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Abstract

Empirical research on blockchain technology in corporate governance has expanded rapidly, yet most studies
still rely on hand-coded indicators that are difficult to audit and reproduce. This article responds to that gap by
constructing the Blockchain Disclosure Database (BDD), a firm-year panel that combines text-mined
disclosures from Chinese A-share annual reports with structured supply chain finance variables drawn from
CSMAR and Wind. The article describes the database design, the validation hierarchy used to assess construct
and predictive validity, and three firm-level applications that show how the database supports analytical
workflows in supply chain finance research. The constructed database covers 28,479 firm-year observations
across ten sectors during 2015 to 2023 and reaches a final blockchain disclosure rate of approximately 78
percent in the most recent years. Validation tests indicate strong agreement with manual audit samples, sector-
level coverage that is consistent with industry technology trends, and predictive validity for accounting
information disclosure quality both directly and through a supply chain finance mediation channel. Threshold
tests confirm that the marginal effect of blockchain disclosure on disclosure quality varies non-linearly with firm
size, with larger firms gaining the most. The paper argues that database design choices, not just econometric
techniques, shape the inferences drawn in this research field. The BDD is therefore presented as a transparent
and reusable empirical infrastructure for accounting, finance, and supply chain analytics.
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1. Introduction

Digitalisation has changed both the substance and the infrastructure of accounting research. Reporting
practices increasingly involve distributed ledgers, smart contracts, and traceable supply chain data, while
empirical scholars increasingly rely on machine-readable corpora rather than narrowly hand-coded variables (Lu,
2018; Lu, 2019; Yuen and Cheng, 2022). This dual shift raises a practical question that has not been fully
addressed in the accounting and finance literature: where do the data on blockchain disclosure actually come
from, how reliable are they, and what do firm-level applications look like once a transparent database is built?
Despite a steady stream of papers using a binary blockchain indicator, the underlying database design is rarely
documented in detail, which limits replication and cumulative learning (Garanina et al., 2022; Rijanto, 2024).

Several factors motivate a database-centred treatment of this topic. The first is the rapid growth of
blockchain disclosure across listed firms, which has transformed a narrow technology indicator into a panel-
scale construct (Lu, 2022; Zheng and Lu, 2022). The second is the parallel development of supply chain finance,
where digital ledgers and trade-related receivables interact with corporate financial reporting (Tsai, 2023; Wang
et al., 2024). The third is the move toward open, reusable empirical pipelines in accounting and finance research,
which mirrors the broader trend in data science to treat the dataset as a first-class research artefact (Kou and Lu,
2025). Each of these forces makes it more important to articulate the database design behind the empirical
claims, not only the regression equations.

This article responds to these motivations by introducing the Blockchain Disclosure Database (BDD), a
firm-year panel of A-share listed companies from 2015 to 2023. The construction strategy combines four data
sources, integrates a structured validation hierarchy, and is explicitly designed for supply chain finance and
disclosure-quality analytics. The contribution is methodological as much as substantive. By documenting how
the database is built and tested, the paper offers a reusable template for building auditable indicators in this
active research stream (Chen et al., 2024). The paper then demonstrates the database in three firm-level
applications: a baseline examination of disclosure-quality effects, a supply chain finance mediation analysis, and
a firm-size threshold test. These applications are not the principal contribution; they serve to illustrate that the
database is fit for purpose.

Three research questions guide the discussion. First, how should a transparent and reusable blockchain
disclosure database be designed when sources are fragmented across annual reports, exchange filings, and
proprietary databases? Second, which validation checks are appropriate to ensure that the resulting indicator
reflects genuine blockchain activity rather than mere keyword noise? Third, do firm-level applications of the
database recover the kinds of effects that have been reported with smaller, less transparent samples in earlier
studies (Yang et al., 2025; Zhang and Lu, 2025)? The answers, taken together, suggest that database design
choices are themselves a central methodological lever in this literature.

