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ABSTRACT With the continuous expansion of higher education, smart campuses increasingly rely
on multi-source sensing, wireless communication, and real-time data propagation to support teaching,
research, and engineering resource scheduling. However, the traditional static quota management model
cannot dynamically respond to changes in teaching and research demand, resulting in structural
contradictions between idle and scarce resources. Existing evaluation methods also remain weak in
linking efficiency diagnosis with management intervention and cross-period optimization. To address
these problems, this study constructs a higher education resource allocation and management framework
integrating dynamic evaluation and intelligent optimization. Human, financial, material, and information
resources are taken as four input factors, and a unified analytical view is established through multi-source
data acquisition and preprocessing. A dynamic network SBM-DEA model is then designed to measure
intertemporal allocation efficiency, while STL decomposition, spatial clustering, and LSTM prediction are
used to extract spatiotemporal resource operation patterns and demand trends. Finally, a deep Q-network-
based reinforcement learning algorithm is developed to form a closed loop from efficiency diagnosis
to management intervention. The results show that the proposed model effectively identifies efficiency
evolution trends and fairness differences among colleges. The median resource demand response lag
decreased from 17.65 hin 2018 to 10 h in 2023, while the strategy adoption conversion rate increased from
0.551 to 0.861. The study provides a big-data-driven decision tool for precise resource allocation, and its
sensing-data fusion logic is also relevant to engineering management scenarios involving electromagnetic
signal acquisition, wireless monitoring, and distributed information propagation.

INDEX TERMS big data driven, resource allocation, dynamic network sbm-dea, wireless sensing, signal
propagation

. INTRODUCTION

As higher education scales and the demand for high-
quality talent grows, the rational allocation of educational
resources has become a key indicator for measuring the
modernization of university governance and its ability to
support advanced engineering research. In recent years,
the rapid advancement of smart campus construction has
enabled universities to collect and store real-time multi-
source heterogeneous data from academic management, one
card, online teaching platforms, and IoT devices, providing
an unprecedented data foundation for accurately grasping
the operation status of resources [1]. However, the current
resource allocation in most universities still follows the
traditional annual budget planning and static quota man-
agement model, which makes it difficult to dynamically

VOL. 15, NO. 3, AUGUST 2026

respond to the real-time demand changes of teaching and
research activities, leading to the increasingly prominent
structural contradiction of idle and scarce resources [2-3].
How to use the perception ability of big data to break
the static constraints of resource allocation and achieve the
transformation from passive allocation to active adaptation
has become a core challenge that urgently needs to be
overcome in the field of higher education management. This
study is based on the optimization of entire higher education
resource allocation processes through big data. The specific
research targets include 4 input factors (human, financial,
material, and information resources) and three output di-
mensions (the quality of talent cultivation; effectiveness for
innovation; and contribution to society) [4-5]. The process of
resource allocation is vast and complex, with multiple levels
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and stage systems; it includes 2 primary functional links:
support for teaching and converting achievements. There are
obvious input-output time lags and cross period carry over
characteristics between them [6- 7]. Meanwhile, the process
of resource utilization is influenced by multiple factors
such as semester cycles, course selection fluctuations, and
research project progress, exhibiting typical spatiotemporal
dynamics and non stationarity [8-9]. Therefore, not only
should attention be paid to the rationality of static stock
allocation, but more emphasis should be placed on dynamic
diagnosis and precise regulation of resource flow processes,
usage intensity, and demand adaptation capabilities [10].
Existing research has accumulated rich results in evaluating
the efficiency of resource allocation in higher education.
Early research often used data envelopment analysis to
statically measure the efficiency of resource allocation at
the university or college level, and calculated the relative
efficiency score by constructing an input-output indicator
system [11]. Yu Y et al. used a three-stage data envelopment
analysis to evaluate the effectiveness of higher education
fiscal expenditures in 31 provinces of China, in order
to understand how the determinants of higher education
financing efficiency vary over time and space [12]. Some
scholars have introduced the DEA model to deconstruct
the process of resource allocation in universities into sub
stages of teaching support and achievement transformation,
revealing the internal transformation bottleneck hidden by
traditional single-stage efficiency evaluation [13-14]. Some
studies have also adopted the SBM model, which overcomes
the efficiency estimation bias caused by the neglect of non
radial relaxation problems in traditional radial models by
directly handling slack variables with input redundancy and
output deficiency [15]. Sozen M et al. used slack variable-
based measurement data envelopment analysis to evaluate
the performance of some universities, providing practical
suggestions for the effective use of resources [16]. In recent
years, with the development of machine learning technol-
ogy, algorithms such as LSTM and isolated forest have
been applied to resource demand prediction and anomaly
detection, providing new technical paths for dynamic man-
agement [17]. There still exist several clear limitations
to current methods: evaluation and decision-making are
disconnected, and thus the outcome of efficiency diagnostics
cannot be immediately translated into a matching resource
allocation plan; and since most models use cross-sectional
data, they are incapable of adequately characterizing the
long-term effects of intertemporal resource allocation and
the mechanisms of dynamic carryover from one resource
to another. Finally, the creation of optimization plans is
not based on a system-level approach; therefore, they do
not include multi-cycle and multi-objective collaborative
optimization. Using an integrated dynamic evaluation and
intelligent optimisation approach to building a management
framework for resource allocation in higher education is
the objective of this paper. This new method develops
a closed-loop methodology for higher education resource
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allocation based on big data, allowing for the entire pro-
cess of evaluation of efficient resource use through the
ultimate optimisation of how resources are managed. This
research study uses both multi-source data acquisition and
preprocessing technology to develop a single data analy-
sis view that captures the entire input to output process.
Furthermore, it develops an efficiency measurement model
that employs dynamic network SBM-DEA and incorporates
carry-over variables and stage connection mechanisms to
obtain precise evaluations of resource allocation efficiency
across different time periods. Based on this framework,
spatiotemporal features and demand patterns of resource
usage can be determined through methods such as STL
decomposition, spatial clustering analysis, and LSTM fore-
casting. Lastly, the development of a reinforcement learning-
based optimization strategy generation algorithm using deep
Q-networks is based on the efficiency evaluation results
and demand forecasting as state inputs, thereby ensuring
a feedback loop from efficiency assessment to management
intervention. This research provides a systematic theoretical
basis for transforming university resource allocation from
experience-based to data-driven models, ensuring that man-
agement decision-making becomes scientific, accurate, and
intelligent enough to support the complex requirements of
fiber morphology and manufacturing excellence.

