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A B S T R A C T   

This paper presents an assessment of the Chinese healthcare system in 31 provinces for a 10-year period in light 
of relevant physical and human resource variables. First, a novel TEA-IS (Trigonometric Envelopment Analysis 
for Ideal Solutions) model is developed to assess healthcare efficiency at the province level. Machine learning 
methods are also employed to predict high-low performance and the synergistic Chinese healthcare province in 
terms of contextual variables. The results indicate that synergy has played a pivotal role in the Chinese 
healthcare systems, not only by triggering higher performance levels due to the progressive adoption of best 
practices over the course of time, but also by being closely related to different socioeconomic and demographic 
variables, such as the illiteracy rate. It is possible to claim that healthcare performance has remained stable in 
China over the past two decades, performance and synergy at the province level are still heterogeneous.   

1. Introduction 

Since the inception of the performance measurement tools in 
healthcare systems, most studies have neglected the impact of the as-
sumptions of alternative multi-criteria decision-making models (MCDM) 
on the score estimates [1]. Instead of doing cross-checking comparisons 
or robustness analysis to shed some light on epistemic uncertainty that 
surrounds the performance/benchmarking/efficiency issues, they have 
focused on analyzing, at the decision-making unit (DMU) level, how 
healthcare resources (or inputs) were converted into in/outpatients [2] 
or how positive and negative criteria might delimit a performance 
possibility set using alternative variations of the Euclidean space [3]. 
Besides, the use of different healthcare variables, 

which are very often strongly correlated with each other for assessing 
performance, has found a more fertile ground under the application of 
the parametric and non-parametric efficiency measurement techniques, 
such as SFA (Stochastic Frontier Analysis) and DEA (Data Envelopment 
Analysis), respectively [4] rather than the prolific literature of the 
MCDM models [5]. This happens because very often it is straightforward 
to choose the healthcare variable subset to be used with respect to 
physical and human resources and the patients assisted. However, the 
parametric techniques are mostly impacted by the curse of collinearity 

and the non-parametric techniques are affected by the curse of dimen-
sionality [6]. In both cases, this may yield performance scores biased 
towards one [7]. Putting these issues into comparison with the MCDM 
models, the building of partial ideal functions (TOPSIS- Technique for 
Order Preference by Similarity to Ideal Solution), in terms of healthcare 
systems at the province level (alternatives) and healthcare variables 
(criteria), have been neglected in the previous research studies as 
powerful tools for handling the collinearity and dimensionality issues. 

It is important to stress that the healthcare performance studies 
conducted with the aid of MCDMs are often coupled with machine 
learning techniques to cluster the DMUs into high-low performance 
groups or other criteria [8]. Both frontier efficiency and multi-criteria 
approaches, however, have failed thus far in bridging the epistemic 
uncertainty gap within the ambit of performance of the healthcare 
systems in a sense of taking advantage of both strengths in a compre-
hensive way: robustness to the curse of collinearity and dimension [9]; 
alternative radial or directional paths for performance improvement 
[10]; fewer and simpler computational steps [11]; analysis of criteria 
synergies/variable returns-to-scale [12]; endogenously defined weights 
[13]; simultaneous assessment of the positive/negative ideal solutions 
and the actual data for each DMU by means of optimized vector pro-
jections onto a performance possibility set (PPS) [14]; easiness in the 
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peer-to-peer assessment of their relative distance in light of the positive 
ideal solution [15]. In the current study, we comprehensively consider 
the above strengths of both the frontier efficiency and multi-criteria 
approaches, through which the issue of epistemic uncertainty in the 
performance evaluation, which has not yet been addressed by the 
literature, will be considered in the current study. 

In summary, performance is a broad concept that can be evaluated by 
using relevant accounting indicators or operational research techniques. 
In terms of the latter, we have a few methods that have been widely used 
in the literature including the efficiency analysis, facilitated by the 
parametric SFA and the non-parametric DEA. These methods compute 
performance based on productive frontiers that envelopes a data set. 
Another stream of performance evaluation studies relies on the MCDM 
method. One example is TOPSIS, which develops cardinal or scale 
metrics within the range delimited by positive and negative ideal solu-
tions through linear combinations of the criteria [16]. The performance 
distance in TOPSIS is cardinal, consisting of a second power metric in the 
Euclidean n-space. In other words, TOPSIS computes cardinal distances 
(scores) from the ideal positive solutions and presents an ordinal ranking 
of them [17]. 

Compared to the previous literature, we make the following contri-
butions: 1) we significantly extend the literature in performance eval-
uation in hospital/healthcare [18,19] by considering synergy from the 
concept of mutual information entropy. The combination of perfor-
mance and synergy would provide different scenarios, i.e. high 
performance-high synergy, low performance-high synergy, medium 
performance-high synergy, medium performance-low synergy, low 
performance-high synergy, and low performance-low synergy. The 
classification of these scenarios would provide more information to 
support decisions. In other words, when considering making decisions 
for performance improvement, the decision-makers could look at the 
level of synergy simultaneously. The classification of these scenarios 
would also be useful in the second-stage analysis to investigate the 
impact of contextual variables. We would be able to find out whether 
there would be a different impact of the same contextual variable on the 
DMUs located in different performance-synergy groups, therefore, this is 
supposed to support decisions of the decision-maker from the perspec-
tive of making more concrete policies; 2) in terms of performance 
evaluation, we proposed an innovative Trigonometric Envelopment 
Analysis for Ideal Solutions (TEA-IS) model, which not only carries the 
advantages of the DEA and MCDM models, but also addresses the issue 
of epistemic uncertainty in performance evaluation, this is supposed to 
provide more robustness result and support more concise decision- 
making. 