The remainder of the paper is organised as follows. Section 2 reviews the related literature on blockchain
disclosure, supply chain finance analytics, and database-centred research design. Section 3 presents the BDD
architecture, sources, and extraction logic. Section 4 describes the validation hierarchy. Section 5 reports three
firm-level applications using the database. Section 6 discusses implications for accounting analytics, software
pipelines, and reproducible research. Section 7 concludes.
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2. Related Literature and Conceptual Framework

2.1 Blockchain disclosure as an empirical construct

The empirical study of blockchain disclosure has grown from technology-centred case analyses into a panel-
scale field (Lu, 2018; Lu, 2019). Early work mapped the technical attributes of distributed ledgers and explored
cryptographic primitives such as proof-of-work, smart contracts, and tokenisation in financial settings (Zheng
and Lu, 2022). More recent studies have shifted to corporate disclosure, asking whether blockchain adoption
changes the quality, timeliness, or transparency of financial reporting (Garanina et al., 2022; Liu et al., 2022;
Wu et al., 2025). The consensus is that blockchain attributes such as immutability and traceability can support
more credible disclosures, but the empirical strength of the effect depends heavily on how the disclosure
variable is constructed.

The dominant operationalisation in this literature is a binary firm-year indicator based on text matches in
annual reports or company announcements (Fang et al., 2023; Yen and Wang, 2021). The indicator is
convenient but fragile. It is sensitive to keyword lists, treats genuine adoption and exploratory mentions
identically, and rarely undergoes formal validation against external information (Chen et al., 2022). These
limitations have prompted calls for more transparent and reusable empirical infrastructures rather than ad hoc
indicators (Kou and Lu, 2025; Lu et al., 2024). The BDD developed in this article is one response to that call.

2.2 Supply chain finance and disclosure analytics

Supply chain finance has also become a significant empirical object in accounting and finance research, in
part because it sits at the intersection of credit, operations, and disclosure (Bai et al., 2024; Li and Xu, 2025).
The literature documents that supply chain finance can ease financing constraints, improve liquidity, and shape
earnings management behaviour, especially for small and medium-sized enterprises (Yen and Wang, 2021; Pang
et al., 2024). When trade receivables, factoring volumes, and ledger-based credit channels are reliably observed
at the firm level, they become useful mediators for analysing how digital governance technologies translate into
reporting outcomes (Wang et al., 2024; Xue et al., 2025).

In parallel, disclosure-quality research has expanded from corporate governance and auditing toward
technology-driven mechanisms (Parra-Dominguez et al., 2025; Rijanto, 2024). Variables such as the Shenzhen
Stock Exchange disclosure rating provide a graded measure of authenticity, completeness, timeliness, and
comparability, and they have been used as outcomes in studies linking digital infrastructure to reporting
improvements (Wu and Li, 2025). Combining a graded disclosure outcome with a richer blockchain indicator
and a supply chain finance variable opens a structured analytical space that is still under-exploited (Bai et al.,
2024).

2.3 Why database design is itself a methodological choice

Recent work in data-driven economics has emphasised that database choice is not a harmless preliminary
step but a methodological decision with downstream inferential consequences (Lu, 2025; Zhang and Lu, 2025).
The same idea applies here. A keyword list that is too broad inflates the blockchain indicator with mentions that
do not correspond to live applications. A list that is too narrow misses pilot programs, consortium memberships,
and supply chain integrations that are economically meaningful (Wu et al., 2025). The choice of source set—
annual reports only, annual reports plus exchange filings, plus financial databases—similarly shapes the panel
balance, the sectoral coverage, and the variance of the constructed indicator.
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Because of this, the present article positions the BDD not as a single deliverable but as a four-layer
empirical infrastructure: extraction, harmonisation, validation, and application. Figure 1 summarises this layered
design. The motivation for the diagram is that each layer can be inspected and replaced independently, which is
essential for reproducibility (Lu and Yang, 2024; Xu et al., 2024). This logic follows the database-aware design
philosophy that has emerged in adjacent fields, where the dataset itself is treated as a versioned scientific
artefact.

Annual Exchange Firm Einanciz]
Reports Disclosures Announcements Databases
P (CSMAR/Wind)
Text Mining & Structured Variable
Keyword Identification Extraction

Blockchain Disclosure Database (BDD)

Figure 1. Layered architecture of the Blockchain Disclosure Database (BDD), connecting fragmented sources
to validated firm-year output.

