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Material selection is fundamental to the design process, as it significantly affects the
cost, performance, appearance, manufacturability, and sustainability of a product. It
is also a complex, open-ended challenge that forces designers to continuously adapt to
new information, balance diverse stakeholder demands, weigh trade-offs, and navigate
uncertainties to achieve the optimal outcome. Previous studies have explored the poten-
tial of large language models (LLMs) to assist in the material selection process, with
findings suggesting that LLMs have the potential to provide valuable support. However,
discrepancies between LLM outputs and expert recommendations indicate the need for
further investigation. Recently agentic AI methods have been developed to address the
limitations of standalone LLMs. AI agents integrate LLMs with external tools, allowing
them to retrieve and analyze domain-specific information and iteratively refine responses.
Other efforts to enhance LLM performance include the development of reasoning models
that implicitly incorporate multi-step thinking processes for approaching complex tasks.
This study compares standalone LLMs and agentic AI frameworks, both enhanced with
a reasoning process, to evaluate how different approaches contribute to more effective
emulation of expert decision-making in material selection. Our findings show that adding
reasoning to LLMs increases token usage but may reduce performance differences across
model sizes and prompting methods. We observed improved alignment to expert results
with parallel prompting compared to previous non-thinking models, while the agentic
framework showed reduced performance. These insights contribute to a broader under-
standing of AI integration in design workflows.

Keywords: Large Language Models (LLMs), Artificial Intelligence (AI), LLM-based
Agents, Material Selection, Engineering Design

1 Introduction
Material selection is integral to the development cycle of en-

gineering projects, influencing many aspects of the final product.
The intrinsic properties of a material determine how it behaves in
response to conditions such as stresses, temperatures, and environ-
mental factors, impacting a design’s performance and life cycle [1].
Mechanical and physical properties also affect compatibility with
manufacturing processes, influencing the feasibility of achieving
the desired geometries [2]. Incompatible material-process pairings
can increase costs and reduce performance, while effectively opti-
mized geometry can improve functionality, reduce material waste,
and lower costs [3,4].

Beyond functionality, a material’s aesthetic properties, such as
color, texture, and finish, shape user perception [5]. Overall prod-
uct cost is influenced not only by raw material expenses, but also
by the complexity and number of manufacturing processes required
[6]. Sustainability concerns are also shaping material choices as
industries balance environmental impact, resource depletion, and
consumer demand for eco-friendly solutions [4,7,8]. Ultimately,
the interplay between material properties, performance, aesthetics,
cost, sustainability, and manufacturing makes material selection a
complex task.

The design process is often iterative, where initial design in-
tent or product requirements guide material selection, which in
turn refine those requirements [9]. With multiple trade-offs and
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stakeholder negotiations, this iterative process can become time
and resource-intensive [10]. While databases and frameworks sup-
port material selection, critical insights often lie beyond datasheets,
requiring expert knowledge and contextual information from sup-
pliers, case studies, and in-house reports [11].

Advancements in artificial intelligence (AI) and natural language
processing (NLP), particularly with the emergence of large lan-
guage models (LLMs) trained on extensive textual datasets, have
significantly enhanced the ability of computers to process and gen-
erate meaningful text [12]. Enhanced computational power and
the growing availability of datasets in recent years have driven the
widespread adoption of LLMs across diverse fields, with one po-
tential application being their use as tools to recommend materials
that align with the design intent [13].

While LLMs are capable of generating text based on input
prompts, they struggle with complex reasoning and tasks in do-
mains such as logic, spatial intelligence, and linguistic understand-
ing [14,15]. Additionally, previous research has identified a spe-
cific challenge in material selection, where LLMs exhibit less vari-
ability in their responses for newer materials like composites, and
offer less consistent scores for well-established materials like steel.
This pattern suggests that older materials may be overrepresented
in model outputs due to their historical prevalence in literature
rather than their relevance to modern design [16].

AI agents are one approach to overcoming some LLM limita-
tions by incorporating additional tools for perception and interac-
tion with environments, enabling autonomy, planning, problem-
solving, and decision-making [17,18]. In some agentic AI frame-
works, the LLM acts as the core reasoning engine, while a percep-
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tion module interprets external information and an action module
executes tasks [19]. Together, these modules enable agentic AI
to go beyond passive text generation, allowing agents to perceive
task instructions, create step-by-step plans, interact with external
systems, and learn from feedback to improve performance [20].

Previous studies have collected material recommendations from
human experts, LLMs, and LLM-based agents across various de-
sign cases and criteria to assess how closely AI-generated sug-
gestions aligned with expert choices [16,21,22]. While AI was
capable of generating material suggestions supported by relevant
information, many did not closely align with expert recommen-
dations. Researchers found that adjusting factors like model size,
model type, prompting strategy, and parameter settings improved
alignment with expert recommendations, highlighting the need for
further research into replicating human decision-making [16,22].

Another recent approach to enhancing AI capabilities involves
developing large reasoning models that build upon LLMs through
test-time inference scaling techniques and post-training methods
[23]. These methods encourage models to “think” more deeply
by explicitly incorporating multi-step intermediate reasoning pro-
cesses during problem solving [24].

This paper seeks to build on prior research [16,21,22] by ex-
ploring whether augmenting LLMs with search tools or reasoning
capabilities can enhance their ability to emulate the decisions of
human experts in material selection. Specifically, this study ex-
amines the impact of providing an LLM-driven agent with access
to Wikipedia, alongside the effect of a thinking mode. We con-
duct a series of experiments to evaluate the role of model size and
prompting techniques in aligning AI recommendations with expert
decision-making.

