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Abstract. Addressing regional disparities while pursuing sustainable development has be-
come a critical policy challenge. This study develops a meta parallel two-stage dynamic
range directional measure (RDM) directional distance function (DDF) data envelopment
analysis (DEA) model to evaluate the efficiency of poverty reduction (SDG 1) and decent
work and economic growth (SDG 8) across 30 provinces in China. Given uneven regional
development, the provinces are grouped into eastern, central, and western regions, and
kernel density estimation is employed to examine the spatial and temporal evolution of
efficiency. The results indicate that: (1) The overall efficiency is moderate, with an average
score of 0.67, highest in the eastern region, followed by the western, and lowest in the
central region. (2) The efficiency of SDG 8 (0.93) significantly exceeds that of SDG 1 (0.87),
while the regional ranking remains consistent with the overall efficiency. (3) The technology
gap among the three regions shows dynamic changes: the western region has overtaken
the eastern region to become the most advanced. In contrast, the central region continues
to lag, and its gap with the other regions is steadily widening.
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1. Introduction

Poverty is a major barrier to economic development and a core expression of social inequality.
The United Nations Sustainable Development Goals (SDGs) highlight poverty reduction (SDG 1)
and decent work and economic growth (SDG 8) as central objectives, underscoring their
close interconnection. Theoretically, economic growth reduces poverty reduction by creating
employment opportunities (Aghion & Bolton, 1997), while poverty reduction fosters growth
by improving human capital and stimulating consumer demand (Ravallion, 2001). The pov-
erty-reducing effect of economic growth depends on labor market structure, job quality, and
income distribution equity (Bourguignon, 2003). If economic growth fails to create sufficient
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jobs, or if job quality remains poor, marked by informal employment or stagnant wages, its
impact on poverty reduction is greatly weakened (Kapsos, 2005). Therefore, poverty reduc-
tion must be evaluated alongside decent work and economic growth. Assessing sustainable
growth requires determining whether its benefits reach low-income groups.

Over the past four decades, China has maintained an average annual GDP growth above
8%, lifting over 700 million people out of poverty and achieving notable progress in both eco-
nomic development and poverty reduction. Now, poverty has shifted from “survival-based” to
“development-oriented,” marked by employment instability, skill mismatches, and widening
urban-rural income gaps. As poverty declines and the economy shifts toward high-quality
growth, improving labor market efficiency and inclusiveness emerges as a critical challenge.
Consolidating and expanding poverty reduction gains while sustaining economic growth is
vital not only to China's long-term prosperity but also to offering insights for other countries
advancing sustainable development.

Existing research reveals three limitations. First, most studies examine poverty reduction
or economic growth separately, rarely integrating poverty, employment, and growth to cap-
ture their dynamic interactions (Caminada & Goudswaard, 2009; Duan et al., 2022). Second,
conventional econometric models inadequately reflect the dynamic evolution of interregional
technological disparities, particularly the pronounced gaps among eastern, central, and west-
ern China (Fare et al., 2007; Shahbaz et al., 2022). Third, the selection of variables is often
simplistic. Poverty reduction is measured by the proportion of the population lifted out of
poverty, overlooking social security and living standards (Kerr et al., 2017; Hogendoorn et al.,
2020). Similarly, employment is proxied by job or unemployment rates, neglecting employ-
ment structure and sectoral distribution (Friedberg et al., 2018; Kroft & Notowidigdo, 2016).

The main contributions of this paper are as follows: 1. Theoretically, it bridges the analyti-
cal gap between SGD 1 and SDG 8 by proposing an integrated framework that highlights
China’s poverty alleviation strategy. 2. Methodologically, it develops a meta parallel two-stage
dynamic RDM-DDF DEA model that integrates SDG 1 and SDG 8 into a unified framework.
The RDM component resolves infeasibility caused by negative values, while the dynamic
feature enables intertemporal provincial comparisons, addressing the limitations of static DEA
models. 3. In terms of variable construction, the study employs multidimensional indicators
including average life expectancy, the base of minimum living allowance for residents, the
proportion of employees in high-tech enterprise, cultural and financial industries, and the
educational composition of the labor force. These measures offer a more comprehensive
evaluation of the performance of SDG 1 and SDG 8. 4. Kernel density estimation reveals in-
creasing regional polarization, underscoring the need for region-specific policy interventions.

2. Literature review

2.1. Poverty reduction, decent work, and economic growth

Theoretical perspectives on poverty governance have shifted from a one-dimensional eco-
nomic focus to a multidimensional framework. Sen’s (2020) capability approach marked a
turning point income-based definitions of poverty, providing the theoretical basis for linking
SDG 1 with SDG 8. Kuznets (2019) advanced the inverted U hypothesis, suggesting that eco-
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nomic growth initially exacerbates inequality and poverty. Empirical studies (Ravallion, 1995;
Adams, 2004) confirmed the positive impact of growth on poverty reduction, particularly
when it generates sufficient, high-quality employment (Kapsos, 2005; Wang et al., 2024).
Hangoma and Surgey (2019) emphasized that poverty reduction is central to the SDGs and
depends on inclusive access to decent work. Similarly, Menton et al. (2020) argued that em-
ployment expansion and sustained growth foster sustainable development and are essential
for poverty reduction. Using Jordan as a case study, AlBataineh (2024) found that remittances
positively affect both economic growth and poverty reduction.

Since the 1990s, China has advanced poverty reduction through institutional reforms and
targeted interventions. Key measures include improving resource allocation (Zhang et al.,
2017) and relocating impoverished populations in remote areas (Zhou et al., 2020). Wan et al.
(2021) showed that expanding job opportunities and providing training for vulnerable groups
markedly reduce poverty, while Zhang et al. (2022) emphasized that SDG 1 and SDG 8 remain
central to China's social development across economic cycles.