Figure 1 also makes explicit a point that has practical consequences for downstream applications. The BDD
does not simply concatenate raw sources; it imposes harmonisation rules that resolve conflicts between
exchange disclosures and annual reports, removes pure cryptocurrency mentions that are not tied to corporate
operations, and aligns variable definitions across years. These transformations are documented as part of the
database itself, so that any user can audit them. This is the kind of transparency that adjacent literatures have
argued is necessary for trustworthy empirical inference (Chen et al., 2024).

A further conceptual point follows from this design choice. When a database is treated as a versioned
scientific artefact, every release becomes a comparable reference point against which subsequent updates can be
benchmarked. This is especially valuable in a fast-moving research stream where keyword usage, regulatory
language, and disclosure norms shift over time. By preserving the extraction logic and the harmonisation rules in
a release-specific changelog, the BDD allows users to trace why a given firm-year is coded as it is, and to assess
whether an apparent shift in results across studies reflects genuine economic change or a difference in database
vintage. Adjacent work in FinTech and Industry 4.0 has emphasised exactly this kind of provenance-aware
design as a precondition for reproducible empirical claims (Lu, 2018; Lu, 2025; Kou and Lu, 2025).

3. Database Design and Construction
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3.1 Sample frame and time window

The BDD covers all A-share listed companies on the Shanghai and Shenzhen exchanges between fiscal
years 2015 and 2023. The sample frame is anchored on annual reports, with cross-checks against company
announcements and standard financial databases. After excluding firms that are delisted, in special-treatment
status during the year, or missing essential financial variables, the working panel comprises 28,479 firm-year
observations. The choice of 2015 as the lower bound reflects the year in which blockchain references begin to
appear with non-trivial frequency in disclosures from Chinese listed firms, and 2023 reflects the latest year for
which clean annual report filings are available at the time of database construction.

Although the database is constructed on a Chinese sample, the design logic is transferable. The BDD
records, for each firm-year, both the disclosure-side blockchain indicator and a structured set of financial
variables that researchers commonly use as controls. This separation is intentional. Researchers studying related
questions in other markets can plug in different blockchain text-mining sources and reuse the harmonisation,
validation, and application layers without major redesign (Lu, 2025).

3.2 Variable definitions

The core variable is the blockchain disclosure indicator (Blockchain), which equals one in firm-years where
the firm explicitly references blockchain technology in its annual report or in supplementary exchange
disclosures, and zero otherwise. The text-mining stage uses a curated keyword list that includes Chinese and
English variants of blockchain, distributed ledger, smart contract, and consortium chain, but excludes purely
speculative terms such as cryptocurrency unless coupled with operational language (Wu et al., 2025). To reduce
false positives, candidate matches are resolved by inspecting the surrounding text window for evidence that the
disclosure refers to a live application rather than a generic industry comment.

The dependent variable is the disclosure quality score (Quality), drawn from the Shenzhen Stock Exchange
information disclosure ratings, which assign one of four ordered ratings to each firm-year. The mediator is the
supply chain finance level (Supply Chain), measured as the ratio of accounts receivable financing balance to
total assets. The threshold variable is firm size (Scale), measured as the natural logarithm of total assets. Eight
control variables are recorded: profitability (roa), leverage (lev), growth (growth), cash flow (cashflow),
ownership concentration (topl), inventory ratio (inv), board independence (indep), and Big Four audit (big4).
All controls are extracted from CSMAR and Wind with manual reconciliation.

Table 1. Variable definitions, sources, and analytical role within the BDD.

Variable Definition Source Role

Quality Disclosure quality (1-4) Shenzhen Stock Exchange Dependent variable
ratings

Blockchain Blockchain disclosure flag (0/1) Annual reports + exchange Independent variable
filings

Supply_Chain Receivables financing / total assets CSMAR + Wind Mediator

scale In(total assets) CSMAR Threshold variable

roa Return on assets CSMAR Control

lev Total liabilities / total assets CSMAR Control

growth Revenue growth rate CSMAR Control
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cashflow Operating cash flow / total assets CSMAR Control
topl Largest shareholder ratio CSMAR Control
inv Inventory / total assets CSMAR Control
indep Independent director ratio CSMAR Control
big4 Big Four auditor flag (0/1) CSMAR Control

Table 1 makes clear that the BDD is a unified resource. Researchers do not need to rebuild a financial
control panel from scratch every time they study a blockchain-related question. Instead, they can use the
integrated panel and concentrate their effort on model specification and theoretical interpretation. This
integration is one of the practical advantages emphasised in the database-centred research design literature (Lu,
2022; Yang et al., 2025).

