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Abstract. Computer-Aided Engineering (CAE) enables simulation experts to
optimize complex models, but faces challenges in user experience (UX) that limit
efficiency and accessibility. While artificial intelligence (AI) has demonstrated
potential to enhance CAE processes, research integrating these fields with a focus
on UX remains fragmented. This paper presents a multivocal literature review
(MLR) examining how AI enhances UX in CAE software across both academic
research and industry implementations. Our analysis reveals significant gaps
between academic explorations and industry applications, with companies actively
implementing LLMs, adaptive UIs, and recommender systems while academic
research focuses primarily on technical capabilities without UX validation. Key
findings demonstrate opportunities in AI-powered guidance, adaptive interfaces,
and workflow automation that remain underexplored in current research. By
mapping the intersection of these domains, this study provides a foundation for
future work to address the identified research gaps and advance the integration of
AI to improve CAE user experience.

Keywords: Computer-aided engineering, artificial intelligence, user experience, multi
vocal literature review, systematic literature review, grey literature review

1 Introduction

Computer-aided engineering (CAE) software employs mathematical models to predict
system behavior across engineering domains [15], enabling virtual testing that reduces
costs and accelerates development [16]. These tools have become essential in industries
from aerospace to automotive, where engineers simulate everything from aerodynamics
to manufacturing quality [34].
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Despite their value, simulation tools present significant usability challenges. User
experience (UX), defined by [28, Clause 2.15] as ”A person’s perceptions and responses
resulting from the use and/or anticipated use of a product, system or service”, is critical
for the effective use of these tools. In the CAE context, effective UX enables engineers
to perform complex simulation tasks—such as geometry preparation, mesh generation,
physics setup, and results interpretation—with minimal friction, cognitive load, and
potential for error. However, many CAE tools struggle in this regard: engineers must
often create precise geometric models, accurately specify numerous parameters, and
possess extensive domain knowledge—with incorrect settings potentially wasting hours
of computation time [15]. These UX challenges limit adoption and effective utilization of
powerful simulation capabilities. Artificial intelligence (AI) is transforming simulation
workflows through several key interventions [15]. Large language models like AnsysGPT
[13] provide around-the-clock technical guidance to engineers, while Siemens’ Industrial
Copilot [1] enhances interface intuitiveness and reduces cognitive load. Such tools
address critical UX barriers by making complex systems more accessible. Beyond
assistance, AI accelerates simulation through neural networks trained on previous results,
enabling non-specialists to evaluate designs within minutes rather than hours. Ansys
SimAI exemplifies this approach, allowing more design alternatives to be tested across
development phases [5]. This democratization of simulation capability represents a major
UX advancement. Despite AI’s demonstrated potential to alleviate CAE’s significant UX
challenges, a clear, synthesized understanding of how these advancements are currently
being implemented and validated—both in academic research and industry practice—is
lacking. It remains unclear whether academic explorations align with industry needs,
which AI-driven UX enhancements are gaining traction, and what specific research gaps
hinder the translation of potential into widespread, effective application. Addressing this
knowledge gap is crucial for guiding future research and development efforts aimed at
fully leveraging AI to improve CAE user experience.

This paper contributes by: (i) systematically analyzing AI advancements impacting
CAE software UX; (ii) identifying gaps between academic research and industry im-
plementation; and (iii) mapping underexplored areas requiring further investigation. To
achieve these contributions, this study employs a Multivocal Literature Review (MLR)
as its primary methodology. This approach is chosen as it allows for the integration of
insights from diverse sources, specifically utilizing a component systematic literature
review (SLR) of academic research alongside a component Grey literature review (GLR)
of industry practices. Adopting the MLR framework is crucial because, while previous
literature has examined CAE and AI integration [15], it often lacks rigorous methodol-
ogy, comprehensive market analysis, or a specific focus on user experience factors. The
MLR overcomes these limitations by systematically analyzing and synthesizing both
academic and industry perspectives, providing robust and comprehensive insights into
AI-enhanced CAE user experience within this rapidly evolving field.

2 Methodology

This study employed a MLR methodology to investigate the integration of AI for
enhancing UX in CAE software and drawing insights from both academic and industry
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sources. The MLR consists of two complementary components: a SLR examining
scholarly research and a GLR analyzing market solutions and industry practices.