In contrast to our prior study [22], which evaluated Qwen 2.5
models without explicit reasoning capabilities, the present work ex-
pands the experimental design to include reasoning-capable Qwen
3 models with thinking mode enabled. This allows us to system-
atically isolate the effects of reasoning, prompting strategy, and
model size on expert alignment, and to directly assess how intro-
ducing multi-step reasoning alters both performance and efficiency
relative to the earlier agentic and standalone LLM results. More-
over, to further measure the explanatory power of the models, we
report R-squared values to describe model fit.

This paper seeks to address the following research questions:

(1) How does the use of an agentic AI framework and a reason-
ing process influence alignment with expert material selec-
tion behavior?

(2) How does the agent’s behavior vary with respect to model
size?

(3) To what extent does model size and prompting method im-
pact the ability of LLMs to select appropriate materials?

2 Background
In this section, we review related works on the challenges of

material selection, AI evaluation, and the use of AI in material
selection.

2.1 Challenges in Material Selection. Material selection is
crucial in product development, influencing the entire lifecycle be-
yond the early design stages [25,26]. With thousands of materi-
als and processes available, filtering out unsuitable options early
requires expertise. Just as material properties can be modified
through various processes, impacting both performance and cost,
design constraints can also be adjusted, changing the suitability
thresholds of material candidates [13]. The tension between de-
sign requirements and materials necessitates a robust but flexible
selection process. Researchers have developed various frameworks
for material selection, all emphasizing screening and ranking as es-
sential steps to refine material options [27].

Sustainability concerns are increasingly shaping material
choices as industries respond to climate change, resource depletion,

and pollution. Companies are financially incentivized to adopt sus-
tainable materials and manufacturing methods to meet consumer
demand, comply with environmental regulations, and reduce costs
through more efficient processes [7]. Additionally, material short-
ages are making traditional materials less accessible, prompting
engineers to explore alternative, less-developed options [8]. This
shift affects engineering decisions by prioritizing durability, recy-
clability, and production efficiency [4].

The Ashby chart, which compares materials by two properties,
is widely used but may be limited for designs with multiple con-
straints [9,27]. Other methods, such as the questionnaire method
[28], case-based reasoning [29], multi-criteria decision analysis
[30], and weighted properties [28], rely on measurable attributes,
expert input, or prior applications. While quantitative analysis
identifies material solutions quickly, it requires expertise in data
analysis. Expert knowledge ensures accuracy but can limit inno-
vation, while case-based selection depends on the quality of prior
examples and may struggle with novel problems [11].

At the beginning of the design process, material selection fo-
cuses on defining core requirements and exploring materials that
align with the design intent, considering factors like mechani-
cal, physical, and manufacturing properties [31]. Trade-offs often
arise, as materials may meet some but not all requirements [26].
AI is increasingly aiding material discovery by analyzing large
datasets, predicting properties, and suggesting optimal combina-
tions [9,14,32]. However, due to uncertain product requirements,
designers often default to familiar or reverse-engineered materials,
which may not always be optimal [32].

As the design progresses, product requirements become more
refined, with broad limitations yielding too many material options
and overly restrictive ones in too few. Finalizing constraints makes
trade-offs more apparent, emphasizing the need for testing, sim-
ulation, and prototyping to validate material choices and address
unexpected issues. Engineers must also consider manufacturing
processes and system components as designs near fabrication [26].
Due to its multidisciplinary nature, material selection is often
treated as an optimization problem, with designers iterating on
constraints to identify the best material [10]. Advanced computa-
tional tools, such as neural networks, assist by analyzing material
properties and design parameters to predict product performance
under varying conditions [9,33].

2.2 Reasoning-Capable Models. LLMs have been trained on
large datasets to generate text in response to a wide variety of
prompts, excelling at System 1 tasks that can be answered quickly
and automatically, such as natural language processing and ques-
tion answering [24,34]. However, they often struggle with Sys-
tem 2 tasks, such as advanced mathematics, code comprehension,
and logical reasoning, that require breaking problems down into
smaller steps [34–36]. To address this, researchers have developed
reasoning-capable models that generate sequences of intermediate
steps, or chains of thought, which have been shown to substantially
improve LLM performance across a wide range of complex tasks
[35,37]. Approaches to developing this capability include incen-
tivizing reasoning through reinforcement learning, incorporating
step-by-step derivations into training data, and scaling test-time
computation [23,24,38,39].

Reasoning models often produce excessively long and repetitive
chains of thought, a phenomenon known as overthinking that arises
when internal biases lead to premature guesses that conflict with
subsequent reasoning steps [36,40]. This behavior significantly in-
creases token usage, computational overhead, and processing time
without consistently improving accuracy [36,39,41]. These models
also tend to rely on larger architectures, further raising resource
demands [39]. To improve efficiency, researchers are exploring
strategies such as developing more concise models, shortening
reasoning steps and outputs, using latent thinking tokens, and ap-
plying prompt engineering techniques [36,41–46]. Additionally,
companies have developed models capable of switching between
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fast, non-thinking and slow, thinking modes, allowing for adaptive
resource allocation [47,48].

Although extended chains of thought can improve performance
in some scenarios, other studies suggest that bypassing thinking
mode may produce equally or more accurate results on certain
tasks [47,49]. This may be because large reasoning models often
overestimate the value of thinking tokens, and reliance on pre-
vious thinking tokens can trigger cascading generations that lead
to unproductive reasoning loops [50]. Additional work indicates
that although extended thinking initially enhances accuracy, per-
formance can degrade beyond a certain point due to overthinking
and error accumulation [36,51]. Ultimately, further research on
reasoning-capable models is needed to identify optimal strategies
that balance efficiency and accuracy.

2.3 Evaluating LLMs and Agentic AI. The emergent behav-
iors of LLMs, and their wide applicability to various domains, has
led researchers to establish numerous benchmarks to evaluate LLM
reasoning abilities in many different fields. Moreover, the rapid de-
velopment of LLMs also demanded an equivalent development of
new evaluation methods.

