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ABSTRACT The feasibility assessment of art entrepreneurship projects requires effective integration
of multi-source heterogeneous data, while traditional methods rely heavily on subjective judgment and
simplified indicators, leading to biased evaluation results. This paper proposes a data-driven multimodal
evaluation model integrating Transformer architectures. The model incorporates project business plans,
artwork images, market performance data such as funding amounts and page views, and social media
sentiment. A text Transformer extracts innovation and market potential features from business-plan text,
a visual Transformer encodes style and visual appeal from artwork images, and a time-series network
models dynamic funding and traffic trends. A multimodal Transformer is then used to fuse the four types
of features and output a comprehensive feasibility score. Experimental results show that art NFT projects
evaluated by the model achieve high scores in innovation, market potential, artistic value, and financial
feasibility, with a financial feasibility score of 0.91 and a public attention score of 0.85. By contrast,
the public art project receives lower scores across all indicators, including a financial feasibility score of
0.47. The results indicate that the model can effectively integrate heterogeneous project information and
provide quantitative decision support for art entrepreneurship feasibility evaluation.

INDEX TERMS art entrepreneurship, feasibility evaluation, multimodal fusion, transformer model,
market analysis

I. INTRODUCTION

ART entrepreneurship projects have shown a rapid
growth trend in recent years, with the integration

of cultural and creative industries with digital technology
promoting their diversified development, a shift mirrored
in the industry’s increasing adoption of digital design and
sustainable technology to foster creative and diverse product
lines. With the emergence of new art entrepreneurship
models, project feasibility evaluation has become a core
issue of concern to academia and practitioners [1,2]. Ex-
isting evaluation methods mainly rely on a single data
source or subjective judgment of experts, and are unable
to integrate multiple sources of information such as project
text information, visual features of artworks, market data,
and social public opinion, which leads to one-sided and
lagging evaluation results [3,4]. Traditional methods have
difficulty quantifying the relationship between artistic inno-
vation and market potential, lack of systematic processing
and unified modeling of complex features, and lack of
sufficient data support for decision-making [5,6]. In the face
of high uncertainty and multi-dimensional features of the
art entrepreneurship environment, accurate, comprehensive,
and dynamic evaluation methods have become a necessary

condition for improving the project implementation rate and
the scientific nature of investment decisions [7].

Academic research on the feasibility evaluation of art
entrepreneurship projects has accumulated a certain amount
of experience, with researchers mainly focusing on text
analysis, market data statistics, and expert questionnaire
evaluation. The construction of an innovation ecosystem has
become a key path to promote entrepreneurial activities. The
university innovation ecosystem strategic model proposed
by Yakovleva et al. [8] revealed the core role of higher
education institutions in incubating creative projects. Within
this framework, Silvestro et al. [9] further analyzed the
interaction mechanism between incubators and multiple
entities in the innovation ecosystem, emphasizing the impact
of resource integration on the incubation of entrepreneurial
projects. Li [10] focused on key technology breakthrough
scenarios, explored the construction path of the innovation
ecosystem, and provided theoretical support for high-risk
entrepreneurial projects. It was worth noting that Angrisani
et al. [11] incorporated university participation and en-
trepreneurial activities into the perspective of open innova-
tion and proposed a transformation model from “ecosystem
to community”, which laid the foundation for the collective
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collaboration mechanism of art entrepreneurship. With the
in-depth application of AI (Artificial Intelligence) technol-
ogy in art innovation, Namaayande et al. [12] used an
adaptive neuro-fuzzy inference system to model the digital
art industry ecosystem, demonstrating the advantages of
intelligent algorithms in analyzing the complexity of artistic
creation. Gaitán-Angulo et al. [13] verified the effectiveness
of neural networks in evaluating the efficiency of cultural in-
novation based on the case of the Latin American art market.
Lewandowska et al. [14] pointed out through bibliometrics
that the innovative competitiveness of art SMEs in the
context of Industry 5.0 needs to rely on data-driven methods.
Sharafi’s [15] empirical investigation of the UAE innovation
ecosystem revealed the impact of regional cultural features
on the art entrepreneurship model. This finding provided
an important reference for cross-cultural art entrepreneur-
ship research. The current research frontier was reflected
in Chen’s [16] technical exploration of applying artificial
intelligence systems to innovation and entrepreneurship
evaluation, and Roundy et al.‘s [17] content analysis of the
AI art entrepreneurship ecosystem. The latter particularly
emphasized the importance of multimodal data fusion in art
innovation evaluation. However, existing research has not
yet solved the problem of multi-source heterogeneous data
integration unique to art entrepreneurship: the collaborative
analysis of business plan texts, visual art works, market
dynamics, and social emotions still lacks a systematic frame-
work. This is also the theoretical breakthrough point for
this paper to construct a cross-modal Transformer evaluation
model.

At the business model innovation level, Widayanti et al.
[18] explored the business model innovation mechanism
driven by artificial intelligence technology, and the intel-
ligent iteration framework they proposed provided practical
guidance for the commercialization of art entrepreneurial
projects. Bickley et al. [19] focused on sustainable en-
trepreneurship scenarios, systematically analyzed the en-
abling role of artificial intelligence and big data technology
in green art entrepreneurship, and emphasized the value
of data-driven decision-making for the sustainable develop-
ment of art projects. Saura et al. [20] integrated behavioral
economics and artificial intelligence perspectives to update
the entrepreneurial management framework, and especially
pointed out the importance of cognitive bias correction
for optimizing the decision-making of art entrepreneurs.
Chalmers et al. [21], starting from the background of the
Fourth Industrial Revolution, deeply analyzed the transfor-
mative impact of artificial intelligence on entrepreneurial
activities, and proposed a risk creation theory that provided
a new perspective for understanding the high-risk features
of digital art entrepreneurship. Although existing research
has established a theoretical basis for artificial intelligence
to empower entrepreneurship, it has not yet built a special
intelligent evaluation framework for the cross-modal fea-
tures of art entrepreneurship, which is the core problem
to be solved in this study. The research design includes a

dual extreme test set of cultural policy conflict projects and
market abnormal fluctuation projects [22]. Through stress
tests of high cultural risk creation and sudden public opinion
crises, the model’s evaluation robustness in complex art
entrepreneurship scenarios is empirically tested to ensure
the effectiveness of the evaluation system in dealing with
real-world uncertainties.

