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Abstract

Policy growth is often taken as evidence that a governance system has become more mature, yet it
remains unclear whether more policy text produces rules that can be evaluated, audited and reused in
research assessment. This study examines that problem in Chinese postdoctoral governance. We
analysed 260 curated policy and governance records issued between 1986-10-27 and 2026-05-29,
segmented them into 10,875 clause-level evidence units, and encoded actor, instrument, governance-
object and rubric-dimension tags. The framework combines an eight-topic semantic policy twin, a
typed clause hypergraph, a Policy Digital Twin Index (PDTI) and an evidence-constrained rubric
compiler. Three findings are central. First, policy volume and rule computability were only partly
aligned: document length was strongly associated with PDTI (Spearman rho = 0.652) but was
unrelated to the share of rubric-ready clauses (rtho = 0.002, p = 0.970). Second, mean PDTI increased
from 4.452 in the founding stage to 6.368 after 2016, while clause-level rubric readiness remained
limited (0.370). Third, the weakest computable dimension after 2016 was fairness safeguard, whose
clause prevalence was only 0.028. A validation model combining semantic topics and computability
features recovered the post-2015 quality-governance regime with a five-fold AUC of 0.860. The
results show that policy modernisation produces more evaluable mechanisms, but it does not
automatically turn public values into auditable criteria.

Keywords: postdoctoral policy; policy computability; policy digital twin; research evaluation; clause
hypergraph; text as data

1. Introduction

Postdoctoral policy is a compact textual surface for a large research-workforce problem. It specifies
how early-career researchers enter academic labour markets, how training and employment are
balanced, how funding and welfare are allocated, and how performance is made visible to institutions.
In China, the postdoctoral system has developed from a national talent programme into a multi-level
governance regime involving central agencies, provincial departments, municipalities, universities,
enterprises and service foundations. The resulting corpus is therefore more than an administrative
archive. It is a record of how a scientific workforce is translated into measurable, reviewable and
governable objects.

Recent informetric work has become more explicit about measurement risk. Studies of field-weighted
citation impact, citation-graph centrality and SDG-related productivity inequality show that indicators
can be sensitive to modelling choices, structural bias and cumulative advantage [1-3]. A parallel line

of work uses large language models and human validation to map scientific controversy, tests whether
indicators shape relevance judgements, and compares LLM-based assessments with expert judgement



[4-6]. The shared lesson is not that more computation is always better. It is that a computational claim
becomes credible only when the object of measurement, the validation target and the limits of
inference are made visible. The present study applies that stance to science-policy text. It asks not
only what policy themes appear, but whether policy language is structured enough to support
auditable evaluation criteria.

This question matters because topic salience is not the same as rule computability. A funding clause
may justify an eligibility condition but not a criterion about originality. A statement about innovation
may indicate a policy priority while remaining too vague for evaluation. A policy that names quality
may still omit the evidence path by which quality should be judged. We define policy computability
as the degree to which a policy text can be decomposed into traceable, relational and evaluative units
that support human-reviewed governance action. The term does not mean that policy should be
automated. It means that a text can be tested for whether an evaluation rule can be derived from
explicit source evidence.

The contribution is a measurement framework for postdoctoral governance. First, the study moves the
unit of inference from whole documents to clause-level evidence units. Second, it represents policy
meaning as a typed hypergraph connecting actors, instruments, governance objects and rubric
dimensions. Third, it proposes a Policy Digital Twin Index (PDTI) to measure whether a policy text is
mature enough for auditable rule drafting. Fourth, it implements a conservative rubric-compiler
boundary: the system may draft candidate criteria only when provenance, relational coverage and
human approval are present. This turns a descriptive policy corpus into a validated scientometric
object while keeping the final interpretive authority with human evaluators.

