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Abstract

Exchange-listed medical data products create information and pricing asymmetry because
sellers, buyers, and governance reviewers do not observe the same product boundaries,
scenario permissions, processing depth, or compliance costs. This study proposes SM-DPF,
an auditable pricing reference framework that makes these asymmetric conditions explicit
through a reproducible three-layer chain: a public investment anchor, a locked structural
scoring model, and a proposed future market learning governance interface that is not im-
plemented or evaluated in the present study. Using 23 de-identified transaction-descriptive
records from a single exchange context across insurance claims, model pretraining, and
pharmaceutical R&D, the pricing reference outputs yq; show in-sample diagnostic consis-
tency with de-identified transaction prices y;, with an overall mean absolute percentage
error of 4.82% and median absolute percentage error of 4.55%. The same 23 records
informed the initial scenario-response calibration and the subsequent diagnostics; the
reported errors and correlations are, therefore, in-sample diagnostics only. SM-DPF is a
governance-oriented reference tool for transparent listing decisions and audit replay with
no transaction price prediction claim.

Keywords: information asymmetry; pricing symmetry; medical data product; data ex-
change; pricing reference; scenario-based pricing; auditability; proof-of-concept

1. Introduction

Medical data circulation has become a high-value use case for research, insurance
claims, model pretraining, pharmaceutical R&D, and health system governance. Health
data reuse requires lawful access and purpose limitation [1,2]. It also depends on pri-
vacy protection, institutional accountability, and documented data quality [3,4]. These
requirements become more demanding when hospital-derived data are converted into
exchange-listed products [5,6]. A listed medical data product is defined by data scope,
permitted use, de-identification, processing state, delivery conditions, and compliance
boundaries. Medical data holders, therefore, need pricing evidence that can withstand
stewardship, auditability, and underpricing risk scrutiny, while buyers need to understand
whether a reference price is proportionate to product scope, scenario, processing depth,
and data quality.

This setting creates an exchange-facing pricing reference problem. Data element reforms
and data asset valuation guidance support compliant circulation and traceable valuation ev-
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idence [7,8]. They do not, however, specify how a medical data exchange should construct
a replayable listing reference before dense comparable transactions exist [9]. Cost-based and
income-based approaches provide useful but assumption-sensitive valuation evidence [10,11].
Market-comparable approaches become more persuasive only when transactions are sufficiently
dense and comparable [12,13]. Data contribution and machine learning data pricing methods
mainly address task-specific value or marginal contribution, leaving exchange listing-reference
formation less specified [14,15]. Shapley value and coalition value approaches further clarify
contribution allocation, but they do not themselves provide an exchange-ready cold-start rule
chain [16,17]. An exchange-facing reference, therefore, needs to explain the calculation path to
suppliers, buyers, compliance reviewers, and governance committees without substituting itself
for negotiated transaction prices.

This study proposes SM-DPF, an early proof-of-concept framework for scenario-based
pricing references for exchange-listed medical data products. The framework follows a
three-layer lifecycle logic: a public investment anchor provides a cold-start monetary scale,
a locked structural scoring model explains product-level differentiation across hospital
source, application value, intrinsic data attributes, processing intensity, and scenario re-
sponse, and a market learning governance interface defines how comparable transaction
evidence can inform future versions. The empirical demonstration uses 23 de-identified de-
scriptive transaction records from a single exchange context across insurance claims, model
pretraining, and pharmaceutical R&D. The study evaluates executability, disclosed-output
consistency, and mechanism-level scenario response, with no claim of external validation,
final transaction-pricing authority, or market-wide predictive performance.

2. Theoretical Background and Related Work
2.1. Health Data Secondary Use as an Institutional Governance Problem

Health data secondary use has moved from a narrow technical sharing issue to a
broader institutional governance problem. The HealthData@EU pilot shows that secondary
use depends on metadata quality, common access procedures, cross-border infrastructure,
data-holder coordination, and operational governance capacity, not merely on the existence
of datasets [18]. The European Health Data Space (EHDS) formalizes this shift by creating
a legal framework for electronic health data access, primary use, and secondary use across
healthcare delivery, research, innovation, public policy, and regulatory activities [1]. Recent
commentaries on the EHDS and OECD health data governance work similarly argue
that cross-border research value requires lawful processing, institutional trust, practical
standards, and governance mechanisms that can operate beyond one data holder [2,3].
Precision medicine data sharing reaches the same conclusion from a clinical and genetic data
perspective: the scientific value of reuse depends on clear access rights, privacy safeguards,
consent boundaries, reuse procedures, and accountability across institutions [4].

These governance requirements are directly relevant to exchange-listed medical data
products. A listed product is a regulated offering defined by data scope, permitted use,
processing state, de-identification, delivery conditions, contractual restrictions, and audit
records. Work on the EHDS warns that secondary use frameworks must be fit for purpose
in real operational settings, because abstract rights or infrastructures do not automatically
solve questions of access review, proportionality, data quality, or accountability [5]. Simi-
larly, decentralized analysis and federated reuse can reduce some transfer risks while still
requiring governance of metadata, data quality, computational procedures, and institu-
tional responsibility [6]. Pricing reference formation should therefore be understood as part
of the governance record attached to a listed data product.

China’s data element reforms add a second institutional context. National policy docu-
ments have framed data as a factor of production and encouraged market-oriented allocation,
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data exchanges, and service institutions that support compliant circulation [7,8]. Data asset
valuation guidance also recognizes cost, income, and market evidence as valuation inputs
under different evidentiary conditions [9]. These policy instruments help explain why an
exchange-facing pricing reference is needed, but they do not themselves provide a medical
data-specific rule chain that converts product scope, scenario, processing depth, and quality
into a replayable listing reference.