Il. METHODS

A. MULTISOURCE EDUCATIONAL DATA ACQUISITION
AND PREPROCESSING

Multi-source educational data acquisition relies on the uni-
versity’s information infrastructure. The architecture for
multi-source educational big data acquisition and fusion is
shown in Figure 1.

As shown in Figure 1, during the data storage and data
cleaning and transformation stages, heterogeneous data ac-
cess from the academic affairs management system, ID card
system, online teaching platform, and Internet of Things
(IoT) platform is achieved through a standardized API
(Application Programming Interface) interface and direct
connection to the database. To address the differences in
data formats, a unified data collection platform is adopted.
Apache Kafka is used to build a real-time data pipeline
to ensure transmission stability and integrity under high
concurrency scenarios [18]. For the missing value problem,
a differentiated imputation strategy is adopted based on
the missing value mechanism: for continuously variable
variables with random missing values, a weighted imputa-
tion model is constructed based on the K-nearest neighbor
algorithm [19], the core calculation of which is:

. Zke K,; WikTkp 1
Tiy — —— — Wik =
p Zke[{i Wik ) 1 dik te
In formula (1), #;, represents the interpolated value of

the p-th dimension feature of the ith sample, K; is the set
of K nearest neighbors of the ith sample, x,, is the feature
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FIGURE 1. Multi-source educational big data collection and fusion architecture diagram

observation value of the neighboring samples, d;, is the Ma-
halanobis distance-based metric between samples, and € is
the regularization constant to prevent division by zero. Out-
lier detection employs the isolated forest algorithm, which
identifies outliers deviating from the normal distribution
pattern by constructing a random segmentation tree. Records
with equipment usage time exceeding the physical constraint
threshold are marked and manually reviewed [20-21]. To
eliminate the interference of differences in the dimensions of
multi-source indicators on subsequent modeling, continuous
variables are standardized. When adapting to the normal
curve, data is transformed by Z-scores; when bias is present,
Robust Scaling replaces the mean with the median and
the Standard Deviation with the Interquartile Range to
diminish the effect of outliers. One-hot Encoding and Target
Encoding convert categorical data into numerical data for
compatibility with algorithms. Multi-source data alignment
is accomplished using timestamps and entity identifiers as
a dual primary key in order to establish a mechanism for
the spatio-temporal association between records. In the case
of heterogeneous identifiers for an individual entity within
different systems, an entity parsing approach that employs
rule-based matching and fuzzy similarity methods is im-
plemented to derive the appropriate attribution of records
via the use of edit distance and jaccard coefficient. At the
level of spatiotemporal alignment, a time window sliding
strategy is introduced to aggregate minute level behavior
logs into hourly granularity, and associate and fuse them
with structured data such as course schedules and device
reservation records. For cross system event sequences, a
weight allocation method based on time decay is adopted to
ensure that recent behavior occupies a higher priority in the
analysis view. The final unified analysis view is stored in a
column based database in a wide table structure, supporting
the rapid retrieval and aggregation of high-dimensional
features for subsequent efficiency evaluation models. The
entire preprocessing process is managed through Airflow for
task scheduling and dependency management, ensuring the
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traceability and reproducibility of the data pipeline. Building
upon this robust data foundation, the research transitions
from technical data engineering to management evaluation
by performing a correlation diagnosis was conducted on
various input-output indicators, and the results are shown
in Table 1. There is a high correlation between the average
teaching budget per student and the average equipment value
per student, and it is necessary to perform dimensionality
reduction in the subsequent indicator system construction to
avoid the interference of information overlap on efficiency
evaluation. The correlation matrix of input-output indicators
is shown in Table 1.

Table 1 shows the Pearson correlation coefficient matrix
of 8 core input-output indicators in higher education re-
source allocation, revealing significant differential correla-
tion characteristics among the indicators. Among them, the
correlation coefficient between per capita teaching funding
and per capita equipment value reached 0.83, the per capita
equipment value and digital resource access reached 0.79,
and the per capita scientific research output and patent
conversion amount were (.81, all close to or exceeding
the redundancy threshold of 0.8, indicating strong infor-
mation overlap within the dimensions of financial, material
investment, and scientific research innovation output; The
correlation coefficient between the equivalent number of
full-time teachers and the amount of patent conversion is
only 0.38, and the correlation coefficient between the degree
granting rate of graduates and the number of digital resource
visits is 0.55, reflecting the relatively loose relationship
between human resource investment and market-oriented
achievement transformation, basic teaching resources and
high-end output. This pattern of correlation differentiation
suggests that if all indicators are directly included in the
efficiency evaluation model, weight allocation may be dis-
torted due to multicollinearity. Therefore, highly correlated
indicators need to be screened or fused based on thresholds.
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TABLE 1. Correlation matrix analysis of input output indicators

Indicator

Full-time Teacher Equivalent  Per-student Teaching Expenditure ~Per-student Equipment Value

Digital Resource Access Volume

Graduate Degree Award Rate  High-quality Employment Rate  Research Output per Faculty Patent Commercialization Amount

1 0.62 0.58
0.62 1 0.83
0.58 0.83 1
047 0.71 0.79
051 0.67 0.61
0.49 0.63 0.58
055 072 0.69
038 0.54 0.60

0.47
071
0.79
1
0.55
0.52
0.64
0.57

051
0.67
0.61
0.55

049
0.63
058
0.52

055
0.72
0.69
0.64
1 076 0.70 0.63
0.76 1 0.68 061
0.70 0.68 1 081
0.63 0.61 0.81 1