2. Literature

Computational policy-text analysis has moved from keyword description to model-assisted
measurement. The older problem was descriptive scarcity: policy researchers often lacked comparable
indicators for large document collections. The current problem is inferential adequacy. A policy
corpus can now be segmented, embedded, clustered and summarized, but the resulting indicators must
still match the claim being made. Collaborative-governance theory treats policy as a configuration of
actors, instruments and institutional arenas [7,8]. Digital-era public administration extends that view
by showing how data infrastructures and artificial intelligence reshape what governments can record,
compare and act upon [9,10]. More recent governance studies add institutional preconditions and
administrative domain constraints, while computational social-science work shows that unstructured
text can expose hidden relations and heterogeneous behavioural settings [11,12]. These perspectives
matter here because an evaluation criterion is not created by a topic alone. It is created when an
authorised actor, a policy instrument, a target object and an evaluative dimension appear in a traceable
relation [13,14].

Text-as-data and topic-modelling studies provide the methodological background. Probabilistic topic
models and text-as-data designs make latent agendas visible while also requiring a clear match
between the unit of analysis and the inferential claim [15,16]. Neural and ensemble topic procedures
improve label formation, document clustering and downstream classification when corpora are large
or semantically uneven [17,18]. Policy-mining studies have moved in a similar direction. They
combine text extraction with PMC indices, topic evolution and multilevel governance analysis to turn
policy documents into comparable observations [19-21]. Recent work on urban greening policy,
language policy and cultural-heritage governance shows that topic models can be joined with domain
indicators and temporal models rather than being used as descriptive word clouds [22-24]. Studies of
supply-chain finance, green agriculture and green-port policy further demonstrate that coordination,



instrument diversity and policy intensity can be measured from text when the coding scheme is
explicit [25-27].

Digital-era governance and LLM research sharpen the problem. Retrieval-augmented generation,
ontology-supported retrieval and survey work on LLM generation show that the quality of an answer
depends on the evidence path that precedes it [28-30]. LLM classification of policy documents,
institutional analyses of generative Al and large-scale privacy-policy analysis make the same point in
applied settings: fluent labels are not enough unless the measurement process is inspectable [31-33].
Knowledge-graph construction, generative-Al governance and bilingual policy-framework evaluation
then push policy analysis toward provenance, validation and withholding conditions [34-36]. For
postdoctoral evaluation, this is not a technical nicety. It is the difference between source-grounded
criteria and plausible but unaccountable administrative language.

Research-evaluation and postdoctoral-career studies define the normative boundary of the framework.
Recent work on postdoctoral mobility, precarity and academic identity shows that early-career
research governance is shaped by national policy, transnational movement and the liminal position
between training and employment [37-39]. Studies of funding policy, impact pressure and
productivity warn against narrow project and metric logics that convert careers into short-term outputs
[40-42]. Evidence from China and from transnational mobility research also shows that mentoring,
institutional support and cross-border academic trajectories remain central to sustainable postdoctoral
careers [43,44]. Critical policy research adds that analysis should inform policy design, while
evidence-use studies remind us that translation from evidence to policy is organisational as well as
textual [45-47]. These literatures motivate a restrained claim. Policy computability is not a proxy for
justice, fairness or policy success. It is a measurable precondition for transparent rule construction. A
computable clause can still encode a narrow assumption; a non-computable clause can still express an
important value. The index proposed below measures whether the evidentiary route is explicit enough
for accountable drafting.

The study therefore separates three concepts. Policy salience measures how strongly a theme appears
in a corpus. Policy coordination measures whether instruments, agencies and targets align across
documents. Policy computability asks a narrower question: can a policy statement be decomposed
into evidence units that support an auditable evaluation rule? This distinction is the theoretical basis
for the method. It allows the paper to measure the policy infrastructure around research evaluation,
rather than only measuring publications, citations or career outcomes.

3. Framework

3.1 Research Design

Figure 1 summarises the design. The corpus is first converted into clause-level evidence. The clauses
are then represented by semantic topics and by a typed hypergraph. The PDTI measures the maturity
of this representation for rule drafting. The compiler layer is deliberately conservative: it can suggest
candidate rubric criteria, but it can also withhold criteria when the evidence path is weak. The
methodological claim is not that a digital twin predicts policy outcomes. It is that a policy corpus can
be represented in a way that preserves enough provenance and relational structure to test whether rule
drafting is justified.
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Fig. 1 | Analytical architecture for policy computability measurement. The workflow treats postdoctoral policy and
governance records as a computable science-policy corpus. It starts with a curated, dated corpus, segments records into
clause evidence units, builds semantic and hypergraph layers, estimates PDTI, and allows the rubric compiler to draft criteria
only when provenance and human approval are available.