Starting with static test sets such as GLUE [52] and Super-
GLUE [53], researchers further developed multi-domain and open-
domain benchmarks for automatic evaluation of general language
understanding [54–60]. Text-based question-answer benchmarks,
or reference-dependent benchmarks, require the model to inter-
pret additional information from a selected corpus, thus allowing
for the evaluation of general knowledge, factoid-type questions,
questions based on long-text documents, or from multiple sources
in the model’s pre-trained corpus [61–65]. Multimodal bench-
marks and visual question-answer benchmarks typically evaluate
a model’s capability to answer questions about a specific image,
focusing primarily on reasoning and perception abilities [66–70].
Despite much development around automatic evaluation, manual
evaluation remains a common and trusted method, as it can provide
more comprehensive and accurate feedback on model performance
[56,71–74].

In AI research, the term agent originally referred to an artificial
entity capable of perceiving its surroundings through sensors, mak-
ing decisions, and subsequently taking actions in response [75,76].
Emergent LLM behaviors have further enhanced the capabilities of
AI agents to plan and reason, and coupled with tool usage, modern
AI agents can tackle very complex tasks [19,77–83]. Currently, the
utility of LLM-powered agents is evaluated primarily by the suc-
cess rate of task completion, as agents are typically implemented
as human assistants [84,85]. This metric evaluates whether agents
achieve predetermined objectives or expected scores [86–89]. Re-
searchers have also conducted more detailed assessments of agents’
foundational capabilities, such as environmental comprehension,
reasoning, planning, tool usage, and decision-making [81,90–92].
Furthermore, the efficiency of the agent in completing the task has
also been used as an evaluation criterion, as the agent should com-
plete the task within an appropriate timeframe and with minimal
resources [86]. In this work, we build on prior research that looked
at material selection and evaluate the performance of an AI agent
on the same task.

2.4 Automating Material Selection with AI. Over the years,
the material science field has kept evolving to meet the demand to
characterize and develop novel materials, such as composites, and
engineer entirely new ones with unique property combinations,
such as metamaterials [93,94]. Recent advances in NLP have led
the field towards the use of LLMs for material discovery [95], ex-
perimental solid mechanics [96], predictive material science [97],
biologically inspired materials design [98], and various other ap-
plications in the material science field [99].

Understanding a material’s mechanics plays an important role
in determining the feasibility of the material for a design prob-
lem, however, as discussed in the previous section, many other

factors play a role in material selection for product design. To
this end, a few review papers have evaluated LLM capabilities
against mechanical engineering design tasks, including material
selection and other manufacturing-related tasks [100,101]. LLMs
have been applied to forward and inverse material design problems
[102] and knowledge retrieval from a material failure mechanics
corpus [103]. Buehler and colleagues expanded the approach by
leveraging multi-agent systems to solve mechanics problems and
automate alloy design [104,105].

Despite recent progress, automating material selection with AI
remains difficult because the task is inherently contextual, multi-
objective and influenced by experience/domain knowledge [9–
11,21,27]. Candidate suitability depends not only on nominal prop-
erties, but also on processing route, joining methods, geometry,
service environment (e.g., corrosion, fatigue, creep), and organi-
zational constraints such as cost targets, supplier availability, and
standards compliance [2,6,11,21,27] Much of this information is
distributed across heterogeneous sources (handbooks, datasheets,
test reports, and internal lessons learned) and may be incomplete
or contradictory [11]. LLM-based approaches also introduce risks
that are especially salient for engineering decisions, including hal-
lucinated properties/mechanisms and overconfident recommenda-
tions without traceable evidence [14,15,106]. Consequently, AI
systems are best positioned as decision-support tools for early-stage
screening and ranking. Thus, helping designers explore trade-offs
and narrow the option space. Rather than fully autonomous selec-
tors without human verification.

In this paper, we bridge recent work on agentic AI frameworks
with the material selection task in product design, improving on
prior work and reducing the bias that LLMs exhibit on this task
[16].

3 Methods
In this section, we describe the methodology used for our study.

Our approach involves using a previously collected dataset of ex-
pert material selection decisions, developing a tool-augmented
LLM-based agent, testing prompting strategies across model sizes,
and conducting analyses to assess performance and behavior.

3.1 Expert Data Collection. To address our research ques-
tions, we used the MSEval2 dataset collected by Jain et al. [21].
MSEval was obtained through a survey conducted among mate-
rial selection professionals, including materials scientists, materi-
als engineers, design engineers, and others in related fields, via the
Autodesk Research Community.

The experts were asked to assess a set of nine materials (steel,
aluminum, titanium, glass, wood, thermoplastic, elastomer, ther-
moset, and composite) based on their suitability for sixteen differ-
ent scenarios, assigning a score between 0 and 10, with 0 repre-
senting an unsatisfactory choice and 10 representing an excellent
choice. These scenarios included all possible combinations of four
design applications (kitchen utensil grip, safety helmet, spacecraft
component, and underwater component) and four design criteria
(lightweight, heat resistant, corrosion resistant, and high strength).

The selection of these applications, criteria, and materials aimed
to cover a wide range of use cases and maximize the likelihood
of identifying both suitable and unsuitable design options. Only
responses from participants who indicated experience in material
selection were retained. Although not all participants answered
every question, all responses were included, resulting in a data set
collected from 138 material selection experts.

3.2 Design of LLM-Based Agent. To build our LLM-based
agent, we used the Hugging Face Transformers library. To align
with expert decision-making, we designed the agent to evaluate
multiple factors critically and solve problems effectively. We chose

2https://github.com/grndnl/llm_material_selection_jcise
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the ReAct framework for its step-by-step approach, where reason-
ing and actions dynamically refine plans, enhancing accuracy and
reducing hallucinations [107]. Furthermore, research suggests that
LLM-based agents are better equipped to manage complex tasks
and interact with external systems when using executable code [17].
Therefore, we chose an agent that generates Python code instead
of JSON for tool calls.

