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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

• This study models technology-transfer performance as a hierarchical system integrat-
ing expert knowledge with institutional evidence.

• The AHP–MAP framework enables auditable cross-level attribution and robust orga-
nizational evaluation under uncertainty.

What are the main findings and/or the implications of the main findings?

• Across 36 new R&D institutions, MAP calibration preserves AHP consistency while
improving discrimination, explanatory performance, and ranking stability.

• The framework supports transparent policy evaluation and institutional management
by balancing structured expert priors with observed evidence.

Abstract

Evaluating technology-transfer performance in new R&D institutions requires an evalu-
ation system that remains auditable while allowing empirical calibration with observed
outcomes. This study proposes an AHP-MAP framework that combines the analytic hierar-
chy process with maximum a posteriori weight calibration. The primary and local AHP
weights define the modes of Dirichlet priors, while a two-part occurrence–magnitude model
links composite scores to zero-inflated and long-tailed monetized technology-transfer out-
puts. A common prior-strength parameter is selected from a prespecified candidate set
through stratified four-fold cross-validation. Using 23 indicators from 36 institutions, the
proposed method improves post-selection out-of-fold performance relative to the fixed
AHP baseline. The Spearman correlation increases from 0.655 to 0.712, the area under
the receiver operating characteristic curve increases from 0.742 to 0.805, the root mean
square error for positive-output magnitude decreases from 1.481 to 1.453, and the mean
joint negative log-likelihood decreases from 2.006 to 1.974. Compared with the purely data-
driven model under the same formulation with κ = 0, AHP-MAP remains closer to the
original AHP structure and avoids excessive weight concentration. Its additive structure
also enables exact decomposition into dimension-level and indicator-level contributions.
Multiple-initialization, transformation, bootstrap, jackknife, and Monte Carlo analyses pro-
vide complementary evidence on weight and ranking stability across alternative analytical
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settings and sample sizes. The framework provides a transparent and auditable basis for
performance assessment, weight adjustment, and institutional diagnosis.

Keywords: new R&D institutions; technology transfer; analytic hierarchy process; maxi-
mum a posteriori estimation; interpretable statistical calibration; multi-criteria evaluation;
ranking stability

1. Introduction
Technology transfer is a key mechanism through which research organizations convert

scientific resources into industrial value, economic outcomes, and regional innovation
capacity. Recent studies on university technology transfer indicate that this field is moving
from descriptive analyses of institutional arrangements and output statistics toward more
systematic explanations of governance mechanisms, organizational capabilities, and perfor-
mance outcomes [1]. For innovation-driven and publicly funded research organizations,
technology-transfer efficiency depends not only on the quantity of research outputs, but
also on how institutional resources are organized, governed, and converted into market-
oriented value [2]. New R&D institutions are expected to bridge universities, enterprises,
governments, and markets. Their performance evaluation therefore cannot rely on a sin-
gle output indicator, but must jointly reflect talent resources, operational capacity, R&D
activities, and technology-transfer outcomes.

Technology-transfer performance evaluation faces two methodological challenges. The
first challenge concerns structural auditability. The indicator system is usually hierarchical
and policy-oriented, so the evaluation results must remain traceable, comparable, and
auditable. Expert-based methods such as the analytic hierarchy process (AHP) are useful
for preserving such structural semantics, but the resulting weights may be affected by
subjective judgment and may not fully reflect observed institutional performance. The
second challenge concerns output heterogeneity. Monetized technology-transfer outputs
often exhibit zero inflation and long-tailed distributions. Many institutions may have no
monetized transfer output in a given period, whereas a small number of institutions may
generate very high transfer income. This distributional feature makes it difficult for a
purely linear and expert-weighted scoring system to capture the empirical relationship
between indicator performance and actual transfer output.

Recent technology-transfer research has increasingly shifted from simple input–output
statistics toward mechanism-oriented explanation. At the organizational level, the am-
bidexterity of university technology transfer offices has been found to influence transfer
performance, suggesting that commercialization outcomes depend on the configuration
of organizational capabilities rather than on isolated output indicators [3]. At the col-
laboration level, social capital in university–industry collaboration shapes cross-industry
knowledge sharing, indicating that relational resources and knowledge-sharing pathways
are important mechanisms behind technology-transfer performance [4]. At the institutional
governance level, contractual provisions concerning intellectual property, disclosure, and
confidentiality affect the boundary conditions of knowledge diffusion in publicly funded re-
search [5]. Evidence from NASA technology licensing further shows that licensing policies
may generate commercialization effects and subsequent innovation spillovers [6]. These
studies suggest that performance evaluation should not only rank institutions, but also pro-
vide traceable evidence concerning the indicators associated with performance differences.

Multi-criteria decision analysis (MCDA) provides a structured basis for aggregating
heterogeneous indicators and has developed from classical weighting and ranking methods
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toward robust ordinal regression and preference-robust decision support [7]. This devel-
opment is particularly relevant to technology-transfer evaluation because policy-oriented
rankings should retain their hierarchical meanings while remaining stable under changes
in preferences, parameters, and samples. Recent research on explainable multi-criteria
decision making further emphasizes transparency throughout data preparation, weight
determination, score aggregation, and decision support [8]. However, existing approaches
rarely combine expert-derived hierarchical weights, zero-inflated and long-tailed transfer
outputs, prior-constrained statistical calibration, and ranking-stability analysis within a uni-
fied evaluation process. Fixed expert weights cannot incorporate observed performance
evidence directly, whereas unrestricted data-driven weighting may produce excessive weight
concentration and weaken consistency with the original hierarchical evaluation system.

To address this research gap, this study proposes an AHP-MAP framework for
technology-transfer performance evaluation in new R&D institutions. The primary and
local AHP weights define the modes of hierarchical Dirichlet priors and are calibrated
using observed monetized technology-transfer outputs. A two-part occurrence–magnitude
mechanism separately models whether monetized output occurs and the magnitude of pos-
itive output. A common prior-strength parameter controls the balance between the original
expert structure and the observed evidence and is selected from a prespecified candidate
set through stratified four-fold cross-validation. The calibrated score retains the additive
hierarchical structure of AHP, which permits exact decomposition into primary-dimension
and secondary-indicator contributions.

The study is guided by the following research questions.

• RQ1. How can expert-derived AHP weights and observed performance evidence be
integrated while preserving the hierarchical semantics and auditability of the existing
evaluation system?

• RQ2. Does prior-constrained MAP calibration improve the empirical relationship
between composite scores and monetized technology-transfer outputs relative to the
fixed AHP baseline?

• RQ3. Do the calibrated weights and institutional rankings remain structurally con-
sistent and stable across alternative prior strengths, initial values, indicator transfor-
mations, resampling procedures, institutional omissions, and prespecified sample-
size conditions?

The main contributions of this study are threefold. First, it develops a prior-constrained
hierarchical calibration method that treats expert-derived AHP weights as structural prior
information and estimates primary and local weights under simplex constraints. This for-
mulation incorporates observed performance evidence without replacing the organization
and auditability of the original indicator system. Second, it introduces an occurrence–
magnitude mechanism for zero-inflated and long-tailed monetized outputs and establishes
a cross-validation procedure for selecting the common prior-strength parameter. Third, it
provides an empirical evaluation using data from 36 new R&D institutions. The model
comparison includes fixed AHP, AHP-MAP, and a purely data-driven specification that
uses the same occurrence–magnitude likelihood, hierarchical simplex constraints, fold par-
tition, and optimization procedure as AHP-MAP, with the prior strength fixed at κ = 0. The
evaluation further examines multiple-initialization convergence, indicator-transformation
sensitivity, weight calibration, institutional ranking, contribution decomposition, boot-
strap and jackknife stability, descriptive institutional-type differences, and Monte Carlo
sample-size experiments under prespecified simulation settings.

The remainder of this paper is organized as follows. Section 2 reviews the related
literature and identifies the research gap. Section 3 formulates the technology-transfer
performance evaluation problem and develops the research hypotheses. Section 4 presents
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the AHP-MAP methodology, including data transformation, AHP prior construction,
occurrence–magnitude modeling, prior-strength selection, MAP optimization, and contri-
bution decomposition. Section 5 reports the empirical design, model comparison, weight
calibration, institutional ranking, and robustness analyses. Section 6 discusses the theoreti-
cal and managerial implications, implementation process, and methodological boundaries.
Section 7 concludes the study and outlines future research directions.

2. Literature Review
2.1. Technology-Transfer Performance Evaluation

Technology-transfer performance evaluation is closely related to innovation manage-
ment, university–industry collaboration, intellectual property governance, and regional
innovation policy. Traditional evaluation systems commonly use observable indicators such
as patents, technology contracts, technology-transfer income, licensing revenue, incubated
enterprises, and R&D investment. These indicators provide a basis for cross-institutional
comparison, but they do not fully represent the organizational process through which
scientific resources are transformed into market-oriented outcomes. Research on univer-
sity commercialization shows that outsourcing commercialization activities to specialized
technology transfer offices can alter commercialization performance by introducing pro-
fessional capabilities and external organizational resources [9]. Systematic evidence on
university–industry R&D collaboration also indicates that performance measurement
should cover different collaboration outputs and knowledge-transfer channels rather than
rely exclusively on final commercialization indicators [10]. Living Labs further demonstrate
that platform-based and participatory mechanisms influence knowledge recombination,
application development, and technology-transfer patterns [11].

The organizational role of technology transfer offices has also expanded. These offices
may operate as coordinators, brokers, and active intermediaries between academic organiza-
tions and market actors [12]. Evidence from National Institutes of Health proof-of-concept
centers suggests that intermediary support can reduce early-stage uncertainty and facilitate
the movement of scientific discoveries toward commercial applications [13]. Commercial-
ization outcomes from university–industry collaboration are also shaped by combinations
of organizational conditions rather than by isolated factors [14]. Technology-transfer
performance evaluation should therefore account for the capabilities and organizational
mechanisms that support the generation and realization of transfer outcomes.

Intellectual property governance constitutes another important component of technology-
transfer evaluation. Academic patent commercialization involves invention disclosure, own-
ership arrangements, licensing decisions, market demand, and institutional incentives [15].
Recent measurement research emphasizes that invention commercialization should be iden-
tified through market-oriented use and implementation rather than solely through patent
counts or invention disclosures [16]. Intellectual property arrangements may also produce
heterogeneous social and institutional consequences, which means that stronger protection
does not automatically correspond to higher public value [17]. University patent litigation
may further increase uncertainty and affect subsequent technology-transfer activities [18].
These findings support an evaluation structure that combines commercialization outcomes
with organizational, scientific, and institutional capabilities.

