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Abstract

Objectives: Data generation in clinical settings is ongoing
and perpetually increasing. Artificial intelligence (AI) soft-
ware may help detect data-related errors or facilitate pro-
cess management. The aim of the present study was to test
the extent to which the frequently encountered pre-
analytical, analytical, and postanalytical errors in clinical
laboratories, and likely clinical diagnoses can be detected
through the use of a chatbot.
Methods: A total of 20 case scenarios, 20 multiple-choice,
and 20 direct questions related to errors observed in pre-
analytical, analytical, and postanalytical processes were
developed in English. Difficulty assessment was performed
for the 60 questions. Responses by 4 chatbots to the questions
were scored in a blinded manner by 3 independent labora-
tory experts for accuracy, usefulness, and completeness.
Results: According to Chi-squared test, accuracy score of
ChatGPT-3.5 (54.4 %) was significantly lower than CopyAI
(86.7 %) (p=0.0269) and ChatGPT v4.0. (88.9 %) (p=0.0168),
respectively in cases. In direct questions, there was no sig-
nificant difference between ChatGPT-3.5 (67.8 %) and
WriteSonic (69.4 %), ChatGPT v4.0. (78.9 %) and CopyAI
(73.9 %) (p=0.914, p=0.433 and p=0.675, respectively) accuracy
scores. CopyAI (90.6 %) presented significantly better

performance compared to ChatGPT-3.5 (62.2 %) (p=0.036) in
multiple choice questions.
Conclusions: These applications presented considerable
performance to find out the cases and reply to questions. In
the future, the use of AI applications is likely to increase in
clinical settings if trained and validated by technical and
medical experts within a structural framework.
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Introduction

The Chat Generative Pre-Trained Transformer (ChatGPT) is
an artificial intelligence (AI) model; this was developed by
Open AI (OpenAI, L.L.C., San Francisco, CA, USA) as software
that can provide human-like text. ChatGPT includes a vast
diversity of language owing to the conversational large
language model (LLM) [1]. Although the first version pub-
lished in 2018 had a transformer structure onmodel usewith
a 40 GB dataset and 1.5 B parameters, the later and advanced
GPT-3 reached to 570 GB dataset and 175 B parameter
coverage [2]. ChatGPT v4.0 became remarkably popular,
especially in the field of education, and the program was
reported to achieve 57–78 % success in board exams,
including the United States Medical Licensing Exam
(USMLE), Multiple-Choice Question Answering (MedMCQA),
and Biomedical Research Question Answering (PubMedQA)
and passed the exams [3]. It was quickly adopted by Khan
Academy and Duolingo for use in the field of education [4].
ChatGPT v4.0 is one of the leading artificial intelligence
programs and can have applications in clinical diagnostic
support systems, data management, and patient education.
Regarding the content generation category, AI alternative
bots have also been developed, including WriteSonic and
Copy AI, similar to ChatGPT v4.0 [5].

The aim of the present study was to test the extent to
which the frequently encountered pre-analytical, analytical,
and postanalytical errors in clinical laboratories, and likely
clinical diagnoses can be detected through the use of chat-
bots such as ChatGPT-3.5, ChatGPT v4.0., WriteSonic, and
Copy AI. To the best knowledge of the authors, this was the
first study to investigate the performance of different chat-
bots in clinical settings.
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Materials and methods

Study design

This cross-sectional, observational study was performed in June 2023 at
the Department of Biochemistry, Faculty of Medicine, Selçuk University,
Konya, Turkey. Three different formats of questions related to clinical
laboratorywere developed based on the quality indicators as prescribed
by the International Federation of Clinical Chemistry and Laboratory
Medicine (IFCC) Working Group “Laboratory Errors and Patient Safety”
project. According to this project, quality indicators were defined for
three different categories such as pre-analytical, intra-analytical and
post-analytical phases to cover total testing process. Preanalytical
indicators were classified as misidentification errors (mislabeled or
unlabelled samples), test transcription errors (requests with erroneous
data entry for in- or out-patients), incorrect sample type or fill level,
unsuitable samples for transportation and storage problems, contami-
nated, haemolysed and clotted samples, inappropriate test requests,
inappropriate time in sample collection, unintelligible and inappro-
priate requests. Intra-analytical indicators were presented as test with
inappropriate ICQ (Internal quality control) performances, tests not
covered by an EQA-PT (External quality assessment-proficiency testing)
control, unacceptable performances in EQA-PT schemes and data
transcription errors. Post-analytical indicators consist of inappropriate
turnaround times, incorrect laboratory reports, notification of critical
values, interpretative comments, results notification; outcome mea-
sures such as sample recollection and inaccurate results; support pro-
cesses such as employee competence, client relationships and efficiency
of laboratory information system [6].