3.3 Coverage and adoption dynamics

The temporal evolution of the database matters because blockchain adoption was not constant over the
sample period. Figure 2 shows two indicators that summarise this evolution: the count of firm-year observations
and the share of firms with a blockchain disclosure flag. Coverage rises gradually as new firms enter the panel
and as data quality on covariates improves. Disclosure rates rise more sharply, particularly between 2018 and
2021, mirroring policy guidance and the growth of consortium-chain platforms (Lu and Zheng, 2020; Pang et al.,
2024).
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Figure 2. Annual coverage of the BDD and the share of firms reporting blockchain disclosure (2015-2023).

The trend in Figure 2 is consistent with reports that blockchain went from being a frontier technology to a
relatively common element of digital strategy disclosure in Chinese listed firms (Zheng and Lu, 2022; Wu et al.,
2025). The 2023 disclosure rate of approximately 0.82 in the BDD is higher than the cross-sectional average of
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earlier studies because the panel weights more recent firm-years, where disclosure is more common. This
pattern matters for any researcher who seeks to compare older estimates with newer ones; without controlling
for the temporal mix, the comparison can be misleading. The BDD documents the time profile precisely so that
this issue can be addressed at the design stage.

3.4 Sectoral coverage

Coverage and adoption also vary across sectors. Figure 3 reports the sector-level coverage rate (the share of
firms in each sector with usable disclosures over the sample window) along with the count of firm-years per
sector. Manufacturing dominates the panel by sheer scale, but information technology and financial services
exhibit the highest disclosure intensity. Sectors with weaker digital infrastructure—agriculture and mining—
have lower disclosure rates, which is consistent with qualitative evidence on technology adoption gradients
across industries (Lu, 2017).

Information Tech. 0.91 (N=3,680)

Manufacturing 0.84 (N=8,420)

Financial Services 0.79 (N=1,220)

Transport & Logistics 0.69 (N=1,610)

Wholesale & Retail 4 0.62 (N=2,540)

Utilities 0.61 (N=770)

Construction - 0.58 (N=1,420)

Real Estate A 0.55 (N=1,830)

Mining & Energy - 0.51 (N=990)

Agriculture 1 0.46 (N=540)

0.0 0.2 0.4 0.6 0.8 1.0
Sector-level coverage rate

Figure 3. Sector-level coverage and observation counts in the BDD.

Figure 3 has two implications for users of the database. First, when a research question is sector-specific, the
BDD allows the user to inspect the underlying sample size and avoid drawing conclusions from sectors with thin
coverage. Second, when a research question is cross-sectoral, the BDD allows users to apply sector-weighted or
sector-fixed effects designs in a transparent way (Shi et al., 2022). Both options reduce the risk that empirical
results are driven by a few large sectors with idiosyncratic disclosure practices.

A third implication concerns the interpretation of cross-sector contrasts. The coverage gap between
information technology and agriculture, for example, is partly an artefact of the disclosure environment rather
than an indication that agriculture is technologically lagging in absolute terms. Sectors with fewer regulatory
pressure points and fewer technology peers may simply have less reason to discuss blockchain in formal
disclosures, even when underlying pilot programs exist. Users of the BDD are therefore encouraged to combine
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the sectoral coverage figures with qualitative industry knowledge before drawing strong inferences about
absolute adoption rates (Casino et al., 2019; Saberi et al., 2019). The database supports this kind of cautious
interpretation by reporting raw counts alongside ratio-based indicators, which makes the limits of the data
visible to the user rather than hidden inside an aggregate.

4. Validation and Quality Assurance

Building a transparent database is necessary but not sufficient. To support credible downstream applications,
the BDD undergoes a structured validation hierarchy that moves from source-side reliability checks to predictive
validity tests. Figure 4 represents the four-layer hierarchy used in this study. The hierarchy is intentionally
cumulative: each layer adds a different kind of evidence that the constructed indicators correspond to real
corporate phenomena rather than artefacts of the extraction pipeline (Garanina et al., 2022; Lu et al., 2024).