A. Research Question (RQ) Bridging the gap between academic research and market
solutions requires a well-structured research question that clearly defines the scope of
investigation. To achieve this systematically, we applied the PICOC framework [30]
during question formulation. This framework helps define the key elements – Popula-
tion, Intervention, Comparison, Outcome, and Context – ensuring clarity and focus, an
approach suitable within software engineering contexts [20].

RQ: How is AI implemented in CAE software to enhance user experience, and what
scientific research approaches remain to be translated into market solutions?

B. Search strategy 1) SLR Search: Based on its coverage and relevance for the topic
of AI in CAE software for better UX, we chose Google Scholar to find articles [40].
The selected time frame spans from 2010 to March 13th, 2025. This selection ensures a
manageable scope for the review process. The study applied the following search string:
("CAE software" OR "engineering simulation") AND ("AI integration"

OR "machine learning") AND ("UX" OR "user experience") AND ("industry

case study" OR "implementation" OR "adoption challenges")

2) GLR Search: The GLR search strategy adhered to guidelines from [15]. Key
companies at the intersection of CAE, Artificial Intelligence (AI), and UX were initially
identified via Google. Their websites were subsequently reviewed for relevant literature.
Finally, a broad keyword search was conducted until theoretical saturation was achieved
[15].

C. Inclusion and Exclusion Criteria This study formulated the inclusion and exclusion
criteria for the SLR part of the MLR based on [20]. Table 1 lists these criteria.

Table 1. INCLUSION/EXCLUSION CRITERIA AND APPLICATION RESULTS

Note: Application of inclusion criteria resulted in 14 papers for quality assessment.

ID Criterion Absence Exclusions
IC1 Publication date within defined time frame EC1 0
IC2 Primary study (not secondary/tertiary) EC2 38
IC3 Peer-reviewed publication

(not GL, blog posts, PhD Thesis, preprints)
EC3 57

IC4 Published in English EC4 1
IC5 Not a duplicate of another included study EC5 0
IC6 Explicitly discusses AI integration within CAE

software environments
EC6 117

IC7 Addresses UX in AI-integrated CAE software
OR implies enhanced UX from AI integration

EC7 1
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For GLR: (i) Authority of the producer. Does the author have expertise in the area?
(e.g., job title principal software engineer). (ii) Novelty. Does it enrich or add something
unique to the market? Does it strengthen or refute a current position?

D. Quality Assessment The 14 selected SLR papers underwent quality assessment
(QA) using criteria from [21] with a Likert scale [23]; papers scoring below 60% were
excluded. To evaluate the performance of an LLM on this specific QA task, a sequential
assessment and comparison process was followed.

First, the QA criteria were provided to the LLM (Claude 3.7). The 14 papers were
then uploaded, and the LLM was prompted to assess each paper according to these
criteria, generating scores and text-based justifications. Subsequently, the researchers
performed an independent manual assessment of the same 14 papers using the identical
criteria. Finally, the LLM-generated scores and justifications were compared against
the results of the manual assessment. The manual assessment served as the definitive
benchmark for accuracy. Final inclusion decisions, based on the 60% quality threshold,
were made solely based on the manual assessment scores. Table 2 summarizes the results
from both methods; nine papers were included based on the manual evaluation.

Table 2. Number of Studies per Quality Percentile Range

Assessment Method 0-60% 60-70% 70-80% 80-90% 90-100%
Claude 3.7 Assessment 6 3 3 1 1
Manual Assessment 5 3 3 0 3

This comparison revealed crucial inaccuracies in the LLM’s assessment compared to
the manual benchmark. Our evaluation indicates that while LLMs may aid screening,
manual assessment remains essential for ensuring the rigor required in systematic
reviews.

E. Data Extraction Publication details, research field, methods, and outcomes were
extracted for the SLR following [14]. The search after quality assessment resulted in
9 papers. The data from those papers was extracted manually. The GLR examination
focused on: 1) materials from CAE software manufacturers, 2) identified AI applications
enhancing UX in CAE, and 3) results obtained through broad Google searches.

