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 Abstract 

 Materials engineering is an ever-expanding field with broad applications, and Artificial 

 Intelligence (AI) shows great promise for advancing new materials. While previous research has 

 focused on developing new materials, little research has explored the potential of AI in assisting 

 materials engineers, engineer-AI interactions, and its incorporation into decision-making 

 processes. To address this issue, we devised a rubric to assess various AI systems currently on 

 the market based on specific criteria relevant for engineers’ decision-making (e.g. ease of use, 

 trustworthiness, memory, accuracy, and speed). We independently applied this rubric to evaluate 

 eight AI systems: ChatGPT, Elicit, SciSpace Copilot, Writeful X, Paperpal, QuillBot, 

 PaperDigest, and Notion. We then incorporated the rubric into a survey distributed to materials 

 engineers, who provided ratings about their perceptions, decision-making processes, and overall 

 evaluations of these eight systems. Finally, we conducted a case study where an engineering 

 student used AI to write an academic paper on a quaternary alloy system, documenting their 

 firsthand experience and perceptions of AI in materials science. Overall, this study is among the 

 first to provide insights into AI’s potential applications and implications in materials engineering. 
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 The field of materials engineering is constantly evolving, driven by the quest to develop 

 new materials with enhanced properties for various applications, such as the creation of the 

 ternary CrCoNi system which has been extensively studied because of its unique mechanical 

 properties, exhibiting higher strength and ductility than quaternary or quinary alloys made from 

 this system  (Ding et al., 2022; Laplanche et al.,  2017; Miao et al., 2017)  . In recent years, the field 

 of Artificial Intelligence (AI) has emerged as a powerful tool with the potential to revolutionize 

 and create new possibilities for various industries, including materials engineering. Leveraging 

 AI can significantly expedite the development process, enabling engineers to make informed 

 decisions. However, to harness the full potential of AI in this domain, it is crucial to understand 

 how materials engineers can effectively integrate and interact with AI systems as they identify 

 key properties of new candidate materials. While previous research has focused on materials 

 development, little attention has been given to exploring the potential of AI in assisting engineers 

 in this area. Additionally, there is a scarcity of research concerning the interaction between 

 engineers and AI, particularly within the domain of materials engineering. Furthermore, the 

 incorporation of AI in decision-making processes within this field remains largely unexplored. 

 AI is a revolutionary technology that has gained significant attention since its inception in 

 1955. Coined by John McCarthy, AI is defined as “the science and engineering of making 

 intelligent machines”  (Manning, 2020)  . Additionally,  AI has been studied by authors Stuart 

 Russell and Peter Norvig, who published  Artificial  Intelligence: A Modern Approach  , which is 

 one of the leading textbooks in the study of AI. Russell and Norvig categorize AI into four goals 

 on the basis of rationality and thinking vs acting: systems that exhibit human-like thinking, 

 systems that imitate human behavior, systems that think rationally, and systems that act rationally 

 (  What Is Artificial Intelligence (AI)?  , n.d.)  . AI  contains two subcategories: machine learning 

https://www.zotero.org/google-docs/?AsmNu5
https://www.zotero.org/google-docs/?QJgdz6
https://www.zotero.org/google-docs/?0TqjGs
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 (ML) and deep learning. Machine learning focuses on enhancing computer agents’ perception, 

 knowledge, thinking, or actions through training with vast datasets; while deep learning employs 

 neural networks to simulate human brain behavior, enabling learning from datasets and 

 generating language  (Manning, 2020)  (  What Is Deep  Learning?  , n.d.)  . Finally, AI encompasses 

 two primary types: weak AI and strong AI. Weak AI, also referred to as Narrow AI or Artificial 

 Narrow Intelligence (ANI), is designed to perform specific tasks. On the other hand, Strong AI 

 includes Artificial General Intelligence (AGI), which possesses intelligence comparable to 

 humans, and Artificial Super Intelligence (ASI), which surpasses human intelligence  (  What Is 

 Artificial Intelligence (AI)?  , n.d.)  . In this paper,  we analyzed Chatbox AI systems, which have a 

 limited memory and are restricted to a single medium (text-based chat), classifying them and 

 similar systems as a form of Narrow or Weak AI  (Cashman,  2023)  . 

 The primary goal of the present study was to investigate how materials engineers can 

 leverage AI to facilitate the development of new materials. To achieve this objective, we adopted 

 a comprehensive approach, as we established evaluative criteria for popular AI systems, 

 characterized engineers’ perceptions and attitudes towards these systems, and explored 

 decision-making processes within the context of AI integration. To evaluate AI systems, we 

 devised a rubric that assessed various AI systems based on specific criteria. This rubric served as 

 a foundation for a survey designed to gather insights from materials engineers. The survey 

 encompassed a diverse range of question types, exploring general perceptions and attitudes 

 towards AI, as well as engineers’ evaluations of eight prominent AI systems using the 

 established rubric. Furthermore, the survey aimed to understand if materials engineers trust AI 

 and if it can be implemented into their decision-making processes. Finally, to provide real-world 

 insights on the practical application of AI in materials science, we conducted a case study where 

https://www.zotero.org/google-docs/?vvtxV1
https://www.zotero.org/google-docs/?cG2zZ5
https://www.zotero.org/google-docs/?gvU57G
https://www.zotero.org/google-docs/?gvU57G
https://www.zotero.org/google-docs/?mJUopZ
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 an engineer utilized AI to write an academic paper on a system containing four elements, a 

 quaternary alloy. 

 Through this comprehensive approach, encompassing rubric-based evaluations, surveys, 

 and a case study, this study sought to shed light on the untapped potential of the utility of AI in 

 materials engineering. By identifying the strengths and limitations of AI systems and 

 understanding how materials engineers interact with AI, we aimed to pave the way for a more 

 efficient and productive future in materials engineering. This project addressed a critical gap in 

 the current research landscape and aimed to contribute to the advancement of materials science 

 and provide valuable guidance for future applications of AI in all engineering contexts. 

 What is Artificial Intelligence 

 Artificial Intelligence (AI) is a term coined by the emeritus Stanford Professor John 

 McCarthy in 1955. He defined it as “the science and engineering of making intelligent 

 machines”  (Manning, 2020)  . Additionally, AI has been  studied by authors Stuart Russell and 

 Peter Norvig, who published  Artificial Intelligence:  A Modern Approach  , which is one of the 

 leading textbooks in the study of AI. Russell and Norvig categorize AI into four goals on the 

 basis of rationality and thinking vs acting: systems that exhibit human-like thinking, systems that 

 imitate human behavior, systems that think rationally, and systems that act rationally  (  What Is 

 Artificial Intelligence (AI)?  , n.d.)  . Based on this  research, AI is a multidisciplinary field that 

 combines computer science and robust datasets to enable problem-solving  (  What Is Artificial 

 Intelligence (AI)?  , n.d.)  . Two notable subcategories  of AI include (1) machine learning (ML), 

 which focuses on how computer agents can enhance their perception, knowledge, thinking, or 

 actions via training with large amounts of data, and (2) deep learning, is comprised of a neural 

https://www.zotero.org/google-docs/?O9ThNr
https://www.zotero.org/google-docs/?0W9hY7
https://www.zotero.org/google-docs/?0W9hY7
https://www.zotero.org/google-docs/?4gcfCm
https://www.zotero.org/google-docs/?4gcfCm
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 network that attempts to simulate the behavior of the human brain, allowing it to learn from large 

 amounts of data  (Manning, 2020)  (  What Is Deep Learning?  ,  n.d.)  . 

 Artificial Intelligence encompasses two primary types: weak AI and strong AI. Weak AI, 

 also referred to as Narrow AI or Artificial Narrow Intelligence (ANI), is designed to perform 

 specific tasks. For instance, autonomous vehicles are designed only to drive safely, while Apple’s 

 Siri or Amazon’s Alexa can only perform tasks when prompted and connected to other smart 

 devices. While these AI systems demonstrate intelligence, their capabilities are confined to 

 specific domains, hence the term Narrow AI, as they cannot venture into other fields. On the 

 other hand, Strong AI includes Artificial General Intelligence (AGI), which possesses 

 intelligence comparable to humans, and Artificial Super Intelligence (ASI), which surpasses 

 human intelligence  (  What Is Artificial Intelligence  (AI)?  , n.d.)  . Chatbot AI systems, such as Chat 

 Generative Pre-Trained Transformer (ChatGPT), employ natural language processing (NLP) 

 models that draw upon very large corpuses of text data to learn the statistical patterns and 

 regularities of the human language, in order to generate words and sentences that mirror 

 conversation in human dialogue  (Paul et al., 2023)  .  Chatbox AI systems have a limited memory 

 and since they are restricted to a single medium (text-based chat), it classifies them and similar 

 systems as a form of Narrow or Weak AI  (Cashman, 2023)  .  ChatGPT and similar AI systems 

 find applications in speech recognition, customer service, computer vision, recommendation 

 engines, automated stock trading, and other domains  (  What Is Artificial Intelligence (AI)?  , n.d.)  . 

 Despite the aforementioned benefits, there are potential drawbacks associated with AI 

 systems. Users may become overly reliant on AI for decision-making, chatbot AI systems can 

 generate misinformation that is not based on facts, and the systems may exhibit bias and 

 discriminatory behavior in the text generated, due to biases in the data that the AI was trained on. 

https://www.zotero.org/google-docs/?aq5AxL
https://www.zotero.org/google-docs/?PFvcVd
https://www.zotero.org/google-docs/?jINLXt
https://www.zotero.org/google-docs/?WXcBXw
https://www.zotero.org/google-docs/?SzyWsD
https://www.zotero.org/google-docs/?Dkjxde


 12 

 In addition, chatbox AI systems may collect and store data from user interactions, there may be a 

 lack of contextual understanding when providing responses, the AI may influence users’ moral 

 judgments, and the systems may even be exploited for generating phishing emails and facilitating 

 attacks  (Paul et al., 2023)  . Nevertheless, AI systems  like ChatGPT can be especially useful for 

 engineers in various tasks, such as design assistance, cost estimating, rendering and visualization, 

 code compliance, energy analysis, note-taking, email composition, research, and code generation 

 (ArchSmarter, 2023)  . These AI systems can help save  time and increase the productivity of 

 engineers, however, it is important to note that they still rely on human decision-making, which 

 cannot be completely substituted by AI. 

