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ABSTRACT
This study conducts a comparative analysis of two prominent generative artificial 
intelligence (GAI) tools, ChatGPT and Bard, specifically in the context of supply chain 
management. Using a dataset of 150 certified supply chain professional questions, the 
models are evaluated on the basis of accuracy, relevance, and clarity, and t tests are 
employed to assess differences between the tools. ChatGPT outperforms Bard in both 
accuracy and relevance, with statistically significant results, whereas Bard demonstrated 
a slight edge in readability, scoring higher on the Flesch readability ease scale. Both 
models exhibited moderate to high cosine similarity for the majority of the questions, 
indicating closely aligned outputs. However, variations in their performance arose from 
differences in their underlying architectures – ChatGPT’s iterative improvement process 
balances utility and safety, whereas Bard is designed with stricter safeguards to minimize 
misuse. These findings have important implications for the integration of GAI tools in 
educational settings, such as developing supply chain curricula and training materials 
requiring high accuracy and relevance. Additionally, the results suggest broader 
applications of the GAI in supply chain decision-making, operational efficiency 
improvements, and enhanced stakeholder communication. The study also highlights 
the importance of continuous model adaptation to ensure the ethical, safe, and effective 
use of AI technologies in professional settings. Future research could explore how 
real-time feedback loops impact AI performance and how diverse training datasets 
influence model accuracy and relevance across different industries, further advancing 
the role of AI in complex domains such as supply chain management.

1.  Introduction

Artificial intelligence (AI) has quickly emerged as a disruptive force in many sectors of the economy, 
including education. The capacity of generative AI (GAI) tools such as ChatGPT and Bard to produce 
language that resembles that of a human has made them popular in recent years. This means that 
there is a great deal of promise for improving learning experiences and making it easier to acquire 
complex knowledge (Dwivedi et  al., 2023). These advanced language model-powered tools are 
increasingly being incorporated into curricula, enabling automated assessment, individualized learn-
ing, and content production help. Although artificial intelligence (AI) has many advantages for edu-
cation, it is crucial to identify and resolve any potential biases and limits in these technologies. The 
fact that GAI techniques rely on large datasets with potential biases that could unintentionally be 
reinforced in the created content is one of their main limitations. This may result in the spread of 
false information or cultural insensitivity, which is especially problematic in educational contexts 
where inclusivity and truth are crucial. Teachers may find it challenging to fully accept or compre-
hend AI-generated outputs because of the opaque nature of AI decision-making processes, 
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sometimes known as the ‘black box’ problem. This makes it difficult to grasp how these tools arrive 
at their findings.

Generative artificial intelligence (GAI) tools such as ChatGPT and Bard, which are based on large lan-
guage models (LLMs), use deep learning to process and comprehend human language (Shen et  al., 
2023). These models can understand syntax and context, and they can even produce text responses 
resembling those of humans because they are trained on enormous volumes of textual data. They are 
now more crucial than ever for various NLP activities, including chatbots, sentiment analysis, text sum-
marization, and language translation. GAI tools’ ability to produce coherent and contextually appropriate 
text makes them essential for automating language-based tasks and improving human–computer inter-
actions (Abd-Alrazaq et  al., 2023). They can continuously advance and change to meet new problems 
because of their capacity to learn from data. LLMs use their text-generating capabilities to enable gen-
erative AI systems (Feuerriegel et  al., 2023). These technologies have a wide range of applications in 
fields such as marketing, customer service, content generation, and creative writing since they can gen-
erate original and contextually appropriate responses, mimic conversations, produce text that sounds like 
a real person wrote it and help with content creation.

LLMs with unique characteristics and applications include ChatGPT and Bard (Floridi, 2023). The 
GPT-3.5-based ChatGPT system, created by OpenAI, is intended for interactive text-based dialogs (Zhao 
et  al., 2023). It is perfect for chatbots, customer assistance, content generation, and creative writing since 
it can produce coherent and contextually appropriate responses (Javaid et  al., 2023). Google created 
Bard, which aims to comprehend and produce words in a more conversational and lively way (De Ruiter 
et  al., 2006). It seeks to engage users in more dynamic and open-ended conversations to make interac-
tions feel more human.

ChatGPT and Bard have demonstrated promise in various applications, from fact-checking, content 
creation, and human-like interactions to medical education and specialized industries (Mohamadi et  al., 
2023). They are valuable tools in many disciplines since they may produce contextually appropriate 
replies, but researchers are still investigating their advantages and disadvantages in many situations.

For several reasons, LLMs’ grasp of particular subjects is highly pertinent and valuable. First, having 
expertise in specific disciplines enables LLMs to provide users with more accurate and relevant informa-
tion on the basis of their context. The quality of the responses is improved, and there is more confidence 
in the model’s outputs because of the higher accuracy. LLMs with domain-specific understanding have 
a wide range of uses. Individuals can use them to carry out specialized tasks such as financial modeling, 
legal research, and medical diagnosis. It is crucial to be aware of the consequences of such comprehen-
sion. It is essential to guarantee the accuracy and objectivity of the data used to train the models to 
avoid perpetuating any biases already present in the data. Open communication regarding the bound-
aries of their knowledge is also necessary to prevent potential abuse and excessive reliance on LLM 
outcomes in situations requiring crucial decision-making.

Supply chains were chosen as the research topic because they significantly impact many different 
organizations and economies. The study of supply chains has practical applications because of its crucial 
role in guaranteeing effective operations, cost reduction, and customer satisfaction. The capacity of GAI 
tools, such as ChatGPT and Bard, to grasp and produce precise responses. Additionally, supply chains 
offer a perfect setting for objectively comparing and assessing ChatGPT and Bard. Evaluating the clarity 
and accuracy of GAI tools’ responses across many models and versions is simpler since supply chain 
processes entail standardized procedures and well-defined key performance indicators (KPIs).

This study postulates that because of its extensive training on a variety of datasets and incremental 
improvements, ChatGPT outperforms Bard in terms of accuracy and relevance when answering queries 
related to supply chain management. Although this hypothesis recognizes the possibility for biases and 
the limitations of AI tools in educational environments, it is based on the hope that the domain-specific 
understanding of LLMs improves response quality.

The following research questions are answered in this study:

1.	 RQ1: How do ChatGPT and Bard compare in terms of accuracy when responding to supply chain 
certification exam questions?
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2.	 RQ2: Does posing the confirmation query, ‘Are you sure?’ lead to improved response accuracy for 
ChatGPT or Bard?

3.	 RQ3: How do the explanations provided by ChatGPT and Bard rank on relevance and clarity?
4.	 RQ4: Is there a correlation between the accuracy of the AI response and the clarity or relevance 

scores assigned to the explanation?
5.	 RQ5: Is there a statistically significant difference in the accuracy of responses between ChatGPT and 

Bard when addressing MCQs from the supply chain certification exam?
6.	 RQ6: When comparing the relevance scores of ChatGPT and Bard, is there a significant distinction in 

how pertinent their answers are to the supply chain certification MCQs?
7.	 RQ7: Considering the clarity of explanations provided, is there a discernible difference in scores 

between ChatGPT and Bard’s responses to the MCQs?

With respect to their capabilities, this study compares ChatGPT and Bard, two recent GAI tools. The 
study intends to evaluate their performance in comprehending and answering supply chain-related ques-
tions to determine their correctness and comprehensibility in a challenging and real-world setting. The 
comparison will provide researchers, companies, and industries with insight into the benefits and draw-
backs of each GAI tool, assisting them in understanding prospective applications and making defensible 
choices regarding their use in supply chain management and related contexts.

2.  Literature review

Large language models (LLMs) are a class of artificial intelligence (AI) models that process and produce 
human-like language via deep learning techniques (Bonner et  al., 2023). These models stand out because 
of their vast scale, which enables them to detect complex patterns in language data. They frequently 
include tens of billions of parameters. The advent of LLMs, such as OpenAI’s GPT-4, has transformed 
natural language processing tasks, which allow machines to comprehend and produce human language 
with astounding fluency and contextuality (Khan et  al., 2023). The transformer architecture used by LLMs 
enables them to analyze data sequences and comprehend the links between words and phrases in a text 
(Luitse & Denkena, 2021). Their capacity to provide coherent and contextually relevant responses depends 
on this design.

LLMs have considerably improved generative AI tools by offering cutting-edge language generation 
capabilities (Luitse & Denkena, 2021). Two well-known LLMs that have drawn much interest in the AI 
research community are ChatGPT and Bard. The capacity of Bard to use and incorporate information 
from the internet in real-time when creating responses sets it apart from ChatGPT and GPT-4. However, 
efforts to directly compare the two models are still in their early stages (Ali et  al., 2023). Notably, there 
have not been any direct contrasts between Bard and ChatGPT for supply chain-related certifica-
tion exams.

Researchers have examined both ChatGPT and Bard in a variety of contexts. The effectiveness of LLMs, 
including ChatGPT and Bard, in medical education and specialized medical professions, including neuro-
surgery, radiation oncology physics, and nephrology, was evaluated in studies by Ali et  al. (2023), Holmes 
et  al. (2023), and Noda et  al. (2023). They looked at how LLMs could help with patient–clinician interac-
tions, the development of practice question banks, and the assessment of medical expertise. When 82.6% 
of the questions were answered correctly, GPT-4 outperformed GPT-3.5 (62.4%) and Bard (44.2%), accord-
ing to Ali et  al. (2023). The imaging and accuracy of GPT-4 were superior to those of the other methods 
(P = 0.05). Holmes et  al. (2023) reported that ChatGPT (GPT-4) performed consistently and deductively 
better than LLMs and medical physicists did. A majority vote did not result in a better ChatGPT (GPT-4) 
outcome. Noda et  al. (2023): GPT-4 demonstrated 54.5% accuracy, significantly outperforming GPT-3.5 
(31.3%) and Bard (32.3%). The GPT-4 scores were comparable to those of seasoned residents. Caramancion 
(2023) study includes the use of a variety of LLMs, such as ChatGPT and Bard, to evaluate the accuracy 
of news reports. This demonstrates their potential for debunking false information and fact-checking. The 
capacities of LLMs in logical reasoning and cognitive inference, which are essential to human intelli-
gence, were investigated by Xu et  al. in 2023. Patnaik and Hoffmann (2023) compared ChatGPT and 
Bard’s responses to patient-focused anesthesia queries. The remarks from ChatGPT were comprehensive, 
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wise, and valuable. Doshi et  al. (2023) investigated the use of LLMs, such as ChatGPT and Bard, to 
increase patient comprehension of radiological findings and make them easier to understand. The study 
used LLMs to analyze 254 radiological reports using three prompts. With more context, ChatGPT per-
formed better and streamlined reporting. Patient outcomes, communication, and health literacy might all 
improve. The readability and clinical accuracy, however, still need improvement. The study by Raman, 
Mandal, et al. (2024) analyzes ChatGPT adoption among higher education students, using a mixed-method 
approach to assess five key innovation attributes shaping their intentions and perceptions. Agarwal et  al. 
(2023) assessed the applicability of ChatGPT and Bard in developing reasoning-based multiple-choice 
questions for medical students studying physiology. Khademi (2023) evaluated how writing prompts pro-
duced by ChatGPT and Bard were perceived by people and how complex they were. The OpenAI ChatGPT 
and the Google Bard both had low interreliability compared with the industry standard of human eval-
uations, according to the performance parameter known as intraclass correlation (ICC). More recently 
ChatGPT and Bard have been compared across various domains, including digital governance (Raman, 
Nair, et  al., 2024), the UN Sustainable Development Goals (Raman, Lathabai, et  al., 2024), ethical hacking 
(Raman, Calyam et  al., 2024) and human resource management (Raman, Venugopalan, et  al., 2024).