2.2. The development of DEA model

Chung et al. (1997) extended the introduced the DDF DEA model by introducing the out-
put-oriented distance function. Since traditional DDF, often overestimates efficiency, Fare and
Grosskopf (2010) proposed a non-radial DDF model to improve accuracy. To capture hierar-
chical decision-making, Fare and Grosskopf (2000) developed single and two-level structures
for evaluating decision-making units (DMUs) composed of sequential or parallel sub-units.
Further, Fare et al. (2007) developed Network DEA, incorporating input allocation and inter-
mediate products to overcome the limitations of the traditional "black box" approach.

A fundamental network structure is the parallel system, where a DMU consists of mul-
tiple sub-units. Kao (2009) analyzed the link between component inefficiencies and overall
performance, proposing a parallel DEA model to evaluate efficiencies at both the system
and component levels. Since economic entities such as countries or firms operate across
multiple periods. To assess both cross-sectional and temporal efficiency, dynamic DEA is
needed, requiring integration with network DEA. Addressing this, Tone and Tsutsui (2014)
proposed the dynamic network DEA model. However, existing studies have yet to account
for both cross-period persistence and parallel subsystems, nor have they fully incorporated
heterogeneous technologies or variables that take negative values. This study seeks to ad-
dress three critical limitations in existing DEA frameworks: (1) Cross-period dynamics, such as
lagged effects of poverty reduction; (2) Subsystem parallelism, such as the synergy between
employment and poverty alleviation; (3) The non-negativity constraint, as some economic or
employment indicators may take negative values.

2.3. Literature gaps

China’s rapid economic progress, poverty reduction, and employment have attracted global
attention. Assessing the efficiency of SDG 1 and SDG 8 in the Chinese context addresses a
critical gap in the literature and offers both theoretical insights and practical guidance for
countries striving to achieve the 2030 SDGs.
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Most studies focus on individual components or examine the link between poverty allevia-
tion and economic growth. Research integrating SDG 1 and SDG 8 into a unified analytical
framework is still limited. However, the potential synergistic between these goals and their
joint contribution to sustainable development are evident, warranting further investigation.
Moreover, traditional DEA models cannot handle negative value inputs, such as GDP and
population growth rates. Existing studies on SDG efficiency often overlook interactions among
goals. Considering China’s vast territory and regional disparities in resources, development
stages, and SDG performance, a regional study is necessary.

3. Research methods

This paper develops a meta parallel two-stage dynamic RDM-DDF DEA model. The RDM
model proposed by Portela et al. (2004) is employed to address negative variables, and
the parallel two-stage structure captures interactions between SDG 1 and SDG 8. To as-
sess technological gaps across eastern, central, and western regions, meta-frontier analysis
(O'Donnell et al., 2008) is applied. Furthermore, kernel density estimation is used to analyze
the spatiotemporal evolution of efficiency.

3.1. Stages and input-output variables

The DEA model consists of two stages. The first stage representing government investment.
The second stage includes two parallel sub-stages (stage 2.1 and stage 2.2). Stage 2.1 focuses
on SDG 1 (SDG 1.2, 1.3, 1.4), stage 2.2 focuses on SDG 8 (SDG 8.1, 8.2, 8.3, 8.6, 8.9, 8.10). The
relevant variables are in Table 1. Figure 1 illustrates the research framework.

3.2. Entropy methodology and steps

Each stage involves multiple input and output variables. The entropy method (Shannon, 1948)
is applied to address potential inefficiency caused by an excessive number of variables, there-
by improving the accuracy of efficiency estimation.

Step 1: The data is normalized through range standardization.

maxX,., —Xmn
m

= - ., m=1,.,30,n=1,.,N. (M
maxx,,, —minx,
m m

rmn

where r,,, is the standardized value of the n' indicator for the m® province, minx,, . is the
minimum value of the nt" indicator for the mth province, and maxx,, . is the maximum value
of the nth indicator for the mt" province.

Step 2: Calculate the proportion of each indicator.

R
Prn = ——320—. )

Zm:1Rmn

P,., represents the proportion of the mt" evaluation object on the nt variable, where m
is the total number of evaluation objects.
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Table 1. The variables of the model

Stage [tem Variable

Stage 1 | Inputs Expenditure for social safety net and employment effort (SSE)

Expenditure for environment protection (EP)

Expenditure Education; Medical and health care; Transportation

for social

Comprehensive (SC)
Desirable | Infrastructure Per capita urban road area; Per capita park area
outputs | index (Il)
(Link) Social service Natural population growth rate; Average life expectancy;,

indicator (SS/) Average educational year; Proportion of people in higher

education
Undesirable output Crime rate (CR)

Stage 2.1 | Outputs | No poverty indicator | Percentage of people not living in poverty; Base of
(NP minimum living allowance for residents

Nature gas penetration rate (GPR)

Stage 2.2 | Outputs | Decent work (DW) Proportion of employees in high-tech enterprise;
Proportion of employees with college degree or above;
Proportion of employment in cultural industries;
Proportion of employment in financial industries

Employment rate (ER)
GDP growth rate (GGR)

Carry-over Fixed assets

Figure 1. The research framework

Step 3: Calculate the entropy value of the nt’ indicator (e,).

30
e, =—k E
m=1

e, represents the entropy equation. If the proportion P,,, for any indicator is 0, then
Pon In(Pmn) is defined as 0.

Pmnln(Pmn) c k= 3)

Step 4: Calculate the weight of each variable.

1—e
W, = ———"—. 4)

2,
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N represents the total number of variables, and the weigh w,, indicates the importance of
indicator n. The term 1 — e, represents the difference coefficient, with a larger 1 - e, indicating
a greater weight of the variable.