Records
identified in

Google Scholar
(n = 228)

Excluded
records based

on ic/ec
(n = 214)

Full-text
articles assessed

for quality
(n = 14)

Studies
included in

final synthesis
(n = 9)

Fig. 1. PRISMA Flow Diagram of SLR Selection Process
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Table 3. AI Methods in CAE for Enhanced User Experience: Systematic Literature Review

Classification AI technique Paper Title (abbreviated) Year
Workflow Automation Conformal mapping MeshLink: A surface structured mesh generation

framework to facilitate automated data linkage
2024

& Efficiency Procedural Gen., ANN Enhancing 3D Printing with Procedural Genera-
tion and STL Formatting Using Python

2024

Simulation Accel. RL (mPPO, mHPPO) RL approach with masked agents for chemical
process design

2024

& Optimization PINN, DL Physics-Informed DL for cyclone separators 2021
Generative Design &
Space Expl.

No direct examples in primary studies

User Experience No direct examples in primary studies
Data-Driven Analysis ML Synthetic data generation for autonomous ma-

chinery
2023

System-Level Integration KB (OWL), MAS OWL ontologies for mixed-reality HRC assem-
bly

2023

DT, Bayesian Opt. Nominal digital twin for product design 2023
DL, GANs Advanced HCI in digital twins 2023

Manufacturing & QC ML, DL, Image ML-Enabled Prediction of 3D-Printed Micronee-
dles

2022

Core AI Research PINN, RL, DL Papers listed in categories above

F. Data Analysis and Synthesis A qualitative synthesis, suitable for descriptive software
reviews [9], was applied. Reciprocal analysis [27] compared SLR and GLR findings to
summarize gaps, complemented by descriptive synthesis.

3 Results

This section presents findings from the Multivocal Literature Review (MLR) on AI
for enhancing CAE UX, synthesizing Systematic Literature Review (SLR) and Grey
Literature Review (GLR) insights. A crucial SLR finding is the lack of published
empirical UX evaluation for proposed AI methods, despite frequent claims of benefit.
Industry practices, identified via GLR focused on market leaders (Siemens, Ansys,
Altair, Dassault, PTC, Autodesk, Hexagon, Comsol) chosen for their influence, show
a different emphasis: companies actively market AI features, explicitly articulating
how specific capabilities (e.g., LLMs, automation) are designed to improve UX and
providing the rationale. However, mirroring the academic gap in published proof, the
reviewed grey literature generally lacks formal empirical validation results (like usability
metrics) demonstrating these claimed outcomes, potentially due to competitive sensitivity.
Growing academic publication volume since 2021 indicates increasing interest. Based
on the combined MLR, key impact categories were identified; the following subsections
detail SLR findings, GLR findings, and comparisons for each category, referencing
summaries in Tables 3, 4, and 5.”

Workflow automation and efficiency: AI helps to automate tedious tasks that take
time and could be automated. This generally leads to better user experience.

SLR findings: [41] discusses the application of deep learning for generating surface
structured meshes, automating a typically manual workflow step and potentially improv-
ing UX by reducing user effort. [22] demonstrates the use of procedural generation with
AI to create CAD objects, suggesting enhanced UX through the generation of better
models for 3D printing with less manual intervention.
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Table 4. AI Methods in CAE for Enhanced User Experience: Grey Literature Review

Classification Group Company Product Key AI techniques
Workflow Automation & BETA CAE Retomo AI Segmentation
Efficiency BETA CAE / Das-

sault
Ansa, Komvos ML Toolkit

ALTAIR shapeAI ML
PTC Codebeamer Copilot Generative AI

Simulation
Acceleration &

Ansys Ansys Suite Neural Networks

Optimization Ansys Ansys SimAI Physics-Informed AI
Neural Concept NC Platform 3D Deep learning / LLM
ALTAIR PhysicsAI Geometric Deep Learning

Generative Design & Design
Space Expl.

