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ABSTRACT
Consumer-generated narratives contain rich experiential knowledge
for product design, yet their perceptual andweakly structurednature
limits direct translation into actionable engineering insight. This chal-
lenge is particularly evident in EV design, where user insight plays a
critical role but remains weakly grounded in formal engineering rep-
resentations. To address this gap, this study proposes a Structured
consumer semantic insight small language model (SCSI-SLM). First,
Structured Semantic Encoding (SSE) maps weakly structured user
narratives into a multi-level engineering semantic space, transform-
ing perceptual expressions into comparable and reusable seman-
tic tokens. Second, Product-User Dynamic Mapping (PUDM) decou-
ples product-centric performance assessment fromuser-centric pref-
erence representation, enabling importance-performance analysis
and preference heterogeneity to be modelled from the same cor-
pus. Third, an Engineering Design Knowledge Graph (EDKG) inte-
grates user profiles, product attributes, perceptual features, and tex-
tual evidence into an interpretable reasoning space. Building on
this representation, a hybrid retrieval-reasoning engine combines
semantic similarity search with graph-constrained inference to gen-
erate evidence-backed and engineer-readable insight chains. A case
study in the EV domain demonstrates that the proposed framework
can generate traceable design insights from large-scale consumer
feedback, suggesting structured language modelling as a viable
paradigm for data-driven engineering design.
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1. Introduction

Consumer-generated narratives have become an increasingly important source of infor-
mation in product design and development (Wang et al. 2023; Zhang et al. 2023b). Online
reviews and user feedback capture how products are perceived, experienced, and evalu-
ated in real-world usage contexts, often revealing experiential issues and user preferences
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that are difficult to obtain through formal testing or specification documents (He, Xue, and
Luo 2025; Li et al. 2023; Ma et al. 2019; Zhao, Gao, and Liu 2023). In domains such as EV
design, where user experience plays a decisive role, experiential factors including comfort,
handling, human–machine interaction, and perceived quality strongly influence product
acceptance andmarket success (Gomez et al. 2024; Liao, Molin, and VanWee 2017; Liu et al.
2023; Xu et al. 2024).

Despite their potential value, these narratives remain difficult to integrate systematically
into engineering design processes. User feedback is typically expressed in natural language
that is subjective, metaphorical, and weakly structured (Delle Monache, Misdariis, and
Özcan 2022; Wang, Li, andMo 2021). Such expressions often lack stable dimensionality and
a direct mapping to specific engineering parameters, rendering systematic cross-product
comparison and quantitative analysis exceptionally challenging (Ettrich et al. 2024; Wang,
Luo, and Liu 2020). On the other hand, engineering design relies on structured represen-
tations, such as functional models and knowledge graphs, that support precise reasoning
but are often too rigid to ingest the perceptual and ambiguous nature of human language
(Chen and Luo 2019; Huang et al. 2023; Ji et al. 2021). Recent breakthroughs in large lan-
guage models (LLMs) have significantly enhanced the capacity to analyse and synthesise
vast textual corpora (Achiam et al. 2023; Brown et al. 2020; Nguyen-Duc et al. 2025; Qiu and
Jin 2024). However, many existing approaches treat user narratives as unstructured inputs
to predictive models, offering limited grounding in engineering semantics and insufficient
interpretability for critical design decision-making (Doshi-Velez and Kim 2017; Nikolic et al.
2023; Ribeiro, Singh, and Guestrin 2016). Although general artificial intelligence is pre-
trained on large-scale unstructured data, it remains limited in its ability to deeply mine
domain-specific knowledge in areas such as user research and engineering design. This
limitation ismanifested in its insufficient sensitivity to user characteristics, incompletemod-
ellingof domain knowledge, and the absenceof a robust framework to ensure the reliability
and validity of large language models (LLMs) in extracting user insights.

To bridge this gap,what is required is notmerelymore data, but a structuredmechanism
capable of transforming fragmented consumer language into explainable engineering
knowledge. Specifically, such a mechanism must satisfy three core requirements: First,
semantic alignment: perceptual expressions must be mapped onto a stable engineer-
ing semantic space to enable aggregation and cross-product comparison (Demoly, Kim,
and Horváth 2019; Han et al. 2021). Second, decoupling performance and preference:
product-level assessments should be separated fromuser-level preference representations
to preserve trade-offs and model heterogeneity (Sun et al. 2023; Wang et al. 2025; Yang
et al. 2024). Third, evidence traceability: inferred insights must remain linked to original
textual evidence to ensure transparency and accountability (Gao et al. 2024; Li et al. 2025;
Mustapha 2025).

The objective of this research is to establish an explainable and scalable framework that
enables consumer-generated narratives to function as a first-class source of engineering
design intelligence. Focusing on the EV domain as a representative case, this study demon-
strateshowweakly structuredexperiential language canbe systematically transformed into
actionable and traceable design insight. Themain contributions of this work are as follows:

(1) Structured consumer semantic insight small language model (SCSI-SLM). We
propose SCSI-SLM, a coherent design intelligence framework that transforms
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weakly structured consumer narratives into grounded, comparable, and traceable
engineering representations through structured semantic encoding, product-user
dynamic mapping, and knowledge-grounded reasoning.

(2) Empirical validation in the EV domain. A real-world case study in the EV domain
demonstrates the feasibility and practical value of the proposed framework, show-
ing that SCSI-SLM can generate evidence-backed and explainable design insights
from large-scale consumer feedback.

(3) Design-oriented perspective on language models. This work offers a design-
oriented perspective that repositions language models as structured semantic
mediators embedded within engineering knowledge representations, rather than
end-to-end decision makers for design tasks.

The remainder of this paper is organised as follows. Section 2 reviews related work on
consumer voice analysis and engineering knowledge representation. Section 3 presents
the proposed SCSI-SLM framework, detailing the three core steps of structured semantic
encoding, product-user dynamic mapping, and knowledge-grounded reasoning. Section
4 reports a case study in the EV domain to validate the proposed approach. Section 5
discusses implications and limitations, and Section 6 concludes the paper.

2. Related work

2.1. Structured semantic encoding of consumer voice for design

Consumer-generated narratives have been widely recognised as a pivotal source of expe-
riential knowledge in product development. Traditional methodologies primarily utilised
sentiment analysis, keyword extraction, and topic modelling to aggregate user opinions
from massive textual corpora (Chang et al. 2025; He, Xue, and Luo 2025; Joung and Kim
2021; Li et al. 2023).With the recent paradigm shift towards Large LanguageModels (LLMs),
research has demonstrated remarkable capabilities in the semantic understanding, sum-
marisation, and high-level abstraction of unstructured data (Achiam et al. 2023; Brown
et al. 2020; Nguyen-Duc et al. 2025; Qiu and Jin 2024). These computational advances have
catalysed a burgeoning interest in deploying generative AI for design support and the sys-
tematic analysis of consumer insights (Chamola et al. 2024; Chen et al. 2025; Vats et al.
2024).

However, existing language-based approaches encounter fundamental obstacles when
integrated into formal engineering design contexts. User feedback is typically charac-
terised by perceptual and metaphorical descriptors (e.g. ‘comfort,’ ‘smoothness,’ or ‘heavy
steering’) that lack a one-to-one mapping with engineering parameters or physical vari-
ables (Delle Monache, Misdariis, and Özcan 2022; Wang, Li, and Mo 2021). While LLMs
excel at capturing linguistic nuances, they often lack the robust mechanisms required to
align these expressions with multi-level engineering semantic spaces, including design
attributes, subsystem behaviours, and functional hierarchies (Ettrich et al. 2024; Kannan
2021; Wang, Luo, and Liu 2020). As highlighted in engineering informatics, this lack of
grounding results in the potential misinterpretation of technical relevance and severely
restricts the reusability of insights across heterogeneous design cases, effectively forming
a persistent semantic-epistemic gap (Chen and Luo 2019; Demoly, Kim, and Horváth 2019;
Han et al. 2021).
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This limitation is particularly pronounced in EV design, where user experience emerges
from the tight coupling of powertrain response, chassis dynamics, and human–machine
interaction (HMI) (Gomez et al. 2024; Liu et al. 2023; Vermesan et al. 2021; Yang et al. 2021).
Current methods often oversimplify rich, multi-dimensional experiential descriptions into
coarse sentiment indicators, thereby precluding a rigorous, systematic comparison across
diverse product iterations (Wang et al. 2025; Xu et al. 2024; Yang et al. 2024). These lim-
itations underscore the urgent necessity for Structured Semantic Encoding (SSE). Such a
mechanism aims to explicitly map weakly structured consumer narratives onto a stable,
multi-level engineering framework, enabling perceptual language to be transformed into
comparable and traceable semantic tokens for high-fidelity downstream design analysis
(Huang et al. 2023; Li et al. 2025; Meng et al. 2024; Mustapha 2025).

2.2. Integrating knowledge structures for deep engineering reasoning

In automotive and EV studies, Importance-Performance Analysis (IPA), satisfaction mod-
elling, and competitive benchmarking have been widely adopted to identify design weak-
nesses and relative market advantages (Jia et al. 2025; Joung and Kim 2021; Shi et al.
2025; Wang et al. 2023). These approaches typically utilise probabilistic or statistical aggre-
gation of user opinions to derive high-level product indicators that support high-stakes
design evaluation and strategic decision-making (Martilla and James 1977; Wang et al.
2025).

In parallel, research on user modelling and preference analysis emphasises the hetero-
geneity of user needs. Advanced clustering algorithms, persona construction, and latent
preferenceprofilingmethodshavebeenapplied to segmentusers basedon their expressed
interests or longitudinal behavioural patterns (He, Xue, and Luo 2025; Ma et al. 2019;
Sun et al. 2023). In the EV domain specifically, these methods are instrumental in dis-
tinguishing between distinct archetypes, such as performance-oriented early adopters,
comfort-focused urban commuters, and cost-sensitive pragmatic users (Gupta and Kumar
2022; Liao, Molin, and Van Wee 2017; Qian et al. 2023; Uy et al. 2024).

Despite these advances, existing studies often suffer from the conflation of product-
centric performance assessment and user-centric preference representation within a
monolithic analytical process. Product-level aggregation tends toobscurepreferencediver-
sity by averaging out divergent voices, while user-level models are rarely anchored to
stable, comparable engineering dimensions (Luo et al. 2024; Vermesan et al. 2021). As a
result, it remains difficult to interpret howdifferent user segments evaluate identical design
features or to support multi-objective trade-off analysis under conflicting preferences. This
issue is particularly critical in EV design, where a single vehicle architecture must often rec-
oncile contradictory evaluations regarding range, performance, and cabin technology from
diverse market segments (Gomez et al. 2024; Huang et al. 2021; Liu et al. 2023).

This theoretical gaphighlights thenecessity for Product-UserDynamicMapping (PUDM),
which explicitly decouples product-side importance-performance modelling from user-
side preference representation while maintaining a shared semantic basis (Ettrich et al.
2024; Wang, Luo, and Liu 2020). By bifurcating these two analytical perspectives, PUDM
enables both rigorous product benchmarking and preference-aware design reasoning
to be derived from the same corpus of consumer-generated narratives. This decoupling
ensures that design insights remain interpretable, traceable, and adaptable to changing
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market segments without losing their grounding in engineering reality (Gao et al. 2024; Li
et al. 2025; Mustapha 2025).

2.3. Hybrid paradigm for insight retrieval and recommendation

Engineering design has long relied on structured knowledge representations to maintain
reasoning, traceability, and rigorous decision-making. Foundational frameworks, such as
the Function-Behaviour-Structure (FBS) model and associated formal ontologies, provide
the essential vocabularies and causal hierarchies required for reasoning across various
design abstractions (Chen and Luo 2019; Demoly, Kim, and Horváth 2019; Gero 1990).
Recent advancements in EngineeringKnowledgeGraphs (EKGs) have furtherdemonstrated
their efficacy in representing complex component interdependencies, design constraints,
andmulti-domain relationships, particularlywithin the intricate systemsofmodern vehicles
(Han et al. 2021; Huang et al. 2023; Ji et al. 2021).

However, these knowledge-based approaches are primarily optimised for structured
inputs, such as CAD metadata, parametric tables, or formal requirement documents, and
remain ill-equipped to ingest the perceptual and ambiguous nature of consumer language.
Currently, linguistic processing and engineering reasoning often operate as decoupled sys-
tems: NLP pipelines (e.g. BERT-based architectures) extract latent themes or sentiments,
while knowledge graphs perform symbolic inference on rigid data structures (Chen et al.
2024; Devlin et al. 2019; Qiu and Jin 2024). Without an explicit architectural link between
these layers, design insights remain ‘shallow,’ and reasoning cannot be traced back to
the original textual evidence, creating a transparency crisis in automated design support
(Doshi-Velez and Kim 2017; Li et al. 2025; Ribeiro, Singh, and Guestrin 2016).