3.3. A meta parallel two-stage dynamic RDM-DDF DEA model

DMUs on the efficiency frontier select the most favorable weighted output. Accordingly, the
efficiency of public-boundary DMUs is determined using the following linear programming
model, which calculates total efficiency, period efficiency, stage efficiency, and period-stage
efficiency for each DMU.

Suppose there are two stages in each t time period (t = 1, .., T): Stage 1 and Stage 2.
Stage 2 is further divided into Stage 2.1 and Stage 2.2. Each DMU on the efficiency frontier
selects the most favorable weighted outputs. The relevant variables and expressions are
presented in Table 2.

Table 2. The expression of variable

Stage Item Variable Expression

Stage 1 Input SSE, EP, SC fi(b=1....B)
Desirable output I, SSI qf,j (a = 1,...,A)
Undesirable output | CR Uy (o = 1,...,0)

Stage 2.1 | [ink Il, Sl zh(h=1..H)/xt (i=1...,1)
Output NPI, GPR vl (k=1...K)

Stage 2.2 | ink/Input 11, sst wh(v=1...,V)/ x2(d =1...,D)
Output DW, ER, GGR y24 (s =1....5)

Carry-over Fixed assets c,; (1 = 1,...,L)

3.3.1. Meta Frontier (MF)

Due to differences in management type, resources, regulations, or environment, all
firms N (j = 1 ... N) are composed of g groups of DMUs under a common boundary
(N =N, +N, +...+NG). Therefore, the efficiency of DMU j under the common boundary
can be solved by the following linear programming procedure. The DMU efficiency under

7
G

the MF is maxMFE = Z Z(W;@iﬂ +W;26;2), t=1,2, .., T, and the model structure of
g=1

t=1

DMU efficiency under the MF in Table 3.

G n G n
The link of two periods: ZZ)\T%Z = ZZ)\SCIS i, vt.

g=1 j=1 g=1 j=1
Rf,m,Rgm,Rgm denote the direction vectors associated with stage 1 inputs, desirable out-

put, undesirable output. Rf)m = fbfp1 —min(f%), Rgm = max(qgﬂ) —qgm, Rf)m = Ugm —min(Ugﬂ),
przj, R,t(pz'1 denote the direction vectdrs associated with stage 2.1 inputs, desirablejoutput;
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Table 3. Model structure of the DMU efficiency under MF

Stage 1 Stage 2.1
G n
Zz)\gﬂ bj1 bp1 eg1Rgbp1' vb ZZ}\gjz 1X1g121 X1tgip2.1 - ethJR_(t]ipZJ'VI
j g=1 J
G n
szgﬂqgaﬂ = qgap'l + eg1Rgap1' va ZZ)\QIZ 1y1glg21 = y1gkp21 + egZ 1ngp2 1 vk
j g=1 J
G n
t Ut t t pt t t t t  pt
ZZ}‘gﬂUgoﬂ = Ugopt =~ OgiRgopr: 70 ZZ}\gﬂzghj(LZJ) - Zghp(1,2,1) * 992-1Rghp(1,2,1)' vh
g=1 j 91 J
G n G n
ZZNgﬂ =1 251 =20, ZZ}‘EJZJ =1 Agj2120, Y
g=1 J g=1 J
Stage 2.2
G n G n
ZZ)\QJZ szgdjz 2 < X29dp2 2 egZ.ZRgtyde.Z'Vd zz&,‘z.zyzégz.z > y2;sp2.2 + 922_2’?55,92_2' Vs
g=1 j g=1
G n
t ot t ¢ t i
D2 Kooz > Womhaz) * 02z szwzz =1 7522209
g=1 Jj i

Rfjpz Y stp22 denote the direction vectors associated with stage 2.2 inputs, desirable output.
Rtfoﬂ X11p21 mj'”()ﬂyz 1) ngpZ.'I = mfx(y1;g'2.1>*y1f<pz.1' R¢t1p2.2 = Xzfipz,z mln(XZdJZ 2)
RSpZ.Z = max(yzgjzAz)—yZsz_z. Rttip<1,2.1) denote the link from division 1 to division 2.1,

=max|z
J

t _ ot
dp(1,2.1) dj(1,2.1)] zdp(1,z.1)’
The weights of stage 1 and Stage 2: w!, wi; The efficiency

Rt denote the link from division 1 to division 2.2. Rt
vp(1,2.2)

t _ t _wt
Rvp(1,22) - mjax ij(1,2.2)] va(1,z.2)'
of stage 1 and stage 2: 6,6 .

3.3.2. Group Frontier (GF)
The DMU efficiency under the GF is maxGFE = Z ( +W29t) = 1,2, ... T, and the
model structure of DMU efficiency under the GF in TabIe 4,

n n

The link of two periods: Z)\Sﬂc[; = Z)\ECIS» v, vt.
j=1 j=1

3.4. Technology GAP Ratio (TGR)

The production frontiers of the g groups are incorporated into the meta-frontier. Technical ef-

ficiency under the meta-frontier is always less than or equal to that under the group frontiers.
The ratio of these two efficiencies is defined as the Technology Gap Ratio (TGR), TGR = E

GFE
TGR reflects the gap between the group frontier and the meta-frontier. A TGR value closer
to 1 indicates that the efficiencies of the group frontier and meta-frontier are similar, while

a value closer to 0 suggests a larger disparity between them.
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Table 4. Model structure of the DMU efficiency under GF

