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Abstract—Ontologies are nowadays widely used to organize
information across specific domains, being effective due to their
hierarchical structure and the ability to explicitly represent
relationships between concepts. Knowledge engineering, like com-
piling companies’ vast bodies of knowledge into these structures,
however, still represents a time-consuming, largely manually
performed process, esp. with significant amounts of knowledge
often only recorded within unstructured text documents. Since
the recently introduced Large Language Models (LLMs) excel on
text summarization, this raises the question whether these could
be exploited within dedicated knowledge fusion architectures to
assist human knowledge engineers by automatically suggesting
relevant classes, instances and relations extracted from textual
corpora. We therefore propose a novel approach that leverages
the taxonomic structure of a partially defined ontology to
prompt LLMs for hierarchical knowledge organization. Unlike
conventional methods that rely solely on static ontologies, our
methodology dynamically generates prompts based on the on-
tology’s existing class taxonomy, prompting the LLM to gen-
erate responses that extract supplementary information from
unstructured documents. It thus introduces the concept of using
ontologies as scaffolds for guiding LLMs, in order to realize a
mutual interplay between structured ontological knowledge and
the soft fusion capabilities of LLMs. We evaluate our proposed
algorithm on a real-world case study, performing a knowledge
fusion task on heterogeneous technical documentation from a
medical prosthesis manufacturer.

Keywords—Large Language Models, Knowledge Engineering,
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I. INTRODUCTION

Motivation. In today’s data-rich, quickly evolving corporate
world it is becoming increasingly important to organize infor-
mation efficiently and in a comprehensive and interoperable
way. One of the major subjects that has been tackling this issue
is Knowledge Engineering: Throughout the past years different
technologies have been employed to understand how to better
represent information, especially when this is coming from
either specific or heterogeneous domains [1], [2]. On this mat-
ter, ontologies represent a mature solution to organize infor-
mation across domains and potential “departmental silos”, to
create a unified, consistent formalization of company’s entire
body of knowledge. Their strength lies in their representation,
structuring the data by modeling entities and linking various
pieces of information; they also allow to create hierarchies of
concepts and to perform inferences on the data depending on

the rules and axioms given in the modeling step. However,
the actual Knowledge Engineering (KE), like compiling a
company’s vast bodies of knowledge to an ontology, often
still represents a time-consuming and labor-intensive process.
Since significant amounts of a company’s knowledge are often
not yet available in structured formats like databases, but
scattered across unstructured text documents (e.g., technical
documentation or manuals), typically human knowledge en-
gineers need to perform the knowledge fusion process of
collating knowledge across vast corpora of unstructured text
documents to manually identify and specify the required
classes, instances and their relationships. Thus, the recently
introduced Large Language Models’ (LLMs’) advanced text
summarization and text computation capabilities [3] suggest
novel opportunities for supporting this knowledge fusion pro-
cess, inducing the following question that we study in this
work: Could LLMs be leveraged within dedicated knowledge
extraction architectures to support human knowledge engineers
by automatically proposing relevant classes, instances and
relationships extracted from these textual corpora?

Challenges. While the potential of LLMs for KE has already
been recognized [4], [5], the focus so far has been on regarding
an LLM as a Knowledge Base (KB) in itself for extracting its
common-sense knowledge acquired during training, as in [6],
not on (i) how to leverage LLMs for extracting structured
domain-specific knowledge from text documents included in
the prompt. Such company-specific text documents might uti-
lize custom verbiage, abbreviations and terminology, leaving it
unclear (ii) whether existing general-purpose LLMs could suc-
cessfully generalize to this highly domain-specific language.
Moreover, LLMs’ well-known deficiencies like (iii) their occa-
sional generation of factually incorrect information, known as
hallucinations [5], and (iv) the observed variance of produced
outputs with respect to slight variations of the input prompt [4],
[6], render it an open question whether and how LLMs could
be adopted for such structured knowledge extraction tasks in
highly domain-specific settings.