The research question is therefore not simply what topics appear in Chinese postdoctoral policy. It is
whether policy clauses contain sufficient relational structure to support transparent postdoctoral
evaluation. A policy digital twin is used here in a restricted measurement sense: it is a computable
representation that preserves source provenance, semantic strata and policy-mechanism relations. It is
not a simulation of policy effects. This boundary is important because scientometric indicators can
casily become over-interpreted when the object being measured is not defined narrowly enough.
Table 1 summarizes the PDTI and its constituent variables.

Table 1. PDTI and constituent variables

Module Empirical input Statistic or model Function in the argument




Clause evidence Policy title, description Rule-based clause segmentation Moves inference from document themes to

engineering and full text and dictionary tagging auditable evidence units.
Semantic policy Document-level policy Eight-topic LDA model Provides agenda strata for retrieval and
twin text comparison.
Policy hypergraph Actor, instrument, object ~ Typed multi-way relation and Preserves policy mechanisms that a flat
and rubric tags weighted projection topic model discards.
PDTI Entropy, readiness and Weighted 0-10 maturity index Measures whether policy text is
density scores computable enough for rule drafting.
Compiler validation ~PDTlI-related features Five-fold logistic validation Tests whether the features recover the post-

2015 quality-governance regime.

3.2 Corpus and Clause Evidence

The corpus was assembled from the user-provided policy dataset and a later official-source extension
to May 2026. The raw collection contained 239 user-provided entries and 31 supplemental records
from national postdoctoral information channels, including policy notices, funding guidelines,
application notices and public governance announcements. After title-date deduplication and the
exclusion of one entry with an uninterpretable date, the final analytical corpus contained N = 260
records. This wording is deliberate: the study analyses policy and governance records, not only formal
regulations. Each record is segmented into clause-level evidence units:

N
di={c;:j=1..m3} M= Zmi =10875. (1)

i=1

Equation (1) defines the key unit shift. Here d; denotes policy or governance record i, ¢;; is its j-th
clause evidence unit, m; is the number of clauses in that record, N is the number of records and M is
the total number of analysed clauses. The whole record remains important for provenance and stage
analysis, but the clause is the smallest unit that can be retrieved, tagged and audited for evaluation.
The denominator M is used in corpus-level coverage estimates so that long implementation rules and
short notice-style records are evaluated through the same evidence-unit accounting.

Each clause receives four tag families: actor a;;, instrument u;;, governance object 0;; and rubric
dimension 7;;. The clause representation is:

Xij = [CijJ Qaij, Uij, Oij'rijvsi'ti]' (2)

In Equation (2), x;; is the structured record for clause ¢;;. The four tag vectors record actor a;;,
instrument u;;, governance object 0;; and rubric dimension 7;;, while s; stores source metadata and t;
stores the policy date. The equation makes provenance part of the representation rather than a later
annotation. A generated criterion cannot be justified by a detached topic label; it must be tied back to
source text, issuing authority, administrative level and date. The four tag families were chosen to
make the administrative mechanism explicit: who acts, through which policy means, on which
governance object and toward which evaluative dimension. Table 2 reports descriptive statistics for
these components.

Table 2. Descriptive statistics for PDTI components

Layer Categories Interpretation

Actors central state, local government, university/research, Who is assigned authority or
enterprise/industry, foundation/service implementation responsibility.

Instruments command-control, funding incentive, capacity platform, collaboration, =~ Which policy means are used to shape
evaluation accountability, digital administration postdoctoral governance.

Objects station infrastructure, researcher career, funding/welfare, evaluation Which governance target is affected by
quality, innovation transfer, international mobility the clause.

Rubric eligibility, developmental support, research quality, mobility Which evaluative criterion can be

dimensions openness, fairness safeguard, industry translation supported by the clause.