038
0.54
0.60
057

B. CONSTRUCTION OF INPUT OUTPUT INDICATOR
SYSTEM FOR DYNAMIC EVALUATION

To eliminate the differences in metrics and information
overlap between indicators, the original data is first stan-
dardized, and then the Pearson correlation coefficient matrix
is calculated to identify multicollinearity. A correlation
coefficient threshold of 0.8 is set, and indicators exceeding
this threshold are considered to have information redun-
dancy and require further screening. For highly correlated
redundant indicators, principal component analysis is used
for dimensionality reduction. The principal component ex-
traction process is based on eigenvalue decomposition of
the covariance matrix [22-23], which is mathematically
expressed as:

m p

Yup = ApUg, Z A > 0.852 Aj

k=1

2
j=1

In formula (2), ¥ is the covariance matrix of the stan-
dardized data, vy is the eigenvector corresponding to the
kth principal component, A\ is the eigenvalue, m is the
number of extracted principal components, and p is the
total number of original indicators. Through this process, the
originally strongly correlated average equipment value and
laboratory area were merged into a comprehensive indicator
of "material support capability", effectively reducing the
complexity of the model and preserving the vast majority
of the original information, solving the problem of indicator
conflicts caused by different statistical calibers between
multi-source data, and ensuring the independence of input
variables. When determining the final indicator weights, the
Analytic Hierarchy Process (AHP) combined with expert
scoring mechanism is used to construct pairwise comparison
judgment matrices [24-25]. Invite experts in the field of
higher education management to evaluate the relative impor-
tance of indicators based on the Analytic Hierarchy Process,
forming a positive and negative matrix. To ensure the logical
consistency of expert judgments, the Analytic Hierarchy
Process (AHP) method requires consistency testing of the
judgment matrix. When the consistency indicators do not
meet the requirements, the judgment needs to be adjusted
[26-27], and the consistency ratio CR value needs to be
calculated. The inspection formula is defined as:

>\max -n
(n—1)-RI
In formula (3), Anax represents the maximum eigenvalue

of the judgment matrix, n is the order of the matrix, and R1
is the same order random consistency index. When CR <

CR= 3)
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0.1, the judgment matrix has satisfactory consistency, other-
wise it needs to be adjusted until it passes the test. By using
the geometric mean method to aggregate the weight vectors
of multiple experts, determine the combined weights of each
secondary indicator, eliminate the interference of subjective
preferences of a single expert on the evaluation results, and
enhance the interpretability and expert-driven consistency of
weight allocation. While AHP introduces expert judgment,
it provides a structured qualitative-quantitative bridge that
complements the purely data-driven DEA stage. The final
indicator system consists of 7 criterion layers and 14 scheme
layer indicators, each of which defines a clear data collection
criteria and calculation logic. In addition to covering the
static available resource allocation, this system includes the
dynamic growth in resource levels for their supply, e.g., how
often equipment is used and how quickly funds are expended
to assess if an accurate assessment can be achieved to assess
marginal resources used. The evaluation index system and
data sources for the efficiency of higher education resource
allocation are shown in Table 2.

The evaluation index system for the efficiency of higher
education resource allocation constructed in Table 2 closely
revolves around the research theme of "precise resource
allocation and efficiency improvement driven by big data". It
adopts a dual layer architecture design of "four-dimensional
input three-dimensional output”, covering four input el-
ements of human resources, financial resources, material
resources, and information resources, as well as three output
dimensions of talent cultivation quality, scientific research
innovation efficiency, and social service contribution. The
input indicators, such as the equivalent number of full-
time teachers, average teaching budget per student, average
equipment value per student, and digital resource access
volume, respectively depict the static stock and dynamic
increment of resource allocation from the perspectives of
teacher structure, funding guarantee, hardware support, and
information technology level; Output side indicators such
as degree granting rate, proportion of high-quality em-
ployment, per capita scientific research output, and patent
conversion amount focus on the ultimate benefits and social
value realization of educational activities. Each indicator
has clearly defined the calculation criteria and data sources,
relying on the integration of heterogeneous data from mul-
tiple systems such as academic affairs, finance, assets, and
scientific research to ensure the traceability and empirical
reliability of evaluation results. The design logic of this
indicator system originates from the underlying mechanism
requirements of the dynamic network SBM-DEA model: on
the one hand, by using principal component analysis and
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TABLE 2. Evaluation index system and data source table for efficiency of higher education resource allocation

Criteria Layer Indicator Layer

Indicator Description

Data Source

Human Resource Input
Human Resource Input
Financial Resource Input

Full-time Teacher Equivalent
Proportion of Senior Title Teachers
Educational Expenditure per Student

Financial Resource Input
Physical Resource Input

Scientific Research Expenditure

Student

Proportion of Usable Laboratory Area
Digital Resource Access Volume
Online Course Offering Rate

Physical Resource Input
Information Resource Input
Information Resource Input

Talent Cultivation Output Graduate Degree Award Rate

Talent Development Output High-quality Employment Rate

Scientific Research Innovation Output Scientific Research Output per Capital
Patent Commercialization Amount
Horizontal Project Contribution
Continuing Education Revenue

Scientific Research Innovation Output
Social Service Contribution Output
Social Service Contribution Output

Value of Teaching and Research Equipment per

Total teacher equi after wei; by professi: title

Proportion of teachers with senior professional titles among all full-time teachers
Cumulative routine teaching expenditure per term / Full-time equivalent student
enrollment

Quarterly research funds arrival rate

Total value of equipment / Full-time equivalent student enrollment

Usable laboratory area / Total building area
Monthly average visits to library ces to library
Number of online courses offered / Total number of courses

Number of students actually awarded degrees / Number of students expected to
graduate

Proportion of graduates employed in state-owned enterprises, government agencies,
or pursuing further education

Weighted score of papers, patents, rescarch awards, etc. / Number of faculty members

Annual contract amount from patent commercialization
Research funds received from enterprise-entrusted projects
Total revenue from non-degree continuing education

Educational Administration System, Personnel System
Personnel System
Financial System

