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How to price a dataset: a deep learning framework
for data monetization with alternative data
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In the context of the digital economy, data is regarded as a critical production factor, and its

pricing is essential for promoting the circulation of data assets, ensuring transaction fairness,

and driving data sharing and economic development. In this study, an intelligent data pricing

model is proposed, which integrates traditional numerical features with non-traditional tex-

tual information to improve pricing accuracy. Traditional pricing models often fail to fully

capture the complete value of data assets, particularly by overlooking alternative data such as

functional descriptions or textual metadata associated with the data. To address this issue,

this paper develops a deep learning pricing framework that leverages the light gradient

boosting machine (LGBM) and bidirectional encoder representations from transformers

(BERT) for textual analysis, significantly improving pricing precision. Experimental results

demonstrate that the proposed model achieves lower prediction errors across various

training-test ratios, reducing pricing errors by 63.5% compared to traditional models. These

findings validate the important role of non-traditional data in enhancing the accuracy of data

asset pricing. Consequently, this study enhances the effectiveness of data valuation and

underscores the value of alternative data sources in data pricing. It further highlights the

potential benefits of incorporating additional data sources and deep learning techniques to

enhance the performance of pricing models in future research.
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Introduction

In the rapidly evolving landscape of the digital economy, data
has emerged as a new production factor, often referred to as
the oil of the 21st century (Veldkamp, 2023). With the swift

advancements in the internet and big data technologies, the
collection, storage, processing, and analysis of data have become
unprecedentedly efficient and accessible. This has enabled the
extensive application and realization of data’s value across various
fields. From corporate market analysis to governmental public
policy formulation, from personal health management to social
science research, data plays an increasingly pivotal role. Accurate
pricing not only facilitates the circulation of data assets but also
ensures fair and transparent transactions between data providers
and users. Moreover, a reasonable data pricing mechanism is
crucial for the successful implementation of data-sharing and
open data initiatives, helping to unlock the social value of data
and fostering innovation and economic development. Conse-
quently, the challenge of how to price data assets reasonably has
become both urgent and complex.

Currently, scholars have conducted extensive research on data
asset pricing models from various perspectives, proposing a range
of different pricing models such as game theory-based pricing,
auction-based pricing, information entropy-based pricing, and
data feature-based pricing models (Jun et al. 2023a). X. Zhang
et al. (2023) developed a game theory model to achieve data asset
pricing and further explored the impact of data monetization on
inter-firm competition. Yu and Zhang (2017) established a bi-
level programming valuation model that incorporates data qual-
ity. To address the limitations of single pricing models in fully
capturing the overall patterns of data asset prices. Jun et al.
(2023b) proposed a novel integrated data asset pricing frame-
work. This model effectively integrates pricing results by gen-
erating ten machine learning pricing models and introducing a
ranked pruning average strategy. Abbasi et al. (2023) introduced a
blockchain-based industrial data trading system that ensures the
security and transparency of data transactions, offering advan-
tages over traditional systems. Mehta et al. (2021) introduced the
concept of ideal records and developed a utility framework to
determine appropriate pricing strategies for both data buyers and
sellers. A tractable model was established, successfully leveraging
its unique structure to obtain optimal and near-optimal data sales
mechanisms.

However, despite substantial empirical evidence and stylized
facts verifying the significant impact of data quality, accuracy, and
timeliness on data pricing, existing data asset pricing models have
yet to consider alternative data such as functional descriptions of
data. Incorporating alternative data, such as textual information,
in addition to conventional features, may be an effective solution
for describing data characteristics and enhancing the accuracy of
data pricing (Gao et al. 2020). Alternative data can provide a
more comprehensive analytical perspective, aiding businesses and
investors in making more informed decisions (Liu et al. 2023).
The applicability of alternative data has already been demon-
strated in various disciplines, including financial markets (Lehrer
et al. 2021; Sheng et al. 2024). Despite its promising potential, the
application of alternative data in data asset pricing remains at a
relatively early stage.

Our research further explores the untapped potential of alter-
native data by introducing functional descriptions and other
textual data to enhance the effectiveness of pricing models.
Advanced machine learning algorithms, specifically LGBM, were
employed to develop an efficient and accurate data asset pricing
model. This improved pricing method can assist data enterprises
and data brokers in conducting rapid and efficient data asset
pricing, thereby ensuring the rationality and transparency of data
asset transactions. Additionally, the BERT text analysis algorithm

was introduced to effectively extract, interpret, and integrate
textual information. A set of machine learning algorithms was
utilized to train and learn the data pricing model using multi-
modal data. Ablation experiments were designed using the con-
trolled variable method to validate the pricing effectiveness of
the model.

The potential contributions of this study are threefold. Firstly, a
novel data asset pricing framework is proposed, in which textual
and numerical features are jointly exploited to enhance the
model’s ability to capture diverse pricing determinants. Empirical
results demonstrate its superior predictive performance over
baseline models, with the LGBM-based implementation achieving
a mean squared error (MSE) as low as 0.9941. This confirms the
framework’s superiority in capturing pricing-relevant patterns
that traditional numerical features fail to represent. Secondly,
alternative textual attributes, particularly functional descriptions,
are integrated into the pricing model. When encoded via BERT
and fused with numerical inputs, these features significantly
improve prediction accuracy, as verified through ablation
experiments and scenario-based analyses. This underscores the
unique value signals embedded in unstructured textual data.
Thirdly, a scenario-based approach is introduced to estimate
feature importance by combining SHAP attribution and rank-
based exclusion. Results show that high-value features (e.g., data
descriptions and size) are crucial for accuracy, while certain low-
value features may introduce noise. This method provides
actionable guidance for feature selection and data valuation in
practice by quantifying the marginal utility of individual
attributes.

The structure of this paper is organized as follows: Section
“Literature review” provides a literature review covering data
pricing models, alternative data, and data value measurement.
Section “Methods” presents a detailed introduction to the pro-
posed pricing framework. Section “Experimental evaluation”
outlines the experimental setup and evaluation process. Section
“Result” analyzes the experimental results. Section “Scenario-
based data value estimation” delves into the value analysis of
driving factors. Finally, the section “Conclusion” offers the con-
clusion and future outlook of the study.

Literature review
Our research primarily pertains to the monetization of data
commodities or assets, with a focus on three intertwined themes:
data pricing methodologies, the use of alternative data in financial
valuation, and data value analysis techniques. Accordingly, each
of these aspects will now be reviewed in detail.

Data pricing. With the advent of the information age, research in
data asset pricing has gradually emerged, yet it remains relatively
underdeveloped (M. Zhang et al. 2023). Early studies primarily
focused on the refinement of traditional asset pricing theories,
attempting to apply existing financial asset pricing models to data
assets (Anand and Jha, 2022; Gu et al. 2021). As data economics
and business intelligence have advanced, increasing attention has
been directed toward the distinctive value assessment and pricing
methods specific to data (Xu et al. 2022).