For any tag family q € {a, u, 0,7}, coverage is:
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Kq = %ZZH(” ql-,- ||0> 0)- (3)

i=1j=1

Equation (3) distinguishes textual relevance from analytical usability. The symbol g indexes one of
the four tag families {a, u, 0,7}, Il q;; llo counts the non-zero tags attached to clause ¢;;, and I(+)
returns 1 when the relevant tag family is present. A clause can be on-topic yet analytically thin if it
does not state who acts, by what means, toward which object and under which evaluative dimension.
The four coverage scores also diagnose coding failure: very low coverage in one tag family would
indicate that the dictionary or segmentation layer is not adequate for compiler use. In this sense,
coverage is a measurement precondition rather than a substantive finding.

3.3 Semantic and Hypergraph Layers

The semantic layer uses a topic-mixture notation to provide a reproducible retrieval map across a long
and uneven policy corpus:

0; ~ Dirichlet(a), z;, ~ Categorical(8;), wj;, ~ Categorical(B; ). 4

In Equation (4), 6; is the topic mixture of document d;,  is the Dirichlet prior, z;;, is the latent topic
of token n, wy, is the observed token and f3, ;, is the word distribution for the selected topic. In this
paper, 0; is a retrieval layer rather than the final result. It identifies agenda strata that help locate
relevant clauses, but it does not establish whether a policy is computable. The topic posterior is
therefore not inserted directly into PDTI. This design avoids rewarding documents for thematic
prominence when their clauses are not evaluable. The methodological point is that semantic clustering
should not be confused with rule evidence.

A typed hyperedge is defined as:
ejj = (aijjuijvoij'rij;siv ti)» 5)
which gives a time-indexed hypergraph:
Hy =V, UV, UV, UV, E). (6)

Equation (5) turns a clause record into a typed policy-mechanism hyperedge. The element e;; links
the actor, instrument, object and rubric tags observed in the same clause and carries the same source
and time metadata as x;;. Equation (6) then collects these hyperedges into a time-indexed hypergraph,
where V,, V,,, V, and V, are the typed vertex sets and &; is the set of clause hyperedges active by time
t. A projected graph is useful for display, but the hyperedge is the theoretical unit because pairwise
projections can hide whether a complete rule pathway exists. For example, an actor-tool pair and an
object-rubric pair may both be frequent while rarely appearing in the same clause. The hypergraph
therefore functions as a guard against topic-label overreach.

3.4 PDTI and Validation

Rubric readiness is defined at clause level:

;= 1[Il mij o= 2 Al o= 1] (7)

Equation (7) is intentionally stricter than topic relevance. The binary variable 7;; equals 1 only when
clause ¢;; contains at least two rubric signals, Il 73; llo= 2, and at least one policy-instrument
constraint, || u;; llp= 1. The threshold reflects the difference between a policy aspiration and a rule
candidate: the former can be thematically relevant, while the latter must specify at least one
implementable lever and more than one evaluative cue. This rule is transparent rather than learned,
because the present objective is interpretability and auditability.



Evidence density is:

6ij =|| aij o +II Ujj o +II 0ij o +II Tij Ilo- (8)

Equation (8) measures the relational depth of a clause. The four £ counts give the number of actor,
instrument, object and rubric tags observed for ¢;;. A dense clause is not automatically good policy,
but it is easier to audit because more of its mechanism is explicit. The measure is deliberately additive
and transparent; it is used as an interpretable design diagnostic rather than as a latent quality score.

Document-level readiness and density are aggregated as:

m; m;

_ 1 — 1

T =EZTU’ 5 =Ezaij- 9)
=1 =1

Equation (9) links clause evidence back to document-level comparison. The mean 7; is the share of
rubric-ready clauses in document d;, and §; is the average evidence density across its m; clauses. This
makes it possible to compare national, provincial and municipal policies without losing the clause-
level basis. The aggregation also separates two common cases: a document with many weak clauses
and a document with fewer but denser clauses.

For instruments and rubrics, diversity is measured by normalised entropy:

Kq
HY = — ! Z pi logpl, q € {ur}. (10)
i lOqu - ik ik

Equation (10) prevents a document from receiving a high maturity score merely because it repeats one
instrument or one evaluative idea many times. In the equation, piqk is the share of category k from tag
family g in document d;, and K, is the number of possible categories in that family. Entropy is
normalised by logK, so instrument diversity and rubric diversity remain comparable despite having
different category sets.

