mistral-7B-Instruct-v0.2, and Meta’s Llama-2-70b-chat-
hf. For all experiments, temperatures were set to a value of 0.1.
Classifiers We use the definitions provided above to instantiate a classifier for
each class in the datasets. For each class c and entity e, we obtained natural lan-
guage descriptions to use as Tc and Te arguments for the classifier. For Wikidata,
we retrieved natural language summaries of the class or entity from its associated
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Wikipedia page. For CaLiGraph, we used gpt-4-1106-preview to generate RDF
verbalizations to serve as Tc and Te, given inputs of TGc

and TGe
obtained as

the TSV serialization of the triples returned from SPARQL DESCRIBE queries
for c and e with LIMIT = 20.
Evaluation procedure Experimental runs were then conducted by applying
classifiers to each class/entity pair for a given class in each of the two knowledge
graphs, generating for each class a confusion matrix based on the resulting set of
classifications, from which performance metrics are computed. Algorithm 1 de-
scribes this procedure in pseudo-code. Evaluations whose statistics are reported
below were conducted during the period from 24 February 2024 to 27 February
2024.

input : a pair of classes c, d from G | (c, subClassOf, d) ∈ G
output: a confusion matrix M

(TP , FP , TN , FN) ← (0, 0, 0, 0);
E+ ← a sample from ext(c);
E− ← a sample from ext(d) \ ext(c);
foreach e ∈ E+ do

(TR, TB) ← classify(c, e);
if TB = positive then TP ← TP + 1;
else FP ← FP + 1;

end
foreach e ∈ E− do

(TR, TB) ← classify(c, e);
if TB = negative then TN ← TN + 1;
else FN ← FN + 1;

end
M ← [[TP, FP ], [FN, TN ]];

Algorithm 1: Evaluation procedure

5 Findings

We summarize below the finding obtained from our evaluations. Detailed results
can be found in our aforementioned Github repository.

Classifier performance (assuming the KG as ground truth) of the seven
closed- and open-source LLMs is shown in Table 1. For both KGs, gpt-4-0125-
preview was the best performer, but it was closely followed by the most recent
models from Mistral AI and Google. The performance as shown supports the
following finding: classifiers can exhibit good alignment with KGs (Q1).
As evidenced by Cohen’s κ values, one LLM was in moderate agreement with
Wikidata, and four were in moderate agreement with CaLiGraph.
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KG LLM ACC AUC F1 κ
Wikidata gpt-4-0125-preview 0.830 0.830 0.823 0.660

gemma-7b-it 0.726 0.727 0.705 0.454
Mixtral-8x7B-Instruct-v0.1 0.697 0.696 0.654 0.393
Mistral-7B-Instruct-v0.2 0.671 0.671 0.620 0.342
gemma-2b-it 0.674 0.670 0.629 0.330
gpt-3.5-turbo 0.627 0.627 0.547 0.255
Llama-2-70b-chat-hf 0.631 0.616 0.569 0.239

CaLiGraph gpt-4-0125-preview 0.900 0.893 0.889 0.788
Mixtral-8x7B-Instruct-v0.1 0.893 0.884 0.874 0.767
gpt-3.5-turbo 0.842 0.833 0.815 0.665
Mistral-7B-Instruct-v0.2 0.812 0.803 0.779 0.605
gemma-7b-it 0.783 0.774 0.750 0.547
Llama-2-70b-chat-hf 0.637 0.625 0.558 0.252
gemma-2b-it 0.563 0.543 0.422 0.090

Table 1: Classifier performance by LLM.

Table 2 shows the results of an error analysis of the evaluation results for
the highest-performing classifier (using gpt-4-0125-preview). It was conducted
by having one of the authors manually annotate each classification error with
their own classification decision, based on the information in the provided de-
scriptions. This human judgment was then compared with that of the KG and
classifier using the pairwise Cohen’s κ value as a measure of inter-annotator
agreement. In cases where where Wikidata and the classifier using gpt-4-0125-
preview disagreed, the human showed fair agreement with Wikidata and no
agreement with the classifier, and for examples where CaLiGraph and the given
classifier disagreed, the human showed slight agreement with the classifier and
no agreement with CaLiGraph.

In addition, the annotator assigned each error to one of five causes: missing
data in the entity description that comprised the LLM’s ability to classify the
entity, a missing class membership relation in the KG between the given entity
and class (an example of which is shown in Figure 1), an incorrectly asserted
class membership relation in the KG between the given entity and class, and an
error on the part of the LLM, through either hallucination or misinterpretation
of the class definition or entity description. We assert that these results support

KG N FP FN human-
KG κ

human-
LLM κ

missing
data

missing
relation

incorrect
relation

incorrect
reasoning

Wikidata 136 46 90 0.243 -0.241 34 (25.0%) 15 (11.0%) 33 (24.3%) 54 (39.7%)
CaLiGraph 77 27 50 -0.295 0.198 28 (36.4%) 19 (24.7%) 20 (26.0%) 10 (13.0%)

213 73 140 62 (29.1%) 34 (16.0%) 53 (24.9%) 64 (30.0%)

Table 2: Summary of the analysis of classification errors by gpt-4-0125-preview.

another finding: classifiers can detect missing or incorrect relations in
KGs (Q2). The error analysis showed that in instances where the classifier using
gpt-4-0125-preview was in disagreement with the KG, 40.9% of errors were due
to the knowledge graphs, with 16.0% due to missing relations and 24.9% due
to incorrect relations. 29.1% of the errors could be ascribed to missing or in-
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sufficient data in the entity description, which may have had a negative impact
on classifier performance. This is attributed primarily to one of two reasons:
for CaLiGraph, RDF verbalizations missed relevant information about entities
due to the omission of relevant triples in the set produced by the SPARQL DE-
SCRIBE queries; and for Wikidata, some entities had descriptions that were
simply the label assigned to the entity. We plan to address these shortcomings
in future versions of the evaluation datasets. These results suggest that, pâce
efforts focused on using KGs to mitigate knowledge gaps and hallucinations in
LLMs, LLMs may have a corresponding role to play in mitigating knowledge
gaps and errors in KGs.

6 Discussion

Contributions The principal contributions of this work are 1) a formal ap-
proach to the design of a neurosymbolic knowledge engineering workflow inte-
grating KGs and LLMs, and 2) experimental evidence that this method can as-
sist knowledge engineers in addressing the correctness and completeness of KGs,
potentially reducing the effort involved in knowledge acquisition and elicitation.
Limitations Challenges with the use of LLMs include the cost of API calls to
proprietary LLMs and the speed of processing tasks with such resource-intensive
systems. Our results show the potential for open source, locally deployed LLMs
to address the first problem; we expect that sampling approaches, frequently used
in other approaches to KG refinement in large-scale KGs, can help address the
second. The human evaluation for error analysis could be improved through the
use of crowd-sourcing to expand the number of reviewers, allowing much larger
sets of rationales and classification decisions to be evaluated. Finally, this work
is limited to the evaluation of class membership relations in a KG; to support
use against a broad set of KG refinement challenges faced by, for example, KGs
focused on life sciences applications, this needs to be generalized to support the
definition of classifiers based on intensional definitions of predicates in natural
language.
Future work We have in this work taken a minimalist approach to the prompt
engineering of classifiers, restricting ourselves to a zero-shot chain-of-thought
approach. Expanding this to include using temperature sampling [1] for self-
consistency [34] and uncertainty estimation [20], mitigating hallucination in ra-
tionale generation [21], and addressing faithfulness in rationale generation [32,2]
are three other areas for future work, in addition to work on addressing the
limitations described above.
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