 Information Processing and Decision-Making in Engineering Contexts 

 Information Processing 

 Cognitive psychologists use the information processing model to explain how humans 

 receive, process, and utilize information  (Borris,  2022)  . One of the major information processing 

 models, the Baddeley-Hitch model, as known as the “working model,” suggests that short-term 

 memory has several subsystems that process different types of information. These include the (1) 

 phonological loop, which processes auditory information, (2) the visuospatial sketchpad, which 

 processes visual information, (3) the central executive, which coordinates information 

 processing, making decisions, critical thinking, and controlling attention, and (4) the episodic 

 buffer, which temporarily stores information from the other parts of the model  (Borris, 2022)  . 

 Engineers rely on all these subsystems to effectively process information and make 

 informed decisions. For instance, engineers utilize the phonological loop to process auditory 

 information received from colleagues, while they employ the visuospatial sketchpad to analyze 

https://www.zotero.org/google-docs/?eUjr1E
https://www.zotero.org/google-docs/?mLiRqe
https://www.zotero.org/google-docs/?OcRoLr
https://www.zotero.org/google-docs/?2dNwRR


 13 

 visual data, such as when interacting with machines to identify potential issues. Moreover, the 

 visuospatial sketchpad also plays a crucial role in interpreting the additional layer of information 

 provided by AI. Meanwhile, the central executive plays a key role in interpreting the diverse 

 input of information to aid engineers in decision-making, while the episodic buffer temporarily 

 stores all the information involved in the process. However, the information processing model 

 relies on several fundamental assumptions, such as its capacity to manage and process 

 information, the requirement of a controlled system, and the brain’s limited memory capacity 

 (Borris, 2022)  . 

 Information Processing in Decision-Making 

 Decisions arise from the dynamic interplay of multiple functional systems, working in 

 parallel to process information in distinct ways. The process of decision-making involves three 

 primary action-selection components: the Pavlovian system, the habit system, and the 

 deliberative system. 

 The Pavlovian system triggers an action from a limited set of potential actions in 

 response to specific stimuli. Conversely, the habit system allows for arbitrary stimulus-action 

 pairings, enabling automatic and ingrained behaviors. The deliberative system, characterized by 

 flexibility, utilizes knowledge of the causal structure of the world to envision future scenarios, 

 facilitating the planning of actions that optimize expected rewards. Each of these systems 

 involves various anatomical structures that contribute to their information processing. 

 The hippocampus, for instance, plays a crucial role in creating a mental map of the world, 

 allowing for the exploration and imagination of future possibilities. The dorsal striatal neurons 

 contribute to forming associations between situations and corresponding actions. Furthermore, 

https://www.zotero.org/google-docs/?N2ej6H
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 the ventral striatum serves to maintain representations of value across all three systems, 

 contributing to the decision-making processes  (van  der Meer et al., 2012)  . 

 As previously mentioned, engineers encounter numerous decisions, and they must utilize 

 all three primary action-selection components. For instance, the Pavlovian system allows 

 engineers to swiftly react to an alarm in order to resolve a problem safely, which is especially 

 important for engineers working on a chemical plant or in a high-risk environment. The habit 

 system allows engineers quickly to inspect product quality by leveraging their accumulated 

 experience with specific dimensions, specifications, and performance indicators. On the other 

 hand, the deliberative system allows engineers to plan for future endeavors, whether it involves 

 designing a new machine or carefully weighing potential solutions to a problem, in order to make 

 a sound decision. 

 In the realm of materials engineers, the Pavlovian system plays a pivotal role in 

 facilitating a cyclical process of testing, analyzing, and refining designs. Materials engineers 

 employ this system to learn from past experiments, making necessary adjustments to optimize 

 the performance and properties of materials. Moreover, by leveraging their accumulated 

 knowledge and expertise, engineers utilize the habit system to expedite the discovery of new 

 materials. Their familiarity with specific dimensions, specifications, and performance indicators 

 enables them to swiftly assess product quality and make informed decisions. Additionally, 

 materials engineers employ the deliberative system to strategically test various alloys, efficiently 

 identifying optimal solutions for specific applications. They plan meticulously for future material 

 usage, considering factors such as durability, cost-effectiveness, and performance requirements. 

 By integrating these three primary action-selection components, materials engineers enhance 

https://www.zotero.org/google-docs/?R8eZOD
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 their decision-making processes, thereby ensuring the development of innovative and functional 

 materials tailored to diverse industry needs. 

 Decision-Making Theories 

 Decision-making is a fundamental yet complex psychological process that individuals 

 engage in on a daily basis. A decision represents an ill-structured problem involving evaluating 

 multiple options and ultimately committing to a particular choice. There are different 

 perspectives on decision-making: normative models propose that decisions aim to maximize 

 utility, while naturalistic approaches suggest that personal beliefs and past experiences influence 

 decision-making  (Zhang, n.d.)  . 

 Normative models encompass various frameworks, such as rational choice models, 

 cost-benefit analysis, and risk assessment models. Rational-choice models involve identifying 

 options, establishing evaluation criteria, weighing each option, and selecting the one with the 

 highest score. The cost-benefit analysis attempts to quantify values associated with each 

 decision, while the risk assessment model incorporates probability analysis to evaluate expected 

 values, taking into account the consequences of both false positives and false negatives  (Zhang, 

 n.d.)  . 

 Naturalistic approaches to decision-making include narrative-based decision-making, 

 identify-based decision-making, and the influence of the unconscious mind on decision-making 

 (Jonassen, 2012)  . These perspectives emphasize the  role of personal experiences, beliefs, and 

 psychological factors in shaping decision-making processes. The difference in the normative 

 models and naturalists approaches may cause an interesting tension for an experienced engineer 

 when making decisions. On one hand, they may “trust their gut” and use their accumulated 

 knowledge to make a decision (naturalistic approach), or on the other hand they may choose an 

https://www.zotero.org/google-docs/?XpjhD3
https://www.zotero.org/google-docs/?M1X1lV
https://www.zotero.org/google-docs/?M1X1lV
https://www.zotero.org/google-docs/?VgJWMV
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 optimal solution proposed by AI and supported by rational-choice models, that may ignore or 

 disregard some factor or variable (normative model). 

 Decisions are typically made under three circumstances: risk, uncertainty, and ambiguity. 

 Risk refers to situations where the probabilities of different outcomes are known. Uncertainty 

 arises when the probabilities of outcomes are unknown or difficult to estimate accurately. 

 Ambiguity occurs when the goals, options, or outcomes are unclear or poorly defined  (Zhang, 

 n.d.)  . 

 Furthermore, decisions can be classified into four categories; choices (selection of a 

 subset from a larger set of alternatives), acceptance/rejections (binary decisions), evaluations 

 (assigning worth to an option), and constructions (attempting to create an ideal solution within 

 available resources)  (Zhang, n.d.)  . Engineers make  decisions in all four categories and therefore 

 must be well-equipped to solve any problem. Overall, decision-making can be understood 

 through various theories and models that consider rationality, value assessments, risk analysis, 

 and the influence of personal experiences and beliefs. 

 Steps for Decision-Making 

 The typical engineering decision-making process, as defined by the Brown University 

 Division of Engineering, involves several steps. First, it is crucial to clearly define the objective 

 of solving a specific problem. Next, all possible solutions are generated. Then, the predicted 

 outcome of each solution is assessed. Finally, the best solution is determined by examining the 

 pros and cons, and considering costs and benefits  (Brown University, n.d.)  . Engineers commonly 

 adhere to this systematic approach when making decisions, however, the integration of AI 

 introduces additional layers of information that must be processed and taken into account to 

 make well-informed decisions. 

https://www.zotero.org/google-docs/?0yZnyd
https://www.zotero.org/google-docs/?0yZnyd
https://www.zotero.org/google-docs/?NtaAuI
https://www.zotero.org/google-docs/?26mGEl
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 David Ullman, a professor, author, and specialist on product design and decision-making, 

 outlines his twelve-step approach to decision-making  (Ullman, 2010)  ;  (Zhang, n.d.)  . These steps 

 are as follows: 

 Figure 1.  David Ullman’s twelve-step approach to decision-making.  This figure was taken 

 directly from Ullman’s paper  (Ullman, 2010)  . 

 When making decisions, engineers have a responsibility to consider the impact on both 

 their company and consumers. They must take into account various factors, including budgetary 

 constraints and project timelines, which complicate the decisions even more. By following these 

 steps, decision-makers can effectively approach the decision-making process, ensuring thorough 

 evaluation of alternatives and considering important criteria for reaching the best possible 

 solution. 

https://www.zotero.org/google-docs/?9OHZIH
https://www.zotero.org/google-docs/?yNipg1
https://www.zotero.org/google-docs/?eybBo8
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 Problem-Solving 

 Decision-making is the most common kind of problem-solving  (Jonassen, 2012)  . Each 

 problem possesses a unique context, demanding specific skills to resolve it, and engineers must 

 be prepared to solve each distinctive problem. The complexity of a problem can be influenced by 

 various external factors, including cultural, organizational, and social contexts, the level of 

 difficulty and knowledge required, the problem’s structure, the problem-solver’s perspective, and 

 whether the problem is static or dynamic. 

 Problem-solving can be delineated into five phases: identification, information searching, 

 solution identification, solution evaluation, and monitoring. Additionally, it is crucial to 

 acknowledge the degree of structuredness inherent in a problem, which can range from 

 ill-structured to well-structured. Well-structured problems provide all the necessary information 

 for their resolution, requiring a limited number of rules and principles, and featuring clear and 

 comprehensible solutions. Well-structured problems are not typically found in everyday work for 

 engineers, however they are found in formal educational contexts, like the practice problems 

 found at the end of textbooks. Conversely, ill-structured problems lack self-contained 

 boundaries, their solutions are unpredictable, they often involve interdisciplinary aspects and 

 conflicting goals, and multiple solutions may exist. These problems are encountered more 

 frequently in everyday life and work, for example, an engineer may need to come up with a 

 solution to fix a machine in which the problem is unknown and there are no boundaries to the 

 solution  (Jonassen, 2015)  . 

 Tools to Make Decisions 

 The tools to aid decision-making can be categorized into rational choice tools and 

 narrative methods. One rational choice tool is the decision matrix, also known as the Pugh 

https://www.zotero.org/google-docs/?x6OZK1
https://www.zotero.org/google-docs/?RU37Zf
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 method. It involves representing options in rows and criteria, assessed through quantitative or 

 qualitative values, in columns within a matrix or table. Another rational choice tool is the SWOT 

 analysis, which evaluates both internal and external forces, encompassing strengths, weaknesses, 

 opportunities, and threats associated with a decision. Force-field analysis is yet another rational 

 choice tool that examines the forces supporting or opposing a specific action, considering the 

 pros and cons. Lastly, argumentation serves as a rational choice tool where decision-makers 

 generate arguments to resolve conflicts among competing options. These tools allow engineers to 

 logically weigh potential options while considering all external factors. 

