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Abstract 

Service quality is believed to influence the productive efficiency of firms, particularly in a service focused industry such as 

healthcare. However, there is mixed evidence in the literature of both positive and negative correlation (e.g., the cost drivers of 

care providers vis-à-vis capacity expansion for better quality of service) between quality and efficiency. To address this challenge, 

a two-phase data-driven analysis is undertaken. In the first stage, an output-oriented Data Envelopment Analysis is employed to 

model the interdependency between operational efficiency and service quality by assessing the allocation of the input resources for 

achieving these two objectives. While accounting for the external influences and avoiding the ‘best practice trap’ in the healthcare 

sector, a set of classification algorithms are used to quantify the impact of external factors on efficiency levels. The proposed model 

is empirically tested using healthcare data of 31 provinces of China for a period from 2013 to 2018. The results show that the 

efficiency scores in operational productivity and quality of service are 67% and 64%, respectively. The major source of 

inefficiency is the number of cases in observation rooms (almost 47%) followed by health examination (22%). The provinces are 

categorized into three classes (optimally chosen number of clusters) using K-means clustering. The second phase of the analysis 

starts with selecting a subset of relevant features from 33 explanatory variables using information gain and correlation analysis. 

The proposed two-phased integrated technique enhances the performance of healthcare services and provides a roadmap for 

improvement for inefficient regions. 
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1. Introduction 
China’s healthcare expenditure as a proportion of its total GDP remains at 6%, significantly lower than the 

US with 17%, its projected annual growth rate is 8.4%. Increased services provided per patient and rising 

cost per service are two primary reasons behind the increase in the healthcare costs, with their respective 

contributions of 4.3% and 2% (Eggleston et al., 2008). Furthermore, China’s life expectancy has surged 

by 8.68 years over the past two decades (from 2000 to 2020), particularly among women, which saw an 

even greater increase of 10.16 years (Dwyer-Lindgren et al., 2017). Without efficient running of the 

hospitals, these costs are only expected to increase (Wagstaff et al., 2009). Besides, concerns for the quality 

of healthcare in China were raised persistently over the years (Eggleston et al., 2008). In an increasingly 

customer-driven market, there is a shift in the definition of quality which is now defined by what patients 

experience. However, evidence suggests that due to the absence of a strong monitoring system, the quality 

standards in China have not progressed as expected (Eggleston et al., 2008). The aging population will 

significantly increase the demand for high-quality long-term services (see Figure 1). Quality is primarily 

dynamic and multifaceted; interdependency on factors such as accessibility of healthcare, quality of life, 

etc., makes it difficult to measure precisely. There is no consensus on the common set of measures to use 
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and how to interpret them from different perspectives of the patients, physicians, hospital authorities, and 

policymakers. Therefore, it is crucial to identifying the desired attributes of high-quality service and then 

using those attributes as quantifiable measures. The primary challenge of healthcare sector at a global scale 

is to balance the cost of providing quality service and cost of operational efficiency. To achieve this, Data 

Envelopment Model (DEA) is employed to handle multiple inputs and distinct sets of multiple outputs 

pertaining to both the perspectives: quality and efficiency. 

 

The significant challenge for the policymakers is to improve the efficiency of the institutions to contain the 

cost without compromising on the standard quality of the service provided (Yang and Zeng, 2014). 

However, limited resources inevitably cause a trade-off between quality and quantity (Newhouse, 1970). 

Though China successfully established a national-level health scheme to cover a massive size, i.e., 90% of 

its total 1.8 billion population, the implementation, service, and costs depend heavily on the regional 

monitoring body. As a result, different barriers, including overall inflation, inaccessibility to healthcare, 

and disparities between urban and rural areas, have emerged (Cai et al., 2017). The measurements also vary 

disproportionately when larger units are in question or the level of analysis is at macro-levels. Since not all 

micro-level measurements can be aggregated to a larger capacity, e.g., from region to national level (Ozcan, 

2014), we need macro-level proxies for the same set of measurements. Further, the regional administrations 

are responsible for providing the required healthcare needs, yet there is variability among their services. In 

light of these findings, the DEA framework treats the regional health sectors as individual decision-making 

units (DMU). 

 

As health care managers face challenges from government regulations, insurance policy and global 

competition, adaptation of new technology and information or managing data centers, allocation of 

resources and performance evaluation become key elements of strategic decision making. The two most 

important productivity indicators used in the health care system are inpatient and outpatient counts (Ersoy 

et al., 1997). Therefore, as a cumulative measure, the total number of patients discharged is considered as 

output. In a dynamic system such as health care, there are multiple by-products which are sometimes 

undesirable. Too much focus on improving the desirable outcome (e.g., patients discharged) might lead to 

unintended consequences like increased fatality rates. Previous research identifies three primary forms of 

inputs: financial (e.g., operating cost), human-resources (i.e., doctor, nurses, technical staff), and equipment 

(e.g., general bed, ICU bed) (Ferreira et al., 2018).  

 

This paper, therefore, investigates the effects of various externalities on the outcome of the healthcare sector 

while explaining the in-class variation of the efficiency scores of the regions within a particular class. We 

make a simplistic assumption of capturing the externalities via five overarching themes and each of the 

themes contain measurable factors (Figure 2). Considering the challenges mentioned above, we have used 

DEA framework, that treats the regional health sectors as individual decision-making units (DMU) in the 

DEA framework. We include the inpatient fatality and observation-room fatality rates as bad outputs. Also, 

the number of practicing doctors and the number of hospital beds act as inputs. This framework allows the 

units under evaluation to freely choose the best set of weights according to their performance. Thus, these 

weights reflect the relative strengths of various measures pertaining to the aspects of quality and 

productivity. The integrated efficiency can be decomposed into quality and productive efficiency. Besides, 

unidimensional strategies for optimizing quality and operational efficiency individually also exist side-by-

side with the overall approach which would help us compare the result of overall approach compared to 

unilateral approaches. 

 

However, the measurable factors cannot be included in the DEA model for two reasons. First, they are not 

directly controlled by the healthcare policymakers. Second, these factors influence both the inputs and 
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outputs and thus cannot be segregated into any one of the two set in the DEA framework. For example, 

education influences the number of doctors in a society, and it also helps improve general awareness in 

people resulting in higher number of health examination. Other factors can also be shown to have significant 

impact on the inputs and outputs in different degree. Economic resources have been shown to have a 

positive effect on the health status as affluent nations and societies have access to better medical care. 

Disposable income levels of the citizens in each of the Chinese regions are used as a proxy variable to 

capture economic prosperity, the first externality. In the second phase of the analysis, a classification model 

is developed to understand the interrelationship between contextual environmental factors and the 

efficiency levels. Initially, the efficiency scores are used to create the optimal number of classes for each 

window. In earlier studies (Tsolas et al., 2020) all the regions are categorized under pre-defined classes 

based on their efficiencies.  

 

 
 

Figure 1. Median age of Chinese population (Source: Statista). 

 

This study makes a significant contribution to the existing literature in both theoretical aspects and practical 

decision-making by demonstrating the interrelationship between quality and efficiency. The 

methodological contributions are: First, to the best of our knowledge, this is the first attempt to examine 

the interrelationship between quality and efficiency using an integrated-DEA framework without assuming 

any pre-defined substitutable relationship between the two aspects being examined. Second, there are 

individual measurements for the best possible quality and efficiency scores. When these best-possible 

values are compared with the corresponding values of quality and efficiency achieved under overall 

approach, one can assess the trade-off analysis using two indicators: cost-of-efficiency and cost-of-quality. 

Third, to account for the various socio-economic factors determining the advancement in quality and 

efficiency, a set of machine learning techniques are employed to evaluate importance of the external 

variables. Furthermore, there are some important insights for the policy-makers: First, the results show that 

quality is single-handedly responsible for almost three fourths of the overall inefficiency. The two main 

reasons for poor quality of service are cases in observation room and health exams. Second, the indicators 

of operational efficiencies show no sign of deterioration. A remarkable improvement can be observed in 

fatality in observation rooms which has reduced from 31% to 6%. Third, a key insight from the regional 

analysis is that in most of the factors (input or output) only a handful of regions are responsible for the bulk 

of the inefficient practices. In line with previous studies, this study finds a huge disparity between efficient 

regions and inefficient regions while evaluating productivity vis-à-vis quality. The efficient regions are 
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largely efficient in both measures. On the other hand, inefficient regions experience disproportionate 

inefficiency and uneven emphasis on both the aspects. The reason for high mortality among the inefficient 

states can be traced back to incompetency in the quality standards. Fourth, the classification analysis reveals 

that medical factors (visit, medical technology personnel), socio economic factors like Guaranteed 

livelihood, and unemployment rate are the three major contributing factors in determining the category of 

the regions. Furthermore, it is noteworthy that the top-most determining factors seldom reappear across the 

windows. This trend indicates that there is remarkable variance in the root cause of inefficiency, suggesting 

a dynamic landscape of influential forces that shape regional efficiency over time.  
 

 
 

Figure 2. Interaction of the external variables with the designated inputs and outputs. 

 

 

The remainder of the paper is organized as follows. Section 2 reviews the prior relevant literature. Section 

3 presents the conceptual framework of the problem in question and develops an appropriate DEA model 

and extends it. The following section reports the empirical analysis and discusses research findings. Section 

5 and 6 discuss the implications and conclusions of the study. 