To initialize a Hugging Face agent, key parameters must be de-
fined, including selecting an LLM [108]. We chose Qwen 3 for
its strong performance and range of model sizes, measured by the
number of parameters or adjustable values that determine how the
model understands and generates language. This range allows us to
examine the impact of model size on replicating expert decision-
making. The Qwen 3 models were trained on a dataset of 36
trillion tokens, the smallest units of text that an LLM can process,
doubling the 18 trillion used in the Qwen 2.5 series. Additionally,
unlike earlier model families, the Qwen 3 series are able to switch
between a multi-step thinking mode for complex problems and a
fast non-thinking mode for simpler question, enabling us to exam-
ine how activating thinking mode affects the results. [48]. As a
result of these changes, Qwen 3 models, across both thinking and
non-thinking modes, match the performance of larger Qwen 2.5
models and even surpass them in STEM, coding, and reasoning
benchmarks [48].

Furthermore, the agent requires a toolbox from which it can
select tools to use. While the Hugging Face Transformers library
includes default tools, we determined that our agent needed internet
access to search for material characteristics, identify comparable
designs, and retrieve real-time data. We developed a custom tool
class that utilizes the Wikipedia API to perform searches and re-
trieve summaries of the top results [108].

Finally, the agent must be initialized with a system prompt that
defines its input, expected behavior, available tools, and output for-
mat [108]. Clear instructions and examples within the prompt are
crucial for achieving accurate results [109]. We customized the
default system prompt to include examples of using the Wikipedia
search tool to evaluate material effectiveness in various design
cases, avoiding survey data to prevent bias. An example of these
different components interacting with each other in the agentic
framework is shown in Figure 1.

3.3 LLM Experiments. In order to address our research
questions, we perform an experiment in which we compare our
agentic framework using zero-shot prompting to standalone LLMs
using zero-shot, few-shot, parallel, and chain-of-thought prompt-
ing methods. Zero-shot prompting provides only task instructions,
offering high interpretability, the absence of examples, and a more
flexible prompt [110]. In contrast, few-shot prompting involves
one or more examples for better context, which helps optimize
model performance [111]. For the few-shot evaluation, we used
two examples not included in our survey.

A parallel approach directs the model to generate all nine scores
in a single query, providing faster inference, reduced computational
costs, and better memory efficiency. However, it requires additional
post-processing and may increase the risk of model hallucinations
[106,112]. We also evaluate a two-step chain-of-thought approach,
first prompting the model to explain how a material would per-
form in a specific design scenario, then integrating that explana-
tion into the final query where the model provides a score. The
exact prompts for each approach (zero-shot, few-shot, parallel, and
chain-of-thought) can be found in the paper by Grandi et al. [16].

For each prompting method, we observed instances where the
LLM failed to follow instructions correctly. As a result, we ex-
cluded responses that failed to return an answer within the specified
0-10 range. Furthermore, in the agentic experiments, we retained
only runs where the final answer tool was successfully called and
the last search query did not produce an error, ensuring the results
reflected the agent’s reasoning process rather than a fallback mech-
anism. If a failure occurred during a run, we reran the prompt up to

Fig. 1 A visualization depicting the dynamic workflow
of the agentic AI used in this work, illustrating how the
prompt, LLM, tools, and environment interact through an
iterative process of reasoning, thoughts, actions, and ob-
servations to produce a final response.

five times with the same design, material, and criterion combina-
tion before excluding it from analysis. For the agentic prompting
method, the number of reruns, completion tokens, and types of
search queries made by the agent were logged for further analysis
of the agent’s internal behavior.

We tested these five methods (agentic, zero-shot, few-shot, par-
allel, and chain-of-thought) across six different Qwen 3 model sizes
(1.7B, 4B, 8B, 14B, and 32B) with thinking mode enabled. The
results were then saved for further analysis to evaluate the effects
of both model size and prompting strategy.

We adapted the code developed in the paper by Ying et al.
in their study of how model size and prompting strategy affected
the ability of Qwen 2.5 models to emulate professional decision-
making [22]. To further support development of LLM methods,
the data and code are available on Github 3.

3.4 Evaluation. In order to measure alignment with material
selection professionals, we compute the average z-score, mean ab-
solute error (MAE), and R-squared value of the generated scores
relative to the distribution of survey data, using a sample size of
144. We assess how these metrics vary across model sizes and
prompting strategies.

We compute the z-score for each LLM-generated score to mea-
sure its deviation from survey responses for the same material. The

3https://github.com/cmudrc/Agents-for-Material-Selection
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Fig. 2 A flowchart of the LLM-based agent’s iterative process when asked to assess the suitability of composite
materials for a lightweight spacecraft component. The agent can interact with Wikipedia, determine when and what
to search, and use findings to draw conclusions.

Fig. 3 The contributions of model size and prompt type to predicting z-score are represented as coefficients in the
linear regression model. The p-values and coefficients show that parallel prompting with standalone LLMs signifi-
cantly decreases z-score compared to the agentic framework, while other strategies have negligible effects.

Fig. 4 The contributions of model size and prompt type to predicting MAE relative to survey data are represented
as coefficients in the linear regression model. The p-values and coefficients indicate that all prompting strategies
used with standalone LLMs, except for few-shot prompting, result in a significant decrease in MAE compared to the
agentic framework.
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z-score is calculated as
𝑧 =

𝑥 − 𝜇

𝜎
(1)

where 𝑥 is the score, 𝜇 is the mean of survey responses evaluating
that material, and 𝜎 is the standard deviation of survey responses
for that material.