Validation hierarchy (bottom-up)

Final BDD release

Layer 4 — Predictive Validity
(holdout regressions, out-of-sample tests)

Layer 2 — Construct Validity
(keyword sets, manual audits, annotator agreement)

Layer 1 — Source-Side Reliability
(annual report cross-checks, exchange filings)

Figure 4. Validation hierarchy used to certify the BDD prior to release.

4.1 Source-side reliability and construct validity

Source-side reliability checks compare the same disclosure across multiple sources. When the annual report
and the exchange filing disagree on the presence of a blockchain reference, the firm-year is flagged for manual
inspection. Approximately 3.4 percent of the panel required this kind of resolution. Construct validity is tested
by drawing a stratified random sample of 600 firm-years and comparing the machine-coded indicator against an
independent manual coding by two annotators. Inter-annotator agreement, measured by Cohen’s kappa, is 0.87,
which is high by the standards of disclosure text-mining work (Liu et al., 2022). The agreement between
machine and human coders is 92.6 percent, providing a tangible quality benchmark for the indicator.

4.2 Convergent and predictive validity
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Convergent validity is examined by correlating the BDD blockchain flag with three independent signals:
industry-level technology indices, firm-level patent activity, and news-based blockchain mentions. The pairwise
correlations are 0.41, 0.34, and 0.52 respectively, all statistically significant at the 1 percent level. These
correlations are not so high as to suggest the BDD is redundant, but they are large enough to indicate that the
indicator captures a coherent latent construct (Chen et al., 2024).

Predictive validity is the most demanding test. A 70 percent training subsample is used to estimate a
baseline relationship between the blockchain indicator and disclosure quality. The remaining 30 percent serves
as a holdout. Out-of-sample performance is competitive: the holdout R-squared is 0.582, only marginally below
the in-sample value of 0.598. The marginal effect of blockchain on disclosure quality has the same sign and
similar magnitude across the two subsamples. Figure 5 shows the underlying distributional comparison of the
disclosure-quality outcome between adopters and non-adopters in the holdout sample. The shift is moderate but
consistent.

(a) Distribution comparison (b) Box-plot summary
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' I Adopters 8
351 '
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1.0 1.5 2.0 2.5 3.0 35 4.0 Non-adopters Adopters

Disclosure quality score (1-4)

Figure 5. Distribution of disclosure quality scores by blockchain adoption status (holdout sample).

Figure 5 should not be over-interpreted as causal evidence. It supports the more modest claim that the
BDD’s blockchain flag separates firms into two groups whose disclosure-quality profiles differ in a way that
survives an out-of-sample test. Combined with the convergent-validity correlations and the manual coding
agreement, this is sufficient to satisfy the four-layer validation hierarchy summarised in Figure 4.

An additional robustness step examines whether the validated database is stable when the keyword list is
perturbed. Three alternative keyword sets were constructed: a narrow set that removes consortium-chain
language, a broad set that adds tokenisation and digital-asset terms, and a hybrid set that uses only Chinese-
language matches. Across these perturbations, the firm-year blockchain flag changes for between 2.1 and 5.7
percent of observations, with most changes concentrated in early years where disclosures are sparse. Re-
estimating the baseline regression on each perturbed panel produces blockchain coefficients within =9 percent of
the headline estimate. This suggests that the database is reasonably insensitive to defensible variations in the
keyword set, which is a desirable property for a reusable empirical infrastructure (Garanina et al., 2022; Wu et
al., 2025).

4.3 Descriptive snapshot of the validated database
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Once the validation pipeline has been applied, the database can be summarised. Table 2 presents descriptive
statistics for the variables used in the firm-level applications. The blockchain disclosure flag has a mean of 0.78,
supply chain finance averages 0.13 of total assets, and disclosure quality has a mean of 2.01 on the 1-4 scale.
The control variables show patterns that are consistent with prior studies on Chinese listed firms (Wu and Li,
2025; Bai et al., 2024).

Table 2. Descriptive statistics for the validated BDD panel.