 

2. Literature Review 
With the advancement of computing devices and software technologies, various quantitative techniques 

have been widely applied to simulate, study, and improve the medical system. Queuing theory drives this 

stream of research, focusing on the developing new rules for inpatient and outpatient services (Smith and 

Warner, 1971). Different variations particularly focus on scheduling and planning activities, such as 

addressing no-show patients that impact appointment scheduling (LaGanga and Lawrence, 2012), 

variations in ancillary tasks affecting patient waiting-time and resource utilization (Salzarulo et al., 2011), 

emergency blocking in a multistage treatment procedure with patient routing (Bretthauer et al., 2011), and 

capacity constraints (Chen et al., 2020), among others. The primary methodology adopted in these studies 

is simulation-based analysis (Badri and Hollingsworth, 1993) or heuristics (LaGanga and Lawrence, 2012). 

Recently, the majority of the studies in healthcare embraced machine learning (Priya and Kumar, 2015), 

data mining (Kusiak, 2006), or AI-driven decision making (Pan et al., 2019). Hybrid techniques, like 

iterative principal component analysis with a hybrid fast correlation-based filter (HFBF), are also employed 

to predict disease detection and progression over machine learning or decision forest tree (Priya and Kumar, 
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2015). As the industry faces challenges such as financial (Kaplan and Porter, 2011), cost management 

(Finkler and Wirtschafter, 1993), regulatory (Hotchkiss and Jacobalis, 1999), and high demand (Sanmartin 

et al., 2002), an objective assessment of healthcare sector is necessary for informed decision-making. In the 

management literature, regular operational activities and the potential sources of deficiencies are explored 

at length (Geng et al., 2019) also in light of lean performance (Henrique et al., 2021). 

 

With the development of the concepts such as productivity and technical efficiency frontier (Farrell, 1957), 

research in DEA has witnessed a wide-spread applications in various areas. In the earlier phases, DEA was 

mainly used on public institutions like bank (Sherman and Gold, 1985), educational institutions (Singh and 

Ranjan, 2018), library (Pandey and Singh, 2022), agriculture (Pandey and Singh, 2021), and R&D activities 

(Feng et al., 2021) etc. Besides, it has been used very effectively on some unconventional fields of research 

as well. Further, regional studies comparing the innovation system in Russia and key factors contributing 

to its success has been reviewed and considered (Zemtsov and Kotsemir, 2019). Chen et al. (2022) studied 

the trend of research works in social science area in China using Malmquist index. Gender equality in the 

field of science and technology in Spain is evaluated and corresponding ranking is completed using meta-

frontier analysis (Puertas et al., 2023). Role of social and scientific resources and the critical barriers in 

cross-border knowledge diffusion have also been examined (Ho and Liu, 2013).  

 

Health economists have employed the frontier analysis using both parametric and non-parametric methods 

(Hollingsworth, 2003). Comprehensive reviews of existing literature on the productivity of healthcare 

institutions using non-parametric methods have been conducted (Hollingsworth, 2008; Kohl et al., 2019). 

Stochastic frontier analysis (SFA) has been extensively utilized in the healthcare sector (Hollingsworth et 

al., 1999; Jacobs, 2001). The literature on healthcare productivity and efficiency has seen a rapid increase, 

with 55% of studies published after 2000 (up to 2006). DEA is the framework used in 67% of these studies 

in some form as a primary or secondary analysis tool (Hollingsworth, 2008). Among these studies, 52% 

have treated hospitals as DMUs, and only a few (4%) have analyzed country-wise evaluations with thirty 

or more countries constituting the dataset. Traditional DEA models have been extended, for example, 

through window analysis (Co and Chew, 1997), and supplemented with further statistical analysis, such as 

Tobit regression (Nayar et al., 2013).  

 

Trade-offs and compromises among organizational capabilities are pervasive in every echelon of industry 

and public life (Porter, 2011). Operations managers in the manufacturing sector grapple with this challenge 

at various levels, incorporating them into their strategic planning to retain a competitive advantage 

(Schmenner and Swink, 1998). However, several research studies (Talluri et al., 2013) suggest that these 

contrasting capabilities could sometimes converge to form a compatible competency up to certain levels.  

 

Nevertheless, the prevailing belief is that service quality and operational efficiency, as two aspects in the 

service industry, often behave as "zero-sum" trade-off, where gains in one aspect necessitates losses in the 

other (Sarmiento and Shukla, 2011). Recent studies have shown that service quality to be essential for 

enriching customer satisfaction (Sampson and Froehle, 2006) and attracting new customers (Campbell and 

Frei, 2010). These studies also highlight the need for additional resources, capital, and labor to provide 

high-quality service. 

 

In a general view, high-quality services also increase costs, limiting the accessibility of medical care and 

consequently restricting healthcare accessibility. A focus on economic efficiency leads to a reduction in the 

cost of operations by minimizing wastes in production, sometimes entailing the adoption of new production 

principles (Brohman et al., 2009) such as automation or lean management. However, technology-driven 

services can result in lower customer satisfaction and perceived quality levels (Campbell and Frei, 2010). 
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Thus, complementarity and compromises are identified as characterizing the relationship between 

efficiency and quality.  

 

Decision-makers must fulfill efficiency and effectiveness requirements while navigating resource allocation 

(Hill et al., 2007), location, and capacity constraints (Smith‐Daniels et al., 1988), among other factors. 

Additionally, decision control mechanisms in hospitals are responsible for the evidence-based and 

experiential quality of healthcare (Senot et al., 2016). The quality of medical care delivery and efficiency 

of the medical units also vary across states or regions (Jha et al., 2005). Therefore, achieving maximum 

efficiency to contain the costs while providing high-quality service is the most practical dichotomy in both 

academia and industry (Delellis and Ozcan, 2013). 

 

The performing resources in healthcare facilities are medicines, equipment, bed staffing, room staffing, 

sizing, and technical and non-technical staff (Fetter and Thompson, 1965). A large body of literature has 

been developed, addressing each of these areas in minute details. An overview and summary of the literature 

reviews are also well-documented (Fone et al., 2003; Gholami-Zanjani et al., 2018). Although there is no 

comprehensive index for measuring quality in healthcare, existing measures can be broadly categorized 

into two categories: technical and interpersonal (Navarro-Espigares and Torres, 2011). 

 

Recently, there has been an abundance of healthcare information generated from different wearable health 

devices and sensors in monitoring equipment (Kamble et al., 2019). Big data analytics can provide the 

much-needed competence to consolidate the information and support an evidence-based decision support 

system with predictive capabilities (Wang et al., 2018; Attaran and Gunasekaran, 2019). However, the 

success of such information management systems and the Internet of Things (IoT) depends primarily on 

the adaptation of it and the user’s ability to effectively use it (Martı́nez-Caro et al., 2018).  

 

Online communities also generate a volume of information regarding patients’ concerns, feedback, and 

sentiments (Shirazi et al., 2021). In general, healthcare 4.0 deals with the technological and social-cultural 

aspects to attain a more customer-centric and resilient healthcare system (Tortorella et al., 2021; Ramadevi 

et al., 2016). The need for such a resilient health sector with capabilities for anticipation, adaptation, and 

recovery is even more evident in the challenges posed by the COVID-19 pandemic (Belhadi et al., 2021). 

 

Only a few selected indicators are chosen in this study in consultation with US national (Rockville, 2015). 

The most important in the list of attributes is accessibility to health services or the infrastructural support 

which is captured using the number of health examinations performed. Since specialty or super-specialty 

hospitals provide treatment for only specific diseases, disease-specific weights and the weighted counts are 

not considered here. Besides, limiting the region-wise analysis to specific diseases would fail to capture the 

proficiency of the medical units in countering all types of diseases and illnesses. Relevance, as another 

crucial factor is concerned with whether the provided medical service was actually required or not. This 

measure also captures the safety precaution taken by the medical staff. Inpatients are kept under observation 

after any given medical treatment. Therefore, the number of cases in observation rooms indicates the 

alacrity of the medical practices. Lastly, the effectiveness of the treatment of illness is reflected in the 

number of surgeries performed in a hospital. 

 

3. Conceptual Framework 
Data Envelopment Analysis (DEA) is a linear programming technique that derives the relative productivity 

of each of the Decision-Making Units (DMUs) in a set of DMUs (Charnes et al., 1978). Suppose there are 

𝑁 homogeneous DMUs that consume 𝑚 inputs to produce 𝑠 desirable outputs and 𝑡 bad outputs. The quality 

of the service produced is measured using 𝐾 metrics. The 𝑖𝑡ℎ input, 𝑟𝑡ℎ output, and 𝑝𝑡ℎ bad output of 
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DMU 𝑛 are denoted by 𝑥𝑖
𝑛, 𝑦𝑟

𝑛, and 𝑏𝑝
𝑛 , respectively. The classical definition of efficiency, proposed by 

Farrell (1957), is the maximum proportional reduction (or augmentation) in the inputs (or outputs) while 

keeping the amount of outputs (or inputs) constant at the current level. Since all the inputs (or outputs) are 

contracted (or expanded) in the same proportion, the resulting efficiency is called radial efficiency. For 

inputs, the radial efficiency is denoted by θ in: ∑ 𝜆𝑛
𝑁
𝑛=1 𝑥𝑖

𝑛 ≤ θ 𝑥𝑖
𝑜 where 𝜆𝑛 signifies the weighted 

contribution of 𝑛𝑡ℎ DMU. This radial efficiency can be categorized into two types: weak and strong 

efficiency. However, the radial measure of efficiency overlooks the non-radial portion of inefficiency. For 

example, some inputs of a DMU may be contracted more than the common proportion in which every other 

inputs are contracted. In other words, if for 𝑓𝑡ℎ input the constraint holds at inequality: ∑ 𝜆𝑛
𝑁
𝑛=1 𝑥𝑓

𝑛 < θ 𝑥𝑓
𝑜. 