Table 1 demonstrates the synthesis of the past literature on both ChatGPT and Bard in a variety of 
contexts:

Having one’s skills and knowledge in supply chain management officially recognized and validated is 
known as supply chain certification (Centobelli et  al., 2022). Supply chain management is essential in 
today’s digital world for guaranteeing the smooth movement of products, services, and information from 
raw material suppliers to final consumers (Gunasekaran & Ngai, 2004). It includes several phases: logistics, 
distribution, production, and procurement. A well-managed supply chain can result in cost savings, 
greater customer satisfaction, and increased corporate competitiveness (Chou et  al., 2004). Globalization, 
rising customer expectations, and technological improvements have all contributed to an exponential 
rise in the relevance of supply chain management (Ahmed et  al., 2018). Professionals require specialized 
knowledge and abilities to address issues, including demand volatility, inventory optimization, risk man-
agement, and sustainability, as supply chains become more complex and linked.

It is advantageous for LLMs to comprehend intricate and specialized sectors such as supply chain 
management. With respect to jobs involving supply chain planning, optimization, and decision-making, 
LLMs can better understand the context and produce more accurate and pertinent solutions by knowing 
supply chain concepts (Ansari & Kant, 2017). With this knowledge, LLMs may assist in creating backup 
plans for firms, resolving supply chain issues, and recommending best practices.

The lack of research on how LLMs affect specialized domains such as supply chain management con-
stitutes a research gap. Although LLMs demonstrate remarkable performance in natural language pro-
cessing tasks, more studies are needed to determine how well they understand the nuances of a given 
domain and how well they can apply them to real supply chain management problems. By examining 
ways to use LLMs to improve supply chain decision-making, optimization, and overall efficiency in the 
context of the modern digital world, this study seeks to close this gap.

2.1.  What is the APICS-certified supply chain professional (CSCP) program?

The role of the supply chain has assumed unprecedented significance in today’s increasingly intercon-
nected world, operating as the backbone of company operations, ensuring seamless access to critical 
items for consumers, and constituting a pillar for social functionality. The APICS Certified Supply Chain 
Professional (CSCP) certification stands out in this context as a veritable playbook, giving people the 
knowledge required to comprehend and successfully coordinate this crucial process. The all-inclusive 
CSCP programme acts as a thoroughfare that navigates the vast terrain of the global supply chain, 
plotting a course from suppliers to end users and back again. The APICS exam is the only global supply 
chain certification. It equips the individual with the knowledge and ability to manage operations effi-
ciently along the worldwide supply chain, including interactions with suppliers, factories, distributors, 
and customers worldwide. Achieving prestigious CSCP accreditation denotes more than experience; it 
denotes managing risks and anticipating and avoiding interruptions. Additionally, it represents the 
capacity to evaluate, accept, and integrate cutting-edge supply chain technologies that characterize the 
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Table 1. S ynthesis of past literature comparing ChatGPT and Bard.
Sl no Reference Aim Findings Limitations

1 Ali et  al. 
(2023)

To evaluate how well three 
LLMs (GPT 3.5, GPT 4, and 
Google Bard) performed on 
a question bank created 
especially for practice for 
the neurosurgery oral 
boards exam.

The answer rates for the GPT-3.5 and GPT-4 
were 62.4% (CI: 54.1–70.1%) and 82.6% 
(CI: 95.2–88.1%). Bard received a score of 
44.2% (confidence interval [CI]: 36.2–
52.6%). (P = 0.023 and P = 0.01) GPT-4 
outperformed GPT-3.5 and Bard. Not 
GPT-4, but Bard’s accuracy (OR = 0.76, 
P = 0.014) and GPT-3.5 (OR = 0.80, 
P = 0.042) were negatively impacted by 
problem-solving. GPT-4 performed better 
in imaging (68.6% vs. GPT-3.5’s 47.1%, 
P = 0.044; tied with Bard at 66.7%, 
P = 1.000) and had fewer hallucinations 
(2.3% vs. GPT-3.5’s 57.1%, P0.001; Bard’s 
2.09, P = 0.002). Without image 
descriptions, GPT-3.5 and Bard had 
increased hallucination probabilities (OR = 
1.45, P = 0.012 and OR = 2.09, P0.001, 
respectively).

MCQs might not replicate the open 
format of neurosurgical exams. 
Open-ended testing will be 
investigated in the future. Future 
studies will examine this despite 
minor changes (under 5%) in 
evaluator judgments of question 
qualities. Future studies will 
evaluate the validity of 
incorporating image data into 
LLMs, which has not yet occurred.

2 Caramancion 
(2023)

The project aimed to assess 
how well-known LLMs –  
OpenAI’s ChatGPT 3.5 and 
4.0, Google’s Bard/LaMDA, 
and Microsoft’s Bing AI –  
performed black box 
testing to determine the 
veracity of news stories.

Researchers evaluate the efficacy of LLMs by 
comparing LLM classifications with 
confirmed data from independent 
agencies. Average rating of 65.25/100, 
which indicates fair competency. GPT-4.0 
scored 71, demonstrating the advantage 
of more recent LLMs in detecting 
fact-deception. However, AI must improve 
human fact-checkers understanding of 
complex news circumstances. The results 
show ongoing AI development and 
human cognitive abilities, emphasizing AI’s 
potential for fact-checking.

The study emphasizes the possibilities 
and limitations of LLMs in 
eradicating false information –  
score on a scale of 100, 65.25. 
Analysis of ChatGPT 3.5, 4.0, Bard/
LaMDA, and Bing AI. GPT-4.0 took 
the lead with 71 points, although 
it lacks the nuances of human 
fact-checkers like PolitiFact and 
Snopes. AI assists but cannot 
replace human inspection.

3 Rahsepar 
et  al. 
(2023)

To assess and compare the 
consistency and correctness 
of answers provided by 
publicly accessible ChatGPT 
and Google Bard in 
response to questions from 
laypeople about lung 
cancer screening, 
prevention, and 
terminology used in 
radiology reports.

120 Questions, 70.8% Correct, 11.7% Partial, 
17.5% Wrong on ChatGPT-3.5. Bard: 51.7% 
accuracy, 19.2% missed answers, and 
80.8% right – Bing: 27.5% incorrect, 10.8% 
incomplete. Google searches are 55% 
accurate, 22.5% incomplete, and 22.5% 
incorrect. Compared to Bard, ChatGPT-3.5 
is 1.5 times more precise/partial (OR = 
1.55, P = 0.004). When compared to Bard, 
Google search is 28.83 (P=.002) times 
more trustworthy than ChatGPT-3.5 (6.65 
(P = 0.002)).

Responses are produced by ChatGPT 
and Google Bard using 
sophisticated algorithms and 
training data. However, depending 
on the input wording and the 
particular model version employed, 
their responses can differ 
significantly, resulting in 
inconsistent answers.

4 Holmes et  al. 
(2023)

The study suggests evaluating 
LLMs in the specialized 
field of radiation oncology 
physics. This is crucial for 
scientific and medical 
communities and provides 
a valuable benchmark. 
Utilizing a Mayo 
Clinic-created exam of 100 
questions, LLMs like 
ChatGPT (GPT-3.5), ChatGPT 
(GPT-4), Bard (LaMDA), and 
BLOOMZ were tested 
against medical physicists 
and laypeople.

On average, ChatGPT (GPT-4) performed 
better than all other LLMs and medical 
physicists. It excelled even more when 
given explanations. Contrary to humans, 
ChatGPT (GPT-3.5 and GPT-4) consistently 
chose answers throughout trials, 
correctness or not. ChatGPT (GPT-4) fared 
well in novel deductive reasoning, 
indicating a growing skill. Despite 
excellent results, a majority vote could not 
further enhance ChatGPT (GPT-4). 
Collective decision-making may 
significantly enable medical physicists to 
surpass ChatGPT (GPT-4) in performance.

The complex clinical practice of 
radiation oncologists and medical 
physicists may have needed to be 
better represented by the exam 
utilized to evaluate LLMs in this 
study. Therefore, comparing LLMs 
and medical physicists based on 
equal performance may be 
inaccurate. The achievement of 
GPT-4 on a test that resembled a 
specialized certification raises 
questions about the breadth of its 
understanding. A medical 
physicist’s duties are unlikely to be 
replaced by GPT-4 unless we 
consider a very unusual situation.

5 Xu et  al. 
(2023)

Logic continues to be essential 
in knowledge engineering 
and AI. NLP’s LLMs, a 
recent development, 
perform exceptionally well 
on typical NLP tasks. 
However, whether they 
possess human 
intelligence-like reasoning 
skills is still being 
determined. With in-depth 
studies, this work fills this 
gap.

The study categorizes datasets, tests LLMs in 
diverse scenarios, and evaluates them 
objectively and subjectively. Researchers 
construct a six-dimensional universal 
evaluation system for logical reasoning 
proficiency using a fresh, unbiased 
dataset. This work discusses LLMs’ 
strengths, weaknesses, and future research 
directions.