2.2. Data Markets, Pricing, and Valuation Methods

The economics and computational literature on data pricing provides the broader
methodological background. Recent reviews describe data pricing as a fragmented field
spanning economic theory, market design, privacy economics, machine learning contribu-
tion measurement, and platform implementation [10]. A foundational difficulty is that data
are reusable and often non-rival: use by one party does not necessarily exhaust future uses,
and the same data basis can support different decisions, models, or research tasks [11]. Data
markets therefore differ from ordinary goods markets: A buyer’s value can be task-specific,
the seller may not observe downstream benefit, and excessive or poorly governed data
access may create inefficiencies relative to social welfare [12].

Existing pricing and valuation approaches each address part of the problem. Cost-
based valuation is transparent and auditable when collection, storage, processing, compli-
ance, and infrastructure expenditures can be traced. Its limitation is that cost alone cannot
explain why the same clinical data basis should receive different references when prepared
for insurance claims, model pretraining, or pharmaceutical R&D. Income-based valuation
connects data to expected revenue, cost savings, or downstream benefit, although it re-
quires cash-flow and discount-rate assumptions that are difficult to defend for early-stage
exchange listings. Market-comparable methods become powerful once transaction density
and comparability are sufficient; however, exchange-listed medical data products are often
sparse, confidential, and heterogeneous in disease scope, field composition, processing
version, de-identification method, and contractual restriction. Computational data pricing
work offers additional perspectives. Model-based pricing for machine learning data mar-
ketplaces links price to model performance and buyer tasks [13], while mobile health and
federated learning pricing studies show that data valuation can be embedded in dynamic or
distributed learning environments [14,15]. Shapley value approaches further estimate the
marginal contribution of data to model performance or coalition value [16,17]. These meth-
ods are valuable for training data assessment and benefit allocation. Exchange listing raises
a more operational question: how to form a governance-ready, version-replayable pricing
reference for a specific medical data product before or during transaction preparation.

Privacy and trust research also matters. Individuals and institutions may attach value
to control, confidentiality, and expected misuse risk, and small monetary incentives may
not fully capture privacy preferences or trust effects [19,20]. For medical data products,
this means that a pricing reference cannot be treated as a purely technical output. It is
embedded in compliance boundaries, data-holder willingness, buyer requirements, and
institutional legitimacy.

2.3. Scenario Dependence, Product Differentiation, and Health Data Quality

Scenario dependence is central to medical data product pricing. The same underlying
clinical records may become different products when used for insurance claims, model
pretraining, pharmaceutical research, public health analysis, or hospital operations. Each
scenario changes the required fields, de-identification level, linkage depth, documentation
burden, processing intensity, and buyer value logic. Product differentiation theory provides
a conceptual bridge: buyers may pay different amounts for different product attributes
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when those attributes affect utility [21]. Medical data products extend this logic because
quality is multidimensional. It includes provenance integrity, completeness, standardiza-
tion, modality, field match, temporal coverage, linkage depth, de-identification, annotation,
institutional credibility, and fitness for intended use.

Health data quality literature reinforces this point. Studies of electronic health record
reuse have long shown that data quality assessment must consider dimensions such as
completeness, correctness, concordance, plausibility, conformance, and fitness for use,
with volume forming only one part of quality assessment [22,23]. More recent work on
trustworthy artificial intelligence (AI) in medicine similarly argues that medical Al requires
data quality assessment across documented dimensions, including the suitability of data
for the target task and the risk created by missing, biased, or inconsistent inputs [24].
In genomic medicine, value assessment also depends on the way evidence is generated,
interpreted, and translated into clinical or research use, with raw data existence providing
insufficient evidence on its own [25]. These studies support a rule chain approach in
which observable product and delivery attributes enter a pricing reference through explicit
mappings that replace informal narrative adjustments.

2.4. Research Positioning

The reviewed literature indicates that the problem addressed here is narrower than
general data valuation and broader than statistical price fitting. Governance literature
explains why secondary use of health data requires lawful access and safeguards [1,3]. It
also stresses accountability, operational trust, and cross-institutional coordination [4,5]. The
data market and pricing literature explains why data value is task-dependent and non-
rival [10,11]. It also shows why privacy sensitivity and sparse transactions make medical
data prices difficult to infer directly from observed deals [12,19]. Product differentiation and
health data quality studies explain why the same clinical data basis may support different
value references when delivery specifications and intended uses differ [21,22]. Later work
on Al and genomic data quality reinforces the need to document task fitness, provenance,
and evidence generation conditions [23,24]. However, these strands do not themselves
provide an exchange-ready, auditable, and scenario-conditioned pricing reference rule
chain for cold-start medical data product listing [25].

SM-DPF is positioned in this gap. It constructs a transparent pricing reference chain
in which a public investment anchor supplies a cold-start monetary scale, locked prod-
uct indicators represent hospital source characteristics, application value, intrinsic data
attributes, and processing intensity, a scenario-response operator captures use-specific pay-
ment logic, and a market learning governance interface defines future transaction-informed
updates. Its expected contribution is governance-oriented: each pricing reference should be
traceable to its inputs, parameter versions, scenario definition, and calculation path. This
positioning also sets the claim boundary for the proof-of-concept. The study can demon-
strate executability, in-sample consistency, and mechanism-level scenario differentiation. A
single-exchange sample of 23 records cannot establish market-wide predictive validity or
external generalizability.

This positioning is also linked to the theme of symmetry. In the present setting, pricing
reference formation is distorted by information asymmetry between data suppliers, data
buyers, and governance reviewers. SM-DPF seeks to make product attributes, scenario
permissions, and calculation versions symmetrically inspectable, so that different parties
can replay the same reference logic before negotiated transactions occur.
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3. Materials and Methods
3.1. Study Design and Claim Boundary

This is an early proof-of-concept methodology study. The objective is to test whether a
version-bound rule chain can generate auditable pricing references and support in-sample
consistency checks on de-identified transaction metadata. The study does not claim market-
wide predictive accuracy, external validation across exchanges, or statistical estimation of
scenario coefficients.