This paper proposes a multimodal feature evaluation
model integrating Transformer to address the challenge of
integrating multi-source heterogeneous data in the feasibility
assessment of art entrepreneurship projects. It also provides
a solution for the industry’s need to integrate diverse input
data, such as design aesthetics and technological sustainabil-
ity indicators, in project evaluation. The evaluation frame-
work constructed in this paper achieves end-to-end mod-
eling and quantitative integration of multimodal features,
providing comprehensive, data-driven evaluation indicators
for project feasibility assessment, thereby improving the
scientific rigor and accuracy of decision-making. The ulti-
mate goal of this research is to provide systematic technical
support for investment decisions, incubation evaluation, and
strategic planning of art entrepreneurship projects, estab-
lishing a comprehensive data analysis process to achieve
quantitative, comprehensive, and dynamic management of
art entrepreneurship project feasibility assessment.

II. FEASIBILITY FEATURE MODELING
A. BUSINESS PLAN SEMANTIC EXTRACTION
To quantitatively extract the innovation, business model, and
market potential of art entrepreneurship business plans, the
raw text data is first preprocessed [23,24]. This preprocess-
ing includes text cleaning, sentence and word segmentation,
and the removal of stop words and low-frequency words.
The processed text is then input into a Transformer-based
encoding model, using the BERT (Bidirectional Encoder
Representations from Transformers) model with a hidden
layer dimension of 768 and a maximum input sequence
length of 512. The model uses a self-attention mechanism
to model the contextual semantics of each word, capturing
long-range dependencies and generating a vector represen-
tation for each word.

The overall semantic feature vector of the text sequence
is represented by the output vector corresponding to the
[CLS] tag, which also has a dimension of 768. During
the model training phase, a cross-entropy loss function is
used to classify and optimize the text labels, learning the
core semantic patterns in the business plan. The model is
fine-tuned using the AdamW optimizer, with a learning rate
of 2e-5, a training batch of 16, and a total of 5 training
rounds. Through a multi-layer attention mechanism, the
model automatically identifies key descriptions of project
innovation, business model differences, and potential market
opportunities in the text, thereby converting unstructured
text into quantifiable feature vectors [25]. After feature ex-
traction, the business plan text of each project is represented
as a vector T ∈ R768. To further improve the effectiveness
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of features in downstream feasibility evaluation, feature
normalization is applied, that is, L2 normalization is applied
to the text feature vectors to ensure scale consistency, as
shown in Formula 1:

T̂ =
T

∥T∥2
(1)

This operation ensures that the text vectors of different
projects are compared at a unified scale, avoiding feature
deviations caused by differences in text length or description
style. On this basis, the text features are connected to the
subsequent multimodal feature fusion module to realize the
direct contribution of business plan semantic information
in the overall feasibility evaluation.This operation projects
the text feature vectors of all projects onto a unit sphere
through L2 normalization, eliminating feature bias caused
by differences in text length or descriptive style, and provid-
ing a consistent scale benchmark for subsequent multimodal
feature fusion.

To enhance the model’s understanding of art industry
terminology, an additional domain vocabulary containing
approximately 5,000 words related to art entrepreneurship
is constructed. This vocabulary is expanded using word
embeddings to enhance the recognition rate and feature
extraction accuracy of industry terminology. Furthermore,
for long paragraphs and complex sentences, a segmented
encoding strategy is used. Texts with more than 512 words
are split along sentence boundaries, and vectors are gener-
ated for each segment. Finally, a weighted average is used to
aggregate the results to produce the overall semantic vector
for the project. This strategy preserves key information in
long texts while avoiding information loss caused by model
truncation.

Figure 1 shows the distribution of art entrepreneurship
project text features in the original high-dimensional space
and after dimensionality reduction. The horizontal axis of
Figure 1(a) represents the feature dimension, and the vertical
axis represents the index of different projects. The color
depth corresponds to the size of the eigenvalue, which
allows to observe the numerical differences and correlation
structure of different projects in the feature dimension,
with redder colors indicating larger eigenvalues. Figure
1(b) shows the results of principal component analysis,
with the first principal component on the horizontal axis
and the second principal component on the vertical axis.
They explain approximately 3.6% and 3.4% of the variance,
respectively. The scatter plots represent the projection posi-
tions of different projects. The scatter plot distribution shows
a certain clustering trend among the projects in the two-
dimensional space, indicating a potential grouping structure
in the text features.

The core features of the business plan text are represented
in a high-dimensional vectorized representation, which can
be used for downstream multimodal feature fusion and
feasibility score calculation. This method not only quantifies
the innovation and market potential of text but also ensures

that features are comparable across projects, addressing
the subjectivity and information bias inherent in manual
evaluation.