These issues are especially relevant to new R&D institutions, which usually combine
public missions, market-oriented operating mechanisms, and flexible organizational struc-
tures. Empirical research on publicly supported technology transfer offices shows that
organizational capacity and public support jointly influence technology-transfer perfor-
mance [19]. Evidence from the biopharmaceutical industry also indicates that university–
industry interaction contributes to firm-level innovation performance [20]. The value
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created through technology transfer therefore depends on both internal institutional ca-
pabilities and external industrial relationships. An evaluation system for new R&D insti-
tutions should accordingly integrate talent resources, organizational development, R&D
activities, and technology-transfer realization within a coherent hierarchical structure.

2.2. AHP and Robust Multi-Criteria Evaluation

Multi-criteria decision analysis provides a structured methodological foundation for
evaluating systems involving multiple objectives and heterogeneous indicators. Policy-
oriented evaluations often require the aggregation of indicators with different units, scales,
and managerial meanings. The analytic hierarchy process is widely used in such settings
because it decomposes a complex evaluation problem into hierarchical levels and derives
weights from pairwise expert comparisons. Subjective weighting methods remain im-
portant in multi-criteria decision making because they make expert preferences explicit
and auditable [21]. Preference-elicitation approaches based on deck-of-cards ordinal re-
gression similarly demonstrate the importance of transparent preference construction in
multi-criteria models [22]. Multiple-criteria sorting methods further extend structured
evaluation from simple ranking to classification and ordered assignment [23].

AHP-based evaluation nevertheless depends on the consistency and representative-
ness of expert judgments. Once the elicited weights are fixed, the evaluation system has
limited capacity to respond to observed differences between the original preference struc-
ture and institutional performance evidence. Robust ordinal regression addresses this issue
from the perspective of preference uncertainty by identifying conclusions that remain valid
across multiple preference models compatible with the available information [24]. Interac-
tive preference learning combines ordinal regression with sequential learning and supports
multi-criteria choices under evolving preference information [25]. These developments
show that indicator weights and institutional rankings can be examined as uncertain and
updateable components rather than as immutable outputs of a single elicitation procedure.

Ranking robustness is particularly important when evaluation results influence re-
source allocation, policy support, and institutional incentives. Distributionally robust
optimization has been used to reduce ranking sensitivity under uncertain preference dis-
tributions in group decision making [26]. The integration of outranking methods and
Bayesian networks provides another approach to representing uncertainty in multi-criteria
decision support [27]. Hierarchical preference-elicitation procedures can also combine
heterogeneous expert judgments and different weighting approaches within a unified
multi-attribute utility structure [28]. These studies provide methodological support for
preserving expert knowledge while allowing uncertainty and new information to influence
evaluation outcomes.

Sensitivity analysis offers a direct means of examining whether scores and rankings
remain stable under changes in weights and model parameters. Robustness coefficients can
quantify the stability of multi-criteria results and support comparisons among alternative
rankings [29]. Simultaneous modification of multiple weights or preference parameters may
produce ranking changes that cannot be detected through one-factor-at-a-time analysis [30].
Recent innovation-performance research also demonstrates the importance of alternative
measurements, robustness checks, and supplementary analyses when empirical conclusions
depend on model specification [31].

These developments provide effective approaches for examining preference uncer-
tainty and ranking stability, but they offer limited guidance on calibrating an existing
hierarchical expert-weight system against observed institutional outcomes. When the origi-
nal AHP structure must remain the auditable reference, the primary and local AHP weight
vectors can define the modes of Dirichlet priors under positive prior strength. A common
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prior-strength parameter can then regulate the permissible departure from the original hier-
archy. This formulation makes the balance between expert judgment and observed evidence
explicit and allows the degree of calibration to be selected and examined systematically.

2.3. Interpretable Evaluation and Prior-Constrained Calibration

Interpretability is a central requirement in management evaluation and decision sup-
port because users must be able to trace how input information produces scores, rankings,
and resource-allocation recommendations. Research on explainable artificial intelligence in
operational research emphasizes performance, attribution, and responsibility as comple-
mentary requirements for analytical decision systems [32]. The XAI 2.0 research agenda
similarly highlights the usability, verifiability, and decision relevance of model explana-
tions [33]. Explainable decision-support research further shows that transparency and user
understanding can improve the practical use of model-generated recommendations [34].

Existing interpretability methods follow different analytical routes. Post-hoc methods
based on Shapley values explain predictions generated by complex statistical or machine-
learning models. Research on Shapley values has clarified how different attribution formu-
lations correspond to different sensitivity assumptions [35]. Practical SHAP applications
demonstrate how individual predictions can be decomposed into feature contributions [36].
Explainable deep-learning studies further combine predictive models, feature attribution,
and supplementary statistical analysis to support policy interpretation [37]. These methods
are particularly useful when the underlying predictor contains nonlinear interactions or
internal structures that cannot be inspected directly.

The present study adopts a different route to interpretability. It does not rely on a
black-box predictor that requires post-hoc attribution. Its interpretability follows from the
additive hierarchical score structure, through which each institutional score can be decom-
posed exactly into primary-dimension and secondary-indicator contributions. Changes
introduced by calibration can also be traced through primary, local, and global weight drift.
This structural form of explanation is consistent with explainable multi-criteria decision
making, which emphasizes transparency across data preparation, preference modeling,
evaluation, and decision support [8].

Prior-constrained calibration extends this transparent score structure by incorporating
observed outcome evidence without discarding the original expert hierarchy. Maximum a
posteriori estimation combines an outcome-based likelihood with Dirichlet priors defined
on the primary and local weight simplexes. Under the parameterization adopted in this
study, the AHP weight vectors define the prior modes when the prior-strength parameter
is positive. Larger prior strength produces stronger shrinkage toward the expert structure,
whereas smaller prior strength permits greater adjustment according to the observed
outcomes. Setting the prior strength to zero removes the informative AHP component and
yields the corresponding purely data-driven specification under the same likelihood and
hierarchical constraints.

The distribution of monetized technology-transfer outputs also requires a model that
distinguishes different stages of transfer realization. Some institutions report no monetized
output, while the positive observations exhibit a strongly right-skewed distribution. A
two-part occurrence–magnitude specification separates the probability that monetized
output occurs from the magnitude observed after occurrence. This separation reflects the
substantive distinction between establishing a realizable technology-transfer pathway and
increasing the monetary scale of an existing pathway. It also permits model performance to
be evaluated through occurrence discrimination, positive-output magnitude fitting, joint
predictive loss, and rank association rather than through a single undifferentiated criterion.
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2.4. Research Gap and Analytical Positioning

The reviewed studies establish important foundations for technology-transfer mea-
surement, hierarchical multi-criteria evaluation, preference-robust decision support, and
transparent analytical interpretation. Technology-transfer research identifies the organi-
zational, collaborative, and institutional conditions associated with commercialization
outcomes. AHP and related MCDA methods provide auditable hierarchical weighting
structures, while robust MCDA research offers methods for examining uncertainty and
ranking stability. Explainable modeling research further clarifies how analytical outputs
can be made traceable to their inputs.

Four gaps remain at the intersection of these research streams. Technology-transfer
evaluation commonly relies on fixed indicator weights or direct output statistics, while
limited attention has been given to treating expert-derived primary and local weights as
prior information that can be updated by observed evidence. Probabilistic and robust
MCDA studies mainly address uncertain preferences, decision dependencies, or alternative
ranking structures and rarely combine hierarchical AHP priors with a two-part model
for zero-inflated and right-skewed technology-transfer outputs. Existing studies also pro-
vide limited guidance for selecting prior strength from empirical data, which may lead
to either insufficient calibration or excessive departure from the original evaluation struc-
ture. Institutional evaluations further tend to report a single set of weights and rankings
without jointly examining parameter sensitivity, initialization dependence, transformation
sensitivity, resampling stability, influential observations, and performance under different
sample-size conditions.

The present study addresses these gaps through a hierarchical AHP-MAP framework.
The primary and local AHP weights define the modes of Dirichlet priors under positive
prior strength, while a common prior-strength parameter regulates the degree of weight ad-
justment and is selected from a prespecified candidate set through stratified cross-validation.
Monetized technology-transfer output is represented through separate occurrence and
magnitude components. The resulting additive scores retain exact dimension-level and
indicator-level decomposition. The empirical analysis evaluates predictive performance
and structural consistency together with multiple-initialization convergence, indicator-
transformation sensitivity, bootstrap and jackknife stability, descriptive institutional-type
differences, and Monte Carlo sample-size experiments under prespecified simulation settings.

3. Problem Formulation
This section formulates technology-transfer performance evaluation in new R&D

institutions as a prior-constrained and evidence-calibrated multi-criteria evaluation prob-
lem. The formulation retains the hierarchical structure of the original AHP evaluation
system while incorporating observed monetized technology-transfer outputs into weight
calibration. Figure 1 illustrates the relationships among institutional indicators, hierarchical
weights, output evidence, and calibrated evaluation results.

Raw Institutional
Data

X = [xij]

Standardized
Indicators

Z = [zij]

Hierarchical Score Model

Si =
K

∑
k=1

ak ∑
j∈Jk

b(k)j zij

AHP Hierarchical
Prior Modes

a(0), {b(k,0)}K
k=1

Monetized Output
Evidence

yi −→ (di, mi)

Prior-Constrained MAP Objective

Q = ℓocc + ℓmag − κDKL

(
a(0)∥a

)
− κ

K

∑
k=1

DKL

(
b(k,0)∥b(k)

)
Calibrated Weights,

Scores, and Rankings

w∗, S∗i , r∗i

Figure 1. Mathematical structure of prior-constrained evidence calibration.
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3.1. Evaluation Setting and Hierarchical Score Model

Let I = {1, 2, . . . , N} denote the set of evaluated new R&D institutions, and let
J = {1, 2, . . . , M} denote the set of evaluation indicators. The raw observation of in-
stitution i ∈ I for indicator j ∈ J is denoted by xij, and the resulting data matrix is
X = [xij] ∈ RN×M

+ .
The indicator system contains K primary dimensions indexed by K = {1, 2, . . . , K}.

