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Abstract—Trusted data circulation requires reliable valua-
tion mechanisms to ensure fair and transparent data exchange
in modern information ecosystems. The absence of systematic
data valuation methods creates barriers to establishing trust
and fairness in data transactions across various domains,
including healthcare, finance, and smart cities. This research
addresses these challenges by developing an information en-
tropy driven valuation framework for textual data that in-
tegrates information content assessment with trust evaluation
mechanisms. Our approach provides comprehensive data value
measurement through multi-dimensional entropy calculations
and systematic trust scoring that evaluates consistency, verifia-
bility, and integrity. Experimental validation through progres-
sive data analysis demonstrates strong correlations between
our valuation metrics and practical data utility measures,
establishing the effectiveness of entropy-based approaches for
trusted textual data valuation in circulation systems.
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I. INTRODUCTION

Trusted data circulation has become a cornerstone of
modern digital ecosystems, where textual data serves as
a fundamental asset driving innovation across healthcare
patient records, financial transaction analyses, and smart
city service optimization [1] [2]. However, the absence of
systematic valuation mechanisms creates significant barri-
ers to data exchange, as participants struggle to establish
fair pricing and assess data quality prior to transactions.
This challenge is particularly acute for textual data, which
captures rich semantic meaning and behavioral patterns but
presents unique pricing complexities due to its contextual
dependency and variable utility across applications [3]. In
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this study, we operationalize data valuation as its measur-
able impact on downstream machine learning performance,
thereby linking the worth of a dataset to its contribution in
improving predictive accuracy and robustness.

Current data circulation systems suffer from significant
trust deficits rooted in valuation uncertainties. Healthcare
consortia that aim to share anonymized patient records for
joint research still lack reliable criteria to evaluate and
compare the contributions of different datasets [4]. Supply
chain networks possessing valuable logistics information
face difficulties in determining appropriate compensation for
data sharing that benefits entire ecosystems [5]. Financial
institutions collaborating in fraud detection face trust deficits
due to transparency limitations and unclear benefit-sharing
mechanisms in data exchange partnerships [6]. These scenar-
ios illustrate how valuation inadequacies can directly impede
the circulation of trusted data.

Existing approaches to data valuation present substantial
limitations that hinder trusted circulation. Algorithm-based
methods [7] [8] and quality-based models [9]-[11] often lack
generalizability and focus insufficiently on data’s trusted
intrinsic characteristics. Economic approaches including
auction-based methods [12], [13] frequently overlook textual
data’s inherent information value. While information entropy
has shown promise in preliminary data pricing research
[14], its application to textual data valuation for circulation
systems remains largely unexplored.

This research addresses these gaps by developing an
entropy-driven valuation framework for textual data circu-
lation that integrates multidimensional entropy calculations
with systematic trust assessments. Our approach enables
objective valuations, fair pricing, and reduced information
asymmetries in data transactions, supporting various scenar-
ios from institutional sharing to emerging marketplaces. The
key innovations include:

« We propose a combined entropy calculation method



integrating character-level, element-level, and structural
diversity measures to provide comprehensive data con-
tent assessment beyond traditional approaches.

o We develop a trust assessment framework incorporating
consistency, verifiability, and integrity dimensions that
leverages entropy characteristics for robust reliability
evaluation.

o« We validate our methodology through experiments
demonstrating strong correlations between trusted data
values and machine learning performance, bridging
theoretical valuation with practical utility.

II. RELATED WORK

Data valuation spans economic, quality-oriented, and al-
gorithmic strands. Economic approaches adapt cost and
price—quantity schedule logics from asset appraisal, valu-
ing data by production cost, expected returns, or market
comparables [15], [16]. Quality-oriented methods map mul-
tidimensional quality—completeness, accuracy, rarity, and
related attributes—to value [10], [11]. These signals are
clear and practical, but often struggle when utility is highly
task-dependent, especially for textual assets whose marginal
contribution varies by application.

A related approach estimates value through marginal con-
tributions to model performance. Algorithmic frameworks
measure how individual datasets or data points impact
predictive outcomes. Cong et al. [7] examine user-oriented
pricing strategies for deployed machine learning models.
Building on cooperative game theory, Shapley—value—based
methods operationalize individual contributions. Jia et al.
[17] design approximation schemes for tractable computa-
tion. While Shapley methods are widely used, they suffer
from high computational costs, vulnerability to distribution
shifts, and retrospective design, creating obstacles for valu-
ing data before circulation.

Trust and governance considerations are increasingly
shaping data exchange architectures in domains such as
healthcare, finance, and supply chains [4]-[6]. Decentralized
or consortium models can mitigate custody and compliance
risks, yet valuation methods remain necessary to reduce
asymmetry, certify utility, and enable transparent benefit
sharing. Current governance frameworks do not provide text-
specific, model-independent measures that are explainable
and cost-effective for advance implementation.