B. VISUAL ANALYSIS OF ARTWORKS
To quantify the visual features of artworks in art en-
trepreneurship projects, the images provided by the projects
are preprocessed to ensure input data consistency. This
preprocessing step includes resizing the images to 224×224
pixels, normalizing the channels to RGB, and normalizing
the pixel values to [0, 1]. The Vision Transformer (ViT) is
used to encode image features. This model consists of a 12-
layer encoder, each with 12 self-attention heads and a hidden
layer dimension of 768. The image is first divided into
16×16 nonoverlapping patches. Each patch is flattened into
a vector and mapped to a 768-dimensional feature space,
preserving spatial information through positional encoding.
Each patch vector is fed into a Transformer encoder, where
it is processed through multiple layers of self-attention and a
feedforward network to generate the final patch embedding.
By taking the [CLS] tag output of all image blocks as
the overall image representation, a high-dimensional visual
feature vector V ∈ R768 is obtained, which carries the style,
color structure, and composition information of the work
[26]. To improve the model’s ability to recognize artistic
style and creative elements, a multi-scale enhancement strat-
egy is applied. Image inputs ViT with different scaling ratios
are generated based on the original image. After encoding
them separately, the final feature vector is generated by
weighted averaging, as shown in Formula 2:

V̂ =

n∑
i=1

wiVi,

n∑
i=1

wi = 1 (2)

n represents the number of scaling ratios, and wi rep-
resents the weight coefficient of the corresponding scaling.
This method ensures that the model can capture the details
and overall style of the work at different resolutions and
enhance the integrity of the feature expression. During the
training phase, the ViT model is fine-tuned to enhance
the sensitivity of visual features to artistic innovation and
audience appeal. The finetuning dataset consists of public
artwork images and their corresponding audience feedback
scores. The mean squared error (MSE) loss function is used
to optimize the vector representation so that the output
feature vector reflects the differences in innovation and
appeal of the works [27,28]. The optimizer selected is
AdamW, with a learning rate of 1e-4, a batch size of 32,
and 10 training epochs. After feature extraction, the vectors
are subjected to L2 regularization to ensure that features
across projects are comparable at a consistent scale. This
process results in a high-dimensional vector representation
of the visual features of the artworks, which can be directly
fed into the subsequent multimodal feature fusion module to
quantify the contribution of image information to the overall
project feasibility evaluation.
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FIGURE 1. Distribution and dimensionality reduction visualization of art entrepreneurship project text features: (a) Text feature matrix
heatmap; (b) PCA (principal component analysis) dimensionality reduction projection

FIGURE 2. Visual feature clustering and attractiveness distribution of art entrepreneurship projects: (a) t-SNE style clustering; (b)
Attractiveness rating distribution

Figure 2 shows the clustering of visual features of art
entrepreneurship projects after multi-scale feature fusion and
their audience attractiveness distribution. The horizontal and
vertical axes of Figure 2(a) are the

projections of the first and second dimensions after t-
Distributed Stochastic Neighbor Embedding (t-SNE) dimen-
sionality reduction, respectively. The scattered dots rep-
resent the visual features of different projects, and the
colors correspond to six artistic styles: abstract, realistic,
digital art, mixed media, impressionism, and minimalism.
The distinct clustering of projects across different styles
demonstrates that the multi-scale weighted fusion of visual
features effectively distinguishes different styles. Figure 2(b)
shows the project style categories on the horizontal axis and
the attractiveness ratings simulated by the primary visual
feature values on the vertical axis. The boxplots reveal
the differences in attractiveness among projects of different
styles. The scores for impressionism and minimalism are
concentrated in the higher range, while the scores for
abstract-style projects are relatively low.

To ensure the reliability and objectivity of the “artistic
value” label, this study invited 12 experts in the field
of art to form an evaluation panel, including 5 museum
curators, 4 contemporary art critics, and 3 university visual
arts professors. All experts had more than 10 years of
professional or teaching experience and received standard-
ized scoring training before the project started. The Delphi
method was used for three rounds of anonymous scoring and

feedback iterations, ultimately achieving intra-group consis-
tency (Krippendorff’s α = 0.82) on the three dimensions of
“innovation,” “technical completion,” and “aesthetic appeal.”
Each expert independently scored each artwork according to
a defined scoring scale (0–100 points), and the final label
was averaged and normalized to the [0,1] interval, serving
as a supervisory signal for training the ViT model.

C. STRUCTURAL PROCESSING OF MARKET DATA
1) Normalization of Financing Amount and Traffic
To quantitatively analyze the market performance and finan-
cial feasibility of art entrepreneurial projects, the financing
amount and traffic data of the projects are first standardized
[29]. The original data includes the financing amount (in
CNY 10,000) and the platform visits or transaction volume
(in daily average visits). For the financing amount data, the
logarithmic normalization method is used to map the data
to the interval [0,1], as shown in Formula 3:

Fi =
log(1 + fi)− log(1 + fmin)

log(1 + fmax)− log(1 + fmin)
(3)

fi represents the financing amount of the i-th project;
fmin and fmax are the minimum and maximum values in the
dataset, respectively; Fi is the normalized financing feature.
Similarly, the traffic data is standardized using Z-score, as
shown in Formula 4:

Li =
li − µl

σl
(4)
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li is the daily average traffic of project i; µl and σl are
the mean and standard deviation of the dataset, respectively;
Li is the standardized traffic feature. Through the above
normalization and standardization processing, the financing
amount and traffic data remain comparable in value, elimi-
nating the interference of magnitude differences on feature
fusion.

Figure 3 illustrates the dynamic performance of art en-
trepreneurship projects in the market. In Figure 3(a), the
horizontal axis represents months (a total of 24 months),
and the vertical axis represents financing amount (unit:
10,000 CNY). The curve corresponds to the financing trend
of five randomly selected projects, and the black dashed
line represents the average financing level for all projects.
Financing varies significantly across projects. Projects 1 and
2 have higher financing amounts in different months, with an
overall downward trend observed in the 9th, 10th, and 20th
months. In Figure 3(b), the horizontal axis represents nor-
malized financing amount, and the vertical axis represents
standardized traffic. The scatter plots show the relationship

between financing and traffic for all 100 projects. The red
fitted line shows a significant positive correlation (r≈0.808),
indicating that projects with larger financing amounts are
generally associated with higher market attention and traf-
fic performance. This is closely related to the correlation
between financial support and market potential in the feasi-
bility evaluation of art entrepreneurship projects.