In this study, the four primary dimensions represent talent reserve, operation and devel-
opment, R&D activities, and technology transfer. Each dimension k contains a secondary-
indicator subset Jk. These subsets form a non-overlapping partition of the complete
indicator set, so that J =

⋃K
k=1 Jk and Jk ∩ Jl = ∅ for k ̸= l.

All indicators are benefit-type indicators. Because they differ substantially in scale
and distributional shape, a logarithmic transformation and min–max normalization are
applied before score aggregation.

x̃ij = log(1 + xij), (1a)

zij =
x̃ij −minm∈I x̃mj

maxm∈I x̃mj −minm∈I x̃mj + εz
, (1b)

where εz = 10−12 prevents numerical instability when an indicator has little or no cross-
institutional variation. The standardized matrix is denoted by Z = [zij] ∈ [0, 1]N×M.

Let a = (a1, . . . , aK)
⊤ denote the primary-dimension weight vector, and let b(k) =

(b(k)j )j∈Jk denote the local weight vector within dimension k. These vectors satisfy

ak ≥ 0,
K

∑
k=1

ak = 1, b(k)j ≥ 0, ∑
j∈Jk

b(k)j = 1.

The dimension-level score, overall institutional score, and global indicator weight are
defined jointly as

Sik = ∑
j∈Jk

b(k)j zij,

Si =
K

∑
k=1

akSik =
K

∑
k=1

ak ∑
j∈Jk

b(k)j zij =
M

∑
j=1

wjzij,

wj = akb(k)j , j ∈ Jk.

(2)

The hierarchical formulation preserves the meanings of the primary dimensions and
the local relationships among their secondary indicators. It also permits each overall score
to be traced through dimension-level and indicator-level contributions.

3.2. Monetized Output Evidence and Occurrence–Magnitude Representation

Let yi ≥ 0 denote the monetized technology-transfer output of institution i. The output
evidence is used to calibrate the hierarchical weights, while all 23 indicators continue to
determine the resulting institutional score.

Monetized output includes zero observations and a strongly right-skewed distribution
among positive observations. The outcome is therefore represented through separate
occurrence and magnitude components.

di = I(yi > 0), di ∼ Bernoulli(πi), πi = σ(β0 + β1Si), (3a)

mi = log(1 + yi), mi | di = 1 ∼ N (µi, σ2
y ), µi = γ0 + γ1Si. (3b)
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Here, σ(u) = 1/[1 + exp(−u)] is the logistic function. The mechanism parameters are
collected in Θ = {β0, β1, γ0, γ1, σy}.

The occurrence and magnitude log-likelihoods are

ℓocc =
N

∑
i=1

[di log πi + (1− di) log(1− πi)], (4a)

ℓmag = −1
2 ∑

i:di=1

[
log(2πσ2

y ) +
(mi − µi)

2

σ2
y

]
. (4b)

The combined output-evidence term is ℓ(Θ, a, {b(k)}) = ℓocc + ℓmag. The occurrence
component represents whether an institution realizes monetized technology transfer, while
the magnitude component represents the monetary scale achieved after occurrence.

The institutional indicators and monetized outputs in the current data matrix cor-
respond to the same reporting period. The occurrence–magnitude mechanism therefore
calibrates the hierarchical weights using contemporaneous institutional evidence and sup-
ports analysis of same-period score–output relationships. Multi-period observations can
further extend this framework by examining the temporal pathways linking earlier R&D
inputs to subsequent technology-transfer income.

3.3. Prior-Constrained Calibration Problem

The existing AHP evaluation system supplies the initial hierarchical weight structure.
Let a(0) = (a(0)1 , . . . , a(0)K )⊤ denote the AHP-derived primary weights, and let b(k,0) =

(b(k,0)
j )j∈Jk denote the AHP-derived local weights within dimension k.

For two probability vectors p and q defined on the same simplex, their Kullback–
Leibler divergence is

DKL(p∥q) = ∑
h

ph log
ph
qh

.

A common prior-strength parameter κ is used for both the primary and local weight
vectors. The corresponding Dirichlet priors are parameterized as

a | κ ∼ Dirichlet
(

1 + κa(0)
)

,

b(k) | κ ∼ Dirichlet
(

1 + κb(k,0)
)

, k = 1, . . . , K.
(5)

For κ > 0, the primary and local AHP weight vectors are the modes of their corre-
sponding Dirichlet priors. After terms independent of the calibrated weights are removed,
the joint log-prior is equivalent to a KL-divergence penalty. The resulting objective can be
written compactly as

R
(

a, {b(k)}
)
= DKL

(
a(0)∥a

)
+

K

∑
k=1

DKL

(
b(k,0)∥b(k)

)
,

log p
(

a, {b(k)} | κ
)
= − κR

(
a, {b(k)}

)
+ C,

Q = ℓocc + ℓmag − κR
(

a, {b(k)}
)

,

(6)

where C is independent of the calibrated weights.
The calibration problem maximizes Equation (6) over the hierarchical weights and

the occurrence–magnitude parameters under the primary and local simplex constraints.
Larger values of κ impose stronger shrinkage toward the AHP structure, whereas smaller
positive values allow greater adjustment according to the observed output evidence.
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When κ = 0, the informative AHP component is removed and the model becomes
the corresponding purely data-driven specification. This specification retains the same
occurrence–magnitude likelihood, hierarchical score structure, simplex constraints, data
partition, and optimization procedure as AHP-MAP. The comparison therefore isolates the
effect of the AHP-derived prior rather than differences in model architecture or estima-
tion conditions.

The calibrated solution is defined as(
a∗, {b(k)∗}K

k=1, Θ∗
)
= arg max

a,{b(k)},Θ
Q. (7)

The resulting global weights, institutional scores, and ranks are

w∗j = a∗k b(k)∗j , j ∈ Jk,

S∗i =
K

∑
k=1

a∗k ∑
j∈Jk

b(k)∗j zij =
M

∑
j=1

w∗j zij,

r∗i = 1 + ∑
ℓ∈I
ℓ ̸=i

I(S∗ℓ > S∗i ).

(8)

A smaller value of r∗i represents a higher institutional position.

3.4. Model Complexity and Research Hypotheses

The simplex constraints leave K− 1 free primary-weight parameters and ∑K
k=1(|Jk| −

1) = M− K free local-weight parameters. The nominal model complexity is therefore

dweight = (K− 1) +
K

∑
k=1

(|Jk| − 1) = M− 1,

dtotal = dweight + 5 = M + 4,
N

dtotal
=

36
27
≈ 1.33.

(9)

For K = 4 and M = 23, the hierarchical weight system contains twenty-two nominal
free parameters. The occurrence–magnitude mechanism contributes five additional param-
eters. The complete model therefore contains twenty-seven nominal free parameters for
36 observed institutions.

The Dirichlet prior does not reduce this nominal parameter count. It restricts effective
weight flexibility by penalizing departures from the AHP structure and discouraging unsup-
ported movement toward simplex boundaries. The empirical analysis consequently eval-
uates predictive performance together with weight drift, weight concentration, multiple-
initialization convergence, resampling stability, institutional influence, and sensitivity to
sample size.

H1. Relative to the fixed AHP baseline, prior-constrained MAP calibration improves the empirical
consistency between institutional composite scores and monetized technology-transfer outputs. The
improvement is evaluated through occurrence discrimination, positive-output magnitude fitting,
joint predictive loss, and rank association.

H2. Relative to the purely data-driven specification, prior-constrained MAP calibration maintains
greater consistency with the original AHP hierarchy and produces lower weight drift and less
excessive weight concentration.

H3. The calibrated weights and institutional rankings exhibit limited sensitivity across alternative
prior strengths, initial values, indicator transformations, resampling procedures, institutional
omissions, and prespecified simulation settings with different sample sizes.
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The formulated problem requires a calibration procedure that jointly estimates the
hierarchical weights and the occurrence–magnitude parameters under simplex and prior
constraints. Section 4 presents the AHP-MAP procedure used to obtain the calibrated
solution and evaluate the three hypotheses.

4. Methodology
This section presents the AHP-MAP procedure used to solve the prior-constrained

calibration problem formulated in Section 3. The procedure combines AHP-based prior
construction, occurrence–magnitude MAP calibration, constrained alternating optimization,
and hierarchical contribution decomposition.

4.1. Overview of the AHP-MAP Framework

Figure 2 illustrates the computational workflow of the AHP-MAP procedure. Stan-
dardized institutional indicators and monetized technology-transfer outputs constitute the
empirical inputs. The AHP-derived primary and local weights provide hierarchical prior
information. The calibration procedure alternately updates the occurrence–magnitude
parameters and the hierarchical weights. The resulting outputs include calibrated weights,
institutional scores and rankings, and dimension-level and indicator-level contributions.

Figure 2. Computational workflow of the AHP-MAP framework.

The hierarchical score structure is maintained throughout the calibration process. The
primary weights determine the relative importance of the four evaluation dimensions,
while the local weights determine the relative importance of the secondary indicators
within each dimension. Their products form the global indicator weights used to calculate
institutional scores.

The framework differs from fixed AHP because the expert-derived weights are treated
as updateable prior information rather than immutable final weights. It also differs from
unrestricted data-driven weighting because the AHP hierarchy continues to regulate the
calibrated solution through an explicit prior-strength parameter. The data-driven compari-
son model retains the same occurrence–magnitude likelihood, hierarchical score structure,
simplex constraints, fold partition, and numerical optimizer, while setting κ = 0.

4.2. AHP Expert Prior Construction

The expert-prior weights are constructed using the analytic hierarchy process. At each
level of the hierarchical indicator system, experts compare the relative importance of the
corresponding criteria through pairwise comparison matrices. For a group containing q
criteria, the judgment matrix and its normalized principal eigenvector are obtained from

A = [auv]q×q, auv > 0, auv =
1

avu
, auu = 1,

Ap = λmaxp,

pnorm
u =

pu

∑
q
v=1 pv

, u = 1, . . . , q.

(10)
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The element auv represents the relative importance of criterion u over criterion v. The
normalized principal eigenvector provides the local priority weights. The consistency of
each judgment matrix is evaluated through

CI =
λmax − q

q− 1
, CR =

CI
RI

, CR < 0.10, (11)

where RI denotes the random consistency index corresponding to the order of the judg-
ment matrix.