Currently, data pricing methods can be categorized into two
main types: economic theory-based and computational
intelligence-based approaches (Jun et al. 2023a). Relevant studies
have systematically reviewed existing data pricing methodologies,
with detailed information provided in the literature (Jun et al.
2023a). Economic theory-based methods include cost-based
pricing, consumer perceived value pricing, supply and demand-
based pricing, differential pricing, dynamic pricing, game theory-
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based pricing, and auction pricing (Henry et al. 2023; Liang and
Yuan, 2021; Mumbower and Garrow, 2014; Yu and Zhang, 2017).
Gneezy et al. (2014) posited that data quality is correlated with
price. Such studies often classify data quality based on different
dimensions. For example, Yang et al. (2019) and Yu and Zhang
(2017) assessed data quality, constructed consumer utility
functions, and priced data based on consumer utility and
inherent value. Game theory-based pricing methods focus on
the decision-making processes and equilibrium issues arising
from the direct interactions between data providers and data
consumers (Xiao et al. 2021). Commonly used approaches
include non-cooperative games (Nguyen Cong et al. 2016) and
Stackelberg games (Liu et al. 2019). Auctions, as a significant
application of incomplete information games, are frequently
employed in data pricing, such as double auctions and sealed-bid
auctions (Cao et al. 2017). Additionally, pricing methods that
consider the dynamics of supply and demand of the data market
are also utilized (Mehta et al. 2021).

Pricing methods based on computational intelligence encom-
pass query pricing, privacy computation, federated learning,
ensemble learning, and more (Feng et al. 2023; Hao et al. 2024;
Peyvandi et al. 2022; Zhang et al. 2022). Koutris et al. (2015)
implemented automated pricing for arbitrary queries by preset-
ting view prices. Subsequently, Miao et al. (2022) explored the
pricing of incomplete data queries. A comprehensive pricing
mechanism and two novel price functions—usage and
completeness-aware price function, and quality, usage, and
completeness-aware price function—were proposed, considering
data contribution/usage, data integrity, and query quality. Tian
et al. (2022) investigated data boundary pricing based on the
Shapley value, addressing the three-party data market pricing
problem involving data owners, model purchasers, and platforms.
Niu et al. (2022) proposed a contextual dynamic pricing
mechanism with reserve price constraints. Zhang et al. (2022)
designed incentive schemes within a federated learning frame-
work to achieve data pricing. Xu et al. (2017) examined the
pricing issue for data collectors purchasing data sequentially from
multiple data owners, modeling the collector’s sequential
decision-making problem as a multi-armed bandit problem.

In particular, machine learning-based models such as decision
trees, neural networks, and ensemble frameworks have demon-
strated strong potential for capturing complex feature-price
mappings in high-dimensional data spaces. These models
facilitate global optimization and support the integration of
heterogeneous data sources, making them especially suitable for
modern data marketplaces where structured and unstructured
features coexist.

Data pricing, as a critical business strategy, involves determin-
ing the price of products or services based on data characteristics,
market demand, and competitive conditions. However, with
market dynamics and increasing uncertainty in customer
behavior, traditional pricing methods may fall short in meeting
the demands of fast-evolving business environments, thereby
impacting the accuracy and flexibility of pricing strategies.

The application of alternative data in financial issues. Alter-
native data, distinct from traditional financial data, is increasingly
adopted to enhance market understanding, especially in contexts
requiring real-time insights and behavioral indicators. By cap-
turing micro-level dynamics and shifts in investor sentiment, it
supplements conventional data sources and enables more accu-
rate risk assessments and value discovery (Ma et al. 2025).

Recent literature has explored its applications across financial
domains. For example, Hansen and Borch (2022) highlighted
social media sentiment’s role in stock price prediction,

demonstrating how unstructured textual signals can improve
valuation models. Zhang et al. (2024) showed that convolutional
neural networks, when incorporating pandemic-related indica-
tors, maintained strong predictive performance during crises.
Dessaint et al. (2024) found that access to short-term-oriented
alternative data shifted analysts’ forecasting horizons, enhancing
valuation relevance.

Some studies also apply alternative data to credit scoring and
fintech lending (Djeundje et al. (2021); Hlongwane et al. (2024);
Tigges et al. (2024)), but these are domain-specific and do not
address generalizable pricing mechanisms for data assets.

Despite growing interest, most existing research emphasizes
either predictive tasks or sector-specific outcomes, without
integrating alternative data into unified pricing frameworks.
Traditional methods, reliant on static models or historical
records, often overlook the full value of unstructured data.
Moreover, limited work explores how structured and unstruc-
tured data can be fused into multimodal representations suitable
for asset pricing.

Therefore, a clear research gap exists in designing pricing
models that jointly leverage numerical and textual inputs to assess
data value. Addressing this gap is essential for improving the
effectiveness of data valuation in dynamic, information-rich
environments such as financial markets. This study responds to
this gap by proposing a multimodal framework combining
machine learning and text analysis to advance data asset pricing.

Data value analysis. In the era of big data, the importance of
measuring data value has become increasingly prominent. Due to
the vast volume and diversity of data, the value density of data
tends to be low, which not only escalates processing and handling
costs but also poses significant challenges to data-driven model-
ing tasks. Low-quality data often leads models to learn complex
or irrelevant patterns, resulting in decreased accuracy and
learning efficiency. High-quality data input is crucial for the
success of a model, and measuring data value serves as an
essential tool for assessing data quality. By measuring data value,
beneficial information for model construction can be identified,
while irrelevant or low-value noise can be excluded, thereby
enhancing the model’s predictive and generalization capabilities.
Assessing data of varying quality in practical scenarios allows for
informed decisions regarding the retention or elimination of data
based on its quality or value. Thus, accurately measuring data
value aids enterprises and individuals in swiftly identifying
valuable information within massive datasets, thereby improving
data utilization efficiency.

However, current research on data value measurement remains
insufficient. Most existing methods for assessing dataset quality
lack a unified quantitative measurement standard and fail to
incorporate supervisory mechanisms from real-world model
outputs. Scholars have attempted to characterize data quality
using metrics such as Shannon entropy (Li et al. 2022; Xu et al.
2021) and signal-to-noise ratio (Yu et al. 2022), and have
explained data value through the principle of uncertainty
reduction (Kikuchi and Kronprasert, 2012). Nevertheless, these
metrics have not effectively revealed the mechanisms of value
creation at the data level. In this context, the leave-one-out (LOO)
method can effectively evaluate the marginal utility of individual
data points relative to the entire dataset. However, its capability to
assess the cumulative value of data is limited, thus constraining its
broader applicability in big data analytics.

Given the complex interrelationships among data, the SHAP
(Shapley Additive Explanation) method has been introduced as
an innovative tool for data value assessment. The SHAP method,
which draws on the core principles of game theory, is a post-hoc
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interpretability technique. It precisely measures the impact of
each feature and its interactions on the model output by
calculating the marginal contribution values, known as Shapley
values, for all input features and their interactions within the
model. This method not only ranks features based on their
contribution levels, helping to identify those with the greatest
impact on model predictions, but also adheres to the principle of
fair allocation inherent in Shapley values from cooperative game
theory. This ensures that each feature’s contribution to the model
output is appropriately recognized. The inherent fairness of the
SHAP method makes its interpretative results more objective and
impartial, aiding in the avoidance of potential biases in the
interpretation outcomes.