 Narrative methods offer alternative approaches to decision-making. Hypothetical 

 scenarios are created, constructing stories that anticipate future events during times of 

 uncertainty. Mental simulations represent another narrative method, involving the formation of 

 scenarios that explain how events have unfolded from the past to the present and how they are 

 likely to progress in the future, drawing upon past experiences. Narrative methods allow 

 engineers to work through the outcome(s) of potential options. The tools from both categories 

 rely on the assumptions made regarding the situation and assist individuals in offloading 

 cognitive responsibility when making judgments  (Jonassen,  2012)  . When using these tools, AI 

 can contribute to the generation of the tools or even consider other factors or outcomes that the 

 engineer may not have already examined. 

 How Engineers Solve Problems and Interact with AI 

 Engineers are trained to approach problems with a pragmatic and logical mindset, 

 prioritizing efficiency, utility, and cost minimization over aesthetics and flair  (Zhang, n.d.)  . The 

 problems they encounter vary in terms of their structuredness, encompassing algorithms, 

https://www.zotero.org/google-docs/?9pItgm
https://www.zotero.org/google-docs/?3dRLLV
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 troubleshooting, strategic performance issues, and planning problems. The three common kinds 

 of problems that engineers solve are decision-making, troubleshooting, and design problems. 

 Decision-making problems often require engineers to select the most suitable solution, address 

 an issue, or determine a course of action. Rational-choice tools like decision matrices and 

 narrative methods are commonly employed to solve such problems. However, these problems are 

 rarely content-neutral, as the decision-maker’s beliefs and knowledge may influence the 

 decision-making process. Troubleshooting problems arise when a system is not functioning 

 properly. Engineers rely on the symptoms to generate and test hypotheses about potential faults. 

 Design problems are typically ill-defined, featuring ambiguous goals and multiple potential 

 solutions. To solve these types of problems, engineers define the problem, develop a conceptual 

 design, and proceed with preliminary, detailed, and final designs  (Jonassen, 2015)  . 

 When engineers interact with AI, there are three essential elements in the interaction: the 

 user, the system, and the context  (Chen et al., 2021)  .  In order for engineers to successfully use AI 

 and enhance their productivity, the explainability of the AI systems’ behavior  becomes crucial. 

 It should be considered from three different dimensions: the intended recipient of the 

 explanation, the purpose for which the explanation is needed, and the contextual factors and 

 other relevant information associated with the explanation  (Ferreira & Monteiro, 2020)  . By 

 incorporating these dimensions, AI explanations can be tailored to fit the engineer’s specific 

 needs and expectations in the right format and at the appropriate moment. The integration of 

 these three elements acknowledges the impact of the user’s internal state (such as 

 predispositions, expectations, needs, motivation, and mood), the characteristics of the designed 

 system (such as complexity, purpose, usability, and functionality), and the context in which the 

https://www.zotero.org/google-docs/?LQM761
https://www.zotero.org/google-docs/?ubHcoz
https://www.zotero.org/google-docs/?QvR14M


 21 

 interaction occurs (including organizational and social settings, the meaningfulness of the 

 activity, and voluntariness of use)  (Chen et al.,  2021)  . 

 Explainability plays a vital role in this context, as engineers require more than just the 

 output of the AI model. Explanations cannot be standardized since each engineer seeks 

 explanations based on their unique expectations, background, and needs. However, eXplainable 

 AI (XAI) is just one element and must be complemented by other data to have meaningful 

 implications for engineers in problem-solving and decision-making processes. XAI is critical 

 across all domains utilizing AI, as a proper understanding of the user (engineer) is essential to 

 provide adequate explanations that enhance their productivity  (Ferreira & Monteiro, 2020)  . 

 AI Systems 

 AI systems encompass a wide range of functions, depending on the user’s goals. Eight AI 

 systems (ChatGPT, Elicit, SciSpace Copilot, Writefull X, Paperpal, QuillBot, Paper Digest, and 

 Notion) can be separated into three categories based on their functionalities: interactive response 

 generation (e.g. ChatGPT), research support and analysis (e.g. Elicit, SciSpace Copilot, Writefull 

 X, and Paper Digest), and text editing and summarization tools (e.g. Paperpal, Quillbot, and 

 Notion AI). 

 Category 1: Interactive Response Generation 

 This category includes ChatGPT and similar systems like Google Bard. ChatGPT 

 facilitates interactive communication by generating quick responses and incorporating a memory 

 feature to recall previous inputs. While Google Bard shares similarities with ChatGPT, it is 

 important to note that this study solely focused on ChatGPT, as only one system was needed for 

 analysis due to how similar the systems function. These AI systems are versatile tools for 

https://www.zotero.org/google-docs/?lfNxX1
https://www.zotero.org/google-docs/?CjqXSj
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 obtaining summaries on broad topics and performing various other tasks when prompted by the 

 user. 

 Category 2: Research Support and Analysis 

 Elicit, SciSpace Copilot, Writefull X, and Paper Digest all fall within this category, as 

 these AI systems provide support for academic research tasks. Elicit provides relevant research 

 articles and allows users to sort them based on criteria such as date or accessibility. Additionally, 

 it generates citations, making it a valuable tool for sourcing trustworthy and well-cited research 

 articles. SciSpace Copilot assists users in comprehending scientific articles through 

 summarization. Writefull X offers features like title generation from abstracts, abstract 

 generation from text, sentence paraphrasing, conversion of informal writing to academic styles, 

 and identification of AI-generated text. Paper Digest focuses on summarizing articles, although 

 its applicability is limited to articles with a DOI number. 

 Category 3: Text Editing and Summarization Tools 

 Within this category are Paperpal, Quillbot, and Notion AI, which provide text editing 

 and summarization functionalities for various types of content, including academic and 

 non-academic texts.  Paperpal suggests grammar edits  based on a given text, facilitating text 

 editing and refinement. Quillbot provides a wide range of capabilities including paraphrasing, 

 grammar checking, plagiarism detection, co-writing, summarization, citation generation, and 

 translation capabilities. Notion AI offers a wide range of functionalities, such as summarization, 

 translation, grammar editing, text length adjustment, tone modification, language simplification, 

 text explanation, and more. Moreover, Notion serves as a comprehensive tool with pre-designed 

 templates for various types of content such as blog posts, emails, essays, and similar texts. It also 
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 incorporates useful features like a user-friendly journal, task list, reading list, quick notes, and a 

 memory function for generated text, similar to an agenda or journal. 

 Project Need 

 The field of artificial intelligence (AI) has experienced rapid growth and holds significant 

 potential for various applications in engineering. While previous research has focused on the 

 ongoing development of new materials, little attention has been given to exploring the potential 

 of AI in assisting engineers in this area. Additionally, there is a scarcity of research concerning 

 the interaction between engineers and AI, particularly within the domain of materials 

 engineering. Furthermore, the incorporation of AI in decision-making processes within this field 

 remains largely unexplored. 

 The primary objective of this project was to harness the power of AI to enhance our 

 understanding of the development of new materials, with a specific focus on a quaternary alloy 

 system. By employing AI techniques, we aimed to research the development of new alloys that 

 enhance desirable mechanical properties. Additionally, we sought to investigate how materials 

 engineers interact with AI systems. To achieve this, we designed and conducted an extensive 

 survey that included questions pertaining to the engineers’ perception and experience with 

 different AI systems. Furthermore, we developed a rubric to systematically evaluate how 

 engineers perceive each AI system, providing valuable insights into their usability and 

 effectiveness. Additionally, our research aimed to explore the decision-making process of 

 materials engineers and their trust in AI technology. By gathering data on the engineers’ 

 decision-making practices and their perceptions of the reliability and trustworthiness of AI 

 systems, we aimed to shed light on the potential barriers and opportunities for incorporating AI 
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 within the materials engineering field. Furthermore, we conducted a case study on an engineer 

 with limited experience in materials science, who utilized AI to write an academic paper on a 

 quaternary alloy system (the CrCoNiFe alloy), documenting their firsthand experience and 

 insights. The CrCoNiFe alloy is a variant of the famous CrCoNi system, which has been heavily 

 studied due to its incredible combination of useful mechanical properties for many applications 

 (Laplanche et al., 2017)  . Due to the success of the  CrCoNi alloy and recent advances in 

 modeling techniques, the addition of other elements has been studied in order to further improve 

 material properties, but little success has been found so far. This Major Qualifying Project 

 (MQP) in part aimed to help deliver a portion of an academic research paper on this topic for the 

 Material Science PhD students at Worcester Polytechnic Institute (WPI) in Worcester, MA. 

 In summary, this project addressed a critical gap in the current research landscape by 

 investigating the untapped potential of AI in materials engineers. By leveraging AI to gain 

 deeper insights into the TWIP/ TRIP mechanisms, exploring the interaction between engineers 

 and AI systems, and understanding the decision-making practices and perceptions of materials 

 engineers, our research aims to contribute to the advancement of materials science and provide 

 valuable guidance for future applications of AI in engineering contexts. 

https://www.zotero.org/google-docs/?UJSp41
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 Methods 

 Approach 

 The goal of this study was to investigate how materials engineers can effectively leverage 

 AI to facilitate the development of new materials. To achieve this objective, a comprehensive 

 approach was adopted, starting with the creation of a rubric that served as the basis for the 

 creation of a survey, which included open-ended, multiple-choice, and Likert-scale questions. To 

 gain a thorough understanding of the diverse AI systems available on the market, a rubric was 

 devised to assess each system according to specific criteria. The rubric underwent multiple 

 iterations based on feedback from advisors, ensuring its effectiveness and relevance. Following 

 this refinement process, both group members independently employed the rubric to evaluate 

 eight AI systems: ChatGPT, Elicit, SciSpace Copilot, Writeful X, Paperpal, QuillBot, 

 PaperDigest, and Notion. Following the initial evaluation of the AI systems, the rubric was 

 incorporated into a survey that was subsequently distributed to materials engineers. The survey 

 encompassed a range of question types, which explored participants’ general perceptions and 

 attitudes toward AI, their decision-making processes, and requested them to evaluate the same 

 eight AI systems using the established rubric. To streamline the survey process, conditional 

 formatting was employed, excluding materials engineers who had not previously utilized an AI 

 system from scoring it using the rubric. In addition to evaluating AI systems, the survey aimed to 

 gauge materials engineers’ levels of trust in AI and their perceptions regarding its integration 

 into the workforce for the advancement of new materials. Finally, a case study was conducted as 

 an engineer used AI to write an academic paper on a quaternary alloy system, while documenting 

 their firsthand experience and perceptions regarding the use of AI in the materials science field. 
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 By encompassing these various aspects, the study sought to comprehensively explore the 

 potential applications and implications of AI within the materials engineering domain. 