This procedure yields the primary AHP weight vector a(0) = (a(0)1 , . . . , a(0)K )⊤ and the

local AHP weight vectors b(k,0) = (b(k,0)
j )j∈Jk . The corresponding global AHP weight of

secondary indicator j ∈ Jk is w(0)
j = a(0)k b(k,0)

j .
The primary and local AHP vectors define the modes of the Dirichlet priors used in

MAP calibration. They preserve the hierarchical meanings of the original evaluation system
without requiring the calibrated weights to remain identical to the expert-derived values.

4.3. MAP Calibration with Dirichlet Shrinkage

The calibrated primary and local weights remain on their corresponding simplexes,

ak ≥ 0,
K

∑
k=1

ak = 1, b(k)j ≥ 0, ∑
j∈Jk

b(k)j = 1.

A common prior-strength parameter κ is applied to the primary and local weight
vectors. The prior distributions and the resulting log-posterior objective are expressed
jointly as

a | κ ∼ Dirichlet
(

1 + κa(0)
)

, (12a)

b(k) | κ ∼ Dirichlet
(

1 + κb(k,0)
)

, k = 1, . . . , K, (12b)

LMAP = ℓocc + ℓmag + κ
K

∑
k=1

a(0)k log ak

+ κ
K

∑
k=1

∑
j∈Jk

b(k,0)
j log b(k)j + C. (12c)

Here, C is independent of the calibrated parameters. Under positive prior strength,
the modes of the primary and local Dirichlet distributions correspond exactly to the as-
sociated AHP weight vectors. The common value of κ establishes a consistent shrinkage
scale across the hierarchical levels and avoids introducing separate tuning parameters for
every dimension.

Larger values of κ produce stronger shrinkage toward the AHP hierarchy, while
smaller positive values permit greater adjustment according to the observed output evi-
dence. When κ = 0, both Dirichlet distributions reduce to uniform distributions over their
corresponding simplexes, and the AHP-dependent terms disappear from the posterior ob-
jective. The resulting specification is therefore data-driven under the same model structure
and estimation conditions.

Maximizing Equation (12c) under the hierarchical simplex constraints is equivalent to
maximizing the KL-regularized objective in Equation (6). The occurrence and magnitude
likelihoods remain those defined in Equations (4a) and (4b).
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4.4. Selection of the Prior Strength

The prior strength is selected from the prespecified candidate setKκ = {5, 10, 20, 50, 100,
200}. The occurrence indicator di is used as the stratification variable. The observations
are divided into four folds so that the four zero-output institutions are allocated across the
validation folds.

The same fold partition is retained for all candidate values of κ, ensuring that differ-
ences in validation performance arise from prior strength rather than from different data
partitions. Each candidate is estimated on three folds and evaluated on the remaining fold.
Prior-strength selection uses only the resulting validation predictions.

Let T f and V f denote the calibration and validation sets of fold f . The out-of-fold
occurrence and magnitude predictions for institution i ∈ V f are

π̂
(− f )
i,κ = σ

(
β̂
(− f )
0,κ + β̂

(− f )
1,κ Ŝ(− f )

i,κ

)
, (13a)

µ̂
(− f )
i,κ = γ̂

(− f )
0,κ + γ̂

(− f )
1,κ Ŝ(− f )

i,κ . (13b)

The superscript (− f ) indicates estimation without validation fold f . The mean joint
negative log-likelihood for the validation fold is

JNLLκ, f = −
1
|V f |

{
∑

i∈V f

[
di log π̂

(− f )
i,κ + (1− di) log

(
1− π̂

(− f )
i,κ

)]

+ ∑
i∈V f
di=1

log ϕ
(

mi; µ̂
(− f )
i,κ , σ̂

(− f )
y,κ

)}
,

(14)

where ϕ(m; µ, σ) denotes the Gaussian probability density function with mean µ and
standard deviation σ.

The mean loss, fold-based standard error, and principal selection rule are

JNLLκ =
1
4

4

∑
f=1

JNLLκ, f , (15a)

SEκ =
sκ√

4
, (15b)

κ∗ = arg min
κ∈Kκ

JNLLκ , (15c)

where sκ is the sample standard deviation of the four fold-level losses.
The one-standard-error region is reported as a sensitivity diagnostic, while the min-

imum mean out-of-fold joint negative log-likelihood remains the prespecified selection
criterion. The selected prior strength is subsequently used for all main-model estimation
and comparison procedures.

4.5. Alternating Constrained Optimization

The posterior objective contains two parameter blocks consisting of the occurrence–
magnitude parameters and the hierarchical weights. These blocks are updated alternately.

At outer iteration t, the current hierarchical weights produce

S(t)
i =

K

∑
k=1

a(t)k ∑
j∈Jk

b(k,t)
j zij. (16)

Given the current scores, the occurrence and magnitude parameters are updated through
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(
β
(t+1)
0 , β

(t+1)
1

)
= arg max

β0,β1
ℓocc, (17a)(

γ
(t+1)
0 , γ

(t+1)
1 , σ

(t+1)
y

)
= arg max

γ0,γ1,σy
ℓmag, σy ≥ 0.25. (17b)

The occurrence block is estimated through logistic regression. The magnitude block is
estimated on the positive-output subset through Gaussian regression.

After updating the mechanism parameters, the primary and local weights are opti-
mized jointly through sequential least squares programming. This update minimizes the
negative log-posterior while enforcing all primary and local simplex constraints.(

a(t+1), {b(k,t+1)}K
k=1

)
= arg min

a,{b(k)}
−LMAP

(
a, {b(k)}, Θ(t+1)

)
subject to ak ≥ 0,

K

∑
k=1

ak = 1,

b(k)j ≥ 0, ∑
j∈Jk

b(k)j = 1.

(18)

Let w(t)
j = a(t)k b(k,t)

j for j ∈ Jk. Convergence is assessed jointly through the relative
posterior-objective change and the maximum global-weight change,

∆(t)
L =

∣∣∣L(t)MAP −L
(t−1)
MAP

∣∣∣∣∣∣L(t−1)
MAP

∣∣∣+ εc

,

∆(t)
w = max

j∈J

∣∣∣w(t)
j − w(t−1)

j

∣∣∣,
∆(t)
L < δL and ∆(t)

w < δw.

(19)

The numerical constant is εc = 10−12, and both convergence thresholds are set to
δL = δw = 10−7. The maximum number of outer alternating iterations is 30. The SLSQP
function tolerance is 10−9, and the maximum number of inner SLSQP iterations is 120.

4.6. Convergence and Initialization Assessment

For fixed hierarchical weights, the institutional scores are fixed, and the occurrence and
magnitude parameters are estimated through low-dimensional regression subproblems.
The logistic occurrence log-likelihood is concave in (β0, β1). Conditional on the positive-
output observations, the Gaussian magnitude block has a closed-form regression structure
subject to the lower bound imposed on σy.

The complete posterior objective is not jointly concave in all hierarchical parameters
because the primary and local weights enter each global weight through the product
wj = akb(k)j . The alternating procedure therefore seeks a numerically stable stationary
solution under the simplex constraints rather than claiming a guaranteed global optimum.

Initialization sensitivity is assessed using 22 starting points,

H =
{

hAHP, huniform, hnear,1, . . . , hnear,10, hdiffuse,1, . . . , hdiffuse,10
}

.

The AHP initialization uses a(0,hAHP) = a(0) and b(k,0,hAHP) = b(k,0). The uniform
initialization assigns a(0,huniform)

k = 1/K and b(k,0,huniform)
j = 1/|Jk|. The AHP-neighbor starts

are generated through small random perturbations of the AHP weights followed by simplex
normalization. The diffuse starts are sampled from symmetric Dirichlet distributions.
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For successful initialization h, let Lfinal
h denote the converged posterior objective. The

retained run is

h∗ = arg max
h∈Hsuccess

Lfinal
h , (20)

whereHsuccess contains the optimization runs that satisfy the numerical success criteria.
The converged runs are compared using their posterior objectives, global-weight

differences, institutional-ranking correlations, and Top-10 overlap values. Agreement
across structurally different starting points provides numerical evidence that the reported
solution is not driven by a single initialization, although it does not constitute a proof
of global optimality. The complete procedure for prior-strength selection, alternating
calibration, initialization assessment, and final-solution determination is summarized in
Algorithm 1.

Algorithm 1: Cross-validated prior-strength selection and AHP-MAP calibration
Input: Standardized indicator matrix Z; outputs {yi}N

i=1; indicator partition {Jk}K
k=1; AHP weights

a(0) and {b(k,0)}K
k=1; candidate set Kκ ; four stratified folds; Tmax; δL; δw.

Output: Selected κ∗; calibrated weights; mechanism parameters; institutional scores; rankings;
contribution decompositions.

1 Construct di = I(yi > 0) and mi = log(1 + yi) for observations satisfying di = 1;
2 foreach κ ∈ Kκ do
3 for f ← 1 to 4 do
4 Form calibration set T f and validation set V f ;
5 Initialize the hierarchical weights using the AHP prior;
6 Fit AHP-MAP on T f with prior strength κ;

7 Obtain π̂
(− f )
i,κ and µ̂

(− f )
i,κ for i ∈ V f ;

8 Compute JNLLκ, f using Equation (14);
9 end

10 Compute JNLLκ using Equation (15a);
11 end
12 Select κ∗ using Equation (15c);
13 Construct the 22-member initialization setH;
14 foreach h ∈ H do
15 Initialize a(0,h), {b(k,0,h)}K

k=1, and Θ(0,h);
16 for t← 1 to Tmax do
17 Compute institutional scores using Equation (16);
18 Update the occurrence parameters using Equation (17a);
19 Update the magnitude parameters using Equation (17b);
20 Update the hierarchical weights using Equation (18);

21 Compute ∆(t,h)
L and ∆(t,h)

w using Equation (19);

22 if ∆(t,h)
L < δL and ∆(t,h)

w < δw then
23 break
24 end
25 end
26 Store the optimization status, posterior objective, weights, scores, and rankings;
27 end
28 Select the successful run with the largest posterior objective using Equation (20);
29 Set the retained parameters as a∗, {b(k)∗}K

k=1, and Θ∗;
30 Compute the final scores, rankings, and contribution decompositions;

4.7. Evaluation Outputs and Contribution Decomposition

The calibrated global weights, institutional scores, and rankings follow Equation (8).
The institution-specific contributions, normalized dimension shares, and global-weight
changes are defined by
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C∗ij = w∗j zij, j = 1, . . . , M, (21a)

C∗ik = a∗k ∑
j∈Jk

b(k)∗j zij, k = 1, . . . , K, (21b)

S∗i =
M

∑
j=1

C∗ij =
K

∑
k=1

C∗ik, (21c)

ρ∗ik =
C∗ik

S∗i + εz
, (21d)

∆wj = w∗j − w(0)
j . (21e)

A positive ∆wj indicates that calibration increases the global weight of indicator j,
whereas a negative value indicates a decrease relative to the original AHP system.