Overall, observers may see that all 
LLMs have significant limitations in 
their logical thinking, showing 
more competency in deductive 
reasoning while facing obvious 
difficulties in inductive 
circumstances. Additionally, the 
present evaluation benchmarks, 
which mostly rely on objective 
criteria, must be revised to assess 
LLMs fully.

(Continued)
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contemporary environment. The CSCP’s core curriculum covers many essential topics, such as the com-
plexity of supply chains, demand management, forecasting, and the dynamics of global supply chain 
networks. It explores the nuances of acquiring goods and services, simplifying internal processes and 
inventory control, coordinating forward and reverse logistics, building strong supply chain relationships, 
and negotiating the intricate world of supply chain risk. The exam also explores the fields of technol-
ogy, sustainability, and optimization, combining vital strategic components that will influence supply 
chain management in the future. The candidate will have 3.5 hours to finish the 150-question exam (130 
operational and 20 pretest). Candidates should answer all exam questions. The CSCP test has a 
200–350-point scale. A failing grade has 299 or fewer points, whereas a passing grade has 300 or 
more points.

Sl no Reference Aim Findings Limitations

6 Patnaik and 
Hoffmann 
(2023)

Before surgery, they looked 
into how well LLMs could 
respond to patient-oriented 
questions on anesthesia. In 
the study, they  explored 
‘hallucinations’ phenomena, 
created textual data 
evaluation metrics, and 
assessed the viability of 
employing LLMs at the 
patient-clinician interface. 
Compared to Bard, ChatGPT 
was deemed more 
thorough, insightful, and 
valuable in its response.

ChatGPT showed no ‘hallucination’ issues, 
while Bard had a 30.3% error rate. Bard’s 
comments were more casual and 
8th-grade level, while ChatGPT’s were 
challenging (college-level). ChatGPT had 
19.7% higher linguistic quality than Bard, 
irrespective of response length (66.16 vs. 
55.27; P = 0.0037). Bard’s sentiment was 
more favorable (0.16 vs. 0.11; P = 0.0323), 
with similar subjectivity (0.54 vs. 0.50; 
P = 0.3030). LLM responses are suitable as 
a flexible healthcare aid, not a 
replacement for vital counseling.

Access to the previous version of 
ChatGPT was restricted owing to 
software upgrades, so they only 
used the accessible version of 
ChatGPT (GPT-3.5 based) in this 
study. They could have detected 
more variations in the quantifiable 
metrics between the two versions 
of ChatGPT. It is necessary to 
address user variation in ChatGPT 
and Bard answers.

7 Doshi et  al. 
(2023)

The  study explores using 
LLMs, specifically OpenAI’s 
ChatGPT3.5, ChatGPT4.0, 
Google Bard, and Microsoft 
Bing, to streamline 
radiology reports and 
potentially improve patient 
comprehension.

The study used LLMs to analyze 254 
radiological reports using three prompts. 
With more context, ChatGPT performed 
better and streamlined reporting. Patient 
outcomes, communication, and health 
literacy might all improve. Readability and 
clinical accuracy, however, still need 
improvement.

Since the readability criteria utilized 
in this study are language- and 
structure-focused, they have 
comparable limitations. They only 
sometimes accurately reflect 
relevance or comprehensibility 
from a medical standpoint.

8 Agarwal et  al. 
(2023)

To create reasoning-based 
multiple-choice questions 
(MCQs) for MBBS (Bachelor 
of Medicine, Bachelor of 
Surgery) undergraduate 
students studying 
physiology, they set out to 
evaluate and compare the 
applicability of ChatGPT, 
Bard, and Bing.

For ChatGPT and Bard, 110 MCQs were 
generated; however, Bing only generated 100 
because of the absence of two skills 
questions. ChatGPT scored 3 (1.5–3), Bard 
scored 3 (1.5–3), and Bing scored 1 (0–1). 
MCQ validity revealed significant differences 
(P = 0.001). The difference in MCQ difficulty 
across ChatGPT 1, Bard 1, and Bing 1 was 
statistically significant (P = 0.006). ChatGPT, 
Bard, and Bing scored 1 (1–2) on the 
required reasoning ability (P = 0.235). K values 
for all AI models were less than 0.8 for all 
parameters.

The study was restricted from 
generalization because it only 
focused on AI-generated medical 
physiology MCQs. When using 
ChatGPT, relying on a single user 
increases the chance of 
inconsistent response times. 
Question rephrasing can change 
responses, which might impact the 
evaluation. Despite efforts, 
subjective assessment by human 
evaluators could still result in 
prejudice. Analysis of the MCQ 
items involving MBBS students is 
still in progress.

9 Noda et  al. 
(2023)

Large language models (LLMs) 
trained on massive data 
are essential for new AI 
advancements. GPT-4 
performs exceptionally well 
in general medicine, 
although it could perform 
better in nephrology. In 
the trial, researchers assess 
ChatGPT and Bard for their 
potential use in clinical 
nephrology settings.

GPT-3.5 had an overall correct answer 
percentage of 31.3%, GPT-4 had a 54.5%, 
and Bard had a 32.3%. GPT-4 performed 
better than GPT −3.5 and Bard (P = 0.01). 
Within three years, GPT-4 passed all tests. 
Compared to GPT-3.5 and Bard, it 
performed exceptionally well on the 
clinical and nonimage questions. Between 
third and fourth-year nephrology, 
residents had the highest rate of GPT-4.

LLMs need to improve their image 
questions to maintain accuracy. 
GPT-4 updates in the future will 
improve this. Multilingual 
evaluations are required but are 
only available to Japanese people. 
We investigate coauthor biases 
and question leaking. Due to 
potential biases, researchers are 
assessing the accuracy of the 
correct response percentages for 
resident participants.

10 Khademi 
(2023)

The study evaluates how 
well-educated and skilled 
humans perceive and rate 
the complexity of writing 
prompts compared to 
OpenAI ChatGPT and 
Google Bard.

The OpenAI ChatGPT and the Google Bard 
both had low interreliability compared to 
the industry standard of human 
evaluations, according to the performance 
parameter known as intraclass correlation 
(ICC).

Table 1.  Continued.
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Our mission was to determine the capabilities of AI-driven systems such as ChatGPT and Bard, so we 
needed to choose a reliable and trustworthy dataset. The dataset of 150 Certified Supply Chain 
Professional (CSCP) questions was carefully selected because it mirrors complex, real-world supply chain 
management scenarios that professionals face. These questions represent a comprehensive and widely 
recognized certification, ensuring that the dataset is both rigorous and representative of typical chal-
lenges in the field. This allows for a more realistic evaluation of generative AI performance in professional 
contexts.

3.  Methods

3.1.  Study design

The research employs a comparative analysis methodology to evaluate the performance of ChatGPT and 
Bard in the context of supply chain management. A dataset was constructed via multiple-choice ques-
tions (MCQs) from the APICS CSCP exam, covering topics such as logistics, procurement, and related 
domains. Each MCQ featured multiple answer options, with one correct answer and multiple incorrect 
choices. The subsequent procedures delineate the specific steps taken to assess the capabilities of 
ChatGPT and Bard in answering these certification exam questions.

1.	 Question input: ChatGPT and Bard received each supply chain certification exam question. They 
received the initial responses from the AI models, which involved giving them the wording of the 
inquiry.

2.	 Initial response: ChatGPT and Bard produced recorded responses to the input questions. The initial 
responses of the AI models are their first attempt to respond to the inquiries.

3.	 Confirmation query: An additional question was put to the appropriate model if the original 
response from either ChatGPT or Bard did not match the accurate response. The AI model was asked, 
‘Are you sure?’ to get it to rethink or reevaluate its earlier response.

4.	 Second response capture: The AI model produces a response after posing the confirmation query 
and recording it. This process tracks any adjustments or changes the AI model makes in response to 
the confirmation request.

5.	 Explanation capture: We record the explanation for each response, regardless of whether the sec-
ond response to a question was accurate (we recorded and analyzed responses for three measures: 
correctness, relevance, and clarity). This defense explained why the AI model produced a particular 
response.

3.2.  Evaluation metrics

The given assessment metrics provide a formal method for classifying and rating the comments pro-
duced by ChatGPT and Bard for the study. Among the most popular generative AI language models 
currently available are ChatGPT and Bard. Because of their propensity to produce writing that resembles 
that of a human, they are well suited to assess the potential of artificial intelligence in professional set-
tings such as supply chain management. Bard and ChatGPT are trained on various datasets and have 
distinct underlying architectures. While Google developed Bard via its proprietary architecture, ChatGPT 
is built on the OpenAI-derived GPT-4 framework. The study’s ability to evaluate and contrast the models’ 
performances is made possible by their diversity in architecture and training data, which offers insights 
into how various methods for evaluating the AI development effect results in particular domains. 
Professional applications such as customer service, content production, and decision assistance have 
made use of both ChatGPT and Bard. Through an assessment of their responses to questions on supply 
chain certification, the study seeks to determine their suitability and efficacy in a particular field of 
expertise.

We rate the metrics on a 5-point Likert scale, with thorough explanations for each level, emphasizing 
accuracy, relevance, and clarity. The scoring system is designed to comprehensively analyze the perfor-
mance of AI models by capturing the subtleties of their explanations and responses. Additionally, the 
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inclusion of an adjudicator and the participation of subject matter experts both strengthen and increase 
the trustworthiness of the review process.

•	 Accuracy: This metric considers how closely the given response matches the correct response to 
assess its accuracy.

•	 Relevance: This measure evaluates how well the answer corresponds to the context of the question. 
It focuses on how well the response fits the purpose of the query.

•	 Clarity: This measure assesses how simple it is to comprehend the response. It considers the expla-
nation’s coherence and understandability.

This study intends to provide a thorough assessment of model performance in a professional setting 
by selecting a generative AI model that is widely used, diverse, and capable of handling complicated 
linguistic problems, as well as a dataset that is typical of real-world supply chain management scenarios. 
With this method, experts may utilize generative AI to improve their decision-making and problem-solving 
skills in real-world scenarios, ensuring that the findings are applicable.