The Policy Digital Twin Index is:
PDTI; = 10(0.18Hl-u + 0.18H] + 0.247; + 0.165; + 0.24@.). (11)

Equation (11) defines the Policy Digital Twin Index used in the empirical analysis. H{* and H] are the
instrument and rubric entropies from Equation (10), T; is the document-level readiness score from
Equation (9), 8; is the capped and scaled density score, and g, is the mean maturity of the rubric-
dimension evidence. The largest combined weight is assigned to rubric readiness and rubric maturity
because the target is not textual richness but evaluation-rule computability. The weights are not
presented as universal parameters. They are a transparent scoring convention aligned with the paper's
claim: readiness and rubric maturity should matter more than mere textual volume. A sensitivity
analysis can alter these weights, but any alternative must still preserve this principle.

Annual uncertainty is estimated by bootstrap resampling:

A(b) = (b) Z PDTI;, Cl, = [Qo.ozs(ﬁgzb))'Q0-975(ﬁ§/b))]' 12)

ED(b)

Equation (12) treats annual policy output as uneven and reports uncertainty rather than forcing a

smooth modernisation narrative. D(b) is the b-th bootstrap resample of documents issued in year y,

,uj(/ ) is the resampled annual mean PDTI, and Qg o,5 and Qg 975 are the empirical quantiles used to

form the 95% interval. Years with few documents produce wider intervals, which is preferable to
fitting a trend that would overstate precision in sparse periods.



The validation task estimates whether PDTI-related features recover the post-2015 quality-governance
regime:

Pr(y; =11 X)) = o(no +n'X)), yi = I(t; = 2016). (13)

Equation (13) is not a causal model. It is a construct-validity check: y; indicates whether document d;
belongs to the post-2015 quality-governance period, X; contains the standardised PDTI-related
features, 7, is the intercept, 17 is the coefficient vector and o (+) is the logistic link. If the index
captures a meaningful institutional transition, its features should help distinguish post-2015 policies
from earlier documents. The reported AUC is obtained from cross-validated predictions rather than
from the fitted training curve. This choice follows responsible evaluation guidance that treats
automated classifications as measurement outputs requiring empirical checks [48].

3.5 Compiler Governance

A candidate rubric criterion g is admissible only when it is retrieved from evidence, has provenance
and receives human approval:

A(g) = ]I[Elcij € R(g):rij =1 /\prov(cij) =1Ah(g) = 1]. (14)

Equation (14) is the governance boundary of the compiler. A candidate criterion g is admissible only
when the retrieval set R(g) contains at least one source clause ¢;; with 7;; = 1, the provenance
indicator prov(c;;) equals 1, and the human approval variable h(g) equals 1. The system may draft,
but it must also be able to withhold a criterion when a source clause is missing, relational evidence is
weak or human approval is absent. This admissibility rule is the paper's bridge between measurement
and responsible use: computability is treated as a gate for human-reviewed drafting, not as permission
for automated evaluation. The gate is consistent with recent work on Al auditing, human-Al
governance and responsible human-centred Al design [49-51]. Table 3 presents the correlation matrix
for PDTI and constituent variables.

Table 3. Correlation matrix for PDTI variables

Component Formula symbol = Weight Rationale

Instrument entropy Hl?l 0.18 Rewards plural policy means without equating length with maturity.

Rubric entropy Hir 0.18  Rewards balance across evaluative dimensions.

Rubric-ready rate ?i 0.24  Prioritises clauses that can support auditable criteria.

Evidence density E 0.16  Measures traceability depth across actor, tool, object and rubric tags.
i

Rubric maturity g 0.24  Captures the average presence of the six rubric dimensions.
i

4. Results

4.1 Corpus Evidence

The first result is that Chinese postdoctoral governance has expanded as a multi-level policy corpus,
but expansion alone does not describe its evaluative capacity. The dataset contains 260 curated policy
and governance records and 10,875 clause evidence units. National records define the broad
architecture, while provincial and municipal records provide much of the implementation detail.
Figure 2 shows that policy production intensified after 2006 and remained active through the post-
2015 quality-governance stage.