Equation (21c) verifies the exact arithmetic reconstruction of every institutional score.
This property demonstrates that the calibrated additive evaluation system is fully traceable
at both the dimension and indicator levels. The resulting contribution values provide a
transparent account of how each institutional score is formed and support auditable com-
parisons of the relative roles of different dimensions and indicators in the final evaluation.

4.8. Implementation Settings

The numerical settings used for model estimation, convergence assessment, and
robustness analysis are consolidated in Table 1.

Table 1. Numerical configuration for AHP-MAP estimation and robustness analyses.

Setting Value Purpose

Numerical stability constants εz = 10−12, εc = 10−12
Prevention of zero denominators in
normalization and relative objective-change
calculations

Convergence thresholds δL = 10−7, δw = 10−7 Termination based on posterior-objective and
global-weight changes

SLSQP configuration Tolerance 10−9; maximum
120 iterations

Constrained optimization of the primary and
local weights

Alternating-update configuration Maximum 30 iterations;
minimum σy = 0.25

Outer block updates and numerical
stabilization of the magnitude model

Prior-strength configuration Candidates
{5, 10, 20, 50, 100, 200};

selected value 50

Cross-validated control of shrinkage toward
the AHP hierarchy

Prior-strength selection Stratified four-fold
validation; minimum

mean JNLL

Selection based on post-selection out-of-fold
predictive loss

Initialization configuration 22 starting points; random
seed 42

Assessment of dependence on AHP, uniform,
neighboring, and diffuse initial values

Bootstrap analysis 500 replications Evaluation of weight and
institutional-ranking stability

Monte Carlo analysis 200 replications per sample
size

Evaluation of weight and ranking recovery
under prespecified sample-size conditions

5. Empirical Study
This section evaluates the AHP-MAP framework using data from new R&D insti-

tutions. The empirical analysis proceeds from data characteristics and AHP baseline
construction to transformation selection, prior-strength determination, numerical conver-
gence, out-of-fold model comparison, weight calibration, institutional ranking, resampling
stability, sample-size sensitivity, and institutional-type analysis.

https://doi.org/10.3390/systems14080946

https://doi.org/10.3390/systems14080946


Systems 2026, 14, 946 17 of 34

5.1. Data, Baselines, and Evaluation Metrics
5.1.1. Sample and Variables

The empirical sample consists of 36 new R&D institutions. The evaluation system
contains 23 secondary indicators grouped into four primary dimensions, including talent
reserve, operation and development, R&D activities, and technology transfer. Complete
observations are available for all institutions and indicators, forming an empirical matrix
containing 828 institutional–indicator observations. Monetized technology-transfer out-
put is also available for all 36 institutions. Among them, 32 institutions report positive
monetized output and four report zero output.

All secondary indicators are benefit-type indicators. The raw indicators differ substan-
tially in unit, scale, zero frequency, and distributional shape. The logarithmic transforma-
tion and min–max normalization defined in Equations (1a) and (1b) are therefore applied
before score aggregation and MAP calibration.

Table 2 reports the descriptive statistics. The institutional data show substantial varia-
tion across talent resources, operating performance, R&D activity, and technology-transfer
realization. The mean absolute skewness across the 23 raw indicators is 4.115. Several
technology-transfer indicators contain a substantial proportion of observed zeros, including
patent transfer and licensing, technology equity participation enterprises, incubated sci-
tech enterprises, and valuation of incubated enterprises. These characteristics support the
use of logarithmic indicator transformation and the occurrence–magnitude representation
of monetized output.

The indicators and monetized outputs correspond to the same reporting period. The
empirical analysis therefore examines contemporaneous score–output relationships and
does not interpret the estimated associations as time-lagged or causal effects.

Table 2. Descriptive statistics for the 23 institutional indicators.

Dimension Indicator Mean Std. Min Median Max Zero
Ratio

Skewness

Talent Reserve R&D Personnel 45.11 46.02 2.00 30.50 224.00 0.000 2.837

Talent Reserve Senior R&D Titles 15.75 25.41 1.00 9.50 153.00 0.000 4.751

Talent Reserve High-Level Talent
Introduction 4.83 10.13 0.00 1.00 57.00 0.306 4.263

Operation and
Development Total Income 29,960.45 72,730.90 61.86 5016.90 358,357.00 0.000 3.535

Operation and
Development

Technology Transfer
Income 10,047.33 32,764.89 0.00 640.00 195,386.37 0.389 5.473

Operation and
Development

Technology Contract
Turnover 5921.88 15,411.16 0.00 699.50 88,460.00 0.250 4.727

Operation and
Development

Technology Service
Income 2480.58 5766.97 0.00 356.71 30,015.00 0.250 3.646

R&D Activities R&D Expenditure 4017.79 9203.10 78.00 1363.36 54,237.00 0.000 4.943

R&D Activities New Innovation
Platforms 1.92 2.12 0.00 1.50 8.00 0.278 1.571

R&D Activities New Investment
Amount 1048.14 2706.79 0.00 7.50 12,800.00 0.500 3.276

R&D Activities New Instruments
and Equipment 2038.02 8573.24 0.00 115.69 50,917.00 0.139 5.628

R&D Activities Total Number of
Projects 39.25 132.09 2.00 9.00 794.00 0.000 5.645
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Table 2. Cont.

Dimension Indicator Mean Std. Min Median Max Zero
Ratio

Skewness

R&D Activities Provincial-Level or
Above Projects 9.19 20.00 0.00 3.50 103.00 0.028 4.071

R&D Activities Total Project
Funding 3007.13 5204.65 3.00 637.97 23,248.00 0.000 2.535

R&D Activities Fiscal Support
Funding 995.10 2328.06 0.00 275.00 12,306.10 0.028 4.025

R&D Activities Patent Outputs 26.00 61.95 0.00 9.50 373.00 0.056 5.316

R&D Activities Scientific Papers 10.78 23.39 0.00 5.00 139.00 0.250 4.977

Technology
Transfer

Patent Transfer and
Licensing 227.11 1031.53 0.00 0.00 5774.00 0.889 4.976

Technology
Transfer

Technology Equity
Participation
Enterprises

0.44 1.21 0.00 0.00 5.00 0.806 3.296

Technology
Transfer

Owned and
Implemented
Invention Patents

2.22 3.68 0.00 1.00 19.00 0.306 3.278

Technology
Transfer

Incubated Sci-Tech
Enterprises 1.33 2.84 0.00 0.00 10.00 0.611 2.490

Technology
Transfer

Valuation of
Incubated
Enterprises

4890.97 21,186.77 0.00 0.00 126,500.00 0.667 5.722

Technology
Transfer

Served Enterprises
in the Past Two Years 173.31 505.47 0.00 14.00 2190.00 0.139 3.676

5.1.2. AHP Baseline and Consistency

Table 3 reports the primary AHP weights and the consistency ratios of the corre-
sponding judgment matrices. Technology transfer receives the highest primary weight,
followed by R&D activities, operation and development, and talent reserve. This hierarchy
emphasizes realized technology-transfer outcomes while retaining the supporting roles of
institutional resources and R&D capacity.

All judgment matrices satisfy the consistency requirement CR < 0.10, indicating
acceptable consistency in the expert judgments used to construct the hierarchical AHP prior.

Table 3. Primary AHP weights and judgment-matrix consistency.

Judgment Matrix Primary Weight Consistency Ratio Consistency Result

Primary dimensions – 0.0097 Pass
Talent reserve 0.0954 0.0133 Pass
Operation and
development 0.1601 0.0000 Pass

R&D activities 0.2772 0.0055 Pass
Technology transfer 0.4673 0.0173 Pass

5.1.3. Model Parameterization

The hierarchical weight structure contains three primary-weight degrees of freedom
and nineteen local-weight degrees of freedom. The occurrence–magnitude mechanism
introduces five additional parameters. Table 4 summarizes the sample composition and
nominal parameterization.
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The complete model contains 27 nominal free parameters for 36 institutions, corre-
sponding to an institution-to-parameter ratio of 1.33. The Dirichlet prior does not reduce
the nominal parameter count. It regularizes the hierarchical weights toward the AHP prior
modes and limits unsupported movement toward the simplex boundaries.

Table 4. Sample composition and nominal model parameterization.

Category Measure Value

Sample composition Number of institutions 36
Institutions with positive monetized output 32
Institutions with zero monetized output 4
Primary dimensions 4
Secondary indicators 23

Nominal model
parameterization

Primary-weight degrees of freedom 3

Local-weight degrees of freedom 19
Total weight degrees of freedom 22
Occurrence–magnitude parameters 5
Total nominal free parameters 27
Institution-to-parameter ratio 1.33

5.1.4. Baseline Models and Evaluation Metrics

Three evaluation models are compared. The fixed AHP baseline directly uses the
expert-derived hierarchical weights. The AHP-MAP model calibrates the primary and local
weights using the cross-validation-selected prior strength κ = 50.

The purely data-driven model is defined as the same occurrence–magnitude model
with κ = 0. It uses the same hierarchical score formulation, simplex constraints, fold parti-
tion, multiple-initialization procedure, and SLSQP optimizer as AHP-MAP. The comparison
therefore isolates the contribution of the informative AHP prior.

The evaluation metrics cover four complementary dimensions. Pearson, Spearman,
and Kendall coefficients measure the association between institutional scores and mone-
tized output. The occurrence component is evaluated using the area under the receiver
operating characteristic curve (AUC), accuracy, balanced accuracy, Brier score, and log
loss. The positive-output magnitude component is evaluated using root mean square
error (RMSE), mean absolute error (MAE), and the coefficient of determination R2. Joint
probabilistic performance is evaluated using the mean joint negative log-likelihood (JNLL).