That means this input can be contracted even more, given by the value: θ 𝑥𝑓
𝑜 − ∑ 𝜆𝑛

𝑁
𝑛=1 𝑥𝑓

𝑛. Such DMUs 

are called weakly efficient if the radial proportion is one. But there are still inefficiencies in those DMUs. 

Strongly efficient DMUs are free from such inefficiencies. In this case the input constraints hold at equality: 

θ 𝑥𝑓
𝑜 = ∑ 𝜆𝑛

𝑁
𝑛=1 𝑥𝑓

𝑛. In other words, there is no opportunity of any marginal improvement in any inputs 

since θ 𝑥𝑓
𝑜 − ∑ 𝜆𝑛

𝑁
𝑛=1 𝑥𝑓

𝑛 = 0. To identify both strong and weak inefficiencies, additive models (Ali and 

Seiford, 1990) or slack based models (Tone, 2011) are proposed. The convex hull created by this framework 

enclosing the input and outputs values of the DMUs marks the efficient production frontier. Thus, 

inefficient DMUs can reduce input consumption or augment output productions accordingly to reach the 

nearest point on the efficiency frontier. The primary advantage of this framework is that it derives the 

efficiency frontier empirically from the data sets without any presumption about the shape of the production 

function (Banker et al., 1984). There is an alternative definition of efficiency, in the presence of multiple 

inputs and outputs, based on relative productivity as the ratio of the weighted sum of the outputs to the 

weighted sum of inputs (Charnes and Cooper, 1984).  

 

A popular extension of DEA model is to consider multiple stages functioning in series to convert inputs 

into outputs. In a two-stage DEA model, the output of the first stage functions as inputs to the second stage. 

In this use-case of healthcare sectors in China, the inputs are Hospital beds and Doctors. If one considers 

operational efficiency to be the 1st stage, then the stage-1 outputs e.g., Patient Discharge, Death in 

Observation-room, and Death in Inpatient should be the input to stage-2 for measuring service quality which 

is captured by three indicators: Cases in Observation, Surgical Operation, Health Exam. However, this 

grossly mis-represent the entire process of healthcare management. Secondly, one must consider that the 

three outputs of operational efficiency as well as the three indicators of service quality all compete for the 

same set of input resources e.g., Hospital beds and Doctors. Thus, a stage-wise DEA analysis does not fit 

in the actual process of healthcare delivery system. 

 

The proposed models can be adopted individually to measure performance in individual aspects of 

productivity-oriented and quality-oriented approaches. The overall approach developed in this study 

integrates these two aspects and produces a single synthetic measure focused on the overall performance 

assessment. In DEA, time-varying data typically calls for window analysis to identify performance changes 

and frontier shifts (Asmild et al., 2004). Similar to a moving average, this analysis recognizes trends in 

performance over a fixed time period and examines the consistency of these performance trends. 

 

3.1 Proposed Methodology 

Quality metrics are denoted by 𝑞𝑘
𝑛. Under the assumption of constant return-to-scale assumption (CRS), the 

pure-operational efficiency of DMU ’O’ can be expressed as follows: 
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Max 𝜋𝑜
1 =   ∑

𝑐𝑟

𝑦𝑟
𝑜

𝑠
𝑟=1 + ∑

𝑐𝑝

𝑏𝑝
𝑜

𝑡
𝑝=1  

subject to  

∑ 𝜆𝑛
𝑁
𝑛=1 𝑥𝑖

𝑛 ≤ 𝑥𝑖
𝑜, ∀𝑖 ∈ 𝑚,  

∑ 𝜆𝑛
𝑁
𝑛=1 𝑦𝑟

𝑛 = 𝑦𝑟
𝑜 + 𝑐𝑟, ∀𝑟 = 1 … 𝑠,  

∑ 𝜆𝑛
𝑁
𝑛=1 𝑏𝑝

𝑛 = 𝑏𝑝
𝑜 − 𝑐𝑝, ∀𝑝 = 1 … 𝑡,  

𝜆𝑛 ≥ 0, ∀𝑛 = 1 … 𝑁.  

                                                                                                         (1) 

 

To obtain the BCC or VRS equivalent, the constraint ∑ 𝜆𝑛
𝑁
𝑛=1 = 1 for convexity principle needs to be added 

to model (1). The intensity variable 𝜆𝑛, ∀𝑛 = 1 … 𝑁 denotes the contribution of 𝑛th DMU in the 

construction of the frontier for the DMU under evaluation. The fraction of excess bad outputs 𝑐𝑝 and 

shortfalls of the desirable outputs 𝑐𝑟 are maximized parallelly. Both the output types are present in the 

model (1) and it reflects that the limited amount of input resources should be utilized to improve both the 

types of the outputs. Let the DEA model (1) be termed as DEA for operational efficiency, and the 

operational efficiency score be denoted by 𝜃𝑜
1 for 𝑂𝑡ℎ DMU. 

 

On the other hand, the productivity for quality metrics, alternatively, could be considered in reference to 

input consumptions. The corresponding pure-service-quality efficiency score can be calculated as: 

Max 𝜋𝑜
2 =   ∑

𝑐𝑘

𝑞𝑘
𝑜

𝐾
𝑘=1  

subject to  

∑ 𝜇𝑛
𝑁
𝑛=1 𝑥𝑖

𝑛 ≤ 𝑥𝑖
𝑜, ∀𝑖 ∈ 𝑚,  

∑ 𝜇𝑛
𝑁
𝑛=1 𝑞𝑘

𝑛 = 𝑞𝑘
𝑜 + 𝑐𝑘 , ∀𝑘 = 1 … 𝐾,  

𝜇𝑛 ≥ 0, ∀𝑛 = 1 … 𝑁.  

                                                                                                       (2) 

 

The quality measures are included in the objective expression but it does not take into account the 

operational metrics. Thus, model (2) can be termed as DEA for service quality, and the score 𝜃𝑜
2 for 𝑂𝑡ℎ 

DMU be called quality efficiency. 

 

In the previous two models, the framework explicitly tries to optimize the performance based on a single 

construct i.e., either operational efficiency or service quality. However, in real-life problems, decision 

makers are expected to optimize both these constructs simultaneously. The model for measuring the 

performance of the regions based on both operational and quality parameters can be obtained by combining 

the above two models into Equation (3). 

Max 𝜋𝑜
3 =   ∑

𝑐𝑘

𝑞𝑘
𝑜

𝐾
𝑘=1 + ∑

𝑐𝑟

𝑦𝑟
𝑜

𝑠
𝑟=1 + ∑

𝑐𝑝

𝑏𝑝
𝑜

𝑡
𝑝=1  

subject to  

∑ 𝛾𝑛
𝑁
𝑛=1 𝑥𝑖

𝑛 ≤ 𝑥𝑖
𝑜, ∀𝑖 ∈ 𝑚,  

∑ 𝛾𝑛
𝑁
𝑛=1 𝑦𝑟

𝑛 = 𝑦𝑟
𝑜 + 𝑐𝑟, ∀𝑟 = 1 … 𝑠,  

∑ 𝛾𝑛
𝑁
𝑛=1 𝑏𝑝

𝑛 = 𝑏𝑝
𝑜 − 𝑐𝑝, ∀𝑝 = 1 … 𝑡,  

∑ 𝛾𝑛
𝑁
𝑛=1 𝑞𝑘

𝑛 = 𝑞𝑘
𝑜 + 𝑐𝑘 , ∀𝑘 = 1 … 𝐾,  

𝛾𝑛 ≥ 0, ∀𝑛 = 1 … 𝑁.  

                                                                                           (3) 

 

The optimal solutions in the DEA models determine the cumulative percentage of shortfalls in the desired 

outputs and the excesses in the undesired outputs. The objective values can thus be interpreted as measures 

of improvement possibilities. It is important to note that the models can identify weak efficiency, and only 
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DMUs identified as strongly efficient are marked as efficient. 

 

In this particular use case, quality and efficiency are handled jointly in a single DEA model. Note, the same 

DEA model can be extended to incorporate more than two organizational goals e.g., sustainability, 

humanitarian operations, societal responsibilities and community engagement etc. Even though the 

objective of this paper is not to delve deeper into the multi-objective setting, a virtual use case is considered 

with 𝑙 number of constructs. The 𝑙𝑡ℎ construct has 𝐾𝑙 number of output indicators and the respective 𝑘𝑡ℎ 

output is denoted by 𝑦𝑙𝑘
𝑛  for 𝑛𝑡ℎ DMU. The following DEA model presents a generalizable performance 

evaluation framework: 

Max 𝜋𝑜
3′ =   ∑

𝑐1𝑘

𝑞𝑘
𝑜

𝐾1
𝑘=1 + ⋯ + ∑

𝑐𝑙𝑘

𝑞𝑘
𝑜

𝐾𝑙
𝑘=1  

subject to  

∑ 𝛾𝑛
𝑁
𝑛=1 𝑥𝑖

𝑛 ≤ 𝑥𝑖
𝑜, ∀𝑖 ∈ 𝑚,  

∑ 𝛾𝑛
𝑁
𝑛=1 𝑦1𝑘

𝑛 = 𝑦1𝑘
𝑜 + 𝑐1𝑘 , ∀𝑘 = 1 … 𝐾1,  

…  
∑ 𝛾𝑛

𝑁
𝑛=1 𝑦𝑙𝑘

𝑛 = 𝑦𝑙𝑘
𝑜 + 𝑐𝑙𝑘 , ∀𝑘 = 1 … 𝐾𝑙 ,  

𝛾𝑛 ≥ 0, ∀𝑛 = 1 … 𝑁.  

  

 

Lemma 1. All the three models (1), (2), and (3) are feasible and bounded. 