Stage 1 Stage 2.1
27‘117(@1 < fop1 —OiREp V. Z)‘121X1121 < XTp 1 =05 1Ry Vi
n n
Z)‘%quﬂ > G +ORG, Va Z)‘;ij Tg21 = Ylpar +051Ripo 1 VK
n n
Z)\Z‘U‘t’” <UL, —ORE; Vo 2“'2-1 =My, 20
j J
n n
t t i t St t t pt
Z)‘ﬂ =1N; 20 Z)\ﬂzhj(LZJ) 2 th(1,2.1) + e1th(1,2.1) vh
J J
Stage 2.2
n
Z)‘ﬂ'z.zxzfijz.z < XzztipZ,Z - eE,ZRngZ vd 27‘/2 2y2512 22 y25p2 2 +65 ZRspZ 2 Vs
n n
t t t t pt t — t i
Z}‘ﬂwvj(tz.z) 2 va(1,2.2) * eZRvp(1,2.z) w ZAJZZ =122 20
J j

3.5. Input and output efficiencies

The difference between each DMU's actual input-output values and the target values under
optimal efficiency reflects the potential for improvement in both input-output oriented
perspectives. In this study, input-output efficiency is measured by the ratio of the actual

T i - A I

arget !nput , Output efficiency = ctual output ,
Actual input Target output
Target Undesirable output

Actual Undesirable output -

values target values. Input efficiency =

Undesirable output efficiency =

3.6. Kernel density analysis

Kernel density analysis is a widely used non-parametric method for characterize the dynamic
evolution of variables. It estimates the probability density function of a random variable using
a continuous and smooth curve, rather than a discrete histogram. Assuming the density

functi f rand ble X i
unction of random variable X is f(x), f th

} N is the 30 provinces in this

study, h is the bandwidth, K() is the kernel functlon, X,- is the efficiency value of each province,
and x is the sample mean.
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4. Empirical analysis

4.1. Data description and statistical analysis

These provinces are grouped into eastern, central, and western regions based on their geo-
graphical locations, as shown in Table 5. Table 6 presents statistical description.

Table 5. Regional division of China

Region Province
Eastern Beijing, Tianjin, Shanghai, Liaoning, Hebei, Shandong, Jiangsu, Zhejiang, Fujian,
Guangdong, Hainan
Central Heilongjiang, Jilin, Henan, Shanxi, Anhui, Hubei, Hunan, Jiangxi
Western Gansu, Guizhou, Ningxia, Qinghai, Shaanxi, Yunnan, Xinjiang, Sichuan, Chongging,

Guangxi, Inner Mongolia

Table 6. Statistical description of inputs and outputs

Stage Variable Unit Mean Std Max Min
Stage 1 SSE 108CNY 817.31 394.91 1998.67 146.23
EP 108CNY 181.48 110.10 747.44 31.54
SC 883.05 3137.92 14074.15 -2.14
Il 14.72 3.05 23.35 6.20
SSI 22.78 415 42.18 17.33
CR % 5.67 2.63 9.97 1.06
Stage 2.1 NPI 474.72 129.89 1007.28 291.30
GPR % 95.53 5.01 100.00 75.93
Stage 2.2 DW 7.23 3.78 23.27 2.96
ER % 96.81 0.63 98.70 95.40
GGR % 747 4.02 21.24 -5.34
carry-over Fixed assets 108CNY 21244 .39 14428.88 | 58980.02 2736.29

4.2. Overall efficiency

Figure 2 shows the overall efficiency and rankings. The average efficiency is 0.67, indicating
modest performance. The eastern region leads with an efficiency of 0.72, followed by the
western region at 0.70, while the central region ranks lowest at 0.57.

Beijing, Tianjin, Shanghai, Shandong, Jiangsu, and Inner Mongolia achieved optimal ef-
ficiency, each scoring 1.00. Except for Inner Mongolia, these provinces are located in the east-
ern coastal region and are feature advanced economies, high openness, and well-developed
infrastructure. Provinces with efficiency values between 0.8 and 1.0 include Fujian, Hainan,
Anhui, Ningxia, Qinghai, Guangxi, and Guizhou. Those scoring between 0.6 and 0.8 include
Shanxi (0.64), Jiangxi (0.78), Gansu (0.76), Yunnan (0.72), and Chongqing (0.65). Twelve prov-
inces scored below 0.6, with particularly low performance in Liaoning, Hebei, and Guangdong
(all 0.23), as well as Shaanxi (0.27) and Sichuan (0.18).
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Figure 2. Overall efficiency and ranking of 30 provinces
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Figure 3 illustrates the fluctuation trends in overall efficiency from 2015 to 2020. The 30
provinces are classified into three groups: decreasing, remaining, and increasing. The X-axis
represents the degree of fluctuation, with positions closer to the center indicating greater
stability over time. The Y-axis shows overall efficiency, where higher values reflect better
performance. The average efficiency score of 0.67 is set as the midpoint of the Y-axis.

Fourteen provinces showed improvements in efficiency, including Sichuan, Liaoning,
Guangdong, Xinjiang, Jilin, Heilongjiang, Hunan, Chongging, Yunnan, Jiangxi, Anhui, Guangxi,
Fujian, and Ningxia, with Yunnan showing the most significant gain. Anhui, Guangxi, Fu-
jian, and Ningxia began with efficiency scores above 0.9 and maintained high performance
throughout the study period.

Seven provinces maintained relatively stable efficiency and reached optimal levels in 2020.
These include Guizhou, Beijing, Tianjin, Shanghai, Shandong, Jiangsu, and Inner Mongolia.
Over the long term, they have exhibited consistently high efficiency and are mostly located
in the eastern region.

Nine provinces experienced a decline in efficiency over the study period. Hainan and
Qinghai began with high initial scores but showed a gradual decrease. Gansu and Shanxi
recorded the most substantial declines. These provinces should adopt timely macroeconomic
measures to prevent further deterioration in efficiency.

