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Abstract

Educational equality is essential for achieving social justice and sustainable development.
Accurately predicting the trend of educational inequality is important for improving
education systems and ensuring equitable resource allocation. In this paper, the Educational
Gini (E-Gini) index is calculated based on the population aged 6 and above in China
from 2002 to 2024, quantifying educational inequality. To forecast the future trend in
the E-Gini index, a hybrid prediction framework based on the grey prediction model
(GM(1,1)) and Cuckoo search-support vector regression (CS-SVR) model is proposed. This
framework incorporates three influencing factors, including government budget spending
on education, per capita consumption expenditure on education, and the Consumer Price
Index (CPI) for education. The results show that the E-Gini of China generally declines
from 2002 to 2024 with fluctuations. The proposed approach predicts the E-Gini value of
2024 as 0.220130, while the actual value is 0.2206, corresponding to an absolute error of
0.000470 and a relative error of 0.213%. In the benchmark comparison, the proposed model
outperforms the linear trend model, the univariate GM(1,1), the naive persistence model,
ARIMA, and the standard SVR model. The comparative analysis demonstrates that the
proposed framework effectively captures the inherent patterns of educational inequality
and reveals its trends. The proposed framework serves as a valuable tool for forecasting
trends in educational inequality and informing policy decisions.

Keywords: cuckoo algorithm; support vector regression; GM(1,1); educational inequality;
E-Gini index

1. Introduction
Educational inequality has become a critical issue in the pursuit of sustainable de-

velopment. It not only constrains human capital formation but also undermines social
well-being and long-term social equity. The 2030 Agenda for Sustainable Development
clearly states that “Ensure inclusive and equitable quality education and promote life-
long learning opportunities for all” is one of the Sustainable Development Goals for all
countries. Other studies indicate that educational inequality has a significant influence on
the overall well-being of citizens, economic productivity [1], the accumulation of human
capital [2], and even intergenerational achievement. Therefore, research on educational
inequality has both theoretical and practical significance for understanding social structural
transformations and guiding the development of educational policies.

Scholars typically define educational inequality from the perspectives of inequality in
educational opportunities [3–5] and inequality of educational outcomes (or educational
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attainment) [6–8]. To measure educational inequality, the Education Gini (E-Gini) index
has recently been proposed. This index has been widely used, and its research value and
rationality have been validated [9–12].

Predicting the changing trends of educational inequality serves as an important refer-
ence for policy formulation, education reform, and other related work. From a research
perspective, most existing studies have attempted to capture the evolution of educational
inequality from two primary approaches. One approach focuses on the specific details of ed-
ucational inequality, such as financial inequalities [13], racial educational disparities [14,15],
and inequalities in educational effectiveness [16]. The other approach is to examine the fac-
tors influencing macro-trends in education [17], such as policy fluctuations [18], economic
uncertainty [19], quality of governance [20], and digital technology [21]. Since educational
inequality is affected by various factors, selecting the relevant and available data is nec-
essary for predicting its trends. Therefore, national budget spending on education [22,23]
and educational inputs of households [24,25] are chosen.

The univariate time-series forecasting models are often inappropriate to predict ed-
ucational inequality, which is influenced by a multitude of factors [26]. The multivariate
time-series method can take more influencing factors into account in the prediction model
and improve the practical significance of the results. However, the related data released by
the government usually lags [27], leading multivariate time series forecasts to face a lack of
data on influencing factors. In recent years, the proposal of new forecasting frameworks in
the economic and engineering fields has provided a solution to this dilemma [28,29]. This
hybrid method makes the prediction results more targeted and is expected to solve the
problem of data lag impacting the prediction target.