Scientific Research Management System
Asset Management System

Real Estate Management System

Library System, Online Learning Platform

Educational Administration System, Online Learning
Platform

Educational Administration System, Student Affairs Sys-
tem

Career Guidance Center, Alumni System

Scientific Research Management System, CNKI, Patent
Database

Technology Transfer Office, Financial System

Scientific Research Management System

Financial System, School of Continuing Education

correlation diagnosis to eliminate multicollinearity between
indicators, the independence of input variables is guaran-
teed, and efficiency estimation bias caused by information
overlap is avoided; On the other hand, the indicator system
takes into account both static stock and dynamic flow
characteristics, such as incorporating process indicators such
as equipment usage frequency and fund execution rate, . To
bridge the gap between high-frequency IoT/ID card data
and the evaluation model, the system employs a multi-scale
temporal aggregation strategy. Real-time behavior logs are
aggregated into granular monthly or quarterly metrics—such
as usage intensity and fund execution velocity—which are
then fed into the dynamic network SBM-DEA to ensure that
the low-frequency evaluation remains sensitive to real-time
operational shifts. The multi-source heterogeneity of data
sources supports the state space construction of STL-LSTM
time series prediction and reinforcement learning strategy
generation algorithms, enabling the efficiency evaluation
results to be deeply integrated with resource demand trends
and spatiotemporal operational characteristics, forming a
closed-loop management chain of "diagnosis prediction op-
timization". Ultimately, this indicator system not only pro-
vides quantifiable and comparable evaluation benchmarks
for the allocation of higher education resources, but also pro-
motes the transformation of management decision-making
from empirical judgment to intelligent adaptation through a
data-driven paradigm, achieving collaborative optimization
of efficiency improvement and fairness protection.

C. EFFICIENCY EVALUATION MODEL BASED ON
DYNAMIC NETWORK SBM-DEA

This study defines every college as an individual decision-
making unit. The production possibility set consists of
two stages for providing teaching support and transforming
teaching to student achievement. In doing so, this research
reveals how colleges allocate resources internally through
the "black box" that each college contains. Stage 1 is about
converting input into an output, which involves converting
resource expenditures (such as teacher and student costs)
into teaching activities (standardized workload, curriculum
quality index). Stage 2 is converting teaching activities to
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provide output. Intermediate outputs of stage 1 are used
as inputs for stage 2, while final outputs are based on the
graduate degree granting rate and scientific research output
per capita. The intermediate outputs connect the two stages
and therefore should be maximized in relation to the outputs
produced during the first stage of activity and used to
minimize the inputs needed to achieve the desired outputs of
the second stage of activity. This constraint on the dualrole
structure ensures coherence of the internal process. In order
to describe the characteristics of cross periodic resource
allocation, the model describes a carry over variable from
period-to-period. The unused capacity of equipment, and
the surplus funds not used in the prior cycle are identified
as free carry-over variables. These carry over variables can
continue to be used as free carry-overs in the next cycle.
This overcomes the restrictions of conventional DEA models
that only measure one static snapshot at a time and achieves
comprehensive cycle efficiency tracking [28-29]. Thus the
dual-role structure is an effective solution for addressing the
problem of the delay time lag between resource input and
output, ensuring that the evaluative results reflect the long
term educationally related laws of postsecondary education.
The kernel density estimation of the efficiency value is
depicted in Figure 2.

As illustrated by Figure 2, higher education resource
allocation efficiency values display a probability density
distribution characteristic for overall efficiency as well as
first-stage efficiency and second-stage efficiency via three
kernel density estimate curves. The three curves show a clear
hierarchical distribution pattern, reflecting the efficiency
differences and underlying mechanisms at different stages
of resource allocation. The peak position of the efficiency
curve in the second stage is relatively left, indicating that the
overall efficiency level of the achievement transformation
stage is low. This reveals that universities have obvious
bottlenecks in transforming teaching activities into the final
quality of talent cultivation and scientific research innova-
tion achievements. The distribution of the efficiency curve
in the first stage is centered, indicating that the efficiency
of converting resource investment into teaching activities
is at a moderate level, reflecting that universities have a
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FIGURE 2. Efficiency value kernel density estimation

certain foundation but still have room for optimization in
the allocation of teaching resources. The peak position
of the overall efficiency curve is closest to the right and
the distribution is relatively concentrated. The mechanism
behind this phenomenon is that the dynamic network SBM-
DEA model effectively characterizes the characteristics of
cross period resource allocation by introducing carry over
variables and stage connection constraints, enabling the
overall efficiency evaluation to comprehensively consider
the synergistic effects of the two stages. The morphological
differences in nuclear density distribution also reflect the
degree of dispersion of efficiency values at different stages.
The relatively dispersed efficiency distribution in the second
stage indicates significant heterogeneity in the ability of
each decision-making unit to transform results, which is
closely related to the differences in disciplinary charac-
teristics, research foundations, and management levels of
universities. This distribution feature provides important
state space input basis for the formulation of subsequent
reinforcement learning optimization strategies. The model
adopts a non radial SBM directional distance function to
directly handle input redundancy and output deficiency slack
variables, overcoming the shortcomings of traditional radial
models that ignore slack variables [30-31]. The objective
function aims to minimize the slack ratio between input
and carry over variables, while maximizing the slack ratio
of output. Its mathematical expression is:

T m
* . 1 t 1 S“
p :mln—g w|l— —— E —t
T o m + Ncarry P Tiot
Necarry carry
Skt
+ z
£ Zk0tt+1
)

In formula (4), p* represents the overall efficiency value,
T is the total number of evaluation cycles, w? is the weight
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coefficient of the t-th period, m is the number of input
indicators, ncqrry 1S the number of carry over variables, 5,
is the relaxation variable of the ith input in the tth period,
z;0¢ 18 the observation value of the ith input of the decision
unit in the ¢th period, s7; " is the relaxation value of the kth
carry over variable, and 2y ;41 are the observation values
carried over from the tth period to the ¢ + 1th period. To
ensure that production possibilities are logically consistent
and that virtual output does not inflate efficiency values, the
inter stage connections and carry-over from one time period
to another need to be constrained.