Although existing studies have made progress in data pricing,
the use of alternative data, and data value analysis, several key
gaps remain. First, many models still treat structured and
unstructured data separately, lacking a unified approach that
integrates numerical and textual information for pricing. Second,
there is limited research on pricing specific types of data assets,
such as transaction records that include descriptive attributes.
Third, while machine learning is used in pricing tasks, few models
are designed specifically for data assets or make full use of
interpretable text features. These limitations point to the need for
a dedicated multimodal pricing framework, which this study
proposes to address.

Methods
Problem formulation. The task of data asset pricing funda-
mentally involves identifying patterns from complex observa-
tional samples to estimate the relationship between input features
and asset price. In our setting, let xi 2 Rd denote the i-th data
asset instance, composed of structured and unstructured features,
and let yi 2 R represent its corresponding price. Denote the
input space as X ¼ fxi1; xi2; � � � ; xidjig � Rd , and the label space
as Y ¼ fyijig � R. PðXÞ denotes an unknown probability dis-
tribution over X. The goal is to learn a pricing function
f : X ! Y , given a training dataset D ¼ fðxi; yiÞgNi¼1 � ðX;YÞN .

Assuming that the mapping from X to Y lies within a
hypothesis space H, the core task of data asset pricing is to learn a
function f̂ 2 H from the training data D, such that the expected
error between predicted and actual values is minimized:

f̂ ðxiÞ ¼ arg min
f̂ ðxiÞ

Exi;yi
ðLðyi; f̂ ðxiÞÞÞ ð1Þ

Here, Lðyi; f̂ ðxiÞÞ denotes the loss function. A smaller loss
indicates a more accurate pricing model. In this study, we adopt
the mean squared error (MSE) as the loss function.

Given the unknown and potentially nonlinear nature of the
mapping between data features and prices, supervised learning
models offer a principled approach to data pricing. By learning
from labeled samples, they approximate the latent value function
f that maps heterogeneous inputs—both structured and unstruc-
tured—to scalar price estimates. This allows the model to capture
complex valuation patterns and support scalable, accurate pricing
across diverse data assets.

Pricing framework. To better address the complexity of data
asset valuation, we propose a multimodal pricing framework. It
integrates structured indicators with unstructured textual
descriptions to reflect the multifaceted nature of data value. As
shown in Fig. 1, the framework consists of three main stages: data
asset feature construction, integrated pricing, and scenario-based
value assessment.

Data asset feature representation. In the first stage, both numer-
ical and textual information are extracted to form a rich feature
space for each data asset. The numerical side includes standard
metadata such as data volume, redundancy, and rarity, which are
quantified through statistical analysis. Meanwhile, the textual side
focuses on functional descriptions (e.g., the content descriptions,
use scenarios, and target consumers), which are processed using a
pretrained language model (BERT) to generate dense vector
representations. These heterogeneous features are integrated into
a unified representation space, enabling the model to jointly
leverage structured indicators and semantic attributes for pricing.

Integrated pricing module. Once features are constructed, the
framework feeds them into a unified pricing module based on
ensemble learning. Specifically, a LightGBM-based regressor is
trained using both structured and unstructured features, and it
performs global optimization by aggregating results from multiple
locally learned regression trees. The model dynamically learns the
mapping between multimodal features and observed prices,
capturing complex interactions that traditional rule-based or
linear models may miss. Furthermore, internal tracking of feature
importance enhances interpretability and supports more accurate
data pricing.

Scenario-based value assessment. To assess how different features
influence pricing, the framework includes a scenario-aware eva-
luation component. Text features are first aggregated using
multilayer perceptrons to preserve semantic information. Then, a
ranking-based feature ablation is applied—features are sorted by
importance and iteratively removed to assess their effect on
model performance. This sensitivity analysis helps uncover which
modalities and specific attributes contribute most to pricing
accuracy, and provides actionable insights into the composition
of data value.

Compared with traditional pricing frameworks, our design
directly addresses two major challenges in data asset pricing: (i)
how to systematically incorporate alternative (textual) data into
the pricing process and (ii) how to model complex feature
interactions without relying solely on handcrafted rules. This
ensures that the framework is not only predictive, but also
interpretable and adaptable to varied pricing scenarios.

Bidirectional encoder representations from transformers.
BERT is a pretrained language model designed to capture con-
textual semantics through a bidirectional Transformer encoder
architecture. It computes dependencies between tokens using a
multi-head self-attention mechanism, enabling it to learn rich
semantic representations from unlabeled text corpora (Alonso-
Robisco and Carbo, 2023). Its overall architecture, as depicted in
Fig. 2, consists of an input layer, an encoding layer, and an output
layer.

Each transformer block employs a multi-head attention
mechanism, where embedded inputs are linearly transformed
into Query, Key, and Value vectors. The structure of a typical
transformer encoder is illustrated in Fig. 3, and its core
computations are defined by Eqs. (2) to (4).

AttentionðQ;K;VÞ ¼ soft max
QKTffiffiffiffiffi

dk
p

 !
V ð2Þ

headi ¼ AttentionðQWQ
i ;KW

K
i ;VW

V
i Þ ð3Þ

MultiHeadðQ;K;VÞConcatðhead1; � � � ; headhÞWo ð4Þ
where the matrices WQ

i , W
K
i , and WV

i are the respective weight
matrices for Q, K, and V. The variable (i) denotes the number of
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attention heads, Wo represents the mapping matrices of the
multi-head attention mechanism.

In this study, BERT is applied to encode unstructured textual
attributes of data assets—such as descriptions, functions, and
usage contexts—into dense semantic vectors. These representa-
tions are later fused with structured indicators to form a
multimodal input for the pricing model. The adoption of BERT
allows the proposed framework to extract fine-grained contextual

signals from domain-specific text, which enhances the model’s
capacity to assess data value beyond what numeric indicators
alone can reveal.

LGBM. LightGBM is an efficient gradient boosting framework
based on decision trees (Sheng et al. 2024). It improves training
speed and reduces memory usage by using histogram-based
algorithms and gradient-based one-sided sampling (J. Hao et al.
2023; Yuan et al. 2023). These design choices allow it to scale
effectively to large datasets with high-dimensional features.

The LightGBM algorithm is expressed as a summation
function composed of k base models, as shown in Eq. (5).

ŷi ¼ ∑
k

t¼1
f tðxiÞ ð5Þ

where xi denotes the input features of the i sample, f t represents
the t base model, and ŷi signifies the predicted value of the i
sample. The loss function can be expressed in terms of the
predicted and true values, as shown in Eq. (6).

L ¼ ∑
n

i¼1
lðyi; ŷiÞ ð6Þ

where n represents the sample size, l denotes the loss function of
the i sample, and yi indicates the true value of the i sample. Based
on these definitions, the objective function is formulated as

Fig. 2 Framework of BERT.