 Development of a Scoring Rubric 

 In order to accurately assess the interaction between engineers and specific AI systems, a 

 scoring rubric was developed to analyze each AI system based on specific criteria. The rubric 

 aimed to facilitate research on each AI system and was subsequently incorporated into the survey 

 (discussed later) to allow engineers to score the AI systems based on their experience. 

 The first draft of the rubric was created during the research phases of the project to 

 enhance the understanding of each AI tool (refer to Table 1). The assessment of each AI system 

 focused on the following criteria: ease of use, ability to generate citations, memory in past 

 responses, accuracy of the generated responses, and speed of response generation. Each criterion 

 was scored on a scale of three points, utilizing the following simple point scale: 

 ●  0: Not present/not applicable. 

 ●  1: Present and below average. 

 ●  2: Present and average. 

 ●  3: Present and above average. 
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 Table 1.  The first draft of the rubric. 

 AI System 1  AI System 2  AI System 3 

 Ease of Use  /3  /3  /3 

 Citations  /3  /3  /3 

 Memory  /3  /3  /3 

 Accuracy  /3  /3  /3 

 Speed  /3  /3  /3 

 Total  /15  /15  /15 

 Although the initial draft was straightforward, a visually enhanced version of the rubric 

 was subsequently developed. Additionally, in the second draft, the criterion of “citations” was 

 removed as the text-editing AI systems were not designed to generate citations, and this criterion 

 had a negative impact on the scores of many AI systems. Instead, it was replaced with the 

 criterion of “trustworthiness” to allow participants to subjectively evaluate how much they 

 trusted each AI system, regardless of whether citations were provided. Furthermore, an 

 additional row was added, labeled “category,” to group the AI systems based on their functions 

 for easier score comparison of similar AI systems. Employing the same criteria as presented in 

 Table 1, with the exchange of the “citations” criterion for “trustworthiness” and the addition of a 

 categorization row, a hypothetical example of the color-coded second draft rubric is illustrated in 

 Table 2. The following color codes were used for the criteria scores: 

 ●  0: Not present/not applicable. 

 ●  1: Present and below average. 

 ●  2: Present and average. 

 ●  3: Present and above average. 
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 Similarly, the color codes for the total scores were as follows: 

 ●  0 /15 - 4.9/15. 

 ●  5/15 - 9.9/15. 

 ●  10/15 - 15/15. 

 Table 2.  A hypothetical example of the second draft  of the rubric. 

 Category  Category 1  Category 2  Category 3 

 AI System  AI System 1  AI System 2  AI System 3 

 Ease of Use  3/3  2/3  1/3 

 Trustworthiness  2/3  3/3  1/3 

 Memory  3/3  0/3  0/3 

 Accuracy  2/3  2/3  0/3 

 Speed  2/3  2/3  2/3 

 Total  12/15  9/15  4/15 

 Note: The values in Table 2 are hypothetical and are provided as an example of the 

 color-coded rubric. 

 Survey to Deconstruct Materials Engineers’ Perceptions of AI 

 In order to gain a comprehensive understanding of the interaction between materials 

 engineers and specific AI systems, as well as engineers’ perceptions of AI and their 

 decision-making processes, a Qualtrics survey was developed. The survey aimed to incorporate a 

 variety of question types to capture different aspects of the materials engineers’ experiences and 

 perspectives (see Appendix A). The survey included open-ended, multiple-choice, and 

 Likert-scale questions. Open-ended questions enabled respondents to provide detailed feedback 

 in their own words, while multiple-choice questions provided a structured and standardized 
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 approach for data collection. The Likert-scale questions allowed participants to indicate their 

 feelings and attitudes on a standardized scale, which provided a consistent measure of their 

 opinions. By incorporating three different question types, the survey aimed to gather a 

 comprehensive range of data and perspectives from the engineers, allowing for a deeper 

 exploration of the research objectives. 

 As previously mentioned, the rubric developed to assess AI systems was incorporated 

 into the survey, enabling engineers to express their sentiments towards specific AI systems. The 

 AI systems assessed in the survey included ChatGPT, Elicit, SciSpace Copilot, Writeful X, 

 Paperpal, QuillBot, PaperDigest, and Notion. Participants were asked to score each AI system 

 using the same criteria outlined in Table 2 (the second draft of the rubric). However, it is 

 important to note that the rubric within the survey was not color-coded, as Qualtrics does not 

 provide this functionality. The scoring results from the participants were later color-coded 

 according to the score criteria during the analysis phase and are further discussed in the 

 subsequent sections. 

 Additionally, to enhance the survey’s efficiency and tailor the questionnaire to individual 

 respondents, a conditional formatting approach was implemented. The survey was designed to 

 present questions based on the participants’ specific answers, ensuring that they only received 

 relevant inquiries. For instance, if respondents indicated in prior question(s) that they had never 

 heard of or used ChatGPT, they were not presented with additional questions concerning that 

 particular AI system. This conditional formatting approach minimized participant burden by 

 focusing the survey on areas directly relevant to their experiences and knowledge. The inclusion 

 of specific follow-up questions for each AI system allowed for a comprehensive assessment of 

 engineers’ perceptions and experiences with the different AI systems. The additional questions 
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 for each AI system can be seen in Appendix A. By customizing the survey based on respondents’ 

 previous answers, we ensured a streamlined and targeted data collection process. This approach 

 allowed for more precise insights into engineers’ interactions and opinions regarding the AI 

 systems under investigation. The survey was designed to be anonymous, and participants were 

 required to provide informed consent by agreeing to it. Furthermore, all questions were optional 

 and could be skipped. 

 Case Study: Using AI to Accelerate Materials Discovery 

 A case study was conducted to analyze the effectiveness of AI use in crafting an 

 academic research paper in the area of material science. A WPI material science PhD student 

 presented to the MQP team members their current research area and a topic for a research paper. 

 This presentation introduced the team to research in the material science field, background on 

 material science and gave the team perspective on the end goal of the project, an introduction and 

 literature review of an academic paper on a material science topic of the team's choosing. An 

 engineer on the MQP team with limited material science background was tasked with writing, 

 using AI tools on a limited schedule, the introduction and literature review of a paper on the 

 CrCoNiFe alloy. Usually a person writing a paper of this kind would have been trained in 

 material science at least with an undergrad or graduate degree. The task of the research project 

 was to find if, with the help of AI, an engineer with limited material science background could 

 quickly write a similar paper, ideally in two days. Information given in the PhD student’s 

 presentation, while helpful for understanding the current state of material science research and 

 his own research, did not provide much context on the specific alloy of discussion, the CrCoNiFe 

 alloy. Some information from the presentation was used as context for the introduction section of 
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 the paper, but more information was necessary for the engineer to write a successful introduction 

 and literature review. 

 Due to the popularity of the ChatGPT AI tool, the platform was used initially for research 

 and general questions for the engineer to gain a more thorough understanding of the subject 

 matter. Information from ChatGPT heavily influenced the introduction section of the academic 

 paper. ChatGPT was very convenient for quickly getting concise answers to questions in the 

 research process and was decently accurate in its responses, which is known because the material 

 engineering PhD student who reviewed the introduction section later upheld that it was accurate. 

 Without the help of a subject matter expert, the information from ChatGPT would have had to be 

 confirmed through research as its claims are not guaranteed to be accurate and are not 

 substantiated with any sources as shown in Figures 2 and 3 (see Appendix B for all AI questions 

 and answers). 

 Figure 2.  ChatGPT includes a warning below the message  box that it may provide inaccurate 

 information. 
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 Figure 3.  ChatGPT answers are given with no resources  to back up their claims. 

 While the information ChatGPT provides is not backed up with sources, using ChatGPT 

 was much quicker than traditional research using a search engine. This made the AI tool useful 

 for basic research questions and becoming familiar with the terminology of a research area that 

 was previously unknown to the engineer, but the lack of source information hindered the 

 literature review process. Another drawback to the tool was that ChatGPT is only able to 

 complete 25 searches in 4 hours, so it is not able to accommodate every simple question a person 

 who is new to a subject may have in a timely manner. Although this could be an issue for some 

 researchers, this feature did not impact the engineer’s research too heavily since the answers 

 from ChatGPT can be very detailed and sometimes lengthy, so they were found to be enough to 
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 sustain research practices without going over the search limit. While ChatGPT responses can be 

 detailed, they did not always contain the information needed by the engineer to accurately 

 summarize a paper. If this occurred, the engineer could go back to the text and read it 

 themselves, ask a more direct question to ChatGPT, or regenerate the response. 

 One feature of ChatGPT that proved to be helpful for the research and writing process 

 was the regeneration tool. When there was a lengthy or difficult answer, then the regeneration 

 tool could give a similar response in different language and perhaps some new information that 

 helped to digest concepts more quickly and accelerate the research and learning process. For 

 example, when asked to regenerate the prompt “What is ductility?” (see Figure 3) ChatGPT was 

 able to provide a similar answer with the same general information, but with some new 

 information, such as plastic deformation meaning permanent deformation and wiring and 

 metalworking being suitable applications for highly ductile materials (Figure 4). 
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 Figure 4.  The regeneration feature provides a similar  answer to a prompt with new or different 

 information. 

 Another drawback to ChatGPT is that its knowledge is currently cutoff in September 

 2021, so all of the newest areas of research are not included in the responses, making it only 

 useful for background information and quick answers to more simple questions. When asked to 

 provide information about current research, ChatGPT can give basic information, but ultimately 

 refers the user to up to date information given through other sources (Figure 5). 

 Figure 5.  ChatGPT recommends other research avenues  for up to date information. 
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 Given prompts, ChatGPT was useful to find information quickly, but it proved difficult 

 for an engineer without an educational background on materials science to come up with 

 important concepts to include in a paper. In order to find research areas and streamline the 

 writing process, the Notion AI tool was used to outline important sections to be included in the 

 Introduction of a paper of this type as well as prompts to ask ChatGPT to elaborate on. When 

 asked to Outline the CrCoNiFe System, Notion was able to come up with a list of information to 

 include, such as the microstructure, mechanical properties, and applications of the system. 
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 Figure 6.  Notion is helpful for outlining important  concepts and research areas. 

 Background information on materials science from ChatGPT and Notion was useful in 

 the preparation of the introduction, but when ChatGPT was tested to find academic papers it 

 created imitation sources that appeared to be real, but did not exist. Without up-to date 
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 information or academic sources, ChatGPT could not be used heavily for the literature review 

 section, so other AI tools were tested. 