Structural preservation is evaluated using rank correlation with the fixed AHP result,
Top-10 overlap, score correlation, primary-weight L1 drift, global-weight L1 drift, and the
effective number of weights. The L1 drift measures the sum of absolute weight changes
relative to the AHP baseline. The effective number of weights is calculated as

Neff =
1

∑M
j=1 w2

j
. (22)

A larger Neff indicates that global importance is distributed across a broader set of
indicators. The interquartile range used in the resampling analysis is the difference between
the 75th and 25th percentiles of the bootstrap ranks.

5.2. Transformation and Variance Diagnostics

Three transformation procedures are compared, including logarithmic transformation
followed by min–max normalization, Yeo–Johnson transformation followed by min–max
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normalization, and rank-percentile transformation. Table 5 reports their distributional,
fitting, variance, and structural-consistency characteristics.

The mean absolute skewness of the raw indicators is 4.115. The log-based transforma-
tion reduces this value to 0.836 and produces the lowest full-sample joint NLL, the highest
score–output Spearman coefficient, the highest occurrence AUC, and the lowest magnitude
RMSE among the three examined procedures. The Breusch–Pagan p-value is 0.336 under
this specification.

The Yeo–Johnson transformation produces the lowest mean absolute skewness, while
the rank-percentile transformation provides a fully ordinal representation. The log-based
transformation provides the strongest combined performance across model fit and consistency
with the principal ranking and weight structure. It is therefore retained in the main analysis.

Table 5. Indicator-transformation, model-fit, variance, and structural-consistency diagnostics.

Diagnostic Category Metric Log1p +
Min–Max

Yeo–Johnson +
Min–Max

Rank
Percentile

Distributional diagnostic Mean absolute skewness 0.836 0.308 0.457
Model-fit diagnostic Mean joint NLL 1.644 1.741 1.756
Score association Spearman coefficient 0.768 0.706 0.705
Occurrence performance AUC 0.930 0.914 0.797
Magnitude performance RMSE 1.233 1.327 1.243
Variance diagnostic Breusch–Pagan p-value 0.336 0.219 0.237
Structural consistency Ranking correlation 1.000 0.964 0.899
Structural consistency Global-weight L1 difference 0.000 0.075 0.119

Note. Mean absolute skewness is calculated across the 23 transformed indicators. Ranking correlation and global-
weight L1 difference are measured relative to the log1p–min–max specification. NLL denotes negative log-likelihood,
AUC denotes area under the receiver operating characteristic curve, and RMSE denotes root mean square error.

5.3. Prior-Strength Selection and Convergence

The six candidate prior strengths are evaluated using the stratified four-fold procedure
specified in Section 4.4. The same fold partition is used for every candidate so that differ-
ences in validation performance are attributable to prior strength rather than to different
data partitions.

Table 6 reports the selection results. The mean out-of-fold JNLL reaches its minimum
value of 1.974 at κ = 50. The same specification produces an out-of-fold Spearman coeffi-
cient of 0.712, an occurrence AUC of 0.805, and a magnitude RMSE of 1.453. The values
κ = 50, 100, and 200 lie within one standard error of the minimum. The prespecified
minimum-loss rule selects κ = 50 for the principal analysis.

Figure 3 presents the mean out-of-fold joint loss and the corresponding fold-based
standard errors.

Table 6. Cross-validated performance and selection diagnostics across candidate prior strengths.

Metric κ = 5 κ = 10 κ = 20 κ = 50 κ = 100 κ = 200

Mean OOF JNLL 3.909 3.164 3.094 1.974 1.984 1.995
Fold-based SE 0.425 0.535 0.497 0.158 0.153 0.153
OOF Spearman 0.727 0.722 0.707 0.712 0.667 0.671
Occurrence AUC 0.734 0.859 0.789 0.805 0.773 0.750
Magnitude RMSE 1.519 1.514 1.476 1.453 1.463 1.471
Successful folds 4/4 4/4 4/4 4/4 4/4 4/4
Within one SE No No No Yes Yes Yes

Note. OOF denotes out-of-fold, JNLL denotes joint negative log-likelihood, SE denotes standard error, AUC
denotes area under the receiver operating characteristic curve, and RMSE denotes root mean square error. Bold
values identify the minimum mean OOF JNLL, the minimum magnitude RMSE, and the minimum fold-based SE.
The principal model uses κ = 50, selected according to the minimum mean OOF JNLL.
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Figure 3. Cross-validated joint loss across candidate prior strengths.

Numerical convergence is assessed using 22 starting points, including the AHP prior,
uniform weights, ten AHP-neighbor initializations, and ten diffuse random initializations.
Figure 4 presents representative objective trajectories.
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Figure 4. Negative log-posterior convergence across representative initializations.

The 21 runs satisfying the optimizer success criterion converge within 10–19 alternating
iterations. Their final solutions are nearly identical. The largest objective difference from
the selected solution is 5.63× 10−6, the largest global-weight L1 difference is 2.58× 10−5,
and the largest single-weight difference is 5.89× 10−6. Every successful terminal solution
produces a ranking correlation of 1.000 and a Top-10 overlap of 1.000 with the selected
result. Table 7 summarizes the convergence diagnostics across the multiple initializations.
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Table 7. Convergence diagnostics across multiple initializations.

Measure Result

Total starting points 22
Runs satisfying optimizer success criterion 21
Alternating-iteration range 10–19
Maximum objective difference from selected solution 5.63× 10−6

Maximum global-weight L1 difference 2.58× 10−5

Maximum absolute single-weight difference 5.89× 10−6

Minimum rank correlation with selected solution 1.000
Minimum Top-10 overlap with selected solution 1.000

The close agreement among successful runs demonstrates strong numerical consis-
tency across different initializations. The nearly identical posterior objectives, calibrated
weights, institutional rankings, and Top-10 sets confirm that the reported solution is highly
stable with respect to the initialization strategy under the examined optimization settings.

5.4. Out-of-Fold Model Comparison

The three models are evaluated using a common stratified four-fold out-of-fold pro-
tocol. After selecting κ = 50, the corresponding AHP-MAP out-of-fold predictions are
used for model comparison. The same fold structure is retained throughout prior-strength
selection and comparative evaluation, ensuring consistent data partitions and directly
comparable performance estimates across the three models. This design provides a unified
post-selection out-of-fold assessment under a common validation framework.

Table 8 reports the results. Relative to the fixed AHP baseline, AHP-MAP increases
the Pearson coefficient from 0.579 to 0.661, the Spearman coefficient from 0.655 to 0.712,
and the Kendall coefficient from 0.485 to 0.552. The occurrence AUC increases from 0.742
to 0.805, the Brier score decreases from 0.089 to 0.072, and the occurrence log loss decreases
from 0.332 to 0.292.

For positive-output magnitude, AHP-MAP decreases RMSE from 1.481 to 1.453 and
MAE from 1.138 to 1.089, while increasing R2 from 0.246 to 0.275. The mean joint NLL
decreases from 2.006 to 1.974.

The purely data-driven model achieves the highest Pearson coefficient and occurrence
accuracy. AHP-MAP achieves the highest Spearman and Kendall coefficients, the highest
occurrence AUC, the lowest Brier score, the lowest occurrence log loss, the strongest
magnitude fitting, and the lowest joint NLL among the three models.

Although the purely data-driven model attains higher threshold-based accuracy, AHP-
MAP achieves a lower occurrence log loss and a substantially lower joint NLL. These
results demonstrate that AHP-MAP provides better-calibrated occurrence probabilities and
stronger joint probabilistic performance in the current sample.

AHP-MAP maintains a rank correlation of 0.962 with the fixed AHP result and an
effective weight number of 14.137. The purely data-driven model has a rank correlation of
0.816 and an effective weight number of 7.923. These results indicate that AHP-MAP im-
proves empirical score–output consistency while retaining broader indicator participation
and closer agreement with the original hierarchical evaluation structure.
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Table 8. Post-selection out-of-fold performance and structural preservation.

Evaluation Aspect Metric Fixed AHP AHP-MAP Pure
Data-Driven

Score association Pearson coefficient 0.579 0.661 0.694
Score association Spearman coefficient 0.655 0.712 0.636
Score association Kendall coefficient 0.485 0.552 0.501

Occurrence performance AUC 0.742 0.805 0.668
Occurrence performance Accuracy 0.861 0.889 0.917
Occurrence performance Balanced accuracy 0.484 0.609 0.734
Occurrence performance Brier score 0.089 0.072 0.090
Occurrence performance Log loss 0.332 0.292 1.943

Magnitude performance RMSE 1.481 1.453 1.588
Magnitude performance MAE 1.138 1.089 1.165
Magnitude performance R2 0.246 0.275 0.134
Joint performance Mean JNLL 2.006 1.974 4.913

Structural preservation Rank correlation 1.000 0.962 0.816
Structural preservation Top-10 overlap 1.000 0.700 0.500
Structural preservation Effective number of weights 13.531 14.137 7.923
Structural preservation Global-weight L1 drift 0.000 0.258 1.125
Structural preservation Primary-weight L1 drift 0.000 0.208 0.653

Note. AUC denotes area under the receiver operating characteristic curve, RMSE denotes root mean square error, MAE denotes
mean absolute error, and JNLL denotes joint negative log-likelihood. Lower values indicate better performance for the Brier score,
log loss, RMSE, MAE, JNLL, and weight-drift measures. Structural-preservation measures are evaluated relative to the fixed
AHP result.

The model-comparison results support H1 through improved score–output association
and occurrence–magnitude performance relative to fixed AHP. They also support H2 because
AHP-MAP produces substantially lower weight drift, higher effective weight participation,
and closer ranking agreement with fixed AHP than the purely data-driven specification.

5.5. Weight Calibration Results

The calibrated primary weights are 0.0660 for talent reserve, 0.2641 for operation and
development, 0.2236 for R&D activities, and 0.4463 for technology transfer. Operation and
development receives the largest positive adjustment, while technology transfer remains
the dimension with the highest overall weight.

Figure 5 presents the principal directions of global-weight calibration. The horizontal
axis reports the difference ∆wj = wMAP

j − wAHP
j .

−0.02 −0.01 0.00 0.01 0.02 0.03
Change in Global Weight, Δw = wMAP − wAHP

Technology Equity Participation Enterprises
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Valuation of Incubated Enterprises

Incubated Sci-Tech Enterprises
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Technology Service Income

Technology Contract Turnover

Technology Transfer Income

Main Directions of MAP-Based Global-Weight Calibration

Figure 5. Indicator-level global-weight adjustments relative to fixed AHP.

https://doi.org/10.3390/systems14080946

https://doi.org/10.3390/systems14080946


Systems 2026, 14, 946 24 of 34

Table 9 reports the principal indicator-level changes. Technology transfer income, tech-
nology contract turnover, technology service income, and total income receive the largest
positive adjustments. Incubated sci-tech enterprises and valuation of incubated enterprises
also receive positive adjustments. The remaining indicators continue to contribute to the
hierarchical score, with their calibrated weights reflecting both the original AHP structure
and the observed institutional evidence.