To address this, recent research has pivoted towards hybrid retrieval and reasoning
paradigms that fuse the semantic flexibility of vector embeddingswith the structural rigour
of symbolic logic (Bordes et al. 2013; Lin, Socher, and Xiong 2018; Mehra 2024; Wang et al.
2017). While promising, most existing systems, including early Retrieval-Augmented Gen-
eration (RAG) frameworks, often rely on shallow alignment between text and knowledge
entities, frequently neglecting the nuanced modelling of user profiles and the rational-
isation of recommendations (Lin et al. 2024; Vats et al. 2024; Wu et al. 2024). Recent
breakthroughs have attempted to address this by introducing self-supervised rationalisa-
tion and context-enhanced reasoningover knowledgegraphs (Yuan, Chang, andHan2023)
to ensure that design recommendations are not only accurate but also structurally justi-
fied (Liu et al. 2024; Yang et al. 2023; Zhu et al. 2025). In the context of EV design, where
decisionsmust be justified across coupled subsystems (e.g. thermal management vs. cabin
comfort) and diverse stakeholder perspectives, such limitations hinder the adoption of AI
in professional workflows (Gupta and Kumar 2022; Uy et al. 2024; Vermesan et al. 2021).

These challenges necessitate the development of an Engineering Design Knowledge
Graph (EDKG) that integrates user archetypes, product attributes, and perceptual fea-
tures into a unified reasoning space (Li et al. 2021; Meng et al. 2024; Wang et al. 2021).
By supporting graph-constrained inference and hybrid retrieval-reasoning (HRR), such a
framework enables the generation of evidence-backed insight chains that are both com-
putationally robust and engineer-readable. This approach directly addresses the urgent
demand for explainable and traceable design intelligence in experience-driven automotive
engineering (Gao et al. 2024; Li et al. 2025; Mustapha 2025).
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Figure 1. The SCSI-SLM framework.

3. Structured consumer semantic insight small languagemodel (SCSI-SLM)
framework

This section presents the Structured Consumer Semantic Insight Small Language Model
(SCSI-SLM), an LLM-augmented design intelligence framework (Figure 1) that systemati-
cally transforms weakly structured consumer narratives into grounded, comparable, and
traceable engineering insights.

The framework consists of three tightly coupled components: (1) Structured Semantic
Encoding (SSE), (2) Product-User Dynamic Mapping (PUDM), and (3) Knowledge-Grounded
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Reasoning (EDKG). Together, these components establish a traceable pipeline from user-
generated narratives to design-relevant insights, while preserving both linguistic richness
and engineering interpretability. To ensure theoretical clarity, the formal definitions of
key semantic constructs utilised throughout this framework are summarised in Appendix
Table A1.

3.1. Structured semantic encoding (SSE)

Structured Semantic Encoding aims to bridge the semantic-cognitive gapbetweenpercep-
tual user language and formal engineering representations. By constructing a systematic
mapping mechanism, vague and subjective user expressions are transformed into com-
putable, reusable, and comparable semantic tokens, which serve as the unified input for
subsequent product-user mapping and knowledge reasoning.

3.1.1. Data acquisition and preprocessing
To ensure the reliability of downstream analysis, a standardised data acquisition and pre-
processing pipeline is established to transform online user-generated content (UGC) into
high-quality, computable corpora.

In the data acquisition stage, an automated crawling workflow is implemented using a
visual DOM parsing tool (Octoparse). The crawler simulates client-side browsing behaviour
to handle AJAX-based dynamic loading and employs predefined DOMpath parsers tomap
unstructured webpage content into structured data fields.

In the preprocessing stage, raw data typically contain redundant attributes and sub-
stantial noise. To improve semantic quality and vectorisation reliability, the following
procedures are applied:

(1) Regex Denoising: Utilising regular expressions to remove URL links and non-
alphanumeric special characters.

(2) Feature Selection: Eliminating irrelevant items and retaining core dimensions.
(3) Short ReviewFiltering: Removing low-information reviewswith a character length

less thanM or effective words fewer than N.
(4) Tokenisation and Stop-word Filtering: Adopting the jieba algorithm for precise-

mode tokenisation, combined with a custom stop-word list to removemeaningless
high-frequency function words (such as ‘的’, ‘了’).

After preprocessing, each review is represented as a standardised data object:

D = Eid , Craw , Cclean, Stokens

where Eid denotes the entity identifier, Craw the original text, Cclean the cleaned corpus, and
Stokens the tokenised sequence. This representation ensures traceability from engineering
inference back to original user evidence.

3.1.2. Engineering semantic space construction
User narratives are typically expressed through perceptual descriptors (e.g. ‘comfortable,’
‘smooth,’ ‘heavy steering’) that lack direct correspondence to engineering parameters. To
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align such expressions with design reasoning, this study constructs a multi-level engineer-
ing semantic space through a hybridworkflow combining LLM-based induction and expert
calibration.

The construction process consists of three stages:

(1) LLM-based open feature extraction: Using a zero-shot prompting strategy, the LLM
is guided to extract core perceptual features and supporting keywords from a
sampled review set, emulating a domain expert’s perspective.

(2) Semantic induction and consolidation: Extracted heterogeneous labels are clus-
tered in a bottom-upmanner. Through batch processing, the LLM identifies seman-
tic similarity among labels, consolidating synonymous or overlapping expressions
into refined feature categories with unambiguous descriptions.

(3) Expert calibration: To ensure engineering validity and cross-product comparability,
refined labels are alignedwith industry evaluation standards (e.g. CPCA indices) and
reduced to a stable set of core dimensions through expert review.

The result is an engineering semantic space:

D = d1, d2, . . . , dk

which serves as a shared coordinate system forbothproduct-level evaluation anduser-level
preference modelling.

3.2. Product-user dynamicmapping (PUDM)

While SSEprovides aunified semantic foundation, design reasoning requires distinguishing
what is evaluated fromwhoevaluates it. PUDMaddresses this needbydecoupling the same
UGC corpus into two complementary information streams:

• Product-oriented stream, which treats reviews as crowdsourcedmeasurements of prod-
uct performance;

• User-oriented stream, which interprets reviews as projections of individual and group
preferences.

This decoupling enables simultaneous modelling of design trade-offs and preference
heterogeneity without information loss.

3.2.1. Product-side: importance-performance quantification
For the product perspective, the core objective is to transform unstructured text into struc-
tured ‘Performance-Importance’ binary indicators. This approach is theoretically grounded
in the orthogonality assumption of Importance-Performance Analysis (IPA) (Martilla and
James 1977), which posits that consumer attention (frequency) and satisfaction (sentiment)
are distinct cognitive dimensions that must be decoupled to accurately prioritise design
improvements.Whereperformancevalues representuser sentiment and importance repre-
sents user attentionweight. Considering the domain stability and computational efficiency
of feature descriptions, a hybrid NLPworkflow is adopted. First, a feature localisationmech-
anism based on domain knowledge is established. A vertical domain lexicon is constructed
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through a combination of LLM mining and manual review. This is paired with the jieba
algorithm and a slidingwindowapproach to intercept context segments of specific lengths
centred on feature words, achieving semantic decoupling of multi-feature evaluations in
long texts. Subsequently, a pre-trained RoBERTamodel optimised for Chinese contexts is
used to mine the sentiment polarity of each feature segment, which is finally aggregated
at the object level to output macro product performance and importance values.

(1) Perceived Importance I

To reflect differences in attention across feature dimensions, perceived importance is
defined as a function of feature mention rates. First, the raw mention proportion wk for
feature k is calculated:

wk = nk∑K
j=1 nj

where nk denotes the mention frequency of the k-th dimension in the corpus, and K
denotes the total number of dimensions. To address the long-tail polarisation issue in raw
distributions, a truncation and re-normalisation strategy is introduced to truncate the raw
proportion within the threshold interval [α,β], followed by a secondary normalisation to
ensure the sum equals 1, yielding the final importance Ik .

(2) Perceived Performance Index P

Perceived performance represents the user satisfaction level of a specific model c on
dimension k. First, the sentiment mapping function S(x) for a single segment is defined:

S(x) =
{
0.5 + 0.5 · pprob, if L = Positive
0.5 − 0.5 · pprob, if L = Negative

where pprob represents the confidence probability predicted by the model, and L repre-
sents the sentiment classification label. This mapping ensures that sentiment scores are
monotonic within the [0, 1] continuous interval, with 0.5 representing absolute neutrality.

Based on this, the dimension performance for a specific vehicle model is defined as the
score aggregation of the set of all relevant feature segmentsMc,k :

Pc,k = 1
|Mc,k|

∑
x∈Mc,k

S(x)

(3) IPA Decision Space Mapping

Based on the two indicators, the IPA decisionmatrix is constructed. Utilising the decision
framework established byMartilla and James (Martilla and James 1977), each feature is rep-
resented as a coordinate (Pc,k , Ik) in a 2D space, and four semantic quadrants are divided
based on the median values of the dataset:

• Q1 (Keep up the good work): High Importance, High Performance;
• Q2 (Concentrate here): High Importance, Low Performance;
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• Q3 (Low priority): Low Importance, Low Performance;
• Q4 (Possible overkill): Low Importance, High Performance.

3.2.2. User-side: preference vectorisation and profiling
For the user perspective, the core challenge lies in extracting common group characteris-
tics from discrete and polysemous individual expressions. Theoretically, direct clustering of
such raw textual data is hindered by the ‘curse of dimensionality’ and high sparsity, where
semantically similar but lexically distinct descriptors are treated as orthogonal (Aggarwal
and Zhai 2012). To overcome this, we leverage the LLM as a semantic projector to map
discrete linguistic variances into a continuous, dense preference manifold (Reimers and
Gurevych 2019). First, LLM-based contextual semantic disambiguation is introduced. For
metaphors and vague references in user expressions, prompt templates (shown in Figure 2)
are constructed to guide the LLM to map non-standard descriptions precisely to the 8
core dimensions, breaking the limitations of traditional dictionarymatching. Second,multi-
dimensional intent vectorisation is performed. A ‘Sentiment-Frequency’ hybrid weighting
strategy is adopted to transform qualitative reviews into continuous numerical vectors in
a high-dimensional space to preserve preference granularity. Finally, unsupervised group
induction is executed. Clustering algorithms are used to partition the user vector space,
converging massive discrete users into several typical personas with significant common-
alities, thereby reducing the computational complexity of subsequent graph construction
and retrieval.

(1) User Attention Vector Construction

The attention intensity Iu,d for user u on dimension d is defined, with the calculation
process as follows:

Figure 2. Automated persona naming prompt template.
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(i) Base Frequency Intensity Ibase: Calculated based on the number of extracted
keywords Nkw , with a threshold � set for saturation:

Ibase = min
(
Nkw

�
, 1.0

)

(ii) Sentiment Weight MsentiThis study posits that positive evaluations better reflect
users’ active selection criteria and identity, while negative evaluations often stem
from experience gaps. To enhance the sensitivity of persona clustering to core value
orientations, asymmetric weights are set:

Msenti =
⎧⎨
⎩
1.2, if sentiment is Positive
1.0, if sentiment is Neutral
0.8, if sentiment is Negative

(iii) Weighted Dimensional Intensity Iu,d :

Iu,d = min(Ibase × Msenti, 1.0)

Ultimately, each user is represented as a D-dimensional vector (In this project, D = 8):

Vu = [Iu,1, Iu,2, . . . , Iu,8]

(2) Clustering and Abstraction of Typical Personas

To address the sparsity of individual vectors, this study constructs a group feature
extraction framework based on unsupervised learning.

(i) Dimensionality Reduction and Initialisation: First, PCA (Principal Component
Analysis) is utilised to reduce the 8D vector space to extract principal components.
Subsequently, the K-means++ algorithm is used to initialise cluster centres to
accelerate convergence and avoid local optima.

(ii) Optimal Cluster Number Decision Mechanism: Determining the cluster number
K is a result of balancing feature coverage and semantic interpretability. The search
space is set as a defined range�K = [Kmin, Kmax]. The lower bound Kmin ensures basic
persona diversity; the upper bound Kmax suppresses over-segmentation to prevent
the graph topology from becoming too fragmented. The silhouette coefficient is
used as the evaluationmetric. The final Kopt is selected as the valuewithin the search
space that has a high silhouette coefficient and is close to Kmax .