The MAE is calculated as

𝑀𝐴𝐸 =
1
𝑛

𝑛∑︂
𝑖=1

|𝑦𝑖 − 𝑦𝑖 | (2)

where 𝑛 is the number of responses, 𝑦𝑖 is the 𝑖th expert score, and
𝑦𝑖 is the 𝑖th predicted score.

To explore the agent’s internal behavior for our second research
question, we analyzed its performance across different model sizes
using several metrics. For each model size, we measured the num-
ber of reruns per prompt, both overall and for successfully retained
responses. We also examined search behavior by calculating the
total number of search queries per design, criterion, and material
combination, along with the proportion of unique queries to assess
search diversity. Lastly, we quantified token usage by comput-
ing the number of completion tokens generated by the agent. We
averaged these metrics across all test cases.

To determine the similarity between search query terms, we
used sentence embeddings, which represent words as continuous-
valued vectors capturing their syntactic and semantic properties
and thereby enabling effective measurement of textual similarity
[113,114]. We used Hugging Face’s Sentence Transformers, a
class of transformer models designed for generating sentence em-
beddings and selected MiniLM as the most effective model for
clustering our data points. To prevent clustering based solely on
specific design, criterion, or material, we filtered queries by replac-
ing design applications with ’{design},’ criteria with ’{criterion},’
and materials with ’{material}’ before representing the queries as
word embeddings.

To mitigate computational costs associated with the high di-
mensionality of word embeddings, we apply Principal Component
Analysis (PCA), a linear method that reduces dimensionality by
projecting the data onto principal components while preserving
overall variance [115]. After performing dimensionality reduction,
we visualize the word embeddings of agent queries alongside sys-
tem prompt queries to evaluate whether the agent queries cluster
around the prompt queries.

To answer our third research question, we used multiple lin-
ear regression to model the relationship between the predicting
factors and the results. We ran several regression models, with
MAE or z-score as the dependent variable, and prompting strategy
and model size as independent variables. Since our independent
variables include both categorical and numerical data, we applied
one-hot encoding to convert categorical data into a binary format
suitable for linear regression. Each prompting method (agentic,
zero-shot, few-shot, parallel, and chain-of-thought) is represented
by a separate column, with a value of 1 indicating the presence of
that method and 0 indicating its absence.

We then assessed the statistical relationship between the pre-
dictor and response variables using the regression coefficients and
associated p-values. For each predictor, our null hypothesis is
that it has no effect on the dependent variable after controlling for
the other predictors (i.e., the corresponding regression coefficient
equals zero). We treat the agentic condition as the reference level;
thus, coefficients for other prompting strategies are interpreted as
changes in MAE or z-score relative to the agentic baseline. A low
p-value indicates evidence against the null hypothesis and suggests
that the predictor is associated with a statistically significant shift
in the outcome.

A coefficient in our regression model represents the change in
the dependent variable for a unit increase in an independent vari-
able, with all other predictors held constant. By setting the agentic
approach as the baseline with a coefficient of 0, we interpret other

coefficients as the change in the dependent variable relative to this
baseline. The p-value indicates the likelihood of obtaining a result
as extreme as the one observed, assuming the independent variable
has no effect on the dependent variable. A low p-value indicates
statistical significance, allowing us to reject the null hypothesis
and conclude that the predictor impacts the response, while a high
p-value suggests no significant relationship between the variables.

4 Results and Discussion
In this section, we present results from our experiments, focus-

ing on the inference process of the LLM-based agent, the impact
of model size and prompting strategy on alignment with expert
decisions, and behavioral trends observed across agentic AI.

4.1 Example of LLM-Based Agent Inference Process. The
agent’s inference process begins by determining what information
to search for and executing the necessary search queries. This
may involve searching for key material properties and essential
characteristics required for the target application. After gathering
this information from Wikipedia, the agent evaluates the material’s
compatibility with the design requirements. Finally, based on its
findings, it assigns a numerical rating.

During each iteration of its inference process, the agent gen-
erated descriptive chains of thought. It summarized its current
findings, identified additional necessary searches, explained their
relevance to the prompt, and noted items requiring further confir-
mation. After gathering results, it explained how the information
supported its decision before producing the final answer.

Figure 2 illustrates an example of the agent’s inference process
in evaluating composites for lightweight spacecraft components. It
performs several unique, targeted Wikipedia searches based on the
prompt and newly acquired information, refining its assessment
through multiple iterations. By synthesizing material properties
and engineering constraints, the agent ensures that its final con-
clusion aligns with key requirements specified in the prompt, such
as strength-to-weight ratio. This approach brings the agent closer
to replicating the reasoning process of a material selection expert,
who may draw on domain knowledge and prior research to itera-
tively refine conclusions.

However, some of the Wikipedia results retrieved by the agent
are repeated or irrelevant, suggesting that Wikipedia may not al-
ways provide the necessary information. Additionally, in this ex-
ample, the agent primarily focuses on weight and strength, while
other critical factors, such as thermal stability and environmental
resistance, should also be considered when evaluating the suitabil-
ity of a material for a given application and criterion.

4.2 Effects of Model Size and Prompting Strategy on LLM
Performance. Regression analysis is used to develop models that
relate experimental parameters to key LLM performance metrics.
Specifically, we aim to predict proximity to survey results, mea-
sured by z-score and MAE, based on model size and prompt-
ing strategy. This relationship is mathematically expressed as
𝑧 = 𝑓 (𝐶, 𝑆) and ˆ𝑀𝐴𝐸 = 𝑓 (𝐶, 𝑆), where 𝑧 is the predicted z-score,

ˆ𝑀𝐴𝐸 is the predicted MAE, 𝑆 is the model size, and 𝐶 denotes
prompt type. 𝑆 is treated as a continuous variable. We represent
𝐶 using several binary categorical variable; 𝐶𝐴 represents the use
of an agentic framework, 𝐶𝑍 represents zero-shot prompting, 𝐶𝐹

represents few-shot prompting, 𝐶𝑃 represents parallel prompting,
and 𝐶𝐶 represents chain-of-thought prompting. We consider both
main effects and secondary effects in the regression model.