Ansys Ansys Discovery HPC & Cloud AI

Autodesk Autodesk Forma Generative AI
Autodesk Autodesk Fusion Generative AI
Neural Concept NC Deep Learning
SimScale / Nvidia PhysicsNeMo / SimScale Physics AI / Eng. AI
Hexagon Odysee CAE AI/ML

User Interaction & Guidance Ansys AnsysGPT Generative AI
Ansys Ansys SimAI NLP
Autodesk Autodesk Maya NLP
BETA CAE AI assistant LLM
SIEMENS Simcenter Amesim LLMs
SIEMENS NX Adaptive UI (ML/AI)
SIEMENS Simcenter Amesim Recommender LLM

Data-Driven Analysis & Ansys Ansys SimAI Machine Learning
Knowledge Management Autodesk Autodesk Fusion Machine Learning

Comsol Comsol Multiphysics LLMs / Supervised ML
System-Level Integration SIEMENS Simcenter Multi-Agent Systems

Nvidia Omniverse Blueprint AI
Dassault 3D UNIV+RSES Generative AI

Manufacturing & Quality
control

— — —

Core AI Methodology Re-
search

— — —

GLR findings: The GLR revealed five relevant industry examples in this area (Table
4). Beta CAE utilizes AI in its RETOMO product for improved segmentation of CT
images, enhancing UX by enabling analysis of noisy data [37]. They also offer an AI
assistant for documentation navigation and automated CAE model generation from
CAD [36]. Altair’s ShapeAI employs ML for identifying matching parts [3], PTC
developed a Copilot for software development related to physical products [31], and
Autodesk utilizes AI to interpret design markups and suggest context-aware actions [8].
These industry applications aim to augment user workflows, reduce redundant actions,
and improve access to information, thereby enhancing overall user effectiveness.

Comparison and gaps: A comparison between the GLR and SLR findings (sum-
marized in Table 5) indicates an overlap in automating preprocessing and design tasks.
However, commercial efforts focus more broadly on integrating AI into the end-to-end
workflow (e.g., CAD-to-CAE automation), whereas the reviewed academic studies con-
centrate on developing specific algorithms for tasks like mesh generation and procedural
generation. A gap exists in academic research concerning the integration aspects and
holistic workflow automation prevalent in industry applications.

Simulation acceleration and optimization: AI optimizes parameters and simulation
speed with physics, reducing user effort in software optimization.
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Table 5. Comparison of Grey vs. Academic Literature by Classified Focus Area

Classification
Group

GL Emphasis Academic literature
Emphasis

Overlaps and Gaps

Workflow Au-
tomation & Ef-
ficiency

High focus: Automating
CAD → CAE (BETA CAE),
preprocessing (segmentation,
part ID), integrating with
related domains (software
dev).

Present in preprocessing
(MeshLink) and design
automation (Procedural
Generation).

Overlap: Automation of preprocess-
ing (meshing/geometry prep) and de-
sign tasks. Gap: Commercial side ad-
dresses broader workflow integration
(software dev, direct CAD → CAE
automation). Academic focus on spe-
cific algorithms/frameworks.

Simulation
Acceleration &
Optimization

Significant focus: Using
Physics-Informed AI, Deep
Learning/LLMs, NN for
faster simulations/predictions
or enhanced accuracy. Key
value proposition.

Significant focus: Devel-
oping/validating meth-
ods (PINNs, RL for op-
timization), demonstrat-
ing speed-up/accuracy
on specific problems.
Often methodological.

Overlap: Strong interest in Physics-
Informed AI/PINNs, ML/DL for pre-
diction/surrogates. Gap: Commercial
side integrates into platforms; Aca-
demic side proves concepts/methods.

Generative De-
sign & Design
Space Expl.

Strong focus: Using
GenAI/AI/DL/ML for
design creation/exploration,
environmental analysis,
optimization (Discovery,
Forma, Fusion, NC, Sim-
Scale, Hexagon). Aided by
ML toolkits (BETA CAE).

Less prominent in this
specific academic sam-
ple, but exists in wider
literature (e.g., topology
optimization using AI).
Often tied to optimiza-
tion research.

Overlap: Use of AI for design explo-
ration/optimization. Gap: Commer-
cial side heavily pushing user-facing
GenAI tools & integrated toolkits for
rapid exploration; Academic has de-
veloped algorithms for generating too
but was excluded.

User Ex-
perience &
Guidance

High focus: NLP/LLM in-
terfaces (support, interaction,
search, code gen, replac-
ing UI elements), Adaptive
UI, Recommenders, NLP for
scene interaction. Major area
for UX improvement.

While literature exists
on general CAE UX
(excluding AI), the
reviewed SLR papers
showed minimal focus
on specifically evaluat-
ing the UX impact of
AI integration in CAE.