4.3. Government investment efficiency

Table 7 reports government investment efficiency, with an average score of 0.77. The western
region leads at 0.81, followed by the eastern region at 0.76 and the central region at 0.73,
indicating slightly weaker performance. Over time, efficiency increased from 2015 to 2017
but declined between 2017 and 2020.

The western region performed well in government investment efficiency. Ningxia, Qinghai,
and Inner Mongolia rank highest, each with an average efficiency of 1. Gansu, Xinjiang, and
Guangxi form the second tier, with scores ranging from 0.9 to 1. Guizhou and Yunnan fall
within the 0.8-0.9 range. In contrast, Shaanxi and Sichuan show weaker performance, with
values of 0.37 and 0.23, respectively. Over the study period, Yunnan, Xinjiang, and Guangxi
improved, with Yunnan achieving the largest increase, from 0.56 in 2015 to 1.00 in 2020.
Gansu, conversely, experienced the sharpest decline, falling from 1.00 to 0.52 over the same
period.

Government investment efficiency in the eastern region is moderate, although several
provinces perform exceptionally well. Beijing, Tianjin, Shanghai, Shandong, Jiangsu, and Fujian
maintained optimal efficiency (1.00) from 2015 to 2020. These provinces play a central role
in China's economy, benefiting from large economic scale, strategic location, advanced in-
dustrial structure, and strong innovation capacity. Hainan follows closely with a slightly lower
efficiency of 0.99. Provinces with efficiency below 0.5 include Liaoning, Hebei, Zhejiang, and
Guangdong, with Guangdong performing the worst at 0.23. Liaoning and Guangdong have
shown modest improvements, whereas Hebei, Zhejiang, and Hainan declined, with Zhejiang
experiencing the largest drop, from 0.65 in 2015 to 0.27 in 2020.
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Government investment efficiency in the central region remains relatively low, indicating
considerable room for improvement. Anhui and Jiangxi belong to the top tier, with average
efficiencies above 0.9. Heilongjiang, Jilin, and Shanxi constitute the second tier, with scores
ranging from 0.7 and 0.9. The remaining provinces fall below 0.7, with Henan performing
the worst, averaging 0.43. Between 2015 and 2020, Heilongjiang (0.53 to 0.72), Anhui (0.93
to 1.00), and Hunan (0.62 to 0.90) showed notable improvement, with Hunan showing the
largest increase. In contrast, Jilin, Henan, Shaanxi, and Hubei experienced declines, with Shanxi
seeing the sharpest drop, from 1.00 to 0.37, which warrants close attention.

Table 7. Government investment efficiency

Cluster DMU Mean 2015 2016 2017 | 2018 2019 2020
Eastern Beijing 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Tianjin 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Shanghai 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Liaoning 043 0.36 0.41 0.41 0.47 045 0.46

Hebei 0.27 0.40 0.27 0.23 0.23 0.33 0.20

Shandong 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Jiangsu 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Zhejiang 042 0.65 0.43 047 0.32 0.37 0.27

Fujian 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Guangdong 0.23 0.19 0.29 0.18 0.22 0.19 0.31

Hainan 0.99 1.00 1.00 1.00 1.00 1.00 0.92

Average 0.76 0.78 0.76 0.75 0.75 0.76 0.74

Central Heilongjiang 0.74 0.53 0.79 1.00 0.70 0.71 0.72
Jilin 0.88 1.00 0.79 0.82 1.00 1.00 0.68

Henan 043 0.45 0.38 0.67 0.41 0.35 0.32

Shanxi 0.70 1.00 1.00 1.00 0.45 0.41 0.37

Anhui 0.98 0.93 1.00 0.94 1.00 1.00 1.00

Hubei 0.50 0.50 0.75 0.74 0.35 0.40 0.29

Hunan 0.66 0.62 0.58 0.59 0.60 0.65 0.90

Jiangxi 0.91 0.97 0.87 0.84 0.78 1.00 1.00

Average 0.73 0.75 0.77 0.82 0.66 0.69 0.66

Western Gansu 0.90 1.00 1.00 0.90 1.00 1.00 0.52
Guizhou 0.89 1.00 1.00 0.66 0.85 0.83 1.00

Ningxia 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Qinghai 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Shaanxi 0.37 0.36 043 042 0.36 0.32 0.34

Yunnan 0.87 0.56 0.90 0.98 0.75 1.00 1.00

Xinjiang 0.94 0.78 0.84 1.00 1.00 1.00 1.00

Sichuan 0.23 0.22 0.30 0.24 0.21 0.25 0.17

Chonggqing 0.74 0.74 1.00 0.91 0.60 0.53 0.64

Guangxi 0.98 0.86 1.00 1.00 1.00 1.00 1.00

Inner Mongolia 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Average 0.81 0.77 0.86 0.83 0.80 0.81 0.79

Grand average 0.77 0.77 0.80 0.80 0.74 0.76 0.74
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4.4. Poverty reduction (SDG 1) efficiency

Table 8 reports poverty reduction efficiency, with an average score of 0.87. Regionally, the
eastern region leads at 0.92, followed by the western region at 0.87 and the central region at
0.79, reflecting slightly lower performance. Over time, efficiency rose from 2015 to 2017 but
declined between 2017 and 2020.