Fig. 1 Proposed framework.
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shown in Eq. (7).

ObjðθÞ ¼ ∑
n

i¼1
lðyi; ŷiÞ þ ∑

k

t¼1
Ωðf tÞ ð7Þ

where Ω represents the regularization term, and θ denotes the
model parameters.

In this framework, LightGBM is employed to learn the
mapping between multimodal features (textual and numerical)
and the asset price. It is particularly well-suited for this task due
to its ability to: (i) capture complex nonlinear relationships
without requiring extensive manual feature engineering;

(ii) handle both sparse and dense features efficiently; and (iii)
provide feature importance scores that enhance downstream
interpretability (as utilized in section “LGBM”). By integrating
LightGBM with the fused representations described in the section
“Problem formulation”, the proposed model enables precise and
scalable valuation of data assets in heterogeneous information
environments.

SHAP. SHAP (SHapley additive exPlanations) is introduced to
measure the importance of different data features. SHAP provides
a unified framework that uses Shapley values to explain the
predictive behavior of machine learning models. Shapley values,
derived from cooperative game theory, represent the average
marginal contribution of each feature (Jiang et al. 2024). Speci-
fically, SHAP assigns importance values to each predictive feature

based on an additive feature attribution method that adheres to a
set of desirable theoretical properties: local accuracy, missingness,
and consistency. The explanatory model associated with this
method is shown in Eq. (8):

gðz0Þ ¼ ϕ0 þ ∑
M

i¼1
ϕiz0i ð8Þ

where z0 2 f0; 1gM is defined as a joint vector indicating whether
the i feature is present (=1) or absent (=0). M represents the total
number of features, and ϕi 2 R. In this approach, the explanatory
model employs a simplified input x0, which is mapped to the
original input x via the mapping function hxðx0Þ ¼ x. This
ensures that gðz0Þ � f ðhxðz0ÞÞ, where z0 � x0. The explanatory
model is then established and trained to interpret the original
model f. Given that SHAP measures feature importance by
comparing the differences in model predictions with and without
the feature, the SHAP value ϕi (i.e., the feature importance value)
is calculated as the weighted average of all possible differences.
This is expressed in Eq. (9):

ϕi ¼ ∑
S�Nfxig

jSj!ðM � jSj � 1Þ!
M!

½f xðS∪ fxigÞ � f xðSÞ� ð9Þ

where Nfxig denote the set of features excluding xi, and S
represent the subset of features excluding the i feature. The
predictions of the model with and without the i feature are
denoted by f xðS∪ fxigÞ and f xðSÞ, respectively. It should be noted
that SHAP becomes an additive feature attribution method only if
ϕ0 ¼ f xðϕÞ.

In the proposed framework, SHAP is applied to the trained
LightGBM model to attribute the predicted price of each data
sample to its multimodal features, with the prediction value
expressed as the sum of individual SHAP values. This enables
transparent interpretation of feature-level contributions and
supports informed decision-making in data asset pricing.

Experimental evaluation
Data. A dataset comprising 1426 entries was obtained from a data
trading platform to evaluate the effectiveness of the pricing
model. Each sample includes 12 numerical feature variables, such
as product rating, usage frequency, data size, consistency, and
structure. Descriptive statistics for these features are presented in
Table 1. Additionally, the dataset contains textual information
detailing the data, including descriptions, target audience, and
functionality. To provide a clearer illustration, an example of an
agricultural product data sample is shown in Fig. 4. As shown in
Table 1, a skewness greater than 1 indicates a highly skewed
distribution, specifically positive or right-skewed. This char-
acteristic is further confirmed by Fig. 5. Consequently, a Box-Cox
transformation (Box and Cox, 1964) was applied to normalize the
data assets, as illustrated in Fig. 5.

To incorporate unstructured textual information into the
pricing model, we employed the pretrained BERT-base-Chinese
model from HuggingFace Transformers. Each data full textual
description, including its name, function, and usage context, was
tokenized using the associated BERT tokenizer with a maximum
sequence length of 512. Longer sequences were truncated and
shorter ones padded automatically. For each text instance, the
final-layer [CLS] token embedding (768-dimensional) was
extracted as a fixed-length semantic representation. The pre-
trained BERT model was used in a frozen configuration to extract
contextual embeddings, without further fine-tuning. These
embeddings were subsequently fused with structured numerical
features to construct multimodal inputs for the pricing model.

For downstream analysis purposes (section “Scenario-based
data value estimation”), the textual input was also decomposed

Fig. 3 Transformer encoder.
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into four semantic subcomponents—title, description, target
users, and function, and encoded separately using the same
approach to evaluate their individual contributions to pricing
performance.

Benchmarks and parameter setting. To ensure fair and com-
prehensive benchmarking, we selected representative models from
various learning paradigms, including linear regression (MLR,
Lasso), tree-based methods (DT, RF, GBDT, LGBM), kernel-based
models (SVR), instance-based learners (KNN), and neural net-
works (MLP, LSTM). This diverse set covers both traditional and
modern approaches, enabling evaluation across models with
varying capacities for nonlinearity, interpretability, and data
structure adaptability. The benchmark models and their corre-
sponding parameters utilized in this study are detailed in Table 2.

Parameter settings were primarily drawn from default values
recommended in the literature or official toolkits, with slight
adjustments to ensure convergence. For instance, MLP uses two
hidden layers (30, 50) with a 0.001 learning rate, while tree-based
models like RF and GBDT use 100 estimators. SVR applies a

Fig. 4 Data sample description.

Fig. 5 Distribution of data price.

Table 1 Descriptive statistics.

Max Min Media Std Ave Skewness

Price 2989 10 291.5 764.95 624.99 1.2625
Goods score 5.00 3.00 4.00 0.4861 0.3610 −0.3881
Use num 230.00 0.00 26.00 23.3891 15.4926 3.1906
Size 1016.00 1.00 35.00 212.2704 149.6175 2.1857
Scarce score 5.00 3.00 4.00 0.7499 0.5672 −0.0183
Consistent score 5.00 3.00 4.00 0.7449 0.5702 −0.0554
Application score 5.00 3.00 4.00 0.7408 0.5561 0.0257
Structure score 5.00 3.00 4.00 0.7615 0.5814 0.0059
Dv score 5.00 3.00 4.00 0.7658 0.6046 −0.0750
Redundant score 5.00 3.00 4.00 0.7517 0.5776 0.0472
Integrality score 5.00 3.00 4.00 0.7615 0.6049 −0.1016
Tl score 5.00 3.00 4.00 0.7324 0.5412 0.0163
Category 8.00 1.00 5.00 1.8290 1.5565 0.1374
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standard RBF kernel (C= 1.0, ε= 0.1), and LSTM is configured
with 10 hidden units and the RMSprop optimizer. For LGBM, we
conducted parameter tuning based on validation performance,
selecting the configuration that minimized MSE on the develop-
ment set (e.g., 1000 estimators, learning rate= 0.01). These
standardized and optimized settings enhance both stability and
comparability across baselines.