(iii) Persona Generation: This strategy aims to maximise the retention of long-tail fea-
tures in the nichemarketwhile ensuring cluster tightness and avoidingmeaningless
micro-noise clusters. The final set of cluster centre vectorsC is defined as typical user
personas.

3.3. Knowledge-grounded reasoning (EDKG)

This section achieves a transition from static data storage to dynamic knowledge reasoning
by mapping user intents and product attributes into a unified structured graph, thereby
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Figure 3. Logical entity-relationship schema of the experience-grounded design knowledge graph.

discovering latent association paths between users and products. Neo4j is selected as the
native graph database engine, utilising its graph storage architecture and efficient path
traversal capabilities to support complex computational reasoning tasks.

This section first defines the graph schema as G = (E, R, P), where E denotes the set of
entities, R denotes the set of relations, and P denotes the set of attributes attached to edges
or nodes.

As shown in Figure 3, this study builds a logical structure with Review as the hub,
connecting the user subject (User), product object (Car), and Feature.

3.3.1. Knowledge graph node schema
Entity and Associated Attribute Type Definitions

The entity set E contains four core categories of nodes:

(1) Car Node: Derived from M mainstream NEV models acquired in Section 3.1.1.
Each node represents a specific model as the evaluated object. Attributes include
modelId, name, brand, and reviewCount.

(2) User Persona Node: Derived from the 30 typical user personas clustered in Section
3.2.2. Each node represents a group of users with similar preference characteris-
tics, serving as the cognitive subject of graph reasoning. Attributes include pro-
fileId, name, description, userCount, percentage, mainFeatures, and dimension
Strengths.

(3) ReviewNode: Derived from filtered and cleaned review data. Each node represents
a specific projection of user intent, serving as the key connection point between
users and products and the primary explicit evidence for reasoning. Attributes
include reviewId, content, overallSentiment, and importance.

2 key indicators are quantified as follows:
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Table 1. Definition of node attributes and associated properties.

Node type Semantic description Attribute Explanation

CarModel Vehicle model entity modelId Unique identifier of the vehicle model
name Official display name of the vehicle
brand Manufacturer or brand
reviewCount Total number of associated user

reviews
UserProfile User persona profileId Unique identifier of the persona

name Persona name
description Textual description of the persona
userCount Estimated number of users in this

persona
percentage Proportion of users in the overall

population
mainFeatures Dominant perceptual features
dimensionStrengths Attention weights across engineering

dimensions
Review User review evidence reviewId Unique identifier of the review

content Original user-generated text
overallSentiment Aggregated sentiment polarity
importance Evidence importance score (0–1)

Feature Engineering semantic
dimension

name Dimension name
category Dimension category
description Detailed semantic description

(i) Quality Weighting (importance): Calculated based on text length and keyword
density:

Importance = Slen × M + Skw × N

where the normalised scores are Slen = min(contentLength/X , 1.0) and Skw =
min(totalKeywords/Y , 1.0). X , Y is the saturation benchmark; M,N are weighting coeffi-
cients satisfyingM + N = 1.

(ii) Sentiment Aggregation (overallSentiment): Weighted sum based on fine-
grained sentiment polarity:

Score =
∑

d∈D Vsenti × Id∑
d∈D Id

where vsenti,d represents the discrete sentiment polarity value (assigned as 1.0 for
Positive,−1.0 for Negative, and 0.0 for Neutral), and Id denotes the focus intensity defined
in Section 3.1.2. A filtering threshold Q is introduced to ensure that a specific dimension is
included in the calculation only if Id > Q.

(4) Feature Node: Derived from the K-dimensional engineering semantic space
defined in Section 3.1.2. Each node represents a fine-grained evaluation dimen-
sion. Attributes include name, category, and description. Specific node-attribute
associations are detailed in Table 1.

3.3.2. Relation schema and preference inference
Relation and Associated Attribute Type Definitions

The relation set R includes three explicit associations and one implicit inference.



14 Q. JIN ET AL.

(1) PUBLISHED (User → Review): This relation links user personas to their associated
review evidence. It includes a userMatchScore attribute, quantifying how represen-
tative a given review is for the persona:

Smatch = cos(θ) = Vrev · Cprof
‖ Vrev ‖‖ Cprof ‖

Where Vrev represents the D dimensional user attention vector extracted from the review;
Cprof denotes the central feature vector of the corresponding persona obtained through
clustering. The resulting score ∈ [−1, 1].

(2) MENTIONS (Review → Car): This relation specifies the evaluated product and car-
ries sentimentScore and importance attributes. The sentiment score is computed as
a weighted average over dimension intensities:

Ssenti =
∑D

d=1 vsenti,d · Id∑D
d=1 Id

where vsenti,d represents the discrete sentiment mapping value. This mechanism ensures
that feature dimensions with high user focus (i.e. a large Id) dominate the overall score.

(3) CONTAINS_ASPECT (Review → Feature): Represents the specific dimensions
involved. Attributes include intensity (0-1) and aspectSentiment (POS/NEG/NEU).

(4) INTERESTED_IN (User → Car): An implicit inferenceedgederived throughpath rea-
soning algorithms, representing the group’s comprehensive preference for specific
products. Attributes include correlationScore, topAspects, positiveMentions, and
negativeMentions. The correlation score is computed as:

Scorr = 1
|R|

∑
r∈R

S(r)
match · S(r)

senti · w(r)
imp

where R is the set of reviews under the specific user persona that mention the vehicle
model1. This formula reinforces the confidence of evidence that is highly representative,
emotionally significant, and of high quality.

To ensure interpretability, each inferred relation also outputs topAspects, positiveMen-
tions, and negativeMentions, providing explicit explanations for the inferred preference.

Based on the above representations and inference mechanisms, an LLM-augmented
hybrid RAG system is constructed to support the full insight retrieval pipeline, from vague
user queries to professional, evidence-backed, and interpretable design insights. The sys-
tem implementation and evaluation are detailed in Section 4.3.2.

4. Case study: electric vehicle design

Building on the SCSI-SLM framework proposed in Section 3, this section transitions from
methodological formulation to engineering implementation and empirical validation.
Using real user-generated content (UGC) from Dongchedi, a leading Chinese automotive
vertical media platform, we develop a prototype system for knowledge-graph-augmented
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Figure 4. Aminimal working example (MWE) of the knowledge-grounded reasoning pipeline in the EV
recommendation system.

retrieval in the new energy vehicle (NEV) domain. The case study follows the one-to-one
correspondence defined in Section 3. A minimal working example is shown in Figure 4,
illustrating the step-by-step process from raw data to retrieval evidence.

4.1. Structured semantic encoding (SSE)

4.1.1. Data acquisition and preprocessing
To ensure both data quality and industrial representativeness, Dongchedi was selected as
the primary data source. As one of China’s mainstream automotive information platforms,
it hosts a large active user base and extensive, experience-rich UGC. Data collection was
restricted to the top KNEVmodels by sales and user attention; in this study, K = 50 to cover
mainstreammarket offerings.

The acquisition pipeline proceeded as follows. First, the crawler navigated to the
‘Dongche Score (Public Praise)’ pages for each target model and parsed the page DOM
structure to map key fields. Second, an automated execution flow was configured to sim-
ulate user browsing behaviour, including loop-based pagination and full-volume crawling.
Finally, batch jobs parsed raw HTML into a structured CSV format. As of July 25, 2025, the
pipeline collected53,219 raw reviews covering50vehiclemodels and17auxiliary attributes
(e.g. user level, likes, replies).

Raw crawled data contained redundant fields (e.g. nicknames, user levels) and substan-
tial unstructured noise. Following the preprocessing procedure in Section 3.1.1, we applied
feature selection, regex-based denoising, short-text filtering, and tokenisation. The initial
screening thresholds were set to M = 10 (minimum character length) and N = 3 (mini-
mum effective tokens). Appendix Table A2 illustrates a representative cleaning pipeline for
a noisy sample.

After preprocessing, 14,153 high-confidence reviews were retained from the original
53,219 records. The resulting semi-structured dataset follows the data model and contains
four core fields:

• Vehicle Entity: Serves as the primary node identifier for Knowledge Graph construction
and is used to associate vehicle features.

• RawCorpus: Retains the complete original user expressions for traceability and verifica-
tion.
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• CleanedCorpus: Noise-free text primarily used for vectorisation and retrieval within the
RAG system.

• TokenSequence: Tokenised sequencesused for sentiment calculationand featureword
extraction.

The storage schema and sample records are shown in Appendix Table A3.

4.1.2. Engineering semantic space construction
This section follows the feature extraction workflow proposed in Section 3.1.2, employing
a strategy that combines ‘bottom-up’ data mining with ‘top-down’ expert knowledge:

(1) Seed Dataset Construction: To balance computational efficiency and feature cov-
erage, the preprocessed data from Section 4.1.1 was further filtered (length > 15)
and randomly sampled to obtain a seed dataset of 500 samples.

(2) Open Feature Extraction: LLM has been shown to effectively perform semantic
labelling and annotation tasks in relatedworks (Ding et al. 2023; Zhang et al. 2023a).
A zero-shot prompting (shown in Appendix Figure 1) template was constructed
to guide the LLM, acting as an ‘automotive market insight expert’, to mine core
attention dimensions (‘raw feature tags’) using a batch processing strategy (Batch
Size = 10). The system integrated result verification and auto-retry mechanisms to
ensure stability.DeepSeek-V2.5was selected for this step, extracting 2,307 raw fea-
ture tags. Examples of the extracted raw feature tags are presented in Appendix
Table A4, including both successful and failed cases. All identified failure cases were
manually corrected before entering the downstream normalisation pipeline.

(3) Semantic Induction and Mapping: The nested raw tags were flattened and input
into the LLM using the semantic normalisation prompt (shown in Appendix Figure
2) in batches of 50. Acting as a ‘Senior Market Analyst’, the model mapped hetero-
geneous labels (e.g. ‘power consumption’ and ‘range anxiety’) into unified Refined
Tags and generated descriptive categories. This process yielded 90 unique refined
tags.

(4) Expert Calibration: Referencing CPCA industry indices andDongchedi evaluation
systems, the 90 refined tags were mapped to 8 core feature dimensions: Exterior
Design, Interior Texture, Intelligent Configuration, Spatial Utility, Comfort Experi-
ence, Handling Performance, Range & Energy, and Value Perception. The final map-
ping of the 8 dimensions wasmanually verified to ensure accuracy and consistency.
Mapping examples are shown in Table 2.

4.2. Product-user dynamicmapping (PUDM)

4.2.1. Product-side: importance-performance quantification
This section validates the effectiveness of the product-side ‘Performance-Importance’
binary quantification model (Martilla and James 1977). Applying the sentiment mapping
function S(x) and importance weighting formula (with a truncation interval of [0.05, 0.25]),
engineering indices for 8 core dimensions were calculated for various models. An IPA
decision matrix was then constructed by weighted aggregation.
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Table 2. Core engineering feature dimensions and representative refined tags.

Core feature dimension Representative refined tags (examples)

Exterior Design Exterior design, exterior & styling, body size and design, design
& personalisation, vehicle styling, exterior evaluation, . . .

Interior Texture Interior design and texture, interior comfort, interior
configuration, workmanship and reliability, material quality,
interior style, minimalist interior, . . .

Intelligent Configuration Intelligent technology, intelligent driving and technology,
infotainment system and connectivity, human–machine
interaction, intelligent configuration, driver assistance and
safety, . . .

Spatial Utility Space performance, space and usability, storage space, space
layout, trunk space, seating space, insufficient space, . . .

Comfort Experience Comfort, noise insulation, audio system, rear-seat comfort,
NVH performance, seat comfort, ride comfort, . . .

Handling Performance Power performance, driving experience, power and handling,
chassis tuning, suspension performance, braking
performance, steering performance, . . .

Range & Energy Driving range performance, range and energy consumption,
charging and thermal management, charging speed,
energy recovery, power consumption, . . .

Value Perception Price and cost, cost-effectiveness, purchase and service
experience, after-sales service, brand perception,
maintenance cost, resale value, . . .

Table 3. Fine-grained performance quantisation statistics for Zeekr 001.