Overlap: Use of NLP/LLMs. Gap:
Academic side has literature on LLMs
for CAE but they do not mention
UX. Commercial focus on LLMs/ML
for diverse interaction tasks (support,
search, UI replacement, coding, rec-
ommendations).

Data-Driven
Analysis &
Knowledge
Management

Present: Predictive modeling
(performance, parameters),
analysis tools (InfoDrainage),
inferring properties (COM-
SOL viscosity example using
ML/LLM).

Present: Prediction (mi-
croneedles), synthetic
data generation, knowl-
edge representation (On-
tology in HRC paper).

Overlap: No overlap, diferent direc-
tions. Gap: Academic side explores
foundational aspects like synthetic
data and formal knowledge, software
manufacturers focus on inferring vis-
cosity from droplet shape.

System-Level
Integration

Emerging focus: Digital
Twins (Nvidia, Dassault),
Agent systems (Siemens,
COMSOL ASAs). Positioned
as advanced/future capabili-
ties.

Clear focus: Developing
frameworks/concepts
(NDT), enabling inter-
actions (HRC ontology),
specific system compo-
nents (HAR in DT).

Overlap: Interest in Digital Twins
and Agent concepts. Gap: Academic
side often develops theoretical foun-
dations for digital twins or models for
human robot collaboration.

Manufacturing
& Quality
Control

Less direct focus in the CAE
software itself (which is pre-
manufacturing), though out-
puts feed into it.

Present: Applying AI di-
rectly to manufacturing
outcomes (microneedle
quality).

Gap: This area is more prominent in
manufacturing-specific research/tools
than typical CAE UX focus, though
linked via the design data.

Core AI
Methodology
Research

Not applicable (focus is on ap-
plication).

Implicit in several pa-
pers (PINN develop-
ment, RL agents, DL ar-
chitectures for HAR).

N/A - This is primarily the domain of
academic research.
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SLR findings: Two SLR papers addressed simulation acceleration and optimization.
[33] utilized masking techniques with RL agents to enhance the design and optimization
of chemical process flowsheets, implying a UX benefit through reduced waiting times.
[32] demonstrated the use of physics-informed deep learning (PIDL) for predicting flow
fields, claiming a significant UX impact through a model reported to be 200 times faster
than traditional CFD simulations, thereby increasing productivity and user satisfaction.

GLR findings: Industry sources indicate a strong focus on AI for simulation acceler-
ation. Ansys developed SimAI, which facilitates AI-assisted user interaction and predicts
design behaviors rapidly based on past simulations [5]. Ansys also published a case study
on AI/ML integration for simulation optimization [6]. Neural Concept’s NC Platform
utilizes 3D deep learning and LLMs for accelerated design and simulation [11]. Altair’s
PhysicsAI employs geometric deep learning, enabling models to learn from geometry
directly without extensive parametrization [2]. These tools aim to empower users with
faster results and higher quality insights, enhancing the overall user experience.

Comparison and gaps: A significant overlap exists between SLR and GLR in the ap-
plication of AI (particularly PIDL/PINNs and deep learning) for prediction and surrogate
modeling. However, a gap lies in the scope of prediction: SLR studies focused on specific
phenomena (e.g., flow fields), whereas GLR examples target broader prediction of design
behaviors. Furthermore, commercial entities focus on integrating these methods into
comprehensive platforms, while academic studies often concentrate on methodological
proof-of-concept.

Generative Design and Design Space Exploration and User Experience and
Guidance: This combined category considers AI for automatically generating design
variations (Generative Design), exploring the design space efficiently (Design Space
Exploration), and enhancing user interaction through features like adaptive interfaces or
intelligent guidance (User Experience and Guidance).

SLR Findings: The SLR yielded no primary studies specifically focused on Gener-
ative Design or AI-driven User Experience/Guidance within the defined scope. While
papers generally alluded to improved user experience as an outcome of their proposed
methods (e.g., through automation or speed), none provided empirical evaluations of UX
or focused directly on AI for interaction design or guidance within CAE. This represents
a notable gap in the reviewed academic literature.