Evaluation metrics. To evaluate the accuracy of the pricing
model relative to other benchmark models, three evaluation
metrics were employed: mean squared error (MSE), root mean
squared error (RMSE), and mean absolute error (MAE) (Wang et
al. 2023). The respective formulas are provided below:

MSE ¼ 1
n
∑
n

t¼1
ðyt � ŷtÞ2 ð10Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n
∑
n

t¼1
ðyt � ŷtÞ2

r
ð11Þ

MAE ¼ 1
n
∑
n

t¼1
jyt � ŷtj ð12Þ

Result
Performance of pricing model. To rigorously evaluate the per-
formance of the proposed pricing model, a diverse set of models
was utilized, including multiple linear regression (MLR), Lasso,
decision tree, support vector machine (SVM), multilayer per-
ceptron (MLP), K-nearest neighbors (KNN), gradient boosting
decision tree (GBDT), long short-term memory network (LSTM),

random forest (RF), and lightGBM. Experiments were conducted
using different training-test ratios. The pricing error results for
each model under various configurations are detailed in Table 3.

From the analysis of the data in Table 3, it can be observed that
the MLR model exhibited the highest error rate across all three
training-test ratio settings. In contrast, the LASSO model, which
incorporates a regularization term for variable selection, demon-
strated relatively lower errors. This finding highlights the
limitations of linear pricing models when handling learning tasks
with multiple features. For instance, under the 80–20 training-test
ratio, the multilayer perceptron (MLP) was found to have the
lowest pricing error among all machine learning models evaluated.
Compared to support vector regression (SVR) and decision tree
models, the MLP’s use of nonlinear activation functions allows it to
better capture and model complex nonlinear relationships within
the data. Although traditional SVR and Decision Tree models can
also address nonlinear problems, the MLP generally offers superior
performance in uncovering deep, nonlinear relationships in the
data. The Random Forest (RF), as a typical example of ensemble
learning, also demonstrated good performance in the pricing task.
Ultimately, the heterogeneous, data-driven LightGBM model
constructed in our study showed the best pricing performance
among all models. As illustrated in Fig. 6, it achieved the lowest
prediction error across various training-test ratios, further
confirming its exceptional performance.

To rigorously assess the statistical significance of predictive
differences between models, we adopt the Diebold–Mariano (DM)
test, a standard method for comparing the forecast accuracy of two
models based on a loss differential series. The test evaluates the null
hypothesis that the two models yield equal predictive performance,
against the alternative that one model is significantly better.

Table 2 Benchmarks and parameter settings.

NO. Model Parameter setting

1 MLP Hidden layer sizes= (30, 50); Activation= “ReLU”; Solver= “Adam”; Max iterations= 500; Alpha= 0.001; Learning rate= “Constant”;
Learning rate initial= 0.001

2 MLR No parameters needed
3 Lasso Alpha= 0.1
4 DT Random state= 0
5 SVR Kernel= “RBF”; C= 1.0; Epsilon= 0.1
6 RF Number of estimators= 100
7 GBDT Number of estimators= 100; Learning rate= 0.1; Max depth= 3
8 KNN Number of neighbors= 5
9 LSTM Number of hidden units= 10; Maximum epochs= 200; Activation= “ELU”; Optimizer= “RMSprop”; Loss= “MSE”; Batch size= 32
10 LGBM Number of estimators= 1000; Learning rate= 0.01; Number of leaves= 35; Max depth=−1; Minimum child samples= 20; Minimum

split gain= 0.001; Force col wise= True

Table 3 Performance of pricing model under different training-test ratio.

No. Model 80–20% 70–30% 90–10%

MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

1 MLR 19.5889 4.4259 2.0271 51.3050 7.1627 2.7931 10.3752 3.2211 1.7959
2 Lasso 4.6022 2.1453 1.7631 4.5476 2.1325 1.7439 4.2012 2.0497 1.6848
3 DT 3.1783 1.1199 1.7828 3.4990 1.8706 1.1850 3.1492 1.7746 1.0538
4 SVR 6.8124 2.6101 2.1994 6.7321 2.5946 2.1813 5.7918 2.4066 1.9890
5 MLP 1.7074 1.3067 0.9235 1.5713 1.2535 0.8629 0.9355 0.9672 0.7165
6 KNN 3.5501 1.8842 1.3464 3.5715 1.8898 1.3833 3.3319 1.8253 1.3472
7 GBDT 1.8630 1.3649 1.0129 1.8482 1.3595 1.0199 1.5875 1.2600 0.9567
8 LSTM 2.9336 1.7128 1.3407 4.1243 2.0308 1.6152 3.6693 1.9155 1.5013
9 RF 1.1682 1.0808 0.7661 1.3727 1.1716 0.8350 1.0718 1.0353 0.7284
10 LGBM 0.9941 0.9970 0.6489 1.1497 1.0722 0.7266 0.8526 0.9234 0.6389

The bold values indicate the best performance for each evaluation metric.
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In this study, the DM test is conducted using the mean squared
error (MSE) as the loss function and a forecast horizon of h= 1,
which aligns with common practice in predictive regression. To
account for finite sample effects, the Harvey-adjusted DM statistic is
used, and statistical significance is assessed at the 5% level using a
two-sided t-test.

All models are evaluated in pairwise comparisons, with the actual
target values and predicted outputs used to compute the loss
differentials. The DM statistics and corresponding p values are
summarized in Table 4. As shown in the final row of Table 4, LGBM
demonstrates statistically superior pricing performance over all
baseline models, with most p values well below 0.05. For instance,
when compared with MLP, the DM statistic is 2.8854 (p= 0.0042),
allowing us to reject the null hypothesis and confirm the significance
of the performance gain. This analysis supports the robustness and
effectiveness of our proposed framework for data asset pricing.
Therefore, the DM test results in the last row of Table 4 confirm that
LGBM significantly outperforms all benchmark models, providing
strong statistical evidence of its superior pricing performance.

Discussion. To validate the significance of alternative data in
enhancing the accuracy of asset pricing, an 80–20 training-test ratio

was employed to compare the pricing errors of models with and
without the inclusion of non-traditional data, as shown in Table 5.
Overall, most models exhibited a significant reduction in pricing
error upon the incorporation of non-traditional data. For example,
the LASSO model’s mean squared error (MSE) decreased from
5.688 to 4.602 after including these data; correspondingly, the root
mean squared error (RMSE) and mean absolute error (MAE) also
showed reductions. Similar improvements were observed in models
such as SVR, MLP, KNN, GBDT, LSTM, RF, and LGBM.

Notably, the proposed model in this study demonstrated a
prediction error of 2.723 without the use of alternative data,
which dropped to 0.994 after their inclusion, representing a 63.5%
reduction in error. This indicates that non-traditional data, such
as text, significantly enrich the data’s dimensionality and quality
by providing additional contextual information, capturing hidden
features and patterns, enhancing the model’s generalization
ability, and improving fine-grained analysis, thereby substantially
boosting prediction accuracy.