The method of solving uses a linear programming al-
gorithm to iteratively compute the efficiency values for
each decision unit within each timeframe. By separating out
the objective function into three dimensions, complete effi-
ciency results can be retrieved in terms of overall efficiency,
stage efficiency, and period efficiency, allowing for the
isolation of the source of inefficiency from resource input
redundancy, obstacles between stages of transformation, and
cross-period configuration imbalance. The results generated
from the model for efficiency scores are also used to make
horizontal comparisons with respect to the amount and type
of resources allocated to various colleges and serve as input
to the state space for automated reinforcement learning op-
timization algorithms, thereby providing management opti-
mization strategies based on observed efficiency bottlenecks
as opposed to intuitive estimates.

D. RESOURCE SPATIOTEMPORAL OPERATION
FEATURE EXTRACTION

Due to the changing nature of the resource consumption
time series data, the STL decomposition technique was
employed to separate the time series into three separate
sections: trend, seasonal and residual. Using the weekly
classroom utilization rates as an example, the seasonal win-
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dow parameters are set to align with an annual cycle model,
whereas the trend window parameters are readily modified
to fit local weighting regression criteria. The decomposition
procedure is accomplished with local weight least squares
incremental optimization, whose objective function is rep-
resented as:

>0 (58 - x0)  [ o @ o
=1

In formula (5), K(-) is the cubic kernel function, h is
the bandwidth parameter, y; is the observed value, x; is the
basis function vector, S is the estimated coefficient, \ is
the smoothing parameter, and f”(t) is the second derivative
of the trend function. By separating seasonal fluctuations
from long-term trends, residual sequences can effectively
identify abnormal occupancy events and provide tempo-
ral benchmarks for resource scheduling. Spatial clustering
analysis generates a multidimensional feature vector using
geographic coordinates, floor heights, and room use codes
for a campus. It uses Euclidean distance to measure how
close the spatially clustered area is to each other. For the
gridded spatial units defined by rules, a K-means algorithm
is used to cluster the resource loading levels. The correct
number of clusters is found by combining an elbow method
with the contour coefficients of high loading, balanced,
and not loaded spatial areas across [32-33]. For irregularly
spaced spatial point clusters, like those found in laboratories,
a density-based spatial clustering algorithm (DBSCAN)
based on density reachability is used to establish clusters
and their structure. The radius of a neighbouring area is
found from a k-distance and is defined in terms of twice
the feature dimensions for the minimum number of samples
(MinPts) [34]. The predicted requirements for resources is
created from a series learning approaches using an LSTM
architecture. The model uses the following input features:
historic rates of usage by way of each enrolled student;
each research project; and semester dummy variables. The
output of the model is a probability distribution of what the
expected demands for resources can be in the next week,
where quantile regressions are used to create confidence
intervals that represent risk of allocating resources flexibly.

E. RESOURCE ALLOCATION OPTIMIZATION STRATEGY
GENERATION ALGORITHM BASED ON EFFICIENCY
DIAGNOSIS AND DEMAND PREDICTION

This paper develops a flexible system of allocating resources
through Markov decision processes by changing the multi-
cycle resource allocation problems into sequential decision
optimization problems. The S, state space consists of DEA
efficiency evaluation values from the tth period, the real time
usage vectors of different resources, and the future demand
characteristics as estimated by an LSTM, thus creating a
state representation that has both historical performance
information as well as future trend information. To expedite
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the convergence of the neural net, every input can be Z-
scored. The Action Space A; is comprised of a finite set
of instructions for allocating resources among resource al-
location sources; The actions consist of reallocating flexible
operational funds within institutional limits, classroom real-
location plan, and equipment sharing permission adjustment.
To ensure practical feasibility, the budget adjustment space
is constrained by pre-defined administrative quotas, rather
than allowing for unconstrained algorithm-led changes. A
composite reward function R; is created to direct intelligent
agents in learning allocation strategies that result in an
equal balance of efficiency and fairness, which can be
mathematically expressed as:

Ry = mi(pe1 — pt) + 12(Grase — Geg1) — 3| Arell1 (6)

In formula (6), p; is the DEA efficiency value for the tth
period, G; is the Gini coefficient for resource allocation,
Ar; is the resource adjustment vector, and 71,172,735 are
the weight coefficients for efficiency gain, fairness im-
provement, and adjustment cost, respectively. It provides
efficiency and effective distribution of wealth through par-
ticipation incentives, minimizes large or frequent variations
in available resources through disincentives, maintains con-
sistency and stability of a management plan, and avoids
creating a chaotic situation in the management system due
to excessive variations in resource availability. Adopting the
deep Q-network algorithm for strategy training, a neural
network structure is constructed that includes a state input
layer, a double-layer hidden layer, and an action value
output layer. The network parameters are iteratively updated
by minimizing the temporal differential error, and the loss
function is defined as the mean square error between the
predicted Q value and the target Q value:

L(0) = Es,a,r,s')~p | (T + 7y max Q(s',a’;67)
~ Q(s,a:0))%]

In formula (7), 6 is the current network parameter, 6~ is
the target network parameter, y is the discount factor, and
D is the experience replay buffer. Introducing an experience
replay mechanism to break the temporal correlation of data
and utilizing a fixed Q-value target in the target network to
improve training convergence. During the training process,
a e - growth strategy is adopted to balance exploration and
utilization. In the initial stage, the random exploration prob-
ability is increased to cover the state space, and gradually
decreases to the threshold as the training rounds increase,
ensuring that the agent can discover the global optimal
configuration path rather than getting stuck in local optima
[35]. The model is iteratively trained in the simulation
environment until the cumulative reward value converges,
indicating that the policy network has mastered the dynamic
adaptation law of resources. The loss curve is shown in
Figure 3.

