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Abstract

As electric vehicles become widespread, home EV chargers have emerged as a key interface
between household energy use and daily mobility. However, their design optimization
remains insufficiently informed by large-scale user feedback. This study develops a review-
driven, interpretable machine learning framework to identify design priorities for home
EV chargers. Of the 26,763 reviews collected from the JD e-commerce platform, 23,893 were
retained after cleaning. BERTopic extracted raw topics, which were consolidated into ten
design dimensions through independent coding, inter-coder agreement assessment, and
consensus adjudication. A structured large language model protocol then transformed
the reviews into evidence-constrained, aspect-level semantic proxy variables representing
evaluative direction and intensity. Coding reliability was evaluated against dual-coder
annotations, while a matched absence-as-zero specification examined sensitivity to the
treatment of unmentioned dimensions. Platform ratings were subsequently introduced as
the prediction target, and repeated data partitions and cross-model SHAP comparisons
were used to assess partition- and model-level stability. Charging Performance, Operational
Stability, Perceived Product Quality, and Operational Convenience and Portability consis-
tently ranked as the most important factors associated with platform-rated satisfaction.
In contrast, Installation Friendliness and After-sales Service showed asymmetric attribu-
tion patterns characterized by stronger low-value penalties than high-value gains. The
framework supports translating online review evidence into product-level design priorities,
while emphasizing that SHAP identifies predictive associations rather than causal effects.

Keywords: residential charging; online reviews; electric vehicle infrastructure; large
language model; explainable machine learning

1. Introduction
1.1. Research Background

With the continuing advancement of the global energy transition and transport de-
carbonization, electric vehicles have evolved from policy-driven alternatives into widely
adopted mobility options [1]. According to the International Energy Agency’s Global EV
Outlook 2025, global electric vehicle sales exceeded 17 million units in 2024, accounting
for more than 20% of new car sales worldwide, with China contributing over 11 million
units [1]. These figures indicate that electric vehicles have entered a stage characterized by
both rapid expansion and broad market diffusion. At this stage, vehicle performance alone
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does not fully characterize user evaluations; charging stability, convenience, and overall
experience are also closely associated with satisfaction [2].

Existing studies on electric vehicle charging facilities have mainly focused on charging
types, policy mechanisms, market structures [3], and infrastructure expansion, typically
treating charging facilities as functional nodes within energy and transport systems. Fabi-
anek and Madlener noted that users evaluate charging experiences across multiple dimen-
sions, including ease of use, functionality, comfort, price transparency, and availability [4].
Studies based on real residential charging data further show that home charging exhibits
relatively stable daily patterns in start time, charging duration, and energy consumption
intensity, which differ markedly from those in public charging contexts [5]. Hardman and
Tal found that discontinuation of plug-in electric vehicle use was significantly associated
with the lack of convenient home charging conditions and dissatisfaction with charging
convenience [6]. These findings suggest that home EV chargers are not merely scaled-down
versions of public charging facilities, but independent product systems closely coupled
with residential space, daily routines, and subsequent maintenance. Although methods
such as KANO and AHP have been used to investigate user requirements and functional
optimization for public EV charging stations, design optimization research on residential
EV chargers remains limited, particularly analyses based on authentic user feedback, such
as online reviews [7].

The distinct user experience characteristics of residential charging indicate the need
to identify design dimensions from user feedback. For products used at scale and over
extended periods, user reviews provide an important entry point for identifying real design
problems [8]. Yang et al. argued that online reviews contain valuable information about
user experience and relational structures that can support product design and strategic
decision-making [8]. Qin et al. demonstrated that user feedback can be translated into
evidence for design improvement through review-driven pathways for product redesign
and innovation [9]. An et al. used BERTopic and deep clustering networks to extract
consumer intentions, related products, and their advantages and disadvantages from
reviews, providing a technical approach for deriving insights from reviews [10]. In an
automotive case, Liu et al. combined BERTopic with sentiment analysis to identify user
requirements, indicating that review data can support more fine-grained requirement
mining [11]. However, data-driven design often lacks a sufficient link between data analysis
and final design decision-making, making the translation of data evidence into design
knowledge a persistent challenge [12]. Related studies have also shown that deep learning
has been applied in product design practice to support analytical tasks and improve user
experience [13].

Extracting structured evidence for design optimization from reviews differs from
general sentiment classification [14]. Traditional sentiment analysis typically focuses on
coarse-grained polarity judgments and struggles to handle complex contextual phenom-
ena [15]. Aspect-based sentiment analysis has shifted research toward fine-grained opinion
extraction. However, its core tasks remain centered on aspect extraction and polarity
classification, making it less suited to constructing continuous variables for design op-
timization [16]. By contrast, Transformer-based large language models have stronger
contextual understanding and instruction-following capabilities, enabling them to pro-
cess multidimensional sentiment information [16]. Nevertheless, their performance on
complex aspect-level sentiment tasks is constrained by task structure and model bound-
aries; therefore, they cannot directly replace a stable, comparable framework for design
attribution [17]. For this study, the key task is to transform dispersed, colloquial, and im-
plicit experience expressions in user reviews into fixed-dimensional design representations,
thereby supporting subsequent satisfaction modeling and design interpretation [6,18].
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1.2. Research Gaps

Existing studies have made substantial progress in EV charging research, user review
mining, and data-driven design. However, these three research streams have not yet been
sufficiently integrated regarding home EV chargers as a specific product system [6,9,19].
First, existing studies have mainly examined charging facilities from the perspectives of
infrastructure distribution, market expansion, user behavior, and system scheduling [20].
At the same time, relatively limited attention has been paid to residential EV chargers as
product systems requiring design optimization. Second, although user review studies have
demonstrated their value in reconstructing user experience, extracting product features,
and generating design inspiration, most remain focused on topic identification, requirement
summarization, or innovation opportunity discovery. The process of transforming raw
review topics into design-dimension variables remains insufficiently developed [21]. Third,
although large language models and explainable machine learning have been applied to
related analytical tasks and the extraction of design guidance [16], an integrated framework
combining topic extraction and explainable machine learning remains lacking for residential
EV charger products [22]. In addition, existing data-driven design studies have largely
emphasized attribute-importance rankings, with limited attention to asymmetric predictive
patterns in which low attribute values are associated with pronounced penalties while high
values yield comparatively modest gains [23,24].

1.3. Research Objectives

Based on the above research gaps, this study addresses the following three re-
search questions:

RQ1: What core design dimensions can be identified from user reviews of home EV
chargers, and how can raw review topics be further transformed into analytical variables
for design research?

RQ2: Can stable predictive associations be established between semantic proxy vari-
ables for the design dimensions and platform-rated satisfaction, and do these associations
differ across design dimensions?

RQ3: How do different design dimensions differ in predictive importance, SHAP
attribution direction, and interval-specific association patterns, and how can these patterns
inform design optimization priorities for home EV chargers?