Since model (3) is in a more generalizable form than the other two, we provide evidence for both feasibility 

and boundedness based on Equation (3). The proofs for Equations (1) and (2) follow the same approach. 

At first, the feasibilities are checked. One obvious solution to Equation (3) is to assign a weight of unity for 

the DMU ’O’ and the rest are assigned zero weights. 

𝛾𝑜 = 1; 𝛾𝑛 = 0 ∀𝑛 ≠ 0.  
 

Not only are all the constraints satisfied, but the slack and surplus variables are set to zero: 𝑐𝑟, 𝑐𝑝, and 𝑐𝑘. 

Thus, model (3) solves and produces efficiency of DMU ’O’ to be 1 in a suboptimal solution. To prove the 

boundedness of Equation (3), the theory of dual linear programming (LP) is used. According to the duality 

property, if the dual problem of an LP is feasible, then the original LP is bounded. Therefore, the dual 

formulation of Equation (3) is written as follows: 

Min ∑ 𝑣𝑖
𝑚
𝑖=1 𝑥𝑖

𝑜 + ∑ 𝑢𝑟
𝑠
𝑟=1 𝑦𝑟

𝑜 + ∑ 𝑒𝑝
𝑡
𝑝=1 𝑏𝑝

𝑜 + ∑ 𝑤𝑘
𝐾
𝑘=1 𝑞𝑘

𝑜  

subject to  

∑ 𝑣𝑖
𝑚
𝑖=1 𝑥𝑖

𝑛 + ∑ 𝑢𝑟
𝑠
𝑟=1 𝑦𝑟

𝑛 + ∑ 𝑒𝑝
𝑡
𝑝=1 𝑏𝑝

𝑛 + ∑ 𝑤𝑘
𝐾
𝑘=1 𝑞𝑘

𝑛 ≥ 0, ∀𝑛 = 1 … 𝑁,  

−𝑢𝑟 ≥
1

𝑦𝑟
𝑜 , ∀𝑟 = 1 … 𝑆,  

𝑒𝑝 ≥
1

𝑏𝑝
𝑜 , ∀𝑝 = 1 … 𝑡,  

−𝑤𝑘 ≥
1

𝑞𝑘
𝑜 , ∀𝑘 = 1 … 𝐾,  

𝑣𝑖 ≥ 0, ∀𝑖; 𝑢𝑟, 𝑤𝑘, 𝑒𝑝 𝑢𝑛𝑟𝑒𝑠𝑡𝑟𝑖𝑐𝑡𝑒𝑑.  

                                           (4) 

 

The weights of desirable outputs and quality measures are negative; whereas the weights of inputs and bad 

outputs are positive. The signs of these notations can be interpreted from the first set of constraints: 

∑ 𝑣𝑖
𝑚
𝑖=1 𝑥𝑖

𝑛 + ∑ 𝑢𝑟
𝑠
𝑟=1 𝑦𝑟

𝑛 + ∑ 𝑒𝑝
𝑡
𝑝=1 𝑏𝑝

𝑛 + ∑ 𝑤𝑘
𝐾
𝑘=1 𝑞𝑘

𝑛 ≥ 0. It can be written as:  

∑ 𝑣𝑖
𝑚
𝑖=1 𝑥𝑖

𝑛 + ∑ 𝑒𝑝
𝑡
𝑝=1 𝑏𝑝

𝑛 ≥ − ∑ 𝑢𝑟
𝑠
𝑟=1 𝑦𝑟

𝑛 − ∑ 𝑤𝑘
𝐾
𝑘=1 𝑞𝑘

𝑛, ∀𝑛. 
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Let’s denote a new set of the weights for the desirable outputs, 𝑢̂𝑟 and quality measures 𝑤̂𝑘 as 𝑢̂𝑟 = −𝑢𝑟 

and 𝑤̂𝑘 = −𝑤𝑘 where both the new set of weights are positive. 

∑ 𝑣𝑖
𝑚
𝑖=1 𝑥𝑖

𝑛 + ∑ 𝑒𝑝
𝑡
𝑝=1 𝑏𝑝

𝑛 ≥ ∑ 𝑢̂𝑟
𝑠
𝑟=1 𝑦𝑟

𝑛 + ∑ 𝑤̂𝑘
𝐾
𝑘=1 𝑞𝑘

𝑛, ∀𝑛. 

 

Finally, dividing both sides by the LHS of the above expression gives the following ratio.  
∑ 𝑢̂𝑟

𝑠
𝑟=1 𝑦𝑟

𝑛+∑ 𝑤̂𝑘
𝐾
𝑘=1 𝑞𝑘

𝑛

∑ 𝑣𝑖
𝑚
𝑖=1 𝑥𝑖

𝑛+∑ 𝑒𝑝
𝑡
𝑝=1 𝑏𝑝

𝑛 ≤ 1, ∀𝑛. 

 

This ratio is an extended form of the ratio of the weighted outputs to the weighted inputs, following the 

classical definition of efficiency. The numerator is adjusted with the weighted quality measures since the 

inputs are now responsible for maintaining these quality measures along with the outputs. Similarly, the 

denominator is adjusted with the weighted bad outputs denoting the cost at which the desirable outputs and 

quality measures are produced. To prove the feasibility of Equation (4), assume that the second, third, and 

fourth sets of constraints are satisfied at equality. To achieve this, the weights of good outputs, bad outputs, 

and quality measures are set accordingly as follows: 

𝑢𝑟 = −
1

𝑦𝑟
𝑜 , ∀𝑟 = 1 … 𝑆, 𝑒𝑝 = −

1

𝑏𝑝
𝑜 , ∀𝑝 = 1 … 𝑡, 𝑤𝑘 = −

1

𝑞𝑘
𝑜 , ∀𝑘 = 1 … 𝐾. 

 

The lower limit of the weighted inputs is thus set as: 

∑ 𝑣𝑖
𝑚
𝑖=1 𝑥𝑖

𝑛 ≥ ∑
𝑦𝑟

𝑛

𝑦𝑟
𝑜

𝑠
𝑟=1 + ∑

𝑞𝑘
𝑛

𝑞𝑘
𝑜

𝐾
𝑘=1 − ∑

𝑏𝑝
𝑛

𝑏𝑝
𝑜

𝐾
𝑘=1 . 

 

Now, it is known that not all 𝑥𝑖
𝑛s are zero (i.e., output production is not possible without any inputs). 

Therefore, the values of 𝑣𝑖 can be set arbitrarily high to satisfy the above condition. This proves that 

Equation (4) is feasibly and this implies that Equation (3) is bounded. 

 

None of the DEA models, (1), (2) or (3) reports efficiency score directly. The optimal objective value 

denotes the amount of total inefficiency as a fraction of the respective parameters. Yet, one may conclude 

that the efficiency varies inversely with the total inefficiency i.e., 𝜋𝑜
1, 𝜋𝑜

2, and 𝜋𝑜
3. The resultant efficiency 

score can be thus formulated as 𝜃𝑜
1 =

1

1+𝜋𝑜
1, 𝜃𝑜

2 =
1

1+𝜋𝑜
2, and 𝜃𝑜

3 =
1

1+𝜋𝑜
3. A DMU is efficient when the 

cumulative fractional slacks and surpluses sum up to zero. It is important to note that the slacks are 

expressed as the fraction of the input and output to make the measure of inefficiency unit invariance. The 

separability of the inefficiency as denoted by the slack and surplus variables in the objective function based 

on their association to the productivity or quality aspect enables us to examine the extent of compatibility 

between the two. 

 

Definition 1. A DMU is said to be strongly efficient if no inputs or outputs can be improved without 

worsening other inputs or outputs.  

 

Relative efficiencies in DEA model (3) is always calculated over a set of feasible production-mixes i.e., by 

𝑇 = {(𝑥, 𝑦, 𝑏, 𝑞) | 𝑥 ≥ ∑ 𝛾𝑛
𝑁
𝑛=1 𝑥𝑖

𝑛, 𝑦 ≤ ∑ 𝛾𝑛
𝑁
𝑛=1 𝑦𝑟

𝑛, 𝑏 ≥  ∑ 𝛾𝑛
𝑁
𝑛=1 𝑏𝑝

𝑛, 𝑞 ≤ ∑ 𝛾𝑛
𝑁
𝑛=1 𝑞𝑘

𝑛}. In other words, 

input 𝑥 produces good and bad outputs 𝑦 and 𝑏 while maintaining quality metrics at level 𝑞. The weak 

efficiency frontier for production possibility set T is given by 𝔽𝑤(𝑇) = {{(𝑥, 𝑦, 𝑏, 𝑞) | 𝑥 >  𝑥, 𝑦 < 𝑦,̂  𝑏 >

𝑏̂ , 𝑞 <  𝑞̂  ⇒ (𝑥, 𝑦,̂ 𝑏̂, 𝑞̂) ∉ T}. When the inequalities conditions are satisfied strictly and (𝑥, 𝑦,̂ 𝑏̂, 𝑞̂) ∈ T, 

then we can say that (𝑥, 𝑦,̂ 𝑏̂, 𝑞̂) strongly dominates (𝑥, 𝑦, 𝑏, 𝑞). The reason it is called weakly efficient 

because it ignores the possibility of unilateral improvement in one or a few of production parameters 

(𝑥, 𝑦, 𝑏, 𝑞). For example, for a point on the weakly efficient frontier: (𝑥, 𝑦, 𝑏, 𝑞) ∈ 𝔽𝑤(𝑇) if ∃ (𝑥, 𝑦,̂ 𝑏̂, 𝑞̂) ∈
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T such that 𝑥 >  𝑥, 𝑦 = 𝑦,̂  𝑏 = 𝑏̂ , 𝑞 =  𝑞̂, one cannot say (𝑥, 𝑦,̂ 𝑏̂, 𝑞̂) strongly dominates (𝑥, 𝑦, 𝑏, 𝑞) and 

hence both of them have the same weak efficiency. But as per definition 1, since the input vector can be 

improved 𝑥 < 𝑥, without worsening good output (𝑦), bad output (𝑏), or quality (𝑞), the current product mix 

(𝑥, 𝑦, 𝑏, 𝑞) is not strongly efficient. 