Objectives. We thus empirically examine these questions on a
real-world knowledge fusion case study from a medical pros-
thesis manufacturing company: We contribute (i) a dedicated
knowledge extraction architecture that leverages LLMs as



Figure 1: Example of a specific shoulder prosthesis, which
consists of multiple individual parts each associated with a
dedicated instrument tray for inserting this part during the
orthopedic surgery.

generic Information Extraction (IE) components, and present
(ii) empirical insights on the LLMs’ consistency and perfor-
mance on such structured knowledge extraction tasks on real-
world company documentation. We focus on an orthopaedic
prosthesis setting, for which a basic ontology structure has
been created, which we try to expand and populate by using
Natural Language Processing (NLP) technologies. Specifically,
we use GPT-based models to retrieve information from un-
structured text and try to extract structured information useful
for the ontology population step.
Structure of the Paper. Section II provides the context for this
research and this specific case study. Section III presents some
studies that have been taken into account while researching the
general tackled topics. Our proposed pipeline is explained in
Section IV, followed by the discussion of the experiments in
Section V and our drawn conclusions in Section VI.

II. BACKGROUND

Our case study originates from a project developing an
ontology to create the unified data structure across different
branches of a medical prosthesis manufacturing company, to
fuse the knowledge scattered across different departments.
Such prosthetic gear businesses provide hospitals all over
the world with their products, mainly devices designed to
be used in surgeries to restore motion capabilities in patients
that are in need, such as knee or shoulder prostheses. These
companies not only provide hospitals the actual prosthesis, but
also the instruments needed for the surgeries, including general
tools like saws, screwdrivers, guides for drilling or retractors,
but also trial components. Thus, capturing and modeling the
knowledge of such a prosthetic gear portfolio represents a
complex endeavor: First of all, a prosthesis is configured of
multiple individual parts (with different parts being usable in
different prostheses and prosthesis configurations), see Fig. 1.
When implanting the prosthesis during the surgery, these
individual parts need to be assembled in a certain manner, with
each part requiring specific sets of instruments and surgical
steps to perform. Each individual prosthesis part thus has
a dedicated instrument tray associated, comprising the array
of instruments needed for its insertion during the surgery.

Thus, as typical for such manufacturing domains offering
a broad range of products in highly configurable variations
and product lines, while it is relatively straight-forward to
define the upper-level ontology classes, which already have
been modeled (i.e., the general domain concepts), modeling
the entire range of knowledge on the product palette in their
various configuration options represents a considerable effort
due to the sheer amount of sub-classes and specific relations to
capture. Moreover, knowledge like relations between different
implant parts and their associated instruments are typically
available in unstructured format, esp. in the form of technical
documentation. For example, These companies also usually
supply hospitals detailed documentation explaining how the
surgery needs to be performed: these documents represent an
official form of information for understanding how and for
which prosthesis parts instruments need to be used.

To speed up the ontology creation, we would thus require
a means to extract suggestions on the relevant instrument
classes required for the different prosthesis parts from such
textual documents, and present them to the human knowledge
engineer for verification, framing the case study problem
investigated in the following.

III. RELATED WORK

(Semi-)Automating the labor-intensive KE process by au-
tomatically mining knowledge from text corpora with Natural
Language Processing (NLP), or more specifically, dedicated
Information Extraction (IE) approaches, as required for our
problem setting illustrated in section II, represents a long-
standing problem and active avenue in KE research. However,
we note that established Information Extraction (IE) tech-
niques are of limited applicability for our use case: On the one
hand, established rule-based IE systems, with hand-crafted IE
rules, will be too brittle for capturing for example our complex
prosthesis part – instrument relations, requiring advanced text
understanding and summarization capabilities. On the other
hand, creating dedicated human-annotated training datasets
for training or fine-tuning a custom domain-specific machine
learning-based IE model would be infeasible given the lim-
ited amount of documentation available and their relatively
infrequent updates, which would equate or even surpass the
efforts for creating a labeled training dataset with the efforts
of directly modeling them in the ontology. Thus, gains in
such low-resource settings could only be expected if existing
pre-trained language models (LMs) could be applied to this
task “out-of-the-box”, without any prior fine-tuning or other
customization. This seems to have come in reach with the
significantly advanced text understanding and “in-situ general-
ization” capabilities of the recently introduced Large Language
Models (LLMs) [7], [8], inducing the question of whether and
how these could be adopted as generic IE components when
provided with appropriate textual instructions on the types of
information to extract, i.e., so-called prompts [9]. The huge
potential impact of LLMs for advancing KE already has been
broadly recognized in the KE field [4], [5], leading even to
the recommendation of critically re-examining established IE
pipelines for KE [4]. Most related to our current problem,
a concrete algorithm for automated ontology construction
with one of the currently most prominent LLMs, OpenAI’s



Figure 2: Processing pipeline to query LLMs for information extraction.