Table 8. Poverty reduction efficiency

Cluster DMU Mean 2015 2016 2017 2018 2019 2020
Eastern Beijing 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Tianjin 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Shanghai 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Liaoning 0.52 0.23 0.26 0.66 0.79 0.85 0.33

Hebei 0.80 0.70 0.82 0.74 0.75 0.97 0.81

Shandong 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Jiangsu 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Zhejiang 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Fujian 0.93 0.78 0.91 1.00 1.00 1.00 0.88

Guangdong 0.98 0.92 1.00 1.00 0.99 1.00 1.00

Hainan 0.87 0.82 0.92 0.77 1.00 0.91 0.83

Average 0.92 0.86 0.90 0.92 0.96 0.97 0.90

Central Heilongjiang 0.63 0.39 0.86 1.00 0.51 0.70 0.33
Jilin 0.66 0.12 0.56 0.53 1.00 0.79 0.99

Henan 0.71 0.65 0.76 0.88 0.80 0.78 0.38

Shanxi 0.89 1.00 1.00 1.00 0.74 0.73 0.86

Anhui 0.91 0.68 1.00 0.93 1.00 1.00 0.86

Hubei 0.85 0.73 1.00 0.87 0.93 0.92 0.63

Hunan 0.77 0.75 0.74 0.71 0.62 0.90 0.88

Jiangxi 0.88 0.73 0.87 0.80 0.94 0.96 1.00

Average 0.79 0.63 0.85 0.84 0.82 0.85 0.74

Western Gansu 0.83 1.00 0.77 0.58 1.00 0.91 0.71
Guizhou 0.99 1.00 1.00 0.98 0.98 0.98 1.00

Ningxia 0.94 0.62 1.00 1.00 1.00 1.00 1.00

Qinghai 0.91 1.00 1.00 1.00 0.84 0.84 0.77

Shaanxi 0.70 0.44 0.70 0.89 0.88 0.90 0.38

Yunnan 0.91 0.64 0.90 0.99 0.95 1.00 1.00

Xinjiang 0.68 0.09 0.47 1.00 1.00 1.00 0.54

Sichuan 0.80 0.55 0.76 0.89 0.86 0.86 0.88

Chongging 0.89 0.85 1.00 0.81 0.72 0.96 1.00

Guangxi 0.95 0.75 0.98 1.00 1.00 1.00 1.00

Inner Mongolia 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Average 0.87 0.72 0.87 0.92 0.93 0.95 0.84

Grand average 0.87 0.75 0.88 0.90 0.91 0.93 0.84
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In the eastern region, Beijing, Tianjin, Shanghai, Shandong, Jiangsu, and Zhejiang achieved
optimal efficiency. Guangdong and Fujian constitute the second tier, with scores ranging from
0.9 to 1.0. Hebei and Hainan are in the third tier, with values between 0.8 and 0.9. Liaoning
is only 0.52. The coastal provinces in the eastern region have played a central role in poverty
reduction.

In the western region, Inner Mongolia achieved the highest efficiency. Guizhou, Ningxia,
Qinghai, and Guangxi also performed well, with scores between 0.9 and 1.0. Except for
Xinjiang and Shaanxi, the remaining provinces-maintained efficiency above 0.8, reflecting
substantial progress in poverty reduction.

In the central region, Anhui is the only province to exceed 0.9. Provinces such as Shanxi
(0.89) and Jiangxi (0.88) also show strong performance and should leverage their strengths
to guide neighboring provinces toward shared prosperity. In contrast, Heilongjiang (0.63),
Jilin (0.66), and Henan (0.71) should adopt best practices to improve their poverty reduction
efficiency.

4.5. Decent work and economic growth (SDG 8) efficiency

Table 9 reports the efficiency of decent work and economic growth, with an average efficiency
of 0.93. Regionally, the eastern region leads at 0.97, followed by the western region at 0.92,
and the central region at 0.88. Although efficiency experienced a notable decline in 2018, the
overall trend has remained upward. China’s strong economic growth, GDP performance, and
sustained progress in stable, high-quality employment have supported the high efficiency
observed in SDG 8.

In the eastern region, Beijing, Tianjin, Shanghai, Shandong, Jiangsu, and Zhejiang achieve
the highest efficiency, while Liaoning recorded the lowest at 0.88. The remaining provinces
scored between 0.9 to 1.0. This advantage reflects the region’s advanced economic devel-
opment, supported by a concentration of high-tech enterprises and abundant quality em-
ployment opportunities that attract talent and enhance performance. In the western region,
Qinghai and Inner Mongolia also achieved optimal efficiency (1.00). Gansu, Ningxia, Shaanxi,
Xinjiang, and Guangxi fall into the second tier with scores between 0.9 and 1.0. Guizhou,
Yunnan, Sichuan, and Chongqing ranging from 0.8 to 0.9. In the central region, performance
is generally lower, with only Shanxi (0.95) and Anhui (0.97) scoring above 0.9. The other six
provinces recorded efficiencies between 0.8 and 0.9.

4.6. Comparison between SDG 1 and SDG 8

In Figure 4, a matrix is used to evaluate the performance of 30 provinces, with the average
values serving as the threshold to divide the matrix into four quadrants. Fifteen provinces fall
into the first quadrant. Among them, Beijing, Shanghai, Shandong, Jiangsu, Zhejiang, Tianjin,
and Inner Mongolia achieved optimal scores of 1.00 for both SDG 1 and SDG 8, indicating
outstanding performance in poverty reduction, employment, and economic development.
Other provinces in the first quadrant include Guangdong, Ningxia, Guangxi, Qinghai, Anhui,
Shanxi, and Hainan.
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Table 9. Decent work and economic growth efficiency

Cluster DMU Mean 2015 2016 2017 2018 2019 2020
Eastern Beijing 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Tianjin 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Shanghai 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Liaoning 0.88 0.87 0.87 0.92 0.83 0.95 0.85

Hebei 0.91 0.94 0.86 0.96 0.89 0.98 0.81

Shandong 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Jiangsu 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Zhejiang 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Fujian 0.96 1.00 0.95 1.00 0.88 0.98 0.97