This study makes three contributions. First, it conceptualizes residential EV chargers as
household product systems and identifies the design dimensions shaping residential charging
experience [25]. Second, it develops a review-mining framework integrating BERTopic-based
topic identification, validated design-dimension consolidation, evidence-constrained aspect-
level coding, and machine learning prediction, thereby transforming unstructured reviews
into fixed-dimensional design variables with explicit validation [26,27]. Third, through model
comparison, SHAP interpretation, and robustness checks, it identifies design dimensions
consistently associated with platform-rated satisfaction and translates these associations
into product-level optimization priorities [28]. The findings provide evidence-informed
guidance for residential charger development, subject to the limitations of platform ratings
and single-platform data.

2. Research Framework and Methods
2.1. Research Framework

This study develops a research framework that integrates review collection and clean-
ing, BERTopic-based topic identification [22], manual consolidation of design dimensions,
large-language-model-based aspect-level continuous coding under structured prompt con-
straints, machine learning prediction, and SHAP-based interpretive analysis [29]. Specif-
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ically, user reviews of home EV chargers were first collected from the JD e-commerce
platform and then subjected to preliminary cleaning procedures, including duplicate re-
moval, noise reduction, and filtering for invalid text. BERTopic was then applied to the
review corpus to identify raw topics, which were manually consolidated into ten core
design dimensions. Within the predefined design-dimension framework, DeepSeek-V3.2
was used under structured prompt constraints to perform continuous aspect-level coding
for each review.

The aspect-level scores were represented as semantic proxy variables, while platform
star ratings were used as the prediction target for platform-rated satisfaction. For the
best-performing model, parameter tuning and early stopping were applied before examin-
ing nonlinear predictive associations between the design dimensions and platform-rated
satisfaction. Finally, SHAP was used to interpret the fitted model, describing the direction,
relative predictive importance, and response patterns of different design dimensions in the
satisfaction prediction task. Human validation, an absence-as-zero coding specification,
repeated train–test splits, and cross-model SHAP comparisons were used to assess coding
reliability, coding-specification sensitivity, partition stability, and ranking stability, respec-
tively. Prospect theory was used only as an interpretive lens for the observed asymmetric
predictive patterns [30].

The detailed workflow is shown in Figure 1.

Figure 1. Research framework and analytical workflow.

2.2. Data Sources and Compliance Statement

The review-level dataset was collected in March 2025 from publicly available reviews
of home EV chargers on JD.com, one of the major comprehensive e-commerce platforms in
China [31,32]. The unit of analysis was the individual review. The raw dataset contained
26,763 records; after removing empty texts, symbol-only entries, punctuation-only entries,
exact duplicates, and non-informative entries without identifiable use-related content,
23,893 valid reviews were retained.

This study focused on review-level design-related factors associated with satisfaction
outcomes rather than brand- or product-specific comparisons. Because product- or brand-
level metadata were not retained, product- or brand-level heterogeneity was not further
examined. The data were obtained from publicly accessible platform reviews, did not
involve the collection of private information or the identification of individual users, and
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were used only for academic research, design-problem diagnosis, pattern summarization,
and methodological analysis [33,34].

2.3. BERTopic-Based Topic Identification
2.3.1. Lightweight Text Cleaning

User reviews are typical short-text data characterized by fragmented expression, collo-
quial language, and substantial noise [35,36]. To reduce the interference from colloquial
expressions, fragmented terms, and character-level noise in topic identification, the original
review corpus was lightly preprocessed before BERTopic modeling [37]. First, a small
number of abnormally long reviews were truncated to 512 characters as an engineering
control to reduce the influence of extreme text length on tokenization and embedding con-
sistency [38,39]. Chinese word segmentation was then performed using a domain-specific
lexicon. Public Chinese stopword lists were further manually reviewed and supplemented
based on the review corpus to remove punctuation, common function words, semanti-
cally empty characters, and low-information terms unrelated to topic identification [40,41].
Finally, invalid terms with fewer than 2 characters, purely numerical entries, and blank
samples were eliminated. To ensure consistency in subsequent modeling, the row-wise
correspondence between the segmented texts and original reviews was retained during the
removal of invalid rows [38].

2.3.2. Text Embedding Representation

Traditional topic models such as LDA mainly rely on word-frequency co-occurrence
patterns and have limited capacity to capture semantic compression, synonymic variation,
and insufficient contextual information in short texts [37]. To improve the semantic rep-
resentation of user reviews, this study used a BERTopic-based embedding approach to
map review texts into a semantic vector space [42]. Specifically, the pretrained paraphrase-
multilingual-MiniLM-L12-v2 model from the sentence-transformers framework was used
to generate sentence-level vector representations of the review texts. The resulting embed-
dings were then fed into BERTopic for subsequent dimensionality reduction, clustering,
and topic generation [43].

Let d
′
i denote the i-th valid review. Its embedding representation is defined as follows:

ei = f
(

d
′
i

)
(1)

Here, f (·) denotes the text encoding function, and ei represents the semantic em-
bedding vector of the review. Compared with traditional bag-of-words representations,
this approach better preserves semantic relationships among reviews, allowing reviews
with different expressions but similar concerns to be appropriately grouped in the vector
space [44].

2.3.3. Dimensionality Reduction, Clustering, and Topic Generation

After obtaining the embedding vectors, UMAP was used to reduce the dimension-
ality of the high-dimensional embeddings, and the reduced representations were then
fed into HDBSCAN for density-based clustering [42,45]. UMAP is a topology-based non-
linear dimensionality reduction method that effectively preserves local neighborhood
structures, making it suitable for processing high-dimensional short-text data [46]. The
UMAP parameters were set as follows: n_neighbors = 5, n_components = 6, min_dist = 0.0,
metric = “cosine”, and random_state = 42.

After dimensionality reduction, HDBSCAN was used for clustering with the following
parameters: min_cluster_size = 60, min_samples = 3, and metric = “Euclidean”. This config-
uration helped limit the generation of overly small topic clusters while retaining the ability
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to identify noisy samples [47]. Based on these steps, BERTopic integrated precomputed em-
beddings, a vectorization model, UMAP-based dimensionality reduction, and HDBSCAN
clustering results to identify topics automatically. The parameter nr_topics = “auto” was
used, allowing the model to adjust the number of topics based on the clustering results [48].

After topic generation, class-based TF-IDF, namely c-TF-IDF, was used to represent
each topic [48,49]. It is calculated as follows:

Wt,c = t ft,c · log
(

1 +
A
t ft

)
(2)

where Wt,c denotes the weight of term t in topic c, t ft,c denotes the frequency of term t
within topic c, t ft denotes the total frequency of term t across all topics, and A denotes the
size of the overall corpus.