2) Time Series Encoding and Feature Integration
When quantifying market performance, the dynamic
changes in financing and traffic data over time are consid-
ered. To capture trends and fluctuations, a time series encod-
ing method is used to model the data. Each project’s financ-
ing and traffic records for the past 24 months are arranged by
month to form a time series vector Xi = [x1, x2, . . . , x12] .
A one-dimensional convolutional neural network (1D-CNN)
combined with a long short-term memory (LSTM) network
is used to extract dynamic features from this time series data.
The 1D-CNN layer uses a convolution kernel size of 3 and
64 output channels to capture trend patterns within a local
time window. The LSTM layer uses 128 hidden units and
24 time steps to model long-term dependencies and seasonal
fluctuations. The network output is the market dynamic
feature vector Mi ∈ R128 , which effectively reflects the
changes in project financing and traffic over time.Time-
series data (such as monthly funding amounts and traffic) are
not input into the Visual Transformer (ViT), but are instead
encoded separately using a one-dimensional convolutional
neural network (1D-CNN) and a long short-term memory
network (LSTM). ViT is only used to process images of
artworks. The time-series data is input into the 1D-CNN-
LSTM architecture as raw one-dimensional vectors, without
needing to be converted into images. The normalized financ-
ing feature Fi, the standardized flow feature Li, and the time
series dynamic feature Mi are concatenated at the feature
level to form a unified market feature vector, as shown in

Formula 5:

Si = [Fi, Li,Mi] ∈ R130 (5)

The vector Si is then L2-normalized to ensure that the
feature scales of different projects are consistent, facilitating
subsequent fusion with text and image features. This pro-
cessing flow achieves a quantitative representation of market
data, solving the problems of information discreteness and
lack of dynamics in traditional manual evaluation, and
providing structured and standardized market feature input
for multimodal unified modeling.

D. SOCIAL PUBLIC OPINION SENTIMENT ANALYSIS
To quantify the public attention and reputation of art
entrepreneurship projects, social media comments, forum
discussions, and related online public opinion texts are used
as input data sources. First, the original text is preprocessed
for standardization, including removing special characters,
HTML (HyperText Markup Language) tags, and repeated
content, and the text is segmented into sentences and words.
After preprocessing, the text is fed into a Multi-Modal
Transformer. This model processes both text and associ-
ated multimodal information, such as user avatar images,
emoticons, or attached image content, to jointly encode
sentiment and audience attention features. The text part uses
an embedding dimension of 512, and the image embedding
dimension is 256. The position encoding maintains the
original sequence order information. The model encoding
layer has 8 layers, and each layer contains 8 self-attention
heads.

The text and image information are fused through a mul-
timodal attention mechanism, enabling the model to capture
the relationship between the sentiment of the comment
content and the visual expression of emotion. Specifically.
The overall social sentiment feature vector for the project
is obtained by weighted averaging of all comment vectors
E ∈ R512 . The weights are adjusted based on the number
of likes, shares, and time decay factors of the comments to
highlight the contribution of high-impact information in the
feature representation.

The multimodal feature vector E is further subjected
to sentiment analysis, and the model is trained using a
multi-classification cross entropy loss function to distinguish
positive, negative, and neutral emotions, and the sentiment
score vector Se = [spos, sneg, sneu] is output. At the same
time, the public attention index A is calculated, which is
defined as the weighted average of comment interactions,
as shown in Formula 6:

A =

∑n
j=1(lj + rj + cj) · ∥ej∥2∑n

j=1(lj + rj + cj)
(6)

lj , rj , and cj are the number of likes, forwarding,
and comments, respectively; ej is the multimodal attention
vector; n is the total number of comments.
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FIGURE 3. Market dynamics analysis: (a) Financing trend analysis; (b) Financing-traffic correlation

Finally, the sentiment vector Se is concatenated with the
public attention vector A and L2 normalized to produce the
standardized social sentiment feature vector E ∈ R512 ,
which can be directly input into the subsequent multimodal
feature fusion module.

Figure 4(a) is a stacked bar chart, with the X-axis
representing the project ID (20 projects) and the Y-axis
representing the sentiment ratio for each project, including
positive, negative, and neutral sentiment. Most projects have
a high proportion of positive sentiment, while negative
and neutral sentiment ratios are relatively small, indicating
that the public generally has a positive evaluation of these
projects. Figure 4(b) :the scatter plots show a positive
correlation, indicating that projects with higher positive
sentiment generally attract more public attention.

E. MULTIMODAL FEATURE FUSION
1) Cross-modal Unified Encoding
To comprehensively evaluate the feasibility of art en-
trepreneurship projects, it is necessary to unify the business
plan text features T̂ , the artwork visual features Ṽ , the
market data features S, and the social media sentiment
features Ê. First, all kinds of feature vectors are mapped
to the same dimension d = 512 through a linear projection
layer to form an input vector sequence, as shown in Formula
7:

X = [WT T̂ ,WV Ṽ ,WSS,WEÊ] (7)

WT , WV , WS , WE ∈ R512×dm are the mapping matrices
of each modality, and dm is the original vector dimension,
m ∈ {T, V, S,E}. Through linear mapping, the features of
different modalities are placed in a unified vector space,
eliminating the influence of dimensional differences on the
fusion effect. Subsequently, the mapped vector sequence
is input into the cross-modal Transformer encoder. The
encoder consists of 6 layers of self-attention modules, and
each layer contains 8 attention heads. The hidden layer
dimension is 512, and

the feedforward network dimension is 2048. Through the
multi-head self-attention mechanism, the model captures the
interaction between different modalities and automatically

identifies the feature combination that contributes most
to the feasibility of the project. Each modality vector is
weighted according to the attention weight in the interaction,
thereby realizing dynamic integration of information.

Cross-modal fusion employs a standard multi-head self-
attention mechanism, rather than simple concatenation.
Specifically, features from each modality are linearly pro-
jected to a unified dimension and then concatenated into
a sequence of length 4 (one token per modality), with
learnable modality type embeddings added to distinguish the
sources. This sequence is input into a 6-layer Transformer
encoder, where each layer dynamically calculates inter-
modal correlation weights through self-attention to achieve
feature interaction. For example, if a project text emphasizes
“community engagement” but social media sentiment is
negative, the model can reduce the text modality weights
through the attention mechanism. The final output of the
4 tokens is then pooled using [CLS] to generate a fusion
vector. This mechanism allows the model to adaptively
adjust modal contributions based on context, outperforming
static concatenation or weighted averaging. A learnable
[CLS] marker is added before the input sequence, forming
a sequence of length 5. After processing the complete
sequence, the cross-modal Transformer encoder extracts the
output vector corresponding to the [CLS] position as the
fused representation.