3.2.1.  Scoring scale
Each metric is graded on a Likert scale ranging from 1 to 5, with 5 being the highest score, with clearly 
stated criteria for each level. This methodical technique helps reduce subjectivity and ensures consis-
tency in ratings.

a.	 Accuracy

1.	 Completely inaccurate: The response is entirely incorrect or false.
2.	 Mostly inaccurate: The response contains some truth but is largely incorrect.
3.	 Somewhat accurate: The response is a mixture of correct and incorrect information.
4.	 Mostly accurate: The response is correct but may contain minor inaccuracies.
5.	 Completely accurate: The response is entirely correct and truthful.

b.	 Relevance

1.	 Completely irrelevant: The response does not address the question or prompt.
2.	 Mostly irrelevant: The response somewhat addresses the question but is mainly off-topic.
3.	 Somewhat relevant: The response addresses the question somewhat but could be more focused.
4.	 Mostly relevant: The response is on-topic and closely aligns with the question, with minor 

deviations.
5.	 Completely relevant: The response addresses the question or prompts and remains on-topic.

c.	 Clarity

1.	 Very confusing: The response is incoherent and difficult to follow.
2.	 Mostly confusing: The response has some clear elements but is overall hard to understand.
3.	 Moderately clear: The response is understandable but could be more precise or concise.
4.	 Mostly clear: The response is clear, with only minor ambiguities or complexities.
5.	 Completely clear: The response is articulated clearly and coherently.

3.3.  Analysis of responses

Two independent, qualified supply chain experts read each explanation text from ChatGPT and Bard, and 
it was then scored on a scale of 1 to 5 for each of the three measures. Some explanations might be 
more straightforward and require a small quantity of subjective interpretation.

We used a third qualified supply chain expert as an adjudicator to confirm the scoring procedure’s 
validity and uniformity. When the first two experts could not agree on a score, the expert was consulted. 



Cogent Business & Management 9

The third expert’s job was to evaluate the explanatory text and determine which should be regarded as 
the final version.

3.3.1.  Statistical analysis
A statistical method to evaluate the variations in scores between ChatGPT and Bard for each of the three 
measures – accuracy, relevance, and clarity – is provided by using paired sample t tests in your study 
(Roscoe et  al., 2023). When two sets of observations are contrasted, where each observation in one set 
is paired with a corresponding observation in the other, paired sample t tests are acceptable (Rouder 
et  al., 2009). The observations in this instance are the marks given to ChatGPT and Bard for each MCQ 
question.

a.	 Accuracy t test: To compare the accuracy ratings of ChatGPT and Bard for each MCQ, we used a paired 
t test.

b.	 Relevance t test: To compare the relevance scores of the two AI models for each MCQ, we conducted 
another paired t test.

c.	 Clarity t test: To compare the clarity ratings of the justifications offered for each MCQ response between 
ChatGPT and Bard, we undertook a third paired t test.

3.3.2.  Readability
Undoubtedly, when assessing the responses produced by ChatGPT and Bard, taking into account read-
ability metrics such as the Flesch readability ease score and the Flesch–Kincaid grade level score is a 
valuable approach, particularly when the target audience includes nonexperts or when the text is acces-
sible to a wide range of readers.

a.	 Flesch readability ease score: The Flesch readability ease score is a metric that expresses how simple it 
is to comprehend a text (Eleyan et  al., 2020). The greater the score is, the easier the text is to grasp. This 
metric considers elements such as the number of syllables in each word and the length of the sentences. 
To determine which model’s responses are more approachable and reader friendly, the Flesch readability 
ease scores of ChatGPT and Bard should be compared (Haver et  al., 2023).

b.	 Flesch–Kincaid Grade Level Score: The Flesch–Kincaid Grade Level score determines what grade level of 
education in the United States is necessary to understand a particular text (Williamson & Martin, 2010). 
A lower score indicates that the material is simple to read and understandable to a larger audience. A 
higher score, on the other hand, denotes more challenging material appropriate for advanced readers. By 
comparing the Flesch–Kincaid Grade Level scores, researchers can ascertain the extent to which each 
model adjusts its replies to the required level of complexity (Seth et  al., 2023).

We use a free tool to determine the readability ratings (https://goodcalculators.com/flesch-kincaid-
calculator/). We copied each ChatGPT and Bard’s response to a question into the tool and noted the 
outcomes.

3.3.3.  Cosine similarity
We may learn much about how ChatGPT and Bard think and handle problems by comparing their 
answers to questions on the CERH exam via cosine similarity. The cosine similarity measure is often 
employed in natural language processing to compare the similarity between two vectors (in this case, 
text representations). Researchers often use the well-known cosine and Jaccard similarity algorithms. 
Huang (2008) discovered that Jaccard provided better pure clustering for text clustering than did cosine. 
Jaccard is a famous tool, although it is a lexical tool that does not perform well for semantic analysis, 
according to Qurashi et  al. (2020). They discovered that cosine similarity provided better semantic anal-
ysis than Jaccard similarity did. A high cosine similarity shows that both models produce conceptually 
and contextually comparable replies. This indicates that they are likely to use similar phrases, concepts, 
and ideas to comprehend the question and formulate solutions. A low cosine similarity, on the other 

https://goodcalculators.com/flesch-kincaid-calculator/
https://goodcalculators.com/flesch-kincaid-calculator/
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hand, suggests that ChatGPT and Bard treat the same problem in different ways. This might indicate 
differences in the interpretation, logic, or focus of the two models.

By computing and examining cosine similarity, one can learn more about how closely or differently 
ChatGPT and Bard respond to the same queries (Xia et  al., 2015). This strategy deepens your comparative 
study and helps you comprehend the behavior of the models at a deeper level.

A publicly available tool was used to calculate the cosine similarity values (https://tilores.io/
cosine-similarity-online-tool). The response for each question by ChatGPT and Bard was copied into the 
tool, and the resulting similarity value was noted.

4.  Results

4.1.  Descriptive analysis

On the basis of their responses to a dataset of 150 CSCP questions, ChatGPT and Bard, two general 
artificial intelligence (GAI) tools, are compared for accuracy in Table 2. Seventy-nine questions were cor-
rectly answered by Bard when ChatGPT also provided the correct response, whereas 14 questions were 
answered correctly by Bard but incorrectly by ChatGPT. On the other hand, Bard was wrong in 21 cases, 
ChatGPT was right, and both tools answered 36 questions incorrectly. The subtle distinctions between 
instances where one model was accurate while the other was not accurate and those where both mod-
els made the same errors add an intriguing dimension to the comparison. This identifies the advantages 
and disadvantages of each model and points to underlying variations in their construction or training 
set that might affect their performance in particular areas.

For ChatGPT and Bard, Table 3 shows the average score, standard error, and standard deviation for 
correctness, relevance, and clarity.

4.1.1.  Average score
Bard (4.873) has a lower average comprehensive score than ChatGPT (4.947). Questions about the supply 
chain on ChatGPT tend to be more pertinent and leave out less information. Compared with Bard, 
ChatGPT has a slightly higher average relevance score (4.993). This suggests that, compared with Bard’s 
comments, ChatGPT’s responses are more concise and direct. Bard’s remarks might have more superflu-
ous details or be less relevant than ChatGPT’s. Bard (4.5) has a lower average clarity score than ChatGPT 
does (4.793). This suggests that those with the necessary supply chain background knowledge find 
ChatGPT’s comments easier to grasp. Bard falls short of ChatGPT in terms of accuracy, relevance, and 
clarity. It offers answers that address more parts of the issues, are simpler to learn, and go straight to 
the point with less superfluous information.

4.1.2.  Standard error
The Chat GPT’s accuracy’s deficient standard error (0.018) denotes a great degree of accuracy in calcu-
lating the average accuracy score. Conversely, Bard has a more significant standard error (0.030), indicat-
ing that its average accuracy score is more variable. The Chat GPT’s relevance standard error (0.007) is 
minimal, showing little variability in its average score estimate of 4.993. The average relevance score of 

Table 2. A ccuracy analysis of the ChatGPT and BARD responses.
ChatGPT Correct ChatGPT Incorrect

Bard Correct 79 14
Bard Incorrect 21 36

Table 3. A verage score, standard error, and standard deviation of accuracy, relevance, and clarity.
Average Score Standard Error Standard Deviation

Bard ChatGPT Bard ChatGPT Bard ChatGPT
Accuracy 4.873 4.947 0.030 0.018 0.372 0.225
Relevance 4.953 4.993 0.017 0.007 0.212 0.082
Clarity 4.5 4.793 0.041 0.033 0.502 0.406

https://tilores.io/cosine-similarity-online-tool
https://tilores.io/cosine-similarity-online-tool
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4.953 has more uncertainty according to Bard’s standard error (0.017), which is somewhat larger. The 
Chat GPT’s standard error for clarity (0.033) is low, similar to that for correctness and relevance, showing 
great accuracy in predicting its average clarity score of 4.793. Although significantly more extensive than 
Chat GPTs, Bard’s standard error (0.041) indicates that the average clarity score of 4.5 may be subject to 
more significant variability. In conclusion, the standard error values provide information about the accu-
racy and dependability of the average scores for each criterion. Standard errors for Chat GPT are typically 
lower than those for Bard, indicating more accurate estimations of its typical performance in terms of 
accuracy, relevance, and clarity.

4.1.3.  Standard deviation
To show how the scores for each criterion changed between ChatGPT and Bard, we present the numbers 
for the standard deviation. The accuracy standard deviation for ChatGPT is relatively low (0.225), indicat-
ing that the results are more reliable and more in line with the average score of 4.947. Although Bard’s 
replies are less consistent and spread out around the mean score of 4.873, this is indicated by the 
group’s more significant standard deviation (0.372). Similarly, Chat GPT’s standard deviation (0.082) is 
relatively low, indicating that replies around the mean score of 4.993 were not particularly variable. Bard’s 
standard deviation (0.212) is greater than its mean score of 4.953, indicating a wider spread and variabil-
ity in relevance scores. The standard deviation for clarity on ChatGPT is also lower (0.406), indicating 
more consistent responses around the mean score of 4.793. Compared with its mean score of 4.5, Bard’s 
standard deviation (0.502) is greater, indicating more significant variability in clarity scores. Compared 
with Bard, Chat GPT typically has fewer standard deviations, indicating higher accuracy, relevance, and 
clarity consistency. Owing to its replies’ higher standard deviations, Bards may not have been as consis-
tent in meeting these criteria.

4.1.4.  t Test
We compare each AI model’s average accuracy, relevance, and clarity ratings via t tests, as shown in 
Table 4. These tests assume that the differences between paired observations are normally distributed, 
which we verified via the Shapiro–Wilk test. The results confirmed that the assumption of normality 
was met.