Core feature dimension
Perceived
importance

Perceived
performance mention rate IPA quadrant

Handling Performance 0.1508 0.1107 87.55% Q1 – Keep up the good work
Range & Energy 0.1440 0.1127 84.13% Q1 – Keep up the good work
Intelligent Configuration 0.1439 0.1019 89.06% Q2 – Concentrate here
Spatial Utility 0.1363 0.1099 71.09% Q2 – Concentrate here
Exterior Design 0.1239 0.1115 80.20% Q4 – Possible overkill
Interior Texture 0.1235 0.0980 67.08% Q3 – Low priority
Value Perception 0.0879 0.1110 45.11% Q4 – Possible overkill
Comfort Experience 0.0896 0.1013 56.64% Q3 – Low priority

Taking the Zeekr 001 as an example, results indicate a significantly unbalanced dis-
tribution across dimensions. Using the median perceived importance α ≈ 0.1301 and
median perceived performance β ≈ 0.1103 as thresholds, the IPA decision space was con-
structed. Detailed quantitative indices and intermediate variables are specified in Table 3.
The constructed IPA decision space is illustrated in Figure 5.

Quadrant Analysis:

• Q1 (Keep up the good work): ‘Handling Performance’ (I = 0.1508, P = 0.1107) and
‘Range & Energy’ (I = 0.1440, P = 0.1127) are located here, representing core competi-
tive advantages. High frequencymentions such as ‘Six-sidedwarrior’ confirm themarket
positioning of Zeekr 001 as a ‘driver’s car.’

• Q2 (Concentrate here): ‘Spatial Utility’ (I = 0.1363, P = 0.1099) and ‘Intelligent Config-
uration’ (I = 0.1439, P = 0.1019) are located here. Although the car is physically large,
negative feedback regarding the difficulty of parking due to its width identifies a design
pain point. Software lag (‘laggy system’) is also highlighted as a core shortcoming.
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Figure 5. Importance-performance analysis (IPA) decision matrix for Zeekr 001.

• Q3 (Low priority): ‘Interior Texture’ (I = 0.1235, P = 0.0980) shows full-dimension min-
imum performance. Despite high-quality materials, complaints about ‘seat bulging’
and ‘abnormal noises’ lowered the overall rating, suggesting a need to prioritise basic
assembly craftsmanship.

• Q4 (Possible overkill): ‘Exterior Design’ and ‘Value Perception’ are hidden advantages
where performance is high but user discussion is relatively low due to established
consensus or aesthetic saturation.

4.2.2. User-side: preference vectorisation and profiling
This section applies multi-dimensional intent vectorisation and unsupervised clustering to
abstract 14,153 discrete users into typical group personas.

(1) Clustering Process and Decision-making

Consistent with the search-space guidelines in Section 3.2.2, we restricted the candi-
date range to �K = [10, 30]. After PCA-based dimensionality reduction and K-means++
initialisation, the silhouette coefficient peaked at K = 30, within this interval, accompanied
by improved intra-cluster coherence (Figure 6, top-left). We therefore select Kopt = 30 as
a pragmatic design choice that balances representational granularity against downstream
retrieval requirements, rather than as a claim of a global mathematical optimum. The abso-
lute silhouette values are relatively low; in the high-dimensional user-semantic manifold
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Figure 6. Results of K-means++ clustering analysis on the user semantic space.

considered here suchmodest scores are interpretable for two reasons: (i) non-orthogonal
semantic overlap – real car owners’ needs exhibit multi-dimensional coupling (Figure 6,
top-right), which blurs cluster boundaries and suppresses distance-based separation met-
rics; and (ii) continuity of the intent space – user intents form a largely continuous
distribution in embedding space rather than well-separated discrete islands, so compact-
ness/separation metrics can underestimate the representational usefulness of a given
discretisation. Accordingly, we treat clustering principally as a vector-quantisation and
indexing strategy that trades off interpretability, long-tail coverage, and retrieval granular-
ity for the requirements of our RAGandgraph-based retrieval components. The resulting 30
clusters thus serve as practical persona anchors for handling complex queries near blurred
boundaries and produce representative user personas for the EV market (Table 4).

(2) Persona Definitions

BasedonKopt = 30, theproposedapproachyields 30distinct userpersonas representing
heterogeneous preference structures in the EV market. Table 4 summarises four represen-
tative personas that illustrate the diversity of user priorities captured by the model.

• C26 (Trendy Performance): Focuses on ‘Handling Performance’ (weight 0.846) and
‘Exterior Design’ (0.765). Represents 3.5% of users.

• C22 (Comfort Experience): Highly concentrated on ‘Comfort Experience’ (0.629). Rep-
resents 4.3% of users.
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Table 4. Typical user persona clustering characteristics.

Cluster ID Persona description User ratio Rank Key feature dimension weights

C1 Value-Oriented 4.10% 5 Value Perception (0.80)
C22 Comfort-Oriented 4.30% 4 Comfort Experience (0.63)
C26 Trendy Performance-Oriented 3.50% 11 Handling Performance (0.85), Exterior Design

(0.77), Range & Energy (0.74)
C0 All-Round Balanced 3.30% 15 Handling Performance (0.86), Range & Energy

(0.81), Comfort Experience (0.72), Intelligent
Configuration (0.69)

• C1 (Value Cognitive): Primarily concerned with price and cost-effectiveness (‘Value
Perception’ 0.796). Represents 4.1% of users.

• C0 (All-round Balanced): High intensity across Handling, Range, Comfort, and Intelli-
gence. Represents 3.3% of users.

4.3. Knowledge-grounded reasoning (EDKG)

4.3.1. Domain knowledge graph construction
By aligning entities from structured personas, multi-dimensional evaluation features, and
massive review texts based on the graph schema G = (E, R, P), the EV-KGwas instantiated.
The graph contains 13,768 nodes and 65,248 edges. Figure 7 illustrates its local topological
structure, with specific statistics detailed in Table 5.

4.3.2. Hybrid retrieval-reasoning
This section describes the construction of an LLM-augmented Hybrid RAG (Retrieval-
AugmentedGeneration) systembasedon the LangChain framework and theGLM-4-9B-
Chatmodel. Designed to bridge the gap between vague user intentions and professional
data insights, the system’s core architecture (as illustrated in Figure 8) follows theModular
RAG (Gao et al. 2024) paradigm. It implements a complete pipeline of ‘intent recognition –
dynamic routing – hybrid retrieval – explainable generation’ tailored to thedata processed
in previous sections.

Differentiated Storage and Tool Construction
Targeting the structured tables from Section 4.2 and the graph-text from Section 4.3.1,

the system constructs a differentiated vector storage architecture. Three categories of
retrieval tools are encapsulated to adapt to various types of user queries:

• Vector Retrieval Tool: Powered by the Chroma database, this tool utilises Embedding
cosine similarity to process ‘vague semantic’ queries (such as subjective experience
descriptions) by recalling unstructured document fragments through fuzzy matching.

• GraphCypher Tool: Powered by theNeo4j graph database, this tool addresses ‘statisti-
cal and ranking’ queries (such as safety rating rankings). It leverages the LLM to translate
natural language into Cypher queries using a schema-constrained generation template
(prompts shown in Appendix Figure 3), which are then executed by the database engine
for precise aggregation and sorting operations.

• Hybrid Retrieval Tool: Designed for ‘complex reasoning and comparative’ queries, this
tool adopts a ‘vector anchor + graph traversal’ retrieval mode. The system uses vector
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Figure 7. EV knowledge graph.

Table 5. Scale statistics of the EV knowledge graph (EV-KG).

Node label Count Key properties Incoming/Outgoing relationships

CarModel 48 brand, reviewCount, handling_score (:Review)-[:ABOUT]-> (:CarModel)
UserProfile 30 percentage, mainFeatures (:Review)-[:BELONGS_TO]-> (:UserProfile)
Feature 8 category, description (:Review)-[:MENTIONS]-> (:Feature)
Review 13,682 importance, overallSentiment Linking UserProfile, CarModel, Feature
Total 13,768 – 65,248 (Edges)

indexing to locate review nodes as semantic anchorswithin the graph and expands con-
text along explicit relationship paths. This captures both semantic details and structured
relational information, overcoming the limitations of single-mode retrieval.

Intent Parsing and Dynamic Scheduling
The system deploys an intent parsing module as the central scheduler. First, user inputs

are preprocessed via regular expressions and keyword extraction. Subsequently, the LLM is



22 Q. JIN ET AL.

Figure 8. Framework of hybrid insight retrieval layer.

guided to perform intent classification (statistical / recommendation / comparison, etc.)
and entity extraction on the cleaned query (prompts shown in Appendix Figure 4). Based
on the classification results, the system executes a dynamic routing strategy, automati-
cally matching the appropriate retrieval tools and loading adaptive parameters to achieve
a self-adjusting balance between retrieval breadth and precision.

Insight Generation and Explainability
Upon obtaining retrieval results, the system standardises text fragments from Chroma

and structured data from Neo4j into a unified sequence, injecting citation index tags.
Finally, the LLM is constrained to perform reasoning and answering strictly within the
retrieved context, explicitly labelling information sources to produce logically rigorous
and traceable professional insights. The specific context injection format and instruction
constraint templates are shown in Appendix Figure 5.

4.3.3. Validation
Case-Based Functional Verification

We introduce three specific query instances of different types to demonstrate and verify
the actual operational mechanism and feasibility of the system pipeline. Three representa-
tive query cases are summarised in Table 6, illustrating how the system dynamically selects
vector-based, graph-based, or hybrid retrieval strategies according to query intent.

Together, these cases demonstrate the flexibility and interpretability of the proposed
hybrid retrieval-reasoning pipeline.

RAG Triad Evaluation
We employed the RAGTriad framework (Es et al. 2024; Ru et al. 2024; Saad-Falcon et al.

2024) to validate the superiority of the proposed architecture (Es et al. 2024; Ru et al. 2024;
Saad-Falcon et al. 2024). The evaluation explicitly compares the Hybrid Retrieval (Vec-
tor + Graph) strategy with a standard Vector-only Baseline to demonstrate significant
performance uplift.
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Table 6. Representative query cases and corresponding retrieval strategies.

Case Query type User request (simplified) Retrieval strategy Key outcome

A Subjective
recommendation

Recommend cars with a
sporty exterior and a
high-tech interior, along
with user reviews

Vector-based semantic
retrieval

Retrieved models such as NIO
ET7 and Porsche Taycan,
capturing design-related
perceptions (e.g. fastback
styling, streamlined body,
large-screen interaction)

B Statistical ranking List top 5 models in space
and comfort, with user
keywords

Graph-based Cypher
querying

Generated ranked results
based on structured
importance-performance
scores, avoiding numerical
hallucination

C Comparative reasoning Compare negative
feedback on the
intelligent cockpits of
Xiaomi SU7 and Zeekr
001

Hybrid retrieval (vector
+ graph)

Identified differentiated pain
points in infotainment
systems with traceable
review evidence
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Table 7. Comparative performance on RAG triad metrics.

Metric
Vector-only baseline

(Mean± SD)
Hybrid retrieval
(Mean± SD)

Performance
uplift (�) p-Value

Context Relevance 2.13± 0.59 3.60± 0.71 +1.47 < 0.001
Answer Relevance 3.57± 0.54 4.07± 0.40 +0.50 < 0.001
Answer Faithfulness 2.57± 0.40 3.73± 0.65 +1.17 < 0.001

A test set consisting of 100 domain-specific queries was constructed based on the
high-frequency intent categories identified in Section 4.2. The queries covered diverse
engineering scenarios, including complex feature comparisons and persona-based recom-
mendations.

For each query, answers were generated using both the Vector-only baseline (αv) and
the Hybrid strategy (αh). To ensure objective assessment, a blinded evaluation process
was implemented. Two independent automotive domain experts scored the anonymised
outputs on a 5-point Likert scale (0.5 step intervals) across three standard RAGmetrics:

Context Relevance (CR): Measures the precision of retrieved evidence. It assesses
whether the retrieved document chunks or graph triples contain necessary information
without introducing irrelevant noise.
Answer Faithfulness (AF): Measures the grounding of the generated response. It

assesses whether the answer is strictly derived from the retrieved context, serving as a
critical indicator for preventing hallucinations in engineering applications.
Answer Relevance (AR):Measures the alignment between the generated response and

the user’s intent, assessing completeness and directness.

The comparative results are summarised in Table 7.
The analysis highlights that the proposedHybrid Retrieval consistently outperforms

the Vector-only baseline across all three RAG Triad dimensions, confirming a clear per-
formance uplift attributable to graph-enhanced reasoning. The largest gains are observed
in Context Relevance and Answer Faithfulness (�CR = +1.47, p < 0.001; �AF = +1.17,
p < 0.001), indicating that the KG constraints substantially improve evidence precision
and reduce irrelevant retrieval noise, while also strengthening grounding by encouraging
responses to stay within the bounds of retrieved evidence. In contrast, the improvement
in Answer Relevance is more moderate (�AR = +0.50, p < 0.001), suggesting that while
a strong LLM can already generate fluent and seemingly on-topic answers under vector
retrieval, the Hybrid strategy yields responses that are more consistently aligned with the
intended engineering dimensions and better supported by verifiable context.