Guangdong 0.99 1.00 0.98 1.00 1.00 0.98 1.00

Hainan 0.97 1.00 1.00 1.00 1.00 0.91 0.88

Average 0.97 0.98 0.97 0.99 0.96 0.98 0.96

Central Heilongjiang 0.86 0.82 1.00 1.00 0.72 0.81 0.78
Jilin 0.84 0.86 0.66 0.80 1.00 1.00 0.72

Henan 0.82 0.89 0.70 1.00 0.79 0.82 0.71

Shanxi 0.95 1.00 1.00 1.00 0.86 0.93 0.89

Anhui 0.97 0.87 1.00 0.94 1.00 1.00 1.00

Hubei 0.89 0.88 1.00 0.89 0.80 0.99 0.81

Hunan 0.89 0.77 0.79 0.96 0.83 1.00 1.00

Jiangxi 0.85 0.77 0.73 0.79 0.87 0.94 1.00

Average 0.88 0.86 0.86 0.92 0.86 0.94 0.86

Western Gansu 0.92 1.00 1.00 0.77 1.00 1.00 0.72
Guizhou 0.88 1.00 1.00 0.66 0.80 0.84 1.00

Ningxia 0.99 0.94 1.00 1.00 1.00 1.00 1.00

Qinghai 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Shaanxi 0.91 0.89 0.89 0.99 0.91 0.96 0.84

Yunnan 0.83 0.56 0.77 0.96 0.69 1.00 1.00

Xinjiang 0.97 0.94 0.87 1.00 1.00 1.00 1.00

Sichuan 0.81 0.74 0.73 0.88 0.80 0.91 0.80

Chongqing 0.89 0.77 1.00 0.87 0.80 0.92 0.97

Guangxi 0.96 0.78 1.00 1.00 1.00 1.00 1.00

Inner Mongolia 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Average 0.92 0.87 0.93 0.92 0.91 0.97 0.94

Grand average 0.93 0.91 0.92 0.95 0.91 0.96 0.92

Xinjiang, the only province in the second quadrant, performs poorly in SDG 1. As a
key region in western China, it faces persistent poverty challenges due to a combination
of geographic, economic, and social constraints. The province’s vast area, dominated by
deserts and mountains, suffers from fragile ecology and low agricultural productivity, limiting
income sources. Its economy remains heavily reliant on resource extraction and agriculture,
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Figure 4. Comparison between SDG 1 and SDG 8

resulting in few non-agricultural job opportunities. Moreover, social and cultural barriers,
including low education levels among some ethnic minorities, impede policy implementation
and vocational training. Despite targeted government efforts, the risk of poverty recurrence
remains significant.

The third quadrant comprises Guizhou, Chongqging, Yunnan, and Jiangxi, which demon-
strate relatively strong performance in SDG 1 but fall below the average in SDG 8. The fourth
quadrant comprises Hubei, Gansu, Hebei, Hunan, Sichuan, Shaanxi, Henan, Jilin, Heilongjiang,
and Liaoning, all of which show poor performance in both SDG 1 and SDG 8.

4.7. Comparison of TGR

The TGR measures the distance between group frontier and meta frontier. A higher TGR indi-
cates that the group frontier is technologically closer to the meta frontier. Figure 5 presents
the overall TGR values for t30 provinces.

The eastern region reports the highest average TGR at 0.76, with five provinces attaining
1. Fujian and Hainan follow with TGR of 0.9, while Liaoning, Hebei, Zhejiang, and Guangdong
exhibit relatively lower levels, indicating pronounced technological gaps. The western region
posts an average TGR of 0.72, led by Inner Mongolia with score of 1. Ningxia, Qinghai, and
Guangxi achieve values ranging from 0.9 to 1, while Shaanxi and Sichuan display substantial
gaps, with TGRs of 0.27 and 0.17. The central region shows the widest gap, with an average
TGR of only 0.57. With the exception of Anhui, which exceeds 0.9, the remaining provinces
perform at or below the average level, with Henan recording the lowest TGR at 0.31.
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Figure 5. The TGR of 30 provinces

4.8. Kernel density analysis

To examine the temporal dynamics and distribution characteristics of efficiency, kernel density
curves for overall efficiency are plotted in Figure 6.

Figure 6a shows the efficiency distribution of 30 provinces. The curve displays a bimodal
pattern, with the main peak shifting rightwards, reflecting persistent polarization. The band-
width initially narrows, then widens, while the rising peak height suggests a growing disparity,
especially among high efficiency provinces.

Figure 6b shows the efficiency distribution of the eastern region, exhibiting a right-skewed
bimodal pattern. From 2015 to 2020, the curve initially shifts rightward, then leftward, with the
bandwidth narrowing before stabilizing. The peak reached its maximum in 2019 but declined
sharply afterward, indicating a reduced efficiency gap and a deceleration of polarization.

Figure 6c illustrates the central region’s transition from a bimodal to a multimodal dis-
tribution, featuring a right-skewed main peak. The curve shows directional fluctuations, with
widening bandwidth and declining peak height, suggesting increasing inter-provincial dispari-
ties and a more fragmented efficiency structure.

Figure 6d depicts the western region’s transition from a bimodal to a multimodal pattern.
The main peak shifts rightward, the curve narrows, and peak height rises until 2019 before
declining, yet remaining above 2015 levels. This trend indicates growing polarization among
high-efficiency provinces, although with emerging signs of stabilization.

Figure 7a depicts the distribution of government investment efficiency. The curve displays
a bimodal pattern with a rightward-shifted main peak, reflecting pronounced polarization,

particularly among high-efficiency provinces. Between 2015 and 2017, the main peak rises
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while the bandwidth narrows, indicating intensified polarization and reduced inter-provincial
disparities. After 2017, the peak declines with fluctuations, and polarization begins to moder-
ate.