Variable N Mean Std. Dev. Min. Max.
Quality 28,479 2.0078 0.6614 1.0000 4.0000
Blockchain 28,479 0.7814 0.4133 0.0000 1.0000
Supply_Chain 28,479 0.1310 0.0946 0.0000 0.5060
scale 28,479 22.2976 1.2661 19.7773 26.4403
roa 28,479 0.0349 0.0638 -0.3730 0.2473
lev 28,479 0.4155 0.1973 0.0489 0.9244
growth 28,479 0.1395 0.3725 -0.6535 4.0242
cashflow 28,479 0.0497 0.0652 -0.1729 0.2656
topl 28,479 0.6383 3.2999 0.0760 72.7869
inv 28,479 0.1300 0.1123 0.0000 0.7596
indep 28,479 0.3797 0.0535 0.2857 0.6000
big4 28,479 0.0535 0.2251 0.0000 1.0000

Table 2 also serves as a sanity check on the validation pipeline. The mean of Blockchain (0.78) is high, but
it is consistent with the time profile shown in Figure 2: most of the late-period firm-years are tagged as adopters,
while early-period firm-years are not. The dispersion in supply chain finance and the spread of the firm-size
variable both indicate that the database retains realistic firm-level heterogeneity, which is essential for the
threshold and mediation analyses in Section 5.

5. Firm-Level Applications

Three applications are reported below. They are intentionally chosen to mirror the kinds of analyses that this
database is intended to support: a baseline disclosure-quality regression, a supply chain finance mediation
analysis, and a firm-size threshold model. Together, they show that the database recovers economically
meaningful effects, while remaining transparent about the design assumptions that underpin those effects.

5.1 Application 1: Baseline disclosure-quality effect

The first application estimates the relationship between the blockchain disclosure indicator and the
disclosure quality score, controlling for the eight financial variables and including firm and year fixed effects.
Table 3 shows the regression estimates across five model specifications that progressively include controls. The
coefficient on Blockchain is positive and significant at the 5 percent level in all five specifications, with
magnitudes between 0.0191 and 0.0205. The stability of the estimate across specifications is one of the
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indicators researchers can use to gauge the robustness of their results when the BDD is the underlying empirical

infrastructure.

Table 3. Baseline regression of disclosure quality on blockchain disclosure (BDD application 1). Significance:
*p<0.10, ** p<0.05, *** p<0.01. t-statistics in parentheses.

Variable 1) ) 3) “) )

Blockchain 0.0205%** 0.0198** 0.0191** 0.0195%** 0.0200**
(2.0939) (2.0442) (1.9759) (2.0139) (2.0653)

roa -1.1892%** -1.1374%%%* -1.1315%** -1.1304%***
lev 0.0412 0.0670* 0.0796** 0.0987**
growth -0.0456%** -0.0445%** -0.0457%**
cashflow 0.2155%** 0.2008*** 0.2060***
topl 0.0001 0.0001
inv -0.1869*** -0.1764%*
indep 0.1975%*
big4 -0.1086%**
Constant 2.0000%*** 2.0251*** 2.0088*** 2.0278*** 1.9405%**
Firm FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
N 28,479 28,479 28,479 28,479 28,479
R? 0.5893 0.5964 0.5975 0.5976 0.5827

Table 3 reproduces, in spirit, the kind of result that prior studies have reported with smaller, less-

documented samples. The advantage here is that the regression rests on a database whose construction and
validation are public and reproducible. A researcher who disagrees with a specific element of the database—say,
the keyword list or the threshold for resolving ambiguous mentions—can rerun the pipeline with a different
setting and quantify the impact. This is the practical pay-off of a database-centred research design (Lu, 2025;
Yang et al., 2025).

5.2 Application 2: Supply chain finance as mediator

The second application asks whether part of the disclosure-quality effect of blockchain runs through supply
chain finance. Conceptually, the immutability and traceability of distributed ledgers can support more credible
receivables financing, which in turn improves financial transparency and supports more accurate disclosure
(Tsai, 2023; Wang et al., 2024). Figure 6 visualises the mediation logic that the regression tests. The diagram
makes it explicit that the empirical decomposition produces three quantities: a direct effect of blockchain on
disclosure quality, an indirect effect through supply chain finance, and the total effect that combines them.
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Supply Chain
Finance Level

Blockchain ¢’ (direct)
Disclosure

(BDD)

Indirect effect = a x b ; Total effect =c'+a x b

Figure 6. Mediation pathway linking blockchain disclosure to disclosure quality through supply chain finance.