There are still gaps in the use of the predictive approach in education [26]. Most
existing studies take overall educational indicators (including enrollment, educational
investment, and overall development levels) as prediction targets, while there are few
prediction studies that directly use the E-Gini index as the target variable [30]. Moreover,
though educational inequality is affected by multiple factors, current approaches usually
neglect the reality factors [17]. The single-variable prediction method based on numerical
patterns cannot provide explanations for the prediction results. Furthermore, in cases where
the annual sample sequence is short and official statistics are lagging behind, traditional
multivariate methods are no longer appropriate either [27]. Since the national educational
statistics are usually characterized by small data volumes and high volatility, Support Vector
Regression (SVR) is a suitable solution for predicting the development trends of the E-Gini
index. As a widely used regression prediction method, the SVR model maps the training
sample to a higher dimensional feature space for better fitting [31]. SVR handles the complex
relationships between input and output variables and is more suitable for solving nonlinear,
small-sample, or high-dimensional problems than machine learning algorithms such as
artificial neural networks [32]. However, the penalty parameter C and the parameter of the
kernel function g, which have significant effects on the model performance, are determined
differently [32,33]. The meta-heuristic optimization techniques have been proposed to
search for the optimal parameters to maximize the model’s benefits [34,35]. The proposed
framework uses the cuckoo search (CS) algorithm [36] to determine the optimal model
parameters for the SVR model. This approach is termed the CS-SVR model in this paper.
This study employs the GM(1,1) model to forecast the short-term variation of explanatory
variables under small-sample conditions. Furthermore, CS-SVR is applied to capture the
nonlinear relationship between the predicted variables and the E-Gini index. The study
proposes a novel approach to predicting educational inequality. The study is structured
around three research questions:
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(1) How does educational inequality measured by the E-Gini index in China evolve over
the period 2002–2024?

(2) Can the proposed framework achieve accurate predictions of the E-Gini of China
under annual small-sample conditions after incorporating reality-related factors?

(3) Can the proposed framework provide a more informative basis for monitoring future ed-
ucational inequality and supporting the sustainable improvement of educational equity?

A new hybrid framework is proposed in this paper. This framework combines the
GM(1,1) model and the CS-SVR model to predict the trend of the E-Gini index by incor-
porating the national education input, funds channeled into education using the national
budget, and the Consumer Price Index. In addition, this paper discusses the applicability
of the GM(1,1) model to the datasets mentioned before and validates the accuracy and
effectiveness of the proposed framework. The main contributions of this paper can be
categorized as:

(1) We provide a national time-series description of educational inequality in China based
on the E-Gini index for 2002–2024.

(2) We develop and validate a two-stage forecasting framework for short-term E-Gini
prediction under annual small-sample conditions.

(3) We evaluate whether incorporating government budget spending on education, per
capita consumption expenditure on education, and CPI for education can improve
the practical value of educational inequality forecasting for sustainability-oriented
monitoring.

The remainder of this paper is structured as follows. Section 2 reviews related prior
work. Section 3 presents the data and methods. Section 4 reports and discusses the
empirical results. Section 5 concludes the paper, addresses the limitations of the present
study, and provides suggestions for future research.

2. Literature Review
Predicting educational trends has attracted the attention of scholars with the devel-

opment of computer technology. For example, Li et al. [26] construct a weakening buffer
operator-based GM(1,1) model to predict the gross enrollment rate of higher education
in Kazakhstan. Li [37] uses Chinese university enrollment data from 2010 to 2020 and
applies polynomial regression and Holt’s exponential smoothing to forecast enrollment
trends, chain growth rates, and changes in undergraduate enrollment proportions across
regions. Most of the presented work focuses on other characteristics of education. For
instance, Liang et al. [38] use the L-M algorithm to predict the scale of public investment in
higher education and analyze the configuration structure among different types of higher
education institutions. Friedman et al. [39] model the within-country distribution of years
of schooling and use their model to predict the achievement of Sustainable Development
Goals (SDG). They suggest that the universalization of primary education could be initially
achieved by 2030, but significant challenges remain for secondary and tertiary education.
Maliti [40] uses six rounds of methodological stable Demographic and Health Surveys
(DHS) to demonstrate that horizontal inequalities in education and wealth have been
declining in Tanzania.