The linear regression model for predicting z-scores is shown in
Figure 3 (𝑝 = 0.014, 𝑅2 = 0.091), while those for predicting MAE
metrics are shown in Figure 4 (𝑝 = 0.002, 𝑅2 = 0.115). The
explanatory power of these regression models is low due to the
high degree of spread across problems, but several primary trends
still emerge.

Coefficient values for 𝐶 are relative to the effect of 𝐶𝐴. We
observe that parallel prompting leads to a statistically significant
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Fig. 5 The mean z-scores from experiments across all
prompting strategies and model sizes. On average, par-
allel prompting produces the lowest z-scores, while the
other prompt types yield similar values. Average z-
scores remain relatively consistent across model sizes.

decrease in z-score compared to the agentic framework, suggest-
ing improved model performance, while zero-shot, few-shot, and
chain-of-thought prompting show no statistically significant differ-
ences. In contrast, all prompting methods using standalone LLMs,
except for few-shot prompting, result in a significant reduction in
MAE compared to the agentic framework, with zero-shot prompt-
ing yielding the largest decrease. These findings contrast with
those reported for Qwen 2.5 in prior work (Appendix B) , where all
prompting types except parallel produced a significant increase in
z-score, and all prompting types resulted in a significant decrease
in MAE [22]. One possible explanation for the reduced perfor-
mance differences across prompting strategies is the addition of
a thinking mode, although differences in model architecture may
also contribute.

We do not observe a statistically significant decrease in either
z-score or MAE with increasing model size, as the corresponding
coefficients have p-values greater than 0.1, suggesting that larger
models do not necessarily produce more accurate predictions. Ad-
ditionally, the minimal impact of the interaction between model
size and prompt type further supports that prompting strategy plays
a larger role in aligning with expert responses than model size.
Similar trends were observed in Qwen 2.5 studies [22].

The average z-score and MAE across prompting strategies and
model sizes are presented in Figures 5 and 6. We assume that a
closer proximity to the survey data indicates greater accuracy, with
z-scores and MAEs closer to 0 being ideal.

Our z-score analysis reveals no clear trend between model size
and alignment with expert decision-making, consistent with our
linear regression results. This contrasts with previous Qwen 2.5
experiments, which observed a non-linear trend where the z-score
initially decreased with model size before increasing beyond a cer-
tain point [22]. We also find that, compared to Qwen 2.5 results,
Qwen 3 exhibits a substantial increase in z-score for agentic AI
[22]. This may be due to the combined effects of thinking mode
and the agentic framework, both of which encourage extended rea-
soning that can lead to overthinking, a factor shown to negatively
affect model performance [50].

When assessed by MAE, it appears that proximity to expert
results initially improves with model size before remaining steady,
contrasting with the z-score behavior. These differences stem from
their calculation methods. The z-score measures direction and
magnitude, normalizing for scale, while the MAE focuses solely on
the magnitude of the distance between points. Although a similar
trend is observed with Qwen 2.5 models, the Qwen 3 series exhibit
a less steep initial change in average MAE with model size [22].

Fig. 6 The MAE relative to survey data across all
prompting strategies and model sizes. The greatest er-
ror is observed using the agentic and few-shot methods.

The non-linear relationship between our model size and alignment
with expert decision-making may be due to the uneven scaling of
architectural factors, such as layers, attention heads, and context
length, with model size [48].

We observe that MAE values appear nearly identical across all
model sizes and prompt types, with all values between 2.9 and
3.8. This can be attributed to several factors. MAE is computed
by averaging absolute error across all design, criteria, and material
combinations, which can mask differences when models produce
scores with similar central tendencies. Additionally, the scoring
scale is bounded between 1 and 10, limiting the range over which
MAE can vary. Consequently, MAE alone may be insufficient to
evaluate performance differences, motivating the use of comple-
mentary analyses.

Furthermore, across both metrics, we observe smaller differ-
ences in average values between prompting types compared to pre-
vious Qwen 2.5 results, with the exception of parallel prompting
for average z-score. This is consistent with our linear regression
findings, which indicate that only parallel prompting yields a statis-
tically significant change in z-score. Compared to prior work, these
trends suggest that Qwen 3 models may produce more standardized
results than Qwen 2.5, potentially due to the incorporation of a rea-
soning process [22]. They also align with prior research showing
that parallel thinking, distributing the inference budget across mul-
tiple reasoning paths, can maintain or even improve model perfor-
mance relative to extended reasoning [51]. One potential reason
is that, because overthinking has been shown to degrade model
performance, parallel prompting may outperform other methods in
reasoning-capable models by mitigating this effect.

4.3 LLM-Based Agent Behavior. Figure 7 illustrates the dis-
tribution of scores by model size for our agentic experiments, while
Figure 8 presents the distribution for standalone LLM experiments.
The distribution of scores across all model sizes, categorized by
prompt type, is shown in Figure 9.

Across all model sizes, AI generally rates materials as more
suitable than human professionals. Standalone LLMs generate
scores with lower variability than material selection experts, as
indicated by the smaller interquartile range. In contrast, the agen-
tic framework produces the highest variance, surpassing that of the
survey data and suggesting that LLM-based agents better capture
expert decision-making variability. However, compared to Qwen
2.5 experiments (Appendix B), the response spread from the agen-
tic framework is smaller [22]. This may be because the reasoning
process reduces variability, making agent behavior more similar to
that of standalone LLMs, although differences in model architec-
ture may also have influenced the results.
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Fig. 7 The scores generated by the LLM-based agent
across all design, criteria, and material combinations
from our experiments, grouped by model size, with me-
dian values labeled.