The proof-of-concept dataset comprises 23 de-identified transaction price records from
a single exchange context and its partners: nine insurance claim records, eight model pre-
training records, and six pharmaceutical R&D records. Medical data have value only in a
concrete permitted application, so the framework calculates a unit reference for one person’s
application-specific data group rather than for an isolated visit record. Buyer demand may
initiate a pricing inquiry, whereby the seller requests a reference, the exchange provides a
target pricing reference, and the buyer and seller negotiate before the final transaction price is
formed. For a contract covering multiple persons, total contract value equals the number of
persons multiplied by the negotiated unit price. The same 23 records were used to inform the
initial scenario-response values and to compute the MAPE and rank correlation diagnostics
reported below. Consequently, the transaction comparison is an in-sample diagnostic replay,
not an independent validation or an out-of-sample prediction test. Supplementary Table S2
consolidates H, A, S, D, K, vs, yoi, Vi, and every row-level error measure used in the study.

The operational specification contains two evidently distinct parameter groups. The
indicator mappings, H/A aggregation weights, intrinsic data mappings, and process-
ing mappings were fixed through structured expert consultation and were not estimated
by regressing the 23 transaction prices. The scenario-response coefficients were devel-
oped differently: experts identified discount, neutral, and premium ranges for the three
permitted-use scenarios, and the available 23 proof-of-concept transactions were then
used iteratively to select the initial versioned values 0.60, 1.00, and 1.60. These scenario
values are, therefore, small-sample calibration parameters, not official tariffs or externally
validated market coefficients. The public investment anchor was constructed separately
from public-informatization inputs. Supplementary Table S3 reports the complete numer-
ical construction, while Supplementary Tables S4-56 report in-sample comparator and
sensitivity analyses.

3.2. SM-DPF Architecture: Anchor, Scoring, and Market Learning

SM-DPF separates pricing reference formation into three auditable layers. Layer 1 is
the public investment anchor. Medical information systems and clinical service infrastruc-
ture are financed primarily to support diagnosis, treatment, and hospital administration;
exchange-listed medical data are a companion output created when selected records are
governed, processed, and made fit for a permitted secondary-use product. The anchor there-
fore applies a social-average, cost-informed logic only to establish a defensible monetary
scale when comparable transactions are sparse [26,27]. It is not an estimate of intrinsic data
value, an audited product cost, an official tariff, a price floor, or a final transaction price.
The Asw, Ahw, and Agps terms are expert-elicited, category-specific functional-relevance
(apportionment) ratios: each ratio independently includes the share of its own expenditure
category judged to support data generation, structuring, storage, security, quality control,
and secondary-use readiness. They are not portfolio weights and are not required to sum
to one. These ratios were fixed before the transaction diagnostics and were not estimated
from the 23 transaction prices:

Panchor,t = ()\swEsw,t + /\hwEhw,t + )\opsEops,t)/Vt (1)
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Hbase,t =P anchor,t/ Cunit (2)

The values used in the 2024 construction are Eg,, = 547 x 10° CNY, Ey,, = 655 x 10°
CNY, and Eops = 359 x 10® CNY. The Operations and Maintenance category follows the
cost boundary used for information technology services [28], the service volume denomi-
nator is taken from the national health statistics boundary [29], and the category construc-
tion is informed by the hospital-informatization evidence boundary [30]. Experts assigned
Asw = 0.95 because software functions are most directly connected to data capture, structuring,
coding, interfaces, and access control; the excluded 5% recognizes non-data-specific func-
tions. They assigned Ay,, = 0.80 because storage, computation, backup, and security support
data readiness, but hardware is also shared with broader clinical operations, and Aops = 0.80
because continuity, quality assurance, audit, and recovery also support general operations.
The resulting contributions are 519.65 X 108 CNY (39.05%), 524.00 x 108 CNY (39.37%), and
287.20 x 108 CNY (21.58%), producing Ny = 1330.85 x 108 CNY. With Vg4 = 101.5 x 108
person-visits, Panchor2024 = 1330.85/101.5 = 13.1118 CNY / person-visit. Dividing by cynit = 1
CNY /person-visit gives Ipaee 2024 = 13.1118, rounded to 13.1. The denominator supplies only
a cold-start normalization scale; it does not redefine the traded unit.

Layer 2 is the locked structural scoring model. The scoring model maps observable
product and delivery attributes into hospital base score H, application score A, intrinsic
data attribute multiplier D, processing intensity multiplier K, and scenario coefficient ;.
These terms generate v, the cold-start structural pricing reference before any future market
learning update.

Layer 3 is a proposed future market learning governance interface. No market learning
algorithm, automated update, dynamic recalibration, or market-calibration coefficient was
implemented or evaluated in the present study. The interface is retained only as a governance
design specifying how later framework versions could use sufficiently comparable exchange-
observed transactions prospectively while preserving historical anchor and scoring rule
versions. Historical records remain replayable under the versions used at the time of listing.

Figure 1 presents the three-layer SM-DPF architecture and the versioned replay path
from anchor construction to structural scoring and later market learning. The Layer 1 anchor
construction is shown in Equations (1) and (2), and the locked structural equations are
shown in Equations (3)—(8). Tables 1-3 separate the three layers so that anchor construction
inputs, locked scoring parameters, and future market learning governance fields are not
treated as one parameter set.

Table 1. Anchor construction and unit convention used in the proof-of-concept SM-DPF model.