2.3.4. Manual Consolidation of BERTopic-Derived Topics

The BERTopic-derived topic clusters were consolidated into design-oriented dimen-
sions for subsequent aspect-level coding rather than being used directly as model inputs.
Two researchers independently assigned each valid topic to one design dimension. Inter-
coder reliability was assessed using percent agreement and Cohen’s κ. A third researcher
reviewed discrepant assignments and facilitated consensus resolution.

2.4. LLM-Based Aspect-Level Continuous Coding and Human Validation

Based on the ten design dimensions derived from topic identification and manual
consolidation, this study used DeepSeek-V3.2 under structured prompt constraints to
perform aspect-level continuous coding for each review [50]. Under the predefined design-
dimension framework, each review was mapped to a ten-dimensional continuous semantic
vector for subsequent structured modeling.

Given the requirements of Chinese short-text understanding, instruction following,
and structured output generation, this study used the DeepSeek API to perform continuous
aspect-level coding of review texts. The DeepSeek-V3 series has achieved scores of 86.1, 86.5,
90.9, and 64.8 on IF-Eval, C-Eval, CLUEWSC, and C-SimpleQA, respectively, indicating its
suitability for instruction-following and Chinese semantic-processing tasks [51]. Compared
with simple polarity labels, continuous representations can better preserve dimensional
differences in reviews and provide richer information for subsequent regression modeling
and nonlinear interpretation [52].

The LLM was guided by a structured prompt that specified the review input, task
constraints, design-dimension definitions, continuous scoring rules, and fixed-format out-
put requirements. Although LLMs can support text annotation and semantic coding, their
outputs require validation rather than being treated as ground-truth labels. Accordingly,
the LLM-generated scores in this study were used as semantic proxy variables, with ex-
plicit task definitions, constrained outputs, prompt transparency, output validation, and
comparison with human judgments [53]. Figure 2 illustrates the structured prompting
framework. Through this protocol, the model was constrained to perform coding within
predefined design-semantic boundaries [50].

Let R = {r1, r2, . . ., rN} denote the review corpus and A = {a1, a2, . . ., a10} the prede-
fined design dimensions. For each review ri, the prompting function P(·) embedded the
original text into a fixed task template. The LLM coding function f(·) then generated the
corresponding aspect-level vector:

xi = f (P(ri)) = [si1, si2, . . . , si10], sij ∈ [−1, 1]. (3)
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Here, sij denotes the semantic proxy score of review i for design dimension j. Its
sign represents evaluative direction, whereas its absolute value represents the intensity of
dimension-specific semantic evidence [54]. For each review, the continuous coding values
across the ten design dimensions were constrained within the interval [−1, 1].

The generated variables were treated as structured semantic proxy variables rather
than direct measurements of users’ latent attitudes [55].

 

Figure 2. Structured prompting framework for aspect-level continuous coding of design dimensions
using deepSeek.

In the primary coding scheme, explicit textual evidence supported medium- or high-
magnitude scores, whereas limited contextual cues were restricted to low-magnitude scores.
To test whether such values affected model interpretation, a matched absence-as-zero
matrix was constructed by assigning 0 to review–dimension units without explicit or
contextually inferable dimension-specific evidence. The alternative matrix used the same
samples, score range, CatBoost configuration, and test partition as the primary matrix and
served exclusively as a coding-specification sensitivity analysis.
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After processing, all reviews can be further represented as the following feature matrix:

X =


s11 s12 . . . s1,10

s21 s22 . . . s2,10
...

...
. . .

...
sN1 sN2 . . . sN,10

 ∈ RN×10 (4)

Each row of X corresponds to the coding result of a review, and each column cor-
responds to a fixed design dimension. Together, they constitute the input feature space
for the satisfaction prediction model. To ensure the machine readability of the coding
outputs, a fixed-field output format was specified, and programmatic validation was per-
formed [56]. If missing fields, out-of-range values, or format-parsing failures were detected,
retry procedures or exception-tolerant handling were triggered.

Human Validation of LLM-Generated Aspect-Level Scores

To evaluate the reliability of the LLM-generated aspect-level scores, a stratified subset
of 400 reviews was manually annotated, yielding 4000 review–dimension units. Each
unit was coded for evidence type, polarity, and semantic intensity. Units without valid
evidence or containing only neutral factual statements were assigned 0; contextual cues
were restricted to low-intensity scores, whereas explicit evidence could support the full
intensity range. Manual scores were mapped to the same [−1,1] scale as the LLM outputs,
with polarity assessed at the dimension level rather than inferred from the overall review
tone. Inter-coder reliability was evaluated using agreement rates, Cohen’s κ, weighted κ,
Pearson correlation, and mean absolute error.

2.5. Machine Learning Interpretation Models and Comparison Strategy

After obtaining the ten-dimensional semantic proxy scores for each review, platform
star ratings were used as the dependent variable for predicting platform-rated satisfac-
tion [57]. Platform ratings were introduced only after feature construction and were unavail-
able to both the LLM and human coders, thereby preventing direct target leakage. Because
review text and ratings originated from the same evaluative process, semantic overlap could
not be excluded; the matched absence-as-zero analysis therefore examined whether the
principal SHAP findings depended on weak values assigned to unmentioned dimensions.

Because conventional linear regression models are typically based on strict linearity
assumptions and may fail to capture complex nonlinear mappings and higher-order inter-
actions among variables, machine learning regression methods were used to analyze the
relationships between design dimensions and user satisfaction [58,59]. Rather than assum-
ing that any specific model would be optimal, this study compared seven models: linear
regression, support vector regression, decision tree regression, random forests, XGBoost,
LightGBM, and CatBoost. This comparison was conducted to identify the best-performing
method for the present research context more objectively [60].

To reduce the randomness introduced by a single train–test split, a repeated random-
splitting strategy was adopted for model comparison. The coefficient of determination (R2)
was used as the primary metric for evaluating overall model performance [61,62]. Here,
R2 measures the extent to which the model explains the variance in user ratings and is
calculated as follows [63]:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (5)

where yi denotes the observed rating, ŷi denotes the predicted rating, and ȳ denotes the
mean observed rating. R2 was used to measure the extent to which the model explained
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variance in the ratings, whereas MAE, MSE, and RMSE were used to evaluate prediction
errors. Pearson and Spearman correlation coefficients were also used to examine the
consistency between predicted and observed values [64,65]. The best-performing model
was ultimately selected based on the comprehensive comparison results.

Based on the subsequent comparison results, lightweight hyperparameter optimiza-
tion was further applied to the best-performing model to improve its generalization ability
and stability [66]. After model comparison using repeated random splitting, the dataset
was further split into fixed training and test sets at an 8:2 ratio. The training set was used
for model tuning and fitting, whereas the test set was used for final performance evaluation
and subsequent SHAP-based interpretive analysis. Hyperparameter optimization was
performed within a moderate search space covering key parameters: iterations = 100,
200, 300, and 500; learning_rate = 0.03, 0.05, 0.08, and 0.10; depth = 4, 6, 8, and 10; and
l2_leaf_reg = 1, 3, 5, and 7. RandomizedSearchCV with three-fold cross-validation was
used for the sampled search, with R2 as the primary comparison metric [67,68].