In this study, eight cases were classified into pre-analytical cate-
gory described with codes and definitions as Pre-MisS: Misidentified
samples, Pre-InTime: Samples collected at inappropriate time of sample
collection, Pre-NotSt: Samples not properly stored before analysis, Pre-
InTem: Samples transported at inappropriate temperature, Pre-WroCo:
Samples collected in wrong container, Pre-Hem: Samples with free Hb
>0.5 g/L (clinical chemistry), Pre-MicCon: Contaminated samples, Pre-
WroTy: Samples of wrong or inappropriate type. Ten cases were
matched (Seven cases with no match for appropriate code) with intra-
analytical phase as Intra-Var: Testswith CV%higher than selected target
(Two different cases within same code) and Intra-Unac: Unacceptable
performances in EQAS-PT schemes. Two cases were defined in post-
analytical step with codes as Out-InacR: Inaccurate results released and
Post-IncRep: Incorrect reports issued by the laboratory.

In the present study, 20 case scenarios, 20 multiple-choice, and 20
direct questions related to commonly encountered errors in pre-
analytical, analytical, and postanalytical processes in the clinical labo-
ratory setting were developed in English language. These case scenarios
were not developed in the format of a multiple-choice question. The
prepared case scenarios were completely fictional and did not include
real patient data. The content thereof was not quoted from existing
sources. Laboratory results, clinical findings, and pre-analytical-
analytical-postanalytical issues were identified with regard to above-
mentioned case scenarios. The current iteration of the chatbots used in
the study was until 2021; thus, the reference source for the multiple-
choice and direct questions was considered as Tietz 6th Edition [7].
Although the questions were being entered into the program, they were
converted into text format, considering that they might have the ability
to synthesize information from narrative texts into medical results.
Format 1: In the case Format (n=20) (Supplementary Material Case List),

Format 2: Non-case, direct spot questions without multiple choices
(n=20) (Supplementary Material Question List); Format 3: Multiple
choice questions (n=20) (Supplementary Material Multiple Choice
Question List). Prompts were developed for each of the three categories
(Supplementary Material Prompt List). In above prompts, the chatbots
were instructed to answer in the form of “The correct answer to this
question is:”with an aim to obtain clear answers for the question. In the
study, a chat session was conducted with four online chatbots
(ChatGPT-3.5, ChatGPT v4.0., WriteSonic, and Copy.ai) and questions
were asked in a random order and the responses were accordingly
recorded.

Data collection

To avoid the influence of prior answers on questions, a new session was
initiated for each question. For all questions, the chatbots were asked
whether their responseswere froman evidence-based reference source,
and if so, the source was recorded. A statistical evaluation was per-
formed for the responses of each of the four chatbots to the scenarios.
The first response by the programs without using the “regenerate
response” button was considered the final response. A difficulty
assessment (1: Easy; 2: Medium; and 3: Difficult) was performed for the
total 60 questions and responses from four chatbots were scored in a
blinded manner by three independent laboratory experts with respect
to accuracy (1: Totally incorrect; 2: Almost Correct; and 3: Totally Cor-
rect), usefulness (1: Totally useless; 2: Almost useful; 3: Totally useful),
and completeness (1: Totally incomplete, 2: Almost complete; 3: Totally
complete).

Accuracy (also called as correctness or truthfulness): This expres-
sion adress to the scientific and technical correctness of chatbots’
statements, with regard to valid clinical evidence and clinical laboratory
implementations. Correctness does not include only the right answer
about the case, also the explanation given in the response from the point
of information consistency. In direct or multiple-choice case questions,
accuracy refers to accurate representation and truthfulness with
evidence-based source (textbook) information.

Usefullness (also named as usability or practicability): This concept
defines chatbots’ ability to give beneficial insights to patients, laboratory
professionals and scientists and comprises all sides about the infor-
mation provided by chatbots. This term includes giving proper recom-
mendations, presenting relevant and right comments, increasing
laboratory professionals’ understanding of test results and interpreta-
tion. This term helps laboratory experts to minimize time to reach the
correct information.

Completeness (also known as entireness or integrity): This
dimension explains the unity between the responses of chatbots and the
actual evidence-based information about the cases and questions. This
phenomenon covers all aspects about correct presentation of pre-, post-
and analytical considerations, clinical data and demonstrates chatbots’
utility to fully present the entire information.

To assess the accuracy of the cases, the Reflective Testing
(European Federation of Clinical Chemistry and Laboratory Medicine
[EFLM]) website and other reported case training references were used
as sources [8, 9].

The chatbots were evaluated according to hallucinations. Open-
domain hallucinations: It is a type of hallucination due to wrong
external data source. The chatbot confidentially presents wrong infor-
mation about the question. Close-domain hallucinations: It is a type of
hallucination due to inability of checking out keywords, inappropriate
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interpretation of question, wrong analysis, providing non-sense or
absent information even though the external data source or reference is
reliable [10].