GLR Findings: In contrast, there is substantial industry activity in these areas which
is shown through GLR findings. Autodesk’s Fusion enables real-time 3D model creation
and design exploration [8]. Neural Concept’s NC platform assists users in product design,
claiming AI as a key factor for successful products and improved UX [10]. SimScale
and Nvidia collaborated on an AI Foundation Model for rapid exploration of design
optimizations [16]. Hexagon developed Odysee for design space exploration and process
optimization [17], and Ansys offers Discovery for enhanced scalability and rapid design
exploration [4]. For User Experience and Guidance, Ansys provides AnsysGPT for
real-time simulation support [13] and SimAI for interaction assistance. Beta CAE offers
an AI assistant for documentation search and code generation [36]. Siemens is actively
prototyping AI applications, including generative AI for UX enhancement across user
groups [24] and recommender systems [19], aiming to reduce software complexity and
improve accessibility.
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Comparison and Gaps: A clear disparity exists. A strong industry focus on using
AI (especially Generative AI and LLMs) for design creation, exploration, and direct user
guidance (support, adaptive UI, recommendations) is demonstrated in GLR results. The
academic literature reviewed in the SLR lacks studies addressing the UX implications
or evaluations of such systems within CAE environments. While academic research
on generative algorithms exists, its integration and UX assessment within CAE tools
appear underexplored in the SLR sample. Similarly, the use of LLMs/ML for direct user
interaction tasks is prominent in GLR but largely absent from the specific focus of the
reviewed SLR papers concerning UX impact.

Data-Driven Analysis and Knowledge Management:AI enables predictions and
knowledge management, allowing early parameter adjustments and reducing simulation
iterations.

SLR findings: One SLR paper by [35] highlighted that CAE data can be generated
structured, enabling faster data acquisition for developers, which translates to higher
productivity and reduced friction, implying a UX benefit.

GLR findings: Industry examples include Ansys SimAI predicting design perfor-
mance. Comsol Multiphysics applies ML for inferring material properties, such as
viscosity from simulated droplet shapes, using inverse problem techniques [26].

Comparison and gaps: When comparing the SLR and GLR results (Table 5), its
clear that the reviewed academic work emphasized aspects like synthetic data generation
for model training and the potential for structured data acquisition. In contrast, the GLR
examples focus on applying ML techniques within tools to infer specific properties or
predict performance based on existing or simulated data. A gap appears in translating
foundational academic work on data generation and formal knowledge representation
into practical, user-facing prediction tools within commercial CAE software.

System-Level Integration: AI improves interaction with digital twins and enables
multi-agent systems for better UX.

SLR findings: The SLR included three papers on system-level integration. [12]
employed multi-agent systems for human-robot collaboration, suggesting improved
UX through enhanced productivity. [42] demonstrated the feasibility and utility of
specific digital twin types, potentially reducing user cognitive load by consolidating
data. [25] presented advanced Human-Computer Interaction (HCI) techniques, including
human pose recognition, to improve interaction within digital twin environments, making
systems feel more intuitive.

GLR findings: Industry efforts focus on integrated platforms. Siemens is developing
multi-agent integration within Simcenter Studio [18]. Nvidia’s Omniverse Blueprint
facilitates real-time CAE digital twins connected with commercial solvers [29]. Dassault
integrates generative AI into its virtual twin platform (”3D UNIV+RSES”) [39]. These
initiatives aim to provide users with more comprehensive, interactive, and data-rich
system representations.

Comparison and gaps: Substantial literature exists in both SLR and GLR con-
cerning AI agents and digital twins. A key difference lies in focus: the academic side
often develops theoretical foundations or specific interaction models (e.g., for HRC or
specific DT components). Industry concentrates on implementing these concepts within
integrated, commercially-oriented platforms. The gap involves bridging foundational
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academic work with the practical implementation and UX considerations of interacting
with these complex, integrated industrial systems.

Manufacturing and Quality Control: AI automates quality assessment of manu-
factured parts, streamlining the workflow.

SLR findings: [34] demonstrated the prediction of 3D-printed microneedle quality
attributes (e.g., base diameter, height) using deep learning applied to design features.
This represents a potential UX improvement by automating a quality control step.

GLR findings: Autodesk documentation reflects the use of software for predicting
manufacturability, integrating CAE with manufacturing considerations [7]. However,
specific GLR examples detailing AI integration within CAE for manufacturing quality
control were less prominent compared to other categories.