 

Lemma 2. All the three models (1), (2), and (3) report “strong” efficiencies. 

 

Suppose DMU-O is not “strongly” efficient with product mixes as (𝑥𝑜, 𝑦𝑜, 𝑏𝑜, 𝑞𝑜). This means at least one 

of the inequalities is satisfied strictly: 𝑦 ≤ ∑ 𝛾𝑛
𝑁
𝑛=1 𝑦𝑟

𝑛, 𝑏 ≥  ∑ 𝛾𝑛
𝑁
𝑛=1 𝑏𝑝

𝑛, 𝑞 ≤ ∑ 𝛾𝑛
𝑁
𝑛=1 𝑞𝑘

𝑛. Suppose, it is 

the input constraint that is satisfied at strict inequality. Now, if ∑ 𝛾𝑛
𝑁
𝑛=1 𝑦𝑟

𝑛 > 𝑦𝑟
𝑜, then 𝑐𝑟 > 0. Thus, 𝜋𝑜

3 >
0 and 𝜃𝑜

3 < 1, i.e., the DMU-o is not efficient in (3). Clearly DMU-o is efficient in model (3) if 𝜃𝑜
3 = 1, or 

𝜋𝑜
3 = 0. In other words, 𝑐𝑟 = 0, 𝑐𝑝 = 0, and 𝑐𝑘 = 0. Therefore, the output and quality constraints are held 

at equality: 𝑦 = ∑ 𝛾𝑛
𝑁
𝑛=1 𝑦𝑟

𝑛 , 𝑏 =  ∑ 𝛾𝑛
𝑁
𝑛=1 𝑏𝑝

𝑛, 𝑞 = ∑ 𝛾𝑛
𝑁
𝑛=1 𝑞𝑘

𝑛. It also means that ∄(𝑦, 𝑏, 𝑞) ∈ T such that 

𝑦 > 𝑦𝑜 or 𝑏 < 𝑏𝑜 or 𝑞 > 𝑞𝑜. Therefore, DMU-o is “strongly” efficient. A similar approach shows the same 

for model (1) and (2). 

 

The optimal solution of Equation (3), can be expressed as the summation of operational slack 𝜋𝑜
31 =

∑
𝑐𝑟

𝑦𝑟
𝑜

𝑠
𝑟=1 + ∑

𝑐𝑝

𝑏𝑝
𝑜

𝑡
𝑝=1  and quality slack 𝜋𝑜

32 = ∑
𝑐𝑘

𝑞𝑘
𝑜

𝐾
𝑘=1 . Such decomposition leads to the separation of 

operational and quality efficiency, denoted by 𝜃𝑜
31, and 𝜃𝑜

32 respectively, from the overall efficiency. They 

are calculated as 𝜃𝑜
31 =

1

1+𝜋𝑜
31, and 𝜃𝑜

32 =
1

1+𝜋𝑜
32. To distinguish it from 𝜃𝑜

1 and 𝜃𝑜
2, the newly developed 

scores 𝜃𝑜
31, and 𝜃𝑜

32 are termed as "overall-operational" and "overall-quality" efficiency score. It is clear 

from Equation (3), that the same amount of inputs are consumed to enhance the capabilities along two 

dimensions efficiency and quality. If more inputs are employed to improve quality, the operational 

measures suffer and vice-versa. Therefore, they share a substitutable relation between them. Such types of 

compromises are known as zero-sum trade-offs in manufacturing literature (Sarmiento and Shukla, 2011). 

 

Theorem 1. The decomposed operational (or service quality) efficiency score in Equation (3) sets the 

maximum value of the operational efficiency in Equation (1) (or service quality in Equation (2)). 

Suppose the optimal solution of Equation (3) is 𝛾𝑛
∗, 𝑐𝑟

∗, 𝑐𝑝
∗ , and 𝑐𝑘

∗. It is important to note that this solution 

is feasible in both pure-operational and pure-service-quality DEA models i.e., Equations (1) and (2), 

respectively. This implies that at optimality 𝜋𝑜
31 ≤ 𝜋𝑜

1 and 𝜋𝑜
32 ≤ 𝜋𝑜

2 conditions hold. As a result, the 

efficiency scores in Equations (1) and (2) are bounded from above by the decomposed operational and 

service-quality based efficiency scores in Equation (3): 𝜃𝑜
31 ≥ 𝜃𝑜

1 and 𝜃𝑜
32 ≥ 𝜃𝑜

2. 

 

In addition, model (3) expresses the inefficiency measure as 𝜋𝑜
3 =   ∑

𝑐𝑘

𝑞𝑘
𝑜

𝐾
𝑘=1 + ∑

𝑐𝑟

𝑦𝑟
𝑜

𝑠
𝑟=1 + ∑

𝑐𝑝

𝑏𝑝
𝑜

𝑡
𝑝=1 . Since, 

it reports strong-efficiency, i.e., if any single value of 𝑐𝑘, 𝑐𝑟 or 𝑐𝑝 is non-zero then 𝜋𝑜
3 > 0. Therefore, any 

efficient DMU in model (3) will have 𝜋𝑜
3 = 0. As a result, the individual measures of inefficiency in quality 

and operational efficiency are both zero: 𝜋𝑜
31 = ∑

𝑐𝑟

𝑦𝑟
𝑜

𝑠
𝑟=1 + ∑

𝑐𝑝

𝑏𝑝
𝑜

𝑡
𝑝=1 = 0 and 𝜋𝑜

32 = ∑
𝑐𝑘

𝑞𝑘
𝑜

𝐾
𝑘=1 = 0. Thus, 

strong-efficiency is preserved in the case of both quality and operational efficiency measure.  

 

Though the theoretical construct of Equation (3) ensues substitutability between them, the framework 

analyzing actual data might lead to a different observation. Quality measures and operational efficiency 

may have a circular relationship where one influences the other. For example, thorough healthcare 

examinations and observations in the room might result in fewer fatalities among inpatients. Contrary to 



Pandey & Singh: Incorporating Contextual Factors into a Comprehensive Analysis of … 
 

 

311 | Vol. 10, No. 2, 2025 

the popular wisdom of substitutability and differentiality, the overall approach in Equation (3) demonstrates 

the need for a minimum level of compatibility, as the two aspects are adjusted to optimize the cumulative 

result. There are seminal works theorizing these concepts (Schmenner and Swink, 1998) that advanced the 

concept of frontier trade-offs, which is consistent with the idea of potential cooperation between two 

competitive constructs. The overall DEA framework represents a balanced approach in contrast to operation 

and quality-centric approaches. Nonetheless, decision-makers need to quantify the loss of one metric due 

to the incorporation of another. This measure has been captured by the cost of efficiency value as derived 

below: 

𝐶𝑜𝐸 =
𝜋𝑜

2−𝜋𝑜
32

𝜋𝑜
2 . 

 

The amount of quality loss equals the difference between the scope of the percentage improvement in 

quality metrics in quality-centric approach and in the overall approach. The quality loss when scaled 

relatively to the maximum achievable quality improvement, it is termed as Cost of Efficiency (CoE). Note, 

the cost of efficiency attains its highest value of 1 or 100% when the scope of improvement in quality 

metric in the overall approach becomes zero. This presents a situation where the quality aspect of healthcare 

service is completely ignored in favor of operational efficiencies. Then CoE attains its lowest value of 0. 

 

Similarly, we define the cost of quality as the efficiency loss due to the incorporation of the quality aspect 

of healthcare service and can be denoted by, 

𝐶𝑜𝑄 =
𝜋𝑜

1−𝜋𝑜
31

𝜋𝑜
1 . 

 

The value of the metric varies between zero and one. When the cost of quality is very high (almost 1), it 

can be concluded that the aspect of operational efficiency is completely discounted in favor of the quality 

of service. 

 

In healthcare sector, introduction of high-technology treatment, process innovation, or new practices can 

improve the resulting outcomes and it happens frequently. As classical DEA models focus on static 

performance evaluation, it fails to measure the gradually evolving state of production systems in a particular 

sector. The total planning horizon of 𝑇 years is divided into (𝑇 − 𝑊 + 1) number of windows of length 𝑊 

(= 3 or 4 years). To incorporate the inter-temporal factors, classical DEA framework had been extended 

(Cooper et al., 2007) where each of the production units in each year is evaluated against its peers in the 

same year and all production units (including itself) in rest of the years in the same window. The length is 

set in such a way that there is minimal amount of variability in terms of technical changes that makes the 

comparison of peers within a window as fair as possible. The other advantage of using all the DMUs within 

a window of length 𝑊 is that it helps to the train the classification algorithm with more data than what 

would have been possible with a single year analysis. 

 

4. Classification Algorithms 
Since the DMUs operate in a larger economic and social setup, often there is significant impact of external 

environment factors on the performance metrics of those DMUs. One popular way to assess such impact is 

use of OLS regression. However, the underlying assumptions of regression are required to be fulfilled. 