For each criterion (Accuracy, Relevance, and Clarity), the offered t test values inform us of the statis-
tical significance of the differences between the average scores of ChatGPT and Bard. We use a t test to 
determine whether there is a statistically significant difference between the means of the two groups. 
The accuracy of the t test result is 0.033808604 (<0.05). The difference between the average accuracy 
scores of ChatGPT and Bard is statistically significant, according to a simple t test. The relevance t test 
result is 0.033437127 (<0.05). The difference in significance between the two AI models is statistically 
significant, as shown by a small t test. The Clarity t test result is 1.31013E − 08 (>0.05). The average clarity 
scores of ChatGPT and Bard do not differ statistically in this instance, according to the rather significant 
t test value. The average ratings for accuracy and relevance differ significantly between ChatGPT and 
Bard. ChatGPT performed better than Bard in both of these areas. The average clarity scores of ChatGPT 
and Bard do not, however, differ significantly. In regard to providing brief responses to supply chain-related 
inquiries, both AI models perform similarly.

4.2.  Confirmation queries impact

Table 5 displays the effects of confirmation inquiries on the 150 responses provided by the GAI tools 
Bard and ChatGPT. Initially, Bard offered 58 wrong responses, whereas ChatGPT offered 50 wrong 
responses. One of Bard’s responses was incorrect, whereas eleven of the ChatGPTs were incorrect until 
the confirmation question ‘Are you sure?’ was included. However, even after the confirmation question, 

Table 4. A verage scores via a t test.
Accuracy Relevance Clarity

t test ChatGPT – BARD 0.033808604 0.033437127 1.31013E-08
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39 of ChatGPT’s answers were still wrong, whereas 57 of Bard’s answers were wrong. This information 
suggests that the confirmation query increased the accuracy of both systems. However, the effectiveness 
differed, with Bard displaying a higher correction rate.

4.3.  Cosine similarity analysis

After analyzing the dataset, we found that the 150 items under consideration fell into a distinct band of 
cosine similarity values. A similarity rating of 60–80 was found for most of the 115 questions, indicating 
moderate–to-significant alignment or similarity. Notably, 35 questions distinguished themselves with a 
similarity value of more than 80, indicating a very high match or almost identical nature between 
ChatGPT and Bard replies. The developers and organizations behind GenAI solutions will take different 
perspectives on potential supply chain issues. OpenAI has a history of iteratively improving models such 
as ChatGPT to balance utility and safety. The creators formulated Bards with stricter specifications to 
prevent potential misuse.

4.4.  Readability analysis

We contrasted ChatGPT and Bard using the readability ratings shown in Table 6. The Flesch–Kincaid 
Grade Level gives ChatGPT’s content a grade level of 11.2, meaning that readers who have finished 
approximately 11.2 years of formal education – roughly at the border between high school and college 
– are best suited for it. On the other hand, Bard’s content aims at people who have completed approx-
imately 11.3 years of education to make it more accessible. ChatGPT and Bard scored 34.6 and 39.9 on 
the Flesch Readability Ease scale, which ranges from 0 to 100 (higher values indicate easier readability). 
These results suggest that although both programs generate information that can be difficult (in the 
‘difficult’ range), Bard’s outputs are slightly more straightforward to read than ChatGPT’s outputs are. 
Both AI systems produce content appropriate for college reading levels, with Bard having a minor acces-
sibility advantage.

4.5.  Comparative analysis

We compared the outcomes of ChatGPT with those of Bard in several scenarios. As shown in Table 7, the 
analysis revealed an unexpected trend where ChatGPT or Bard answered some questions. Upon analyz-
ing the questions provided, it is evident that they revolve around the procurement strategy, warehousing 
strategies, reverse logistics, and specific technical aspects of the supply chain. The developer of ChatGPT, 
OpenAI, has a well-established procedure for continuously adjusting and fine-tuning its models to strike 
a compromise between use and security. On the other hand, Bards might adhere to stricter rules to 
prevent potential misuse, especially in fields plagued with complexity and sensitivity. This difference in 
methodology reflects broader difficulties and factors to be considered when creating generative AI sys-
tems that are accountable and informative.

Table 6.  Flesch–Kincaid Grade Level score and Flesch Readability Ease score of ChatGPT and Bard.

GenAI tool
Flesch‒Kincaid Grade Level 

score Flesch Readability Ease score Estimated reading level

ChatGPT 11.2 34.6 College (difficult to read)
Bard 11.3 39.9 College (difficult to read)

Table 5.  Confirmation queries.
Incorrect Correct after Are you sure Incorrect after Are you sure

Bard 58 1 57
ChatGPT 50 11 39
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5.  Discussion

By evaluating the accuracy of the responses displayed in Tables 8 to 13, it is possible to perform a com-
parison analysis of Bard’s and ChatGPT’s effectiveness in offering strategic supply chain management 
solutions. In our study, we consider both quantitative and qualitative data, including metrics such as the 
percentage of correct and incorrect answers and the thoroughness shown in the problem-solving process.

As seen in Table 8, both Bard and ChatGPT provided the correct answer, ‘C. Decoupling,’ explaining 
that decoupling allows each process to operate at its maximum efficiency by using buffers to separate 
stages, preventing slower operations from constraining the overall process. However, Bard provided a 
more detailed example, while ChatGPT offered a concise explanation of the concept.

The results for a specific query about manufacturing techniques and their effects on process efficiency 
are illustrated and presented in Table 9. Table 9 answers a specific query concerning manufacturing 
techniques and emphasizes that decoupling is the best technique for ensuring that each process runs as 
efficiently as possible without being restricted by slower operations. Additionally, it compares decoupling 
to alternative solutions and explains each one. The concern raised in Table 9 concerns procedures that 
enable every process in a production system to run as efficiently as possible without being slowed down 

Table 7.  Comparative analysis.
Scenarios Table Number

Both ChatGPT and Bard gave correct answers. Table 8
Both ChatGPT and Bard gave wrong answers but agreed on the wrong answer Table 9
Both ChatGPT and Bard gave wrong answers but did not agree on the answer Table 10
ChatGPT’s answer is correct, and Bard’s answer is wrong. Table 11
ChatGPT’s answer is wrong, and Bard’s answer is correct Table 12

Table 8.  Both ChatGPT and Bard provided correct answers.
Q. No Question Bard Explanation ChatGPT Explanation

[Q3] Which of the following 
practices allows each 
process to operate at 
maximum efficiency rather 
than having the speed of 
the entire process 
constrained by the slowest 
operation?

A. Theory of constraints (TOC)
B. Supply/demand balancing
C. Decoupling
D. Pull production

The answer is C. Decoupling.
Decoupling is a practice that allows each process to operate at 

maximum efficiency rather than having the speed of the 
entire process constrained by the slowest operation. Buffers 
are introduced between operations, allowing faster techniques 
to carry on while the slower ones catch up.

For example, a manufacturing plant may have a bottleneck in 
the painting process. This means the painting process is the 
slowest, slowing down the entire production line. Decoupling 
can solve this problem by introducing a buffer between the 
painting and the following procedures. This buffer will allow 
faster methods to continue operating while the painting 
process catches up.

Decoupling is a powerful tool for improving efficiency in a 
production process. It allows each process to operate at its 
maximum speed, which can lead to significant productivity 
gains.

The other options are not as effective at allowing each process 
to operate at maximum efficiency.

Theory of constraints (TOC) is a management philosophy that 
focuses on identifying and eliminating restrictions in a 
system. While TOC can effectively improve efficiency, 
decoupling is not as specific. Supply/demand balancing is a 
practice that aims to match supply with demand. This can 
help prevent bottlenecks but does not address the underlying 
issue of a slow process. Pull production is a lean 
manufacturing practice that uses kanban cards to control 
production. Pull production can effectively reduce waste but 
does not explicitly address the slow process issue.

Push production is a traditional manufacturing practice of 
producing goods anticipating demand. Push production can 
lead to bottlenecks, as the production line cannot adapt to 
changes in demand.

In conclusion, decoupling is the best practice for allowing each 
process to operate at maximum efficiency rather than having 
the speed of the entire process constrained by the slowest 
operation.

The practice that allows each 
process to operate at 
maximum efficiency by 
decoupling the processes so 
that the slowest operation 
does not constrain the 
speed of the entire process 
is:

C. Decoupling
Decoupling involves using 

inventory buffers to separate 
or ‘decouple’ different stages 
in a production process. This 
allows each stage to 
function at its optimal 
speed, rather than a 
subsequent or preceding 
stage slowing it down.
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by the slowest process. Option C: Decoupling is the proper response to this query, according to both 
Bard and ChatGPT. Bard and ChatGPT explain why ‘Decoupling’ is the correct response. According to their 
definition, decoupling adds inventory buffers between various production process phases. These buffers 
aid in separating the stages so that a slower stage does not bind each stage and can work at its maxi-
mum speed. The rationales also explain why the other approaches are less successful in enabling each 
operation to run as efficiently as possible. For example, they noted that while supply/demand balancing 
and the theory of constraints can increase efficiency, they do not address the problem of slow processes 
such as decoupling. The effects of pull and push production on production efficiency are also discussed. 
According to the study findings, decoupling is the best method for ensuring that each process may run 

Table 9.  Both ChatGPT and Bard gave wrong answers but agreed on the wrong answer.
Q. No Question Initial answer Are you sure

Q [19] ChatGPT Which of the following criteria 
is the primary factor when 
considering storage 
locations for high-volume 
products?

A. Seasonality
B. Quality
C. Velocity
D. Perishability

When considering storage locations for 
high-volume products, the primary factor is 
how quickly and frequently these products 
move in and out of storage. This is known as 
the ‘velocity’ of the product.

High-velocity goods will be kept in areas that 
are simple to get to reduce handling time 
and improve warehouse operations.

Therefore, the correct choice is:
C. Velocity.

‘Yes, I am sure. In warehousing and 
distribution, ‘velocity’ refers to the 
speed or frequency at which 
inventory moves through a facility 
or the supply chain. For 
high-volume products, which 
naturally have a high turnover rate, 
the primary consideration in 
determining storage locations 
would be their velocity. This 
ensures that the most frequently 
picked or moved items are stored 
in the most accessible areas, 
facilitating efficient warehouse 
operations.