In addition, an early-stopping mechanism was introduced by splitting the training set
into a validation subset and using validation performance as the criterion for terminating
iterations. This strategy was used to reduce overfitting to local noise during later training
stages [69,70]. Finally, SHAP-based interpretive analysis was conducted on the model
selected and optimized using the procedures above.

As a supplementary robustness check, the selected feature matrix was further eval-
uated under repeated data partitions. Specifically, seven regression models were com-
pared across 20 repeated stratified train–test splits with different random seeds. For each
model, R2, MAE, RMSE, Pearson correlation, and Spearman correlation were reported as
mean ± standard deviation.

To examine whether the SHAP interpretation depended on the selected model spec-
ification, importance rankings were compared across five tree-based ensemble models:
CatBoost, XGBoost, LightGBM, random forests, and gradient boosting regression. Multiple
linear regression and support vector regression were excluded to maintain consistency
in tree-based SHAP estimation and feature-ranking comparability. Ranking stability was
evaluated using Top-5 frequency and Spearman rank correlation relative to CatBoost.

2.6. SHAP-Based Interpretive Analysis

To examine the attribution direction, magnitude, and relative predictive importance
of different design dimensions in the platform-rated satisfaction prediction model, this
study applied SHAP-based attribution analysis to the best-performing machine learning
model [71]. SHAP is a feature attribution method based on cooperative game theory.
Its core idea is to decompose the prediction for an individual sample into the sum of a
baseline output and the contributions of individual features within an additive explanation
framework [72], as follows:

g
(

x
′)

= ϕ0 +
M

∑
m=1

ϕmx
′
m (6)

where g
(

x
′
)

denotes the explanation model, ϕ0 denotes the model output under the

baseline condition, M denotes the number of input features, x
′
m denotes the m-th simplified

feature variable, and ϕm denotes the contribution of this feature to the model prediction [72].
The theoretical foundation of SHAP is derived from the Shapley value. This method
determines the final attribution value of a feature by evaluating its marginal contribution
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across different feature coalitions [73]. For a feature m, its Shapley value can be expressed
as follows:

ϕm( f , x) = ∑
S⊆F\{m}

|S|!(|F| − |S| − 1)!
|F|!

[
fS∪{m}

(
xS∪{m}

)
− fS(xS)

]
(7)

where F denotes the full set of features, S denotes an arbitrary subset of features that does
not include feature m, and |S| denotes the number of features in subset S [74]. fS(xS)

represents the expected model output when only the feature subset S is given. This method
provides the basis for identifying high-importance dimensions and potential nonlinear
attribution patterns. In this study, SHAP values were interpreted as model-based predictive
attributions under the constructed feature system, not as evidence of causal effects.

3. Results
3.1. Dataset Descriptive Analysis

To characterize the rating structure of the source corpus, Figure 3 reports the platform
ratings of all 26,763 records before text cleaning. Subsequent modeling used the 23,893 valid
reviews retained after cleaning. Among the 26,763 user reviews of residential EV chargers,
five-star reviews accounted for 81.02%, three-star reviews for 14.82%, one-star reviews
for 3.63%, two-star reviews for 0.40%, and four-star reviews for 0.13%. This rating pattern
is consistent with the self-selection effect commonly observed in online reviews, whereby
users with more salient or polarized experiences are more likely to post reviews [75]. There-
fore, this rating structure provides important contextual data for interpreting subsequent
prediction results and SHAP attribution patterns.

Figure 3. Distribution of platform ratings in the raw collected corpus (n = 26,763).

3.2. BERTopic-Derived Topics and Consolidation Reliability

After lightweight text cleaning, BERTopic was applied to the original review data to
identify raw topics. The results produced an initial topic structure that included an outlier
class. Excluding the outlier class −1, 16 valid clustered topics were identified, as detailed
in Table 1.

The 16 topics were mapped onto 10 design dimensions based on semantic coherence,
design-object specificity, dominant semantic orientation, and modeling operability. The
two independent coders agreed on 12 topics, yielding a percent agreement of 75.00% and a
Cohen’s κ of 0.72, indicating substantial inter-coder agreement. The remaining four topics
were reviewed by a third researcher and resolved through consensus discussion. Table 1
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presents the topic keywords, topic summaries, and corresponding design dimensions,
forming the basis for the subsequent ten-dimensional coding framework.

Table 1. Manual consolidation of BERTopic-derived topics into the ten design dimensions.

Topic Keywords Original Topic Summary Final Design Dimensions

Installation, Charging, Charging
station, Professional Installation implementation Installation Friendliness

Performance, Safety, Protection, Level Charging Performance and safety protection Charging Performance

Interface, Post-operation, Normal, Use Usage process and post-operation Operational Stability

Portability, Operation, Convenient, Handiness Operation and portability experience Operational Convenience and Portability

Use, Product, Mark, A period of time Sustained product use experience Perceived Product Quality

Awesome, Simple, Great, Huge Convenience and positive experience Operational Convenience and Portability

Portability, Carry, Trunk, Convenient Carrying and portability experience Operational Convenience and Portability

Rain, Rainproof, Waterproof, Rainy days Environmental protection adaptability Contextual Adaptability

Appearance design, Good-looking,
Appearance, Beautiful Aesthetic appearance Appearance Design

Integrated, Delivery and installation,
Worry-free, Xiaomi Integrated delivery– installation coordination Installation Friendliness

Password lock, Password, Number, Rotate Safety control and protection Safety and Reliability

Installation, End of the month, Effect, Install Installation result feedback Installation Friendliness

Signal, Mobile phone, Connection, Bluetooth Device connection and communication Smart Control and Connectivity

Remote, Control, Function, Convenient Remote control and intelligent operation Smart Control and Connectivity

Appearance design, Minimalist,
Attractive, Simple Minimalist styling and visual perception Appearance Design

Shopping, Experience, Dissuade, Deceive Shopping and service feedback After-sales Service

3.3. Construction and Validation of Aspect-Level Coding Variables

After the lightweight preprocessing for BERTopic modeling described in Section 2.3.1,
the original reviews were further cleaned to construct the modeling dataset. Empty texts,
symbol-only entries, punctuation-only entries, exact duplicate reviews, and meaningless
noise were removed, resulting in 23,893 valid reviews. Based on the predefined 10 design
dimensions, LLM-based aspect-level coding was performed to construct a 10-dimensional
structured feature matrix. A stratified human validation was conducted on 400 reviews.The
construction of the modeling dataset and the human validation sample are summarized
in Table 2.