Parameter Group

Anchor construction

Parameter Symbol Value or Rule Interpretation
Software expenditure Eqwn04 547 % 108 CNY Model construc.tion input
component ¢ before apportionment
Hardware expenditure s Model construction input
component B 2024 655 > 10% CNY before apportionment
Operations and L
maintenance Eops 2004 359 x 108 CNY Model construcjc fon input
P before apportionment
component
Expert-elicited
Data-readiness rele- category-specific inclusion
vance/apportionment Asw, Ahw Aops 0.95, 0.80, 0.80 ratios; independently
ratios applied and not required to
sum to one
Medical-visit v 101.5 x 108 Official 2024 service volume
denominator 2024 person-visits denominator
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Table 1. Cont.

Parameter Group Parameter Symbol Value or Rule Interpretation
Anchor normalization Anchor unit constant Cunit 1 CNY/person-visit Used on ly to.make Moase
dimensionless
Output unit Product output-unit c Sl Eggc/agig;a_zgg Assigns the traded reference
tp constant prod P p unit in Equation (4)
group
Apportioned 519.65 + 524.00 + 287.20;
Anchor construction rﬁfmera tor Nop24 1330.85 x 108 CNY contribution shares 39.05%,
39.37% and 21.58%
Public investment 2024 dimensionless 13.1118 before rounding; not
. TTpaset 13.1 . .
anchor anchor ratio ’ an official price
Layer 1
Anchor construction

— 17,

anchor,t base,t

Layer 2 inputs

]Jz’ Ai’ Di’ Ki’ Vs

Permitted-use

scenario class

Locked structural scoring

S o H+ a4,

i

y(),i - cpmd SI Di (Hbase,f Kl)}{&

Versioned audit record
inputs, mappings, anchor,
scoring-rule version

Disclosed pricing

reference

Layer 3
_ | Proposed future market-learning

governance interface
(not implemented)

Figure 1. SM-DPF three-layer pricing reference governance chain and audit trail. Layer 3 is a proposed
future governance interface and was not implemented or evaluated in this proof-of-concept.

Table 2. Locked structural scoring parameters used in the proof-of-concept.

Parameter Group

Parameter

Symbol

Value or Rule

Interpretation

Hospital score
weight

XE 0.55

Weight on hospital
source characteristics
in Equation (3)

Structural score

Application score
weight

a4 0.45

Weight on
application value in
Equation (3)

Insurance claims

YINS 0.60

Moderately
contractive insurance
claims response used

in the current
row-level diagnostics

Scenario response

Model pretraining

YMPT 1.00

Neutral model
pretraining scenario
response

Pharmaceutical R&D

YRD 1.60

Expansionary

research-and-

development
scenario response

https://doi.org/10.3390/sym18081263


https://doi.org/10.3390/sym18081263

Symmetry 2026, 18, 1263

8 of 20

Table 3. Market learning governance interface for future transaction-informed updates.

Governance Item

Recommended Handling Current Proof-of-Concept Status

Define by scenario, product type, data

Calibration cell modality, processing depth, delivery Not estimated
conditions, and other comparability fields
Comparable transactions Require sufficient exchange-observed records Not satisfied

within the same calibration cell before update

Calibration statistic

Use robust reference-to-transaction ratio

.. . Not estimated
summaries in future versions

Update direction Apply prospectively to later references only Not applied
.. Preserve anchor version, scoring-rule version, .
Versioning . . Required
and market learning version
Historical replay Keep historical references reproducible under Required

the original versions used at listing

3.3. Locked Scoring Model and Indicator Mappings

The model first combines hospital source and application value scores into a struc-
tural product score (Equation (3)). It then applies the intrinsic data attribute multiplier, a
dimensionless public investment anchor ratio, processing-intensity multiplier, and scenario
response to form the cold-start structural reference (Equation (4)):

Si = IXHHZ' + DéAA,‘, Xy = 0.55, Xpq = 0.45 (3)

Y0,i = Cprod Si Di (Tpase, Ki)™ (4)

Here, S; is the combined structural product score, D; is the intrinsic data attribute
multiplier, K is the processing-intensity multiplier, s is the scenario-response coefficient,
and Ilpase+ is the dimensionless public investment anchor ratio. The constant cyni; =
1 CNY/person-visit is used only in Equation (2) to normalize the visit-based cold-start
anchor. The distinct output unit constant ¢4 = 1 CNY per application-specific person-data
group appears in Equation (4), so yg; has the unit of the traded reference rather than the
anchor denominator. Both constants equal one numerically, so this dimensional clarification
leaves every reported yg; unchanged.

Hospital base score, application score, intrinsic data attribute multiplier, and process-
ing intensity multiplier use the compact weighted forms in Equations (5)—(8):

My My
Hi = Y wpjhj, ) wyj =1 ®)
=1 =1
My My
Ai=Y wajap, Y waj=1 (6)
j=1 j=1
Mp Mp
Di=Y wpjdj, Y wpj=1 @)
=1 =1
My My
Ki=) wijki, ) wkj=1 (8)
=1 =1

In Equations (5)—(8), j indexes the indicators belonging to each component, My,
My, Mp, and Mg denote the corresponding indicator counts, w denotes a non-negative
component-specific weight, and h;;, aj;, dj1, and kj; denote the mapped indicator values for
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record i. The weights within each component sum to one. Disease-category interpretation
follows the ICD-10 classification boundary [31]. Table 4 reports every weight and indicator,
and Supplementary Table S1 reports the level-to-score mappings.

Table 4. Aggregation weights and scoring indicators used in Equations (5)—(8).