Information-theoretic approaches provide useful signals
for this purpose. Entropy quantifies uncertainty and infor-
mativeness, with early applications in data pricing [14].
For textual assets, entropy-like quantities (e.g., token-level
uncertainty and perplexity) are natural proxies for semantic
diversity and potential predictive leverage. However, their
direct integration into circulation-oriented valuation remains
underexplored. Prior work typically stops short of coupling
entropy with trust requirements (such as provenance, con-
sistency, and robustness) or tailoring the signal to the text’s

contextual and application-dependent utility.

Information entropy has also begun to influence the field
of data quality assessment. By capturing uncertainty, diver-
sity, and contextual richness, entropy provides signals that
complement traditional quality dimensions such as accuracy
or completeness. When integrated with trust requirements,
including provenance, consistency, and robustness, entropy-
driven valuation rebuilds data quality assessment from static
attribute checks toward a dynamic, task-aware, and certifi-
able perspective.

III. ENTROPY-DRIVEN DATA VALUATION FRAMEWORK
A. Information Entropy Calculation

We extend this concept for data valuation by incorporating
multiple entropy dimensions for a dataset D. Our combined
entropy calculation integrates character-level, element-level,
and structural diversity [18], [19] measures as formulated in
Equation (1), where «, 3,7, § are weighting parameters with
a+B+y=1

Hcombined(D) = aHCh‘“‘(D) + BHelement (D)
+’7Hstructure(D) + - S(D)

Character-level entropy measures individual character di-
versity and captures linguistic richness. Given character
frequencies f; in the dataset, the calculation follows Equa-
tion (2), which combines traditional entropy computation
with a diversity adjustment term considering the ratio of
unique characters to total alphabet size.
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Element-level entropy evaluates content diversity at the
text unit level, where varied customer reviews show higher
entropy than repetitive template responses.This metric fol-
lows Equation (3), where c; represents the count of elements
J» |D| is the total number of elements, and Aj, Ao are
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Structural diversity entropy captures length distribu-
tion patterns and measures formatting variation across the
dataset, distinguishing collections with mixed text lengths
from uniform-structure data. As shown in Equation (4), n;
represents the number of elements with length [, and L is
the maximum element length.
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The scale factor incorporates dataset size effects and

provides normalization according to Equation (5), where

k is a normalization constant, A3, A4 are scale adjustment

parameters, and the logarithmic term ensures appropriate
scaling while preventing unbounded growth.
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B. Trust Assessment Framework

Data trustworthiness is evaluated through consistency,
verifiability, and integrity, measured using dataset size and
entropy characteristics. The trust score T'(D) is calculated
according to Equation (6), where C(D), V (D), I(D) repre-
sent consistency, verifiability, and integrity scores of textual
data, respectively, and w; + w2 + ws = 1. The trust score
T(D) ranges from 0 to 1, ensuring meaningful integration
with entropy measures for data valuation.

T(D) = wq - O(D) + waq - V(D) + ws - I(D) (6)

Each trust component incorporates dataset size effects
through a base scoring function B(|D|) defined in Equa-
tion (7). This piecewise function uses threshold parameters
01,...,09 that ensure B(]D|) > 0, providing different
scaling behaviors for small, medium, and large datasets.

01+ Lo ID| < 6,
B(D|) = { 05 + (21502005 0, < |D| <05 (7)
07 + min ( fg, |D|9;96) , otherwise

Consistency C(D) measures the stability of the entropy
across subsets of data using Equation (8). Here, cv represents
the coefficient of variation of entropy measurements across
multiple random subsets, while 7;,72,n3 are adjustment
parameters for proper scaling.

C(D) = B(|D|) + max(—n1,m2 — cv - 13) (8)

Verifiability V(D) assesses entropy preservation under
verification processes as shown in Equation (9). Here,
Hyerifiea(D) represents the combined entropy from a ver-
ified dataset obtained through data cleaning, including re-
moval of duplicates, invalid entries, and noise. The parame-
ters ¢1, . .., ¢4 are weighting factors that control the relative
importance of base scoring and entropy preservation.

V(D) =¢1 - B(|D|) + 62 - max (¢3,
Hcom ine D) — H’ueri ie D (9)
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Integrity I(D) evaluates robustness to data incomplete-
ness using Equation (10), incorporating both the base scoring
function and a robustness measure R(D). The robustness
measure, defined in Equation (11), tests data resilience by
comparing entropy before and after random data reduc-
tion, typically involving 15-20% data removal. The weights
11,19, 13 balance size effects and robustness characteris-
tics, where Hcqyced(D) represents entropy from the ran-
domly reduced dataset.

I(D) =11 - B(|D|) + 2 - R(D) (10)

|Hcombined(D) - Hr'educed(D)|
R(D) = max ( ,1— )
( ) w3 Hcombined(D)

(1)

C. Trusted Data Valuation

The final trusted data value integrates entropy and trust
assessments defined as:

Value(D) = Heompinea(D) x T(D) (12)

This formulation ensures that data value reflects both in-
formation content (entropy) and reliability (trust), providing
a comprehensive valuation metric for various data-driven
applications. The non-negative property of both components
guarantees meaningful and interpretable valuation results.