The validation results indicate acceptable evidence-level reliability and positive LLM–
human convergence. Evidence identification achieved an agreement rate of 0.8758 and
Cohen’s κ = 0.6651, while dimension mention identification reached Cohen’s κ = 0.7546.
The LLM-generated scores were positively associated with the human reference scores
(Pearson r = 0.7438; MAE = 0.3850), and directional consistency reached 0.9300 among
non-neutral cases.

Table 2. Human inter-coder reliability and LLM–human score convergence.

Validation Focus Metric Value

Evidence identification Agreement rate/Cohen’s κ 0.8758/0.6651

Dimension mention identification Cohen’s κ 0.7546

Polarity and intensity reliability Weighted κ 0.5942/0.3775

Human reference-score consistency Pearson r/MAE 0.7712/0.2842

LLM–human score convergence Pearson r/MAE 0.7438/0.3850

LLM–human directional consistency Sign accuracy, all/non-neutral cases 0.7440/0.9300
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Under the absence-as-zero specification, 73.72% of the 238,930 review–dimension units
were classified as absent, 5.55% as implicitly evidenced, and 20.73% as explicitly evidenced.
Evidence-supported non-zero scores therefore accounted for 26.28% of all units and ranged
from 6.26% for Smart Control and Connectivity to 60.95% for Installation Friendliness. The
detailed distribution of evidence types and non-zero scores across the 10 design dimensions
is presented in Table 3. Overall, the results indicate acceptable reliability for evidence
identification and evaluative direction.

Table 3. Evidence coverage used for the presence-constrained sensitivity analysis.

Design Dimension Absent % Implicit % Explicit % Non-Zero %

Safety and Reliability 90.32 3.20 6.48 9.68

Charging Performance 74.63 2.98 22.39 25.37

Contextual Adaptability 88.43 7.56 4.01 11.57

Perceived Product Quality 71.23 12.61 16.16 28.77

Smart Control and Connectivity 93.74 1.83 4.43 6.26

Operational Convenience
and Portability 56.27 8.45 35.28 43.73

Appearance Design 77.73 2.68 19.60 22.27

Installation Friendliness 39.05 1.77 59.17 60.95

After-sales Service 66.44 1.15 32.41 33.56

Operational Stability 79.35 13.27 7.38 20.65

This evidence-constrained matrix was subsequently compared with the primary cod-
ing specification to assess whether low-magnitude scores assigned to weakly supported
dimensions materially affected the SHAP interpretation. Figure 4 shows the mean aspect-
level coding values across platform rating groups. Low-rating groups generally exhibit
negative values, whereas high-rating groups shift toward positive values, indicating direc-
tional consistency between the coded variables and platform-rated satisfaction.

Figure 4. Rating-stratified mean semantic proxy scores across the design dimensions.
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3.4. Comparison Results of Machine Learning Models

Table 4 presents the overall performance of the seven machine learning models in the
platform-rated satisfaction prediction task. CatBoost achieved the highest R2 (0.6429), the
lowest RMSE (0.6047), and the highest Pearson (0.8019) and Spearman (0.5894) correlations.
SVR achieved the lowest MAE (0.3263), indicating that no single model was optimal
across all metrics. Compared with XGBoost, LightGBM, random forests, and other models,
CatBoost showed a better balance among explanatory capacity, error control, and stability of
results. Therefore, CatBoost was selected as the base model for subsequent hyperparameter
optimization and SHAP-based interpretive analysis [76]. Because several ensemble models
showed similar performance, repeated-split and cross-model analyses were subsequently
conducted as robustness checks.

Table 4. Performance comparison of different machine learning models.

Model R2 MAE RMSE Pearson Spearman

CatBoost 0.6429 0.3532 0.6047 0.8019 0.5894
XGBoost 0.6383 0.3542 0.6086 0.7991 0.5876

RF 0.6034 0.3653 0.6373 0.7784 0.5776
LightGBM 0.6373 0.3504 0.6095 0.7985 0.5873

SVR 0.6001 0.3263 0.6399 0.7812 0.5456
MLR 0.6087 0.4382 0.6329 0.7804 0.5760
DTR 0.2721 0.3724 0.8633 0.6369 0.5337

3.5. Coding-Specification Sensitivity and SHAP Ranking Stability

As an auxiliary robustness validation procedure, this study evaluated the model’s pre-
dictive performance via 20 repeated stratified train-test splits. This analysis was intended
to assess whether the primary model selection was sensitive to a single data partition.
CatBoost showed stable performance across repeated splits, with R2 = 0.6425 ± 0.0078,
RMSE = 0.6022 ± 0.0065, and Pearson correlation = 0.8018 ± 0.0048. These results sup-
port the use of CatBoost for the primary SHAP analysis and indicate that approximately
35.75% of the rating variance remained unexplained.The robustness results are summarized
in Table 5.

Table 5. Cross-model stability of SHAP importance rankings.

Design Dimension Mean Rank Top-5 Frequency

Perceived Product Quality 1.0 5/5
Charging Performance 2.6 5/5
Operational Stability 2.8 5/5

Operational Convenience and Portability 3.6 5/5
After-sales Service 5.0 5/5

Contextual Adaptability 6.4 0/5
Installation Friendliness 6.6 0/5

Safety and Reliability 8.4 0/5
Smart Control and Connectivity 8.8 0/5

Appearance Design 9.8 0/5

Using the same CatBoost configuration and test set (n = 4779), the absence-as-zero
specification retained four of the five primary Top-5 dimensions. The highest-ranked dimen-
sions were Operational Convenience and Portability (21.66%), Perceived Product Quality
(17.40%), After-sales Service (13.84%), Charging Performance (12.91%), and Appearance
Design (11.98%). The overall directional SHAP pattern was preserved, but Operational
Stability decreased in rank, whereas Appearance Design increased. The comparison there-
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fore supports partial stability of the high-importance set rather than invariance of the
exact ranking.

Across the five ensemble models, Perceived Product Quality, Charging Performance,
Operational Stability, Operational Convenience and Portability, and After-sales Service
appeared in every Top-5. Within the robustness analysis, Spearman rank correlations with
the reference CatBoost ranking ranged from 0.9273 to 0.9758 (all p < 0.001).

The primary SHAP-based importance ranking was obtained from the final CatBoost
model reported in Figure 5. Cross-model comparison was subsequently conducted as
a supplementary robustness analysis to assess whether the set of highest-importance
dimensions remained consistent across alternative tree-based ensemble models. Charging
Performance, Operational Stability, Perceived Product Quality, Operational Convenience
and Portability, and After-sales Service consistently ranked among the Top-5 features across
all five models, indicating substantial model-level robustness of the principal importance
pattern. The consistency observed under the alternative absence-as-zero specification
further indicates that low-magnitude continuous coding did not compromise the robustness
of the principal findings, while preserving weak or implicit evaluative information that
would otherwise be lost under strict zero assignment.

Figure 5. Global SHAP importance ranking of design dimensions.