Therefore, for high-volume products, 
the most relevant criterion for 
storage location is valid:

C. Velocity.
Q [19] Bard Which of the following criteria 

is the primary factor when 
considering storage 
locations for high-volume 
products?

A. Seasonality
B. Quality
C. Velocity
D. Perishability

The correct answer is C. Velocity.
Velocity is the rate at which products move 

through a supply chain. It is a measure of 
how quickly products are sold or consumed. 
For high-volume products, velocity is the 
primary factor when considering storage 
locations.

This is due to the need for marketplaces to 
store high-volume goods nearby. This will 
help to reduce transportation costs and 
improve customer service.

The other options are not as important as 
velocity when considering storage locations 
for high-volume products.

Seasonality: Seasonality is the variation in 
demand for products over time. It is not as 
crucial for high-volume products as for 
low-volume products. This is because 
high-volume products are typically in high 
demand throughout the year.

Quality: Quality is the degree to which a 
product meets its specifications. It is essential 
for all products, but it is not as crucial for 
high-volume products as it is for low-volume 
products. This is because high-volume 
products are typically less expensive and are 
not as critical to the customer experience.

Perishability: Perishability is the degree to which 
a product can spoil or go bad. It is essential 
for some products, such as food and flowers, 
but it is not as crucial for high-volume 
products as for low-volume ones. This is 
because high-volume products are typically 
not perishable.

In conclusion, velocity is the primary factor 
when considering storage locations for 
high-volume products. This will help to 
reduce transportation costs and improve 
customer service.

I am sure that velocity is a primary 
factor when considering storage 
locations for high-volume products. 
However, I think seasonality and 
perishability can also be essential 
factors.

Seasonality is the variation in demand 
for products over time. For seasonal 
high-volume products, such as 
Christmas decorations or swimsuits, 
storing them in locations close to 
the markets during the peak 
season is essential. This will help 
reduce transportation costs and 
ensure that products are available 
when needed.

Perishability is the degree to which a 
product can spoil or go bad. For 
high-volume products that are 
perishable, such as food or flowers, 
storing them in locations with the 
right temperature and humidity 
controls is essential. This will help 
extend the products’ shelf life and 
ensure they are safe to eat or use.

In conclusion, velocity, seasonality, and 
perishability are critical factors 
when choosing storage locations 
for high-volume products.
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as quickly as possible without being slowed down by another process. This underlines that decoupling 
is a potent technique for increasing production efficiency.

In Table 10, ChatGPT and Bard give different initial responses to the query about what should be 
considered when choosing a storage location for high-volume items. However, after some thought, they 
both had the same response. The initial response from ChatGPT is ‘C. Velocity.’ This explains that velocity –  
the speed and frequency with which products flow into and out of storage – is critical for high-volume 
products. Bard first chooses ‘C. Velocity’ as the correct response. It offers an explanation that is consistent 
with ChatGPT’s opening statement. The correct response, however, is ‘perishability.’ ChatGPT reiterates its 
original decision, claiming that ‘velocity’ is the most crucial consideration when choosing a storage loca-
tion for high-volume products when asked if it is sure of its response. This underlines the need for 
velocity for effective warehouse operations. Interestingly, Bard switches its mind in the ‘Are You Sure’ area 
after initially choosing ‘C. Velocity.’ While velocity is a critical component, ‘seasonality’ and ‘perishability’ 
are essential considerations for high-volume items. After more thought, ChatGPT and Bard concur that 
‘C. Velocity’ is the incorrect primary criterion when choosing a storage location for high-volume items. 
Although Bard first added more detail on the significance of seasonality and perishability, it finally con-
curs with ChatGPT’s assessment that velocity is the essential feature.

In Table 11, ChatGPT and Bard give different initial responses to the query about the activity most 
likely to increase overall supply chain risk. However, after some thought, they both had the same 
response. Initially, ‘B. Expanding operations to multiple locations’ is chosen by ChatGPT as the action that 
is most likely to increase overall supply chain risk. That is untrue. In Bard’s opinion, the correct response 
is ‘D. Reducing the supplier base for commodity-type components,’ which is his initial response. The cor-
rect response, however, is C: ‘Consolidating manufacturing locations.’ When questioned about the cer-
tainty of its response, ChatGPT reconsiders the possibilities and modifies its position. It now chooses ‘D. 
Reducing the supplier base for commodity-type components’ as the action most likely to increase overall 
supply chain risk since it concurs with Bard’s original response. When asked if it is inevitable, Bard reit-
erates its previous decision that the correct response is ‘D. Reducing the supplier base for commodity-type 
components’. Bard explains in great detail why this approach raises supply chain risk. After considering 
it, ChatGPT and Bard concur that ‘D. Reducing the supplier base for commodity-type components’ is the 
move most likely to increase overall supply chain risk. They initially had varied replies, but after addi-
tional consideration, they agreed.

Table 12 shows a mismatch between ChatGPT and Bard’s initial responses, and Bard initially provides 
the incorrect response. Even after being questioned if it is sure of its response, Bard still responds incor-
rectly. When the customer who supplies point-of-sale data remains the sole decision maker about order 
quantities, ChatGPT initially chooses ‘D. Quick response’ as the correct response for the type of inventory 
strategy. The reply from ChatGPT is accurate. The first response given by Bard, ‘C. Vendor-managed 
replenishment (VMR),’ is untrue. Bard incorrectly links VMR to the idea that the client will always be the 
only one making decisions. ChatGPT explains why ‘D. Quick response’ is the correct response in keeping 
with its original response. The quick response technique, which relies on point-of-sale data from the 
client yet gives them control over order quantity, is accurately described. Sadly, even being questioned 
if it is certain of its response, Bard still gives the wrong response. Bard incorrectly asserts that the answer 
is ‘C. Vendor-managed replenishment (VMR)’.

Table 13 contains a mismatch between ChatGPT’s and Bard’s initial responses, and ChatGPT initially 
provides an incorrect response. However, after more thought, ChatGPT modified its initial response. As 
the principal use of medium-term demand management projections, Bard initially chooses ‘C. Aggregate 
demand for production planning’ as the right response. Bard gave the right response. The first time it 
is used, ChatGPT chooses ‘D. Develop the master production schedule’ as the right response. According 
to Bard, this response is untrue. When asked if it is confident in its answers, Bard sticks with its orig-
inal decision of ‘C. Aggregate demand for production planning’ and explains why. After the second 
thought, ChatGPT changed its response from ‘D. Develop the master production schedule’ to ‘C. 
Aggregate demand for production planning.’ It justifies the modification and matches its response with 
Bard’s opening statement. After considering it, ChatGPT and Bard concur that the main use of 
medium-term demand management projections is ‘C. Aggregate demand for production planning’. 
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Table 10.  Both ChatGPT and Bard gave wrong answers but did not agree on the answer.
Q. No Question Initial Answer Are you sure?

Q [46] 
ChatGPT

Which of the 
following actions 
will most likely 
increase total 
supply chain risk?

A. Standardizing 
components used 
in a product 
family

B. Expanding 
operations to 
multiple locations

C. Consolidating 
manufacturing 
locations

D. Reducing the 
supplier base for 
commodity-type 
components

Out of the options provided, the action most likely 
to increase total supply chain risk is:

B. Expanding operations to multiple 
locations.

Expanding operations to multiple locations 
introduces complexities such as coordinating 
among various sites, ensuring consistency in 
processes and products across different regions, 
managing logistics over larger geographic areas, 
and dealing with different regional risks (natural 
disasters, political instabilities, economic 
conditions, etc.). These complexities can 
introduce more points of potential failure or 
disruption in the supply chain, thus increasing 
overall risk.

While other options can also increase risk (e.g., by 
increasing dependence on fewer suppliers), 
expanding operations to multiple locations 
presents a broader set of potential challenges 
and risks to manage.

Let us reevaluate the options:
A. Standardizing components used in a product family:
This reduces risk by simplifying inventory management, 

manufacturing processes, and procurement. Using 
standardized components across various products 
can often decrease the likelihood of stockouts, 
reduce manufacturing complexities, and increase 
suppliers’ purchasing power.

B. Expanding operations to multiple locations:
This can introduce complexities such as coordinating 

among various sites and managing regional risks. 
However, it can also serve as a risk mitigation 
strategy since disruptions at one location may not 
necessarily affect operations at another.

C. Consolidating manufacturing locations:
Consolidating can increase risk because if there is a 

disruption at a single manufacturing location, it can 
halt the entire production. Having all operations 
centralized makes the supply chain vulnerable to 
location-specific risks.

D. Reducing the supplier base for commodity-type 
components:

This can significantly increase risk. Relying on fewer 
suppliers means that if one supplier has an issue 
(e.g., production halt, quality problems, or 
bankruptcy), it can significantly impact the 
company’s supply chain. It reduces the flexibility and 
resilience of the supply chain against disruptions.

Upon reconsideration, option D, ‘Reducing the 
supplier base for commodity-type 
components,’ is most likely to increase total supply 
chain risk, as it creates greater dependency on fewer 
suppliers, making the supply chain more vulnerable 
to any disruptions related to those specific suppliers.

Q [46] Bard Which of the 
following actions 
will most likely 
increase total 
supply chain risk?

A. Standardizing 
components used 
in a product 
family

B. Expanding 
operations to 
multiple locations

C. Consolidating 
manufacturing 
locations

D. Reducing the 
supplier base for 
commodity-type 
components

The answer is D. Reducing the supplier base 
for commodity-type components.

Supply chain risk is the likelihood of a disruption 
that could impact the availability, quality, or 
cost of goods or services. Reducing the supplier 
base for commodity-type components can 
increase total supply chain risk for several 
reasons.

Increased concentration of risk: If a company 
reduces the number of suppliers for a particular 
component, it increases the concentration of 
risk. This is because the company is now more 
dependent on fewer suppliers. If one of these 
suppliers experiences a disruption, it could 
significantly impact the company’s supply chain.

Reduced flexibility: Reducing the supplier base can 
also reduce the company’s flexibility. The 
company may have fewer options if it needs to 
find a new supplier for a particular component.

Increased bargaining power of suppliers: Suppliers 
with fewer customers have more bargaining 
power. This means that they may be able to 
charge higher prices or demand better terms 
from the company.

The other options are not as likely to increase total 
supply chain risk.

Standardizing components used in a product family 
can reduce supply chain risk by reducing the 
number of components the company needs to 
manage.