Statistical analysis

All statistical calculations (Inter rater-agreement and Chi-squared test)
were performed using the MedCalc Statistical Software version 19.2.6
(MedCalc Software bv, Ostend, Belgium; https://www.medcalc.org;
2020); and Microsoft 365 Excel spreadsheets (v16.0.16501.20074). Two-
sided p-values <0.05 were considered as statistically significant. The
scores from the blinded assessment of three independent laboratory
experts were calculated as a total score for each category.

Results

Total score percentages for accuracy, helpfulness,
completeness were presented in Figure 1. There were 60
questions in total, 20 in each of the three groups and the
maximum score was 180. In terms of accuracy, the highest
scores in the case scenarios in their respective order were as
follows: ChatGPT v4.0. (total score=160), CopyAI (total
score=156), WriteSonic (total score=129), and ChatGPT-3.5
(total score=98). According to Chi-squared test, accuracy
percentage of ChatGPT-3.5 (54.4 %) was significantly lower
than CopyAI (86.7 %) (p=0.0269) and ChatGPT v4.0. (88.9 %)
(p=0.0168), respectively. There was no statistical difference
between ChatGPT-3.5 (54.4 %) and WriteSonic (71.7 %) per-
centage values (p=0.263).

The highest scores in the direct question group in
respective order were as follows: ChatGPT v4.0. (total
score=142), CopyAI (total score=133), WriteSonic (total
score=125), and ChatGPT-3.5 (total score=122). According to
comparison of accuracy percentages, there was no statistical
difference between ChatGPT-3.5 (67.8 %) and WriteSonic
(69.4 %), ChatGPT v4.0. (78.9 %) and CopyAI (73.9 %) (p=0.914,
p=0.433 and p=0.675, respectively).

However, in the multiple-choice question group, the
highest scores in respective order were as follows: CopyAI
(total score=163), WriteSonic (total score=157), ChatGPT v4.0.
(total score=140), and ChatGPT-3.5 (total score=112). While
there was no statistically significant change between score
points percentages of ChatGPT-3.5 (62.2 %)- ChatGPT v4.0.
(77.8 %) (p=0.287), ChatGPT-3.5 (62.2 %)- WriteSonic (77.8 %)
(p=0.072), CopyAI (90.6 %) presented significantly better
performance compared to ChatGPT-3.5 (62.2 %) (p=0.036).

Multiple choice question (total score=142), direct ques-
tion (total score=126), and case (total score=117) received the
highest scores according to the questions’ difficulty levels.

According to inter-rater agreement, Kappa values were
ranged between 0.40 and 0.53; 0.21–0.40 and 0.08–0.37 for

case, direct question and multiple-choice questions,
respectively.

ChatGPT-3.5 did not provide reference sources for 12
answers (60 %) of the 20 questions related to case scenarios,
whereas this rate was 35 and 10 % for WriteSonic and
CopyAI, respectively. ChatGPT v4.0. provided reference
sources in all case questions.

Regarding the multiple-choice questions, ChatGPT-3.5
provided references for all of the answers, while ChatGPT
v4.0., WriteSonic, and CopyAI did not provide references for
25 %, 70 %, and 15 % of the answers, respectively.

Regarding the direct questions, ChatGPT-3.5 and
ChatGPT v4.0. provided references for all questions, whereas
WriteSonic and CopyAI did not provide references for 25 and
5 % of the questions, respectively.

Figure 1: Total accuracy, usefullness, completeness score rates for all
chatbots.
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Open-domain/close-domain hallucination percentages
in cases were 55/15; 5/15; 25/25; 5/10 % for ChatGPT-3.5,
ChatGPT v4.0., WriteSonic, and CopyAI, respectively. In case
group, 2 and 4 of ChatGPT v4.0. and CopyAI references were
not found (Supplementary Material Case List).

Discussion

The European Federation of Clinical Chemistry and Labo-
ratory Medicine (EFLM) Working Group on Artificial Intel-
ligence (WG-AI) assessed the performance of ChatGPT v4.0.
over 10 clinical scenarios. Seven laboratory experts evalu-
ated the responses by ChatGPT v4.0. for relevance, accuracy,
usefulness, and safety. Although the responses by ChatGPT
v4.0. had the lowest scores in terms of helpfulness, rela-
tionship building and safety parameters showed the highest
scores [11]. The prompt prepared for the purposes of the
present study was designed for the program to respond to a
specific command. It is likely that posing the direct question
without any prompt would prove to not be a limiting factor
considering the creativity of the program. The researchers
concluded that ChatGPT v4.0. was capable of assessing lab-
oratory data in a test–test context and detect deviations from
the reference range and abnormal results. All laboratory
professionals are recommended to familiarize themselves
with this and other similar AI applications [11]. In the present
study, the prompts were directed in combination with the
question. Nevertheless, considering that the chatbots pro-
vided responses to confirm the diagnosis, the clinicians
received different scores during the expert evaluations.