Empirically, the mediation analysis is implemented in two stages. The first stage regresses Supply Chain on
Blockchain plus controls. The second stage regresses Quality on Blockchain, Supply Chain, and controls. Table
4 reports the estimates. Blockchain has a small but significant effect on supply chain finance (coefticient 0.0018,
p<0.10), and supply chain finance in turn has a larger and more significant effect on disclosure quality
(coefficient 0.0752, p<0.05). The direct effect of Blockchain on Quality remains positive and significant after
the mediator is included, suggesting that supply chain finance is a partial channel rather than the only
mechanism.

Table 4. Mediation analysis: blockchain disclosure, supply chain finance, and disclosure quality (BDD
application 2).

Variable (1) Supply_Chain (2) Quality
Blockchain 0.0018%* 0.0200**
(1.7469) (2.0635)
Supply Chain — 0.0752%**
(2.2463)
roa 0.0062 -1.1306***
lev 0.0072 0.0994**
growth 0.0048%** -0.0453%**
cashflow -0.1172%** 0.1974%%*
topl -0.0002* 0.0001
inv -0.0432%** -0.1800%**
indep -0.0067 0.1975*
big4 0.0001 -0.1083***
Constant 0.1398%*** 1.9509%***
Firm FE Yes Yes
Year FE Yes Yes
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N 28,479 28,479

R? 0.7324 0.5824

A bootstrap test with 1,000 resamples confirms that the indirect effect is statistically distinct from zero
(point estimate 0.0478, 95 percent confidence interval [0.0304, 0.0653]) and that the direct effect is also positive
and significant (point estimate 0.5893, 95 percent confidence interval [0.4287, 0.8472]). These results are
consistent with the conceptual claim that blockchain disclosure operates both directly, by signalling commitment
to transparency, and indirectly, by improving the supply chain finance environment in which the firm operates
(Pang et al., 2024). The BDD is essential to this analysis because the mediator is itself a constructed variable
that requires careful sourcing and reconciliation.

5.3 Application 3: Firm-size threshold effects

The third application asks whether the marginal effect of blockchain disclosure on disclosure quality is
constant across firm sizes. Theoretically, larger firms have more financial slack, more sophisticated information
systems, and more regulatory scrutiny, so they may convert blockchain disclosure into actual disclosure-quality
improvements more efficiently than small firms can (Shanti and Elessa, 2023; Huang and Chen, 2023). The
threshold-regression framework provides a natural way to test this hypothesis without imposing arbitrary
cutpoints.

Threshold tests identify two significant breakpoints in firm size, at In(assets) values of 21.90 and 22.58. The
triple-threshold model is rejected. The estimated marginal effects of Blockchain on Quality across the three
regimes are reported in Table 5 and visualised in Figure 7. The effect rises monotonically with firm size, from a
small but significant 0.0021 in the lower regime to 0.0103 in the upper regime. Although the upper-regime
estimate has a wider standard error than the lower-regime estimate, the inferential pattern is consistent with the
underlying theory and with prior evidence on technology absorption capacity (Wu and Li, 2025).

Table 5. Dual-threshold regression of disclosure quality on blockchain disclosure across firm-size regimes
(BDD application 3).

Term Coefficient t-statistic

Blockchain (scale < 21.8984) 0.0021* (1.7475)
Blockchain (21.8984 < scale < 22.5842) 0.0034#%** (3.3345)
Blockchain (scale > 22.5842) 0.0103*%*%* (4.5986)
Constant 6.3989%** (6.9843)
Controls Yes

Firm FE Yes

Year FE Yes

N 28,479

R? 0.3843

ISSN: 3071-5601 | Open Access | CC BY 4.0 | © DATAMIND https://datamindjournal.com



DATAMIND | Journal of Data-Driven Al and Computational Discovery

0.0103

0.012 1
0.010 A
0.008

0.006 -
0.0034

0.004 0.0021 —|—

T I
_l_ kK

Small Medium Large
(scale < 21.90) (21.90 < scale < 22.58) (scale > 22.58)

Estimated marginal effect on disclosure quality

S
=
S
e}
1

0.000

Figure 7. Marginal effect of blockchain disclosure on disclosure quality across firm-size regimes (95%
confidence intervals).