Figure 7b shows the SDG 1 efficiency distribution, exhibiting a multimodal pattern with a
right-skewed main peak, indicating persistent multipolar differentiation. From 2015 to 2019,
the main peak rises sharply while the bandwidth narrows, reflecting intensified polariza-
tion and reduced inter-provincial gaps. By 2020, the peak declines, the bandwidth expands,
and inter-provincial disparities increase. Overall, although efficiency improved, polarization
intensified relative to 2015.

a) b)

c) d)

Figure 6. Kernel density distribution for overall efficiency



Technological and Economic Development of Economy, 2026, 32(2), 485-507 503

a) b)
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Figure 7. Kernel density distribution of government investment, SDG 1, and SDG 8

Figure 7c depicts SDG 8 efficiency, exhibiting a pattern similar to that of SDG 1. The curve
shows multiple peaks with a rightward shifted main peak. From 2015 to 2020, the main peak
fluctuates before eventually rising. The bandwidth first narrows, then expands, and narrows
again. This suggests a reduced efficiency gap, especially in the western region, accompanied
by a moderate increase in polarization.

5. Discussion

This paper integrates poverty reduction, employment, and economic growth into a unified
analytical framework, providing a systematic assessment of SDG 1 and SDG 8 performance in
China. Based on the core components of both goals, input and output variables are selected
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across economic, social, and environmental dimensions to construct a meta parallel two-stage
dynamic RDM-DDF model. This model allows joint evaluation of SDG 1 and SDG 8 within a
parallel system, facilitating a clearer understanding of their synergistic interactions. Moreover,
the RDM approach effectively handles negative values in the dataset, overcoming infeasibility
issues commonly encountered in traditional efficiency evaluations.

The overall efficiency is moderate, with SDG 8 outperforming SDG 1. A pronounced re-
gional imbalance exists among the eastern, central, and western regions, reflecting China'’s
current economic landscape. The higher efficiency of SDG 8 reflects China’s rapid economic
growth over the past two decades. In contrast, the relatively low efficiency of SDG 1 largely
results from persistent relative poverty and widening income inequality. To enhance SDG 1
performance, future efforts should focus on narrowing the urban-rural income gap and miti-
gating the risk of poverty relapse.

Several limitations exist. First, the assessment sustainable economic development involves
multiple dimensions, including technological innovation, environmental protection, and cul-
tural advancement (Ahmad et al., 2023). However, not all factors were incorporated into the
indicator system or research framework. Although this omission does not compromise the
validity of the efficiency results or core conclusions, it limits the comprehensiveness of the
analysis. Second, poverty reduction is measured using indicators of absolute poverty, includ-
ing the proportion of the population not living in poverty and the base level of the minimum
living allowance. These metrics primarily capture the conditions of the most disadvantaged
groups, whereas relative poverty, as reflected in income inequality and regional disparities,
remains a significant challenge (Wan et al., 2021; Zou et al., 2023). Future research should
address these gaps by expanding the evaluation framework for sustainable development and
incorporating a more detailed analysis of relative poverty and common prosperity.

6. Conclusions and suggestions

This study applies a meta parallel two-stage dynamic RDM-DDF model and kernel density
estimation to assess SDG 1 and SDG 8 efficiency across 30 Chinese provinces. Keys findings
are as follows:

First, overall efficiency averages 0.67, with the eastern region (0.72) outperforming the
west (0.70) and central region (0.57). Eastern provinces, including Beijing, Shanghai, and
Jiangsu, show strong leadership, while western provinces such as Yunnan, Xinjiang, and
Guangxi achieve notable gains. The central region lags behind.

Second, government investment efficiency averages 0.77, highest in the west (0.81) and
lowest in the central region (0.73). Shaanxi (0.37) and Sichuan (0.23) underperform in the west,
while six eastern provinces reach full efficiency (1.00).

Third, SDG 8 efficiency (0.93) exceeds SDG 1 (0.87). In SDG 1, eastern and most western
provinces perform well, whereas the central region lags, with Anhui, Shanxi, and Jiangxi faring
relatively better. In SDG 8, all provinces score above 0.8, led by the east (0.97), then the west
(0.92) and central region (0.88).

Fourth, the eastern region shows the highest TGR (0.76), followed by the west (0.72) and
central region (0.57). By 2020, the west surpasses the east in TGR, while the central region
remains behind.
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Fifth, kernel density results reveal rising polarization: disparities decrease between eastern
and western provinces but widen in the central region. High-efficiency provinces show more
pronounced polarization in government investment, with SDG 1 and SDG 8 displaying similar
patterns.

According to the main findings above, the following suggestions are provided:

First, to reduce regional disparities and improve stage-specific efficiencies, provinces
should define functional roles and promote coordinated spatial development. Leading
provinces like Beijing, Jiangsu, and Ningxia should enhance agglomeration effects and drive
broader regional spillovers in SDG progress.

Second, significant regional technology gaps require differentiated strategies. The central
region should enhance openness, promote technology diffusion, and strengthen its economic
base. The eastern region should optimize resource allocation, while the western region should
focus on applying existing technologies and boosting investment in green energy.

Third, government investment continues to drive SDGs, but inefficiencies persist, par-
ticularly in eastern and central provinces. Resource allocation should prioritize connectivity,
prevent redundancy, and adopt a green, intensive development approach. A balanced mix of
government planning and market mechanisms is needed to enhance investment outcomes.

Fourth, although absolute poverty has been eliminated, relative poverty persists, par-
ticularly among vulnerable groups. Promoting SDG 8 through employment-friendly policies,
vocational training, and targeted industrial development is essential to break the poverty
cycle through economic growth.
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