2) Comprehensive Feasibility Vector Generation
The sequence vector output by the cross-modal Transformer
is extracted through weighted average pooling or [CLS]
tag extraction to generate the final comprehensive project
feasibility vector F ∈ R512 [30]. To ensure comparability
between different projects, L2 normalization is performed
on F .

The monitoring signal for the feasibility score came from
the comprehensive score of the expert evaluation panel.
We invited 15 experts in the field of art entrepreneurship
(including 5 heads of art investment institutions, 6 directors
of art institutions, and 4 entrepreneurial research scholars)
to form an evaluation committee. The experts independently
scored the projects (0-100 points) across five dimensions—
innovation, market potential, artistic value, financial fea-
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FIGURE 4. Analysis of sentiment and public attention: (a) Sentiment polarity distribution; (b) Relationship between public attention
and positive sentiment

sibility, and public attention—using a three-round Delphi
method. The final comprehensive feasibility score was gen-
erated by a weighted average (weights of 0.25, 0.25, 0.20,
0.20, and 0.10, respectively). Inter-expert consistency was
verified using Krippendorff’s α coefficient (α=0.85). The
evaluation set and training set were scored by different ex-
pert panels; the training set used scores from 8 experts, and
the test set used scores from 7 experts, ensuring the fairness
of the evaluation. During the training phase, the compre-
hensive vector F can be used as the input for downstream
feasibility score prediction. The mean squared error (MSE)
loss function is used to optimize the labeled feasibility
score. The model training uses the AdamW optimizer with
a learning rate of 1e-4, a batch size of 16, and 10 training
rounds. During the training process, through the multimodal
interactive attention mechanism, the model automatically
adjusts the weight of each modality in the comprehensive
evaluation to ensure that high-contribution features have
greater influence while reducing the interference of low-
relevant features.

Figure 5(a) shows the cross-modal similarity matrix. The
results show that the text and sentiment features have a high
similarity (0.87), while the market and sentiment features
have a weak correlation (0.51), indicating significant dif-
ferences in association between different modalities. The
fusion model needs to focus on strengthening the interaction
of weakly correlated modalities.

The modal similarity in Figure 5(a) is calculated using
cosine similarity. The similarity matrix is obtained by aver-
aging the similarities of 100 validation items, reflecting the
strength of semantic association between modalities.

The modal contribution distribution in Figure 5(b) is
calculated using gradient-weighted class activation mapping,
specifically the gradient magnitude of each modal feature
on the final feasibility prediction. The distribution width
represents the variance of the modality’s contribution across
different projects; a narrow distribution indicates stable
contribution, while a wide distribution indicates signifi-
cant differences in contribution. The figure shows that the
contribution distributions of the text and visual modalities
are relatively concentrated (variances of 0.04 and 0.05,
respectively), indicating stable contributions across different
projects; while the distributions of the market and senti-
ment modalities are more dispersed (variances of 0.12 and
0.15, respectively), indicating that their contributions vary

depending on project characteristics.

A. INNOVATION SCORES
The innovation score measures the uniqueness of art en-
trepreneurship projects in terms of creative content and
business models. This metric is based on the textual features
of business plans. A multi-layer Transformer extracts key
information from project descriptions regarding creativity,
differentiation, and technological innovation. The text is

III. COMPREHENSIVE FEASIBILITY EVALUATION
The experimental dataset used in this study contains multi-
source heterogeneous information on art entrepreneurship 

projects, including text, images, market data, and social 

media sentiment data. Text data comes from 1200 project 

business plans; 100 projects, which simultaneously possess 

text, images, market data, and social media data, were used 

for the main experimental analysis; the remaining 1100 

projects were used only for single-modal pre-training and 

feature extraction. The dataset covers various categories 

such as art e-commerce, digital art platforms, and cre-
ative exhibitions, with text lengths ranging from 200 to 

3000 characters. Image data contains 3500 photographs of 

project artworks, all at a uniform resolution of 224×224 

pixels, covering various styles and media types. Market 

data includes funding and traffic information, recording the 

project’s cash flow and visitor trends over the past 12 months 

of 2024. Social media sentiment data comes from Weibo,
WeChat official accounts, and art-related forums, containing 

approximately 500,000 comments and interactions, ranging 

in length from 10 to 300 characters, as well as user inter-
action data such as likes and reposts. The missing rates for 

each modality are: text 0%, images 5%, market data 8%,
and social media data 15%. Social media data collection 

strictly adheres to the API terms of use and privacy policies 

of each platform. We obtain publicly available comment 

data from Weibo and WeChat official accounts through 

official APIs, and forum data is obtained only from publicly 

accessible art communities that permit data crawling. All 

personally identifiable information (including usernames,
avatars, and personal profiles) is anonymized, with hash 

mappings replacing the original identifiers. Text content is 

de-identified, removing sensitive information such as phone 

numbers, ID card numbers, and addresses.

first semantically embedded. The innovative points and
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FIGURE 5. Cross-modal feature interaction analysis: (a) Modal similarity matrix; (b) Modal contribution distribution

core business model are then identified. The frequency and
semantic uniqueness of key terms are then calculated. A
trained classifier is then used to quantify the degree of
innovation. The scoring process considers industry averages
and historical case studies to ensure that the project’s inno-
vation is comparable across similar projects. The output is a
normalized score for subsequent multimodal fusion.Figure
6 shows the innovation score from the expertvalidated text
Transformer model output. This model was pre-trained on
1200 business plans, using expert innovation scores (0-100
points) obtained based on a three-round Delphi method as
supervision.