GPT [10], has already been proposed in [6], which we thus
will base upon for developing our ontology construction
approach. However, in-line with the current predominant focus
on exploiting LLMs for KE by regarding an LLM as a KB in
itself [11]–[14], the approach proposed by Funk et al. only
extracts common-sense knowledge from the LLM acquired
during its training. Conversely, for our given problem setting
we investigate whether this approach can be extended to
extracting knowledge from domain-specific input texts in terms
of company-specific documentation included in the prompt.
In the following section, we thus will carve out the specific
requirements arising from this problem setting, and thereupon
introduce our algorithmic solution.

IV. APPROACH

As clarified in the previous sections, our required knowledge
extraction approach should exploit the already existing upper-
level ontology and expand it by prompting LLMs to extract the
taxonomy of its sub-classes and their relations with existing
ontology classes from the available textual documentation.

However, employing LLMs as systematic IE components
within such an automated ontology population framework
entails the following requirements, which clearly differ from
their currently predominant deployment paradigm within chat-
bots generating free-form natural language responses with
constant human user interaction and immediate supervision:

• LLMs should generate accurate results, i.e., only return
(the correct) information as provided in the input documen-
tation. While this requirement appears obvious, given the
well-known issue that LLMs occasionally tend to generate
factually wrong responses, known as hallucinations [5], we
thus need to examine whether this might pose a problem
for the envisioned type of IE application. Hence, we also do
not aim for a fully-automated ontology population pipeline,
but include a human verification step, i.e., in terms of the
established JDL Data Fusion Model, implement JDL Level 5
– user refinement [15] to incorporate the human knowledge
engineer into the knowledge fusion process. Nonetheless, the
objective is to ease the human knowledge engineer’s work load
– thus, we require that the extracted knowledge should be as
accurate as possible to achieve this goal and not introduce
much revision effort.

• For leveraging LLMs in such structured knowledge extrac-
tion tasks, these need to be capable of producing consistent
results, i.e., the same prompts should lead to the same re-
sponses. Given that LLMs’ (output token sampling) behavior is
inherently non-deterministic (even with sampling temperature
= 0)1, we thus esp. need to assess whether the extracted
knowledge is consistent across multiple responses to the same
prompt, to reliably serve our knowledge extraction deployment
scenario.

• Naturally, adopting LLMs with specifically devised
prompts as “generic IE” modules requires that the LLM
consistently produces well-formed structured output formats
usable for the computational down-stream components, like
the ontology population module.
Thus, our algorithmic architecture and evaluation case study
need to specifically focus on these requirements, to provide
empirical insights on LLMs’ potential for adoption in such
structured knowledge extraction settings.

Algorithmic Outline. Fig. 2 and Algorithm 1 outline our
devised knowledge extraction algorithm, which leverages GPT
within its individual knowledge extraction steps. Our approach
builds upon the algorithm proposed in [6], but expands it to
our different knowledge extraction problem: Whereas Funk
et al. regarded the LLM as KB in itself, we also supply
the input document, the technical manual M , in the prompt
(automatically parametrized with the current class Pi of in-
terest), to rather utilize the LLM as “generic IE” component
prompted to extract information on our classes of interest
from this supplied document. Given our already specified
taxonomic class hierarchy under seed class P0, we aim to
extract its related classes under seed class I0, and consequently
expand I0 accordingly by adding the identified sub-classes
Ij and the mentioned relations between the already defined
sub-classes Pi under P0 and the newly added sub-classes
Ij under I0. Given our problem setting from section II, P0

thus could refer to the taxonomic section of the already

1As specified in OpenAI’s current API reference (v. 15/03/2024), sampling
is currently non-deterministic: “Parameter seed: This feature is in Beta. If
specified, our system will make a best effort to sample deterministically, such
that repeated requests with the same seed and parameters should return the
same result. Determinism is not guaranteed, [. . . ]” https://platform.openai.
com/docs/api-reference/chat/create#chat-create-seed



Algorithm 1: Our proposed semi-automated knowledge extraction algorithm.
Input: Seed classes: P0, I0, Technical Manual M ; // e.g., P0 = Shoulder Prosthesis, I0 = Instrument