Evaluation of the service quality
This study adopts the SERVQUAL instrument. Following the methodology described by

Chiu et al. (2021), the service quality (Q) is defined as the gap between user expectations (E)
and their actual perception (P) of the system’s performance.

A total of 30 subjects, consisting of professional designers, automotive engineers, and
senior STEM students, were recruited to assess the service quality of the SCSI-SLM system.
Prior to the experiment, all subjects were provided with a standardised orientation regard-
ing the system’s coremodules, including Structured Semantic Encoding (SSE), Product-User
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Table 8. Statistical Results of SERVQUAL Questionnaire for SCSI-SLM.

Statement Expectation (E) Perception (P) Q = P-E Stat. power (1-β)

1. Tangibles
SCSI-SLM’s charts are clear 6.13 4.67 −1.46 0.996
The interface is attractive 6.23 3.83 −2.40 1.00
The outputs are well-organised 6.03 5.17 −0.86 0.998
2. Reliability
SCSI-SLM provides accurate details 6.63 5.23 −1.40 1.00
SCSI-SLM performs as promised 6.47 4.73 −1.74 1.00
The analysis results are error-free 6.70 5.37 −1.33 1.00
3. Responsiveness
SCSI-SLM responds quickly 5.83 4.77 −1.06 0.999
SCSI-SLM understands vague queries 5.87 6.23 0.36 0.719
SCSI-SLM addresses my specific needs 6.00 5.63 −0.37 0.999
4. Assurance
I trust SCSI-SLM’s advice 6.57 5.27 −1.30 1.00
SCSI-SLM shows expert knowledge 6.20 5.53 −0.67 0.926
It supports answers with evidence 6.40 4.80 −1.60 0.994
5.Empathy
SCSI-SLM understands my preferences 5.77 5.67 −0.10 0.327
It adapts to my specific situation 5.80 5.70 −0.10 1.00
It prioritises my key needs 5.83 5.37 −0.46 0.516

Dynamic Mapping (PUDM), and the Engineering Design Knowledge Graph (EDKG). Partic-
ipants performed retrieval tasks using the prototype system and subsequently completed
the SERVQUAL questionnaire.

A statistical power analysis was conducted to ensure inferential confidence. The results
(detailed in Table 8) indicate that the statistical power (1 − β) for detecting significant
gaps in critical dimensions – specifically Tangibles, Reliability, and Assurance – consistently
exceeds 0.90, surpassing the conventional threshold of 0.80. This confirms that the test
provides sufficient sensitivity to validate the observed service quality deficits.

The statistical findings indicate that the hybrid retrieval-reasoning engine effectively
addresses the perceptual and weakly structured nature of consumer language, with the
statement ‘SCSI-SLM understands vague queries’ achieving a positive gap. Furthermore,
minimal negative gaps in the Empathy dimension demonstrate the efficacy of the PUDM
module and user persona nodes in capturing preference heterogeneity and aligning with
engineering semantics.

Significant gaps in Tangibles, Reliability, and Assurance identify specific prototype con-
straints and areas for future optimisation. The lowest Q value for interface attractiveness
is attributed to the current Streamlit-based front-end, where the utilitarian layout lacks the
distinct visual hierarchy and interactive feedback typical of commercial software.Within the
Reliability dimension, negative gaps regarding promised performance and accurate details
suggest a divergence in information expectation: while the system effectively structures
subjective User-Generated Content (UGC), expert users anticipate deterministic, metric-
based engineering conclusions, differing from the qualitative nature of consumer reviews.
Additionally, the trust deficit regarding Assurance reflects both response latency and a
transparency issue in the inference process. The observed delays stem from the computa-
tional cost of real-time Cypher query generation and graph traversal; meanwhile, since the
front-end did not explicitly visualise these backend graph constraints, users – accustomed
to the hallucination risks of standard LLMs – perceived a lack of verification mechanisms,
highlighting a gap between system capability and user perception. These results confirm



26 Q. JIN ET AL.

that while the framework excels at semantic mediation, strengthening the interface aes-
thetics, reducing inference latency and visualising the reasoning path remain priorities for
professional adoption.

5. Discussion

5.1. Methodological value of SCSI-SLM for engineering design intelligence

This study contributes to engineering design research by advancing consumer voice anal-
ysis from descriptive text analytics towards structured design intelligence. While prior
work has demonstrated the usefulness of sentiment analysis, topic modelling, and, more
recently, large languagemodels (LLMs) for summarising user feedback (Li et al. 2023; Wang
et al. 2023; Zhang et al. 2023b), these approaches predominantly treat language as an
unstructured signal to be predicted, clustered, or generated. Such treatments remain insuf-
ficient for engineering design, where decisions must be justified, compared, and traced
across design alternatives and iterations (Ettrich et al. 2024; Wang, Luo, and Liu 2020).

SCSI-SLM introduces a methodological shift by explicitly separating language under-
standing from design reasoning. In this framework, language models are not used as
end-to-end decision makers but as structured semantic mediators embedded within an
engineered reasoning pipeline. Structured semantic encoding establishes a stable seman-
tic interface between perceptual expressions and engineering dimensions, product-user
dynamic mapping disentangles evaluation and preference, and knowledge-grounded rea-
soning ensures traceability and accountability. Thismodularisation directly addresses long-
standing concerns in engineering informatics regarding non-grounded semantics, lack of
causal transparency, and limited reusability of language-based insights (Doshi-Velez and
Kim 2017; Nikolic et al. 2023; Qiu and Jin 2024; Ribeiro, Singh, and Guestrin 2016).

From a broader perspective, this work aligns with calls in design research to move
beyond performance-oriented AI tools towards design intelligence systems that support
reasoning, interpretation, and decision accountability. Rather than optimising prediction
accuracy, SCSI-SLM prioritises representational clarity and inferential structure, which are
critical for adoption in real-world design processes. Taken together, these characteristics
distinguish SCSI-SLM from prior language-based design analytics by enabling structured,
comparable, and accountable reasoning rather than descriptive summarisation alone.

5.2. Practical implications and future applicability in EV design

TheEVcase studyprovides insight intohowstructured consumer voice analysis can support
design reasoning in experience-driven and systemically complex products. EV user expe-
rience is shaped by tightly coupled subsystems, including powertrain behaviour, chassis
dynamics, software responsiveness, and human–machine interaction, making it difficult to
isolate causes from subjective evaluations (Gomez et al. 2024; Liu et al. 2023; Yang et al.
2021). The case results demonstrate that when experiential language is structured and
decoupled appropriately, consumer feedback can revealmeaningful designpatterns rather
than contradictory opinions (Liang et al. 2024; Xu et al. 2024).

Product-side importance-performance patterns highlight dimensions where perceived
performance fails to match user expectations, offering a data-driven basis for design
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prioritisation. Meanwhile, user-side preference profiling reveals that these gaps are not
uniformly perceived across the market (Joung and Kim 2021; Sun et al. 2023; Wang et al.
2025; Yang et al. 2024). This finding underscores a critical insight: design weaknesses are
often preference-dependent rather than absolute. In EV development, where resource
constraints force trade-offs, understanding which user segments are affected by which
shortcomings is as important as identifying the shortcomings themselves (He, Xue, and Luo
2025; Ma et al. 2019; Qian et al. 2023).

Importantly, the case study illustrates that SCSI-SLM supports early-stage and strategic
design intelligence rather thanpost-hoc evaluation alone. By preserving heterogeneity and
evidence structure, the framework enables designers to reason about alternative improve-
ment paths, anticipate market response diversity, and align technical decisions with expe-
riential priorities, capabilities that are difficult to achieve with aggregate sentiment scores
or single-index benchmarks.

From an application perspective, the proposed framework is particularly suitable for
early-stage design exploration, concept evaluation, and iterative refinement, where formal
engineering data may be incomplete but consumer feedback is abundant. As EV products
increasingly rely on continuous software updates and rapid iteration cycles, SCSI-SLM pro-
vides a scalable mechanism for integrating evolving consumer voice into ongoing design
decision-making.

5.3. Implications for design knowledge representation and intelligence

A deeper contribution of this work lies in its expansion of what constitutes design knowl-
edge. Classical engineering knowledge representations emphasise functions, behaviours,
structures, and physical relationships (Demoly, Kim, and Horváth 2019; Gero 1990).
While indispensable, these representations largely exclude experiential, perceptual, and
preference-driven knowledge because such knowledge lacks formal structure andmeasur-
able parameters. As a result, a significant portion of real-world design rationale, why users
prefer one design over another, remains external to formal design models (Chen and Luo
2019; Kang 2021; Wang, Li, and Mo 2021; Wei, Hao, and Wang 2025).

The Engineering Design Knowledge Graph (EDKG) proposed in this study offers a
complementary form of design knowledge representation. By integrating user profiles,
perceptual features, product attributes, and textual evidence into a unified graph, the
framework captures experience-grounded design knowledge that is typically absent from
engineering repositories (Han et al. 2021; Huang et al. 2023; Ji et al. 2021; Yuan et al.
2025). Crucially, this integration introduces a parallel layer of evidence-backed relational
reasoning that reflects how experiential judgments and smart product-service interac-
tions are formed and aggregated (Yuan et al. 2024). In complex domains such as EVs,
this hybrid knowledge representation provides a more complete foundation for design
intelligence.

This integration does not aim to replace physics-based causality with linguistic rea-
soning. Instead, it introduces a parallel layer of evidence-backed relational reasoning
that reflects how experiential judgments are formed and aggregated. In complex design
domains such as EVs, where user acceptance depends on both objective performance and
subjective perception, such hybrid knowledge representation provides a more complete
foundation for design intelligence (Gao et al. 2024; Mustapha 2025; Vermesan et al. 2021).
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In this sense, SCSI-SLMdoesnotmerely integrate languageandknowledge, but reframes
experiential feedback as a legitimate and structured component of engineering design
intelligence.

5.4. Limitations and future work

Despite its contributions, this study has several limitations that define its appropriate scope
of application. First, the engineering semantic space relies on LLM-assisted extraction com-
bined with expert calibration, implying that the ontology is not zero-shot transferable to
unrelated fields. However, this methodology demonstrates high reliability for complex
engineered systems characterised by explicit functional definitions (e.g. consumer elec-
tronics, smart home appliances). In these vertical domains, the reliance on expert knowl-
edge serves as a critical quality guarantee, achieving significantly higher semantic precision
compared to generic LLM approaches.

Second, semantic definitions may evolve over time as technologies and user dis-
course change.Without activemaintenance, this could reduce comparability. Nevertheless,
within the timeframe of a standard product development cycle, core engineering seman-
tics remain relatively stable. The framework maintains longitudinal reliability for iterative
design, provided that the semantic space is periodically refreshed to incorporate emerging
features.

Third, regarding data bias and algorithmic reliability, we acknowledge that metrics
derived from mention frequency may be subject to user review bias, as users tend to
overemphasize easily verbalised features (e.g. visual design)while overlooking latent needs
(Joung and Kim 2021; Shi et al. 2025). Consequently, this framework is best scoped as a
quantitative filter for explicit requirements and high-frequency pain points, rather than a
discovery tool for tacit or subconscious needs. While it provides a statistically robust sig-
nal for prioritising articulated complaints, it cannot replace qualitative methods required
to uncover unvoiced user desires.

Furthermore, regarding LLM hallucination risks, LLMs inherently face the challenge of
generating plausible but non-factual content, which poses a validity threat to engineering
decision-making. To mitigate this, our framework employs Graph-Constrained Inference,
anchoring reasoning strictly to retrieved evidence chains. This architectural constraint sig-
nificantly reduces fabrication risks compared to open-ended generation, ensuring that
insights remain traceable and factually grounded.

Fourth, while the reasoning supported by EDKG is structurally interpretable, it does not
establish physical causality. Although the framework provides a transparent and account-
able way to infer design insights from user feedback and product attributes, it cannot
replace the need for engineering simulations, real-world testing, or empirical validation. Its
primary role is to support prioritisation, hypothesis generation, and decision framing rather
than final technical verification.