Comparison and gaps: While manufacturers acknowledge the link between CAE
and manufacturing, the academic side provided a specific example of AI predicting
quality from design data. The GLR suggests less direct integration of AI for QC within
the core CAE UX workflow itself, possibly residing in downstream manufacturing tools.
A potential gap exists in tightly coupling AI-driven manufacturability and QC predictions
directly into the CAE interface for immediate user feedback during the design phase.

Core AI Methodology Research: Fundamental AI development using engineering
problems as test cases to advance user experience.

SLR findings: Several SLR papers, including those by [32] on PIDL, [33] on
RL agents, and [34] on ML for prediction, inherently contribute to this category by
developing or applying advanced AI methods within a CAE context.

GLR findings: The GLR does not typically reflect fundamental AI methodology
research, as the focus of commercial software manufacturers is primarily on applying
established or adapted AI techniques to deliver user value rather than publishing novel
AI methods.

Comparison and gaps: The comparison highlights the distinct roles: academia
focuses on advancing AI methodologies, often validated using CAE problems, while
industry concentrates on the application and integration of these methods. GLR empha-
sizes applicability and proven solutions, potentially hesitant to adopt untested novel AI
approaches in the conservative CAE field. The primary ”gap” is the inherent translation
challenge in moving cutting-edge academic AI research into robust, scalable commercial
software.

Based on this comprehensive review, considerable interest exists in leveraging AI to
improve the user experience of CAE software. However, significant disparities remain
between the focus of academic research and industry implementation. Notably, the
evaluation of UX impacts through established metrics (e.g., usability evaluations, task
completion times, adoption rates) appears limited in the reviewed academic literature.
Several factors might explain this discrepancy: the rapid pace of software development,
resource limitations hindering rigorous academic UX studies, and competitive sensitivity
discouraging the publication of internal industry UX research.

3.1 Mapping Underexplored Areas Requiring Further Investigation

This MLR has identified significant gaps between current industry applications and
academic research concerning AI for enhancing UX in CAE. Specifically, the review
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Table 6. Potential AI Applications for Enhanced CAE UX, Informed by Methods Identified in
Broader AI/UX Research [38]

Classification
Group

Potential AI
method

Brief description Potential relevance to CAE UX Original
phase

Workflow
Automation
& Efficiency

Sketch-to-
Wireframe/Code
Generation

Using ML/DNNs
to convert hand-
drawn sketches
or low-fidelity
mock-ups into
digital wireframes
or basic UI code.

Could potentially speed up early
UI/workflow ideation for new
CAE features or custom inter-
faces based on quick sketches
from UX designers or even engi-
neers. Its easier to draw a sketch
and derive 3D CAD from it and
turn it into CAE, then from plain
text.

Solution
Design /
Development

Code/GUI Gener-
ation from Visual
Mockups

Using
DL/Computer
Vision to re-
verse engineer
UI screenshots
or high-fidelity
mockups into
functional code or
GUI skeletons.

Although perhaps less common
for complex CAE, could poten-
tially automate parts of UI imple-
mentation if visual design mock-
ups are created, bridging the
design-development gap.

Development

Simulation
Acceleration
& Optimiza-
tion

Cognitive Model-
ing / Behavior
Simulation

Using AI based on
cognitive architec-
tures (like ACT-R)
to simulate human
behavior and pre-
dict performance
for different UI
designs.

Could offer rapid, quantitative
feedback on the usability of dif-
ferent CAE workflow designs or
UI layouts by simulating how
an engineer might interact with
them, replacing some testing.

Design
Evaluation

User
Interaction &
Guidance

Design Pattern
Recommendation

Using supervised
ML to recommend
appropriate in-
teraction design
patterns based on
specified design-
level requirements.

Could guide CAE develop-
ers/designers in selecting proven
UI patterns for complex inter-
actions (e.g., managing large
parameter sets, visualizing
multi-physics results, mesh
setup).

Solution
Design

AI for Emotional
Design Aspects

Considering AI’s
role within a
design-oriented
approach focused
on emotional user
experience.

Could guide the design of inter-
faces that reduce stress or en-
hance confidence for engineers
using complex tools.

Solution
Design

Data-Driven
Analysis &
Knowledge
Management

Automated Per-
sona Generation

Using ML and an-
alytics data (e.g.,
online behavior) to
automatically cre-
ate user personas
(AGP).