1 P ← children of P0, i.e., {Pi|Pi ⊑ P0}; // query all children of the P0 seed class (transitively)

2 foreach Pi ∈ P do
3 a1 ← prompt LLM whether Pi is mentioned in document M ; // Q1 - Existence Question
4 if a1 is yes then
5 I ← prompt LLM to list and describe the set of Ij mentioned for Pi; // Q2 - IE Question
6 foreach Ii ∈ I do
7 h1 ← ask human modeler to verify that Ij is related to Pi; // Human Verification
8 if h1 is yes; // Ontology Extension
9 then

10 insert Ij in ontology as subclass of I0
11 add relation r(Ij , Pi) to ontology
12 else
13 else

specified Shoulder Prosthesis parts, as illustrated in Fig. 3,
whereas I0 could denote the generic Instrument class which
we will need to expand with the concrete instruments required
for assembling these shoulder prosthesis parts, as explained
in full detail in the technical manuals on how to perform
shoulder joint replacement surgeries. Thus, lines 1-2 and
8-12 in Algorithm 1 conform to conventional, automated,
computational ontology manipulation steps. However, we also
observe a few processing modules which appear “uncommon”
for such automated ontology construction workflows: In lines 3
and 5, LLMs are employed as automatically prompted modules
for extracting and summarizing the information of interest in
structured format from the unstructured input document M ,
which is accepted or refuted in line 7 by including a dedicated
human verification step, to ensure the accuracy of extracted
information before the automated ontology population pro-
ceeds in lines 8-12. We next will explain the rationale behind
these steps in greater detail, guided by our case study on the
instruments extraction problem for shoulder prosthesis parts.

For this approach we exploited a partially defined ontology
that already describes the domain of the prosthetic business
taken into consideration. The ontology structure has been mod-
eled with Protégé [16] from scratch to properly represent this
specific orthopaedic domain: Certain aspects of this ontology
have been defined through expert consultation and the use of
available data in a conventional way. Some portions, on the
other hand, are more difficult to capture due to the explicit
lack of structured information, for which we examine our
proposed semi-automatic population and ontology expansion
method. The latest version of the upper-ontology is made of 59
classes and 26 relations. For our case study we have focused on
the two classes and relation depicted in Fig. 3, the prosthetic
instrument section. Thus, the upper-level class ”Shoulder pros-
thesis” already exists, together with its sub-classes connected
with a is a type of relation, see Fig. 3. This portion of the
ontology would generate, for instance, the axioms Stem is a
type of Shoulder Prosthesis, i.e., in the formal notation of
Description Logic (DL): Stem ⊑ Shoulder Prosthesis.

Starting from this already modeled upper-level section of the
ontology, we want to expand it and populate it. Specifically, we

already created an Instrument class, however, it is still missing
its concrete subclasses. Our goal is thus to (semi)automatically
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Figure 3: Upper-level class of the Shoulder Prosthesis and its
subclasses linked by the relation ”is a type of” (left). The
upper classes Shoulder Prosthesis and Instruments both exist
in the ontology, but while the blue subclasses are already
specified, we aim to extract and populate the – yet unspecified
– subclasses of Instrument (depicted in green) and their
relations (red arrows) with our algorithm.

populate the new Instrument subclasses as shown in Figure 3
based on extracting the relevant knowledge from the available
technical manuals in PDF format.
Why 2 Prompts? One of the most imminent questions arising
from Algorithm 1 may be why our algorithm prompts the
LLM in a two-step approach. Our two developed prompts aim
to (i) understand which type of prosthesis is present in the
document served as input, by querying a yes/no question in
line 3 asking whether document M is talking about concept
Pi (denoted as Q1 - Existence Question in Algorithm 1).
Only based on a positive response it proceeds with (ii) the
actual IE query in line 5 (denoted as Q2 - IE Question in
Algorithm 1), rather than directly prompting the LLM with
Q2 to extract all classes Ij related to Pi. In the following, we
will explicate the rationale behind this design decision and our
prompt engineering.