Figure 6(a) shows the innovation scores of eight art
entrepreneurship-related industries, including the three di-
mensions of text innovation, business model innovation,
and technology innovation. The horizontal axis represents
industry category, and the vertical axis represents the inno-
vation score. Among them, art NFTs (Non-Fungible Tokens)
and digital art platforms score high in text and technology
innovation, while public art and creative exhibitions score
relatively low. Figure 6(b) shows that the innovation scores
of the 100 projects generally follow a normal distribution,
with a mean of around 75 and a predominantly high range
between 60 and 90. This indicates that the overall innovation
level remains in the medium-to-high range, but there is a
significant gap between leading and trailing projects.

B. MARKET POTENTIAL INDEX
The market potential index is used to evaluate a project’s
future development potential and market competitiveness.
This metric quantifies market demand trends and funding
support based on project financing, traffic data, and time
series encoding features. Historical financing and traffic
data are first normalized, and then, trend features are ex-
tracted using 1D-CNN and LSTM, reflecting the project’s
growth potential and audience size. Combining industry
average data and competitor performance, a project’s market
potential is graded. This metric helps investors and en-
trepreneurship teams understand the project’s development
prospects in their target market. Figure 7 shows the Market
Potential Index generated by a time-series model, based on
three dimensions: financing amount, traffic growth rate, and
market saturation.

Figure 7 shows the market potential index trends of eight
art-related industries. The horizontal axis represents the
year, and the vertical axis represents the market potential
index (0-100), with each line corresponding to an industry
category. The market potential indexes for art NFTs and
digital art platforms remain consistently high, reaching 96
and 95, respectively, in 2024, demonstrating rapid growth
and strong market appeal in these sectors. The indexes for
art technology and art education are relatively low, reaching
80 and 78, respectively, in 2024, indicating relatively slow
market development. Art e-commerce, creative exhibitions,
and traditional art innovation perform moderately, with
indexes fluctuating around 85. The overall trend reflects that
emerging digital art and technology-driven industries lead
in market potential, while traditional and education-related
industries, while robust, have limited growth potential.

C. ART VALUE SCORING
The art value scoring measures a project’s performance in
terms of artistic style, creative quality, and audience appeal.
This metric is based on visual feature vectors, encoding
the artwork image using the Vision Transformer to capture
the composition, color, style, and innovative elements of
the work. After batch encoding multiple works, the artistic
value is quantified based on industry professional evaluation
and user feedback. The scoring process includes aggregat-
ing stylistic features, calculating innovation, and evaluating
audience appeal. The resulting score reflects the project’s
competitive advantage in terms of artistic creativity. Figure
8 shows the art value score derived from the fusion of visual
transformer and expert evaluation.

Figure 8 shows the comprehensive artistic value of dif-
ferent art styles across the three dimensions of innovation,
technical level, and aesthetic value, as well as a comparison
of professional evaluation and audience appeal. The radar
chart in Figure 8(a) shows significant differences in the
performance of different art styles in terms of innovation,
technical level, and aesthetic value. Digital art leads the pack
in all three indicators (innovation 95, technical level 90,
and aesthetic value 93), demonstrating its comprehensive
advantages within contemporary art. Minimalism, on the
other hand, scores relatively low overall (innovation 70,
technical level 78, and aesthetic value 80), indicating limi-
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FIGURE 6. Innovation score analysis: (a) Comparison of innovation scores across industries; (b) Distribution of project innovation
scores

FIGURE 7. Market potential index trends over time

FIGURE 8. Artistic style value analysis: (a) Radar chart of multidimensional value of different artistic styles; (b) Horizontal comparison
of professional evaluation and audience appeal

tations in its evaluation of artistic value. Figure 8(b) further
compares professional evaluation and audience preference.
The overall trend is basically consistent, but there are also
some differences. For example, the professional evaluation
of abstract art is 90, and the audience preference is 88,
which shows that it is highly recognized by the academic
community and the public; while the professional evaluation

(82) and audience preference (80) of mixed media are
both at a medium level, indicating that its acceptance is
relatively limited. It is worth noting that digital art not only
receives the highest score of 95 in professional evaluation,
but also has an audience preference of 92, reflecting the
high degree of fit between the academic and market levels.
This to a certain extent shows that digital art has significant
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development potential in the future art value system.

D. PUBLIC ATTENTION INDEX
The public attention index is used to measure the influence
of a project on social media and online public opinion. This
indicator uses a multimodal Transformer to analyze social
media comments, forwarding volume, and interaction data,
uniformly encodes text sentiment, emoticons, and attached
image information, and extracts audience attention features.
The scoring steps include calculating the weighted values of
high-influence comments, analyzing the sentiment tenden-
cies of comments, counting the amount of interaction, and
forming standardized indicators through normalization. This
index reflects the visibility and word-of-mouth performance
of the project in public cognition, providing data support
for the comprehensive feasibility score. The public attention
index in Table 1 is calculated based on the analysis results
of social media data using a multimodal Transformer model,
combined with the number of comments, sentiment scores,
shares, and likes.

TABLE 1. Public attention index

Project Name Social Media Comments Average Sentiment Score Shares Likes Public Attention Index

Art E-commerce 1237 0.78 462 1493 0.81
Digital Art Platform 968 0.84 533 1310 0.79
Creative Exhibitions 782 0.71 307 894 0.67
Art Education 649 0.66 215 802 0.62
Art NFT 1123 0.87 612 1587 0.85
Public Art 503 0.61 179 458 0.56
Art Technology 895 0.83 407 1297 0.77
Traditional Art Innovation 612 0.69 223 698 0.63

Table 1 provides a quantitative comparison of public
attention to different art projects. Public attention is mea-
sured by the number of comments, average sentiment score,
number of shares, number of likes, and a comprehensive
attention index, which measures the project’s influence on
social media. Art NFTs performed

best across all indicators, with a public attention index of
0.85, indicating high visibility and positive feedback. Public
art-related indicators were relatively low, with an attention
index of 0.56, reflecting limited online dissemination and
audience reach. Art e-commerce platforms and digital art
platforms performed relatively stably, with attention indices
of 0.81 and 0.79, respectively. Overall, Table 1 clearly
reflects the differences in social media interaction and
sentiment among different projects, providing a quantitative
basis for multimodal feasibility assessment.