Fig. 8 The scores generated by standalone LLMs across
all design, criteria, and material combinations from our
experiments, grouped by model size, with median values
labeled.

We also observe that the median and spread of scores remain
relatively consistent across model sizes for standalone LLMs, while
agentic AI exhibits greater variance. Earlier experiments with
Qwen 2.5 models, which lacked a thinking mode, showed more
variability in score spread across model sizes for standalone LLMs.
This suggests that differences between the model series, which may
include the use of thinking mode, have contributed to a reduction
in performance variability by model size [22].

Upon reviewing the agent logs, we found that the LLM-powered
agent occasionally encountered repeated code parsing errors. After
reaching the maximum number of query iterations, it defaulted to
returning a response based on the error-handling mechanism rather
than the intended reasoning process. Further analysis revealed that
the final answer tool was not called, and an error was reported
in the last iteration before a response. During development, we
modified our code to rerun a prompt up to five times in an attempt
to achieve successful execution before omitting it.

To assess agent behavior, we measured prompt omissions, total
and successful reruns, total and unique queries, and completion
tokens across model sizes. Figure 10 presents the average com-
pletion token count. Discussion of the remaining metrics can be
found in Table 1 and Figures 12 and 13 in Appendix A.

The average number of completion tokens generally increased
with model size, with the 1.7B model as an exception, which un-
expectedly produced the second-highest token count. A review
of agent logs revealed that as model size increased, the reasoning
generated by the models became more detailed, resulting in longer
outputs and higher token usage for the larger models. Interestingly,
the 1.7B model exhibited the greatest amount of backtracking and
self-reflection during its reasoning process, more frequently re-
visiting earlier decisions and generating thinking phrases, which
contributed to its increased token count. This suggests that smaller

Fig. 9 The scores across all design, criteria, and ma-
terial combinations from our experiments, grouped by
prompt type, with median values labeled.

Fig. 10 The mean number of completion tokens used
for each iteration of the agent workflow, categorized by
model size, with error bars representing standard devia-
tion. The 32B model required the most tokens, followed
by the 1.7B model, with the 4B model using the fewest
tokens.

reasoning-capable models may be less efficient and more prone
to reasoning traps. Prior research supports this, indicating that
smaller models (under 3B parameters) tend to perform better when
fine-tuned on shorter reasoning chains that align with their intrinsic
learning capacity, rather than on lengthy chains of thought [116].

Our study also found that average token usage in Qwen 3 mod-
els increased significantly compared to Qwen 2.5 results (Ap-
pendix B), due to the generation of more thinking tokens such
as "wait," "but," "okay," "however," "hmm," "alternatively," and
"maybe" [22]. This aligns with prior research showing that the use
of reasoning models leads to higher token consumption [49,50].
However, these reasons for increased token usage differ from pre-
vious Qwen 2.5 experiments, where increased token counts were
attributed to returning justifications within final answers or gen-
erating code with more extensive comments [22]. These results
suggest an improvement in instruction-following, which may stem
from the reasoning process itself, enhancements between the Qwen
2.5 and Qwen 3 series, or a combination of both.

In the agent logs, we observed that many of the agent’s queries
closely followed the predefined query formats in the system prompt,
such as properties of {material}, necessary properties of {design},
and {material} use in {design}.This finding aligns with our embed-
ding analysis, shown in Figure 11 after applying PCA to reduce the
dimensionality.

The data points primarily group into three main clusters near
the embeddings associated with the example searches provided in
the system prompt, which are represented by black dots. This
indicates that the models often generate similar terms or struc-
tures. However, there is still significant variability around these
points, suggesting variability in query construction. Upon review-
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Fig. 11 The results of the word embeddings analysis af-
ter PCA, color-coded based on model size, reveal three
main clusters around the system prompt embeddings.
This suggests that the models generally generate query
responses that align with the system prompt.

ing the queries in each cluster, we find that the clusters correspond
to distinct themes: one focuses on material properties related to
a criterion, another centers on design-related properties and re-
quirements, and the third examines how materials perform within
specific applications and criteria. These findings are consistent
with results observed in Qwen 2.5 models [22].

Interpreted in a material selection workflow, lower MAE and
z-score indicate closer agreement with expert scoring patterns
and therefore greater potential utility for early-stage screening and
shortlist generation [21,27]. In this context, the primary value of
improved alignment is not “winning” a benchmark. But, rather,
reducing the risk that an assistant systematically over- or under-
prioritizes particular material classes under common conceptual
design criteria [16,21]. Our results therefore inform how LLM-
based tools might be configured for practical material screening.

5 Limitations and Future Work
While our analysis provides insights into prompting strategies

and model size, these results should be interpreted primarily as evi-
dence about AI-assisted material screening and ranking on MSEval
[21], rather than as end-to-end automation of real-world material
selection decisions [26,27]. Our paper focused exclusively on the
Qwen 3 and Qwen 2.5 models, which already demonstrated key dif-
ferences in results. However, given that different architectures may
exhibit varying performance patterns based on size and prompt
type, the generalizability of our results to other model series is
unknown. Future research should investigate a broader range of
models to better understand how these factors interact across di-
verse LLMs. Additionally, a more quantitative comparison be-
tween Qwen 2.5 and Qwen 3 results could provide clearer insights
into how changes in model architecture impact performance met-
rics.

In our experiment, we collected results from Qwen 3 models
using thinking mode and compared them to Qwen 2.5 models,
which did not use a reasoning process. Since other differences
exist between these model families, future research should conduct
controlled comparisons within a single model series that include
both the inclusion and exclusion of thinking mode to better isolate
the impact of a reasoning process on model performance.