4. SHAP-Based Predictive Interpretation of Design Dimensions
4.1. Global Importance and Beeswarm Plot Analysis

The SHAP results showed substantial variation in the predictive importance of differ-
ent design dimensions in the CatBoost model. As shown in Figure 5, Charging Performance
had the highest mean absolute SHAP value, accounting for 20.99% of the total importance,
indicating that this dimension had the strongest overall contribution to the model predic-
tion. It was followed by Operational Stability (16.53%), Perceived Product Quality (15.87%),
and Operational Convenience and Portability (13.93%). These four dimensions were the
main coded features distinguishing between higher- and lower-rated predictions in the
primary CatBoost model.

By contrast, After-sales Service accounted for 8.92% of the total importance, still
showing a relatively stable explanatory role in the model. Installation Friendliness (6.14%),
Smart Control and Connectivity (5.08%), Contextual Adaptability (4.65%), Safety and
Reliability (4.43%), and Appearance Design (3.46%) showed relatively lower average
contributions. Overall, design dimensions directly related to the core use process showed
higher predictive importance. In contrast, appearance, smart connectivity, and several
extended dimensions made relatively limited average marginal contributions to satisfaction
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prediction. Accordingly, the subsequent interpretation focuses on dimensions that recur
within the high-importance set and on stable directional patterns, rather than on exact
ranks or percentage differences.

The SHAP beeswarm plot further reveals the effect directions and distributional
differences for each design dimension at the sample level [72]. As shown in Figure 6,
the feature points for Charging Performance, Operational Stability, Perceived Product
Quality, and Operational Convenience and Portability are more widely distributed along
the horizontal axis. Samples with higher feature values are more frequently located in
the positive SHAP region, whereas samples with lower feature values are more often
distributed in the negative SHAP region. These patterns indicate that these core dimensions
are major sources of variation in predicted satisfaction across samples.

Figure 6. SHAP beeswarm plot of design dimensions.

Among the analyzed dimensions, Charging Performance exhibits the broadest distri-
bution range, while Operational Stability and Perceived Product Quality similarly demon-
strate substantial dispersion. In contrast, Operational Convenience and Portability features
more distinct directional consistency. Nevertheless, local regions still present color inter-
mixture and overlapping between positive and negative SHAP values, which indicates that
the aforementioned relationships do not conform to strict linearity and possess a certain
degree of heterogeneity.

By contrast, After-sales Service and Installation Friendliness show more evident low-
value penalty patterns. In particular, After-sales Service exhibits the most pronounced tail
extension in the negative SHAP region, with some samples approaching −0.9. However,
the positive contributions of its high-value samples are mainly concentrated around 0 to 0.2,
indicating that this dimension primarily helps prevent a marked decline in predicted
satisfaction rather than continuously raising the upper bound of prediction. The remaining
point clouds are more concentrated around zero and show narrower overall dispersion.
Although Safety and Reliability had relatively low global importance, low feature values
still showed a limited negative extension.
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4.2. Dependence Plot Analysis

To further examine how model attribution varied across the value ranges of key
design dimensions, SHAP dependence plots were generated for the six highest-ranked
variables.The resulting dependence plots are presented in Figure 7. These plots were
used to describe interval-specific predictive association patterns, including threshold-
like transitions, convergence in high-value ranges, and low-value penalties. This section
primarily reports the model’s revealed dependency patterns.

Figure 7. SHAP dependence plots for key design dimensions.

Charging Performance and Operational Stability both exhibit nonlinear marginal
response patterns, characterized by a transition from negative to positive SHAP values
followed by gradual convergence. Specifically, for Charging Performance, SHAP values
increase most markedly within the range of approximately 0.40–0.70 and shift from nega-
tive to positive at around 0.45–0.50. When the feature value exceeds 0.70, the slope of the
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curve clearly decreases, suggesting that although positive contributions remain, marginal
gains begin to diminish. Operational Stability shows a similar pattern. Its SHAP values
cross zero at approximately 0.50, increase more rapidly within the range of approximately
0.30–0.60, and gradually converge after the feature value exceeds 0.60. This indicates that
the contribution of core performance-related dimensions to satisfaction prediction changes
most markedly around their basic threshold ranges. These findings suggest that Charging
Performance and Operational Stability exhibit clear basic-threshold characteristics: when
they fall below an acceptable level, they are more likely to generate negative SHAP contri-
butions; once they cross the basic threshold, their positive contributions begin to emerge
and then gradually converge.

By contrast, Perceived Product Quality, Operational Convenience and Portability more
clearly exhibit threshold activation and stage-like increases. Perceived Product Quality is
mainly associated with negative contributions in the low and medium-low value ranges.
However, its SHAP values continue to rise from the medium-low range, complete a key
transition in the 0.50–0.65 range, and become positive at approximately 0.55. Operational
Convenience and Portability change substantially within the range of 0.15–0.45 and cross
zero at approximately 0.38–0.42. This suggests that these two design dimensions, which
are directly related to perceived product maturity and operational experience, generally
need to reach a certain threshold before producing more stable positive contributions.

After-sales Service and Installation Friendliness are closer to support-oriented con-
straint variables. After-sales Service shows relatively strong negative contributions when
its value is below −0.20, shifts from negative to positive around zero, and then its marginal
contribution tends to level off. Installation Friendliness shows a relatively gradual increas-
ing trend, approaching or crossing zero at approximately 0.40–0.45, with a relatively narrow
overall range of variation. This indicates that the main role of support-oriented dimen-
sions is not to continuously raise the upper bound of predicted satisfaction, but to prevent
low-level performance from substantially dragging down overall satisfaction evaluations.

Taken together, the dependence plots suggest an asymmetric predictive structure
in which threshold-like transitions, diminishing marginal gains, and low-value penalties
coexist. Core use-related dimensions tended to generate more stable positive SHAP values
after crossing certain value ranges. In contrast, support-oriented dimensions, especially
installation and after-sales service, were more likely to produce negative predictive drag
when coded at low levels. These patterns provide a model-based basis for the subsequent
theoretical discussion.

5. Discussion
5.1. Theoretical Interpretation of Asymmetric Predictive Patterns

The SHAP results reported in Sections 4.1 and 4.2 did not show a simple linear accu-
mulation across all design dimensions. Instead, the attribution structure was characterized
by the dominance of core use-related dimensions, low-value penalties in support-oriented
dimensions, and diminishing incremental attributions at higher feature values [77]. This
study further adopts prospect theory as an explanatory lens to interpret these asymmetric
attribution patterns. Prospect theory is used here as an interpretive lens rather than as
a directly tested psychological model. According to this theory, evaluations depend on
reference points, and experiences below the reference point may be perceived as losses
with greater psychological weight than equivalent gains [78].