E. FINANCIAL FEASIBILITY SCORE
The financial feasibility score evaluates a project’s financial
support capacity and resource security. This metric quanti-
fies a project’s funding status through time series coding,
based on the amount of funding raised, the composition
of investors, and funding growth trends. The scoring pro-
cess includes normalizing the amount of funding raised,
analyzing funding flow trends, and comparing it to market
averages. The feasibility is then graded and quantified based

on the project’s funding needs and industry funding stan-
dards. The output is a standardized score, which integrates
multimodal features to ensure that funding resources are
fully reflected in the project feasibility evaluation. The
financial feasibility scores in Table 2 are generated by a
time-series model based on funding amount, number of
investors, and annual growth rate.

TABLE 2. Financial feasibility score

Project Name Funding Amount (10K CNY) Number of Investors Annual Funding Growth Rate Standardized Funding Score

Art E-commerce 1523.4 5 0.118 0.77
Digital Art Platform 1987.6 6 0.179 0.85
Creative Exhibitions 814.2 3 0.097 0.61
Art Education 602.5 2 0.082 0.54
Art NFT 2210.8 7 0.243 0.91
Public Art 498.7 2 0.053 0.47
Art Technology 1795.3 5 0.149 0.79
Traditional Art Innovation 713.6 3 0.088 0.56

Table 2 shows the financing scale, number of investors,
annual growth rate, and standardized score for various art-
related projects, reflecting the industry’s attractiveness and
potential for capital investment. Art NFT projects perform
the best, with a total financing amount of 22.108 million
CNY, seven investors, an annual growth rate of 0.243, and a
corresponding standardized score of 0.91. This demonstrates
that their capital activity and growth potential in emerging
markets are both higher than other sectors. Digital art
platforms

also exhibit strong competitiveness, with financing of
19.876 million CNY, an annual growth rate of 0.179,
and a score of 0.85, demonstrating their advantages in
the digitalization of the industry. In contrast, public art
financing amounts to only 4.987 million CNY, an annual
growth rate of 0.053, and a standardized score of only 0.47,
significantly lagging behind other sectors and reflecting the
limited attention this sector receives in the capital market.
The data in Table 2 reveals the significant advantages of
the emerging digital art industry in attracting capital, while
traditional and public art face challenges in financing and
growth momentum. In addition to art NFTs and public art,
the model was also tested on six other categories of art-
related entrepreneurial projects, including art e-commerce,
digital art platforms, creative exhibitions, art education,
art technology, and traditional art innovation. The results
showed that digitally driven projects (such as art technology
and digital platforms) generally received higher feasibility
scores, while education and traditional innovation projects
were in the middle. This gradient distribution indicates
that the model can not only distinguish extreme cases but
also provide differentiated assessments across a continuous
spectrum, preliminarily validating its applicability in diverse
art sectors.

IV. CONCLUSION
This paper proposes a Transformer-based multimodal as-
sessment model for evaluating the feasibility of art-related
entrepreneurial projects. The model integrates business plan
text, art images, market data, and social media sentiment
information, achieving cross-modal feature fusion through
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text Transformer, visual Transformer, time series analysis,
and multimodal Transformer to generate a comprehensive
feasibility assessment result. Experiments show that the
model can effectively measure a project’s innovativeness,
market potential, artistic value, and public attention, provid-
ing quantitative support for investment and incubation. This
method is more suitable for art entrepreneurial projects with
highly digital characteristics, such as NFT platforms and
digital art e-commerce. Public art projects, whose value is
largely reflected in dimensions that are difficult to quantify,
such as community participation and cultural impact, tend
to receive lower scores, reflecting limitations of the data
and model rather than their social value. Future research
will incorporate qualitative surveys and geospatial data to
improve the model’s applicability to non-digital projects.

AUTHOR CONTRIBUTIONS
Bo Xu designed, collected and analyzed the data, and
drafted the manuscript. Bo Xu conducted the study, critically
revised the manuscript for important intellectual content,
and gave final approval of the version to be published. Bo
Xu participated fully in the work, take public responsibility
for appropriate portions of the content, and agreed to be
accountable for all aspects of the work in ensuring that
questions related to the accuracy or integrity of any part
of the work are appropriately investigated and resolved.

CONFLICTS OF INTEREST
The author declares no conflict of interest.

FUNDING
This research was funded by Innovation and Practice of
Entrepreneurship and Employment Guidance for Art Major
Students under the background of Coordination between
Schools and Enterprises.

ACKNOWLEDGEMENTS
Not applicable.

REFERENCES
[1] A. Callander and M. E. Cummings, “Liminal spaces: A review of the

art in entrepreneurship and the entrepreneurship in art,” Small Business
Economics, vol. 57, no. 2, pp. 739-754, 2021, doi: 10.1007/s11187-020-
00421-0.

[2] J. Shao and D. Wu, “Evaluation on algorithms and models for multi-
modal information fusion and evaluation in new media art and film and
television cultural creation,” Journal of Computational Methods in Science
and Engineering, vol. 24, no. 4-5, pp. 3173-3189, 2024.

[3] A. L. Ávila, E. Davel, and S. R. Elias, “Emotion in entrepreneurship
education: Passion in Artistic entrepreneurship practice,” Entrepreneur-
ship Education and Pedagogy, vol. 6, no. 3, pp. 502-533, 2023, doi:
10.1177/25151274221143147.

[4] D. V. Holm and T. Beyes, “How art becomes organization: Reimagining
aesthetics, sites and politics of entrepreneurship,” Organization Studies,
vol. 43, no. 2, pp. 227-245, 2022, doi: 10.1177/0170840621998571.