Our aim of the current study can be summarized as follows: facili-
tated by the non-parametric technique and the MCDM method, as well 
as the concept of mutual information entropy, we will evaluate the 
performance and synergy levels of the healthcare systems across 
different provinces in China and categorize them into different 
performance-synergy groups. We also aim to find out whether there is a 
potential impact of synergy on performance, finally, we aim to provide 
concrete evaluations regarding the impact of a set of contextual vari-
ables on the DMUs belonging to different performance-synergy groups. 
Based on the above gaps that we fill in and our research aims, our 
research questions can be summarized as: 1) what are the performance 
and synergy levels of the healthcare systems across different provinces 
in China between 2008 and 2017? 2) what are the potential impacts of 
relevant industry and macroeconomic environment on performance and 
synergy? 

2. Literature review 

2.1. Review of literature on healthcare efficiency in countries outside of 
China 

The hospital/health-related efficiency has been investigated in the 

literature under the non-parametric DEA [20]. Not only the level of ef-
ficiency is evaluated, but the studies also examined the determinants of 
efficiency in a second-stage analysis using various econometric tech-
niques, including Bootstrapped truncated regression [21]; Tobit 
regression analysis [22]; Ordinary Least Square estimator [23]; multiple 
regression analysis [24]; and classification and regression tree [25]. 
Besides the use of the traditional DEA, various other methods were also 
applied in the literature for efficiency analysis in the hospital/healthcare 
sector, including DEA window analysis [26]; Bootstrap DEA [27]; 
Bootstrap DEA and cluster analysis [28]; DEA super-efficiency and cross- 
efficiency [29]; Network DEA [30]; weighted restricted output-oriented 
DEA [31]; modified DEA [32]; and common-weight DEA model [33]. 
Another group of methods used to evaluate the level of efficiency in the 
hospital/healthcare sector is the parametric SFA [34]. Finally, an 
innovative approach has been proposed by [35] to investigate the level 
of healthcare efficiency under the order-alpha and order-m non-para-
metric estimators. These estimators complement the canonical limita-
tions of the non-parametric method, and they do not suffer from any 
specification assumptions that have to be made by the parametric esti-
mation methods. In addition, these estimators will not be influenced by 
outliers. 

2.2. Review of literature on healthcare efficiency in China 

Using a sample of 24 township hospitals in Shandong province over 
the period 2000–2008, [36] investigate the efficiency level under a DEA 
model. In the second-phase analysis, the study further examines the 
impacts of the internal factors and environmental characteristics on 
efficiency. Another piece of study undertaken by [37] investigates the 
efficiency and productivity change of 114 county hospitals in Henan 
province between 2010 and 2012 under the DEA. Tobit regression is 
employed in the second stage to assess the institutional and environ-
mental determinants of efficiency. Slightly different from the previous 
ones above, [38] investigate technical efficiency of the regional hospi-
tals in China during 2002–2008 under the one-stage DEA model with a 
consideration of the undesirable output. [39] evaluated the efficiency 
and productivity growth of 75 community health centers in Jiangsu 
province over the period 2011–2015 under the hybrid of panel data 
analysis and augmented DEA. Methodologically, instead of using the 
non-parametric DEA or the parametric SFA, [40] proposed a DEA- 
artificial neural network model to evaluate the efficiency scores. This 
proposed method uses the inputs and outputs in the traditional DEA as 
the inputs, and the artificial neural network treats the efficiency scores 
as the outputs. In addition, a Monte Carlo DEA is proposed by [41] in the 
evaluation of efficiency in small health areas. 

2.3. Studies simultaneously addressing the issue of synergy and 
performance 

Using the US telecommunication industry data over the period 
1998–2001, [42] investigate the potential influence of mergers on 
synergy. Another piece of research was conducted by [43], which uses a 
sample of data from the US electric utility industry over the period 
1990–2004 to examine the operational synergy under the influence of 
deregulation policy. The authors argue that synergy is mainly measured 
by the cost reduction from a joint production. [44] use a sample of data 
from the technology industry over the period 2007–2009 to evaluate the 
influence of synergy on performance after merger and acquisition. One 
of the key variables used is the synergy potential between the acquiring 
and acquired high-tech firms. The measurement of this variable is con-
ducted from two different angles, one is based on the concept of the 
economy of sameness, while the other perspective is based on the 
concept of the economy of fitness. Using the Taiwanese hospital sector as 
the data sample, [45] investigate the direct impact of E-health synergy 
and the moderating role of E-health synergy in hospital performance. 
The key variable E-health synergy is defined as the ability of a firm to 
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Table 1 
Summary of literature review.  

Authors (year) Sample Method Results Gap Sample used in the 
current study 

Method 
adopted in the 
current study 

How do you fill in the gap 

Dinca et al. 
(2020) 

Healthcare systems of 17 
EU Member States 

DEA The most efficient healthcare 
systems are found in Sweden, the 
UK and Romania. 

There is no second-stage analysis 
regarding the determinants of 
performance. 

Healthcare systems 
of 31 provinces in 
China between 
2008 and 2017 

TEA-IS and 
machine 
learning 
techniques 

The issue of epistemic uncertainty in 
performance evaluation is considered. 
We analyze the performance of an 
industry in terms of the synergistic effects 
that may exist among the positive and 
negative criteria. 

Chaabouni and 
Abednnadher 
(2012) 

A sample of public hospitals 
in Tunisia between 2000 
and 2007 

DEA and 
bootstrapped 
truncated regression 

the efficiency growth did not 
improve significantly over the 
period. 

The performance score is lack of 
robustness.    