However, for the MLP model, the introduction of non-
traditional data did not lead to a reduction in error. This can be
attributed to two main reasons: (1) Transforming non-
traditional data into features suitable for multivariate linear
models may result in an extremely high-dimensional feature

Fig. 6 Pricing error of models.

Table 4 DM statistical testing.

Model Statistics MLP MLR Lasso DT SVR RF GBDT KNN LSTM

MLR DM 2.1468
p value 0.0327

Lasso DM 6.6999 1.7964
p value 0.0000 0.0735

DT DM 2.5278 1.9768 2.6904
p value 0.0120 0.0490 0.0076

SVR DM 9.8531 1.5245 6.6408 5.9888
p value 0.0000 0.1285 0.0000 0.0000

RF DM 1.8129 2.2082 11.7276 4.1610 13.9777
p value 0.0709 0.0280 0.0000 0.0000 0.0000

GBDT DM 0.5147 2.1259 9.2717 2.7080 11.8105 6.1548
p value 0.6072 0.0344 0.0000 0.0072 0.0000 0.0000

KNN DM 3.9512 1.9175 2.7687 0.6038 6.8364 6.4763 4.5025
p value 0.0001 0.0562 0.0060 0.5465 0.0000 0.0000 0.0000

LSTM DM 4.4679 1.9002 4.0846 1.0317 8.2878 9.3884 7.0814 0.4102
p value 0.0000 0.0584 0.0001 0.3031 0.0000 0.0000 0.0000 0.6820

LGBM DM 2.8854 2.2295 11.5785 4.4771 13.7249 1.9592 6.0502 6.9108 9.1490
p value 0.0042 0.0266 0.0000 0.0000 0.0000 0.0511 0.0000 0.0000 0.0000
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space. In high-dimensional spaces, sample data becomes sparse,
significantly increasing the difficulty of discovering meaningful
patterns, leading to the so-called “curse of dimensionality”; (2)
Alternative data often contain complex structures and relation-
ships that may be nonlinear, whereas multivariate linear models
are based on linear assumptions. Therefore, when the true
relationships among data were nonlinear, linear models may
fail to effectively capture these relationships, resulting in
decreased prediction accuracy.

To evaluate the effectiveness of the model’s estimation, Fig. 7
compares the distribution of the predicted data prices generated
by the LGBM model with the true data prices (after Box-Cox
transformation). The predicted price distribution (in blue) closely
follows the true price distribution (in red), indicating that the
model effectively captures the underlying data value structure.
While slight deviations are observed in the upper and lower tails,
the overall shape and central tendency of the two distributions are
aligned. This result supports the fairness and robustness of the
model’s pricing mechanism, as it does not systematically
overestimate or underestimate data price across the range. The
consistency between predicted and true distributions provides
further empirical justification for the reliability of the proposed
multimodal valuation framework.

Scenario-based data value estimation
Evaluating text feature value through error reduction. Based on
the comprehensive experimental results presented in the section
“Result”, it was observed that the integration of enhanced textual
information significantly improves the predictive performance
and accuracy of pricing models. In light of this finding, a more
detailed strategy was adopted to investigate the specific value
contribution and potential information gain of textual data in the
pricing process. Textual information was decomposed into four
core components: data asset titles, detailed data descriptions,
target user groups, and detailed functional descriptions of the
data.

In the experimental design for this phase, all traditional
numerical features were kept constant to control for variables and
isolate the impact of textual information on pricing performance.
Subsequently, advanced BERT algorithms were employed to
efficiently and accurately represent the semantics of the
aforementioned four textual components. These semantic
representations were then integrated as input features into the
pricing model. The pricing performance under each input feature
is shown in Table 6. This process aimed to systematically evaluate
the specific effects of each type of textual information on
enhancing the predictive capability of the pricing model through

Table 5 Pricing errors of models with and without alternative data.

NO. Models MSE RMSE MAE

Without With Δ Without With Δ Without With Δ
1 MLR 5.486 19.589 2.342 4.426 1.950 2.027
2 Lasso 5.688 4.602 2.385 2.145 1.983 1.763
3 DT 5.578 3.178 2.362 1.120 1.530 1.783
4 SVR 7.273 6.812 2.697 2.610 2.267 2.199
5 MLP 5.302 1.707 1.787 1.307 2.303 0.924
6 KNN 6.223 3.550 2.495 1.884 1.997 1.346
7 GBDT 2.815 1.863 1.678 1.365 1.292 1.013
8 LSTM 3.510 2.934 1.874 1.713 1.455 1.341
9 RF 2.419 1.168 1.555 1.081 1.143 0.766
10 LGBM 2.723 0.994 1.650 0.997 1.246 0.649

The symbol Δ represents the difference in pricing errors between using alternative data and not using alternative data. If the difference is greater than zero, it is indicated with an , signifying that the

alternative data has not reduced the pricing error. Conversely, if the difference is less than zero, it is indicated with a , demonstrating that the alternative data has effectively reduced the pricing error.

Fig. 7 Data price distribution comparison (LGBM).
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comparative experiments. The goal was to provide a robust
empirical foundation and theoretical basis for optimizing data
pricing strategies.

First, through a comparative analysis of the application effects
of traditional numerical features and textual features in pricing
models, the following conclusions were drawn: the introduction
of textual information as a supplement to traditional numerical
features significantly enhances the pricing performance of the
model. For instance, using the light gradient boosting machine
(LGBM) model under an 80:20 train-test split, the mean squared
error (MSE) reached 2.7226 when relying solely on traditional
features (assumed to be a certain set of numerical features,
denoted as TF). This indicates a non-negligible level of prediction
bias. Subsequently, four types of textual information—data
descriptions, data titles, target groups, and data function
descriptions—were individually incorporated into the pricing
model. The experimental results demonstrated that the inclusion
of these textual features reduced the MSE to varying extents,
thereby improving pricing accuracy. Notably, the addition of data
descriptions resulted in the most significant reduction in error,
with the MSE decreasing to 0.8016, highlighting the critical role
of data descriptions in enhancing pricing precision. Furthermore,
the inclusion of data titles also markedly reduced the MSE to
1.2715, indicating that data titles contain substantial pricing-
related information. In contrast, while the addition of target
group and data function descriptions also led to a reduction in
error, their impact was comparatively limited relative to data
descriptions and data titles. This observation was consistently

validated in experiments with two other different train-test split
ratios, further reinforcing our conclusion: textual information,
particularly data descriptions and data titles, should be considered
key factors in improving the performance of pricing models.