(N
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FIGURE 3. Training loss curve

Figure 3 shows the evolution curve of the training loss
function of the deep Q-network in the process of gener-
ating optimization strategies for higher education resource
allocation. From the overall trend, the loss value shows a
continuous downward trend with the increase of iteration
times, gradually converging from the initial high level. This
reflects the continuous optimization and improvement of
the policy network by the reinforcement learning agent
during the training process. Although there is a certain
degree of fluctuation in the original loss curve, the overall
downward trend is clear. This volatility is due to the data
diversity brought by random sampling in the experience
replay mechanism, as well as the random action selection
of the € - growth exploration strategy in the early stages
of training. The smooth trend line reveals the inherent
laws of model learning more clearly, and its monotonically
decreasing feature indicates that the temporal difference
error is continuously decreasing, and the deviation between
the predicted Q value and the target Q value is gradually
decreasing. During the optimization plan generation phase,
real-time monitoring data is input into the trained strategy
network to output the optimal probability distribution of
each decision unit’s actions. Select the action with the
highest probability as the recommended configuration plan,
and combine it with administrative constraints for feasibil-
ity verification, such as budget limits and physical space
limitations. This algorithm implements a closed loop from
efficiency diagnosis to management intervention, solving the
problems of traditional resource allocation relying on man-
ual experience and response lag, supporting management to
make data-driven and accurate decisions, and ensuring that
resources flow to high-performance and high demand areas.

lll. EXPERIMENTS AND VALIDATION

A. EXPERIMENTAL DESIGN

This study selects a certain university as an empirical
case. The university has a complete range of disciplines,
covering ten major colleges including liberal arts, science,
engineering, and medicine, and has typical characteristics
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of higher education resource allocation and complex man-
agement scenarios. The sample selection meets the criteria
of being representative and generalizable across disciplines
to prevent model bias related to individual disciplinary
contexts that show high dependence of the disciplines of
science and engineering on equipment, while humanities
have sensitivities to funding in different ways. Throughout
data collection, this research upholds the requirement of
confidentiality protection by using only non-identifiable ag-
gregated indicators and anonymised identifiers for statistical
purposes from teachers’ and student’s sensitive personal
data. This research has successfully developed a complete
chain panel dataset by connecting multiple different systems
(academic affairs, finance, and assets) to aggregate resource
inputs, process operations, and result outputs to ensure the
experimental data reflects the dynamic evolutionary nature
of resource allocation, and, therefore, solves the issue of
one dimensional evaluations created by information silos.
The data collection phase was planned to occur between
2014 and 2023, covering a period of twenty semesters; it
represents an entire cycle of resource allocation adjustment
during standard periodic teachers’ academic years as well as
during certain events outside those normal cycles, providing
adequate basis for evaluating the continued stability of the
actual model among various environments. The data col-
lection content not only includes static resource stock data
at the beginning and end of the semester, such as teacher
quantity, budget, equipment assets, etc., but also includes dy-
namic operational data during the semester, such as student
grade distribution, research project progress, classroom us-
age logs, etc. This high-frequency panel data structure solves
the problem of traditional cross-sectional data being unable
to capture time series dependencies, providing necessary
temporal input basis for dynamic network SBM models and
LSTM prediction models, ensuring that efficiency evaluation
can reflect the cross period carry over effects of resource
utilization. To verify the effectiveness and generalization
ability of the model, the dataset is divided into a training
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set and a testing set. The data from eight semesters from
2014 to 2017 were used as the training set for model
parameter learning and policy network training, and were
not included in the effectiveness validation; The data from
the twelve semesters from 2018 to 2023 can be used as
the test set for effectiveness validation and error analysis.
This time-based partitioning method strictly follows causal
logic, avoiding the problem of inflated evaluation caused
by future information leakage, and ensuring that the model
learns historical patterns rather than data noise.

B. MEASUREMENT AND EVOLUTION TREND OF
RESOURCE ALLOCATION EFFICIENCY

The comprehensive efficiency values of each college are
calculated based on the dynamic network SBM-DEA model.
The model considers each college as an independent
decision-making unit, with human, financial, material, and
information resources as input factors, talent cultivation
quality, research and innovation efficiency, and social ser-
vice contribution as output dimensions, and introduces carry
over variables to characterize the characteristics of cross
period resource allocation. By solving the objective function
that includes input slack variables and output slack variables,
the comprehensive efficiency values of each college from
2018 to 2023 are output, which comprehensively reflect the
overall allocation efficiency of resources in the two stages of
teaching support and achievement transformation. Based on
the above calculation results, the dynamic evolution trend
of the comprehensive efficiency values of each college is
shown in Figure 4.

Figure 4 shows the dynamic evolution trend of the com-
prehensive efficiency values of ten colleges from 2018 to
2023, and the data comparison reveals a significant pattern
of differentiated development. Colleges 1, 2, 3, and 6 are
showing a continuous downward trend, with College 1
decreasing year by year from a high of 0.915 in 2018
and stabilizing at a low level of 0.4 in 2022-2023; College
2 also decreased from 0.853 to 0.4, while College 3 and
College 6 converged from 0.679 and 0.628 respectively to
around 0.4. The steady improvement trajectory of colleges
4, 8, and 10, with college 4 achieving a leapfrog growth
from 0.4 to 0.842, college 8 rising from 0.543 to 0.95, and
college 10 rising from 0.602 to 0.869. Colleges 1, 2, 3, and
6 with continuously declining efficiency values may face
redundant resource investment in the teaching support stage
or stage transformation obstacles, where investments such as
equivalent full-time teachers and per student teaching funds
cannot be effectively converted into intermediate outputs
such as standardized teaching workload and course quality
index; There may be bottlenecks in the transformation
of intermediate outputs into final benefits such as degree
granting rates for graduates and per capita scientific research
output during the achievement transformation stage. On the
contrary, the efficiency improvement trajectories of colleges
4, 8, and 10 indicate that they may have broken the shackles
of traditional static quota management through their big data
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perception capabilities. With the help of multi-source data
collection and spatiotemporal feature extraction, they have
achieved precise diagnosis and dynamic regulation of the
resource flow process, allowing resources to flow towards
high-performance and high demand areas. The marginal
benefit measurement of the student teacher ratio adopts a
panel data regression model, and constructs an econometric
analysis framework with the college semester as the observa-
tion unit. When interpreting marginal benefits, it is important
to focus on the sign direction of the regression coefficient.
A significant negative direction indicates that the expansion
of the student teacher ratio has a suppressive effect on
the quality of education, while a non significant positive
direction suggests that teacher allocation has not yet reached
the threshold of economies of scale. The measurement of
research funding output elasticity is based on the form of a
transcendental logarithmic production function, which per-
forms logarithmic transformation on the original variables
to eliminate heteroscedasticity and achieve direct estimation
of elasticity. The scientific research achievements of the de-
pendent variable are synthesized through multidimensional
indicators, covering paper publication, patent authorization,
and award acquisition. The entropy weight method is used
to determine the weights of each sub indicator to avoid
subjective weighting bias. The indicator results of the input-
output efficiency of teacher resources and funding are shown
in Figure 5.