Expanding operations to multiple locations can 
increase supply chain risk by increasing the 
complexity of the supply chain. However, it can 
also reduce risk by providing the company with 
more options in case of a disruption.

Consolidating manufacturing locations can reduce 
supply chain risk by reducing the number of 
locations the company needs to manage.

Therefore, the action that is most likely to increase 
total supply chain risk is reducing the supplier 
base for commodity-type components.

Yes, I am sure. I have explained my reasoning in detail 
above.

Reducing the supplier base for commodity-type 
components can increase total supply chain risk for 
several reasons.

Increased concentration of risk: If a company reduces 
the number of suppliers for a particular component, 
it increases the concentration of risk. This is because 
the company is now more dependent on fewer 
suppliers. If one of these suppliers experiences a 
disruption, it could significantly impact the 
company’s supply chain.

Reduced flexibility: Reducing the supplier base can also 
reduce the company’s flexibility. The company may 
have fewer options if it needs to find a new supplier 
for a particular component.

Increased bargaining power of suppliers: Suppliers with 
fewer customers have more bargaining power. This 
means that they may be able to charge higher 
prices or demand better terms from the company.

The other options are not as likely to increase total 
supply chain risk.

Standardizing components used in a product family can 
reduce supply chain risk by reducing the number of 
components the company needs to manage. 
However, it can also increase risk if the standardized 
components are unavailable from a reliable supplier.

Expanding operations to multiple locations can increase 
supply chain risk by increasing the complexity of the 
supply chain. However, it can also reduce risk by 
providing the company with more options in case of 
a disruption.

Consolidating manufacturing locations can reduce 
supply chain risk by reducing the number of 
locations the company needs to manage. However, it 
can also increase risk if the consolidated location is 
not well-managed or experiences a disruption.

Therefore, the action that is most likely to increase total 
supply chain risk is reducing the supplier base for 
commodity-type components.
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Initially, there was a disparity. However, the response of ChatGPT changed in light of additional 
analysis.

A comparison of the justifications offered by ChatGPT and Bard reveals that Bard provides a more 
thorough and in-depth explanation of the factors influencing the choice or rejection of each alternative 
(Table 13). With this approach, more information is considered before making decisions, leading to a 
more thorough analysis of each problem. Strong statistical support and a compelling justification were 

Table 11.  ChatGPT’s answer is correct, and Bard’s answer is wrong.
Q. No Question Initial answer Are you sure?

Q [113]
ChatGPT

The customer who provides 
point-of-sale data remains 
the sole decision-maker 
regarding order quantities; 
when what type of 
inventory strategy is used?

A. Continuous replenishment
B. Advanced continuous 

replenishment
C. Vendor-managed 

replenishment
D. Quick response

When using the Quick Response 
inventory strategy:

D. Quick response
The customer provides point-of-sale 

data to suppliers to enable them 
to react rapidly to customer 
demand. However, the customer 
remains the decision-maker 
regarding order quantities. This 
strategy aims to minimize lead 
times and ensure that products are 
available to customers when 
needed without holding excessive 
inventory. It is a collaboration 
between the retailer and supplier, 
but the retailer (customer) retains 
decision-making authority over 
order quantities.

Q [113]
Bard

The customer who provides 
point-of-sale data remains 
the sole decision-maker 
regarding order quantities; 
when what type of 
inventory strategy is used?

A. Continuous replenishment
B. Advanced continuous 

replenishment
C. Vendor-managed 

replenishment
D. Quick response

The answer is C. 
Vendor-managed 
replenishment (VMR).

In VMR, the supplier manages the 
inventory levels of their products 
at a customer’s location. The 
customer provides point-of-sale 
data to the supplier, but the 
supplier is the sole decision-maker 
regarding order quantities.

In contrast, in continuous 
replenishment (CR), the customer 
manages their inventory levels. The 
customer uses point-of-sale data to 
determine when to order more 
inventory.

Advanced continuous replenishment 
(ACR) is a more sophisticated 
version of CR. In ACR, the 
customer uses demand forecasting 
and inventory optimization 
software to determine when to 
order more.

Quick response (QR) is a strategy that 
reduces the time between 
customer orders and product 
delivery. QR does not involve any 
specific inventory management 
strategy.

Here are some additional details 
about VMR:

Benefits: VMR can help customers to 
reduce inventory levels, improve 
customer service, and increase 
profitability.

Drawbacks: VMR can be expensive to 
implement and manage. It can 
also be difficult to get suppliers to 
agree to VMR.

Overall, VMR is an inventory strategy 
that can benefit customers who 
want to reduce inventory levels, 
improve customer service, and 
increase profitability.

I apologize for the previous answer. The 
answer to the question is A. Continuous 
replenishment.

In continuous replenishment (CR), the customer 
manages their inventory levels. The customer 
uses point-of-sale data to determine when to 
order more inventory. The customer is the 
sole decision-maker regarding order quantities.

In vendor-managed inventory (VMI), the supplier 
manages the inventory levels of their 
products at a customer’s location. The supplier 
uses point-of-sale data to determine when to 
order more inventory. The supplier is the sole 
decision-maker regarding order quantities.

Advanced continuous replenishment (ACR) is a 
more sophisticated version of CR. In ACR, the 
customer uses demand forecasting and 
inventory optimization software to determine 
when to order more. However, the customer 
is still the sole decision-maker regarding order 
quantities.

Quick response (QR) is a strategy that reduces 
the time between customer orders and 
product delivery. QR does not involve any 
specific inventory management strategy.

Here are some additional details about CR:
Benefits: CR can help customers to reduce 

inventory levels, improve customer service, 
and increase profitability.

Drawbacks: CR can be more difficult to manage 
than other inventory management strategies. 
It can also lead to stockouts if the customer 
does not have accurate point-of-sale data.

Overall, CR is an inventory strategy that can 
benefit customers who want to reduce 
inventory levels, improve customer service, 
and increase profitability.

I hope this helps! Let me know if you have other 
questions or requests.
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Table 12.  ChatGPT’s answer is wrong, and Bard’s answer is correct.
Q. No Question Initial answers Are you sure?

Q [80] Bard Medium-term 
demand 
management 
projections are 
used primarily 
to:

A. Complete 
strategic 
business 
planning of 
facilities.

B. Complete 
forecasts at the 
item level.

C. aggregate 
demand for 
production 
planning.

D. Develop the 
master 
production 
schedule.

The answer is C. aggregate demand for 
production planning.

Medium-term demand management projections are 
used to aggregate demand for production 
planning. This is because medium-term demand 
management projections cover a period that is 
too long for item-level forecasts to be accurate. 
By aggregating demand for production planning, 
companies can ensure they have the proper 
inventory to meet demand.

Option A, complete strategic business planning of 
facilities, is not the primary purpose of 
medium-term demand management projections. 
Strategic business planning is a long-term process 
not typically based on medium-term demand 
management projections.

Option B, complete forecasts at the item level, is not 
the primary purpose of medium-term demand 
management projections. Item-level forecasts are 
typically used for short-term planning, such as 
inventory management and order fulfillment.

Option D, developing the master production 
schedule, is not the primary purpose of 
medium-term demand management projections. 
The master production schedule is a detailed plan 
that specifies the quantity and timing of 
production for each product. It is typically based 
on short-term demand forecasts.

In conclusion, medium-term demand management 
projections primarily aggregate demand for 
production planning. This is because 
medium-term demand management projections 
cover a period that is too long for item-level 
forecasts to be accurate. By aggregating demand 
for production planning, companies can ensure 
they have the proper inventory to meet demand.

Q [80] 
ChatGPT

Medium-term 
demand 
management 
projections are 
used primarily 
to:

A. Complete 
strategic 
business 
planning of 
facilities.

B. Complete 
forecasts at the 
item level.

C. aggregate 
demand for 
production 
planning.

D. Develop the 
master 
production 
schedule.

Medium-term demand management projections 
typically span from a few months up to a year or 
two. They are not as long-term as strategic 
business plans, which might consider multiple 
years or decades, and they are not as short-term 
as immediate production schedules or detailed 
item-level forecasts.

Given the options provided, the most suitable use of 
medium-term demand management  
projections is:

D. Develop the master production schedule.
The master production schedule (MPS) provides a 

plan for producing individual end items or 
products. It is more detailed than long-term 
strategic plans but not as granular as short-term 
daily or weekly schedules. The MPS typically falls 
within the medium-term range and uses 
medium-term demand forecasts to balance and 
align production plans with anticipated demand.

Therefore, the correct answer is D. Develop the 
master production schedule.

Let us reevaluate the options:
A. Complete strategic business planning of facilities 

typically pertains to long-term projections. Strategic 
business planning would involve decisions like 
building new facilities, closing old ones, or making 
significant capital investments. Such decisions usually 
require a much longer horizon than the 
medium-term.

B. Complete forecasts at the item level can be 
short-term or medium-term. Nevertheless, item-level 
forecasts are usually more detailed and short-term to 
drive immediate production or purchasing decisions.

C. Aggregate demand for production planning: This is a 
potential use for medium-term demand management 
projections. Aggregating demand over a 
medium-term horizon provides a macrolevel view to 
help balance resources and capacities and make 
decisions about broader production strategies.

D. Develop the master production schedule (MPS): The 
MPS translates the strategic business plan into a 
tactical production plan. It typically covers the 
medium-term horizon, often in monthly buckets, to 
plan production for specific items in response to 
forecasted demand.

Upon reconsideration, both C and D are relevant for 
medium-term demand management projections. 
However, when distinguishing between the aggregate 
level of production planning and the more specific 
MPS, the master production schedule might lean 
more toward the shorter side of the medium term.

Given the emphasis on aggregation in option C, which 
fits the medium-term scope, ‘aggregate demand for 
production planning’ could be a more fitting answer 
than the MPS.

Therefore, revising my earlier response, the correct 
answer is likely C. aggregate demand for 
production planning.
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provided for ChatGPT’s top picks. However, the precise standards for excluding particular comments were 
not immediately clear.