Fifth, we also acknowledge certain limitations regarding the quantitative validation of
the proposed computational modules. Specifically, with regard to persona validation,
since our user preference archetypes are derived exclusively from public UGC without
accessible demographicmetadata, they function as engineering intent clusters rather than
demographically anchored market segments. In terms of semantic encoding, while we
relied on manual expert verification to ensure engineering rigour, we did not conduct
a large-scale benchmark comparing our Structured Semantic Encoding (SSE) against
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traditional keyword-matching baselines. Furthermore, although the system-generated
insights were validated via a double-blind expert review (RAG Triad Evaluation), the scale
of humanevaluationwas constrainedbyavailable resources. A full-scaleA/B testingexper-
iment within an active design cycle – comparing AI-generated insights directly against
human-curated reports – remains a critical direction for future research to further quantify
the framework’s practical utility.

Future research can address these limitations by incorporating adaptive semantic space
management, integrating human-in-the-loop validation for high-impact insights, and
strengthening links between experiential knowledge and structured engineering data. Fur-
thermore, expanding the scopeof the case study to includemultiple EVmodels, conducting
cross-brand comparisons, and incorporating longitudinal analysis to capture sentiment
drift over timewould provide amore comprehensive evaluation. Applying the same frame-
work to other experience-intensive engineered products, such as consumer electronics or
service robotics, would further test its generality and reveal domain-specific adaptation
requirements. Moreover, future research could explore how SCSI-SLM could inform busi-
ness and design decision-making by guiding feature prioritisation, supporting early-stage
concept screening, predicting consumer acceptance, and aiding in engineering trade-offs.

6. Conclusion

This paper proposes SCSI-SLM, an explainable design intelligence framework that enables
consumer-generated narratives to be systematically transformed into actionable engineer-
ing insight. By integrating structured semantic encoding, product-user dynamic mapping,
and knowledge-grounded reasoning, the framework establishes a traceable pathway from
weakly structured experiential language to design-relevant representations.

A real-world case study in the EV domain demonstrates that SCSI-SLM can support
preference-aware analysis and evidence-backed insight generation from large-scale user
feedback, while preserving interpretability and accountability. Rather than treating lan-
guage models as end-to-end decision makers, this work positions them as structured
semanticmediators embeddedwithin anengineering reasoningprocess.Overall, this study
shows that structured language modelling provides a viable paradigm for incorporating
large-scale consumer voice into data-driven engineering design. Future work will focus on
semantic space evolution and broader application across experience-driven engineered
systems.

Acknowledgements

The authors would like to thank the anonymous reviewers for their constructive comments.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Funding

This paper was supported by the Shanghai Planning Office of Philosophy and Social Science (grant
number 2022BSH001), and theMinistry of Education in China Humanities and Social Sciences project
(grant number 23YJA760006).



30 Q. JIN ET AL.

ORCID

Danni Chang http://orcid.org/0000-0002-6230-5796

References

Achiam, J., S. Adler, S. Agarwal, L. Ahmad, I. Akkaya, F. L. Aleman, et al. 2023. Gpt-4 Technical Report.
Preprint, arXiv:2303.08774.

Aggarwal, C. C., and C. X. Zhai. 2012. “A Survey of Text Clustering Algorithms.” In Mining Text Data,
edited by C. C. Aggarwal and C. X. Zhai, 77–128. New York, NY: Springer.

Bordes, A., N. Usunier, A. Garcia-Duran, J. Weston, and O. Yakhnenko. 2013. “Translating Embed-
dings for Modeling Multi-relational Data.” Advances in Neural Information Processing Systems 26:
2787–2795.

Brown, T., B. Mann, N. Ryder, M. Subbiah, J. D. Kaplan, P. Dhariwal, et al. 2020. “Language Models Are
Few-Shot Learners.” Advances in Neural Information Processing Systems 33:1877–1901.

Chamola, V., S. Sai, R. Sai, A. Hussain, and B. Sikdar. 2024. “Generative AI for Consumer Electronics:
Enhancing User Experience with Cognitive and Semantic Computing.” IEEE Consumer Electronics
Magazine 14 (2): 10–19. https://doi.org/10.1109/MCE.2024.3387049.

Chang, D., L. Wang, Y. Xiang, X. Zhu, and C. H. Lee. 2025. “Exploring Human Perception in Interac-
tive Digital Advertising: A Genetic-Kansei Engineering Approach with Human-AI Collaboration.”
Knowledge-Based Systems 311:113072. https://doi.org/10.1016/j.knosys.2025.113072.

Chen, H., and X. Luo. 2019. “An Automatic Literature Knowledge Graph and Reasoning NetworkMod-
eling Framework Based on Ontology and Natural Language Processing.” Advanced Engineering
Informatics 42:100959. https://doi.org/10.1016/j.aei.2019.100959.

Chen, J., S. Xiao, P. Zhang, K. Luo, D. Lian, and Z. Liu. 2024. “M3-Embedding: Multi-linguality, Multi-
functionality, Multi-granularity Text Embeddings through Self-knowledge Distillation.” In Findings
of the Association for Computational Linguistics: ACL 2024, edited by L.-W. Ku, A. Martins, and V.
Srikumar, 2318–2335. Bangkok: Association for Computational Linguistics.

Chen, L., Z. Cai, W. Cheang, Q. Long, L. Sun, P. Childs, andH. Zuo. 2025. “AskNatureGPT: An LLM-Driven
Concept Generation Method Based on bio-Inspired Design Knowledge.” Journal of Engineering
Design 42 (1): 238–272. https://doi.org/10.1080/09544828.2025.2481536.

Chiu, M. C., J. H. Huang, S. Gupta, and G. Akman. 2021. “Developing a Personalized Recommendation
System in a Smart Product Service System Based on Unsupervised Learning Model.” Computers in
Industry 128 (10): 103421. https://doi.org/10.1016/j.compind.2021.103421.

Delle Monache, S., N. Misdariis, and E. Özcan. 2022. “Semantic Models of Sound-Driven Design:
Designing with Listening in Mind.” Design Studies 83:101134. https://doi.org/10.1016/j.destud.
2022.101134.

Demoly, F., K. Y. Kim, and I. Horváth. 2019. “Ontological Engineering for Supporting Semantic Reason-
ing in Design: Deriving Models Based on Ontologies for Supporting Engineering Design.” Journal
of Engineering Design 30 (10-12): 405–416. https://doi.org/10.1080/09544828.2019.1633626.

Devlin, J., M. W. Chang, K. Lee, and K. Toutanova. 2019. “Bert: Pre-training of Deep Bidirectional Trans-
formers for Language Understanding.” In Proceedings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies, Volume 1
(Long and Short Papers), edited by J. Burstein, C. Doran, and T. Solorio, 4171–4186. Minneapolis,
MN: Association for Computational Linguistics.

Ding, B., C. Qin, L. Liu, Y. K. Chia, B. Li, S. Joty, and L. Bing. 2023. “Is GPT-3 a Good Data Annotator?.”
In Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 1:
Long Papers), edited by A. Rogers, J. Boyd-Graber, and N. Okazaki, 11173–11195. Toronto, Canada:
Association for Computational Linguistics.

Doshi-Velez, F., and B. Kim. 2017. Towards a Rigorous Science of Interpretable Machine Learning.
Preprint, arXiv:1702.08608.

Es, S., J. James, L. E. Anke, and S. Schockaert. 2024. “Ragas: Automated Evaluation of Retrieval Aug-
mented Generation.” In Proceedings of the 18th Conference of the European Chapter of the Associ-
ation for Computational Linguistics: System Demonstrations, edited by N. Aletras and O. De Clercq,
150–158. St. Julian’s, Malta: Association for Computational Linguistics.

http://orcid.org/0000-0002-6230-5796
https://doi.org/10.1109/MCE.2024.3387049
https://doi.org/10.1016/j.knosys.2025.113072
https://doi.org/10.1016/j.aei.2019.100959
https://doi.org/10.1080/09544828.2025.2481536
https://doi.org/10.1016/j.compind.2021.103421
https://doi.org/10.1016/j.destud.2022.101134
https://doi.org/10.1016/j.destud.2022.101134
https://doi.org/10.1080/09544828.2019.1633626


JOURNAL OF ENGINEERING DESIGN 31

Ettrich,O., S. Stahlmann,H. Leopold, andC. Barrot. 2024. “Automatically IdentifyingCustomerNeeds in
User-Generated Content Using Token Classification.”Decision Support Systems 178:114107. https://
doi.org/10.1016/j.dss.2023.114107.

Gao, Y., Y. Xiong, M.Wang, andH.Wang. 2024. Modular Rag: Transforming Rag Systems into Lego-like
Reconfigurable Frameworks. Preprint, arXiv:2407.21059.

Gero, J. S. 1990. “Design Prototypes: A Knowledge Representation Schema for Design.” AI Magazine
11 (4): 26–26.

Gomez, R., L. Swann, P. Florentzos, and A. Singleton. 2024. “Automotive Interior Design in the Age of
Electric Vehicles: User Interface Expectations, Perceptions and Preferences.” In Adjunct Proceedings
of the 16th International Conference on Automotive User Interfaces and Interactive Vehicular Appli-
cations, edited by F. Steinicke, S. Loehmann, S. Sadeghian, and A. Riener, 82–87. New York, NY:
Association for Computing Machinery.

Gupta, A., and H. Kumar. 2022. “Multi-dimensional Perspectives on Electric Vehicles Design: A Mind
map Approach.” Cleaner Engineering and Technology 8:100483. https://doi.org/10.1016/j.clet.2022.
100483.

Han, J., S. Sarica, F. Shi, and J. Luo. 2021. “Semantic Networks for Engineering Design: A Survey.”
Proceedings of the Design Society 1:2621–2630. https://doi.org/10.1017/pds.2021.523.

He, S., B. Xue, and D. Luo. 2025. “Research on the Evolution of Online User Reviews of New Energy
Vehicles in China Based on LDA.”World Electric Vehicle Journal 17 (1): 21. https://doi.org/10.3390/
wevj17010021.

Huang, X., Y. Lin, M. K. Lim, M. L. Tseng, and F. Zhou. 2021. “The Influence of KnowledgeManagement
on Adoption Intention of Electric Vehicles: Perspective on Technological Knowledge.” Industrial
Management & Data Systems 121 (7): 1481–1495. https://doi.org/10.1108/IMDS-07-2020-0411.

Huang, Z., X. Guo, Y. Liu, W. Zhao, and K. Zhang. 2023. “A Smart Conflict Resolution Model Using
Multi-layer KnowledgeGraph for ConceptualDesign.”AdvancedEngineering Informatics55:101887.
https://doi.org/10.1016/j.aei.2023.101887.

Ji, S., S. Pan, E. Cambria, P. Marttinen, and P. S. Yu. 2021. “A Survey on Knowledge Graphs: Representa-
tion, Acquisition, and Applications.” IEEE Transactions on Neural Networks and Learning Systems 33
(2): 494–514. https://doi.org/10.1109/TNNLS.2021.3070843.

Jia, X., M. Xu, C. Xu, and P. Zhu. 2025. “An Online Review-Driven Decision-Making Method for Electric
Vehicle Selection Based on Satisfaction Analysis.” Expert Systems with Applications 300: 130518.

Joung, J., and H.M. Kim. 2021. “Approach for Importance–Performance Analysis of Product Attributes
from Online Reviews.” Journal of Mechanical Design 143 (8): 081705. https://doi.org/10.1115/1.
4049865.

Kang, X. 2021. “Combining Rough set Theory and Support Vector Regression to the Sustainable Form
Design of Hybrid Electric Vehicle.” Journal of Cleaner Production 304:127137. https://doi.org/10.
1016/j.jclepro.2021.127137.

Kannan, H. 2021. “Formal Reasoning of Knowledge in Systems Engineering through Epistemic Modal
Logic.” Systems Engineering 24 (1): 3–16. https://doi.org/10.1002/sys.21563.

Li, H., Y. Wang, S. Zhang, Y. Song, and H. Qu. 2021. “KG4Vis: A Knowledge Graph-Based Approach for
Visualization Recommendation.” IEEE Transactions on Visualization and Computer Graphics 28 (1):
195–205. https://doi.org/10.1109/TVCG.2021.3114863.

Li, Q., Y. Yang, C. Li, and G. Zhao. 2023. “Energy Vehicle User DemandMiningMethod Based on Fusion
of Online Reviews and Complaint Information.” Energy Reports 9:3120–3130. https://doi.org/10.
1016/j.egyr.2023.02.004.

Li, S., X. Zhou, Y. Liu, J. Chen, T. Guo, W. Yang, and L. Hou. 2025. “Agile Conceptual Design and Valida-
tion Based on Multi-source Product Data and Large Language Models: A Review, Framework, and
Outlook.” Journal of Engineering Design 36 (4): 473–503. https://doi.org/10.1080/09544828.2025.
2476879.