Chu and Chiang 
(2013) 

A sample of hospitals in 
Taiwan between 2001 and 
2006 

DEA and Tobit 
regression 

smaller hospitals located in 
competitive areas are more 
efficient. 

no consideration into the potential 
macroeconomic determinants of 
hospital efficiency.    

Karmann and 
Roesel (2017) 

A sample of hospitals in 
Germany between 1993 and 
2006 

DEA and ordinary 
least square 
estimator 

reducing the length of 
stay fosters total factor productivity 
(TFP) growth 

The proposed method does not 
have the ability to analyze the 
performance of an industry in 
terms of the synergistic effects.    

Gok and Sezen 
(2013) 

A sample of Turkish 
hospitals in 2008 

DEA and multiple 
regression analysis 

Negative correlation is found 
between quality and efficiency for 
small-size hospitals. 

The study did not consider the 
impact of potential 
macroeconomic environment on 
hospital performance.    

Nicola et al. 
(2013) 

A sample of 390 Italian 
hospitals in 2007 

DEA as well as 
classification and 
regression tree 

number of beds and number of 
discharges are the significant 
determinants of hospital efficiency. 

no consideration into the potential 
macroeconomic determinants of 
hospital efficiency.    

Stefko et al. 
(2018) 

A sample of healthcare 
facilities in Slovakia 
between 2008 and 2015 

DEA Adding additional variables to the 
input side did not have a significant 
impact on the overall estimated 
efficiency. 

There is no second-stage analysis 
on the determinants of hospital 
efficiency.    

Nuti et al. (2011) Tuscan healthcare system in 
2007 

DEA and correlation 
analysis 

there is a negative correlation 
between per capita costs and the 
overall performance. 

The issue of epistemic uncertainty 
in performance evaluation is not 
considered.    

Moran and 
Jacobs (2013) 

healthcare systems from 32 
OECD countries in 2010 

DEA and 
Bootstrapped 
truncated regression 

The environmental factors do not 
affect efficiency. 

The issue of epistemic uncertainty 
in performance evaluation is not 
considered.    

Hadad et al. 
(2013) 

healthcare systems from 31 
OECD countries in 2007 

DEA and linear 
regression analysis 

Gatekeeping and the presence of 
multiple insurers were 
associated with a lower level of 
efficiency 

The issue of epistemic uncertainty 
in performance evaluation is not 
considered.    

Lobo et al. 
(2014) 

104 teaching hospitals in 
Brazil in 2007 

DEA and logistic 
regression 

size of the hospital, high teaching 
intensity, and low teaching 
dedication are the determinants of 
efficiency. 

This study is narrow in scope by 
focusing only on teaching hospital.    

Ozcan and 
Khushalani 
(2017) 

healthcare systems of 34 
OECD countries between 
2000 and 2012 

DEA The countries which improved their 
public health system were more 
likely to show an overall 
improvement in efficiency. 

There is no second-stage analysis 
regarding the determinants of 
efficiency.    

Ibrahim and 
Daneshvar 
(2018) 

Healthcare system in 
Lebanon between 2000 and 
2015 

DEA A reduction in health expenditure 
does not reduce efficiency if the 
operational and technical aspect of 
the healthcare system is improved. 

No regression analysis is provided 
to investigate the determinants of 
efficiency.    

Carrillo and 
Jorge (2017) 

Regional health systems in 
Spain in 2011 and 2013 

DEA regional policies aiming at an 
overall efficiency improvement 

The performance score is lack of 
robustness.    

(continued on next page) 
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Table 1 (continued ) 

Authors (year) Sample Method Results Gap Sample used in the 
current study 

Method 
adopted in the 
current study 

How do you fill in the gap 

should be predominantly targeted 
to spending restraints. 

Frogner et al. 
(2015) 

Health systems from 25 
OECD countries between 
1990 and 2010 

SFA and fixed 
effects models 

The SFA estimation approach 
produces the most consistent lead 
country, but the remaining 
countries did not maintain a steady 
rank. 

There was no second-stage 
analysis regarding the 
determinants of efficiency.    

Gearhart III and 
Michieka 
(2018) 

58 counties in California 
between 2012 and 2017 

Robust conditional 
order-m estimation 
technique and DEA 

Lower obesity and unemployment 
rates lead to higher healthcare 
efficiency. 

It did not address the effect of 
synergy on performance.    

Audibert et al. 
(2013) 

24 Township hospitals in 
Shandong Province 

DEA and Tobit 
models 

The environmental characteristics, 
rather than the internal factors, 
affect efficiency. 

There was no consideration 
regarding the potential impact of 
cross-industry factors on 
efficiency.    

Cheng et al. 
(2015) 

114 county hospitals in 
China between 2010 and 
2012 

DEA, Malmquist 
index and Tobit 
regression 

government subsidy and hospital 
size with above 618 beds assumed a 
negative sign with technical 
efficiency. 

The synergistic effect in 
performance evaluation is not 
addressed.    

Hu et al. (2012) a panel dataset of hospitals 
in 30 provinces in China 
during 2002–2008 

DEA and Tobit 
regression 

The medical reform of the New 
Rural Cooperative Medical System 
has a significant efficiency- 
enhancing effect. 

Besides the limitations of the non- 
parametric DEA, the study lacks 
the consideration into the 
potential effect of the cross- 
industry determinants.    

Zhou et al. 
(2017) 

75 community health 
centers in China between 
2011 and 2015 

DEA Technological progress was the 
underlying force of the growth. 

There is no second-stage 
regression analysis on the 
determinants of efficiency.    

Tosun (2012) A sample of 558 state 
hospitals of Turkey in 2008 

DEA and Artificial 
Neural Networks 
(ANN) 

ANN shows the advantage of using 
less CPU time 
and computer resources than the 
DEA, especially in large data sets. 