Second, through comparative experiments analyzing the applica-
tion effects of all textual information versus four subcategories of
textual information (i.e., data titles, target groups, data function
descriptions, and data descriptions) in pricing models, several
important findings were obtained. When all textual information
was used as input, the model captured a broader range of data value
information. However, the pricing error was lower when only data
titles, target groups, and data function descriptions were included,
yet still higher than when the best subcategory of textual
information (i.e., data descriptions) was used alone. This compar-
ison reveals the dual characteristics of textual information in data
pricing: on one hand, it indeed contains rich data value information
that enhances the accuracy of pricing models; on the other hand, it
inevitably includes a certain degree of redundant information,
which can interfere with the model’s predictive capability.
Specifically, information such as target users, data function
descriptions, and data titles, when used individually or in
combination, did not provide the same degree of pricing
optimization as data descriptions. Instead, they may have
introduced unnecessary complexity and noise, leading to informa-
tion redundancy. Therefore, the findings of this study emphasize
the need for careful selection and optimization of textual
information when constructing pricing models. This approach
aims to maximize the value of textual information while minimizing

Table 6 Pricing performances under different input features.

Methods Features 80–20% 70–30% 90–10%

MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE

LGBM TF 2.7226 1.6500 1.2457 2.6122 1.6162 1.2317 2.5761 1.6050 1.2520
TF+ Text (data title) 1.2715 1.1276 0.7684 1.5692 1.2527 0.8702 1.5022 1.2257 0.8198
TF+ Text (target user) 2.6050 1.6140 1.1421 2.4328 1.1199 1.5597 2.7867 1.6694 1.2409
TF+ Text (data function) 2.4041 1.5505 1.0854 2.2813 1.5104 1.0778 2.4970 1.5802 1.1401
TF+ Text (data descriptions) 0.8016 0.8953 0.6248 0.9492 0.9743 0.6809 0.8116 0.9009 0.6173
TF+ Text (total) 0.9941 0.9970 0.6489 1.1497 1.0722 0.7266 0.8526 0.9234 0.6389

MLP TF 5.3025 1.7867 2.3027 5.4665 2.3381 1.8287 4.7131 2.1710 1.7092
TF+ Text (data title) 2.6124 1.6163 1.1653 2.8345 1.6836 1.1803 3.2863 1.8128 1.2544
TF+ Text (target user) 4.0210 2.0052 1.4659 3.8034 1.9502 1.4093 3.5362 1.8805 1.3539
TF+ Text (data function) 4.4767 2.1158 1.6672 4.5859 2.1415 1.6115 3.2846 1.8124 1.3204
TF+ Text (data descriptions) 1.0651 1.0320 0.6483 1.1049 1.0511 0.7034 0.9007 0.9491 0.6676
TF+ Text (total) 1.7074 1.3067 0.9235 1.5713 1.2535 0.8629 0.9355 0.9672 0.7165

DT TF 5.5779 2.3618 1.5295 5.2832 2.2985 1.5048 5.5555 2.3570 1.5112
TF+ Text (data title) 4.8629 2.2052 1.4432 5.0400 2.2450 1.5140 4.2060 2.0509 1.2653
TF+ Text (target user) 5.6352 2.3739 1.5087 4.5270 2.1277 1.3550 5.7507 2.3981 1.5182
TF+ Text (data function) 4.1051 2.0261 1.2680 4.7251 2.1737 1.3668 5.2672 2.2950 1.5241
TF+ Text (data descriptions) 2.9486 1.7171 1.0972 3.1107 1.7637 1.1673 3.1418 1.7725 1.1185
TF+ Text (total) 3.1783 1.1199 1.7828 3.4990 1.8706 1.1850 3.1492 1.7746 1.0538

GBDT TF 2.8153 1.6779 1.2922 2.8486 1.6878 1.2866 2.6176 1.6179 1.3153
TF+ Text (data title) 1.8530 1.3612 1.0152 2.0159 1.4198 1.0273 1.8415 1.3570 0.9990
TF+ Text (target user) 2.8905 1.7002 1.2572 2.7421 1.6559 1.2455 2.7182 1.6487 1.2887
TF+ Text (data function) 2.8044 1.6746 1.2172 2.4539 1.5665 1.1528 2.3408 1.5300 1.1697
TF+ Text (data descriptions) 1.1892 1.0905 0.8086 1.3966 1.1818 0.8818 1.2838 1.1331 0.8391
TF+ Text (total) 1.8630 1.3649 1.0129 1.8482 1.3595 1.0199 1.5875 1.2600 0.9567

RF TF 2.4185 1.5552 1.1429 2.4799 1.5748 1.1575 2.6446 1.6262 1.2125
TF+ Text (data title) 1.7186 1.3110 0.9076 1.9694 1.4033 0.9913 1.7925 1.3388 0.9372
TF+ Text (target user) 2.5307 1.5908 1.1290 2.3857 1.5446 1.0973 2.8026 1.6741 1.1928
TF+ Text (data function) 2.3676 1.5387 1.0450 2.3092 1.5196 1.0264 2.5204 1.5876 1.0876
TF+ Text (data descriptions) 1.1402 1.0678 0.7340 1.2443 1.1155 0.8120 1.0117 1.0058 0.6861
TF+ Text (total) 1.1682 1.0808 0.7661 1.3727 1.1716 0.8350 1.0718 1.0353 0.7284

TF means traditional features.
The bold values indicate the best performance for each evaluation metric.
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the negative impact of redundant information on model
performance.

Third, to verify whether the role of textual description
information in enhancing data pricing performance is solely
attributable to the uniqueness of a specific method, a selection of
representative machine learning algorithms was made based on
the experimental results in the section “Performance of pricing
model”. These algorithms include multilayer perceptron (MLP),
decision tree (DT), gradient boosting decision tree (GBDT), and
random forest (RF). The objective was to comprehensively
examine the performance differences of various textual informa-
tion across different pricing methods. Through a series of
comparative experiments, the impact of different types of textual
information on data pricing accuracy was systematically analyzed.
The experimental results consistently demonstrated that when
utilizing the four pricing methods, the inclusion of data
descriptions significantly reduced pricing errors. Specifically, the
introduction of data descriptions led to notable improvements in
key error metrics, including mean squared error (MSE), root
mean squared error (RMSE), and mean absolute error (MAE).
This further corroborates the general effectiveness and impor-
tance of textual description features in enhancing the accuracy of
pricing models.

In summary, this subsection systematically evaluates the
impact of different text features on data pricing performance.
Results show that integrating textual features—especially data
descriptions and titles—significantly enhances model accuracy
across various algorithms. However, not all textual inputs are
equally beneficial. Elements such as target users and functional
descriptions may introduce redundancy. These findings highlight
the importance of selective text integration in multimodal pricing
and offer practical insights for optimizing textual inputs in real-
world valuation tasks.

Measuring data value through feature exclusion. To quantita-
tively assess the specific value or contribution of different types of
features within the pricing mechanism, this study proposes an
innovative use of SHAP value theory as an analytical tool. Given
that textual data, when processed through the BERT model, is
transformed into a high-dimensional (768-dimensional) infor-
mation vector, it becomes challenging to directly integrate it with
traditional numerical features within the same value evaluation
framework. To address this technical bottleneck, a supervised
learning model based on the multilayer perceptron (MLP) was
meticulously designed. This model aims to effectively reduce the
dimensionality of the high-dimensional textual representations to
a one-dimensional feature space, thereby enabling compatibility
and unified analysis with numerical features.