Liang, C., Q. Yang, H. Sun, and X.Ma. 2024. “Unveiling Consumer Satisfaction and Its Driving Factors of
EVs in China Using an Explainable Artificial Intelligence Approach.” Humanities and Social Sciences
Communications 11 (1): 1575. https://doi.org/10.1057/s41599-024-04120-z.

Liao, F., E. Molin, and B. Van Wee. 2017. “Consumer Preferences for Electric Vehicles: A Literature
Review.” Transport Reviews 37 (3): 252–275. https://doi.org/10.1080/01441647.2016.1230794.

https://doi.org/10.1016/j.dss.2023.114107
https://doi.org/10.1016/j.dss.2023.114107
https://doi.org/10.1016/j.clet.2022.100483
https://doi.org/10.1016/j.clet.2022.100483
https://doi.org/10.1017/pds.2021.523
https://doi.org/10.3390/wevj17010021
https://doi.org/10.3390/wevj17010021
https://doi.org/10.1108/IMDS-07-2020-0411
https://doi.org/10.1016/j.aei.2023.101887
https://doi.org/10.1109/TNNLS.2021.3070843
https://doi.org/10.1115/1.4049865
https://doi.org/10.1115/1.4049865
https://doi.org/10.1016/j.jclepro.2021.127137
https://doi.org/10.1016/j.jclepro.2021.127137
https://doi.org/10.1002/sys.21563
https://doi.org/10.1109/TVCG.2021.3114863
https://doi.org/10.1016/j.egyr.2023.02.004
https://doi.org/10.1016/j.egyr.2023.02.004
https://doi.org/10.1080/09544828.2025.2476879
https://doi.org/10.1080/09544828.2025.2476879
https://doi.org/10.1057/s41599-024-04120-z
https://doi.org/10.1080/01441647.2016.1230794


32 Q. JIN ET AL.

Lin, J., R. Shan, C. Zhu, K. Du, B. Chen, S. Quan, et al. 2024. “Rella: Retrieval-Enhanced Large Language
Models for Lifelong Sequential Behavior Comprehension in Recommendation.” In Proceedings of
the ACMWeb Conference 2024, edited by T. S. Chua, C. W. Ngo, R. K. Lee, R. Kumar, and H. W. Lauw,
3497–3508. New York, NY: Association for Computing Machinery.

Lin, X. V., R. Socher, and C. Xiong. 2018. Multi-hop Knowledge Graph Reasoningwith Reward Shaping.
Preprint, arXiv:1808.10568.

Liu, J., F. Wan, J. Zou, and J. Zhang. 2023. “Exploring Factors Affecting People’s Willingness to use a
Voice-Based in-car Assistant in Electric Cars: An Empirical Study.” World Electric Vehicle Journal 14
(3): 73. https://doi.org/10.3390/wevj14030073.

Liu, X., L. Yang, Z. Liu, M. Yang, C. Wang, H. Peng, and P. S. Yu. 2024. “Knowledge Graph Context-
Enhanced Diversified Recommendation.” In Proceedings of the 17th ACM International Conference
onWeb Search and Data Mining, edited by L. A. Caudillo-Mata, S. Lattanzi, A. M. Medina, L. Akoglu,
A. Gionis, and S. Vassilvitskii, 462–471. New York, NY: Association for Computing Machinery.

Luo, S., P. Shan, Z. Bian, H. Lin, Y. Zhang, Z. Cui, C. Shen, and L. Wang. 2024. “Effects of Product Per-
sonalisation Degree on User Perception in car Front Design.” Journal of Engineering Design 35 (8):
944–971. https://doi.org/10.1080/09544828.2024.2339164.

Ma, S. C., Y. Fan, J. F. Guo, J. H. Xu, and J. Zhu. 2019. “AnalysingOnline Behaviour to Determine Chinese
Consumers’ Preferences for Electric Vehicles.” Journal of Cleaner Production 229:244–255. https://
doi.org/10.1016/j.jclepro.2019.04.374.

Martilla, J. A., and J. C. James. 1977. “Importance-performance Analysis.” Journal of Marketing 41 (1):
77–79. https://doi.org/10.1177/002224297704100112.

Mehra, A. 2024. “Hybrid AI Models: Integrating Symbolic Reasoning with Deep Learning for Complex
Decision-Making.” Journal of Emerging Technologies and Innovative Research 11 (8): f693–f695.

Meng, S., J. Zhou, X. Chen, Y. Liu, F. Lu, and X. Huang. 2024. “Structure-information-based Reason-
ing over the Knowledge Graph: A Survey of Methods and Applications.” ACM Transactions on
Knowledge Discovery fromData 18 (8): 1–42. https://doi.org/10.1145/3671148.

Mustapha, K. B. 2025. “A Survey of Emerging Applications of Large Language Models for Problems
in Mechanics, Product Design, and Manufacturing.” Advanced Engineering Informatics 64:103066.
https://doi.org/10.1016/j.aei.2024.103066.

Nguyen-Duc, A., B. Cabrero-Daniel, A. Przybylek, C. Arora, D. Khanna, T. Herda, et al. 2025. “Genera-
tive Artificial Intelligence for Software Engineering—A Research Agenda.” Software: Practice and
Experience 55 (11): 1806–1843.

Nikolic, S., S. Daniel, R. Haque, M. Belkina, G. M. Hassan, S. Grundy, S. Lyden, P. Neal, and C. San-
dison. 2023. “ChatGPT versus Engineering Education Assessment: A Multidisciplinary and Multi-
institutional BenchmarkingandAnalysis of ThisGenerativeArtificial IntelligenceTool to Investigate
Assessment Integrity.” European Journal of Engineering Education 48 (4): 559–614. https://doi.org/
10.1080/03043797.2023.2213169.

Qian, L., Y. Huang, D. Tyfield, and D. Soopramanien. 2023. “Dynamic Consumer Preferences for Elec-
tric Vehicles in China: A Longitudinal Approach.” Transportation Research Part A: Policy and Practice
176:103797. https://doi.org/10.1016/j.tra.2023.103797.

Qiu, Y., and Y. Jin. 2024. “ChatGPT and Finetuned BERT: A Comparative Study for Developing Intelli-
gent Design Support Systems.” Intelligent Systems with Applications 21:200308. https://doi.org/10.
1016/j.iswa.2023.200308.

Reimers, N., and I. Gurevych. 2019. “Sentence-bert: Sentence Embeddings Using Siamese Bert-
Networks.” In Proceedings of the 2019 Conference on Empirical Methods in Natural Language Pro-
cessing and the 9th International Joint Conference on Natural Language Processing (EMNLP-IJCNLP),
edited by K. Inui, J. Jiang, V. Ng, and X. Wan, 3982–3992. Hong Kong, China: Association for
Computational Linguistics.

Ribeiro, M. T., S. Singh, and C. Guestrin. 2016. ““Why Should I Trust You?” Explaining the Predictions
of Any Classifier.” In Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, edited by B. Krishnapuram, B. Krishnapuram, M. Shah, A. J. Smola,
C. Aggarwal, D. Shen, and R. Rastogi, 1135–1144. New York, NY: Association for Computing
Machinery.

https://doi.org/10.3390/wevj14030073
https://doi.org/10.1080/09544828.2024.2339164
https://doi.org/10.1016/j.jclepro.2019.04.374
https://doi.org/10.1016/j.jclepro.2019.04.374
https://doi.org/10.1177/002224297704100112
https://doi.org/10.1145/3671148
https://doi.org/10.1016/j.aei.2024.103066
https://doi.org/10.1080/03043797.2023.2213169
https://doi.org/10.1080/03043797.2023.2213169
https://doi.org/10.1016/j.tra.2023.103797
https://doi.org/10.1016/j.iswa.2023.200308
https://doi.org/10.1016/j.iswa.2023.200308


JOURNAL OF ENGINEERING DESIGN 33

Ru, D., L. Qiu, X. Hu, T. Zhang, P. Shi, S. Chang, et al. 2024. “Ragchecker: A Fine-Grained Framework for
Diagnosing Retrieval-Augmented Generation.” Advances in Neural Information Processing Systems
37:21999–22027.

Saad-Falcon, J., O. Khattab, C. Potts, andM. Zaharia. 2024. “Ares: AnAutomated Evaluation Framework
for Retrieval-Augmented Generation Systems.” In Proceedings of the 2024 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language Technologies
(Volume 1: Long Papers), edited by K. Duh, H. Gomez, and S. Bethard, 338–354. Mexico City, Mexico:
Association for Computational Linguistics.

Shi, L., S. S. Ou, Y. Zhou, Y.Wu, X. Tan, X. He, D. J. De Castro Gomez, and Z. Lin. 2025. “Assessing Chinese
User Satisfaction with Electric Vehicle Battery Performance from Online Reviews.” Transportation
Research Part D: Transport and Environment 141:104644. https://doi.org/10.1016/j.trd.2025.104644.

Sun, H., S. K. Ong, A. Y. C. Nee, and W. Guo. 2023. “A Customer Requirements Analysis Method of
considering Product Scenarios for Improving Product Design.” Journal of Engineering Design 34 (5-
6): 339–362. https://doi.org/10.1080/09544828.2023.2225843.

Uy, J. R. R., A. K. S. Ong, D. M. B. De Guzman, I. T. Dela Cruz, and J. C. Dela Cruz. 2024. “Consumer
Segmentation and Market Analysis for Sustainable Marketing Strategy of Electric Vehicles in the
Philippines.”World Electric Vehicle Journal 15 (7): 301. https://doi.org/10.3390/wevj15070301.

Vats, A., V. Jain, R. Raja, and A. Chadha. 2024. Exploring the Impact of Large Language Models on
Recommender Systems: An Extensive Review. Preprint, arXiv:2402.18590.

Vermesan, O., R. John, P. Pype, G. Daalderop, K. Kriegel, G. Mitic, V. Lorentz, et al. 2021. “Automotive
Intelligence Embedded in Electric Connected Autonomous and Shared Vehicles Technology for
Sustainable Green Mobility.” Frontiers in Future Transportation 2:688482. https://doi.org/10.3389/
ffutr.2021.688482.

Wang, Q., Z. Mao, B. Wang, and L. Guo. 2017. “Knowledge Graph Embedding: A Survey of Approaches
andApplications.” IEEETransactionsonKnowledgeandDataEngineering29 (12): 2724–2743. https://
doi.org/10.1109/TKDE.2017.2754499.

Wang, X., Y. Cheng, T. Lv, and R. Cai. 2023. “Fuel Vehicles or new Energy Vehicles? A Study on the
Differentiation of Vehicle Consumer Demand Based on Online Reviews.” Marketing Intelligence &
Planning 41 (8): 1236–1251. https://doi.org/10.1108/MIP-04-2023-0173.

Wang, X., T. Huang, D. Wang, Y. Yuan, Z. Liu, X. He, and T. S. Chua. 2021. “Learning Intents behind
Interactions with Knowledge Graph for Recommendation.” In Proceedings of the web Conference
2021, edited by J. Leskovec, M. Grobelnik, M. Najork, J. Tang, and L. Zia, 878–887. New York, NY:
Association for Computing Machinery.

Wang, Y., X. Li, and D. Y. Mo. 2021. “Knowledge-empowered Multitask Learning to Address the
Semantic gap between Customer Needs and Design Specifications.” IEEE Transactions on Industrial
Informatics 17 (12): 8397–8405. https://doi.org/10.1109/TII.2021.3067141.

Wang, Y., L. Luo, and H. Liu. 2020. “Bridging the Semantic gap between Customer Needs and Design
Specifications Using User-Generated Content.” IEEE Transactions on Engineering Management 69
(4): 1622–1634. https://doi.org/10.1109/TEM.2020.3021698.

Wang, Z., S. J. Hu, S. F. Niu, S. Y. Li, W. D. Liu, and L. Y. Huang. 2025. “Research on Product Design
Improvement Method Based on Online Review and Improvement Importance Performance Com-
petitor Analysis.” Expert SystemswithApplications279:127400. https://doi.org/10.1016/j.eswa.2025.
127400.

Wei, W., C. Hao, and Z. Wang. 2025. “User Needs Insights fromUGC Based on Large LanguageModel.”
Advanced Engineering Informatics 65:103268. https://doi.org/10.1016/j.aei.2025.103268.

Wu, L., Z. Zheng, Z.Qiu,H.Wang,H.Gu, T. Shen, C.Qin, et al. 2024. “ASurveyonLargeLanguageModels
for Recommendation.”WorldWideWeb 27 (5): 60. https://doi.org/10.1007/s11280-024-01291-2.