Trends in educational inequality are influenced by multiple factors. This complexity
calls for meaningful forecasting using multivariate time-series methods. There is a statisti-
cally significant correlation between the proportion of national and household expenditures
on education and the E-Gini coefficient [41–43]. Xu et al. [17] use a Nonlinear Autoregres-
sive Distributed Lag (NARDL) model to reveal the existence of asymptotic effects on the
Gini index and E-Gini index in China over the period 1975–2020. Therefore, it is essential
to incorporate these economic factors into the forecasting framework.
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The hybrid forecasting framework helps to mitigate the issue that the influencing
factors in the future are missing. For example, Zhu et al. [29] employ a mixed model to
predict the credit risk of Small and Medium-Sized Enterprises (SMEs) in China. Similarly,
Liang et al. [28] predict the development of offshore wind energy in Europe using a two-
stage forecasting framework and demonstrate its effectiveness.

The existing literature provides useful but incomplete guidance for the present study.
Educational forecasting studies have predicted indicators such as enrollment, educational
investment, and overall development levels, but they mainly focus on educational devel-
opment rather than the distributional dimension of education, especially E-Gini-based
inequality. Studies on educational inequality provide important evidence on measurement
and associated factors, but they rarely develop forecasting strategies for the E-Gini index.
Hybrid forecasting studies in other fields demonstrate that model combination can improve
predictions under complex conditions, but these approaches have not been specifically
adapted to the problem of forecasting educational inequality.

The present study addresses this gap by adapting a hybrid forecasting strategy to the
specific requirements of E-Gini prediction. The proposed framework links the forecasting of
macro-level predictors to the prediction of educational inequality, thereby moving beyond
approaches that rely only on the internal pattern of the E-Gini series. It also addresses the
practical problem that future values of key explanatory variables are not directly available
at the time of forecasting. In this sense, the study contributes a forecasting design tailored
to educational inequality under realistic data constraints.

3. Data and Methods
This section presents the proposed framework. Educational inequality is influenced

by many factors, making it inadequate to rely on a single data sequence to predict the
development of the E-Gini Index. Ignoring these influencing factors will lead the forecast
results to lose their practical significance. To address these issues, this paper proposes a
hybrid framework that combines the GM(1,1) model and the CS-SVR model, integrating
the impact of the above factors on the trend of educational inequality. It should be noted
that the proposed framework can be extended to consider other factors that affect educa-
tional inequality. Specifically, the proposed framework first predicts the trends of three
key indicators (i.e., government budget spending on education, per capita consumption
expenditure on education, and CPI for education) using the GM(1,1) model.

The input variables are chosen since they can capture three macro-level dimensions
associated with educational inequality at the national level. Government budget spending
on education reflects the public financing capacity of the education system and the country’s
potential compensatory ability. Prior research shows that educational spending is related
to educational inequality, although the magnitude and direction of this relationship vary
across contexts [41,44].

Per capita consumption expenditure on education can capture families’ private invest-
ment in children’s education and the economic burden they bear in acquiring educational
opportunities [4]. In research of China, existing studies further suggest that household
educational expenditure is closely associated with inequality, opportunity structures, and
competition in shadow education [42]. Moreover, the education CPI is introduced as a
macro-level proxy for changes in education-related prices in this paper. Though it does
not directly measure educational inequality, it reflects shifts in the cost environment facing
both households and the state in education-related decision-making [45]. Increases in
education-related costs may affect educational affordability and widen disparities in effec-
tive access to educational resources. Actually, these three indicators do not fully capture
all determinants of educational inequality. However, the proposed framework has the
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potential to incorporate other factors in future research. The limitations of the present study
are discussed separately in the concluding section.

Simultaneously, the relationship between these three independent indicators and the
E-Gini index is modeled using the CS-SVR model. Finally, based on these three validated
predictions, the CS-SVR model forecasts the trend of educational inequality in the next year.
By combining and optimizing multiple methods, this framework enhances the accuracy
and stability of predictions, providing more meaningful results [28,46–48]. The flow chart
of the proposed framework is shown in Figure 1.

Figure 1. The flow chart of the proposed framework.

3.1. The Modelling Algorithm of GM(1,1) Forecasting Model

Grey theoretical models typically use the accumulated generating operation (AGO)
technique to minimize the randomness of the original data. This method extracts potential
information from the data by solving differential equations [26].