Often such assumptions are violated in real world problems and two primary reasons for that are: one, the 

independent variables should have no or very low correlation. The explanatory variables broadly belong to 

five categories e.g., Medical, Education, Public Health, Wealth, and miscellaneous. Thus, assumption of 

uncorrelated features is difficult to hold in our case-study. Two, the error should follow normal distribution 

with zero mean and a constant variance. Since in DEA the efficiency scores are mostly skewed and use of 
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a linear function is difficult for approximation. However, such difficulties can be circumvented by the use 

of a technique that does not require such the restrictive assumptions. Machine Learning techniques such as, 

Support Vector Machine (SVM), Decision Tree (DT) and Naïve Bias (NB) classifiers can handle correlated 

features. Furthermore, these techniques can accommodate non-linear relationships among predictors. 

 

Once the first level of analysis is completed using DEA, the efficiency scores of the DMUs need to be 

clustered into well-defined classes. In most efficiency clustering studies so far, researchers have segregated 

DMUs into a pre-determined set of classes based on their efficiency scores (Tsolas et al., 2020) However, 

this study takes a dynamic approach where the number of clusters is determined based on the similarity-

dissimilarity measures of the underlying efficiency scores. 

 

One of the primary objectives of this study is to predict the future classification of a futuristic DMU based 

on the given set of inputs and outputs. The proposed framework function independently of any pre-defined 

set of clusters but rather depend on natural clustering of data. In unsupervised learning, there is no labelling 

of cluster number, even though there might be hidden cluster patterns in the data. To achieve this, we have 

used K-means clustering method. For a given value of 𝑘, the number of clusters, the data points are 

classified into 𝑘 partitions to optimize an objective function: the similarity among points in the same cluster. 

This method starts with 𝑘 arbitrarily chosen points acting as centroids of 𝑘 clusters, and the remaining 

objects are assigned to one of these 𝑘 clusters, which has the minimum distance, or highest similarity. It 

then calculates new centroid for each cluster. Finally, it converges after a number of iterations when the 

centroids of the cluster stop getting changed in successive iterations. If there is no natural clustering rule 

available, 𝑘 is chosen arbitrarily.  

 

The value of 𝑘 is determined through two techniques: Silhouette index and Elbow method. In the Elbow 

method, the sum of squared distances between each data point in a cluster and the centroid of the cluster is 

considered. As the number of clusters increases, the distance falls. However, there exists a point up to which 

the fall is significant, but after that point, the fall becomes marginal. To avoid overfitting the model, the 

optimal 𝑘 value is considered, where the sum of square distance stops decreasing at a significantly faster 

rate. 

 

However, because it unilaterally focusses on only intra-cluster distance i.e., the similarity among cluster 

points, the measures of dissimilarities among points in different clusters mostly get ignored. Thus, it is 

always a good idea to combine the results of Elbow method with the Silhouette index, which places equal 

importance on similarity within clusters and dissimilarity among different clusters. In Silhouette index, for 

each data point 𝑖 in a particular cluster, say M, the inter-cluster distance between the point under 

consideration 𝑖 and all other points 𝑗 in the closest cluster, say N, is calculated and the mean distance is 

denoted as 𝑥(𝑖). Similarly, the average distance between the specific data point 𝑖 and other data points, 𝑖′, 

in the same cluster M, is denoted by 𝑦(𝑖). The Silhouette index value is calculated as a ratio: 
𝑥(𝑖)−𝑦(𝑖)

𝑀𝑎𝑥{𝑥(𝑖),𝑦(𝑖)}
. 

The closer the value is to one, the better the classification. To enhance the robustness of the model, we have 

consulted the outputs of both methods. 

 

Since the objective of the second phase of the analysis is to explore the interdependency of healthcare 

efficiency on various environmental and contextual variables. This study has not reused the input and output 

variables in the training of the supervised machine learning algorithms. Furthermore, the accuracy 

indicators only reinforce our conclusions regarding the interdependency of efficiency level on external 

factors. Although accuracy measures are important indicators of the efficiency of the classification models, 

these measures are not used from this perspective in this study. The purpose of these classification 
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algorithms is to predict the efficiency class of a region based on environmental or contextual factors. 

  

It is important to note that the phase two is multiclass classifier model. A range of classifying techniques 

are used to suit the nature of the data, such as Decision Tree (DT), Logistic Regression (LR), Support Vector 

Machine (SVM), and Naïve Bias (NB) classifier. One advantage of these algorithms, except SVM, is that 

it can handle qualitative (categorical or nominal/ordinal) variables. Categorical variables need to be pre-

processed using dummy variables for SVM. Except for logistic regression, there are no pressing 

assumptions to be fulfilled for the application of the classification techniques.  

 

4.1 Feature Selection 
We initialize the analysis by employing ad-hoc features that were selected based on our domain knowledge 

and a literature survey. The five overarching factors; Public health, medical resources, Education, Wealth 

indicators, and Miscellaneous factors together comprise a total of 33 sub-factors. Due to the limited data 

points (regions) relative to the number of features, it is necessary to control the degrees of freedom of the 

DMUs by restricting the number of features within a specified limit. The literature refers to the phenomenon 

of numerous features overwhelming the few training examples as the curse of dimensionality (Charles et 

al., 2019). Another potential benefit derived from this approach is the reduction of redundancy, particularly 

when dealing with other variables or set of variables.  

 

To select features with maximum discriminatory power, we employ rank techniques to order them before 

selecting top features. This method is popular due to its simplicity and effectiveness in practical applications 

(Chandrashekar and Sahin, 2014). For this purpose, we utilize variable ranking approach where each feature 

𝑖 is assigned a scoring function 𝑆𝑖 and the features are arranged in decreasing order of 𝑆𝑖. A substantial 

body of literature is dedicated to the information-theoretic approach for deriving scores for ranking 

(Bekkerman et al., 2003; Forman, 2003). Mutual information calculations between explanatory and target 

variables have also been explored (Dhillon et al., 2003; Torkkola, 2003). 

 

However, relying solely on the ranking score may introduce redundancy in the model. Achieving the current 

level of accuracy might be possible with a smaller subset of variables in the absence of redundancy. To 

mitigate such situations, we also incorporate correlation among the variables as a filtering criterion before 

including them in the classification model. 

 

Although high model accuracy is always a desirable trait in any data-driven analysis, it often leads to the 

inclusion of an increasing number of explanatory variables in the analytic technique. However, in 

managerial decision-making, a more crucial aspect is to identify the most important set of variables that 

truly drive the interrelationship with the dependent variable. This step also eliminates variables with high 

correlation to other explanatory variables. The inclusion of interdependent or colinear variables does not 

significantly enhance explanatory power and can destabilize current analytical techniques. To address the 

importance of variables while avoiding correlated variables, we have implemented a two-step validation 

technique. 

 

The variable importance is measured using an information theory metric known as information gain, which 

is proportional to how much information a feature holds about a particular class (Gray, 2011). It is based 

on entropy calculation, which measures the impurity or uncertainty in a dataset. Information gain represents 

the reduction in entropy in the class if we split the dataset according to the feature. Once we calculate the 

information gains of each variable, we arrange them in decreasing order. Initially, the top most variable on 

the list is selected by default. We choose the second-highest variable only if it does not have a high 

correlation with the first one. This process continues we exhaust all the variables.  
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4.2 Decision Tree 
It is a tree-based classification model that splits the data in a top-down manner, following a greedy approach 

(Quinlan, 1986). Some of the most widely used versions are ID3, C4.5, and CART. This technique is 

popular due to the simple interpretation of its result. It graphically illustrates how a decision is made and 

the criteria that guide the decision-making process. The model selects the feature with the highest 

information gain value to split the root node and, in the next step, chooses the best variable to split each of 

the leaf nodes. It recursively uses this divide-and-conquer philosophy until it exhausts all the variables or 

reaches a state of pure classification node. Since information gain has already been used to select variables, 

a different attribute selection criterion is employed, known as the Gini index. To address the overfitting 

problem in our study, we have set a limit to the depth of the tree, determining how many times the non-leaf 

nodes can be split; this technique is also called tree-pruning (Quinlan, 1987).  

 

4.3 Logistic Regression 
It is one of the earliest and most widely used classification methods. It can be conceptualized as a linear 

regression; however, the dependent variable is then transformed using sigmoid function, ensuring it ranges 

between 0 and 1. This transformed value serves as the probability of the event occurring. Logistic regression 

is highly effective and easy to apply in binary classification problems, as it maps the variable space into 

probability space where the method anticipates either of the two discrete values, 1 or 0. However, for the 

purposes of this study, we have used one-vs-rest (OVR) technique for all the binary classifiers to ensure 

that they perform equally well in multiclass problems. In the OVR technique, the multiclass problem is 

decomposed into multiple binary classification problems. In each of these problems, one class is examined, 

while the rest of the classes are combined into a single class referred to as “the rest” class. 

 

4.4 SVM Classifier 
This technique is based on finding a supporting hyperplane that separates the two classes while maximizing 

the margin between them. The objective is to determine an equation in higher dimensions. Data points can 

exist on either side of this plane, which is derived by inputting the values of the points into the hyperplane 

equation. In a binary classification problem, the two classes can be associated with the positive and negative 

signs of hyperplane equation when solved for a particular data point. The absolute value of the equation 

represents the distance of the point from the plane and serves as a reliability measure.  

 

4.5 Naïve Bayes 
The working of this classifier is based on the statistical theory of Bayes’ theorem. It calculates the posterior 

probability of a hypothesis, which is “the observed data point belongs to a particular class”. It can be shown 

that the posterior probability is directly proportional to the probability of the observed point given the 

hypothesis, under the assumption that the probability of the observed point and probability of the hypothesis 

are equal across the classes. One fundamental assumption behind this is that the features are independent 

of each other for any given class.  