Xu, Y., X. Shan,M.Guo,W.Gao, andY. S. Lin. 2024. “Design andApplicationof ExperienceManagement
Tools from the Perspective of Customer Perceived Value: A Study on the Electric Vehicle Market.”
World Electric Vehicle Journal 15 (8): 378. https://doi.org/10.3390/wevj15080378.

Yang, H., J. Zhang, Y. Wang, and R. Jia. 2021. “Exploring Relationships between Design Features and
System Usability of Intelligent car Human–Machine Interface.” Robotics and Autonomous Systems
143:103829. https://doi.org/10.1016/j.robot.2021.103829.

https://doi.org/10.1016/j.trd.2025.104644
https://doi.org/10.1080/09544828.2023.2225843
https://doi.org/10.3390/wevj15070301
https://doi.org/10.3389/ffutr.2021.688482
https://doi.org/10.3389/ffutr.2021.688482
https://doi.org/10.1109/TKDE.2017.2754499
https://doi.org/10.1109/TKDE.2017.2754499
https://doi.org/10.1108/MIP-04-2023-0173
https://doi.org/10.1109/TII.2021.3067141
https://doi.org/10.1109/TEM.2020.3021698
https://doi.org/10.1016/j.eswa.2025.127400
https://doi.org/10.1016/j.eswa.2025.127400
https://doi.org/10.1016/j.aei.2025.103268
https://doi.org/10.1007/s11280-024-01291-2
https://doi.org/10.3390/wevj15080378
https://doi.org/10.1016/j.robot.2021.103829


34 Q. JIN ET AL.

Yang, Y., C. Huang, L. Xia, and C. Huang. 2023. “Knowledge Graph Self-supervised Rationalization for
Recommendation.” In Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery and
Data Mining, edited by K. Das, S. Raghavan, I. King, and B. Mobasher, 3046–3056. New York, NY:
Association for Computing Machinery.

Yang, Y., Q. Li, C. Li, and Q. Qin. 2024. “User Requirements Analysis of new Energy Vehicles Based on
Improved Kano Model.” Energy 309:133134. https://doi.org/10.1016/j.energy.2024.133134.

Yuan, W., D. Chang, and T. Han. 2023. “A Context-Aware Smart Product-Service System Development
Approach and Application Case.” Computers & Industrial Engineering 183:109468. https://doi.org/
10.1016/j.cie.2023.109468.

Yuan, W., D. Chang, C. Mao, L. Wang, K. Ren, and T. Han. 2025. “A Novel User Scenario and Behav-
ior Sequence Recognition Approach Based on Vision-Context Fusion Architecture.” Advanced
Engineering Informatics 65:103161. https://doi.org/10.1016/j.aei.2025.103161.

Yuan,W., H. Zhao, X. Yang, T. Han, andD. Chang. 2024. “TowardDynamic RehabilitationManagement:
A Novel Smart Product-Service System Development Approach Based on Fine-Tuned Large Vision
Model and Fuzzy-Dematel.” Advanced Engineering Informatics 62:102616. https://doi.org/10.1016/
j.aei.2024.102616.

Zhang, M., L. Sun, Y. Li, G. A. Wang, and Z. He. 2023b. “Using Supplementary Reviews to Improve
Customer Requirement Identification and Product Design Development.” Journal of Management
Science and Engineering 8 (4): 584–597. https://doi.org/10.1016/j.jmse.2023.03.001.

Zhang, R., Y. Li, Y. Ma, M. Zhou, and L. Zou. 2023a. “Llmaaa: Making Large Language Models as Active
Annotators.” In Findings of the Association for Computational Linguistics: EMNLP 2023, edited by H.
Bouamor, J. Pino, and K. Bali, 13088–13103. Singapore: Association for Computational Linguistics.

Zhao, D., J. Gao, and N. Liu. 2023. “Exploring User Satisfaction and Improvement Priorities in Electric
Vehicle Segments.” Transportation Research Part D: Transport and Environment 125:103996. https://
doi.org/10.1016/j.trd.2023.103996.

Zhu, X., Y. Xie, Y. Liu, Y. Li, and W. Hu. 2025. “Knowledge Graph-Guided Retrieval Augmented Gener-
ation.” In Proceedings of the 2025 Conference of the Nations of the Americas Chapter of the Associa-
tion for Computational Linguistics: Human Language Technologies (Volume 1: Long Papers), edited
by A. Williams, J. Mueller, and S. Roller, 8912–8924. Albuquerque, New Mexico: Association for
Computational Linguistics.

Appendix

Table A1. Formal definitions of key semantic constructs.

Term Definition

Semantic Tokens Computable, reusable, and comparable linguistic units derived from raw user
narratives through regex denoising, filtering, and tokenisation. They serve
as the atomic input for semantic encoding, ensuring traceability from
engineering inference back to original textual evidence.

Engineering Semantic Space A multi-level, stable coordinate system consisting of Kcore engineering
dimensions (e.g. Handling Performance, Interior Texture). It acts as a shared
basis for both decoupling product performance assessment and modelling
user preference heterogeneity.

Persona Vectors A quantitative representation of user preference structures in the
high-dimensional semantic space. It serves as a computed archetype acting
as a reference anchor for a specific market segment’s attention distribution.

Reasoning Paths The logical traversal sequences within the Engineering Design Knowledge
Graph (EDKG) connect User Personas, Reviews, Features, and Vehicle
Entities. These paths support graph-constrained inference to generate
evidence-backed and engineer-readable insight chains
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Table A2. Example preprocessing pipeline for a noisy review sample.

Processing stage Processing logic and method Example data state

0. Raw Input Raw data collected by Octoparse {User nickname} {URL link} {Vehicle
model: Han EV} {Review
content} ...’Car picked up in mid-February,
grey exterior with orange interior . . . mainly
attracted by the exterior and interior
design . . . driven for one month . . . bought a paint
protection film during the 3.15 promotion . . . the
only drawback is that the car is a bit large!!! scraped
the car while making a U-turn yesterday,
heartbreaking!’

1. Feature Selection Removal of irrelevant fields and
retention of core attributes

{Vehicle model: Han EV} {Review
content}‘Car picked up in mid-February, grey
exterior with orange interior . . . (same as above)’

2. Regex-based
Denoising

Regular expression replacement to
remove special characters and
emojis; retaining Chinese/English
characters, numbers, and basic
punctuation

‘Car picked up in mid-February, grey exterior with
orange interior . . . mainly attracted by the exterior
and interior design . . . driven for one
month . . . bought a paint protection film during the
3.15 promotion . . . the only drawback is that the car
is a bit large!!! scraped the car while making a U-turn
yesterday, heartbreaking!’(Note: emoji removed)

3. Short Review
Filtering

Length threshold check (Len ≥ 10) (Length satisfied, retained)

4. Tokenisation and
Stop-word Removal

Jieba tokeniser (precise
mode)+ custom stop-word list
(e.g. ‘的’, ‘了’, ‘就是’, ‘虽然’, ‘但
是’)

[‘mid-February’, ‘car pickup’,
‘grey’, ‘exterior’, ‘orange’,
‘interior’,...,
‘air-conditioning’, ‘stable’,
‘paint film’, ‘care’, ‘feels’,
‘good’, ‘drawback’, ‘car’, ‘a
bit’, ‘large’, ‘U-turn’,
‘scrape’, ‘damage’,
‘heartbreaking’]
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Record ID Storage path Vehicle model Raw review text Cleaned review text Token sequence

1 ./data/processed/Tesla_Model_S.csv Tesla Model S [Exterior]Model S uses a
coupe-style flat engine
hood structure . . . [Exte-
rior]Stylish[Powertrain] . . .

[Exterior] Model S adopts a
coupe-style flat engine
hood
design . . . [Exterior]
Stylish[Powertrain]
Three-motor system . . .

[‘exterior’, ‘Model’,
‘coupe-style’,
‘flat’, ‘hood’,
‘structure’,
‘design’, ‘stylish’,
‘powertrain’,
‘three-motor’,
‘performance’,...]

2 ./data/processed/BYD_Han_EV.csv BYD Han EV [Purchase Experience]I
work in municipal main-
tenance . . . [Purchase
Price]288,600+ 20,000
(package)+ 3,000 . . .

[Purchase Experience] I
work in municipal main-
tenance . . . [Purchase
Price] 288600+ 20000
(package)+ 3000
(Aurora Blue exterior) . . .

[‘purchase’,
‘experience’,
‘municipal’,
‘maintenance’,
‘project’, ‘price’,
‘288600’, ‘package’,
‘Aurora’, ‘blue’,
‘exterior’,...]

3 ./data/processed/NIO_ET7.csv NIO ET7 [Range]Overall range is
slightly lower . . . [Most
Satisfied]Recently
test-drove the ET7 . . .

[Range] Overall range is
slightly lower, mainly
because . . . [Most
Satisfied] Recently
test-drove the ET7 . . .

[‘range’, ‘overall’,
‘slightly’, ‘lower’,
‘reason’, ‘brand’,
‘comparison’,
‘test-drive’, ‘ET7’,
‘satisfaction’,...]

. . . . . . . . . . . . . . . . . .
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Table A4. Example of raw feature tags.

Cleaned comment (excerpt) Vehicle model Extracted feature dimensions Status

‘The new car feels much more
intelligent, especially functions such
as assisted driving and parking.
Besides standard perpendicular
parking . . . ’

Zhijie S7 [{‘raw_feature_tag’: ‘Intelligent
Configuration’, ‘keywords’: [‘assisted
driving’, ‘parking’, ‘system operation’]}]

success

‘The exterior design is impressive,
outperforming gasoline sedans such
as the Audi A6L. Focusing on power
and range: three driving modes are
available . . . ’

BYD Han EV [{‘raw_feature_tag’: ‘Exterior Design’,
‘keywords’: [‘exterior’, ‘outperform’,
‘Audi A6L’]}, {‘raw_feature_tag’: ‘Power
Performance’, ‘keywords’: [‘power’, ‘eco
mode’, ‘sport mode’]}, {‘raw_feature_tag’:
‘Range Performance’, ‘keywords’: [‘range’,
‘highway’, ‘urban roads’]}]

success

‘Before purchasing the Zeekr 001, I was
a loyal Volkswagen customer. After
buying the 001 at the end of last
year, it felt like entering a new
driving . . . ’

Zeekr 001 [{‘raw_feature_tag’: ‘Exterior Design’,
‘keywords’: [‘exterior’, ‘black’,
‘white’]}, {‘raw_feature_tag’: ‘Spatial
Comfort’, ‘keywords’: [‘interior space’,
‘trunk’, ‘seating space’]},
{‘raw_feature_tag’: ‘Driving Experience’,
‘keywords’: [‘handling’, ‘ride quietness’,
‘acceleration performance’]}]

success

. . . . . . ... ...
‘The exterior and interior are the parts I
ammost satisfied with, and the
price is also reasonable. It basically
has all the expected features. The
intelligent driving system can only
be . . . ’

BYD Qin L [{‘raw_feature_tag’: ‘Exterior Design’, ‘keywords’: [‘Exterior’,
‘Interior’, ‘Reasonable Price’]}, {‘raw_feature_tag’: ‘Intelligence’,
‘keywords’: [‘Intelligent Driving’, ‘Expressway’, ‘Highway’]},
{‘raw_feature_tag’: ‘Price & Cost’, ‘keywords’: [‘Range’, ‘City
Driving’, ‘Fuel Consumption’]}]

Failed: ‘Price’
incorrectly grouped
under ‘Exterior Design’.

‘I’ve waited for about a month and
have only driven about 200 km in
the city so far. Since I have no
long-distance requirements, I didn’t
opt for the battery upgrade . . . ’

Zeekr 007 [{‘raw_feature_tag’: ‘Interior Design’, ‘keywords’: [‘Interior’,
‘Comfortable’, ‘Budget’]}, {‘raw_feature_tag’: ‘Range
Performance’, ‘keywords’: [‘Low Temperature’, ‘13.2 Consumption’,
‘17 Consumption’]}, {‘raw_feature_tag’: ‘Driving Experience’,
‘keywords’: [‘City Driving’, ‘200km’, ‘Long-distance Need’]}]

Failed: ‘Budget’
incorrectly grouped
under ‘Interior Design’.
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Figure A1. Raw feature extraction prompt template.

Figure A2. Semantic normalisation prompt template.
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Figure A3. Text-to-Cypher generation prompt template.

Figure A4. Intent analysis and routing prompt template.
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Figure A5. Insight generation system prompt template.
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