A. Prompt Engineering on Q1 – Existence Question
The first task while processing the input text has been to

clearly filter types of prosthesis that are correctly present
in the document and which ones are instead missing. The
ontology section below the Shoulder Prosthesis class lists the
full shoulder catalogue, so it is imperative to only select the
correct type of orthopaedic gear that is indeed present in the
analyzed text. We introduced this step based on our initial
experiments, which backed the existing findings reported in
literature that LLMs generally do not clearly state if they are
unable to answer a specific question due to a lack of infor-
mation. They rather tend to generate some plausibly sounding
answer if the requested information is actually not mentioned
in the text provided for summarization. Analogously to the
findings and algorithmic solution presented in [6], we thus
aimed to prevent such undesired responses by first asking
a simple yes/no question whether the supplied document
actually contains information on the class of interest (Q1).
Only if this has been confirmed in Q1, we proceed with the
actual knowledge extraction on the class of interest in Q2.
This prevents receiving an answer set for a directly asked Q2
for a prosthesis part that is actually not even mentioned in the
document, for which it is unclear how and where the LLM has
derived this answer set from. Note that while we were always
instructing the model to only consider the text supplied in the
input for answering our questions, we frequently observed that
it tried answering questions based on its training knowledge
if the information in the text was insufficient to answer the
question, rather than stating that the relevant information was
not present in the input text. We decided to prompt the LLM
instead of applying string matching heuristics to identify the
mentioning of our target concepts in our input document M , in
order to leverage the LLM’s richer semantic text understanding
capabilities and to systematically analyze the consistency of
these responses. The chosen first question is Q1 = “Does this
document talk about **** for shoulder surgery? Answer
with Yes or No.”, where instead of the **** we iteratively
provided the models the list of subclasses Pi of the Shoulder
Prosthesis class. After querying the model with Q1, we saved
the answers and only stored the subclasses for which the model
output a positive answer: these subclasses are the only ones
that are going to be queried in the second question.

B. Prompt Engineering on Q2 – Information Extraction
For the second question (Q2), the prompt engineering phase

has been more complex: while in Q1 we only requested
a binary response (yes/no), in this case it is necessary for
the model to generate answers from scratch. To define Q2,
multiple questions have been attempted, some of them are
listed below:

• Does this document talk about instruments related to ****
implant? Keep in mind that trials are considered instruments.
Answer with yes or no.

• Which type of instruments are related to the **** implant?
Return their code and description in a table format

• List the instruments found in the text (description and
code) referring to **** implant.

• List the instruments referring to **** implant. Return only
a list of description and codes.

Our final solution is the following: Q2 = “List the instru-
ments referring to **** implant. Return a csv format
with names and codes of instruments on two columns and
divide each row with a ;.” Something also to be noted is
that we took extra care into assuring that the model did not
provide additional information, meaning that the only answer
that we accepted is a Yes or No for the fist prompt, and a
list of instruments for the second prompt. Even when paying
close attention to these precautions, the models often still
provided additional information for Q2. Once outputs from
the models have been retrieved, we proceed into filtering and
processing the different answers. Our approach proposes now
to confront the results with a human validation, and only
then new instrument classes are created corresponding to the
existing prosthesis classes in the ontology: The population step
can now take place with the instruments retrieved from LLMs.

V. EXPERIMENTS AND DISCUSSION

In the following, we provide some quantitative analysis of
the results obtained in our case study. For this first case study,
we investigated this approach on one document M , the most
comprehensive one that explains how most of the shoulder
prostheses are used.

In our experiments, we prompted two different GPT-based
models:

• ChatPDF’s API2. ChatPDF represents a web service and
API for answering questions on any PDF document served as
input. ChatPDF invokes GPT-3.5, with parameters set for IE.

• GPT 4-1106-preview [10]. This is one of the latest avail-
able versions of OpenAI and improves the latest 3.5 version.
Other versions of GPT were meant to be tested, but un-
fortunately these have shown limitations regarding the input
document lengths: in particular, these models do not allow
prompt lengths longer than 16K, 8K or 4K tokens, depending
on the version of the model. This has been a setback for the ex-
periments, as the surgical instruction document chosen is quite
long, significantly exceeding the previously listed limitations.
Thus, to more broadly examine the general performance trends
of GPT-based models on this knowledge extraction task, we
also chose to include the results obtained with ChatPDF in
our comparisons. ChatPDF analyzes the input text not in its
entirety, but instead performs an automatic pre-filtering that
selects only the paragraphs that it considers most relevant
to the given question. Thus, only these filtered paragraphs
will be passed on in its calls to GPT-3.5. While this allows
us to include another GPT-based model in our analysis to
examine the performance of GPT-based models, we thus need
to stress that ChatPDF’s results are not fully comparable to
our focused analysis with GPT-4, for the following reasons:
First of all, we need to be aware that we cannot fully evaluate
the recall obtained with ChatPDF, since for each question
ChatPDF opaquely filters the parts of the content to be passed
on to GPT-3.5, which thus can only generate its answers
based on these chunks of text – leading to a potential loss of
information since instruments and prosthesis are cited in the
text multiple times in different parts of the document, which