Specifically, the MLP model was utilized to successfully map
four key dimensions of textual information—data asset titles,
detailed data descriptions, target user demographics, and detailed
functional descriptions—each into a single-dimensional numer-
ical feature. This process not only preserved the essential value
components of the textual information but also significantly
simplified the subsequent feature value estimation process. This
laid a solid foundation for comprehensively evaluating the
multidimensional contributions of data assets in the pricing
context. Through this innovative approach, the study effectively
overcame the analytical challenges posed by the high-dimensional
representation of textual data, providing new perspectives and
tools for deep exploration in the field of data pricing.

Subsequently, the SHAP values for four textual features and
twelve traditional numerical features were systematically calcu-
lated and graphically presented in Fig. 8. Figure 8 clearly and
intuitively reveals the relative importance of each feature in the

data pricing process. Specifically, the data description emerged as
the core feature, exerting significantly greater influence than all
other considered factors, particularly surpassing the next most
important feature, the data title. Moreover, a detailed analysis of
Fig. 8 indicates that numerical features such as data size, usage
frequency, data type, and data value rating also play crucial roles
in the data pricing mechanism. These features collectively form
the multidimensional framework for assessing data value and
determining its market price. This finding not only deepens our
understanding of the complexities involved in data pricing but
also provides robust data support and a theoretical basis for
subsequent optimization of data asset management and trading
strategies.

Upon delving into the importance of features, a rigorous
ranking of features based on SHAP values was conducted. This
step aimed to systematically evaluate the contribution of each
data feature within the pricing model. Subsequently, a strategic
feature selection process was implemented, wherein features of
extreme importance (both high and low value) were incremen-
tally removed. The impact of these adjustments on pricing
performance was empirically tested by retraining the model. To
objectively and comprehensively assess the effectiveness of this
strategy, three sets of experiments were meticulously designed,
each based on different training-to-testing ratios to simulate
various data usage scenarios. Three error metrics—MSE, MAE,
and RMSE—were selected to quantify and compare the predictive
accuracy of the model under different experimental conditions.
As illustrated in Fig. 9, these error metrics were graphically
presented to show their variations across different training-to-
testing ratios. This visualization aimed to provide an in-depth
analysis of the specific impact and potential patterns resulting
from the removal of high- and low-value features on the
performance of the pricing model.

Based on the analysis of the experimental results, several
important conclusions can be drawn:

Firstly, high-value data features occupy an indispensable core
position within the model. Specifically, when these key features
are incrementally removed, the pricing performance of the model
exhibits a significant decline, characterized by a sharp increase in
pricing errors, followed by a relatively stable fluctuation phase.
This phenomenon underscores the critical informational value of
the removed features and their direct contribution to the model’s
predictive accuracy. For instance, as shown in Fig. 9A, under the
70–30% training-to-testing ratio configuration, the MSE, MAE,
and RMSE error metrics all experienced a rapid increase as the
number of high-value features removed increased. When the
removal reached three features, the error growth trend tempora-
rily stabilized until six features were removed; however, when the
removal reached seven features, the model’s performance
significantly deteriorated, with pricing errors sharply escalating.
Notably, the MSE error surged to 8.2, compared to 1.18 when no
features were removed, representing an increase of nearly 5.9-
fold. This stark contrast highlights the crucial importance of high-
value features in maintaining the model’s predictive accuracy.
Additionally, it is worth noting that this phenomenon was also
validated in experiments with the other two different training-to-
testing ratio settings, further reinforcing the irreplaceable role of
high-value data features in the pricing model.

Secondly, the impact of low-value data features on the model’s
pricing performance exhibits significant bidirectional effects. The
data presented in Fig. 8 clearly reveals this phenomenon: during
the removal of low-value features, the model’s pricing perfor-
mance undergoes complex changes. Specifically, the initial
removal of some low-value features results in a notable reduction
in prediction errors, indicating that unfiltered low-value informa-
tion may negatively affect the model’s performance by
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introducing noise or redundant information that interferes with
accurate predictions. However, as the removal process continues,
a contrasting trend is observed—pricing errors begin to increase.
This pivotal change suggests that even within data deemed as
low-value, there exist elements that contribute positively to
pricing decisions. Their removal, therefore, leads to a decline in
the model’s performance.

In conclusion, high-value data features are undoubtedly critical
for enhancing the performance of pricing models, as they
positively contribute to the model’s accuracy and reliability. In
contrast, low-value data features exhibit a complex dual role.
They can act as sources of noise, adversely affecting the model, or
harbor useful signals essential for the pricing process. This
necessitates the adoption of more refined feature selection
strategies during model construction and optimization to fully
balance and maximize the contributions of various data features
to the model’s performance.

In summary, this subsection highlights that while high-value
features are essential for accurate pricing, selectively removing
low-value features can initially improve performance by reducing
noise. However, excessive exclusion may discard useful signals.
These findings highlight the importance of refined feature
selection in optimizing model robustness and interpretability.

Conclusion
This study proposes an innovative data asset pricing framework
based on alternative data. This framework integrates textual

information related to data functions with standard numerical
characteristics, significantly enhancing the model’s pricing cap-
abilities. Empirical research demonstrates that the developed pricing
model exhibits superior predictive performance compared to tra-
ditional machine learning and deep learning models. Non-
traditional data centered around textual information significantly
enriches contextual content, reveal latent features and patterns,
enhances the model’s generalization ability, and increases the pre-
cision of detailed analysis, thereby significantly boosting the
dimensionality and quality of the data and, consequently, the
accuracy of predictions. Additionally, a scenario-based method for
measuring data value has been established. By utilizing multilayer
perceptrons to map textual information, the challenges posed by the
high-dimensional representation of text data are effectively over-
come. Furthermore, SHAP is introduced for data feature ranking,
and features of extreme importance (both high-value and low-
value) are progressively removed to examine their specific impacts
on pricing performance. High-value data features are undoubtedly
critical for enhancing the performance of pricing models. In con-
trast, low-value data features exhibit a complex dual role.

Our research not only enhances the accuracy of data asset
pricing but also deepens the understanding of the application
value of non-traditional data in pricing models, which is essential
for data pricing and management. Furthermore, this study paves
the way for future explorations, such as incorporating a wider
variety of data sources (e.g., images, audio, and video data) and
employing more advanced deep learning and ensemble learning
techniques to further improve the performance of pricing models.

Fig. 8 SHAP value.
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At the same time, we recognize that the reliability and
accuracy of functional textual descriptions play a crucial role
in determining data value. In practical settings, such
descriptions may suffer from inconsistency, ambiguity, or
even intentional manipulation. To address this, future work
could incorporate automatic quality screening techniques
(e.g., coherence or factuality scoring), cross-verification from
multiple information sources, or the integration of domain-
specific knowledge bases to enhance textual credibility. Such
refinements would further strengthen the robustness and
fairness of the pricing model.

Data availability
The datasets collected and analyzed during the current study
should be retrieved upon reasonable requests from the corre-
sponding author based on appropriate reasons.
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