Figure 5 shows the two-dimensional measurement results
of the input-output benefits of faculty and funding. Figure
5 (a) shows that only 4 out of 10 colleges have a positive
marginal contribution in the student teacher ratio marginal
benefit data. College 7 ranks first with a marginal benefit
value of 0.0909, while College 2 and College 8 have reached
0.0796 and 0.0718, respectively. This indicates that the
current faculty configuration of these colleges has not yet
reached the threshold of economies of scale, and moderately
increasing the student teacher ratio can still have a positive
impact on the quality of talent cultivation; The marginal
benefits of the remaining six colleges are negative, with
college 4 as low as -0.1825 and college 6 as -0.1576,
indicating that the expansion of the student teacher ratio
has had a suppressive effect on the quality of education.
Figure 5 (b) shows that the elasticity of research fund-
ing output exhibits differentiated response characteristics,
with elasticity coefficients ranging from 0.3478 to 0.7805.
College 3 leads significantly with a high elasticity value
of 0.7805, while College 7 and College 6 reach 0.699
and 0.6841, respectively, reflecting the high sensitivity of
research output to funding investment in these colleges; In
contrast, the elasticity of College 2 is only 0.3478, while
College 1 and College 4 are about 0.43, indicating that the
marginal conversion efficiency of their funding investment is
relatively limited and needs to be optimized in conjunction
with human capital synergy. The difference in research
funding elasticity is identified through the estimation of
bidirectional fixed effects beyond logarithmic production
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FIGURE 5. Efficiency indicators of teacher and fund input output
Figure 5 (a) Marginal benefit of student teacher ratio
Figure 5 (b) Elasticity of research funding output.

functions. High elasticity colleges are mostly in the capital
driven innovation stage, and the synergistic effect between
equipment platforms and research funding is significant.
Low elasticity colleges rely more on human capital accumu-
lation, and simply increasing funding is difficult to quickly
convert into research output.

C. FAIRNESS IN RESOURCE ALLOCATION
The Gini coefficient measurement of per capita resources is
based on colleges as the basic accounting unit. Firstly, the
per capita funding values of each college are calculated and
sorted in ascending order, and the cumulative quantity per-
centage and cumulative funding proportion of each college
are synchronously calculated. This indicator dynamically
tracks the trend of Gini coefficient changes over the years.
The Theil index measurement of inter professional resources
adopts a nested grouping strategy to calculate the degree of
deviation between the average resources per student within
each college and the overall average. The Gini coefficient
and Theil index of internal resource allocation in universities
are shown in Figure 6.

Figure 6 shows a dual dimensional evaluation framework
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for the fairness of internal resource allocation in universi-
ties, where Figure 6 (a) shows the Gini coefficient of per
capita resources within the institution reflecting the overall
distribution balance, and Figure 6 (b) reveals the structural
characteristics of the sources of differences in the Theil
index between various projects within the institution. The
Gini coefficient of College 7 increased from 0.44 to 0.58 and
reached 0.61 in 2022, indicating a continued intensification
of the Matthew effect on resources; College 4 has been
optimized from 0.41 to 0.28, reflecting the effective inter-
vention of the balanced intervention mechanism; College 6
rebounded to 0.37 in 2023 after dropping to a low of 0.16
in 2022, reflecting the fragility of fairness under external
shocks. The average Gini coefficient of 10 universities has
increased from 0.37 in 2018 to 0.46 in 2023. In terms
of Theil index, College 7 has consistently maintained a
high level (0.60-0.71), indicating that structural inequality
between disciplinary categories is the main contradiction;
College 5 has jumped from 0.16 to 0.48, indicating a
difference in management efficiency within the college;
College 1 fell back to 0.36 amidst fluctuations, reflecting
the synergistic convergence of inter group and intra group
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FIGURE 6. Equity index of resource allocation within universities

Figure 6 (a) Gini coefficient of per capita resources per student in the hospital
Figure 6 (b) Theil index between various projects within the hospital

differences. Cross analysis of two indicators shows that
some colleges, such as College 2, have seen a synchronous
increase in Gini coefficient and Theil index, indicating that
the deterioration of fairness has both overall and structural
characteristics. However, College 4 has improved its Gini
coefficient but its Theil index has risen to 0.67, reflecting
that there is still room for optimization in internal project
allocation under overall balance.

D. TIME DELAY IN RESOURCE DEMAND RESPONSE
AND ELASTICITY COEFFICIENT OF RESOURCE
ALLOCATION

The delay measurement of resource demand response relies
on event driven architecture to achieve accurate matching
between demand signals and allocation actions. To begin,
this article elaborates on the requirement-initiating principle,
in which if either the maximum length of the classroom
reservation application queue is exceeded or the number
of equipment failure repair reports increases excessively
or the number of students’ preferred courses is outside
the confidence interval this system automatically creates a
demand event record with a timestamp. Second, the article
follows up with a record of resource allocation management
from the time demand events are generated to the point
of resource allocation and execution. Finally, the article
documents the resource allocation activities and calculate
the total time taken from the initial demand event to the final
execution. In cases where multiple demand events occur
simultaneously, the priority queue can be used to arrange
the demand events based on priority to prevent low-priority
events from denying higher-priority responses. Resource
allocation elasticities are calculated using a ratio-based
method that takes into account the month-to-month change
in resource allocation; as well as the relative quantities of
resources available to students when compared based on
semester-level granularity. The rate at which total resources
are changing may be derived from various core performance
measures like budget, faculty establishment, and classroom
area, and adjusted each season to remove cyclical fluctu-
ations (i.e. seasonal factors that occur over the course of
an academic year). The rate of change of total students
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is calculated based on an equivalent number of students;
and further aggregated by weighting to distinguish between
the various levels of types of education (i.e. undergraduate,
graduate and PhD) that exist in the education system. When
performing the calculations for these two indices, a moving
average filter was used to eliminate noise from the short
term period before developing the elastic coefficients based
on normalized change from anomalous fluctuations in a
single semester. Figure 7 illustrates the annual variations
in dynamic adaptability index.