When applied to the present findings, this theory suggests that stable start-up, con-
tinuous charging, controllable installation, recoverable faults, and accessible after-sales
support can be considered basic reference conditions for evaluating residential EV chargers.
When these conditions are not satisfied, reviews and ratings are more likely to show nega-
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tive tendencies. Once core expectations are met, further improvements may still generate
positive contributions, but the additional gains tend to diminish. Charging Performance,
Operational Stability, Perceived Product Quality, and Operational Convenience and Porta-
bility constitute the main explanatory sources of differences in predicted user satisfaction.
This indicates that evaluations of residential EV chargers are primarily organized around
the use scenario of completing charging in a stable, smooth, and low-effort manner. Among
these dimensions, Charging Performance and Operational Stability are closer to basic
functional dimensions. In contrast, Perceived Product Quality, Operational Convenience
and Portability are more closely related to experience-enhancing dimensions.

It should be noted that although Safety and Reliability does not rank highly in global
importance, this does not imply a low design priority for safety [72]. For products such as
residential EV chargers, safety is more likely to function as a basic compliance requirement
and a bottom-line constraint. Its relatively low mean SHAP contribution may be related
to insufficient explicit expression of safety problems in the sample or limited variation in
safety-related features [79].

These findings are generally consistent with previous studies that used user reviews
and pretrained language models to identify key touchpoints in charging experiences.
Such studies similarly suggest that user evaluations are first organized around whether
charging is smooth, whether the equipment is reliable, and whether the use process is
low-friction [80–82]. The difference is that previous studies have mainly focused on service
diagnosis and understanding station operations in public charging contexts. In contrast, this
study applies review mining to the design interpretation of residential charging terminals,
focusing on how different design dimensions contribute to satisfaction in home charging
contexts [81,83,84].

On the other hand, the results do not support treating all design attributes as homo-
geneous sources of added value. Methodologically, this conclusion echoes the study by
Ullah et al., who used SHAP to explain charging-station choice behavior [85]. However,
the present study further extends explainable machine learning from the interpretation of
public charging choice behavior to the explanation of mechanisms underlying residential
design experience. It also complements the attribute-classification approach based on the
Kano model and the AHP adopted by Liu et al. [8]. Whereas that approach addresses the
ranking and classification of attribute importance, the present study characterizes interval-
specific attribution changes, asymmetric patterns, and nonlinear model responses of these
attributes across different value intervals and interprets them through prospect theory.

Notably, studies on residential and neighborhood contexts have shown that physical
space, electrical capacity, property management, and resident acceptance in multi-unit
housing are themselves important barriers to home charging deployment [86]. From this
perspective, the more pronounced negative attribution patterns associated with installation
and service in this study are not incidental but rather reflect the renewed importance of
these design dimensions in residential contexts.

In addition, this study complements existing charging research in terms of how the
research object is conceptualized. Existing reviews and systematic studies have long empha-
sized system-level issues such as infrastructure planning, scheduling control, and dynamic
pricing. This line of research is valuable for improving the operational efficiency of pub-
lic charging networks [87,88]. However, the present findings indicate that, in home-use
contexts, users continuously perceive whether product selection, installation, use, fault han-
dling, and after-sales recovery form a recoverable and predictable experience chain. This
point is consistent with recent research on residential charging and household energy sys-
tems. As home charging is integrated into community-level energy management, dynamic
electricity pricing, and smart charging schedules, the importance of design optimization
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does not decrease [89]; rather, it becomes more pronounced. This further requires charging
terminals to adopt a clearly prioritized and asymmetric allocation of design resources [90].

5.2. Design Optimization Strategies Derived from SHAP-Based Predictive Patterns

Based on the asymmetric predictive patterns identified in the preceding analysis,
the design optimization of residential electric vehicle chargers should follow a hierarchi-
cal intervention logic. First, manufacturers should prioritize the reliability of the core
charging system because low scores for charging initiation, connection continuity, and
output stability were associated with pronounced negative SHAP attributions. Second, it is
necessary to improve the consistency of perceived product quality and the convenience
of low-cost user operation in high-frequency interaction links, as minor user experience
defects will gradually accumulate over the long term in residential use scenarios. Third, in-
stallation adaptability and after-sales fault recovery capabilities should be integrated into
the pre-design phase of the product system, rather than being regarded as complementary
compensation for post-purchase services. The following strategies transform the empirical
findings derived from the proposed model into product-level design objectives.

5.2.1. Preventing Failure in the Core Charging Chain: Improving Stability and
Recovery Support

For optimization of the core use chain, the design focus should shift from merely
improving rated parameters to ensuring stable start-up, continuous connection, and recov-
erable faults. Start-up failures, connection interruptions, and unstable output can weaken
users’ perceptions of device reliability and process controllability. Therefore, vehicle-
recognition logic, connection-confirmation feedback, and start-up response procedures
should be optimized so that users can quickly determine whether the device has entered
an effective charging state after plugging in the connector.

At the structural level, optimization should focus on the connector-fitting structure,
cable-connection structure, interface contact components, and key durability components
to reduce looseness, poor contact, communication interruptions, and output fluctuations.
For abnormal interruptions, over-temperature protection, or communication failures, clear
feedback should be provided through the status display interface, fault-prompt logic, and
recovery guidance path, enabling users to identify the nature of the abnormality and
take actionable steps. In product development practice, these priorities can be translated
into prototype validation criteria such as start-up success rate, reconnection after inter-
ruption, connector engagement stability, output fluctuation control, and the clarity of
fault-recovery prompts.

5.2.2. Reducing Perceived Loss in High-Frequency Operations: Optimizing Quality
Consistency and Low-Effort Interaction

The strategic focus of high-frequency interaction optimization is to reduce the friction
that accumulates over time with repeated use. Once core functions reach an acceptable
level, experience optimization should shift toward reducing small but cumulative burdens
in daily use. The tactile qualities of housing materials, surface treatments, assembly seams,
and the consistency of structural integration are key entry points for enhancing perceived
product quality. These improvements can reduce detail-level problems that weaken product
credibility, such as loose housing, rough interfaces, stiff cables, and unstable brackets.

Meanwhile, status-light signals, icon recognition, prompt wording, and interface in-
formation hierarchy should be optimized so that users can accurately identify key states,
such as connection, charging, abnormality, and completion, even at night, under low il-
lumination, or from a distance. The grip angle of the charging connector, cable flexibility,
bracket position, storage path, and scheduled-charging procedure should also be opti-
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mized to reduce burdens such as bending, dragging, cable winding, repeated confirmation,
and multi-step navigation, thereby strengthening users’ sustained perception of product
maturity and usability [91]. For manufacturers, these findings can be operationalized
as usability-testing criteria, including one-handed connector operation, night-time state
recognition, reduced charging-task steps, convenient cable storage, and user recognition of
charging, completion, and abnormal states.