 

5. Applications to Chinese Healthcare System 

5.1 Input-Output Selection 
China’s healthcare sector is primarily structured into three levels: primary, secondary, and tertiary (Lu et 

al., 2008). Primary healthcare encompasses prevention services, medical care, rehabilitation, and family 

planning. At the secondary level, the routine services and major diseases are managed by community health 

centers and hospitals. Third-level healthcare institutions lack support, both technically and financially, from 

higher-tier institutions. Therefore, we exclude these health centers from the scope of our study. Previous 

research (Song et al., 2019) has provided significant evidence of considerable spillover effects during 
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patients transition between hospitals. To address these externalities, we evaluate healthcare performance in 

each of China’s 31 provinces or regions, rather than focusing on individual medical units. Such aggregated 

data annuls the need to address micro-level data e.g., the complexities of the diseases (as often indicated by 

case mix index) or the severity of the patients. 

 

Previous studies have shown that health factor of any region depends on various factors such as 

demographics, socio-economic conditions, the financial wellbeing of the citizens, and ecological 

parameters, among others (Hood et al., 2016). In the second phase of our study, we investigated the 

underlying association between external factor or a set of factors and health-service efficiency. Instead of 

choosing a-priori a set of external factors, our study identifies a set of overarching constructs, including the 

constructs that are remotely associated with the health-sector), which can severely impact health services. 

This study has excluded irrelevant factors to avoid any spurious correlation. Afterward, we consider all 

possible variables within each of these constructs. A set of feature selection criteria has been imposed on 

the entire dataset to remove highly correlated data and data that have little impact on health outcomes.  

 
Table 1. Descriptive statistics of input and output parameters. 

 

Summary Inputs Operational output Quality 

 Bed Doctor Patient 

discharge 

Death in 

observation-room 

Death in 

inpatient 

Cases in 

observation 

Surgical 

operation 

Health 

exam 

Mean 305.7 85561.2 729.15 15.07 27.95 163.77 164.94 1460.97 

Variation 347.88 2782496101 234886.18 266.86 444.92 18158.4 14266.1 2525655.7 

Std. Dev. 18.65 52749 484.65 16.33 21.1 134.75 119.44 1589.23 

Max. 349.6 210806 1684.2 71.70 77.34 561.4 556.46 8490.95 

Min. 271.5 4791 28.71 1.828 6.9 91.4 4.98 142.2 

Range 78.1 206015 1655.5 71.51 76.66 552.26 551.48 8348.75 

 
 

5.2 External Variable Selection 
Outcomes of healthcare service are impacted by a wide range of factors beyond just the healthcare 

infrastructure. This includes socio-economic factors, standard of living, promotion and awareness of 

healthy behaviors among the citizens, physical environment, to name a few. We chose to categorize our 

external variables into five broad categories: Public health measures, medical factors and infrastructure, 

educational factors, Wealth indicators, and other Miscellaneous factors Within each of these overarching 

categories, we further identified a set of more quantifiable variables. Figure 3 represents the schematic 

overview of quantitative techniques and the nature of the underlying data sets. Tables 10, 11, 12, 13 and 

14 in appendix (B) exhibit the summary statistics of all such quantifiable variables under the five broad 

categories. 

 

5.3 Empirical Results 
This section explains how to derive useful insights from the two-phase analytical framework. The data is 

obtained from the Statistical Yearbook, China. An overview of the data for the 31 provinces of China is 

presented in Table 1. The average overall efficiency for window-1 (i.e., from 2013 to 2015), for the Chinese 

regional health administrations stands at 58%. Regions such as Fujian, Hunan, Guandong, and Qinghai 

have attained the optimal level of outputs. Some regions such as Jiangsu, Sichuan, and Yunnan fell just 

short of achieving full overall efficiency. Previous research works considered only a sub-set of the input-

output variables used in this paper (Li et al., 2019; Jiang et al., 2017). Understandably, the results have 

changed-but not for the highly inefficient regions. For example, Jilin, Hebei, Inner-Mongolia, and Liaoning 

have consistently performed poorly (Jiang et al., 2017).  
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Interestingly, Fujian, Hunan, and Guandong are the three regions that exhibit full efficiency throughout the 

periods studied here. Jiangsu, Yunnan, Qinghai, and Jianxi maintain a very high-efficiency standard with 

minimal variance across the years (see Figure 4 for window-1, and Figures 5 to 7 in Appendix (A) for 

windows -2, -3, -4, respectively). The rest of the regions perform poorly in either of the two aspects of 

medical parameters. Beijing, Inner Mongolia, Jilin, Heilongjiang, and Shaanxi require the deployment of 

an all-around development plan and policy restructuring to bridge the wide gap (the cumulative increment 

of output needs to be at least around 80%) in performance compared to the efficient regions. A similar type 

of inequality trend based on geographical area has been quantified by Zhang et al. (2018). A few regions, 

such as Chongqing, Henan, and Anhui have enough room for improvement (projected output increment 

should cumulatively be approximately 30% ). 

 

 
 

Figure 3. Schematic view of the analysis framework. 

 

 

 
 

Figure 4. Window-1 average efficiency of regional health sectors. 

 

Improvement is quantified by analyzing the 3-year moving average of the efficiencies of the regions. This 

kind of trend is more reliable than a year-on-year analysis, as the average efficiency of three years in every 

window cancels out any external fluctuations and accidental outliers. The comparative analysis for window 

-2 to -4 can be found in Appendix (A). Based on the scores, the Chinese regions can be divided into three 

groups. Within the first group, some regions made continual improvements, such as Yunnan (90% to 
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100%), Ningxia (67% to 90%), Chongqing (70% to 100%), Shandong (60% to 78%), Hubei (51% to 

62%), Xinjiang (17% to 25%), Inner Mongolia, and Jilin (9% to 12%). Whereas several other regions 

exhibit only a recent increment trend, such as Beijing, Fujian, Hubei, and Yunnan, Shaanxi. The second 

group includes regions that managed to maintain their efficiencies across the windows, such as Tianjin, 

Zhejiang, Liaoning, Jiangsu, and Hebei. There is serious concern over the third group where the efficiency 

trend of a handful of regions has exhibited a continual drop, e.g., Henan (90% to 73%), Hainan (55% to 

28%), Guangxi (62% to 43%) Gansu (60% to 50%), Anhui (85% to 74%).  

 

The primary finding of this study is the breakup of overall efficiency into quality-centric and efficiency-

centric scores. If one considers the overall efficiency scores, they hover around the value of 58% across all 

the windows with very small variations. However, this observation is grossly misleading. In Table 2, the 

year-wise efficiency scores for operational, quality, and overall approaches are reported. The scores show 

a continual improvement of operational efficiency. Whereas similar upward trends in the other two aspects 

remain sporadic indicating insufficient resources for performing adequate surgeries and conducting proper 

health examination. In order to smoothen out yearly fluctuation due to uncontrollable and unforeseen 

determinants, in Figure 5 exhibits moving-window based efficiency assessment and it clearly shows that 

quality score is dropping (except in window-4). On the other hand, efficiency scores remain at 68% after a 

slow start in window-1. It is safe to conclude that the Chinese health sector is currently more efficiency 

driven.  
Table 2. Year-wise efficiency score for quality, operational, and overall measure. 

 
 2013 2014 2015 2016 2017 2018 

Quality 0.64 0.66 0.60 0.61 0.61 0.64 

Operational 0.61 0.67 0.64 0.68 0.69 0.73 

Overall 0.61 0.58 0.56 0.58 0.58 0.62 

 
 

The efficiency trends of the quality and operations -specific approaches vary to a great extent (Figure 5). 

There are sixteen regions that gradually improved their operational efficiency over the years, e.g., Anhui, 

Beijing, Guangxi, Hainan, Jianxi, Jiangsu, Tianjin, etc. This number reduces to only eight in service quality 

efficiency. Regions like Gansu, Hunan, Jiangxi, Shaanxi, Shanghai, and Yunnan exhibited high quality 

trends.  

 

 
 

Figure 5. Average window efficiency in the three approaches. 
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In the overall performance metric, only six regions observed considerable decline in operation efficiency: 

Shanxi, Jiangsu, Guangxi, Hainan, Guizhou, and Gansu. This number grows to eleven in service quality 

e.g., Tianjin, Hebei, Shanxi, Liaoning, Jiangsu, Anhui, Henan, Guangxi, Hainan, Sichuan, and Gansu. An 

important insight for the policy-makers is that the regions that suffered poor service quality have 

predominantly exhibit poor operational efficiency. Even though researchers exploring the impact of quality 

on the operational efficiency have reached conflicting conclusions, it is very evident from our study that 

safety- measured by health examine- and effective medical treatment-measured by observation cases and 

surgery largely determine the outcome of this sector namely patient discharge and low mortality rate. 

Previous studies (Zhang et al., 2018) also indicate to the fact that institutional infrastructure is a major 

source of inequity which further justifies the findings of this paper. Zhang et al. (2018) also showed that 

inequity among the provinces with respect to institutional infrastructure is gradually improving. In our 

study, we have gone one step further in our analysis which reveals that as higher number of surgeries are 

undertaken, it improves both the fatality rates among inpatients and observation room. 

 

The upkeep and maintenance of quality standards are often disregarded in hospitals. This is evident from 

the share of inefficiency emanating from the three quality measures, which approximately account for 75% 

of the total overall inefficiency, on average (Figure 6). Figure 6 also shows the individual contributions of 

all the outputs to the overall inefficiencies in the healthcare system. There are a few interesting trends, e.g., 

the share of observation cases has been increasing considerably. A similar trend is observed for health 

exam, where its share increases from 9% in window-1 to 25% in window-4.  