Could help CAE tool designers
better understand different types
of engineers using their software,
potentially informing UI/feature
design through data analysis.

Understanding
Context of
Use

Predicting Spe-
cific Usability
Metrics

Using ML/DL to
model and predict
specific usability
aspects like ele-
ment tappability or
interaction effort.

Could be adapted to analyze and
predict usability challenges in
dense CAE interfaces (e.g., dis-
coverability of functions, per-
ceived complexity) based on
learned models.

Design
Evaluation
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highlighted areas where industry utilizes AI (e.g., LLM-based guidance, adaptive in-
terfaces) that lack corresponding rigorous academic investigation or UX validation,
alongside foundational academic work not yet fully translated into widespread practice
(Section 3 and Table 5).

To explore how these identified gaps might be addressed and to map potential future
directions, this section leverages findings from broader AI and UX research. Instead
of conducting a separate, exhaustive literature search across the vast AI field, a highly
relevant systematic literature review by Stige et al. [38] was utilized as a proxy. This
peer-reviewed SLR details how AI is leveraged across various stages of the general UX
design process (based on 46 research articles).

While not focused specifically on CAE, the AI techniques and UX design principles
examined in [38] are often domain-agnostic. Core UX stages like ”Understand the context
of use,” ”Specify user requirements,” and ”Produce design solutions” are universally
applicable. AI capabilities such as automation, recommendation, and content generation
identified by Stige et al. can potentially be transferred to the specific context of CAE UX,
even if implementation details differ. Therefore, [38] provides a robust, systematically
derived inventory of established and emerging AI methods relevant to enhancing UX,
offering potential solutions for the gaps observed in the current CAE-focused AI literature
(both SLR and GLR).

The following analysis involves extracting key AI applications identified as relevant
to general UX design in the synthesis by Stige et al. [38]. Our contribution then lies
in analyzing the potential relevance and applicability of these broader AI methods
specifically to the context of CAE UX, mapping them against the underexplored areas
and needs identified in our MLR findings. This provides concrete opportunities for
AI/UX experts and researchers to advance the field. The results of this mapping are
presented in Table 6.

4 Conclusion

This work presented a systematic multivocal literature review (MLR) examining both
academic research and grey literature (GL) on the use of Artificial Intelligence (AI) for
enhancing User Experience (UX) in Computer-Aided Engineering (CAE) software.

Key findings reveal a significant disparity between academic focus and industry prac-
tice. Primarily, there is a notable lack of empirical UX evaluation in academic studies
proposing AI methods for CAE, despite frequent author claims of UX improvement. Con-
versely, industry GL indicates active implementation of AI (especially Large Language
Models (LLMs) and adaptive UI) aimed directly at enhancing UX, but this work often
lacks formal publication detailing methodology or rigorous evaluation, potentially due
to the competitive value of such research. Another finding is the limited academic focus
on the specific UX implications of generative AI within the CAE manufacturing con-
text. The comparison highlighted these divergences in focus and validation approaches
between the two spheres.

The key contributions of this paper are threefold: (i) it provides the first compre-
hensive MLR specifically analyzing the intersection of AI, UX, and CAE from both
academic and industry perspectives; (ii) it systematically identifies and categorizes cur-
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rent applications and research efforts, clearly articulating the critical gaps, particularly
the deficit in empirical UX validation within academic publications; and (iii) it proposes
concrete avenues for future research by leveraging broader AI/UX research [38] to
identify potential AI methods applicable to improving CAE UX (as detailed in Table 6).

By mapping these potential methods against the identified gaps, this work suggests
pathways to advance user-centric CAE tool development and bridge the gap between
academic potential and industry needs.

4.1 Limitations and Future work

The search strategy for this review intentionally focused on ”CAE AI UX” and publica-
tions between 2010 and March 2025 for focused analysis within practical constraints. We
acknowledge significant contributions from related areas like ”interaction design” and
”interface design,” but a dedicated search incorporating these broader terms was beyond
the current study’s scope. Building upon the understanding gained from this review,
future research will transition from analysis to creation, developing novel methods and
potentially prototype solutions aimed at tangibly improving the user experience of AI
capabilities within CAE software. This work will directly address the gaps and leverage
opportunities identified herein.
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