First, an original data sequence is assumed as

X0 =
{

x0(1), x0(2), . . . , x0(n)
}

(1)

An operator is derived through the first-order accumulated generating operation
(1-AGO) to smooth the original data and reduce fluctuations. This allows the model to
better capture potential trends.

X1 =
{

x1(1), x1(2), . . . , x1(n)
}

(2)
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with

x1(k) =
k

∑
i=1

x0(i), k = 1, 2, . . . , n (3)

The accumulation sequence X1 follows the first-order linear differential equation

dx1(k)
dt

+ ax1(k) = b (4)

where a is the development coefficient, which indicates the trend of decay or growth of the
system and b is the grey input. Equation (3) is often known as the whitening GM(1,1) model.

The discrete Equation (3) yields an approximation of x1(k), which is defined as

z1(k) = αx1(k) + (1 − α)x1(k − 1) ∼= x1(k) (5)

When α in Equation (5) is set to 0.5, the GM(1,1) model simplifies to

x0(k) + az1(k) = b (6)

Estimating the parameters a and b is an important step, and they are commonly
determined using the least-squares method applied to the GM(1,1) model

θ̂ =

[
a
b

]
=

[
BT B

]−1
BTY (7)

with

B =


−z1(2) 1
−z1(3) 1

...
...

−z1(n) 1

, Y =


x0(2)
x0(3)

...
x0(n)

 (8)

After obtaining the parameters a and b, substituting θ̂ = [a, b]T into Equation (4) and
based on the initial conditions x1(1) = x0(1), one can finally obtain a special solution of
Equation (4)

x̂1(t) =
(

x0(1)−
b
a

)
e−a(t−1) +

b
a

, t ∈ [1,+∞) (9)

Here x̂1(t) represents the grey fitted value of x1(t).
The discrete form of Equation (9) is defined as the grey forecasting model, which is

expressed as

x̂1(k + 1) =
(

x0(1)−
b
a

)
e−ak +

b
a

, k = 1, 2, . . . , n − 1 (10)

Finally, the prediction of the original data is obtained by the Inverse Accumulated
Generating Operation (IAGO)

x̂0(k + 1) = x̂1(k + 1)− x̂1(k), k = 1, 2, 3, . . . , n (11)

The above derivation process reveals that the GM(1,1) model does not rely on large
datasets, but is instead more suitable for short-term forecasting with limited data vol-
umes [49]. In addition, the currently publicly available data about education does not meet
the requirements for large datasets needed to train traditional neural network models. The
characteristics of the GM(1,1) model align precisely with our data. Therefore, the trends of
the underlying variables in this paper are predicted using the GM(1,1) model.
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3.2. Cuckoo Search-Support Vector Regression (CS-SVR) Model

The SVR model demonstrates good performance in learning problems with small
data samples and can reduce the uncertainty of assessment results. The education-related
datasets collected in this paper are annual, which cannot meet the training requirements of
traditional neural networks. Therefore, the SVR model is used to address this challenge.
However, SVR models are usually inefficient due to the subjective nature of selecting key
parameters in practice [50].

To further improve the prediction accuracy, the Cuckoo Search (CS) bionic algorithm
is introduced to optimize the parameters of the SVR model, which is described in the
following section. The flowchart of the CS-SVR model is presented in Figure 2. This method
has received much attention in engineering [35] and economic fields [51,52]. Compared
with commonly used models such as Particle Swarm Optimization (PSO) and Genetic
Algorithms (GA), the CS algorithm is more efficient [32]. In this paper, CS-SVR is used to
predict the trend of educational inequality.

Figure 2. The flow chart of CS-SVR.