 In order to create a literature review of the alloy, a number of academic sources had to be 

 found, read, and summarized. This can be a lengthy process since it requires the engineer to 

 absorb a lot of information from various researchers who present their findings in different ways. 

 The AI platform SciSpace Copilot was tested to be used in the literature review process, since it 

 is marketed to help researchers digest the many academic papers in its database as well as 

 academic papers uploaded to the tool quickly and efficiently, but it was found to give incorrect 

 information when summarizing. When using a suggested function of the AI tool, to summarize 

 an abstract in 2 sentences, the tool gave a summary that was incorrect and irrelevant to the 

 abstract of the paper it was asked to summarize. 

 Qillbot was not used in the case study preparation since its primary use was to paraphrase 

 and that function was not as necessary to the writing process as summarization. PaperDigest also 

 proved to be unhelpful during the case study since its site was no longer maintained because a 

 new version is projected to release soon. Elicit was found to be more helpful in the literature 

 review process as it helped to summarize findings, check the relevancy of papers, and helps to 

 find papers quickly. It was used as an upgraded search engine to accelerate the finding of 

 academic papers by giving a short abstract summary as well as evaluating the trustworthiness of 

 the paper. While it worked quickly and was able to filter out relevant papers, not all of its 

 features could be used for every article as some articles did not provide information on the 

 trustworthiness of the paper. Elicit was very helpful at the beginning of the literature review 

 process and was able to locate academic papers that were relevant to the prompts it was given, 
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 but other than the short abstract summary given by Elicit, it could not summarize the details of 

 the academic papers. 

 ChatGPT was employed as a tool for summarization of academic papers relevant for the 

 literature review of the CrCoNiFe alloy. At times ChatGPT was successful in summarizing 

 academic papers and saving the engineer time deciphering long texts, but other times it was 

 unable to do so. Sometimes when given a URL to an academic paper, ChatGPT was able to come 

 up with a summary of the paper and its findings, but other times it would give an error message, 

 as shown in Figure 7. 

 Figure 7.  Error message from ChatGPT when asked to  summarize an academic paper. 

 Pasting text directly into the “Send a message” box in ChatGPT generally worked to 

 summarize, as long as the pasted text was not too lengthy. Some academic papers were too 

 lengthy for ChatGPT to summarize so the engineer had to paste only sections or the abstract for 

 the AI tool to summarize. The summaries saved time that would have been spent reading most or 

 all of an academic paper to understand the theory behind the project and its outcomes. Instead, 

 the summaries could be used to aid in writing about the academic papers in the literature review 

 of the paper. 

 After creating a draft of the introduction and literature review Paperpal was helpful in 

 editing and helping with wording to make the paper sound more scholarly. This was especially 

 helpful for a writer with little experience writing academic papers, so this AI helped cut down on 

 editing time substantially. Writefull X was also tested as part of the survey for editing, but 
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 ultimately was not used since it was redundant to Paperpal and Paperpal was more useful for 

 solely editing purposes. If an abstract were expected as part of the delivery then Writeful X 

 would have been used due to its abstract and title generator. 

 After a first draft using AI tools, the introduction and literature review were given to a 

 material science PhD student for review. The introduction and literature needed more citations to 

 back up claims made and other minimal edits. Since the information used from ChatGPT to 

 create the introduction did not have sources to back up its claims, sources had to be found to 

 prove the statements made were true. The number of sources Elicit was able to find specifically 

 on the topic of the CrCoNiFe was not substantial enough for the introduction and literature 

 review, so traditional researching methods had to be used to add more academic sources to back 

 up the claims made in the introduction and literature review. Google Bard was also sampled 

 towards the end of the project to see its effectiveness in researching, but was found to be similar 

 to ChatGPT as it only was able to provide sources that do not exist. When tasked with 

 summarizing, Bard was found to be less detailed and therefore not as helpful as ChatGPT. After 

 the first draft one transition paragraph was also added after the introduction to more explicitly 

 convey the need of the paper. The final introduction and literature review produced from the case 

 study, along with all references used can be seen in Appendix C. 

 Analysis 

 Analysis: Initial Evaluation of AI Systems 

 For the initial evaluation of AI systems, both group members utilized the developed 

 rubric to score each of the eight AI systems: ChatGPT, Elicit, SciSpace Copilot, Writeful X, 

 Paperpal, QuillBot, PaperDigest, and Notion. The rubric encompassed several criteria, including 
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 ease of use, trustworthiness, memory for past responses, accuracy in generating responses, and 

 response generation speed. Each criterion was scored on a scale of 0 to 3 points, resulting in a 

 cumulative score ranging from 0 to 15. The individual scores from both group members were 

 averaged to derive the final scores for each AI system. This scoring process allowed for a 

 comprehensive assessment of the AI systems’ performance across multiple dimensions, 

 providing valuable insights into their strengths and weaknesses. The average scores served as 

 quantitative indicators of the system’s overall effectiveness, adding in subsequent analysis and 

 comparison of their capabilities for materials engineers. 

 Analysis: Materials Engineers’ Evaluation of AI Systems 

 After the survey was developed, it was distributed to a diverse group consisting of 

 undergraduate students, graduate students, and faculty members specializing in materials 

 engineering. The purpose of this survey was to gather valuable insights into the perceptions and 

 decision-making processes of professionals within the field. A total of 10 responses were 

 received, which provided a basis for the subsequent analysis. The collected responses were 

 carefully examined to gain a comprehensive understanding of various aspects related to the 

 usage of AI systems in materials engineers. Specifically, the analysis focused on evaluating the 

 perceptions and opinions of the participants regarding eight specific AI systems. By examining 

 their responses, we sought to uncover insights into how material engineers make decisions and 

 their overall perception of AI’s potential in the development of new materials. The analysis of 

 the received responses involved a systematic examination of the data, which encompasses both 

 qualitative and quantitative approaches. Through this process, we aimed to identify common 

 patterns, trends, and themes emerging from the participant's feedback, while also comparing the 
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 results to the initial analysis of the eight AI systems. By leveraging the diversity of perspectives 

 within the participant group, we strived to capture a comprehensive view of the subject matter. 

 Analysis: Materials Engineer Case Study 

 A case study was conducted to investigate the application of AI systems in the domain of 

 materials science. The study focused on a materials engineer who utilized AI systems to write an 

 academic paper on a quaternary alloy system. Throughout the case study, the engineer 

 documented their firsthand experience, thoughts, and perceptions of employing AI in the 

 materials science domain, providing valuable insights into the practical implementation of AI 

 technologies. The engineer’s experience with various AI systems was thoroughly examined, 

 enabling a comprehensive analysis of the advantages, challenges, and limitations associated with 

 AI adoption in the field. By utilizing a range of AI systems specifically designed for academic 

 writing, the engineer was able to evaluate their effectiveness, efficiency, and overall impact on 

 the research process. The material engineer’s survey response was also examined as it provided a 

 structured way for the engineer to document their experience and thoughts while using AI. 

 Through the combination of the engineer’s firsthand experience and their survey response, this 

 case study offers an examination of the utilization of AI systems in academic research. By 

 documenting the engineer’s personal insights and survey results, we aim to shed light on the 

 current state of AI implementation in material science and identify areas for improvement or 

 further exploration. 
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 Results 

 Initial Evaluation of AI Systems 

 In order to gain a better understanding of the AI systems before asking engineers about 

 their perspectives, a comprehensive assessment was conducted by the group. The rubric 

 presented in Figure 2 was utilized to evaluate a total of eight AI systems: ChatGPT, Elicit, 

 SciSpace Copilot, Writefull X, Paperpal, QuillBot, Paper Digest, and Notion. Both group 

 members independently evaluated the AI systems using the rubric and took note of their 

 experience. The individual and average scores for each AI system, along with their combined 

 notes are described below. The AI systems were grouped by function using the same categories 

 that were employed in the  AI Systems  section, which  can be seen in Tables 3-5. 

 As for ChatGPT, this system serves as an interactive tool capable of generating quick 

 responses. Notably, it possesses a memory feature that enables it to recall previous inputs. In 

 addition, it is a convenient tool to gain a summary of a broad topic and responses can be 

 regenerated which creates re-worded responses with some additional information. Despite these 

 advantages, it is important to highlight that ChatGPT lacks citations for its responses, which 

 presents a challenge for researchers seeking to utilize it in academic papers. Additionally, this 

 absence of citations may lead engineers to question the reliability and trustworthiness of the 

 generated responses. Furthermore, the system imposes a limit of twenty-five searches within a 

 four-hour timeframe, which may prove restrictive for some users. It is worth noting that, on 

 occasion, the responses produced by ChatGPT are not entirely accurate, lack visual aids such as 

 images or diagrams, and exhibit a tendency to employ repetitive adjectives and vocabulary. 

 Group member one’s rubric can be seen in Table 3, while group member two’s rubric can be seen 
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 in Table 4. Both group members gave ChatGPT a score of 12 out of 15, giving it an average 

 score of 12 out of 15, positioning it within the high-scoring category, as seen in Table 5. 

 As for Elicit, this particular AI system excels at swiftly providing relevant research 

 articles that can be sorted based on various criteria such as date or accessibility. When a specific 

 article is selected, Elicit furnishes the user with the abstract, a summary, measured outcomes, 

 participant information, and reasons to trust the article. In contrast to ChatGPT, Elicit generates 

 citations for its responses, making it an excellent tool for sourcing trustworthy and well-cited 

 research articles. However, it is important to note that not all features of Elicit can be utilized 

 with every article. Group member one gave Elicit a score of 10 out of 15, while group member 

 two gave it a score of 9 out of 15. The average total score of 9.5 out of 15, places Elicit in the top 

 of the middle-scoring category of AI systems, as presented in Table 5. 

 SciSpace Copilot is an AI system that helps users to comprehend scientific articles 

 through summarization. It has a large database of articles and provides links to related papers, 

 however, despite its extensive data repository, many of the responses generated by SciSpace 

 Copilot were found to be inaccurate. For instance, when asked to summarize an abstract, the 

 systems referred to wind turbines, which were never mentioned in the original paper. 

 Additionally, SciSpace Copilot is comparatively slower in generating responses and only 

 provides a summary, omitting the full-text of the article. Consequently, based on this evaluation, 

 group member one gave SciSpace Copilot a score of 4 out of 15, while group member two gave 

 it a 3 out of 15. The average total score of 3.5 out of 15, places SciSpace Copilot in the 

 low-scoring category, as indicated in Table 5. 