[5] J. Hanson, “Best practices for mentoring in arts entrepreneurship educa-
tion: Findings from a delphi study,” Entrepreneurship Education and Ped-
agogy, vol. 4, no. 2, pp. 119-142, 2021, doi: 10.1177/2515127420964120.

[6] R. C. F. Júnior, C. P. Lima, R. B. Viani, et al., “The relationship between
innovation ecosystem and bioeconomy: A bibliometric review,” Interna-
tional Journal of Innovation, vol. 13, no. 2, pp. 1-26, 2025.

[7] T. P. Haidegger, P. Galambos, J. K. Tar, et al., “Strategies and Outcomes
of Building a Successful University Research and Innovation Ecosystem,”
Acta Polytechnica Hungarica, vol. 21, no. 10, pp. 13-35, 2024, doi:
10.12700/APH.21.10.2024.10.2.

[8] E. N. Yakovleva and N. A. Kamenskih, “Strategic Model of the Uni-
versity’s Innovation Ecosystem,” Vestnik Gosudarstvenno-gumanitarno-
tekhnologicheskogo universiteta, no. 2, pp. 71-77, 2021.

[9] A. R. Silvestro, G. P. de Matos, D. J. C. da Silva, et al., “An analysis on the
interactions between actors of the innovation ecosystem and incubators,”
International Journal of Scientific Management and Tourism, vol. 10, no.
3, pp. e949-e949, 2024, doi: 10.55905/ijsmtv10n3-032.

[10] S. Li, “Research on the Construction of Innovation Ecosystem for Key
Core Technologies Breakthrough,” Academic Journal of Business & Man-
agement, vol. 4, no. 13, pp. 38-45, 2022.

[11] M. Angrisani, D. Dell’Anno, and T. Hockaday, “From ecosystem to
community. Combining entrepreneurship and university engagement in
an open innovation perspective,” International Journal of Technology
Management, vol. 88, no. 1, pp. 71-92, 2022.

[12] P. Namaayande and B. Zarei, “Modeling the Communication Technology
Industry’s Innovation Ecosystem using an Adaptive Neuro Fuzzy Infer-
ence System,” Journal of System Management, vol. 7, no. 4, pp. 69-92,
2021.

[13] M. Gaitán-Angulo, M. I. Gómez-Caicedo, A. Quintero, et al., “Innovation
and efficiency in Latin American countries: a study of the impact and
applied evolution of neural networks,” International Journal of Revenue
Management, vol. 13, no. 4, pp. 257-280, 2023.

[14] A. Lewandowska, J. Berniak-Woźny, and N. Ahmad, “Competitiveness
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[20] J. R. Saura and R. Bužinskienė, “Behavioral economics, artificial intel-
ligence and entrepreneurship: an updated framework for management,”
International Entrepreneurship and Management Journal, vol. 21, no. 1,
pp. 1-33, 2025.

[21] D. Chalmers, N. G. MacKenzie, and S. Carter, “Artificial intelligence and
entrepreneurship: Implications for venture creation in the fourth industrial
revolution,” Entrepreneurship Theory and Practice, vol. 45, no. 5, pp.
1028-1053, 2021, doi: 10.1177/1042258720934581.

[22] T. Byrkovych, Z. Denysiuk, L. Gaievska, et al., “State policy of cultural
and art projects funding as a factor in the stability of state development
in the conditions of globalization,” Economic Affairs, vol. 68, no. 1s, pp.
199-211, 2023.

[23] D. Hao, “Hierarchical Analysis and Graph Attention Network for University
Students’ Innovation and Entrepreneurship Learning Platform,” Informatica,
vol. 48, no. 19, pp. 145-158, 2024, doi: 10.31449/inf.v48i19.6545.

[24] S. Wang, “The relationship between economic growth and carbon emis-
sions based on the combination of graph neural network and wavelet
transform,” Energy Informatics, vol. 8, no. 1, pp. 1-23, 2025.

[25] A. Benghalem, A. S. Bennihi, and M. Benbouziane, “Artificial Intelligence
and Entrepreneurship: A Comprehensive Bibliometric and Text Mining
Analysis of Global Research Trends,” les cahiers du mecas, vol. 21, no.
1, pp. 1-17, 2025.

[26] C. Troise, C. Ben-Hafaïedh, M. Tani, et al., “Guest editorial: new technolo-
gies and entrepreneurship: exploring entrepreneurial behavior in the digital

VOL. 15, NO. 3, AUGUST 2026 4980



B. Xu

transformation era,” International Journal of Entrepreneurial Behavior &
Research, vol. 28, no. 5, pp. 1129-1137, 2022.

[27] Z. Huang and G. Liu, “Prediction model of college students entrepreneur-
ship ability based on artificial intelligence and fuzzy logic model,” Journal
of Intelligent & Fuzzy Systems, vol. 40, no. 2, pp. 2541-2552, 2021, doi:
10.3233/JIFS-189247.

[28] F. Bertoni, S. Bonini, V. Capizzi, et al., “Digitization in the market for
entrepreneurial finance: Innovative business models and new financing
channels,” Entrepreneurship Theory and Practice, vol. 46, no. 5, pp. 1120-
1135, 2022, doi: 10.1177/10422587211038480.

[29] B. B. Gupta, A. Gaurav, and P. K. Panigrahi, “Analysis of the develop-
ment of sustainable entrepreneurship practices through knowledge and
smart innovative based education system,” International Entrepreneur-
ship and Management Journal, vol. 19, no. 2, pp. 923-940, 2023, doi:
10.1007/s11365-023-00853-6.

[30] D. K. Kanbach, L. Heiduk, G. Blueher, et al., “The GenAI is out of the
bottle: generative artificial intelligence from a business model innovation
perspective,” Review of Managerial Science, vol. 18, no. 4, pp. 1189-1220,
2024, doi: 10.1007/s11846-023-00696-z.

VOL. 15, NO. 3, AUGUST 20264981