2https://www.chatpdf.com/docs/api/backend



might not have been selected in ChatPDF’s pre-filtering step.
Something else to be noted is the control of the parameters of
the requests sent to GPT, esp. with respect to the temperature
setting for the selected models. While we could explicitly set
the output token sampling temperature parameter3 for GPT-4,
ChatPDF does not allow to explicitly set these parameters. We
set GPT-4’s temperature to 0.2 in all tests, forcing the model to
consider only the more probable output tokens, while ChatPDF
remained with its original parameters (not disclosed). We also
experimented with setting the temperature to 0 for our GPT-4-
based tests to only consider the most probable output tokens,
but interestingly, often received completely wrong responses
in this cases, representing an issue that we plan to further
investigate in future work by explicitly analyzing the log
probabilities of the output tokens.

Document Preprocessing. The analyzed document is
84 pages long and structured as follows: Firstly, there is a small
description of the full prosthesis configuration (5 pages), then
most of the technical manual consists of textual instructions on
how the surgery needs to take place with some supporting im-
ages (54 pages). The final pages list the section of the product
catalogue containing the instruments and prosthesis referred
to by the instructions in the document (25 pages). Companies
usually assign a alphanumeric code to these products to allow
for their unique identification in the text and facilitate their
referencing as they frequently have lengthy names. This means
that the actual names of the instruments and prostheses are
hardly ever mentioned in the usage instructions; instead, they
are referred to by their codes. According to the structure of
the document, we have decided to make the models analyze
not the full manual, but only the first descriptive pages and
the operative instructions – the first 59 pages – removing the
last section that deals with the product catalogue. This choice
has been taken based on observations made during the first
testing stage: The models had a tendency to make up responses
pertaining to the instruments and the prosthesis themselves,
picking up randomly the product codes at the end of the
document. As an example, consider the following scenario
from the first test phase: When the model was asked about
instruments to be used for a type of prosthesis that was not
actually contained in the document it still provided a list of
instruments. This list however contained wrong information:
Instruments not present in the document were listed and
wrongly associated the codes of instruments that instead were
present in the document. This happened only when the entire
document was passed to the models without removing its final
product catalogue part. Upon cross-checking, we observed this
mismatch between the instrument’s names and the extracted
code. Thus, we refrained from giving the models access to all
data to stop them from coming up with their own solutions,
and consequentially creating false answers.
Consistency of Extracted Information. While experimenting
with the models, we realized the need to specifically investi-
gate their consistency: Something noticeable with these kinds
of generative models is that whenever asked the same question,
with the same input data, it is very unlikely that the models

3https://platform.openai.com/docs/api-reference/chat/create#
chat-create-temperature, last accessed on 15-03-2024.

answer twice in the same way due to their non-deterministic
sampling of the output tokens, representing one of the specific
issues that we will dissect next by retrieving and comparing
n = 5 responses for each prompt from each model. We have
chosen this limited number of sampled responses for this first
feasibility study to fine-tune our experimental setup, while
also considering the cost constraints from using OpenAI’s
API. For future work, based on our findings derived from
these initial results, we aim to expand our experimental setup
by increasing the number of sampled responses and types of
extracted information.

A. Analysis Q1 – Existence Question
For a total of 28 subclasses of the Shoulder Prosthesis class,

we noticed consistent answers for both models, as shown in
Table I. To check for the correctness of the results from Q1, we
previously detected how many prosthesis types are present in
the document analyzed by the models out of the complete list
of children of the Shoulder Prosthesis class. ChatPDF detected
25 correct outputs out of 28. The three remaining have been
falsely found by the model, and these false positives will go
through the Q2 step even though they are not present in the
input document. The same experiment has been repeated for
the second model (GPT-4). Again in Table I we notice less
consistency than before, in fact the first response (1) is slightly
different that the following ones (2-5). In the first response
we get 24 correct results out of 28, meaning that the model
made one additional mistake compared to the previous model.
Nonetheless, the next responses (2-5) perform overall better,
result in in 26 correct answers out of 28. Overall, we can state
that for the first step (Q1) results are impressive: 89% accuracy
for ChatPDF and 90% accuracy on average for GPT 4.11-06.