5.2.3. Front-Loading the Control of Installation and After-Sales Risks: Enhancing
Adaptability and Recoverability

For installation and support optimization, these elements should be moved from
post-purchase service remediation to an integral part of product system design. Installation
and after-sales support are usually not value-added attributes that users actively pursue,
but bottom-line conditions for whether the product can be successfully deployed and
continuously used. When installation conditions are unclear, construction boundaries are
ambiguous, or no fault-recovery path is available, users are more likely to perceive these
situations as loss events that fall short of their basic expectations [92].

Prior to installation, power supply conditions, spatial requirements, wiring approaches
and installation boundaries shall be explicitly confirmed, so as to mitigate issues including
infeasible installation after product delivery, mismatched construction conditions and
cost overruns. In terms of structural design, appropriate mounting holes, disassembly
boundaries, maintenance space and module accessibility shall be reserved to enhance
deployment compatibility and maintenance efficiency.

In after-sales and fault-recovery processes, abnormal-state prompts, fault-identification
explanations, recovery guidance, and after-sales contact entries should be strengthened to
help users quickly identify the source of the problem and obtain a clear resolution path [93].
For problems requiring manual intervention, clear response time limits and progress
feedback should be provided to reduce perceived losses during waiting, communication,
and the confirmation of responsibility. Only when installation, use, and maintenance
form a continuous, traceable, and recoverable support chain can users’ judgments of
product controllability and service credibility be supported, and the positive value of
core performance and interaction experience be reliably realized. The corresponding
design strategies are summarized in Table 6.In practice, manufacturers can incorporate
these priorities into pre-installation checklists, standardized mounting kits, fault-code
explanations, response-time commitments, and visible after-sales progress feedback.

Table 6. Product-level design optimization strategies derived from SHAP-based predictive associa-
tion patterns.

Strategic Track Related Dimensions and
Predictive Pattern Optimization Direction Key Design Targets and

Development Examples

Core charging-
chain stability optimization

Charging Performance and
Operational Stability; threshold-like

transition and low-value penalty

Ensure stable start-up and
connection continuity

Vehicle recognition; connection
confirmation; start-up response;

connector engagement; cable
connection; output-stability control;
prototype tests for start-up success
and reconnection after interruption

Fault recovery and
risk-response optimization

Charging Performance and
Operational Stability, with Safety

and Reliability as a baseline
constraint; low-value penalty

Strengthen fault
recovery support

Status display; fault-prompt logic;
overheating-protection feedback;
communication-failure recovery;

recovery guidance pathway;
fault-code differentiation and

abnormal-state feedback validation
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Table 6. Cont.

Strategic Track Related Dimensions and
Predictive Pattern Optimization Direction Key Design Targets and

Development Examples

Perceived-quality
consistency optimization

Perceived Product Quality;
threshold-like response and
diminishing marginal gain

Enhance consistency of
perceived quality

Housing tactility; surface finishing;
assembly joints; structural

integration consistency; material,
surface, assembly gap, and cable

durability specifications

Low-burden
interaction optimization

Operational Convenience and
Portability, supported by Smart

Control and Connectivity; reduction
in interactional friction

Improve information feedback
clarity and support

low-burden operation

Status lights; icon recognition;
interface hierarchy;

charging-connector grip angle; cable
flexibility; storage path;

scheduled-charging workflow;
usability tests for one-hand

operation and state recognition

Installation adaptation and
service-recovery optimization

Installation Friendliness and
After-sales Service; baseline

constraint and low-value penalty

Front-load installation
adaptation and service recovery

Power-supply and spatial
conditions; cable routing;
installation boundaries;

maintenance accessibility; fault
diagnosis; response timeliness;

pre-installation checklist,
standardized mounting kit, and

visible after-sales progress feedback

5.3. Limitations and Future Research Directions

This study has four main limitations. First, user reviews were collected from a single
e-commerce platform, and online reviews may be affected by self-selection bias because
users with more polarized experiences are more likely to post reviews. Therefore, the re-
sults should be interpreted as platform-specific evidence rather than as fully generalizable
conclusions for all home EV charger users [94]. Second, product- and brand-level meta-
data were not retained during data collection; therefore, heterogeneity across brands and
product models was not examined. Regional and installation-scenario variables were not
collected, limiting the assessment of context-specific variation [95]. The residual variance
indicates that the review-derived design variables did not fully capture platform-rated
satisfaction. Part of the unexplained variation may stem from product-, transaction-, and
installation-related factors not included in the current model, such as price, brand reputa-
tion, promotion, logistics, installation cost, product version, and local installation conditions.
Platform-specific rating behavior may also contribute to residual prediction errors. Third,
the aspect-level codes remain semantic proxies derived from review texts rather than direct
measures of users’ latent attitudes [96]. Although human validation supported their use in
downstream modeling, lower consistency in semantic-intensity coding indicates residual
uncertainty for implicit or weakly evidenced expressions. Fourth, the interpretation of the
asymmetric predictive patterns was informed by prospect theory and the observed SHAP
attribution structure, without direct measurement of users’ psychological reference points,
loss aversion, or risk perception. Therefore, the related interpretation should be understood
as an explanatory discussion based on patterned results rather than as a direct empirical
validation of prospect theory.

Future research can proceed in three directions. First, multi-platform and multi-
source review data can be introduced to examine whether the identified design priorities
remain stable across different markets and platform environments [97]. Second, product-
level, brand-level, and installation-scenario variables can be incorporated to improve the
control of contextual heterogeneity. Third, interviews and other qualitative methods can be
combined to examine how installation, maintenance, and use problems are mapped onto
design deficiencies, and to investigate changes in users’ risk perception, loss perception,
and sense of control during the use of residential EV chargers.
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6. Conclusions
To address the difficulty of quantifying user feedback and improving the design

of home EV charging devices, this study developed a data-driven design optimization
framework that integrates review mining and explainable machine learning. The study
generated 10 core design dimensions using BERTopic and manual consolidation [48],
introduced a large language model to generate continuous codes, and used platform
satisfaction ratings as proxy outcome variables. To strengthen the methodological reliability
of the framework, supplementary human validation, absence-as-zero evidence auditing,
repeated-split model evaluation, and cross-model SHAP ranking comparisons were added.

The results show that Charging Performance, Operational Stability, Perceived Product
Quality, and Operational Convenience and Portability are the core dimensions explaining
differences in satisfaction. These findings identify model-based design priorities rather
than causal effects. The predictive associations of different design dimensions exhibit clear
interval-specific differences and nonlinear characteristics. Interpreted through the lens of
prospect theory, the results suggest that design optimization for residential EV chargers
should prioritize avoiding touchpoints that users are likely to perceive as critical losses,
such as charging failure, uncontrollable installation, unrecoverable faults, and inaccessible
after-sales support. This study transforms large-scale review feedback into structured
evidence that can be used in design research, providing a context-sensitive quantitative
basis for the iteration and functional improvement of residential EV charging devices [98].
It also identifies optimization pathways to improve the home-use EV experience and related
service systems at the system level.
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