 Writefull X is an AI system that is very each to use and includes a variety of specific 

 functions, such as generating titles from abstracts, generating abstracts from text, paraphrasing 
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 complex sentences, converting informal writing to academic style, and identifying text generated 

 by AI systems like ChatGPT or a similar models. Writefull X demonstrates high accuracy in its 

 responses and provides fast outputs, however, a notable drawback is its lack of memory for past 

 inputs. Each input is treated as a separate task, making it challenging to switch between 

 functions. For example, if the user wants to generate a title after entering text for an abstract, a 

 separate input must be provided on a different page. Additionally, Writefull X has a limitation in 

 the amount of text it can process, usually limited to a few sentences. Another drawback is the 

 system’s inability to generate citations. In our evaluation, both group members rated Writefull X 

 with a score of 9 out of 15, which places Writefull X in the middle-scoring category, as shown in 

 Table 5. 

 Paperpal is an AI system that focuses on suggesting grammar edits based on a given text. 

 Its notable advantage is the seamless integration with Word, making it easily accessible for users. 

 However, Paperpal lacks a wide range of functions and tends to be slower in generating 

 responses compared to other AI systems. One concern raised during the evaluation is the 

 contradictory grammar suggestions provided by Paperpal in comparison to other AI systems. 

 Group member one gave Paperpal a score of 7 out of 15, while group member two rated it 

 slightly higher with a score of 9 out of 15. The average score of 8 out of 15 places Paperpal in 

 the middle-scoring category, as shown in Table 5. 

 Quillbot stands out among the AI systems evaluated due to its extensive set of features. It 

 offers paraphrasing, grammar checking, plagiarism detection, co-writing, summarization, citation 

 generation, and translation capabilities. The system is user-friendly, accessible across different 

 web browsers, and provides generous text/character limits in the free version. However, similar 

 to Writefull X, Quillbot does not have a memory for past inputs. Both group members found 
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 Quillbot easy to use and appreciated the availability of citation generation. Both group members 

 scored Quillbot with a 9 out of 15, which places Quillbot in the top of the middle-scoring 

 category, as seen in Table 5. 

 Paper Digest focuses on summarizing articles; however, it only works with articles that 

 have a DOI number, limiting its applicability. Furthermore, the summaries generated by Paper 

 Digest are overly brief, comprising only three general sentences to summarize extensive papers. 

 Both group members expressed dissatisfaction with the user experience and found the system 

 difficult to use. Both group members gave Paper Digest a score of 4 out of 15, which places 

 Paper Digest in the low-scoring category, as shown in Table 5. 

 Lastly, Notion AI offers a wide range of functionalities, including summarization, 

 translation, grammar editing, text length adjustment, tone modification, language simplification, 

 text explanation, and more. Moreover, Notion serves as a comprehensive tool with pre-designed 

 templates for various types of content such as blog posts, emails, essays, and similar texts. It also 

 incorporates useful features like a user-friendly journal, task list, reading list, quick notes, and a 

 memory function for generated text, similar to an agenda or journal. However, one drawback is 

 that, unlike other AI systems like ChatGPT, Notion requires selecting an option from a limited 

 set of choices when given a task. This slightly slows down the process of engaging with the AI, 

 although the response generation itself is highly efficient. Additionally, Notion is only capable of 

 performing tasks within its available options and cannot handle requests beyond that scope. 

 Group member one gave Notion a score of 12 out of 15, while group member two gave it a score 

 of 13 out of 15. The resulting total average score of 12.5 out of 15, places Notion in the 

 high-scoring category, as indicated in Table 5. 
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 In analyzing the scores and evaluations provided by the two group members, it is evident 

 that both shared similar perspectives on the performance of the AI systems. Both group members 

 were in agreement for the scores of four out of the eight AI systems, indicating a consensus in 

 their evaluations. However, slight discrepancies were observed in the scores of the other four AI 

 systems, where the group members differed by 1 point for three of the AI systems, and the final 

 AI system showed a 2-point difference. These variations in scores between the group members 

 could be attributed to individual preferences, perspectives, or experiences with the AI systems. It 

 is important to consider these differences as they provide valuable insights into the subjective 

 nature of evaluating AI systems. By acknowledging and discussing these discrepancies, a more 

 comprehensive understanding of the strengths and weaknesses of each AI system can be 

 obtained. Overall, despite the variation in scores, the evaluations conducted by both group 

 members contribute to a well-rounded assessment of the AI systems, highlighting their distinct 

 features and limitations. 

 Table 3.  Group member one’s initial rubric scores  for AI systems. 

 Category  Interactive 
 Response 

 Generation 

 Research Support and Analysis  Text Editing and 
 Summarization Tools 

 AI System  ChatGPT  Elicit  SciSpace 
 Copilot 

 Writefull 
 X 

 Paper 
 Digest 

 QuillBot  Paperpal  Notion 

 Ease of Use  3/3  2/3  2/3  1/3  1/3  2/3  3/3  3/3 

 Trustworthiness  2/3  3/3  1/3  2/3  1/3  3/3  1/3  2/3 

 Memory  3/3  0/3  0/3  0/3  0/3  0/3  0/3  3/3 

 Accuracy  2/3  3/3  0/3  3/3  0/3  2/3  2/3  2/3 

 Speed  2/3  2/3  1/3  3/3  2/3  2/3  1/3  2/3 

 Total  12/15  10/15  4/15  9/15  4/15  9/15  7/15  12/15 
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 Table 4.  Group member two’s initial rubric scores for AI systems. 

 Category  Interactive 
 Response 

 Generation 

 Research Support and Analysis  Text Editing and 
 Summarization Tools 

 AI System  ChatGPT  Elicit  SciSpace 
 Copilot 

 Writefull 
 X 

 Paper 
 Digest 

 QuillBot  Paperpal  Notion 

 Ease of Use  3/3  2/3  2/3  2/3  1/3  2/3  3/3  3/3 

 Trustworthiness  2/3  2/3  0/3  2/3  1/3  3/3  2/3  2/3 

 Memory  3/3  0/3  0/3  0/3  0/3  0/3  0/3  3/3 

 Accuracy  2/3  3/3  0/3  2/3  1/3  2/3  2/3  2/3 

 Speed  2/3  2/3  1/3  3/3  1/3  2/3  2/3  3/3 

 Total  12/15  9/15  3/15  9/15  4/15  9/15  9/15  13/15 

 Table 5.  Average rubric scores for AI systems from  both group members. 

 Category  Interactive 
 Response 

 Generation 

 Research Support and Analysis  Text Editing and 
 Summarization Tools 

 AI System  ChatGPT  Elicit  SciSpace 
 Copilot 

 Writefull 
 X 

 Paper 
 Digest 

 QuillBot  Paperpal  Notion 

 Group 
 Member One 

 12/15  10/15  4/15  9/15  4/15  9/15  7/15  12/15 

 Group 
 Member Two 

 12/15  9/15  3/15  9/15  4/15  9/15  9/15  13/15 

 Average  12/15  9.5/15  3.5/15  9/15  4/15  9/15  8/15  12.5/15 

 Materials Engineers’ Perceptions and Evaluations of AI 

 Perceptions of AI 

 To assess materials engineers' opinions about AI, a Qualtrics survey was designed and 

 distributed to a diverse group of materials engineers, following IRB approval. The survey 
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 comprised a total of sixty-eight questions, including open-ended, multiple-choice, and 

 Likert-scale questions (Appendix A). Open-ended questions enabled respondents to provide 

 detailed feedback in their own words, while multiple-choice questions provided a structured and 

 standardized approach for data collection. The Likert-scale questions allowed participants to 

 indicate their feelings and attitudes on a standardized scale, which provided a consistent measure 

 of their opinions. By incorporating three different question types, the survey was able to capture 

 a range of data and perspectives from the participants. 

 The survey had an average completion time of 11.63 minutes, and a total of  n  =10 

 materials engineers participated. The participants encompassed undergraduate and graduate 

 student materials engineers, as well as professors in materials engineering. All participants 

 indicated their field of study, confirming their affiliation with materials science, with specific 

 areas such as "solid-state electrolytes in lithium-ion batteries" and "molten salt by molecular 

 dynamics" mentioned. This ensured that the responses collected were from individuals working 

 in the materials science field, validating the data. Furthermore, participants were asked to 

 self-identify as engineers, with 3 participants strongly affirming their engineer status, 6 

 participants leaning towards considering themselves engineers, and 1 participant being uncertain 

 (Figure 8). 
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 Figure 8.  Results from the survey to the question  “Do you consider yourself an engineer?” 

 At the beginning of the survey, participants were asked to share their general perceptions 

 of AI and its utility for engineers. All participants indicated that they believe that “it will be very 

 powerful someday in the future” and has “tremendous potential.” When rating their feelings 

 about using AI on a scale of 1 to 5, with 1 representing "very hesitant" and 5 representing "very 

 eager," the average rating fell between 2 and 5, with an overall average of 3.80. Specifically, 2 

 participants expressed "somewhat hesitant," 6 participants indicated "somewhat eager," and 2 

 participants expressed "very eager" (Figure 9). When asked to explain their choice, many who 

 indicated eagerness said “I believe it's the trend for the future,” and those who indicated 

 hesitancy said, “The training of an AI model will need lots of data and [it will be] time 

 consuming.” 
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 Figure 9.  Results from the survey to the question  “On a scale of 1-5, how do you feel about using 

 AI?” 

 Participants were then asked to evaluate the usefulness of AI for engineers in practice. As 

 seen in Figure 10, responses varied on a 5-point scale, with 1 representing "definitely not" and 5 

 representing "definitely yes." The average score was 3.90, indicating a positive outlook overall. 

 Specifically, 2 participants expressed "probably not," 1 participant indicated "might or might 

 not," 3 participants indicated "probably yes," and 4 participants expressed "definitely yes." There 

 are several reasons to explain this discrepancy, including the participants' varying levels of 

 familiarity with using AI, the applicability of AI in their specific materials science domain, and 

 their individual attitudes toward adopting new technologies within their field. 
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 Figure 10.  Results from the survey to the question  “Do you think AI can be helpful for engineers 

 in practice?” 

 The survey also aimed to explore participants' perceptions of AI biases and 

 discrimination. When asked if AI systems has biases or discrimination in their responses, 3 

 participants answered "yes," 4 participants answered "no," and 3 participants answered "maybe" 

 or "do not know" (Figure 11). Among the two participants who affirmed experiencing bias or 

 discrimination in AI-generated responses, one cited "ChatGPT" as the source, while the other 

 attributed it to "limited input." There are several reasons to explain this discrepancy, including 

 the participants' varying levels of exposure to AI, their understanding of bias, the specific AI 

 systems they typically use, and their personal experiences with AI, which may have influenced 

 their perceptions regarding biases or discrimination in AI-generated responses. Participants were 

 further asked to rate their trust in AI on a 5-point scale, with 1 indicating "none at all" and 5 

 indicating "a great deal." As seen in Figure 12, the responses ranged from 2 to 4, with an average 
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 of 3.10. Specifically, 2 participants expressed "a little" trust, 5 participants expressed "a moderate 

 amount" of trust, and 3 participants expressed “a lot” of trust. 