ChatGPT and Bard strengths and weaknesses

ChatGPT is adaptable in its responses and may offer solutions for various questions and domains. It 
effectively adjusts to various questions and situations. ChatGPT handles queries rapidly and produces 
responses. It is suitable for applications that demand quick information retrieval because it is responsive 
and accessible around the clock. ChatGPT is a useful tool for jobs involving data analysis and information 
synthesis since it is excellent at processing and summarizing enormous amounts of information. ChatGPT 
is adaptable for various use cases and applications since it can handle several queries and tasks. Initial 
ChatGPT responses could be inaccurate or mistaken, and those responses frequently need to be verified 
and corrected. ChatGPT may have trouble comprehending context and providing nuanced responses, 
occasionally resulting in misunderstandings. Ethical questions are raised by ChatGPT’s potential to rein-
force biases unintentionally found in its training data. Understanding how ChatGPT arrives at a specific 
answer may be difficult because of the possible lack of openness and interpretability of ChatGPT 
responses.

Bard exhibits deep knowledge of the specialized field in which it is trained. In its specialist field, Bard 
consistently and accurately provides information in its responses. Typically, Bard’s succinct responses 
address their inquiries immediately and offer pertinent and detailed information. Bards continually 
emphasize moral issues, particularly in circumstances requiring moral quandaries, encouraging ethical 
and responsible decisions. Bards’ responses might not be as adaptable or diverse as those of ChatGPTs, 
and they might not be able to handle inquiries or situations outside of their purview. Despite being the 
best in its field, Bard’s responses might not always provide logical justifications or explanations, which 
makes its decision-making procedures less transparent.

Upon closer examination, one unexpected finding was Bard’s slight edge in accessibility, as indicated 
by its higher Flesch readability ease score, despite ChatGPT outperforming Bard in accuracy and rele-
vance. This suggests that while Bard’s responses may be easier to understand, they may not always be 
as precise or contextually relevant as ChatGPT’s. ChatGPT’s superior performance in terms of accuracy 
and relevance likely stems from its more advanced training on a broader dataset and its iterative 
improvement model, which prioritizes utility and safety. Additionally, we observed that ChatGPT was 
better at handling complex, multipart questions, potentially because of its architecture’s stronger focus 

Table 13. A  comparison of justifications offered by ChatGPT and Bard.
Aspect Bard Response ChatGPT Response

Supply Chain Expertise Bard provides precise and thorough 
explanations, demonstrating a solid grasp 
of supply chain management concepts.

While ChatGPT demonstrates a fair understanding of supply 
chain concepts, it occasionally gives less thorough or precise 
responses.

Initial Accuracy Bard frequently gives the right responses and 
justifications right away, demonstrating 
consistent expertise in the supply chain 
industry.

Initial responses from ChatGPT could be inaccurate or mistaken, 
necessitating more analysis and correction.

Responsiveness to 
question

Bard typically gives concise, direct comments 
that provide understandable and pertinent 
information.

The lengthy nature of ChatGPT’s comments may make it more 
difficult to get the precise details needed to answer the 
query.

Flexibility in approaches Bard frequently takes a systematic and 
thorough approach to supply chain 
scenarios, considering several elements 
before providing solutions.

The method taken by ChatGPT is more adaptable and may 
provide quick, practical answers without carefully considering 
every aspect.

Handling of complex 
scenarios

With its comprehensive and strategic 
solutions, Bard excels at managing 
challenging supply chain situations.

When faced with complex or multifaceted problems, ChatGPT 
may struggle and offer a more straightforward or less 
comprehensive solution.

Depth of knowledge Bard frequently demonstrates extensive topic 
expertise in his comments, offering subtle 
insights into supply chain management 
fundamentals.

The breadth of ChatGPT’s expertise can vary, and it might not 
always offer in-depth justifications or insights.

Verifiability of information Bard’s solutions are typically well-researched 
and based on accepted supply chain ideas 
and procedures.

Critical judgments may need to be confirmed externally if a 
ChatGPT response lacks particular citations or references.
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on problem-solving and decision-making scenarios. These factors contribute to the model’s overall advan-
tage in professional applications such as supply chain management.

Although thorough, the study uses 150 multiple-choice questions (MCQs) from the APICS CSCP exam, 
which focuses on a particular area of supply chain management. The dataset may not fully capture the 
real-world practical, hands-on experience that professionals may encounter because it largely focuses on 
the theoretical parts of supply chain management. There might be a bias in this dataset toward queries 
with a more academic focus as opposed to scenarios involving real-world problem solving. As a result, 
the study may not adequately represent how well AI models perform in real-world settings where situ-
ational awareness and on-the-ground decision-making are crucial.

According to the study, ChatGPT and Bard can both be quite helpful as study tools, especially for 
students who are preparing for tests such as the APICS CSCP. They can be used to present different 
viewpoints on supply chain management principles, explain things, and mimic test situations. By encour-
aging students to consider other perspectives and emphasizing the need to critically evaluate and 
cross-reference AI-generated content with traditional textbooks and professional guidelines, educators 
can use these AI technologies to improve learning outcomes for their students. Both approaches can 
provide more educational materials because of ChatGPT’s flexibility and speed as well as Bard’s ability to 
provide clear, concise explanations. To achieve particular learning objectives, this entails developing com-
prehensive lesson plans, practice questions, and instructive examples. By using these models, educators 
may quickly create personalized content that targets particular areas in which students struggle and 
offers more specialized resources and help. AI models can be utilized for continuing education and pro-
fessional development for supply chain management experts. They can offer succinct responses and use-
ful ideas that might support brainstorming sessions, particularly in situations where a variety of viewpoints 
might be advantageous. Businesses can include AI tools in their training programs to provide workers 
with up-to-date knowledge about industry norms and practices. This is a dynamic approach to learning 
about new tactics and technology.

6.  Conclusions and implications

Deep learning uses generative AI tools such as ChatGPT and Bard to process and comprehend human 
language. Owing to their thorough training in textual data, these models can understand grammar and 
context and produce language that resembles human responses. GAI tools are essential for improving 
human–computer interactions for chatbots, sentiment analysis, and content creation. They can consis-
tently address new obstacles owing to their aptitude for learning and flexibility. While Bard by Google 
focuses on more dynamic, human-like discussions, ChatGPT, developed by OpenAI, is intended for inter-
active text-based conversations. Both methods have been used across various industries, from content 
generation to niche markets. Research is still being conducted to determine their advantages and disad-
vantages in various situations. The performance of two well-known large language models, ChatGPT and 
Bard, in answering supply chain management-related queries was thoroughly compared in this study. A 
complex understanding of their capabilities was developed by thoroughly examining their accuracy, rel-
evance, and clarity and the effect of confirmation inquiries. The results showed that both models have 
great potential for understanding and reacting to supply chain management topics.

The results of this investigation have numerous consequences. First, the analysis revealed that ChatGPT 
performed better than Bard did in terms of accuracy and relevance, with statistically significant differ-
ences. Furthermore, the effectiveness of confirmation questions in boosting response accuracy points to 
a viable direction for increasing the dependability of AI-generated answers via iterative feedback 
mechanisms.

Examining cosine similarity values also highlighted that both models showed various degrees of align-
ment in their responses, suggesting the possibility of agreement on particular supply chain issues. 
However, the uniqueness of some queries that one model successfully answers but not the other high-
lights the importance of diversity in AI-driven solutions for intricate and multidimensional areas such as 
supply chain management. With both models targeting readers with college-level reading ability, the 
readability analysis highlighted the accessibility of created content. Both systems generated writing that 
was usually in line with higher educational levels, showing their application in academic and professional 
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situations, albeit Bard showed a modest readability advantage. The comparative examination of question 
coverage indicated that the tactics used by developers to adjust and enforce rules substantially impact 
the knowledge bases and sensibility of these AI systems. Bard’s stricter requirements, which prevent 
possible misuse, contrast with OpenAI’s iterative process and commitment to balancing utility and safety.

The bullwhip effect practices to increase process efficiency, the synchronization of supply and demand 
activities, the impact of globalization on supply chains, involving suppliers in design, measuring reliabil-
ity, the SCOR model, the goal of GRI, undesirable attributes, revenue-focused CRM activities, quality-based 
supplier selection, and other concepts were all accurately addressed by ChatGPT and Bard. Additionally, 
they were aware of issues such as customs clearance for international sourcing, reducing the bullwhip 
effect, forecasting methods, reducing cash-to-cash cycle time, and the role of technologies such as bar 
codes and RFID. Both organizations, however, needed help with some ideas. The importance of price 
differentiation, the value of interpersonal communication and negotiation with suppliers, the significance 
of manufacturing facilities’ location for cost competitiveness in exports, handling a key supplier’s viola-
tion of the UN Global Compact, and balancing costs in lot size decisions were among them. They also 
included assessing the delivery performance of forecast-built items. Additional explanations for these 
ideas could be needed to resolve potential misunderstandings or comprehension gaps.

The study offers a nuanced understanding of the potential and limitations of GAI tools in the realm 
of supply chain management. These systems not only enhance decision-making and operational effi-
ciency through advanced data analysis and text processing but also offer capabilities for improved stake-
holder communication and customer engagement. Despite these advancements, the study calls attention 
to the imperative of responsible AI development, emphasizing the need for ongoing model adaptation 
to ensure ethical and safe application, particularly as these technologies become integral to complex 
domains such as supply chain management.

This study has certain limitations. The analysis is based on a dataset with only 150 questions. As a 
result, the size of the dataset may constrain the applicability of the findings. It is also critical to consider 
the possibility of bias introduced by raters and coders when the Likert scale is used, which could impact 
the accuracy of the evaluation.

A larger dataset comprising a wider variety of queries and scenarios may offer a better understanding 
of the models’ capabilities. Open-ended questions, simulations, and real-world case studies could be 
used to gauge how well an AI can solve challenging problems and provide original answers. A more 
thorough assessment of AI tools in diverse settings would be made possible by this extension, offering 
insights into the tools’ suitability for use in a range of sectors and businesses beyond supply chain 
management.

Examining how iterative feedback loops affect the models’ learning and accuracy of responses may 
provide insightful information. This study investigated how model performance changes over time when 
models are continuously trained with real-time user feedback. Comprehending the function of feedback 
in fine-tuning artificial intelligence responses might result in the creation of AI tools that are more flex-
ible and responsive, thus increasing their usefulness in ever-changing and dynamic domains.

By examining how various training datasets affect model performance, biases and knowledge gaps 
may be found. Future research might assess how data diversity influences accuracy and relevance by 
comparing models trained on a variety of datasets, such as non-English sources and domain-specific 
content. The results of this study may direct the creation of more inclusive and thorough AI models that 
can comprehend and address a greater variety of viewpoints and situations.
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