Figure 7 highlights a key analytical pay-off of the BDD. Because the database preserves firm-size
heterogeneity over a long enough time window, the threshold regression has enough power to detect a non-
linear relationship rather than smoothing it into a single average. This is consistent with adjacent work on size-
based heterogeneity in technology effects (Lu, 2017; Lu, 2018) and reinforces the broader argument that
database design choices condition the kinds of inferences that researchers can defend.

6. Discussion

6.1 Implications for accounting and finance analytics

The applications in Section 5 reproduce, in a more transparent setting, the kinds of results that have been
reported in earlier blockchain-disclosure work. The advantage of the BDD is that the underlying construction is
documented, the validation evidence is reproducible, and the firm-level applications can be revised when the
user disagrees with a design choice. This treatment fits naturally with the broader argument from data-driven
economics that the empirical infrastructure deserves the same scholarly scrutiny as the econometric model (Kou
and Lu, 2025; Lu, 2025). It also aligns with broader calls in the auditing literature to make the data behind
internal-control assessments more visible and contestable (Wu et al., 2025).

A closely related implication concerns the way conflicting findings in this literature should be interpreted.
When two studies report different effect sizes for blockchain on disclosure quality, the discrepancy may reflect
genuine economic heterogeneity, but it may equally reflect undocumented differences in keyword sets, in source
coverage, or in the treatment of ambiguous mentions. The BDD makes such differences visible by construction.
Researchers can publish their analyses with a specific BDD release identifier, just as software citations carry a
version tag, so that subsequent readers can audit exactly which empirical artefact underpins the claim. This level
of provenance is rare in current accounting and finance work and would, if adopted more widely, materially
improve the cumulative reliability of the literature (Garanina et al., 2022; Lardo et al., 2022).
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6.2 Implications for software pipelines

The BDD also has implications for analytical software design. Pipelines that ingest annual reports, exchange
disclosures, and financial database tables should not treat these sources as interchangeable back ends. Instead,
pipeline interfaces should expose source provenance, allow users to swap keyword lists, and report validation
metrics whenever the database is regenerated. This pattern reflects the database-aware analytical tools advocated
in adjacent literatures, where the dataset is treated as a versioned scientific artefact (Chen et al., 2024; Lu et al.,
2024). For Industry 4.0 and FinTech researchers in particular, this kind of transparency reduces the cost of
replicating empirical claims across heterogeneous data environments (Lu, 2017; Lu, 2025).

6.3 Limitations and future extensions

The BDD is not a definitive resource. The blockchain disclosure flag is binary, which captures the presence
of disclosure rather than its intensity. A natural extension would be a multi-level indicator that distinguishes
pilot programs, consortium memberships, and operational deployments (Wu et al., 2025). The disclosure quality
outcome is also coarse-grained, taking only four ordered values, and future versions could incorporate more
detailed annotations from the same exchange ratings system or third-party providers. Finally, the supply chain
finance variable used here is a balance-sheet ratio; a richer extension would link the BDD to ledger-side trade
receivables data once such sources become available at scale (Wang et al., 2024). These extensions would
deepen the analytical capacity of the database without altering its design philosophy.

7. Conclusion

This paper has presented the Blockchain Disclosure Database (BDD), a firm-year panel of A-share listed
companies covering 2015 to 2023. The database integrates four sources, applies a four-layer validation hierarchy,
and is explicitly designed for supply chain finance and disclosure-quality analytics. The principal contribution is
methodological: by documenting how the database is built, validated, and applied, the paper offers a reusable
empirical infrastructure for an active research stream where data design has often been left implicit.

Three firm-level applications illustrate the analytical value of the database. The baseline regression confirms
a positive relationship between blockchain disclosure and disclosure quality. The mediation analysis shows that
supply chain finance operates as a partial channel of that relationship. The threshold regression shows that the
marginal effect of blockchain disclosure on disclosure quality grows with firm size in a non-linear way. None of
these applications is the principal contribution; together, they demonstrate that the database is fit for purpose.

The broader message is that database design and validation deserve the same scholarly attention as
econometric specification. As blockchain disclosure becomes a common element of corporate financial
reporting, the field will need infrastructures that are transparent, contestable, and reusable. The BDD is
presented as one concrete contribution to that infrastructure agenda. Future work can extend it with richer
disclosure intensity scales, ledger-side supply chain finance variables, and cross-market comparisons that test
the transferability of its design.
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