There is no second-stage 
regression analysis on the 
determinants of efficiency.    

Torres-Jiménez 
et al. (2015) 

12 small healthcare areas Monte Carlo- DEA Monte Carlo DEA can be 
successfully used in the complex 
probabilistic DEA models. 

No analysis was made to 
investigate the performance 
determinants.    

Majumdar et al. 
(2012) 

Telecommunication sector 
in the United States 
between 1988 and 2001 

Generalized method 
of moments 

the level of synergy/financial 
performance worsens after the 
merger activity. 

Synergy is proxied by the 
accounting ratio, which is lack of 
accuracy.    

Sueyoshi and 
Goto (2011) 

the US electric utility 
industry between 1990 and 
2004 

the primal/dual 
combined DEA 
model 

Before and after the deregulation of 
the US electricity market, there is 
not any synergy effect in the 
operational performance of the 
diversified utility firms. 

The issue of epistemic uncertainty 
in performance evaluation is not 
considered.    

Tarba et al. 
(2019) 

a sample of Israeli high-tech 
firms between 2007 and 
2009 

Partial Least 
Square (PLS) 
approach 

Synergy potential plays a positive 
role in promoting the overall 
performance of the companies after 
acquisition. 

The measurement of performance 
and synergy is lack of accuracy.    

Wu et al. (2016) Taiwanese hospitals in 
2012 

PLS approach Greater integration effort drives 
greater E-health synergy by 
enhancing E-health compatibility. 

There is no investigation into the 
potential influence of the industry 
and macroeconomic environment.     
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create positive emergent capabilities that accrue from the relationship 
between the IT asset and the organizational resource in the healthcare 
context. Table 1 summarizes the studies we reviewed in this section. 

3. Methodology 

3.1. Data source 

Table 2 presents the descriptive statistics of the inputs, outputs, and 
contextual variables in the Chinese healthcare industry covering 31 
provinces during 2008–2017. We selected five variables as the inputs, 
including the number of licensed assistant doctors (in the unit of per-
sons), number of licensed doctors (in the unit of persons), number of 
nurses (in the unit of persons), number of pharmacists (in the unit of 
persons), and number of beds (in the unit of 10,000). The selection of 
these five input variables is attributed to the consideration that 
healthcare practitioners and beds are the factors of production in 
providing healthcare services. In terms of the practitioners, we can 
classify them into three groups: 1) assistant doctors, who have just 
entered into the healthcare sector with little work experience; 2) 
licensed doctors, who have more comprehensive experience; 3) phar-
macists are different from assistant doctors and license doctors, but still 
play an important role in the process of patient treatment by prescribing 
relevant medicines; while nurses are mainly related to the people who 
implement the treatment plan made by doctors. 

No matter what types of healthcare services are provided, there 
would be two potential types of patients, one is inpatient and the other is 
outpatient. The efficient production of these two types of services would 
generate a positive impact on healthcare performance. Finally, we 
included a number of contextual variables in the current study to 
investigate their potential influence on healthcare performance, 
including GDP (in the unit of 100 million Yuan), illiteracy (in the unit of 
persons), disposable income (in the unit of Yuan), sewer (in the unit of 
10,000 tons), gas pollution (in the unit of 10,000 tons), and mortality 
rate (in the unit of percentage).1 The selection of GDP as a potential 
determinant is in accordance with Hadad et al. (2013) [29], which re-
ported that there is a negative impact of GDP on healthcare efficiency. 
The choice of illiteracy as one of the variables is based on the consid-
eration that it influences healthcare performance indirectly through 
healthcare expenditure [46]. The selection of disposable income as one 
of the contextual variables is in line with Du (2018) [47]. We considered 
sewer as one of the potential contextual variables, as measured by the 
volume of total wastewater discharge, this is one of the main pollutants, 
which is harmful to human health and further leads to an increase in 
health expenditure and indirectly influences healthcare performance. 
The impact of air pollution is evidenced indirectly through healthcare 

expenditure [48]. In summary, it is argued that illiteracy, disposable 
income, and pollution affect healthcare system performance through 
healthcare expenditure. Higher volumes of health expenditure will not 
only increase the hospital's occupancy rate, but more importantly, it will 
induce more efforts and incentives from the healthcare personnel to 
work more efficiently. Finally, the potential impact of mortality rate on 
healthcare performance is documented by Jha et al. (2007) [49], which 
reported that there is a negative relationship between mortality and 
healthcare performance. All the variables including the inputs, outputs, 
and contextual variables are collected from the National Statistical Bu-
reau of China. 

3.2. Trigonometric envelopment analysis for ideal solution (TEA-IS) 

3.2.1. Overall procedure 
Let's consider a set of n DMU vectors Dj (j = 1..n), of a s + m 

dimension, formed by s positive criteria (cpr, r = 1..s) and m negative 
criteria (cni, i = 1..m), that is, Dj = (cp1, …, cps, cn1, …,cnm). The 
positive ideal solution vector (Ip) obtained from the set of n DMU vec-
tors is formed by the minimal values attained for each cni and the 
maximal values attained for each cpr. Likewise, the negative ideal so-
lution vector (In) observes the maximal verified values for each cni, 
while for each cpr, their minimal values are taken, such as, for instance, 
Ip = (max(cp1), …,max(cps), min(cn1), …, min(cnm)) for all j. Let's also 
suppose that the Ip, In, and the set of n Dj vectors are contained in a s +
m dimensional closed half-space, which is either one of the two parts of 
an affine space divided by a hyperplane. A closed half-space is a convex 
set formed by the union of an open half-space and the hyperplane that 
defines it. In an affine space, the concepts of distance and measure of 
angles are detached from any distinguishable point that may serve as an 
origin. Hence, any vector has neither a fixed origin nor can be uniquely 
associated to a point. However, two points in an affine space can be 
characterized by a translation vector considering any positive or nega-
tive ideal solution one may want to compute. 