Component Indicator Symbol Weight Scoring Meaning
. Institutional qualification,
H Hosp1ts;l(:§1r:de and WH g 0.40 scale, reputation, and data
authority
Informatization Data production, governance
H . WH info 0.30 foundation, traceability, and
maturity inf y
standardization
Specialty capability and
H Depart.rr}ent WH dept 0.30 high-value clinical service
capability capacity
International Classification of
. Diseases, 10th Revision
A Disease category WA disease 0.20 (ICD-10)-style clinical
grouping [31]
Supply-demand scarcity
. related to disease, treatment
A Scarcity WA scarcity 0-30 protocol, or equipment
substitutability
A Outpatient/inpatient w 0.20 Economic intensity associated
cost band Ajcost ' with the treated condition

Professional authority and
A Physician seniority W A, physician 0.30 clinical quality of the
data-generating source

Completeness, accuracy, and

b Data quality WD quality 0-20 consistency of the data package

Match between supplied
D Content match WD content 0.20 fields/content and the buyer’s
requirement list

Structured, multimodal, and
D Data modality WD, modality 0.30 unstructured data package
differences

Match between supplied
D Scale match WD scale 0.30 record scale and requested
record scale

De-identification Compliance intensity and

K strength WK deid 0.20 information-loss/processing
burden
Delivery upgrade,
K Processing degree WK processing 0.40 cleaning/annotation depth,
and staff intensity
K Number of content o 0.40 Field-list scale and delivery
items Kiitems ’ workload

The scenario coefficient is fixed by permitted use. The proof-of-concept uses insurance
claims, model pretraining, and pharmaceutical R&D. Other candidate use scenarios are treated
as outside the proof-of-concept claim boundary and are not used in the present analysis.
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Table 3 reports the Layer 3 market learning governance interface. This interface is not
a current proof-of-concept parameter set, and no market calibration coefficient is estimated
in this study. It specifies the information that future framework versions should retain
before transaction-informed updates are applied prospectively.

Table 4 reports the locked aggregation weights and indicator meanings used in
Equations (5)-(8).

Complete level-by-level score mappings are provided in Supplementary Table S1.
Supplementary Table S2 provides de-identified row-level replay fields for all 23 records,
including scenario, H, A, S; = 0.55H; + 0.45A;, D, K, scenario exponent s, pricing reference
output yg;, de-identified transaction price y;, signed error, absolute error, and absolute
percentage error. These fields support formula replay of yg; under the disclosed rule
chain. The audit record also identifies the scoring rule and anchor versions that should
be retained for operational replay. Transaction parties, raw contracts, negotiation records,
and identifiable institutional information remain undisclosed because they are exchange
business records.

3.4. Expert Scoring and Parameter Fixation

The scoring mappings, structural weights, and anchor apportionment assumptions
were fixed through a two-round expert consultation process following the reporting logic
of CREDES [32]. The panel included 16 experts across medical supply, technical processing,
market transaction, and academic/regulatory governance, with institutional input from the
Data Price Committee of the China Price Association, medical data service companies, and
the Institute for Internet Industry, Tsinghua University. Experts set initial indicator values
and category-specific anchor inclusion ratios, adjusted them according to relative functional
importance, and discussed scenario-specific discount and premium ranges. The anchor
ratios and H/A and D/K mappings were version-locked independently of transaction
price fitting. Scenario response values were then selected within the expert-defined ranges
by iterative comparison with the same 23 proof-of-concept transactions.

In Round 1, experts reviewed initial indicator coefficients derived from the literature,
policy context, and industry benchmarks and provided quantitative revisions and qualita-
tive comments. In Round 2, group medians, means, and disputed items were returned to
the experts, with attention to hospital source characteristics, specialty capability, disease
scarcity, scenario differentiation, and processing intensity. The structural coefficients were
locked after Round 2. The three scenario-response coefficients were subsequently chosen
as initial discount, neutral, and premium settings by combining the expert-defined ranges
with iterative inspection of the 23 transaction examples. No post-hoc adjustment was made
to remove the retained RD-06 transaction-premium anomaly.

The 23 transaction prices were not used to estimate the H/A structural weights or
the underlying D/K mappings. They did, however, inform the initial scenario-response
coefficients 0.60, 1.00, and 1.60 and were then reused for the reported MAPE and rank
correlation calculations. The manuscript therefore treats those calculations as in-sample
diagnostics and does not describe them as independent validation, predictive accuracy, or
evidence of market-wide generalizability.

Panel convergence was assessed using Kendall’s coefficient of concordance and co-
efficient of variation. The local methods record reports Kendall’s W values in the range
0.70-0.85 and coefficient of variation below 0.15 for core indicators. Item-block W and CV
values are unavailable in the current materials. These diagnostics are reported conserva-
tively as range-level expert-consensus diagnostics. They are insufficient for full Delphi
validation or statistical validation of market price accuracy.
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Table 5 reports the expert-panel composition used to fix the scoring mappings

and weights.

Table 5. Expert panel composition.

Expert Quadrant Background Consultation Focus
Tier-3 hospital

Medical suppl information-center Hospital-based

side PPy directors and medical indicators and
record department data-production issues

directors

Cleaning, annotation,

Technical CTOs/product structuring, and

processing side

directors from medical
big-data companies

processing intensity
definitions

Market transaction

Data exchange trading
heads and insurance

Application potential,
scarcity, market

side data procurement payment logic, and
experts scenario differences
. . Scenario constraints,
University professors, ublic /private value
Academic/regulatory health commission P P .
. 5 . - boundary, version
side officials, and pricing

governance, and

iati t i 1s1s
association experts auditability

3.5. Proof-of-Concept Records, Diagnostics, and Audit Trail

The proof-of-concept uses 23 de-identified transaction records. For each record, yq ;
denotes the pricing reference output generated by the locked calculation and displayed
to two decimals, while y; denotes the de-identified transaction price or converted unit
transaction price. Supplementary Table S2 consolidates the full row-level fields and errors.
The same records informed initial scenario calibration and subsequent diagnostics, so all
reported MAPE, median APE, and correlations are in-sample diagnostic summaries. They
assess replayability, range fit, rank consistency, and anomaly visibility; they do not estimate
out-of-sample transaction price performance.