In a Japanese study [12] ChatGPT v4.0. was reported to
have higher accuracy scores (79.9 %) than ChatGPT-3.5
(50.8 %) for all questions. Wang et al. [10] reported better
accuracy rates for ChatGPT v4.0. (82–86 %) than ChatGPT-3.5
(56–76 %) in national medical examinations.

In another study [13], ChatGPT v4.0. performed better
accuracy scores (80.6 %) compared to ChatGPT-3.5 (61.3) and
Google Bard (54.8 %) (p<0.009). These results were consistent
with the results of the present study. These findings repre-
sent a remarkable progress in the development of ChatGPT 4
from the older version ChatGPT-3.5.

Munoz-Zuluaga et al. [14] reported the percentage of
correct answers to 65 questions by ChatGPT v4.0 version and
ChatGPT-3.5 version was 50.7 %, and 26 %, respectively;
furthermore, the bots failed to identify the hook effect.
Similarly, in the present study, ChatGPT v4.0. version had a
higher rate of correct responses than ChatGPT-3.5 version
(88.9 vs. 54.4 %). Similarly in the present study, Case 17 was
associated with substrate depletion like hook effect. Never-
theless, none of the chatbots provided comments on the

serum lipase value, whichwas randomly set to a low level, in
the case with a definitive diagnosis of acute pancreatitis. It
was surprising to get the exact true results from the chatbots
for those common technical cases in a laboratory setting,
including Case 18 (Macroprolactin), Case 19 (Biotin inter-
ference), Case 10 (Volume Displacement Effect), Case 8
(Carry-over), and Case 14 (Paraprotein interference). In
Question 18, for the serum prolactin/total prolactin ratio
after precipitation to confirm the diagnosis of macro-
prolactin during the assessment, the laboratory experts re-
ported that the ratio provided by the chatbots, but not the
source reference, was the ratio they used in practice.

ChatGPT was reportedly not aware that the pediatric
blood lead cut-off level was 3.5 μg/dL (falsely reported as
3.5 mg/dL in Ref. [14]) because this information was updated
after 2021. In the present study, for the adult blood lead levels
indicative of severe exposure in Question 13, different cut-off
values were observed in different sources and the study date
of the reference given in the question was not up to date.
Similarly, ChatGPT was unable to answer this question
correctly, whereas Copy AI provided the information,
i.e., “Council of State and Territorial Epidemiologists’ (CSTE)
blood lead reference value is 3.5 μg/dL,”without providing a
reference. This was suggestive of the fact that different
chatbots might have access to up-to-date information. World
Health Organisation (WHO) reported the same value as
5 μg/dL in 2021 [15]. This might be considered as an advan-
tage to use chatbots due to availability to recent data about
some specific concerns.

As anAI languagemodel, ChatGPT v4.0. can only provide
information based on the data it is trained on; thus, its an-
swers should only be considered as a source of information
and not as an alternative to professional medical advice [16].
Above all, clinical laboratories must ensure that laboratory
data is accurate and reliable to avoid the risk of the use of
inaccurate data by sophisticated systems, including those
used byMachine Learning (ML) andAI, leading to inaccurate
and potentially harmful information [17].

Although machine learning-based artificial intelligence
applications currently have limited capabilities, they have the
potential to synthesize the behavioral patterns of laboratory
experts via deep learning in the database and to support
clinical decision-making. The bots lack human creativity,
perception, developing approaches to complex biological
patterns, finding solutions to cases with emotional intelli-
gence, and reflecting professional experiences on decision-
making processes. Artificial intelligence-based machine
learning applications should be trained and validated by
technical and medical experts within a structural framework
described as “Human-in-the-loop” [18]. Clinical laboratories
must provide precise and correct laboratory data to prevent
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wrong interpretations produced from artificial intelligence
based machine learning applications that can result with
inaccurate information about the patient care [19].

In addition to the infra-structural development of the
process, control and healthymaturation of the learning steps
from human source may be achieved. Within this loop, hu-
man factor can enable the transfer of comprehensions as
well as the development of different algorithms and
designing the bridges between conditions and contexts.
Therefore, it is possible to use these auxiliary programs in a
controlled manner in the process of static or adaptive algo-
rithm development and learning and to develop evidence-
based approaches with the support of laboratory experts.

It is obvious that AI-based chatbots use different algo-
rithms to approach and evaluate scientific data. For this
reason, it can be considered that especially laboratory
experts can highly contribute to the development of these
applications. Since these tools can develop advanced
learning skills over time, their periodical re-evaluation at
every stage will contribute to the improvement of a more
reliable structure. Limited number of independent evalu-
ators, single and same source for all questions might be
considered as a selection bias for this study.
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