IV. EXPERIMENTS

A. Experimental Setup

1) Datasets: To test the method’s applicability, we se-
lected two textual datasets: the SMS Spam Collection [20]
and the Gender by Name [21] dataset. The former repre-
sents binary text classification, while the latter involves gen-
der prediction from proper names with different linguistic
features. We used one text attribute as the predictor and the
other as the target variable. Detailed information is presented
in Table 1.

Table I: Detailed information of selected textual datasets.

Dataset Data Types | Records | Attributes
SMS Spam Collection Text 5572 1
Gender by Name Text+Num 147269 3

2) Data Division Strategies: We adopted two strategies
for subset construction. Entropy-Based Grouping: Each
record’s Shannon entropy is computed, and the dataset is
sorted and divided into equal-sized groups, yielding sub-
sets with comparable informational complexity. Cumulative
Percentage Sampling: After randomly shuffling the dataset,
subsets are formed by sequentially taking the first 10%, 20%
up to 90%, mimicking a scenario of incremental data growth.
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Figure 2: Relationship between combined entropy and classification accuracy across datasets with different grouping methods.

3) Evaluation Protocol: We calculate a Valuation Value
for each data subset and validate its effectiveness by training
ridge regression models on each subset. We then analyze the
correlation between our Valuation Value and the resulting
model accuracy. A strong correlation indicates that our
metric effectively predicts data utility.

B. Experimental Results and Analysis

1) Data Valuation Results: Our information entropy-
based valuation method produces consistent results across
both datasets and grouping strategies, as shown in Figure 1.

For entropy-based grouping, the SMS dataset shows valu-
ation values from 11.36 to 11.91 across four entropy groups
(Figure 1a), demonstrating sensitivity to textual complexity
variations. The Gender dataset exhibits a wider range of
19.27 to 19.81 across five groups (Figure 1b), reflecting
greater diversity in name structures. These results support
our theoretical framework that higher entropy content re-
ceives higher valuation due to increased information density.
Percentage-based grouping reveals dataset size effects on
valuation. The SMS dataset increases steadily from 11.29
to 12.52 as data percentage grows from 10% to 90 % (Fig-
ure Ic), while the Gender dataset shows a higher increase
from 18.45 to 23.42 (Figure 1d). This scaling behavior
confirms our method correctly incorporates that larger, more
comprehensive datasets possess greater value for machine
learning applications.

2) Validation Through Machine Learning Performance:
The correlation analysis between valuation results and clas-
sification accuracy validates our method, as shown in Fig-
ure 2 and Table II. The results reveal distinct patterns:

a strong negative correlation (-0.919) for SMS entropy-
based grouping correctly identifies the inverse relationship
between entropy complexity and classification ease, while
positive correlations for gender entropy grouping (0.787)
and percentage-based analyses (0.803 for SMS, 0.595 for
Gender) confirm that our valuation appropriately captures
data utility relationships across different splitting strategies.

For entropy-based grouping, the SMS dataset shows the
strongest correlation, with accuracy decreasing from 99.3%
to 96.4% as entropy increases (Figure 2a). This suggests
high-entropy messages, while informationally valuable, pose
greater classification challenges due to linguistic complexity.
Conversely, the Gender dataset exhibits a strong positive
correlation (0.787), with accuracy increasing from 72.8% to
83.8% (Figure 2b), indicating higher entropy names provide
more discriminative features. The percentage-based analysis
confirms the expected positive relationship between dataset
size and performance, with correlation coefficients of 0.803
and 0.595. SMS accuracy improves consistently from 94.6%
to 98.2% as data volume increases (Figure 2c), while the
Gender dataset shows fluctuations around 78% with a peak
at 60% data inclusion (Figure 2d). These systematic cor-
relations validate that our entropy-driven valuation method

Table II: Valuation Value-Accuracy Correlation Analysis

Experiment Correlation Coefficient
(a) SMS Split by Entropy Group -0.919
(b) Gender Split by Entropy Group 0.787
(c) SMS Split by Percentage 0.803
(d) Gender Split by Percentage 0.595




successfully captures the relationship between data charac-
teristics and practical utility, establishing our framework’s
effectiveness.

V. CONCLUSION

This paper presents a data valuation framework com-
bining information entropy with trust assessment through
consistency, verifiability, and integrity measures. Our multi-
dimensional entropy approach demonstrates strong correla-
tions with data utility in progressive analysis experiments,
establishing quantitative standards for transparent data pric-
ing and providing a reliable foundation for data trading
platforms. To address current limitations including static
pricing models and limited data type coverage, future re-
search directions include integrating reinforcement learning
for dynamic pricing, developing advanced entropy measures
for complex data types, implementing federated learning
for privacy-preserving valuation, and exploring blockchain
implementations for enhanced trust mechanisms, enabling
transformation from static to adaptive valuation systems
while preserving fundamental entropy-based principles.
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