The evaluation logic has three parts. First, executability checks whether the locked rule
chain can generate a reference under the available inputs. Second, diagnostic consistency
compares yg; with de-identified transaction prices y;. Third, scenario-level and record-
level checks examine range fit, rank consistency, and anomaly cases. Comparator, error,
rank correlation, and sensitivity calculations were implemented in Python 3.12.13 with
NumPy 2.3.5. No public code repository was established for this revision; the deterministic
equations, declared input ranges, and complete numerical inputs and outputs needed for
direct replay are disclosed in the manuscript and Supplementary Tables S1-S7. Figure 2
summarizes the y;-y; diagnostic comparison and should not be interpreted as external
predictive validation.

For operational use, the audit record should include product identifier, scenario, H, A,
D, K, scenario-coefficient version, anchor version, scoring-rule version, pricing reference
output yp ;, market learning status and version if used in a future implementation, calcula-
tion timestamp, and compliance note. A practical deployment may involve the exchange,
data price committee functions, medical data service companies, research-institute consulta-
tion, and transaction partners in scenario classification, field checking, reference generation,
negotiation support, and subsequent parameter review. Historical records should retain
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the original anchor, scoring, and market learning versions so that older references remain
replayable after later updates.

Pricing-reference vs transaction diagnhostic comparison

T R&D-06 anomaly

B nsurance claims
I Model pretraining
[l Pharmaceutical R&D,

identity
100

o

T T T 1
5 10 100 1000

Pricing-reference output y,; (log scale)

De-identified unit transaction price y; (log scale)

Figure 2. Diagnostic comparison between pricing reference output y; and de-identified transaction
price y;. The overall MAPE is 4.82%, the median APE is 4.55%, and the Spearman rho is 0.972; these
values are descriptive in-sample diagnostics and do not function as out-of-sample prediction metrics.

4. Results
4.1. Scoring Model Disclosure and Record Status

The final scoring model is fully specified at the component level: hospital base score,
application score, scenario exponent, intrinsic data attribute multiplier, and processing-
intensity multiplier are all defined by locked mappings. The complete score mappings
are provided in Supplementary Table S1, and the row-level replay records are provided in
Supplementary Table S2. This disclosure supports two checks: whether the operational
rule chain is inspectable, and whether y; is diagnostically consistent with de-identified
transaction prices y; in the early proof-of-concept sample.

The proof-of-concept disclosure supports row-level formula replay for all 23 records. The
available fields include scenario, H, A, S, D, K, scenario exponent s, pricing reference output
yo,i, de-identified transaction price y;, signed error, absolute error, and absolute percentage
error. The evidence therefore supports rule chain replay, diagnostic consistency checks, and
anomaly diagnosis. Raw contracts, counterparties, and denominator materials for converted
unit prices and negotiation details remain confidential exchange business records.

4.2. In-Sample Consistency of Disclosed PoC Outputs

The pricing reference outputs yp; show diagnostic consistency with de-identified
transaction prices y; within the single-exchange proof-of-concept sample. These diagnostics
are reported as range-fit, rank consistency, and anomaly checks. The model-pretraining
subgroup is reported separately because rho = 0.381 indicates limited rank discrimination
in a narrow transaction price band. The diagnostic comparison should not be interpreted
as external validation of a transaction price prediction model.

Table 6 reports the in-sample consistency diagnostics from the disclosed proof-of-
concept records.
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Table 6. In-sample consistency diagnostics from disclosed records.

Scenario n

Spearman Rho

MAPE (%) Median APE (%) Q1 APE (%) Q3 APE (%) oi,yi)
0,irYi

Insurance
claims
Model
pretraining
Pharmaceutical
R&D
Overall 23

4.18 4.92 227 6.58 0.967

3.94 2.32 1.86 4.84 0.381

6.94 6.71 4.00 7.62 1.000
4.82 4.55 2.10 6.77 0.972

These values should be interpreted as in-sample consistency under early proof-of-
concept conditions. They do not show external predictive validity. The relatively low
rank correlation in the model-pretraining group should not be overinterpreted because the
group contains only eight records and a narrow transaction price range.

Across the 23 records, the overall MAPE was 4.82%, and the median APE was 4.55%.
These are in-sample diagnostics because the initial scenario-response coefficients were
informed by the same records. Insurance claims and model pretraining remained below 5%
MAPE, while pharmaceutical R&D was 6.94% with RD-06 retained as a demand -premium
anomaly. The model pretraining subgroup has only eight records, fixed K = 1.80, and a
narrow y; range of 90.60-100.50; its Spearman p = 0.381 therefore indicates limited rank
discrimination rather than model failure or predictive validity.

The three scenarios occupy distinct empirical pricing reference bands. Insurance claims
form the lowest band, model pretraining forms a narrow intermediate band, and pharmaceu-
tical R&D forms the highest and most dispersed band. This pattern supports the scenario-
conditioned structure of SM-DPF while remaining within the proof-of-concept boundary.

4.3. Scenario Diagnostics and Anomaly Response

The scenario diagnostics use the row-level proof-of-concept records. This keeps the
figure and table aligned with the disclosed sample evidence and avoids implying a generic
market-wide processing-intensity response surface.

Table 7 reports the scenario diagnostic summary from the 23 de-identified records.

Table 7. Scenario diagnostic summary from de-identified records.

Scenario

vs and K Range ¥o,i and y; Ranges Diagnostic Interpretation

Insurance claims

yo,; = 5.34-11.00;

yi = 5.30-10.70 Good range fit; tho = 0.967.
1~ . — .

vs = 0.60; K = 0.40-0.60

yo; = 92.00-110.26; Narrow y; band; rho = 0.381,
04 = 92.00-110.26;

Model pretraining vs = 1.00; K =1.80 "~ 90.60-100.50 so rank discrimination is
yi=u ) limited.
_ . Ré&D-06 retained as urgent-
Pharmaceutical R&D vs = 1.60; K = 1.00-1.80 Yoi = 180.00-748.12; demand /scarcity /willingness-

y; = 168.30-900.20 .
to-pay premium anomaly.