Bootstrap direction-stability values exceed 0.98 for the four principal operation-and-
development indicators, high-level talent introduction, and provincial-level or above projects.
The corresponding calibration directions are reproduced in most bootstrap samples.

Table 9. Principal indicator-level global-weight adjustments and bootstrap diagnostics.

Dimension Indicator AHP
Weight

MAP
Weight ∆wj

Bootstrap
2.5%

Bootstrap
97.5%

Direction
Stability

Operation and Development Technology Transfer Income 0.0534 0.0875 0.0342 0.0588 0.1418 0.998
Operation and Development Technology Contract Turnover 0.0534 0.0862 0.0328 0.0579 0.1356 0.988
Operation and Development Technology Service Income 0.0267 0.0458 0.0191 0.0298 0.0796 0.994
Operation and Development Total Income 0.0267 0.0446 0.0179 0.0302 0.0845 0.998
Technology Transfer Technology Equity Participation Enterprises 0.1669 0.1452 −0.0217 0.1039 0.1717 0.922
Talent Reserve High-Level Talent Introduction 0.0533 0.0363 −0.0170 0.0232 0.0508 0.986
Technology Transfer Owned and Implemented Invention Patents 0.1041 0.0876 −0.0165 0.0602 0.1123 0.882
R&D Activities Provincial-Level or Above Projects 0.0612 0.0462 −0.0150 0.0334 0.0565 0.998
Technology Transfer Incubated Sci-Tech Enterprises 0.0443 0.0559 0.0116 0.0324 0.0808 0.714
Technology Transfer Valuation of Incubated Enterprises 0.0286 0.0394 0.0108 0.0220 0.0581 0.876

Note. ∆wj = wMAP
j − wAHP

j . Direction stability denotes the proportion of successful bootstrap replications in which the direction
of the weight adjustment agrees with the complete-sample AHP-MAP result.

The observed weight changes describe how the current-period output evidence modi-
fies the hierarchical evaluation weights. They do not establish causal effects of individual
indicators on technology-transfer performance.

5.6. Institutional Scores and Rankings

Table 10 reports the ten highest-ranked institutions under AHP-MAP. Inst. 04 obtains
the highest calibrated score of 0.5261, followed by Inst. 22, Inst. 21, Inst. 06, and Inst. 20.
The first seven institutions under AHP-MAP are also included among the leading institu-
tions under fixed AHP, indicating continuity between the expert-derived and calibrated
evaluation results.

Inst. 16 moves from 11th to 8th, Inst. 12 moves from 14th to 9th, and Inst. 18 moves
from 13th to 10th. These adjustments reflect differences introduced after incorporating
occurrence–magnitude evidence into the hierarchical weights.

Table 10. Top 10 institutional rankings under AHP-MAP and comparison with fixed AHP.

Institution MAP
Score

MAP
Rank

Monetized
Output

Log-Transformed
Output

AHP
Score

AHP
Rank

Rank
Change

Inst. 04 0.5261 1 28,225.07 10.2480 0.5201 2 −1
Inst. 22 0.5166 2 24,648.00 10.1125 0.5277 1 1
Inst. 21 0.4928 3 31,081.15 10.3444 0.4545 4 −1
Inst. 06 0.4846 4 64,422.73 11.0732 0.4485 5 −1
Inst. 20 0.4704 5 121,529.00 11.7079 0.4663 3 2
Inst. 08 0.4627 6 13,035.81 9.4755 0.4466 6 0
Inst. 14 0.4105 7 21,681.00 9.9842 0.3874 7 0
Inst. 16 0.3849 8 16,545.25 9.7139 0.3407 11 −3
Inst. 12 0.3785 9 201,984.67 12.2160 0.3310 14 −5
Inst. 18 0.3753 10 17,821.17 9.7882 0.3338 13 −3

Note. Log-transformed output denotes log(1 + Output). Rank change is calculated as the AHP-MAP rank minus the fixed-AHP
rank. A negative value therefore indicates an upward movement under AHP-MAP.

The bootstrap intervals in Figure 6 provide complementary stability information for
all 36 institutional rankings.
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Figure 6. Bootstrap rank intervals for the 36 institutions.

5.7. Bootstrap, Jackknife, and Contribution Stability

Figure 6 presents the 95% bootstrap intervals of the institutional rankings. The leading
institutions display relatively concentrated ranking intervals and high Top-10 inclusion
probabilities. Inst. 04, Inst. 06, Inst. 20, Inst. 21, and Inst. 22 are included in the Top 10 in
every bootstrap replication.

All 500 bootstrap replications complete successfully. The mean rank correlation with
the base AHP-MAP ranking is 0.982, and the mean Top-10 overlap is 0.855. The mean
rank IQR is 2.083, and the mean rank standard deviation is 1.612. The mean weight-order
correlation is 0.968, while the mean overlap among the five highest-weight indicators
is 0.955.

All 36 leave-one-institution-out jackknife runs also complete successfully. The mini-
mum rank correlation with the complete-sample ranking is 0.993. The maximum global-
weight L1 difference is 0.137, the maximum single-weight difference is 0.0226, and the
largest institutional rank movement is five positions.

The hierarchical contribution decomposition reconstructs every institutional score
exactly. Both the maximum and mean absolute differences between the final score and the
sum of its indicator contributions are zero. Table 11 consolidates the bootstrap, jackknife,
and additive-decomposition diagnostics.

These results support H3 by demonstrating strong stability of the calibrated weights
and institutional rankings under bootstrap resampling and single-institution omission.
The high rank correlations and Top-10 overlap values confirm the consistency of the
institutional ordering, while the weight-order correlation and Top-5 indicator overlap
demonstrate the stability of the calibrated importance structure. The zero reconstruction
differences further verify the exact arithmetic fidelity and full traceability of the additive
contribution decomposition.
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Table 11. Bootstrap, jackknife, and additive-decomposition diagnostics.

Analysis Measure Value

Bootstrap Requested replications 500
Bootstrap Successful replications 500
Bootstrap Mean rank correlation with base 0.982
Bootstrap Mean Top-10 overlap 0.855
Bootstrap Mean rank IQR 2.083
Bootstrap Mean rank standard deviation 1.612
Bootstrap Mean weight-order correlation 0.968
Bootstrap Mean Top-5 indicator overlap 0.955

Jackknife Successful leave-one-institution-out runs 36/36
Jackknife Maximum global-weight L1 difference 0.137
Jackknife Maximum single-weight difference 0.0226
Jackknife Minimum rank correlation with base 0.993
Jackknife Maximum institutional rank movement 5

Contribution
decomposition

Maximum absolute reconstruction difference 0.000

Contribution
decomposition

Mean absolute reconstruction difference 0.000

5.8. Monte Carlo Sample-Size Analysis

The Monte Carlo analysis evaluates sample sizes of N = 24, 36, 72, and 144. Each
model and sample-size combination is repeated 200 times using random seed 42. Fixed
AHP retains the original expert-derived weights, AHP-MAP uses κ = 50, and the purely
data-driven model uses κ = 0.

All estimated models use the same occurrence–magnitude likelihood and hierarchical
simplex constraints. The maximum number of alternating iterations is 30, the SLSQP
function tolerance is 10−9, the maximum number of inner SLSQP iterations is 120, and
the lower bound for the magnitude standard deviation is σy = 0.25. Weight recovery is
measured using the global-weight L1 difference from the simulation reference weights.
Ranking recovery is measured using the Spearman correlation and Top-10 overlap with the
simulation reference ranking.

Figure 7 presents the recovery results. AHP-MAP achieves the smallest mean global-
weight L1 difference at every examined sample size. Its mean difference decreases from
0.219 at N = 24 to 0.210 at N = 36, 0.179 at N = 72, and 0.152 at N = 144. The mean
Spearman correlation with the simulation reference ranking increases from 0.967 to 0.971,
0.978, and 0.984 across the corresponding sample sizes. The mean Top-10 overlap increases
from 0.764 at N = 24 to 0.838 at N = 144.
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Figure 7. Monte Carlo weight and ranking recovery across sample sizes. (a) Mean global-weight L1

difference across sample sizes; (b) mean Spearman rank correlation and Top-10 overlap across sample sizes.
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Table 12 summarizes the comparative recovery results. AHP-MAP combines the
smallest mean weight differences with the highest mean ranking correlations across the
four prespecified sample sizes.

Table 12. Monte Carlo recovery metrics across sample sizes.

Sample Size Model Mean Weight
L1 Difference

Mean Rank
Spearman

Mean Top-10
Overlap

24 AHP-MAP 0.219 0.967 0.764
24 Fixed AHP 0.258 0.962 0.700

24 Pure Data-
Driven 1.049 0.850 0.712

36 AHP-MAP 0.210 0.971 0.774
36 Fixed AHP 0.258 0.962 0.700

36 Pure Data-
Driven 0.966 0.882 0.749

72 AHP-MAP 0.179 0.978 0.811
72 Fixed AHP 0.258 0.962 0.700

72 Pure Data-
Driven 0.827 0.925 0.779

144 AHP-MAP 0.152 0.984 0.838
144 Fixed AHP 0.258 0.962 0.700

144 Pure Data-
Driven 0.679 0.959 0.826

The results indicate improved weight and ranking recovery for AHP-MAP as the sim-
ulated sample size increases under the examined data-generation and estimation settings.
They should not be interpreted as a general sample-complexity guarantee outside these
prespecified simulation conditions.

5.9. Institution-Type Analysis

The 36 institutions comprise 29 enterprise-led institutions, four government-led insti-
tutions, and three university-led institutions. Table 13 reports descriptive results for the
three organizational forms.

The mean AHP-MAP score is 0.342 for enterprise-led institutions, 0.174 for government-
led institutions, and 0.244 for university-led institutions. The within-type Spearman cor-
relation between AHP-MAP scores and monetized outputs is 0.843 for enterprise-led
institutions, 0.800 for government-led institutions, and 0.500 for university-led institutions.