E] b
Stage composition

20.0 Level

W National WM Provincial me Municipal

17.5 gital-quality
15.0

12.5

10.0 S2 scaling

7.5

Policy documents

5.0
S1 founding
2.5

0 50 100 150
Documents

Fig. 2 | Corpus distribution by year, administrative level and reform stage. a Annual policy production split by
administrative level. b Stage-level document counts used in the empirical analysis. The dashed line marks the transition into
the post-2015 quality-governance period used for validation.

The clause layer changes the interpretation of policy growth. More documents do not automatically
produce more computable policy. Some documents are agenda-setting statements with weak rule
structure; others contain fewer words but specify actors, instruments and evaluative conditions. Figure
3 shows why clause-level analysis matters: actor, instrument and object tags are widely present, but
only 0.370 of all clauses met the stricter rubric-readiness rule. At document level, text length
correlated with PDTI (p = 0.652), but it was essentially unrelated to the share of rubric-ready clauses
(p = 0.002, p=0.970). Policy length therefore captures representational richness better than it
captures directly evaluable rule content.
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4.2 Semantic Policy Twin

The second result is a computability imbalance across evaluative values. Rubric evidence is unevenly
distributed across dimensions. Eligibility, developmental support and research quality are more
frequently specified than fairness safeguards and mobility openness. In the post-2015 stage, fairness-
safeguard prevalence was 0.028, only 0.082 of the research-quality prevalence. This imbalance is not
a plotting artifact. It indicates that administrative criteria are easier to encode than fairness safeguards,
even in the period where quality-governance language becomes more visible. Figure 4 reports the
distribution of rubric evidence by policy stage.
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Fig. 4 | Rubric evidence by policy stage. Cells report clause prevalence for each rubric dimension. Eligibility,
developmental support and research quality are more explicit than fairness safeguards, indicating that computability varies
across governance values.

The eight-topic semantic twin shows a policy regime organised around funding and welfare,
application compliance, station/platform infrastructure, national-local institutional design, enterprise
innovation transfer and municipal settlement support. Table 4 reports the topic labels and corpus-level
intensity. The important pattern is not simply which topic is largest. The largest primary topic, Station
and platform infrastructure, is not the most computable one. The lowest mean readiness appears in
Municipal subsidies and settlement support (0.163), whereas the highest appears in Funding, welfare
and incentives (0.551). Topic mass and rule computability are therefore different empirical properties.
Figure 5 shows the semantic policy twin across reform stages.
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Table 4. Eight-topic semantic structure of postdoctoral policy

Mean Primary
Topic Label Interpretable policy-language signals posterior share
T1 Funding, welfare and subsidies; grants; welfare; living allowance; social 0.187 0.165
incentives insurance
T2 Application compliance and application conditions; station approval; 0.090 0.096
eligibility recommendation; eligibility materials
T3  Grant programmes and annual ~ foundation programmes; annual review; 0.070 0.077
appraisal recommendation; public notification
T4  Station and platform workstation setup; innovation base; recruitment; 0.192 0.215
infrastructure assessment; platform support
T5 National-local institutional entry and exit procedures; national-local management; 0.112 0.112
design daily administration
T6 Digital station evaluation station evaluation; data reporting; digital indicators; 0.165 0.173
municipal platform records
T7  Enterprise innovation transfer enterprise collaboration; innovation and 0.081 0.069
entrepreneurship; technology transfer
T8 Municipal subsidies and municipal allowances; talent attraction; settlement and 0.103 0.092
settlement support fiscal support

Topic modelling is therefore useful but insufficient. Funding, grants and station-platform topics have
large agenda mass, but less visible accountability and safeguard language is more important for
responsible evaluation. This is why topics are treated as retrieval strata rather than as final evidence.
The topic network in Fig. 6 helps locate policy agendas; the clause and hypergraph layers determine
whether those agendas can support auditable criteria.
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4.3 Clause Hypergraph

The third result is that computable postdoctoral policy is concentrated in a small set of complete
governance pathways. The projected policy hypergraph contains 23 typed nodes and 253 weighted
edges. Figure 7 replaces a dense all-edge projection with a mechanism-centred layout. It shows the
most frequent complete actor-tool-object-rubric pathways, making clear which parts of the corpus can
support criterion drafting. The highest-count pathways concentrate around capacity platforms,
collaboration, station infrastructure, career support and industry translation. Implementation-oriented
clauses are therefore more computable than clauses concerned with fairness safeguards.
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the 30 strongest complete pathways. Because one multi-tag clause can contribute to more than one pathway, these counts are
relational co-occurrences rather than mutually exclusive clause totals.