Figure 3 presents signed relative diagnostic residuals, defined as (yg; — yi)/yi % 100%,
across the de-identified records and highlights the R&D-06 demand-premium anomaly.

The scenario diagnostics are based on the disclosed row-level records. Insurance
claims use ys = 0.60 with K = 0.40-0.60; model pretraining uses ys = 1.00 with K fixed at
1.80; pharmaceutical R&D uses v = 1.60 with K = 1.00-1.80. R&D-06 has yg; = 748.12 and
yi = 900.20, corresponding to a signed relative residual of —16.89%. This gap is retained as
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an anomaly case because the transaction context indicates urgent buyer demand, relative
scarcity of the data product, and stronger willingness to pay. It is therefore interpreted as a
demand-side transaction premium beyond the current rule chain variables, with no hidden
recalibration of the model output.

Scenario relative diagnostic residuals

o
=0
b

|

1

&

Signed relative deviation (%)
°

e
3

-20

)

! :
T

R&D-06: -16.89% relative deviation
urgent demand + scarcity + stronger wii

ness to pay

Insurance claims

Model pretraining

De-identified records by scenario

Pharmaceutical R&D

Figure 3. Relative diagnostic residuals and R&D-06 transaction-premium anomaly.

4.4. In-Sample Comparator Diagnostics

Six reviewer-requested comparators were evaluated on the same 23 records. Overall
and scenario medians provide constant baselines; the additive, multiplicative, scalar, and
log-linear forms test alternative functional structures. All fitted alternatives and the SM-
DPF diagnostic are in-sample. The comparison does not establish predictive superiority
because ys in SM-DPF were informed by these records and the comparator parameters were
estimated from them. Table 8 reports the in-sample diagnostic comparison with requested
baselines and alternative forms.

Table 8. In-sample diagnostic comparison with requested baselines and alternative forms.

Comparator Specification Estimated from MAPE (%) Medlgn APE MAE Mean Signed Spearman
Current y;? (%) Error )
SM-DPF yoi = Partly: ys informed 482 455 11.73 —5.16 0.972
Cprod-Si-Di+(13.1-K;j)Y by these records ’ ’ ’ ’ ’
gvegrlzﬂ 91 = median(y;) Yes 465.56 80.97 136.17 —67.50 N/A
Sncs(;?;f yi =S’;‘;dalf£§3’i ! Yes 23.84 15.99 60.07 ~16.33 0.939
Additive %‘ ;Bf ;cfri}l; féz‘t; Yes 212.28 17.86 36.46 ~0.00 0.951
30N
Multiplicative 9i = Bs-Si-Di-K; Yes 10.63 6.36 19.32 545 0.972
Scalar 9 = B-yoi Yes 7.23 6.64 13.81 4.05 0.972
In(§;) = Bo + B1In S; +
Log-linear Boln D + B3ln K; + Yes 6.86 421 16.03 -3.30 0.966

scenario effects
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The current SM-DPF result should be read as a replay diagnostic for a versioned rule
chain. The lower in-sample error does not constitute independent model-selection evidence,
while the poor performance of several cross-scenario baselines mainly reflects the very
different price scales across the three permitted-use scenarios.

4.5. Local and Global Sensitivity Diagnostics

The earlier £20% checks are retained and correctly labelled as local one-at-a-time
perturbations. Supplementary Table S5A reports anchor, K, and scenario-coefficient checks.
Supplementary Table S5B separately perturbs each category-specific apportionment ratio;
because a relevance ratio cannot exceed 1, the +20% software test is capped at Agw = 1.00.
The resulting whole-anchor multipliers are 0.9219-1.0205 for Agw, 0.9213-1.0787 for Apyy,
and 0.9568-1.0432 for Aops. These are bounded construction diagnostics, not empirical
confidence intervals. A variance-based Sobol analysis was added as a global structural
sensitivity diagnostic. It jointly varies H, A, D, K, and the dimensionless anchor over
the declared admissible ranges and holds ys fixed within each scenario. First-order and
total-effect indices are estimated from 65,536 Monte Carlo base samples with bootstrap
confidence intervals. The analysis describes sensitivity of the deterministic mapping within
this parameter domain; it is not an empirical probability model for future transactions.

Table 9 reports the summary of variance-based global sensitivity results. The dominant
factor shifts with the scenario response: H has the largest first-order contribution under
insurance claims, whereas K becomes dominant for model pretraining and pharmaceutical
R&D. Supplementary Tables S5 and S6 report the full local and global results, including all
confidence intervals.

Table 9. Summary of variance-based global sensitivity results.

Scenario Largest First-Order Effect S1 Largest Total Effect St
Insurance claims H 0.425 H 0.482
Model pretraining K 0.339 K 0.417
Pharmaceutical R&D K 0.471 K 0.596

4.6. Auditability and Version-Replay Demonstration

The framework’s auditability comes from retention of the calculation chain, not merely
the final reference. A replayable record should preserve the product identifier, scenario,
input scores, pricing reference output yg;, scoring-rule version, anchor version, and fu-
ture market learning version when used. If the anchor or market learning interface is
updated after additional market evidence accumulates, historical references should remain
reproducible under their original versions.

This versioning logic separates three sources of change: updates to the public in-
vestment anchor, updates to product scoring inputs, and updates to the market learning
governance interface. Such separation supports governance review and dispute resolution
because reviewers can identify which part of the rule chain changed.

5. Discussion
5.1. Principal Findings

This study presents SM-DPF as an early proof-of-concept framework for scenario-
based pricing references for exchange-listed medical data products. The framework is
designed for governance review and reference formation, with final transaction price

determination left to negotiated exchange processes. The proof-of-concept supports three
limited findings: the rule chain is executable, disclosed outputs show in-sample consistency
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with transaction prices, and the scenario mechanism produces ordered response across
processing depth.