Putting into geometric terms, the TEA-IS core idea is to determine the 
bi-dimensional space that contains the translated multiple criteria in-
formation from all DMUs, thus allowing the computation of the closest 
quarter of the circumference frontier that envelopes all DMUs, which is 
defined by two orthogonal axes that represent their translated positive 
and negative solutions. In order to represent a given DMU j in terms of 
the Ip* and In* orthogonal axes, four core steps should be observed. 
First, all DMU vectors Dj should be L2 normalized, thus assuring that the 
sum of the square of all positive and negative criteria equals to 1, 
respectively, in every DMU. Second, these L2 normalized DMU vectors, 
denoted by D́j, should be used to determine the L2 normalized positive 
and negative ideal solution vectors, Iṕ and Iń, respectively. Third, the 
distances between each D́j vector and the Iṕ and Iń ideal solution vectors 
should be computed and organized into two distance matrices: distances 
to Iṕ and distances to Iń. Fourth, each distance matrix should be indi-
vidually decomposed, returning as result the respective coordinate 

Table 2 
Descriptive statistics for inputs and outputs variables.  

Variable Min Max Median Mean SD CV 

Inputs 

Number of licensed assistant doctors 4043.00 264,570.00 74,522.00 87,788.15 56,772.36 0.65 
Number of licensed doctors 2897.00 227,649.00 62,158.00 72,262.75 45,786.83 0.63 
Number of nurses 1732.00 307,664.00 74,774.00 85,924.92 59,749.31 0.70 
Number of pharmacists 394.00 40,298.00 10,849.00 12,543.30 8330.87 0.66 
Number of beds 0.84 540,994.00 17.55 23,921.42 85,970.56 3.59 

outputs 
Inpatients 9.28 1825.30 448.76 551.88 423.59 0.77 
Outpatients 0.03 8.36 1.37 1.98 1.78 0.90 

Contextual 

GDP 395.91 89,705.23 14,991.96 19,002.89 16,306.37 0.86 
Illiteracy 27.14 87,444.00 1320.00 4506.21 11,445.71 2.54 
Disposable Income 9746.80 58,988.00 18,350.10 20,312.90 7937.22 0.39 
Sewer 492.00 938,261.00 109,582.50 157,456.43 169,684.09 1.08 
Gas Pollution 0.16 572,747.00 52.75 9751.92 42,786.26 4.39 
Mortality rate 0.04 1.70 0.30 0.40 0.32 0.82  

1 Illiteracy is related to the population aged 15 and over, while the mortality 
is related to neonates and Children under 5 in surveillance areas. 
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values for the Ip* and In* axes. By observing an individual matrix 
decomposition, the decomposed results for the distances to Iṕ matrix 
could be assigned solely to the y axis (Ip*). Similarly, the decomposed 
results for the distances to Iń matrix could be assigned solely to the x axis 
(In*). 

Next subsections depart from the fourth step, related to matrix 
decomposition, and discusses two additional steps required to compute 
TEA-IS performance: DMU decorrelation assurance and unitary radius 
assurance. 

3.2.2. Non-negative matrix factorization 
As long as the distance matrices to Iṕ and Iń are formed by relative 

values defined within the 0–1 range, their decomposition into Ip* and 
In* coordinates yields positive values only. One matrix decomposition 
that only handles positive values is the Non-negative Matrix Factoriza-
tion (NMF), by which the original matrix V is decomposed into two other 
matrices, W and H. Constraints assure that the decomposed matrices are 
formed by non-negative values only. Besides, this feature also assures 
the decomposed matrices to inherit some parts of the original matrix 
[50]. The NMF decomposition is obtained by solving the following non- 
linear programming problem: 

argmin L(V,WH)

s.t.

W ≥ 0,

V ≥ 0 (1)  

where L could be either the Mean Squared Error (MSE) or the Kullback- 
Leibler (KL) divergence functions. In this approach, both MSE and KL 
decomposition are performed. It is worth noting that, the unidimen-
sional NMF decomposition of the D́j distance matrix relative to Iń yields 
the Ip* axis coordinates, while the unidimensional NMF decomposition 
of the D́j distance matrix relative to Iṕ yields the In* axis coordinates. 
Dj

decomposed denotes the matrix formed by n rows and two columns that 
contains the decomposed values for the Ip* and In* coordinates. Also, 
both Iṕ and Iń NMF decomposition creates Ipdecomposed and Indecomposed, 

which are two orthogonal vectors juxtaposed to the Ip* and In* axes, 
respectively. Both MSE and KL decomposition results in two decom-
posed matrices, Dj

KL decomp. and Dj
MSE decomp.. 

3.2.3. Unbiased coordinate assurance 
Additionally, the following non-linear optimization problem with 

linear constraints aims to find the optimal set of weights that perform a 
linear combination between both Dj

KL decomp. and Dj
MSE decomp., which 

minimizes the Information Entropy (IE) between the Ip* and In* co-
ordinates but maximizes the Mutual Information (MI) between the axis 
within the ambit of a new combined Dj

decomposed matrix. The underlying 
idea of minimizing the IE is related to assuring maximal information 
reliability, while maximizing the MI assures the synergistic conditions to 
learn about the positive criteria based on the negative criteria and vice- 
versa. This multi-objective problem is accomplished determining a 
proper weight vector w assigned to all DMUs. 

minie
(

Ddecomposed
j

)
maxmi

(
Ddecomposed

j
)

s.t.