 Figure 11.  Results from the survey to the question  “Do you think AI has biases/discrimination in 

 the responses generated?” 
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 Figure 12.  Results from the survey to the question  “On a scale of 1-5, how much do you trust 

 AI?” 

 Participants were presented with a hypothetical scenario: “What would you do in this 

 scenario: you are an experienced engineer working to solve a problem. Your "gut-feeling" is 

 telling you to choose Option A, but when you ask AI it says to choose Option B.” They were 

 given several response options: "choose Option A," "choose Option B," "choose neither Option 

 A or B. Find an Option C," "gather more data/information before choosing Option A," and 

 "gather more data/information before choosing Option B." As seen in Figure 13, the results 

 showed that all participants opted to "gather more data/information before choosing Option A" or 

 "gather more data/information before choosing Option B." Ultimately, 6 participants chose 

 Option A, while 4 participants chose Option B. 
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 Figure 13.  Results from the survey to the hypothetical  scenario: “What would you do in this 

 scenario: you are an experienced engineer working to solve a problem. Your ‘gut-feeling’ is 

 telling you to choose Option A, but when you ask AI it says to choose Option B.” 

 Following this, participants were asked if they had any concerns about using AI as an 

 engineer, and 3 participants responded with "N/A," while the remaining 7 participants expressed 

 their concerns. Their concerns included "data fabrication in training models" and "the [lack of] 

 solid support of the database." Additionally, participants were questioned about their belief in 

 whether AI protects user data. Responses were recorded on a 5-point scale, ranging from 

 "definitely not" (1) to "definitely yes" (5). The average response fell at 2.56, with 1 participant 

 choosing "definitely not," 3 participants selecting "probably not," 4 participants stating "might or 

 might not," and one participant responding "probably yes." The final participant expressed 

 uncertainty by stating "I do not know" (Figure 14). 
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 Figure 14.  Results from the survey to the question  “Do you think AI protects user data?” 

   Participants were also asked about their opinions on whether AI could replace the job of 

 an engineer. Using the same 5-point scale, responses ranged from 1 to 4, with an average score of 

 2.50. As seen in Figure 15, 2 participants firmly believed that AI could not replace an engineer's 

 job (“definitely not”), 3 participants were inclined towards "probably not," 3 participants 

 expressed uncertainty by choosing "might or might not," and two participants believed that AI 

 could "probably yes" replace the job. 
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 Figure 15.  Results from the survey to the question  “Do you think AI can take the job of an 

 engineer?” 

 AI Systems Evaluations 

 After assessing the general perceptions of materials engineers regarding AI, participants 

 were asked about specific AI systems: ChatGPT, Elicit, SciSpace Copilot, Writeful X, Paperpal, 

 QuillBot, PaperDigest, and Notion. To optimize the survey's efficiency and tailor it to individual 

 respondents, a conditional formatting approach was employed. If participants indicated in 

 previous questions that they were unfamiliar with or had not used a specific AI system, they 

 were not presented with further questions about that particular system. This approach aimed to 

 minimize participant burden by focusing on areas relevant to their experiences and knowledge. 

 Participants who had used a specific AI system were asked to fill out the same rubric used in the 

 initial evaluation of the AI systems. 
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 The evaluation started with ChatGPT. All ten participants confirmed that they had both 

 heard of and used ChatGPT before. Since all participants had used it, they were then asked about 

 their perception of the AI system. First, participants were asked if they found ChatGPT useful, 

 resulting in a split response, with five participants answering "yes" and five participants 

 responding with "in certain contexts." No participants indicated that they believed ChatGPT was 

 not useful (Figure 16). 

 Figure 16.  Results from the survey to the question  “Do you think ChatGPT is useful?” 

 Participants were then asked to complete a rubric evaluating ChatGPT based on the 

 following criteria: ease of use, trustworthiness, memory of past responses, accuracy of generated 

 responses, and speed of response generation. Each criterion was scored on a scale of three points, 

 using the following simple point scale: 

 ●  0: Not present/not applicable. 

 ●  1: Present and below average. 
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 ●  2: Present and average. 

 ●  3: Present and above average. 

 The average scores for each criterion for ChatGPT are as follows: ease of use (M = 2.6), 

 trustworthiness (M = 1.8), memory of past responses (M = 2.2), accuracy of generated responses 

 (M = 1.7), and speed of response generation (M = 2.6) (Table 6). This resulted in a total average 

 score of 10.9, which is 1.1 lower than the initial average score of 12 points obtained in our 

 evaluation of ChatGPT. 

 Table 6.  Average survey scores for ChatGPT from 10  participants. 

 ChatGPT - AVERAGE 

 Ease of Use  2.6/3 

 Trustworthiness  1.8/3 

 Memory  2.2/3 

 Accuracy  1.7/3 

 Speed  2.6/3 

 Total  10.9/15 

 Participants were then asked to share their general impressions of ChatGPT. Most 

 participants described it as "very powerful and helpful," while others mentioned that it was 

 "efficient but needs improvement in terms of reliability." When asked about likes and dislikes, 

 participants commented that "sometimes the information is not accurate" and "data resources are 

 limited." 

 Subsequently, participants were asked about several other AI systems. Regarding Elicit, 

 none of the participants had heard or used it, so they were not asked to provide their feelings or 

 complete the rubric. The same response was received for Writefull X, Paperpal, and Paper 

 Digest. In the case of SciScace Copilot, 2 out of the 10 participants had heard of it, but neither 
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 had used it. The same result was found for Notion AI. Regarding Quillbot, 2 of the 10 

 participants had heard of the AI system, but only 1 had used it. The participant who had used 

 Quillbot found it useful, and their rubric scores can be seen below in Table 7: 

 Table 7.  Survey scores for Quillbot from 1 participant. 

 Quillbot 

 Ease of Use  3/3 

 Trustworthiness  2/3 

 Memory  0/3 

 Accuracy  1/3 

 Speed  2/3 

 Total  8/15 

 There is a 1-point difference in the total score of Quillbot compared to the average score 

 of 9 points from our initial evaluation of Quillbot. When asked about their general feelings 

 regarding Quillbot, one participant described it as a "great help on polishing writings." 

 Decision-Making 

 Participants were then asked about their decision-making practices to gain a better 

 understanding of how materials engineers typically make decisions and whether AI can 

 contribute to the process. Initially, participants were asked how they make decisions. The results 

 indicated that all answers showed some variation in utilizing literature reviews, personal 

 experience, and/or seeking suggestions from seniors. Next, participants were asked if they 

 believe AI could contribute to decision-making. Among the responses, 5 participants answered 

 "yes," 2 participants answered "no," and 3 participants answered "maybe" (Figure 17). Following 

 that, participants were asked to report any tools they had used for decision-making. The results 

 are illustrated in Figure 18, indicating that the majority of participants utilized hypothetical 
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 scenarios, followed by mental simulations, argumentation, and decision matrices. Lastly, 

 participants were requested to indicate whether they believe AI could be employed to assist in 

 generating or utilizing any of the tools mentioned earlier. The responses included 3 people who 

 said "yes," 2 people who said "no," 4 people who said "maybe," and 1 person who stated "I do 

 not know" (Figure 19). 

 Figure 17.  Results from the survey to the question  “Do you think that AI could contribute to 

 making a decision?” 
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 Figure 18.  Results from the survey to the question  “Have you used any of the following tools to 

 help you make a decision? Select all that apply.” 
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 Figure 19  . Results from the survey to the question  “Do you think AI could help you generate/use 

 any of the tools listed above to make a decision?” 

 Case Study: Using AI to Accelerate Materials Discovery 

 As a result of conducting the case study, a process for a non-materials engineer to write a 

 material science academic paper using AI tools is shown below: 

 -  Listen to a brief presentation from a material scientist on current research 

 -  Use ChatGPT for initial research and understanding of material science and 

 fundamental mechanisms 

 -  Use these findings for the introduction section 

 -  Use Notion to help with outlining the introduction and literature review sections 

 and finding areas to research 

 -  Research using Elicit and traditional researching techniques 
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 -  Summarize academic papers using ChatGPT 

 -  Edit wording and grammar using Paperpal 

 -  Seek help from a material scientist to ensure the wording and information is 

 correct and the literature review is sufficient for the area of interest 

 This process was successful in helping a non-material scientist write an acceptable 

 introduction and literature review for an academic paper. While it is not entirely dependent on AI 

 tools, AI tools helped increase productivity by only 20%, their use was instrumental in keeping 

 with the short timeline of the project. Only some of the AI tools scored (Tables 3-5) were helpful 

 in the preparation of the introduction and literature review, since some of the tools were 

 redundant in their use. The engineer conducting the case study also took part in the survey and 

 their sentiments that AI could be useful for research were confirmed through the case study 

 results. 

 While the AI tools used in the case study were able to decrease time spent on some steps 

 of paper writing, finding enough specific academic papers relevant to the research area of interest 

 proved to not be doable using only AI. AI has the potential to dramatically decrease the time 

 needed to be spent researching and paper writing, particularly in the area of material science, if 

 AI tools capable of providing specific academic sources relevant to research prompts are used. 

 The current process was not successful in writing an introduction and literature review in two 

 days. It took weeks to create this portion of an academic paper, but it was able to help with some 

 steps of the writing process. While improvements must be made to AI tools aiding in the 

 literature review process and finding of academic sources process, current availability is still 

 helpful in increasing productivity and efficiency of academic paper writing. The full introduction 

 and literature review from the case study can be found in Appendix C. 
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 Discussion 

 Initial Evaluation of AI Systems 

 For the initial evaluation of AI systems, both group members utilized the developed 

 rubric to score each of the eight AI systems: ChatGPT, Elicit, SciSpace Copilot, Writeful X, 

 Paperpal, QuillBot, PaperDigest, and Notion. The rubric consisted of various criteria, including 

 ease of use, trustworthiness, memory for past responses, accuracy in generating responses, and 

 response generation speed. Each criterion was scored on a scale of 0 to 3 points, resulting in a 

 cumulative score ranging from 0 to 15. The individual scores from both group members were 

 averaged to derive the final scores for each AI system. The average scores revealed that 

 ChatGPT and Notion were the highest-scoring AI systems, while SciSpace Copilot and Paper 

 Digest were the lowest-scoring systems. The average scores ranged from 3.5 out of 15 to 12.5 

 out of 15, while individual scores ranged from 3 out of 15 to 13 out of 15. Among the criteria, 

 “ease of use” received the highest score, while “memory for past responses” received the lowest 

 average score. This rubric allowed for a comprehensive assessment of the AI systems’ 

 performance across multiple dimensions, providing valuable insights into their strengths and 

 weaknesses. The average scores served as quantitative indicators of the system’s overall 

 effectiveness, facilitating subsequent analysis and comparison of their capabilities for materials 

 engineers. 