Leave-one-type-out estimation produces high agreement with the complete-sample
ranking. Excluding government-led institutions yields a rank correlation of 0.998, while
excluding university-led institutions yields a rank correlation of 0.993. The common cross-
validated prior strength κ = 50 is retained across the institutional types to maintain a
consistent evaluation basis under the observed subgroup sizes.

Table 13. Institution-type profiles and within-type score–output associations.

Institution
Type N Mean Monetized

Output
Zero-Output

Ratio
Mean AHP

Score
Mean MAP

Score
Within-Type

Spearman

Enterprise-led 29 23447.59 0.103 0.327 0.342 0.843
Government-led 4 1222.76 0.250 0.170 0.174 0.800
University-led 3 54524.08 0.000 0.227 0.244 0.500
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The subgroup coefficients provide descriptive evidence of positive score–output asso-
ciations within each observed institutional type. The government-led and university-led
groups contain four and three institutions, respectively, so the results are most appropri-
ately used to characterize the observed subgroup patterns. These findings provide an
initial empirical basis for future cross-type validation using larger and more balanced
institutional samples.

5.10. Summary of Empirical Findings

The empirical results provide convergent support for H1–H3. The log-based transfor-
mation offers the strongest combined fit among the examined transformations, and strati-
fied four-fold selection identifies κ = 50 within a stable moderate-to-strong prior region.
Relative to fixed AHP, AHP-MAP improves score–output association, occurrence discrimi-
nation, positive-output magnitude fitting, and joint probabilistic performance. Relative to
the same model with κ = 0, it produces lower weight drift, broader indicator participation,
and closer ranking agreement with the original AHP system. Multiple-initialization, boot-
strap, jackknife, exact contribution reconstruction, and prespecified Monte Carlo analyses
provide complementary evidence on numerical, resampling, and sample-size stability. The
institutional-type results remain descriptive because the government-led and university-led
subgroups are small.

6. Discussion
6.1. Theoretical Implications

The first theoretical implication concerns the relationship between expert knowledge
and empirical evidence in hierarchical performance evaluation. The AHP-MAP framework
does not replace the expert-designed indicator system with an unrestricted data-driven
model. Instead, the primary and local AHP weights define the modes of Dirichlet priors
under positive prior strength, while observed institutional outcomes provide evidence for
calibrated adjustment under the same hierarchical simplex constraints. The cross-validated
prior strength makes the balance between structural continuity and empirical adaptation
an explicit and data-selectable component of the evaluation model.

The second implication arises from the occurrence–magnitude representation of mone-
tized technology-transfer output. The realization of positive output and the scale achieved
after realization correspond to related but distinct institutional processes. Separating these
two components allows the evaluation model to reflect the coexistence of zero observations
and strongly skewed positive outputs without reducing technology-transfer performance
to a single linear relationship. This structure also provides a clearer analytical connection
between institutional scores and different stages of market realization.

The third implication concerns transparent interpretation. The additive hierarchical
score enables exact reconstruction through primary-dimension and secondary-indicator
contributions. This structural transparency allows each institutional score to be traced
directly to its underlying dimensions and indicators. The contribution values reveal how
the calibrated evaluation system forms each score, while weight drift quantifies how
observed evidence adjusts the original hierarchy. Together, these measures provide an
auditable representation of evaluation composition and support clear comparison of the
relative roles of dimensions and indicators in institutional performance assessment.

The framework further connects empirical calibration with uncertainty assessment.
Multiple-initialization comparison examines numerical dependence on starting values,
transformation diagnostics examine sensitivity to data preparation, and bootstrap and
jackknife procedures examine sampling variation and institutional influence. Monte Carlo
analysis provides an additional assessment of weight and ranking recovery under the
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prespecified simulation settings. Together, these components extend hierarchical evaluation
from a single deterministic ranking toward an evidence-calibrated process with explicit
stability information.

6.2. Managerial and Policy Implications

Evaluation agencies can retain the established AHP hierarchy while using AHP-MAP
to update the relative weights with institutional evidence. The fixed AHP score and
calibrated score should be reported together with global-weight changes, contribution de-
compositions, and ranking-stability information. This parallel reporting structure preserves
policy continuity and allows evaluators to identify which results arise from the original
expert system and which arise from evidence-based calibration.

For managers of new R&D institutions, the increased weights of technology-transfer
income, technology contract turnover, technology service income, and total income indicate
that commercialization pathways, contract formation, and market-oriented service capacity
are closely associated with monetized output in the current sample. Dimension-level
and indicator-level contributions can help determine whether an institution’s score is
mainly supported by talent reserve, operation and development, R&D activities, or direct
technology-transfer realization. Institutions with strong research resources but limited
monetized output can use the contribution profiles to identify gaps in contract execution,
technology services, incubation, and market connection.

Talent cultivation, foundational research, high-level projects, and knowledge accumu-
lation remain important components of long-term institutional capacity. Their calibrated
weight changes only reflect their relationship with monetized output during the current
reporting period. Evaluation practice should therefore retain these dimensions in the
hierarchical system and examine substantial weight changes through expert review. A dual
evaluation structure that reports current commercialization performance together with
long-term capability development can reduce the risk that short-term monetary indicators
dominate strategic resource allocation.

Ranking results should also be interpreted together with stability information. Boot-
strap intervals, rank standard deviations, and Top-10 inclusion probabilities distinguish
stable leading institutions from institutions whose positions depend on small score differ-
ences. Resource allocation and performance classification can therefore use score ranges
and contribution profiles together with point rankings rather than treating every rank
difference as substantively meaningful.

6.3. Implementation Protocol for Evaluation Agencies

The AHP-MAP procedure can be implemented through seven sequential steps.

1. Fix the evaluation period, indicator definitions, statistical units, hierarchical structure,
and expert judgment matrices.

2. Apply the selected indicator transformation and calculate the fixed AHP weights,
institutional scores, and rankings.

3. Divide the institutions according to output occurrence and use stratified cross-
validation to compare the prespecified candidate values of κ.

4. Estimate the final AHP-MAP model using the selected κ and multiple initializations,
retaining the successful solution with the largest posterior objective.

5. Conduct bootstrap and jackknife analyses to obtain weight intervals, ranking intervals,
and institutional influence measures.

6. Report the fixed AHP and AHP-MAP weights, scores, rankings, contribution decom-
positions, and stability results in parallel.

https://doi.org/10.3390/systems14080946

https://doi.org/10.3390/systems14080946


Systems 2026, 14, 946 30 of 34

7. Recalibrate the model when a new evaluation cycle provides an updated institutional
dataset under consistent indicator definitions and statistical standards.

6.4. Methodological Boundaries

The empirical analysis contains 36 institutions and 27 nominal free parameters. Dirich-
let shrinkage, cross-validation, multiple initializations, bootstrap analysis, jackknife anal-
ysis, and Monte Carlo experiments provide complementary checks on numerical and
sampling stability. These procedures reduce the risk of unsupported weight adjustment
but do not substitute for external validation using larger and independently collected
institutional samples.

The current dataset is cross-sectional. R&D investment, talent recruitment, patent
formation, contract execution, enterprise incubation, and monetized realization may occur
in different periods. The estimated relationships therefore describe contemporaneous
institutional associations and do not establish time-lagged or causal effects. Panel data
covering multiple evaluation cycles are required to examine the temporal pathways from
institutional inputs and capabilities to subsequent technology-transfer outcomes.

The sample is drawn from new R&D institutions in Gansu Province, and enterprise-
led institutions account for most observations. The institutional-type results consequently
provide descriptive subgroup evidence rather than precise estimates of differences among
organizational forms. Cross-regional samples with more balanced institutional types are
needed before the calibrated relationships can be generalized to broader populations. The
current out-of-fold comparison also uses the same four-fold structure for prior-strength
selection and model assessment. Larger samples can support nested cross-validation with
separate parameter-selection and performance-evaluation layers.

Monetized technology-transfer output captures an important form of market realiza-
tion but does not represent the complete public value of new R&D institutions. Knowledge
spillovers, talent development, public services, industrial coordination, and long-term
social impact may not be reflected fully in monetary output during a single reporting
period. Future evaluation systems should therefore combine monetized output with com-
plementary indicators of contracts, licensing, enterprise collaboration, knowledge diffusion,
and public value.

7. Conclusions and Future Directions
This study developed an AHP-MAP framework for technology-transfer performance

evaluation in new R&D institutions. The framework combines an expert-designed AHP
hierarchy with Dirichlet prior regularization, an occurrence–magnitude output mechanism,
cross-validated prior-strength selection, and constrained alternating optimization. The
resulting institutional scores preserve the original hierarchical semantics and allow exact
decomposition into primary-dimension and secondary-indicator contributions.

Within the current sample and evaluation setting, AHP-MAP strengthens the empir-
ical relationship between composite scores and monetized technology-transfer outputs
relative to fixed AHP. Compared with the same model under κ = 0, it preserves closer
alignment with the original AHP structure, produces lower weight drift, and maintains
broader participation across the indicator set. The multiple-initialization, transformation,
bootstrap, jackknife, and prespecified Monte Carlo analyses jointly demonstrate the numer-
ical consistency and sampling stability of the calibrated weights and institutional rankings.
These findings support AHP-MAP as a transparent evidence-calibration framework that
complements expert evaluation and provides an auditable basis for institutional assessment.

Future research can extend the framework through institution–year panel data that
capture the temporal pathways among R&D investment, talent accumulation, patent for-
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mation, contract execution, incubation, and transfer realization. The calibration outcomes
can also be enriched by incorporating contract activity, licensing, enterprise collaboration,
knowledge spillovers, and public-value indicators. Full Bayesian estimation can further
provide posterior intervals for weights, scores, and rankings. Larger and more diverse
datasets, together with independent or nested validation designs, can strengthen external
validity and support broader cross-regional and policy-oriented applications.
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AHP Analytic hierarchy process
MAP Maximum a posteriori estimation
AHP-MAP Analytic hierarchy process–maximum a posteriori framework
XAI Explainable artificial intelligence
MCDA Multi-criteria decision analysis
R&D Research and development
AUC Area under the receiver operating characteristic curve
RMSE Root mean square error
MAE Mean absolute error
JNLL Joint negative log-likelihood
OOF Out-of-fold
IQR Interquartile range
SE Standard error
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CI Consistency index
RI Random consistency index
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SLSQP Sequential least squares programming
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