Ddecomposed
j = wj*DMSE decomp.

j +
(
1 − wj

)
*DKL decomp.

j ∀j  

⃦
⃦wj*Ddecomposed

j

⃦
⃦

2 ≤ max
( ⃦
⃦Ipdecomposed

⃦
⃦

2 ,
⃦
⃦Indecomposed

⃦
⃦

2

)
∀j  

0 ≤ wj ≤ 1∀j (2) 

An appropriate method to assess solutions for Model (2) is the Dif-
ferential Evolution Optimization (DE Optimization) technique, which is 
a member of the family of genetic algorithms. It mimics the process of 
natural selection in an evolutionary manner. Readers should refer to 
[51] for further details. 

3.2.4. Unitary radius assurance 
The last part of the TEA-IS procedure is to assure that the convex 

frontier formed by the quarter of the circumference presents a unitary 
radius. To make this true, all the Ip* and In* coordinate values should be 
divided by max(‖Ipdecomposed‖2,‖Indecomposed‖2). 

Fig. 1. Performance-synergy sets.  
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3.2.5. Performance computation 
By definition, Ip* is arbitrarily fixed as the y axis and In* is arbi-

trarily fixed as the x axis. Therefore, the following metrics can be 
computed as the trigonometric relationships with respect to both axes, 
as presented next: 

Θj = arccos (<Dj
decomposed, Ip*>) ∀ j, is the angle in radians between 

each decomposed DMU j and Ip*. Slack x = In*, is the distance to the Ip* 
axis, equivalent to the projection values of Dj

decomposed into the x axis. 
Slack y = 1 - Ip*, is the distance to top of the Ip* axis, equivalent to 1 
minus the projection values of Dj

decomposed into the y axis. The perfor-
mance of a given DMU j can be found by calculating both the L2 
normalized distances to the Positive Ideal Solution Value (PISV), which 
is the coordinate where Ip* is equal to 1, and to the Negative Ideal So-
lution Value (NISV), which is the coordinate where In* is equal to 1. This 
is necessary because in an affine space, both Ip* and In* could have been 
either taken as the reference for all DMUs contained in the quarter of the 
circumference. The best performing DMUs are closer to the PISV and 
farther from the NISV within the L2 norm distances. The maximal 
attainable value for these L2 norm distances, both as regards to Ip* and 
In*, is √2 and therefore, this should be considered in the computations 
of TEA-IS performance: 

θIp*

j = 1 −
Ddecomposed

j − PISV
√2

(3)  

θIn*

j =
Ddecomposed

j − NISV
̅̅̅
2

√ (4) 

A unique score can be obtained by computing the geometric mean for 
eqs. (3) and (4): 

θj =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

θIp*

j *θIn*

j

√

(5)  

3.2.6. Performance-synergy set (PSS) 
The PSS can be divided into six regions according to two independent 

conditions: (i) whether there is synergy between positive and negative 
criteria and (ii) whether a given DMU can be considered as a higher, 
medium, or lower performance. As regards synergy, two alternative 
situations may occur. Either an increase in the negative criteria is related 
to a more than proportional response in the positive criteria or a 
reduction in the negative criteria is related to a less than proportional 
response in the positive criteria. In the first case, there would be synergy 
among the positive and negative criteria that could be exploited by the 
decision-makers. On the other hand, in the second case, there would be 
no synergy at all, and it would be better for the decision-makers to not 
take any action. 

As regards performance, three distinct situations may occur. If the 
distance to Ip* is higher than 1, the DMU could be regarded as the one 
with low performance. Conversely, if the distance to In* is higher than 1, 
the DMU could be regarded the one with high performance. In all other 
cases, whenever the distances to Ip* and In* are both lower than 1, the 
DMU could be regarded as the one sitting in between the high perfor-
mance one and low performance one. Fig. 1 depicts the six PSS regions, 
formed by Synergy/Non-synergy times Higher/Medium/Lower 
performance. 

Precisely, as for the first subset condition, the line segment, where x – 
y = 0, is the boundary that splits the synergic (y > x or Py(Dj, actual) > Px 
(Dj, actual)) from the non-synergic (y < x or Py(Dj, actual) < Px(Dj, actual)) 
DMUs. The neutral synergy vector has a direction (x = − 1, y = 1). As for 
the second subset condition, the DMU distances to the PISV and NISV 
indicate high, medium, and low performers. The high-performing DMUs 
have distances to the NISV >1 in the L2 norms, in other words, the DMU 
falls above the green semi-circumference in Fig. 1. On the other hand, if 
the DMU distance to the PISV is >1, it is classified as a low performer, 
falling below the red circumference in Fig. 1. Finally, if the DMU have 

Fig. 2. Score densities (top left), score pairs (bottom left), optimal DMU weights (top right), and slack and theta densities (bottom right).  
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Table 3 
KL Divergence between the scores.  

Models DEA CRS DEA VRS TOPSIS order m order alpha TEA-IS Median TEA-IS Lower TEA-IS Upper 

DEA CRS 0.000        
DEA VRS 0.003 0.000       
TOPSIS 0.041 0.041 0.000      
order m 0.025 0.023 0.008 0.000     
order alpha 0.023 0.022 0.009 0.000 0.000    
TEA-IS Median 0.039 0.037 0.005 0.004 0.004 0.000   
TEA-IS Lower 0.040 0.038 0.008 0.004 0.005 0.001 0.000  
TEA-IS Upper 0.040 0.038 0.003 0.005 0.005 0.001 0.003 0.000  

Table 4 
Information reliability per model.  