Table I: Experiment results for Q1

ChatPDF (GPT 3.5) GPT 4.11-06
Response 1-5 1 2-5

True Positives (TP) 15 14 15
False Negatives (FN) - 1 -

False Positives (FP) 3 3 2
True Negatives (TN) 10 10 11

B. Analysis Q2 – Information Extraction
As one can imagine, this second step has been more difficult

to evaluate, since the answers we received from both models
have not been consistent, differently than what happened with
Q1. As mentioned in the previous sections, one issue for this
step has been preventing the model to add information from
its own training knowledge and just remain coherent to the
content of the document served as input. Once we settled with
a satisfactory Q2, we again queried 5 responses from ChatPDF
and GPT-4, respectively, for each prosthesis type. As explained
earlier, Q2 has been asked to the model only upon entities
that received a positive answer in the previous Q1 step. This
means that we have queried the models on different prostheses,
dependent on the outputs from the previous step. As we can
see from Table I, we queried:

• for ChatPDF: 15 true positives and 3 false positives. This
means that we still queried the model upon 3 wrongly-output
prosthesis.



ChatPDF (GPT-3.5) Results GPT-4 Results
Prosthesis
Part

Corr. Extr. GT Prec. Rec. Cons. Corr. Extr. GT Prec. Rec. Cons.

3 ** Glenoid 4 4 17 1 0.24 0.24 9 9 17 1 0.53 0.82
Anatomic
Adaptor

4 4 33 1 0.12 0.21 6 8 33 0.75 0.18 0.73

A** Humeral
Body

5 5 34 1 0.15 0.29 22 31 34 0.71 0.65 0.61

Cemented
Glenoid

1 1 22 1 0.05 0.25 8 8 22 1 0.36 0.62

Glenosphere 5 5 36 1 0.14 0.38 6 10 36 0.60 0.17 0.37
Glenosphere
Connector

1 1 36 1 0.03 0.06 5 6 36 0.83 0.14 0.67

Humeral Head 2 2 35 1 0.06 0.18 5 10 35 0.50 0.14 0.15
M** Glenoid 13 13 38 1 0.34 0.93 14 14 38 1 0.37 0.56
M** Liner 0 0 23 0 0 0 1 1 23 1 0.04 0.06
R** Humeral
Body

1 1 35 1 0.03 0.05 12 13 35 0.92 0.34 0.30

Stem 5 7 51 0.71 0.10 0.33 8 17 51 0.47 0.16 0.31
Connector (x) – – – – – – 3 3 36 1 0.08 0.33
Liner (x) – – – – – – 0 1 34 0 0 0.33
Peg (x) – – – – – – 0 6 36 0 0 0.46
Screw (x) – – – – – – 2 2 38 1 0.05 0.17
Summary Σ : 35 Σ :43 Σ :360 0.88 0.11 0.26 Σ : 101 Σ :139 Σ :360 0.72 0.2 0.43

Table II: Outputs evaluation, based on comparing the intersecting sets of extracted instruments. References: “Corr.” stands for
the correct number of instrument extracted for each prosthesis, “Extr.” is the total number of the instruments detected by the
model for each prosthesis, “GT.” is the ground truth supplied by Lima, “Prec.” is the precision value for the outputs, “Rec.”
stands for the recall value and finally “Cons.” represent the consistency of the outputs of the models for each prosthesis. Tha
last row “Summary” shows a recap of the overall obtained results: the cells with the Σ symbol refer to the sum (total) of all
the detected instruments, while the other columns are summarized with the average value (mean).

• for GPT-4 we selected the outputs from responses (2-
5). We choose this because the first response’s results were
not later repeated, so we kept querying on the outputs that
the model was more consistent on. As before, we queried
the Q2 upon 15 true positives, but this time we have only
2 false positives. Even if just minor, GPT-4 shows some
improvements compared to the previous model, being able to
detect correctly one more type of prosthesis.