3.2.1. Cuckoo Search (CS) Bionic Algorithm

The cuckoo bionic algorithm is a metaheuristic optimization algorithm that mimics
the unique brood parasitism behavior of cuckoos [53]. In nature, cuckoos exhibit brood par-
asitism by laying their eggs in the nests of other host birds. The cuckoo chicks increase their
survival chances by hatching earlier than the host’s offspring and eliminating competition
for resources [54,55]. In this bionic algorithm, each nest represents a candidate solution,
and a cuckoo’s egg represents a new, potentially better solution.
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During the optimization process, the algorithm employs Lévy flights [54] to explore
the search space and generate new solutions, which can be mathematically represented as

yij(t + 1) = yij(t) + α × Levy(λ) (12)

where yij(t) represents the current position of the nest, yij(t+ 1) represents the new position
of the nest, α is the step size, and λ is the parameter of the Lévy flight. The process of
searching for the optimal solution can be observed in Figure 2.

The Gaussian Radial Basis Function (RBF) kernel for SVR applications provides good
generalization on local scales [32]. Moreover, the choice of kernel function significantly
impacts the performance of SVR models. Therefore, using the CS algorithm to select the
optimal parameters is essential for efficient parameter tuning.

3.2.2. Support Vector Regression (SVR) Model

The SVR model is a machine learning method that maps input vectors into a high-
dimensional feature space using nonlinear kernel functions. It constructs a regression
model based on the principle of structural risk minimization to predict the behavior of
variables [48]. The SVR has demonstrated excellent performance in regression problems,
especially under small-sample conditions [56], which can be expressed mathematically as

f (x) = w · ϕ(x) + b (13)

where x represents the input vector, w d represents the weight vector, b represents the
deviation, and ϕ(x) represents the mapping function that maps the samples in the input
control to a higher dimensional space.

Using the structural risk minimization principle, the original problem is trans-
formed into

min

[
1
2
∥w∥2 + C

l

∑
i=1

(ξi + ξ∗i )

]
(14)

where ∥w∥2 describes the complexity of the function f (x). C is called the penalty coefficient
that controls the model’s tolerance to errors. ξi and ξ∗i are slack variables used to measure
the deviation outside the ε-insensitive zone. The constraints that must be satisfied are

yi − wi − b ≤ ε + ξi

wi + b − yi ≤ ε + ξ∗i
ξi, ξ∗i ≥ 0

(15)

where yi is the true value corresponding to sample xi.
To obtain the support vector nonlinear regression function, it is necessary to introduce

the concept of Lagrange multipliers to construct the Lagrange function.

f (x) =
n

∑
i=1

(α∗i − αi)K(x, xi) + b (16)

where α∗i and αi represent the Lagrange multipliers. K(x, xi) represents the kernel func-
tion, which is a Gaussian radial basis function in the model. It can be mathematically
represented as

K(x, xi) = exp

{
−∥x − xi∥2

g2

}
(17)

where g is the key parameter of the kernel function.
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3.3. Implementation Details

To enhance methodological transparency, this study adopts a validation design that
clearly distinguishes the training period from the out-of-sample evaluation process. The
E-Gini series and the three explanatory variables are aligned over the period 2002–2024.
The observations from 2002 to 2023 are used for model training, while the 2024 observation
is reserved as the final out-of-sample test point. This design can avoid the reported 2024
forecasting results from being an in-sample fit. For the CS-SVR component, the cuckoo
search algorithm is employed to optimize two hyperparameters. The search process is
configured with 25 nests and 200 iterations. For each candidate parameter combination, pre-
dictive performance is evaluated within the training sample using five-fold cross-validation.
Moreover, the cross-validation loss is taken as the fitness value. After hyperparameter
tuning is completed, the final SVR model is re-estimated using the full training sample
from 2002 to 2023, and the resulting model is then used to forecast the E-Gini index of 2024.
Forecasting performance is evaluated using MSE, RMSE, and MAE.

To reduce the risk of overfitting, the 2024 observation is excluded from both model
training and hyperparameter tuning. It should be noted that the hyperparameters are
determined through cross-validation within the training sample, rather than being selected
directly on the basis of full-sample fitting results.