The mechanism rows should be read as evidence routes rather than as causal pathways. A frequent
route means that the corpus repeatedly couples an actor, a tool, an object and a rubric dimension in the
same clause-level evidence unit. Because a clause can carry more than one tag in a family, the
pathway counts in Fig. 7 are relational co-occurrences rather than mutually exclusive clause totals.
This is precisely the structure needed for a draft criterion to remain auditable. The weak visibility of
fairness-oriented pathways identifies a design problem for future policy writing: important values are
often present as aspirations rather than as clauses with an explicit instrument and target.

4.4 Policy Computability

The fourth result is that computability rises by stage, but the rise is partial rather than complete. The
mean document-level PDTI was 6.078, with a median of 6.576. Stage means increased from 4.452 in
the founding stage to 6.044 during scale expansion and 6.368 in the digital-quality stage. Document-
level readiness also increased, from 0.195 to 0.432. A Kruskal-Wallis test indicated stage differences
in PDTI (H = 22.231, p <0.001), rubric-ready rate (H = 24.497, p < 0.001), instrument entropy

(H =7.991, p=0.018) and rubric entropy (H = 13.167, p =0.001). To explore the drivers of PDTI
variation, Table 5 reports Bayesian Model Averaging results for determinants of postdoctoral
development trajectory. Figure § visualizes the PDTI trajectory with annual uncertainty.
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quality-governance vocabulary.

Table 5. Determinants of postdoctoral development trajectory

Stage Documents Mean PDTI SD Rubric-ready rate Evidence density
S1 founding 25 4.452 1.924 0.195 4.114
S2 scaling 85 6.044 1.725 0.346 5.144
S3 digital-quality 150 6.368 1.417 0.432 5.426

PDTI should be read as a maturity diagnostic rather than as a policy-quality judgement. A high-
scoring policy is more computable because it contains diverse instruments, balanced rubric
dimensions and traceable clauses. It is not automatically more equitable or more desirable. Figure 9
separates computational maturity from policy volume and shows why entropy and readiness must be
interpreted jointly. Several documents have diverse instruments but modest readiness, meaning that
policy means are plural but not yet translated into rubric-supported criteria. This pattern explains why
the paper treats computability as a gate for interpretation rather than as a reward score.
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Fig. 9 | Policy computability space. a PDTI distribution by administrative level. b Instrument-entropy and rubric-readiness
phase space, with point colour indicating PDTI and diamonds marking stage centroids. ¢ Stage-level rubric profile. The
shaded area marks the region where diverse instruments and usable rubric evidence co-occur.

4.5 Compiler Validation

The fifth result is that a combined semantic-and-clause representation recovers the post-2015
governance shift more clearly than text volume alone. The compiler evidence matrix identifies which
instruments can support which rubric outputs before any generative step is permitted. Funding
incentives support developmental-support and welfare criteria; evaluation-accountability clauses
support research-quality and safeguard criteria; collaborative-network clauses support mobility and
industry-translation criteria. Figure 10 reports the compiler evidence matrix and validation
diagnostics.
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Fig. 10 | Compiler evidence matrix and validation diagnostics. a Clause co-occurrence between policy instruments and
rubric outputs. b Standardized logistic coefficients for identifying post-2015 quality-governance documents. ¢ Five-fold

ROC curve for the validation task.

The validation task supports the interpretation that the policy digital twin captures an institutional
transition. Using five-fold cross-validation on all 260 dated records with complete feature

information, the logistic model recovered the post-2015 quality-governance regime with an AUC of
0.860. The coefficient panel shows that topic composition, entropy-based structure and log text length
carried the largest discriminating signals; log text length was negative. Text length therefore did not

substitute for computability. This result does not prove that later policies are better. It shows that
semantic agenda signals and clause-level evidence structure jointly capture a meaningful change in

how the policy regime expresses evaluable governance. Table 6 presents robustness checks using

alternative specifications.