C. Codes extraction
We decided to exploit the codes of the instruments as their

unique identifiers, to assess how many of them consistently
appeared in each response. We quantify the consistency in
models’ returned instrument code sets by computing its over-
lap: i.e., we compute the size of the intersection of all five
returned instrument code sets (representing the consistently
returned results), and divide this by the size of the union of
all returned instrument codes across all responses, as shown
in the Consistency columns in Tab. II (0 = not a single code
overlapping across all responses, thus zero consistency, 1 = all
responses return the same set of codes, i.e., full consistency).
Taking advantage of the instrument codes allowed us to avoid
having to resort to regular expression-based string matching
techniques: While the names of the instruments may appear
differently, their codes are unique and remain the same for
the entire document. For this reason, we again extracted
the n = 5 sets of instrument codes R1 - R5 for each
prosthesis type, and computed their set intersection, Rintersect =
R1 ∩ R2 ∩ R3 ∩ R4 ∩ R5. We regard this intersection of
the different sampled responses’ answers as the most reliable
extraction of instruments required to operate with the specific
type of prosthesis.

To check the accuracy of the results we consulted a domain
expert to provide us with a ground truth mapping. Based on the
document that we have used for the experiments, the expert
created a mapping between the prosthesis and their related
instruments. In this case the expert has drawn on all the infor-
mation reported in the technical manual, but also on his expert
knowledge as a person who works daily with these prostheses
and these instruments. We thus subsequently also filtered these
lists for the codes that were indeed mentioned in the pre-
processed document supplied in the prompts. The comparison
with the different experiments and this expert-ground truth is
shown in Tab. II, which shows for each prosthesis type: how
many correct instruments have been extracted by the models
(“Corr”) and how many were extracted in total (“Extr”), the
number of ground truth entities (“GT”), precision (”Prec”)
and recall (”Rec”): The precision states how accurate our
predictions overall are, and the recall measures the amount
of ground truth entities that have been indeed extracted by
the models. To make some overall comparison we can clearly
see a high precision for the ChatPDF extraction, but fewer
codes have been overall detected (which might be attributed
to the previously mentioned text-pre-filtering performed by
ChatPDF). On the other hand, GPT-4 seems to extract an
higher number of instruments, with still a significant precision.
Both models fail to extract all the correct instruments, as
shown by the recall. Something to be noted is that Table
II presents some empty rows: This happened because during
the experiments we noticed that some responses output, for
specific prosthesis, a total of 0 instruments detected. This was
especially true for ChatPDF, particularly for prostheses that
could be recognised as instruments by non-experts: Prostheses



for which this happened are marked with ”(x)” in Table II. An
example of this occurring is the Screw class: It may seem
evident that a screw is an instrument rather than a prosthesis.
However, this contradicts the domain logic of a prosthesis
manufacturer, as any element that will be permanently im-
planted in the patient is always considered and processed as a
prosthesis, regardless of their function.

VI. CONCLUSIONS AND FUTURE WORK

In this work, we focused on the problem of how LLMs
could be leveraged to speed up KE by exploiting a company’s
existing textual documents, driven by the question whether
LLMs might serve as generic IE components such in domain-
specific low-resource settings to avoid the costly creation or
fine-tuning of domain-specific IE models. We contributed (i) a
knowledge extraction algorithm, which exploits a partially
modeled ontology to dynamically prompt LLMs to extract
suggestions on yet missing classes and relations from text
corpora for semi-automated ontology population, and (ii) em-
pirical insights from its application in a real-world case study
from a prosthetic gear company. While this first case study
naturally is of limited scope to still allow for manual validation
of the retrieved results, we found that the consistency and
precision achieved with these generic models on complex real-
world technical documentation appears indeed promising, esp.
if the obtained structured answers are averaged across several
sampled responses. However, our results indicate that recall
might be a more problematic issue. This does not appear to
be exclusive to our experiments and domain, but represents
a finding which we recently corroborated also in a different
domain [17], warranting a more systematic investigation in
future work. Even if this contribution presents a first analysis
of the feasibility of exploiting LLMs for KE, it has shown both
potential benefits and limitations, highlighting the need for
further studies and algorithm development. To tackle the prob-
lematic recall, we aim to curate more comprehensive human-
annotated ground truth datasets with our domain experts in
future work, which will allow us to analyze the situations
in which LLMs tend to struggle more systematically. We
might also consider Retrieval-Augmented-Generation (RAG)
to enable for the analysis of more comprehensive text corpora.
In conclusion, our initial findings suggest that state-of-the-
art LLMs might indeed offer potential as supportive tools in
our envisioned semi-automated KE setting, following the key
vision of Human-Centered AI [18], if their users are clearly
aware of their limitations.
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