4. Results and Discussion
4.1. Predicting Results

China Statistical Yearbook and China Educational Finance Statistical Yearbook are
both authoritative official statistical sources. However, their data are subject to a certain
publication lag, and some indicators may be adjusted in subsequent releases following
statistical verification or population census revisions. In using these data, this study further
checks and adjusts them as necessary. To calculate the E-Gini index, educational attainment
is categorized into seven levels: no schooling, elementary school graduates, junior high
school graduates, senior high school graduates, college degrees, bachelor’s degrees, and
postgraduate degrees. It is important to note that scholars hold different views on the
minimum age for statistical purposes in the group of individuals without formal schooling.
Some scholars, such as [11,57], set the minimum age at 15. In this paper, we set the
minimum age at 6 years old because the compulsory education in China begins at the
primary school level [58,59].

Therefore, the population aged 6 and above who have not yet received formal educa-
tion is meaningful for identifying inequality in educational opportunity, because it may
reflect delayed enrollment, non-enrollment, or disadvantage at the starting point of compul-
sory education. Compared with some studies that use the population aged 15 and above,
the specification adopted in this study is more sensitive to inequalities at the school-entry
stage and during compulsory education, and more suitable for the Chinese situation.

It should be noted that E-Gini values calculated using different age thresholds differ in
meaning. Therefore, the results of this study are more suitable for longitudinal comparison
within China under a consistent measurement framework, and should not be directly
compared in absolute terms with existing studies that use the population aged 15 and
above. Moreover, the E-Gini is unable to capture differences in educational quality, school
resource allocation, or learning outcomes. It should therefore be understood as a conditional
description of educational equity.

The data used in this paper, including government budget spending on education,
per capita consumption expenditure on education, CPI for education, and total population
data, are from the China Statistical Yearbook.
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In this case, the E-Gini index serves as the output of the model, while other data series
serve as the input of the model. It should be noted here that the E-Gini in this paper is
used to quantify educational inequality in China. The relevant data are shown in Table 1.
Additionally, the initial input series of the GM(1,1) model undergoes smoothing. The
smoothed results are validated to ensure prediction accuracy.

Table 1. Results of the E-Gini index and relevant data of China, 2002–2024.

Education
Gini

Government
Budget Spending

on Education
(Ten Trillion

Yuan)

Per Capita
Consumption

Expenditure on
Education

(Yuan)

CPI for
Education

(2002 = 100)

2002 0.2436 0.0349 487 100
2003 0.2397 0.0385 527 104.3
2004 0.2377 0.0447 586 107.84
2005 0.2410 0.0516 657 112.89
2006 0.2357 0.0635 718 113.34
2007 0.2308 0.0828 787 113.35
2008 0.2290 0.1045 814 113.46
2009 0.2251 0.1223 896 115.27
2010 0.2079 0.1467 1000 116.89
2011 0.2123 0.1859 1136 118.41
2012 0.2121 0.2315 1262 120.42
2013 0.2113 0.2449 1398 123.67
2014 0.2165 0.2642 1536 126.64
2015 0.2222 0.2922 1723 130.058
2016 0.2235 0.3140 1915 133.18
2017 0.2219 0.3421 2086 137.17
2018 0.2258 0.3700 2226 141.15
2019 0.2260 0.4005 2513 145.53
2020 0.2205 0.4291 2032 148.73
2021 0.2219 0.4584 2599 151.85
2022 0.2170 0.4847 2469 155.042
2023 0.2192 0.5044 2902 157.21
2024 0.2206 0.5416 3189 159.57

The fitness curve of CS-SVR is shown in Figure 3. The optimal penalty factor,
C = 20.8975, is obtained under the best fitness. The optimal parameter of the Gaus-
sian kernel function is set to 4.4785.

Figure 3. The fitness curve of CS-SVR (Termination of iteration = 200, Number of nests = 25).
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Figure 4 presents trends in government budget spending on education and per capita
consumption expenditure on education. To show the relationship between two variables,
their values are normalized to the same order of magnitude. It can be observed that
both variables follow a similar trend. The growth rate of government budget spending on
education is significantly lower than the growth rate of per capita consumption expenditure
on education. It is worth noting that there is a brief surge in government investment in
education around 2010. Figure 5 illustrates the change in CPI for education during this
period. Since 2008, the CPI for education has shown a steady upward trend, indicating
an increase in education-related prices. This pattern is consistent with prior evidence that
household educational expenditure is associated with income inequality and education
competition [42].