Variables Min Max Median Mean SD CV IE Skewness Kurtosis 

DEA CRS 0.326 1.000 0.820 0.759 0.195 0.257 0.727 − 0.468 − 1.163 
DEA VRS 0.326 1.000 0.846 0.789 0.197 0.250 0.695 − 0.584 − 1.077 
TOPSIS 0.306 0.703 0.666 0.653 0.058 0.089 0.546 − 3.772 16.278 
order m 0.686 1.000 1.000 0.958 0.076 0.079 0.343 − 1.810 2.240 
order alpha 0.671 1.000 1.000 0.952 0.082 0.086 0.355 − 1.671 1.689 
TEA-IS Median 0.443 0.584 0.522 0.523 0.015 0.028 0.571 − 0.773 7.430 
TEA-IS Lower 0.340 0.448 0.379 0.382 0.015 0.039 0.614 1.520 3.025 
TEA-IS Upper 0.558 0.736 0.710 0.699 0.033 0.047 0.529 − 2.712 6.428  

Fig. 3. Pooled distance distributions to Ip* and In* per year and frontier. 
Note: the higher the distance to Ip*, the lower the performance, while the lower the distance to In*, the lower the performance. The final performance is computed as 
the geometric mean for both distances and is depicted in Fig. 4. While the maximal attainable distance for a given DMU to either Ip* or In* is sqrt (2), this explains 
why the boxplots are mirrored when the top and bottom figures are put into perspective. 
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Fig. 4. Pooled TEA-IS performance score distributions per year and ideal solution percentile.  

Fig. 5. Performance-synergy set frequency distribution.  
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both distances to the PISV and NISV <1, it is classified as a medium 
performer, falling in between the green and red quarter of the circum-
ference sectors. 

3.3. Bootstrap 

In order to generate confidence intervals for the TEA-IS performance 
estimates, bootstrap was performed to deal with the non-unique 
decomposition characteristic of the NMF approach. In fact, the use of 
bootstrap technique allowed the estimation of the performance scores at 
2.5%, 50% and 97.5% percentile levels, thus making it possible to derive 
three alternative probabilistic ideal solutions, namely: lower, median, 
and upper. 

4. Analysis and discussion of results 

Fig. 2 depicts the TEA-IS major results for the Chinese healthcare 
systems at the province level, while providing a comparison among 
TOPSIS, classic DEA CRS (constant return to scale), DEA VRS (variable 
return to scale) output-oriented models, and order m (m = number of 
DMUs) and order alpha (α = 100 %). Different from these models, the 
TEA-IS scores computed at 2.5%, 50%, and 97.5% percentile levels 
presented a good discriminatory power (cf. Fig. 2, top left), with a me-
dian value around 0.5 for the 50% percentile. Besides, the Spearman's 
rank order correlogram (cf. Fig. 2, bottom left) indicates small isoto-
nicity among the score vectors generated from these methods, although 
the correlations verified between alternative DEA specifications for the 
return-to-scale assumptions are substantially high. The Spearman rank 
order indicates the difference between the scores, a double-check with 
the KL-Divergence is presented in Table 3, which shows the greatest 
values of divergence between the TEA-IS scores at 2.5%, 50%, 97.5% 
percentile levels and the other scores. The differences between the TEA- 

IS scores and the TOPSIS and DEA ones may be explained by the inherent 
weighting scheme of each method. The weights are assigned at the DMU 
level in TEA-IS so as to assure that the positive and negative criteria sets 
are uncorrelated (cf. Fig. 2, top right, for a boxplot of weights computed 
under the 50% percentile), while the weights are assigned at the criteria- 
level in TOPSIS regardless of the DMU and, in DEA, order m and order 
alpha, the weights are assigned at the input/output-level for each DMU 
under evaluation. Yet, both slacks for the positive criteria set (or output 
set, slack y) and the negative criteria set (or input set, slack x) are 
negatively correlated, as computed under the 50% percentile of the TEA- 
IS ideal solutions. However, the positive moderate slack correlations at 
the 2.5% and 97.5% percentiles suggest the existence of some levels of 
synergy in the Chinese healthcare systems at the province level, 
particularly under the superior and inferior performance levels. As 
depicted in Fig. 2 (bottom right), the slack x scores tend to be higher 
than the slack y scores for higher ideal solution percentiles, which could 
be beneficial whether increases in physical and human resources yielded 
a more than proportional impact on the patient assistance levels. 

As regards information reliability and putting these findings into 
perspective, Table 4 provides the results on information entropy, kur-
tosis, and skewness for each one of the vector scores computed using 
each model. The TEA-IS scores computed at the 97.5% percentile pre-
sented the lowest information entropy (higher reliability) when 
compared to DEA (the distributions of which are less discriminatory) 
and TOPSIS (the distributions of which are strongly platykurtic), it 
further shows a better balance between skewness and CV (coefficient of 
variations) when compared to all the other scores, so that the Chinese 
healthcare systems might present meaningful rank differences among 
each other. 

Figs. 3 and 4 show how the pooled distribution of the Chinese 
healthcare system performance at the province level evolved over the 
examined period, given different ideal solution percentiles. The Chinese 

Fig. 6. Slack sources according to performance-synergy groups and ideal solution percentiles.  
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healthcare performance appears to be stable over the course of time, it is 
worth noting a remarkable exception in 2016 when the performance 
experienced a strong deterioration. The results show that the perfor-
mance over this period is quite similar to the one between 2002 and 
2008 as reported by [74], which shows that the performance in the 
Chinese healthcare industry varies only to a small extent. The strong 
deterioration in healthcare performance in 2016 can be attributed to the 
fact that in 2016, the healthcare industry in China was dominated by a 
large number of private hospitals, a lower occupancy rate indicates a 
higher level of resources waste and further leads to a deterioration in the 
performance level. 