 Engineers’ Evaluation of AI Systems 

 After the survey was developed, it was distributed to a diverse group consisting of 

 undergraduate students, graduate students, and faculty members specializing in materials 

 engineering. The main objective of this survey was to gather valuable insights into the 

 perceptions and decision-making processes of professionals within the field. A total of 10 
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 responses were received, which provided a basis for the subsequent analysis. The collected 

 responses were carefully examined to gain a comprehensive understanding of various aspects 

 related to the usage of AI systems in materials engineers. 

 The survey findings indicate that materials engineers generally have a positive perception 

 of AI and its potential, as many expressed their belief in the future power and utility of AI, 

 although some indicated hesitancy. The average rating for feelings about using AI fell between 

 “somewhat eager” and “somewhat hesitant,” indicating a moderate level of interest. In addition, 

 participants generally view AI as useful for engineers in practice, with the average score 

 indicating a positive outlook, although some expressed uncertainty again. 

 Participants’ opinions on AI biases and discrimination varied, as some acknowledge the 

 presence of biases or uncertainty, while others believe that AI systems do not possess biases or 

 engage in discrimination. The average level of trust in AI fell between “a moderate amount” and 

 “a lot,” indicating a level of trust among participants, although a small number expressed little 

 trust. In regards to how engineers make decisions, participants generally relied on literature 

 reviews, personal experience, and seeking advice from seniors. A majority of participants 

 believed that AI could contribute to decision-making; however, there were mixed opinions about 

 whether AI could be employed to assist in generating or utilizing decision-making tools. This 

 suggests that participants recognize the potential of AI but have varying levels of confidence in 

 its application to decision-making processes. As for their evaluation of specific AI systems, 

 results varied based on participants’ familiarity and usage. ChatGPT received the majority of 

 responses, as all ten participants had experience using it. There were mixed opinions regarding 

 ChatGPT, with some participants finding it useful, while others only saw its utility in certain 

 contexts. Quillbot was rated positively by the one participant who had used it, highlighting its 
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 help in polishing writing. The remaining of the eight AI systems were not rated as participants 

 did not have experience using the systems. 

 This analysis suggests that materials engineers have a generally positive perception of AI 

 and its potential applications. Participants recognized the need for ongoing research and 

 development to address concerns such as biases and discrimination in AI systems. It is evident 

 from the survey findings that materials engineers are open to embracing AI as a valuable tool in 

 their work, however, it is crucial to address their concerns for further implementations. 

 Continued collaboration between engineers, AI developers, and ethicists can foster the effective 

 integration of AI technologies in materials engineering, benefiting the industry as a whole. 

 Materials Engineer Case Study 

 A case study was conducted to investigate the application of AI systems in the domain of 

 materials science. The study focused on a materials engineer who utilized AI systems to write an 

 academic paper on a quaternary alloy system. Throughout the case study, the engineer 

 documented their firsthand experience, thoughts, and perceptions of employing AI in the 

 materials science domain, providing valuable insights into the practical implementation of AI 

 technologies. The engineer’s experience with various AI systems was thoroughly examined, 

 enabling a comprehensive analysis of the advantages, challenges, and limitations associated with 

 AI adoption in the field. By utilizing a range of AI systems specifically designed for academic 

 writing, the engineer was able to evaluate their effectiveness, efficiency, and overall impact on 

 the research process. The engineer’s survey response was also examined as it provided a 

 structured way for the engineer to document their experience and thoughts while using AI. 

 Through the combination of the engineer’s firsthand experience and their survey response, this 

 case study offers an examination of the utilization of AI systems in academic research. By 
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 documenting the engineer’s personal insights and survey results, we aim to shed light on the 

 current state of AI implementation in material science and identify areas for improvement or 

 further exploration. 

 Limitations 

 While this project was able to deconstruct engineers’ perceptions regarding AI, it is 

 important to consider some of the limitations that may affect the interpretation of the findings. 

 Firstly, there was a limited sample size of ten responses. While efforts were made to include a 

 diverse group of undergraduate students, graduate students, and faculty members specializing in 

 materials engineering, the small sample size may not fully represent the entire materials 

 engineering community. Another limitation that should be addressed, is that the survey relied on 

 self-reported data from participants, which introduces the potential biases and inaccuracies. 

 Participants’ perceptions and attitudes toward AI systems may be influenced by various factors, 

 including personal experiences, expectations, and beliefs. These subjective factors may impact 

 the reliability of the survey responses. 

 In regards to the rubric created to evaluate the various AI systems, it is possible that not 

 all relevant aspects were captured, and that the assessment may not have fully reflected the needs 

 and expectations of materials engineers when utilizing AI for developing new materials. The 

 chosen criteria of ease of use, trustworthiness, memory, accuracy, and speed may not have 

 encompassed all the dimensions that are critical for evaluating AI systems in the context of 

 materials engineering. Time was another constraint in this project, as the project was conducted 

 over a period of ten weeks. This limited timeframe makes it challenging to assess the perceptions 

 of engineers over an extended period or analyze the long-term implications of changes in their 
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 attitudes and experiences. Overall, while this project employed a comprehensive approach that 

 included rubric-based evaluations, a survey, and a case study, it is essential to consider these 

 limitations when interpreting the results. 

 Future Recommendations 

 Moving forward, there are a number of different ways  to further advance and expand this 

 research. Firstly, in order to enhance the generalizability of the findings, future studies should 

 aim to increase the sample size and perhaps even reach materials engineers from various 

 institutions, industries, and experience levels. By expanding the sample size (  n  ), a more 

 comprehensive understanding of engineers’ perceptions and experiences can be gathered. In 

 addition, this study should be conducted for a longer period of time, which would allow 

 researchers to track changes in engineers’ attitudes, perceptions, and experiences with AI over 

 time. This longitudinal approach would provide valuable insights into the evolving nature of 

 engineers’ interactions with AI. Furthermore, given the rapidly evolving nature of AI, it would 

 be beneficial to revisit and replicate this study periodically to capture any changes resulting from 

 new advancements in the field. Over time, the increased results can help researchers identify 

 trends, challenges, and opportunities associated with the long-term integration of AI in material 

 engineering and provide insights into the evolving role of AI in the field. 

 Another way to enhance this study’s scope moving forward would be to conduct more 

 case studies involving engineers from different fields, backgrounds, and experience levels. 

 Furthermore, these case studies could explore a wider range of applications within materials 

 engineering, which would provide a more comprehensive understanding of the practical 

 implementation of AI technologies and their impact on various domains within materials 
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 engineering. It is also recommended that AI’s that are better equipped to find academic sources 

 are added to case studies in the future to cut down on time spent preparing the literature review 

 and help needed from human sources. 

 The rubric used in evaluating AI systems could also be enhanced in the future to include 

 additional criteria that are specifically relevant to materials engineering. These could include 

 factors such as the system’s ability to handle domain-specific terminology, adaptability to 

 different materials research challenges, and/or the integration with existing materials databases 

 and tools. Similarly, this criteria could also be adapted to other engineering fields and their 

 specific requirements. The addition of more specific criteria would provide a comprehensive 

 assessment of AI systems’ suitability for each engineering field. By addressing these future 

 recommendations, researchers can continue to evaluate engineers’ perceptions of AI with a 

 comprehensive analysis, yielding more dependable data for understanding the role and impact of 

 AI in materials engineers and other engineering fields. 

 Conclusion 

 This project aimed to analyze how materials engineers perceived the use of AI in the 

 development of new materials. A comprehensive rubric was developed to assess eight AI 

 systems (ChatGPT, Elicit, SciSpace Copilot, Writeful X, Paperpal, QuillBot, PaperDigest, and 

 Notion) according to specific criteria. The AI systems were assessed on ease of use, 

 trustworthiness, memory, accuracy, and speed. Both groups members evaluated the AI systems 

 using the rubric, and the average scores indicated that ChatGPT and Notion were the 

 highest-scoring AI systems, while SciSpace Copilot and Paper Digest received the lowest scores. 

 Following the initial evaluation of the AI systems, the rubric was incorporated into a 

 survey that was subsequently distributed to engineers. The survey encompassed a range of 



 70 

 question types, which explored participants’ general perceptions and attitudes toward AI, their 

 decision-making processes, and requested them to evaluate the same eight AI systems using the 

 established rubric. In addition to evaluating AI systems, the survey aimed to gauge materials 

 engineers’ levels of trust in AI and their perceptions regarding its integration into the workforce 

 for the advancement of new materials. The survey results showed that most engineers were 

 hopeful about the use of AI in materials science, both in the development of new materials and in 

 decision-making processes, however most felt there were some improvements to be made in all 

 AI systems. Finally, a case study was conducted as an engineer used AI to write an academic 

 paper on a quaternary allow system, while documenting their firsthand experience and 

 perceptions regarding the use of AI in the materials science field. AI use cut down on time spent 

 on paper preparation significantly and allowed the non-materials engineer to write an acceptable 

 introduction and literature review for an academic paper in a short timeline. 

 Moving forward, it is recommended to distribute the study to a larger and more diverse 

 population of participants over a longer period of time, in order to gather the perspectives of a 

 wide variety of people and document any changes that may occur as new AI developments occur. 

 In addition, the rubric should be tailored to each engineering field to best capture how each 

 engineering domain uses the AI systems and gather a comprehensive analysis of each AI 

 system’s applicability to specific domains. As AI is an emerging field, studying its uses in 

 engineering fields and understanding how engineers perceive AI can provide valuable insights 

 for recommending its applications and making engineers’ lives easier. 
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 Appendix 

 Appendix A:  The survey distributed to engineers. 
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 Appendix B:  AI tools questions and answers. 



 94 



 95 



 96 



 97 



 98 



 99 



 100 



 101 



 102 



 103 



 104 



 105 



 106 



 107 



 108 



 109 



 110 



 111 



 112 



 113 



 114 



 115 



 116 



 117 



 118 



 119 



 120 



 121 



 122 



 123 



 124 



 125 



 126 



 127 



 128 



 129 



 130 



 131 



 132 



 133 



 134 



 135 



 136 



 137 



 138 



 139 



 140 



 141 



 142 



 143 



 144 



 145 



 146 



 147 



 148 



 149 

 Appendix C:  The introduction and literature review produced from the case study. 
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