Figure 4. Trends in government budget spending on education and per capita consumption expendi-
ture on education.

Figure 5. Trends in China’s CPI for education, 2002–2024.

To illustrate the superiority of the proposed methods, the same dataset is also simu-
lated using the SVR model. Figure 6 presents the predictions of both the SVR model and
the CS-SVR model compared to the annual E-Gini index. Figure 7 illustrates a comparative
plot of the relative errors.
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Figure 6. Results of actual and forecast E-Gini index, 2002–2024.

Figure 7. Relative error of the E-Gini index obtained from SVR and CS-SVR.

It can be observed from Figures 6 and 7 that while the prediction results obtained from
the SVR model are smoother, they deviate more significantly from the actual data, resulting
in higher relative errors. In certain anomalous years, such as 2010, the prediction results
show significant deviations from the actual data. This may be caused by changes and biases
in the way government statistics are produced. In contrast, the CS-SVR model captures the
dataset’s trends more effectively, with relative errors generally below 0.5 percent, except for
2010. Under the reported validation design, the CS-SVR model shows desirable predictive
performance after incorporating multiple explanatory variables.

To provide a more rigorous evaluation, the proposed framework is compared with
several benchmark models, including the naive persistence, the linear trend, ARIMA, the
univariate GM(1,1), and the standard SVR.

The univariate benchmarks (including Naive Persistence, Linear Trend, ARIMA, and
Univariate GM(1,1)) rely exclusively on the historical E-Gini series and generate the fore-
casting results for 2024 using 2002–2023 observations. The multivariate benchmark is
Standard SVR, which follows the same experimental design as the proposed framework.
The comparison results are presented in Table 2.
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Table 2. Benchmark comparison for the 2024 E-Gini value.

Model Predicted 2024 Absolute Error Relative Error

Linear trend 0.213586 0.007014 3.180%
Univariate GM(1,1) 0.214516 0.006084 2.758%
Naive persistence 0.218103 0.002497 1.132%

ARIMA 0.219274 0.001326 0.601%
Standard SVR 0.222301 0.001701 0.771%

Proposed GM(1,1)-CS-SVR 0.220130 0.000470 0.213%

The results indicate that the proposed GM(1,1)-CS-SVR framework obtains the lowest
forecasting error. Its forecasted E-Gini value for 2024 is 0.220130, with an absolute error
of 0.000470 and a relative error of 0.213%. Among the univariate benchmarks, ARIMA
performs best, with a relative error of 0.601%. The Standard SVR yields a relative error of
0.771%. These findings suggest that, under the validation design adopted in this study,
the proposed hybrid framework delivers the most accurate short-term forecasting results.
Moreover, compared to the univariate models, the proposed framework provides greater
interpretive value by linking the forecast to substantively meaningful explanatory variables
of educational inequality.

The reference data for the accuracy test grades are shown in Table 3. Moreover, the
accuracy results for the three input datasets in the model are shown in Table 4. The datasets
1, 2 and 3 in Table 4 respectively represent government budget spending on education, per
capita consumption expenditure on education, and CPI for education.

Table 3. Reference data for accuracy test grades.

Accuracy Grade
Mean

Relative
Error (%)

Grey
Absolute

Correlation

Mean
Squared

Error Ratio

Small
Error

Probability

First grade (excellent) 1 0.90 0.35 0.95
Second grade (good) 5 0.80 0.50 0.80

Third grade (pass) 10 0.70 0.65 0.70
Fourth grade (not applicable) 20 0.60 0.80 0.60

Table 4. Accuracy results for three input datasets.

Dataset Mean Relative
Error (%)

Grey Absolute
Correlation

Mean Squared
Error Ratio

Small Error
Probability

1 0.912 0.9906 0.0773 1
2 0.541 0.9822 0.0204 1
3 0.298 0.9972 0.0550 1

The relative errors for all three datasets are less than 1%, the absolute grey correlations
are greater than 0.9, the mean squared error ratios are less than 0.35, and the small error
probabilities exceed 0.95. The fitting accuracy of all three models meets the requirements of
grey theoretical modeling; therefore, it is reasonable to assume that these three datasets can
be modeled as grey systems. The grey system theory model can effectively predict govern-
ment budget spending on education, per capita consumption expenditure on education,
and CPI for education.