Yet, the PSS frequency distribution depicted in Fig. 5 reveals higher 
discrimination of the TEA-IS scores computed under the 97.5% ideal 
solution percentile, as long as significant results in terms of the 
performance-synergy combinations were found. Broadly speaking, the 
Chinese healthcare system at the province level tend to be the high 
performer with high synergy. There is, however, a minority of cases 
where synergy is low besides the medium/high-performance levels. It 
also appears that performance and synergy could be traded-off to some 
extent in the Chinese healthcare system possibly under the intermediate 
performance levels. As suggested by Fig. 6 (left), higher levels of synergy 
tend to be related to higher levels of performance – the smaller the angle 
towards IP*, the higher the performance. Precisely, as depicted in Fig. 6 
(right), higher synergy levels occur when the median values of slack x 

are greater than those verified for the median slack y values. Putting into 
other words, higher synergy levels in the Chinese healthcare system 
occur when there is a higher potential of reducing the set of physical and 
human resources in comparison to the potential of increasing the 
number of patients assisted. Synergy appears to be a consequence of the 
adoption of continuous improvement practices to improve performance 
by reducing the patient assistance slacks in comparison to the resource 
slacks. Under continuous improvement, unbalance of human and 
physical resources is gradually eliminated, and the output slacks tend to 
be minimal due to the maximal patient assistance throughput. 

When analyzing the performance and synergy levels in terms of the 
socio-demographic variables related to populational welfare, the results 
depicted in Fig. 7 corroborate the need of a favorable environment for 
nurturing continuous improvement practices in the healthcare system. 
There appears to be no meaningful difference in the performance in-
dicators under different ideal solution percentiles, the slack balance 
appears to be affected by the magnitude of different contextual vari-
ables, such as income, illiteracy, pollution, and mortality rate. In terms 
of disposable income, we argued previously that it will affect healthcare 
performance indirectly through healthcare expenditure. Illiteracy is an 
important factor in healthcare performance in China. Finally, [49] re-
ported a negative relationship between mortality rate and hospital 
quality. This can be further interpreted as the fact that a higher mortality 
rate indicates additional resource wastage, which further leads to a 

Fig. 7. Performance and synergy sources.  
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deterioration in service quality, therefore, we argue that the impact of 
mortality rate on hospital quality is affected by the intermediate role 
played by healthcare performance (efficiency). Artificial neural net-
works for classification were conducted to assess the classification ac-
curacy of the four TEA-IS existing groups – computed at the 97.5% 
percentile of ideal solutions - based on distinct contextual variables. The 
results of the 10-Fold Cross Validation technique (10FCV) are reported 
in Table 5, suggesting that the best neural network architecture is 
formed by five layers with nine neurons each with an accuracy rate of 
0.846. More concretely, we propose the following specific policy im-
plications to the Chinese government and the regulatory authorities: 1) 
besides taking actions and implementing policies to further reduce the 
corruption level in order to redistribute the corrupted funds to the 
public, some specific policies can be considered by the government to 
increase the disposable income, such as reduce the inflation rates and 
unemployment, the achievement of this can be further facilitated by the 
increase in productivity; 2) increase the funding in the education sector, 
especially in the western area in China, where the enrollment rate of 
compulsory education is much lower than the ones of the central and 
Eastern areas, the increase in the enrollment would significantly reduce 
the illiteracy rate; 3) the government is expected to increase the funding 
allocated to research and development in each economic sector, 
including the healthcare industry, the resulted invention in terms of a 
more efficient production process and new discovery related to the ways 
to deal with new and difficult diseases will improve the performance 
across different industries. 

5. Conclusions 

This paper proposes a novel MCDM hybrid approach, TEA-IS, to 
assess the performance of the healthcare systems in China by exploring 
the relative advantages of DEA and TOPSIS, while achieving the un-
correlated scores for performance and synergy with lower information 
entropy. This novel approach offered at the province level better 
discrimination of the performance scores by exploring how the positive 
and negative criteria slacks could explain the variations in performance 
over time. The results indicate that synergy has played a pivotal role in 
the Chinese healthcare systems, not only by triggering higher perfor-
mance levels due to the progressive adoption of best practices over time, 
but also by being closely related to different socioeconomic and de-
mographic variables, such as the illiteracy rate. It is possible to claim 
that healthcare performance has remained stable in China over the past 
two decades, performance and synergy at the province level are still 
heterogeneous, which calls for specific development policies based on 
local specifics, rather than on nationwide initiatives. 

We had a thorough consideration and examination regarding the 
performance scores by reporting not only the ones derived from our 
innovative TEA-IS method, but also comparing the scores with the ones 
derived from other methods, such as DEA and TOPSIS. The limitation of 
our study lies in the fact that we do not use other methods to check the 
robustness of the results in terms of the impact of the contextual vari-
ables on healthcare performance. In future studies, efforts can be made 
to use alternative methods to test the impact of the contextual variables. 
A couple of methods can be considered, including the multi-layer 
perception-Hidden Markov approach [52] and the Robust Endogenous 
Neural Network Analysis [53]. Finally, from the review of the literature, 
we observed that a large number of studies examined healthcare per-
formance under the non-parametric DEA, additional considerations can 
be made to use some advanced DEA models, such as the Bilevel pro-
gramming DEA [54] and the extended Kaya identity-based LMDI (Log-
arithmic Mean Divisia Index) decomposition analysis with a two-stage 
DEA [55]. Together with the machine learning techniques we proposed 
in the current study, the robustness of our results can be further checked. 
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