Figure 7 depicts how well universities are adapting to
changing resource allocation practices (2018-2023). Trends
in two areas are available: delay in responding to demand
for resources and the elasticity of resource allocation. The
responses to both dimensions exhibit downward trends.
With respect to delay in response to resource requests, the
median value changed from 17.65 hours in 2018 to 10
hours in 2023; with respect to maximum and minimum
values, they also declined from 20.1 and 13.9 hours to 12.6
and 5.6, respectively, which indicates greater agility with
which universities can allocate resources and better control
of extreme delays. With respect to the elasticity coefficient,
the median changed from 1.12 in 2018 to 1.08 in 2023;
also the difference between maximum and minimum values
changed from 0.32 in 2018 to 0.30 in 2023. Hence, over
the past six years, colleges have optimized both their speed
to respond to requests for resources and their accuracy in
regulating the use of available resources. Consequently, they
have improved the dynamic adaptability of their resource
management functions.

E. STRATEGY ADOPTION CONVERSION RATE AND
RESOURCE ADJUSTMENT HIT RATE

The conversion rate of strategy adoption is tracked exclu-
sively through the decision support system through the use
of the logging/control module, which provides a means to
capture the closed loop of suggestion generation and man-
agement feedback. Each time the decision support system
generates resource configuration optimization suggestion
content, the system automatically creates a structured record
of the suggestion content, applicable objects, expected ben-
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FIGURE 7. Annual change of dynamic adaptability index
Figure 7 (a) Annual distribution of resource demand response time delay
Figure 7 (b) Annual distribution of resource allocation elasticity coefficient

efits and time stamps that can be forwarded electronically
to the management department’s business terminal. The
management department can then make their determination
about adopting, partially adopting or rejecting each sugges-
tion and can use the integrated feedback function of the
system to provide a statement supporting the basis of their
decision. The semester is defined and used for calculating
the conversion rate and serves as the statistical time frame.
The numerator is defined as the number of adopted or
partially adopted suggestions, while the denominator is the
total number of validly-generated suggestions provided by
the system during that same period-except for any invalid
or auto-filtered outputs due to missing data or model con-
fidence that is below threshold. In some cases of adoption,
a weighting factor of 0.5 is applied as a retention ratio
to reduce the loss of accuracy resulting from the binary
counting method used to compute the number of successes
in terms of suggesting core elements. The hit rate of resource
adjustment is measured using spatial set similarity analysis
method, which evaluates the accuracy of resource allocation
based on the physical space of the campus as the mapping
carrier. The adjusted resource hotspot area is defined as a

set of spatial units for incremental resource allocation or
functional redistribution in the system optimization plan.
The actual demand hotspot area is composed of spatial units
with utilization rates exceeding the preset threshold based
on the monitoring data of resource usage intensity at the
end of the semester. The calculation of set similarity adopts
Jaccard index, where the numerator counts the number of
intersecting elements between two sets, that is, the spatial
units predicted by the system to have high demand but
actually showing high load, and the denominator counts
the number of merging elements between the two sets,
covering all spatial units recognized or actually having high
demand by the system. To address the issue of inconsistent
granularity of spatial units, geographic coding mapping is
used to unify spatial identifiers from different sources into
a standard room numbering system, ensuring the accuracy
of set operations. The closer the hit rate is to 1, the higher
the spatial distribution between the system’s predictions and
actual needs, and the stronger the foresight and accuracy
of resource allocation. The adoption conversion rate and
resource adjustment hit rate are shown in Figure 8.
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FIGURE 8. Data driven decision effectiveness indicators
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The data-driven decision effectiveness indicators pre-
sented in Figure 8 include two core dimensions: strategy
adoption conversion rate and resource adjustment hit rate.
Data tracking from spring 2018 through fall 2023 demon-
strates that while both indicators show a cumulative upward
trending movement and differences in their evolutionary
paths. The conversion rate of adopting strategies rose from
0.551 in spring 2018 to 0.861 in fall 2023. The success
rate for adjusting resources showed an increase from 0.517
in spring 2018 to 0.791 in spring 2023 before dropping
to 0.714 in fall 2023. From a dispersion standpoint, the
standard deviation of the adoption rate reached 0.089 in fall
2023. This shows that the various colleges are solidifying
their acceptance of suggested optimized strategies; however,
the standard deviation of success rates ranged from 0.08 to
0.16, indicating that there is still a degree of uncertainty
when predicting success based on spatial predictors, due to
the cycles of semesters and other external factors.

IV. CONCLUSION

This article constructs a big data-driven framework for the
allocation and management of higher education resources,
facilitating the precise digital transformation of experimental
research in fiber morphology and engineering. This article
uses the dynamic network SBM-DEA model to measure
cross period efficiency, combines STL decomposition and
LSTM to predict demand trends, and generates optimization
strategies through a deep Q-network to achieve a closed-
loop system from efficiency diagnosis to management inter-
vention. Empirical evidence shows that the model can ef-
fectively identify the differences in efficiency evolution and
fairness of colleges, reduce the delay in resource demand
response to 10 hours, and increase the strategy adoption
conversion rate from 0.551 to 0.861. The research promotes
the transformation of university governance from experien-
tial to evidence-based, providing precision decision-making
tools for resource allocation and the digital modernization
of engineering research.
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