Based on data from 2002 to 2023, we use the proposed framework to predict the data
in 2024. The predicted 2024 values are 0.5572 ten trillion Yuan for government budget
spending on education, 3248 Yuan for per capita consumption expenditure on education,
and 160.8 for CPI for education. When compared with the actual data from China in
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2024, government budget spending on education is 0.5416 ten trillion Yuan, per capita
consumption expenditure on education is 3189 Yuan, and CPI for education is 159.57.
The corresponding relative errors for these variables are 2.8807%, 1.8501%, and 0.7708%,
respectively, demonstrating a satisfactory degree of accuracy.

4.2. Discussion

The proposed framework is an effective tool for short-term forecasting of educational
inequality under annual small-sample conditions. Over the study period, the E-Gini of
China shows an overall long-term downward trend, with stage-specific fluctuations. In
this context, the results suggest that, under the validation design used in this study, incor-
porating government budget spending on education, per capita consumption expenditure
on education, and CPI for education improves the short-term forecasting performance of
the E-Gini index.

The three input variables represent different macro-level dimensions. Their combi-
nation allows the forecasting task to systematically incorporate information on public
finance, household behavior, and cost pressures. The relationship between the E-Gini
index and these indicators provides useful contextual information for interpreting the
forecasting results.

The benchmark comparison provides evidence for evaluating the performance of the
proposed framework. Among all tested models, the proposed framework yields the lowest
forecasting error for the 2024 E-Gini. Its predicted value is 0.220130, with an absolute error
of 0.000470 and a relative error of 0.213%. The results indicate that incorporating predicted
changes in the three education-related indicators within the two-stage framework helps
improve short-term forecasting performance. This performance exceeds that of univari-
ate methods relying only on the historical E-Gini series, as well as that of the standard
multivariate SVR specification. In this sense, the proposed framework provides a more
informative foundation for sustainability-oriented monitoring of educational inequality.

Moreover, the findings suggest that changes in public education finance, household ed-
ucation expenditure, and education-related prices all deserve continued attention when as-
sessing future changes in educational inequality. Such information helps identify emerging
pressure points among public provision, household burden, and educational affordability,
which are closely related to the sustainable improvement of educational equity. However,
stronger claims about specific policy effects require additional causal, institutional, or
distributional analysis to match the proposed framework.

5. Conclusions
In this paper, a hybrid framework for predicting trends in educational inequality is

proposed. The effects of government budget spending on education, per capita consump-
tion expenditure on education, and CPI for education are incorporated. Compared to
the prediction results obtained by univariate time-series forecasting models, the results
of this study have greater practical relevance. The proposed framework uses a two-step
prediction strategy based on the GM(1,1) model and the CS-SVR model. First, the GM(1,1)
model forecasts changes in the influencing factors. Second, based on these predictions, the
CS-SVR model is used to predict the trend of educational inequality. Annual government
statistics from 2002 to 2024 are used to validate the accuracy and effectiveness of the pro-
posed framework. Moreover, the superiority of the framework is further demonstrated by
comparison with the traditional SVR model. The results indicate an overall downward
trend in educational inequality in China, as measured by the E-Gini index. This study offers
valuable references for policymakers and researchers focused on educational inequality.
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Although the methodology described above yields satisfactory results on the dataset
from 2002 to 2024, the forecasting framework can be further refined due to uncertainties
in future policies and other influencing factors. In addition, although the three indicators
selected can capture only part of the relevant factors, many important determinants are
not yet incorporated. The important factors include regional disparities in fiscal capacity
and school quality, inequalities associated with the urban–rural divide and the household
registration system, differences in household income and the distribution of opportunities,
the expansion of shadow education, among others. It should be noted that the proposed
framework has the potential to include these factors by extending the data in the first stage.
In the future, the framework can be improved by incorporating additional influencing
factors to enhance the reliability and robustness of the predictions.
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