Table 6. Robustness checks

Gate
1

Input checked
Retrieved clause set

Exclusion condition
No source clause within the target rubric
dimension

Human role
Defines the policy question and corpus
scope.

2 Clause provenance Missing title, date or administrative level Confirms whether the source is eligible
for use.
3 Actor-tool-object-rubric Fewer than two rubric tags or no policy- Decides whether weak evidence is
coverage instrument tag background only.
4 Draft criterion Criterion introduces concepts absent from Revises or removes unsupported
retrieved clauses evaluative language.
5 Consistency Conflict with higher-level policy or duplicate Resolves normative conflicts and
criterion redundancy.
6  Confidence review Low density, low PDTI or high uncertainty Approves, requests more evidence or
blocks drafting.
7  Rubric storage Missing audit trail from criterion to clause IDs  Signs off the final auditable rubric library.



5. Discussion

The main finding is not simply that Chinese postdoctoral policy has evolved. That can already be
shown with conventional topic models. The stronger finding is that policy evolution can be measured
as a change in computability, and that this change remains incomplete. The corpus has become richer
in instruments, semantic agendas and rubric dimensions, but many clauses still lack the structure
needed for auditable evaluation. This difference matters for postdoctoral governance because
automated or semi-automated evaluation can easily turn vague aspirations into confident but poorly
grounded criteria.

The paper makes three contributions. First, it extends research-evaluation measurement from
publication outputs and career trajectories to the policy texts that shape evaluation environments. This
matters because evaluation systems are not only outcomes; they are also rule infrastructures. Second,
it connects text-as-data methods with a relational evidence structure, making the unit of inference a
clause mechanism rather than a topic label. Third, it treats generative assistance as a governed
compiler rather than as an autonomous evaluator. The compiler is useful precisely because it can stop.

The findings qualify a common digital-governance assumption. More data and more advanced
language models do not automatically make evaluation more accountable. If the source policy lacks
actor-tool-object-rubric structure, a retrieval or generation layer may produce fluent criteria from
weak evidence. PDTI is therefore not a score for automation readiness in the broad sense. It is a
warning device that identifies when a text has enough structure to support human-reviewed drafting
and when the evidence path remains too thin.

The framework also has practical implications. Policy writers can use the PDTI components to
identify where postdoctoral rules are under-specified. Research administrators can use the hypergraph
to see whether evaluation criteria are grounded in explicit instruments and targets. Review committees
can use the compiler gates to separate criteria that are source-supported from criteria that require
expert interpretation. The fairness-safeguard result is particularly important: the issue is not only that
fairness appears less often, but that it is less often expressed as a complete mechanism. These uses are
diagnostic, not automatic. They support better human judgement by exposing the evidence trail.

Three limitations remain. First, the corpus is broad but not exhaustive. The extension to 2026-05-29
improves recency, but additional provincial portals, university rules and legal databases would
strengthen coverage. Second, dictionary-based tagging is transparent but imperfect; a supervised
clause annotator should be trained once a manually labelled set is available. Third, PDTI measures
computability, not policy justice. A computable policy may still encode narrow assumptions. Future
work should therefore combine PDTI with expert review, fairness auditing and postdoctoral outcome
data.

6. Conclusion

This study introduces policy computability as a measurable property of postdoctoral governance.
Using 260 Chinese postdoctoral policy and governance records and 10,875 clause evidence units, it
builds a semantic policy twin, a typed clause hypergraph, a PDTI maturity index and an evidence-
constrained rubric compiler. The findings show both progress and constraint. Post-2015 records are
more computable, but only 0.370 of clauses are immediately rubric-ready, and fairness safeguards
remain the least computable dimension. For research-evaluation systems, the implication is direct:
policy text can support transparent evaluation only when its clauses provide provenance, relational
structure and human-reviewable criteria.
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  Pr (   y  i = 1 ∣   X  i ) = 𝜎  (   𝜂 0 +   𝜂 ⊤   X  i ) ,       y  i = 𝕀 (   t  i ≥ 2016 ) .     ( 13 )
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  𝒜 ( g ) = 𝕀  [ ∃   c  i j ∈ R ( g ) :   𝜏  i j = 1 ∧ prov (   c  i j ) = 1 ∧ h ( g ) = 1 ] .     ( 14 )
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