We observed slight differences in the behavior of the LLM-based
agent, leading to variations in the final scores generated across dif-
ferent runs. Similar fluctuations were noted in standalone LLMs,
reflecting the inherent stochasticity of LLM inference. In this study,
we focus on aggregate alignment trends across the full MSEval
benchmark, which comprises 144 distinct design scenarios, rather

than on individual predictions, allowing run-to-run variability to
be partially mitigated through aggregation. Since our analysis was
based on a single run per configuration, future work should con-
duct systematic sensitivity analyses across repeated trials to more
explicitly quantify output variance and assess the reproducibility
of alignment trends.

We equipped our LLM-based agent with a Wikipedia search
tool. While Wikipedia provides general information, it is not con-
sidered a scholarly resource and has a limited knowledge base, as
evidenced by its often uninformative page summaries. In practice,
material selection professionals often rely on peer-reviewed jour-
nals, industry reports, and past project data. Future research could
explore retrieval-augmented generation (RAG) tools for accessing
specialized databases or alternative search APIs to enhance result
quality.

6 Conclusion
The agentic framework effectively enables LLMs to execute ac-

tions and interact with external environments using tools. Our
research demonstrates that this structured approach allows LLMs
to break down complex tasks and generate informed responses,
facilitating a reasoning process that more closely resembles how
a material selection expert might approach decision-making. Our
LLM-based agent tends to replicate search queries similar to those
provided in the system prompt, emphasizing the importance of
strong examples in guiding AI behavior for complex design tasks.

Our linear regression results demonstrated that choice of
prompting style played a larger role in predicting both z-score and
MAE in comparison to model size. Although larger models tend
to produce more detailed reasoning and consume more tokens,
these factors do not translate into significantly improved accuracy.
This suggests that prompt engineering has a greater influence than
model size in driving accurate AI behavior across various design
applications.

Furthermore, our results demonstrate greater standardization of
performance across model sizes and prompting types, with reduced
variability compared to earlier non-thinking models. This suggests
that designers may have increased flexibility in choosing models
and prompting strategies to achieve superior performance. While
these differences may be partly attributed to changes in the model
series, the implementation of a thinking process may be a con-
tributing factor.

We observe that agents based on smaller models exhibit less
efficient reasoning, characterized by increased backtracking and
higher token consumption. Parallel prompting with reasoning-
capable models improves alignment with expert recommendations,
likely by mitigating overthinking. In contrast, integrating reasoning
within the agentic framework tends to reduce accuracy, potentially
due to increased overthinking and error accumulation. However,
these differences may not be solely attributable to reasoning inte-
gration, as factors such as model architecture and training protocols
may also influence outcomes.

Practically, these findings suggest that for bounded mate-
rial screening tasks (fixed candidate sets and criteria), stan-
dalone prompting, especially parallel prompting, may offer the
most efficient route to expert-like shortlists. In contrast, tool-
augmented agents should not be assumed to improve material rec-
ommendations unless retrieval is constrained to criterion-relevant,
engineering-grade sources (e.g., datasheets, standards, handbooks)
and the agent is guided to justify scores with traceable evidence.
Finally, since thinking mode increased token usage without clear
accuracy gains across sizes, selective use of reasoning (e.g., only
for ambiguous cases or conflicting constraints) may be preferable
in interactive design workflows.
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Appendix A: Additional Analysis
Table 1 shows the percentage of LLM-based agent responses

that were omitted in our analysis. Figure 12 displays the aver-
age number of reruns, categorized by successful prompts and all
prompts, while Figure 13 illustrates the average number of searches
conducted by the agent, both total and unique.

Table 1 The percentage of responses omitted by our
program across all model sizes, categorized by whether
the final answer tool was called and whether the last
agent iteration resulted in an error. Omissions occurred
only for the 8B model, with 22 omissions total, and no
omissions for any other model size or prompt type.

ine 1.7B 4B 8B 14B 32B
ine 0.0% 0.0% 15.3% 0.0% 0.0%

ine

Fig. 12 The average number of reruns per prompt, both
overall and for successful prompts, grouped by model
size. The 8B model shows the highest mean reruns in
both categories, while other model sizes required much
fewer reruns.

Fig. 13 The average number of total and unique queries
for successful prompts, categorized by model size. The
4B model generated the highest number of queries, while
the 1.7B model produced the fewest. Most queries were
unique across all model sizes, with the 8B model showing
some repeated searches.

Our results reveal nonlinear effects of model size on agent be-
havior. Both smaller models (1.7B and 4B) and larger models (14B
and 32B) exhibited stable performance, with no omissions, mini-
mal reruns, and high proportions of unique queries. In contrast,
the 8B model showed a decline in performance, characterized by
a higher rate of omissions, increased reruns, and a slightly lower
proportion of unique queries.

These results align with previous Qwen 2.5 experiments, where
performance measured by omissions, reruns, and unique queries
initially improved with increasing model size but dropped sharply
for mid-sized models [22]. Despite these similarities, the Qwen
3 series demonstrates clear improvements. Notably, the 8B model
exhibited a much lower proportion of omissions and fewer reruns
compared to the Qwen 2.5 14B model [22]. Moreover, no other
Qwen 3 model sizes showed high rates of omissions or reruns, and
duplicate query searches were reduced relative to Qwen 2.5 [22].

Appendix B: Qwen 2.5 Results
To facilitate comparisons with the Qwen 2.5 family of models

referenced in Section 4, we reproduce in this section the key find-
ings from our prior work [22]. We include the z-scores (Figure 14),
and MAE scores (Figure 15); the distributions of scores grouped
by model size for agentic AI (Figure 16) and standalone LLMs
(Figure 17), as well as prompt type (Figure 18) [22]; and token
consumption (Figure 19).

Fig. 14 Qwen 2.5 mean z-scores.

Fig. 15 Qwen 2.5 MAE.
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