The most important finding is not the MAPE value. It is the feasibility of turning pric-
ing reference formation into a versioned and replayable governance chain. This distinction
matters because medical data exchanges must explain how references are formed under
compliance constraints and sparse comparable evidence.

5.2. Governance Interpretation of the Three-Layer Framework

The three-layer structure addresses different governance problems in medical data
circulation. The public investment anchor supplies an initial monetary scale under cold-
start conditions. This helps public-sector data holders and other suppliers document why
an initial listing reference is defensible under audit and stewardship scrutiny. The locked
scoring model creates product-level differentiation based on hospital, application, intrinsic
data attribute, and processing intensity scores, which helps buyers see how scenario,
data quality, and processing depth affect the reference. The market learning governance
interface prevents the cold-start anchor from becoming a permanent untested price once
transaction records accumulate, while keeping the exchange in the role of transparent
reference formation and avoiding unilateral price determination.

The 2024 anchor convention is a version-bound, cost-informed cold-start construction.
Medical data originate in systems funded primarily for diagnosis, treatment, and hospital
administration; the exchange-listed product is a secondary-use companion output. The
category-specific relevance ratios include only the portion judged to support data-product
readiness, and the national visit denominator supplies only a social-average scaling basis.
The resulting 13.1 is outside the categories of intrinsic value, audited product cost, observed
market benchmark, regulatory floor, and fitted transaction price coefficient. It initializes a
dimensionally consistent reference for one person’s application-specific data group under a
defined permitted use. As sufficiently comparable medical data transactions accumulate,
later versions should give those comparable greater evidential weight and make the original
anchor less decisive, while preserving earlier parameter versions for audit replay.

5.3. Relationship to Existing Valuation Approaches

SM-DPF complements established valuation approaches. Cost evidence supplies an
auditable starting scale when comparable transactions are scarce, while quality, processing
and permitted-use indicators represent nonlinear product differentiation. The anchor does
not override buyer demand, the seller’s asking position, the exchange’s target reference,
or bilateral negotiation; the observed transaction price is formed only after those parties
negotiate. In a more mature market, sufficiently comparable transactions should carry
greater weight in prospective parameter review, and the cold-start anchor should become
less decisive. The present paper defines that governance transition but does not implement
a market learning estimator. Data contribution allocation remains outside the proof-of-
concept boundary.

The narrower contribution is to combine these elements into a rule chain suitable for
exchange governance. The framework is best evaluated as a pricing reference formation
method. Universal valuation theory remains outside the proof-of-concept boundary.

5.4. Expert-Informed Scoring, Reproducibility and Auditability

The scoring system contains expert-informed structural coefficients and transaction-
informed initial scenario-response coefficients. This introduces judgement and small-
sample calibration risk, but both sources are visible and version-bound. The H/ A weights
and D/K mappings were fixed through expert consultation; the same 23 transactions then
informed ys and were reused for diagnostics. The revised analysis therefore labels every
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error, correlation and comparator result as in-sample and avoids claiming independent
validation.

The expert consultation process is reported with its evidential boundary. The
manuscript identifies the participating organizations and expert quadrants, the initial
scoring and importance-adjustment process, and the scenario discount/premium ranges. It
also distinguishes the expert-fixed structural rules from the transaction-informed scenario
coefficients. Supplementary Materials provide complete score mappings, row-level inputs
and outputs, and the available range-level consensus information. Exact item-block W and
CV values are not supported by retained source records and are therefore not invented.

5.5. Limitations and Future Work

This study has several limitations. First, the 23 records come from one exchange
context, and the same records informed the initial scenario-response coefficients and the
subsequent diagnostics. The MAPE, correlations, comparator results, and anomaly anal-
ysis are therefore in-sample only and cannot establish external validity or market-wide
predictive accuracy. Second, raw contracts, counterparty identities, negotiation logs, and
contract-to-unit denominator records remain confidential even though the disclosed row-
level fields support formula replay. Third, the public investment anchor and its apportion-
ment ratios are expert-elicited, category-specific functional-relevance assumptions rather
than audited accounting allocations or official cost weights; their current values require
prospective review as better cost evidence and market comparable transactions emerge.
Fourth, the Sobol analysis is a structural sensitivity assessment under declared input ranges
and independence assumptions, not an empirical uncertainty distribution. Fifth, no market
learning algorithm or external updating rule was implemented.

Future work should evaluate the framework on independent time windows and multi-
exchange data. A market learning procedure may then be implemented prospectively, with
predefined calibration cells, minimum sample thresholds, robust update statistics, and
preserved historical versions. Until such work is completed, Layer 3 remains a proposed
governance interface rather than an operational learning module.

6. Conclusions

SM-DPF addresses how an exchange can form an explainable cold-start pricing refer-
ence for medical data products when comparable transactions are sparse, product defini-
tions are scenario-dependent, and auditability matters. The original three-layer structure
is retained: a public investment anchor, a locked structural score, and a proposed future
market learning governance interface. The revised evidence shows that y(; can be replayed
from disclosed fields and compared with de-identified transaction prices y;. Because the
same 23 records informed initial ys calibration and the diagnostics, all MAPE, correlation,
and comparator results are explicitly interpreted as in-sample. The framework remains
a governance-oriented pricing reference method; it does not predict transaction prices,
establish market-wide validity, or implement market learning.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/sym18081263/s1. The revised Supplementary File contains Table
S1: Complete score mappings; Table S2: The consolidated 23-record row-level dataset with H, A, S, D,
K, vs, yo,i, yi and all reported errors; Table S3: The full 13.1 anchor calculation and apportionment
rationale; Table S4: Six comparator specifications and results; Table S5: Local and bounded coefficient
sensitivity checks; Table S6: Sobol global structural sensitivity results; Table S7: Worked replays; and
Table S8: The data-disclosure and implementation boundary.
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