 
(a) Window-1 (b) Window-2 

 

 

(c) Window-3 (d) Window-4 

  

 
 

Figure 6. Sources of inefficiency in overall approach (window wise). 
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However, if we turn our focus towards quality-centric approach, where we concentrate on the indicators 

primarily responsible for high-quality healthcare service, an opposite trend is found as observed in the 

overall approach (Figure 7). For example, the individual contribution of the observation room has 

significantly decreased over time. However, the number of health exams has become more severe in the 

health service sector. The primary sources of inefficiency in medical health services have not changed much 

over the time horizon. The pattern here is the same as in the overall approach, wherein the observation cases 

contribute to almost 60% of total health issues, followed by health examinations (30%), and Surgury 

(10%) (see Figure 7). 

 

 

When all the resources are targeted towards improving operational efficiency in terms of the number of 

patients and fatality rates (bad outputs), the window-wise trends for operational efficiencies are not 

consistent, as in the previous two cases (Figure 8). However, in most cases, fatality in observation cases 

has been the most predominant contributor to overall inefficiency. There has been a significant 

improvement in patient discharge from 40% to 7% of total inefficiency. The other two factors, number of 

patients treated and inpatient fatality, vary greatly in terms of their share of inefficiency.  

 

 
(a) Window-1 (b) Window-2 

  

(c) Window-3 (d) Window-4 

  

 
 

Figure 7. Sources of inefficiency in quality-centric approach (window wise). 
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(a) Window-1 

 

(b) Window-2 

 

(c) Window-3 

 

(d) Window-4 

 
 

Figure 8. Sources of inefficiency in operational approach (window wise). 

 

The classification of the efficiency scores in window-1 for overall efficiency is performed based on the 

optimal k-value, as shown in Figures 9(a) and 9(b). A similar approach is taken to calculate the same for 

window -2, -3, and -4. 
 

 
 

(a) (b) 

 

Figure 9. Selection of optimal K value. 
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The next step in the prediction model is to list all the variables in each of the five constructs. In order to 

keep only the relevant health factors, yet not redundant, the information gain value and the correlation 

coefficients for window-1 are shown in Figures 10(a) and 10(b). 
 

  

(a) (b) 
 

Figure 10. Information gain and correlation coefficients of medical factors. 

 

If we follow the two-step validation method, as discussed earlier for feature selection, the first choice should 

be “Visit”. As per the IG value, Year-end-Maternity insurance factor should get selected. However, it is 

highly correlated with “Visit” and thus, is dropped. In a similar way, if we progress, licensed assistant 

doctor and technical personnel are selected. The similar analysis for window -2, -3, and -4 is given in 

Figures 8, 9, and 10 in Appendix C. 

 

Interestingly, all the variables in the Education construct for window-1 are highly correlated (Figure 11(b)). 

Therefore, despite the high predictive power of the individual variables (Figure 11(a)), only the one with 

the largest IG value “Insti” gets selected. The same analysis for windows -2, -3, and -4 can be found in 

Figures 11, 12, and 13 in Appendix C. 

 

  
(a) (b) 

 

Figure 11. Information gain and correlation coefficients for educational factors. 
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(a) (b) 

 

Figure 12. Information gain and correlation coefficients for wealth indicators. 

 

 

The construct “Wealth” has Guaranteed Livelihood with the largest IG value Figure 12(b). However, it is 

highly correlated with two variables: minimum living allowances in rural and urban areas. Thus, the last 

choice is per capita consumption and expenditure. The same analysis for windows -2, -3, and -4 are 

available at Figures 17, 18, and 19 in Appendix C. 

 

The construct “Public Health” has water supply as the variable with the highest IG value (Figure 13(a)). 

Both variables, public laboratories and area under cleaning program have very high correlation (Figure 

13(b)). Thus, the next two best variables, green areas and number of sanitization vehicles, are included. 

The same analysis for windows -2, -3, and -4 is shown in Figures 14, 15 and 16 at Appendix C. 

 

For miscellaneous factors, the number of unemployed adults tops the information gain list (Figure 14(a)). 

However, the next two variables on the list-Social Organizations and Pension holders-are highly correlated. 

Thus, the only variable left with low correlation is adult population Figure 14(b). For the remaining three 

windows, refer to Figures 20, 21 and 22 in Appendix C. The variables that are finally eligible for being 

considered in the classification method across the windows are shown in the Table 3. 

 

  
(a) (b) 

 

Figure 13. Information gain and correlation coefficients for public health. 
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(a) (b) 

 

Figure 14. Information gain and correlation coefficients for miscellaneous factors. 

 

 

Table 3. Window-wise explanatory variables corresponding to five external factors. 
 

 Medical indicators Education Public health Wealth Misc. 

W-1 No. of Visits Insti Water Supply Guaranteed Livelihood Unemployed 

 Med. Tech. Personnel  Tap Water Per Cap Consumption Adult pop 

 Lisc. Assts. Doctors  Green Area Expenditure  
W-2 No. of Visits Insti Public Lavatory Min. Liv allow. Rur Unemployed 

 Community serv. 100+  Tap Water Disposable income Adult pop 

 Lisc. Assts. Doctors  Green Area Expenditure  
W-3 No. of Visits Insti Public Lavatory Min. Liv allow. Rur Unemployed 

 Med. Tech. Personnel  Tap Water Expenditure Adult pop 

 Lisc. Assts. Doctors  Green Area   
W-4 No. of Visits Insti Water Supply Min. Liv allow. Rur Unemployed 

 Med. Tech. Personnel  Tap Water Average wage   

  Lisc. Assts. Doctors  Green Area Expenditure   

 

 

6. Classification Analysis 
This study employs machine learning algorithms to identify the appropriate classification of the regional 

medical services based on the external variables, not on input and output values. The aim is to highlight the 

actual predicting power of the model depending solely on external variables, without "feeding" the actual 

efficiency score to the model. The correlation values between the selected set of explanatory variables from 

the five types are kept to the minimum level. In case of high correlation, we have considered the one with 

larger information gain and dropped the other. 

 

The classification techniques reveal interesting interdependencies between the contextual factors and the 

overall efficiency of the regions. As the number of datasets is limited, we have used k-fold cross validation 

technique to boost up the training dataset for the classifiers, especially logistic regression (LR). As we set 

out to explore the interlinkages of the contextual variables, Figure 15 shows the variables that have real 

influence on the efficiency levels of the regions and in which direction it unfolds. It is important to note 

that the sign of the explanatory variables do not imply positive or negative impact on the health outcome, 

but rather on the productivity of the health outcome. For example, medical technical personnel and Green 

area are the two factors which will reduce the per unit productivity in the health sector. The Adj-𝑅2 values 

of the window-based logistic regression are 0.54, 0.59, 0.55, 0.58, respectively. 

 

There are a few eminent patterns in the series of efficiency models which are listed below.  
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(i) The sets of significant variables in each window are distinctly different, with very little repetition. No. 

of visits has a significant influence only in window-2. Similarly, variables such as green area, lisc. 

Assistant doctors, tap water, and guaranteed livelihood significantly influence the efficiency for a single 

window and never appear henceforth. This points to the fact that improving performance in the areas 

of concerns led to a different set of problems in other areas. Thus, a holistic approach of understanding 

the primary determinants is key to long-term efficiency. 

 

(ii) The number of significant variables is gradually reducing with years. However, there is no significant 

drop in the 𝑅2 values across the windows. If we ignore the effect of relatively small sample size, then 

this only refers to the fact that most of the regions have improved some of those sources of inefficiency 

and now there are only a few selected parameters that separate the efficient regions from the rest. As a 

result, the effect-size of these parameters have increased considerably. 

 

(iii) Out of the twelve independent contextual variables, only five variables, e.g., Medical technical 

personnel, Green area, Guaranteed Livelihood, Per Capita Consumption, Unemployment, Licensed 

Doctor and Tap water have statistically significant level (at or less than 8% 𝑝 − 𝑣𝑎𝑙𝑢𝑒) of influence 

over the efficiency level. The results reveal a great deal of resources related to overutilization or 

underutilization of resources in the sector depending on whether the effect size is negative or positive, 

respectively. Guaranteed Livelihood and Number of visits exhibit increasing return-to- scale. So, 

increasing these two variables results into improvement of the outputs at a much higher rate. However, 

most of the other variables e.g., institutions, medical technical personnel, tap water, and green areas 

exhibit decreasing return-to-scale. If the values of these variables are increased, then the output levels 

would improve but at a lower rate, thus overall productivity will deteriorate.  

 

  

  
 

Figure 15. Impact of external factors on health outcomes (Logistic regression analysis). 
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Guaranteed livelihood has a positive contribution towards productivity. If the number of people under 

centralized livelihood guaranteed increases by 10,000, it will make the regions 15% more likely to become 

a higher efficiency region. The regions which are trying to get out of the low- productivity trap need to 

focus on number of visits, technical personnel, Green Area, Guaranteed livelihood (all significant at 5% 

significance level). In this analysis, per capita consumption is ignored for its low effect size. The influence 

of number of visits has overshowed the other variables as it exponentially increases the odds of being 

efficient. Also, the number of citizens covered under the guaranteed livelihood scheme can more than 

double the likelihood of being efficient for every ten thousand people brought under the scheme. Thus, 

guaranteed livelihood scheme has proven to be a booster for improving the health outcome of any region 

irrespective of its efficiency.  

 

The dominance of literacy on the public health indicators has been established in previous literature (Wu et 

al., 2015). In this paper, a wide range of variables related to literacy has been considered and number of 

institutions turns out to be the most influential one. Secondly the number of technical personnel is shown 

to have played a significant role in determining the overall performance (Du, 2017). In our study, we have 

identified specific variables driving efficiency in each of the four windows e.g., Medical technical 

personnel, Asst. doctors, Medical technical personnel, and Licensed asst. doctors in the four windows 

respectively. In decision tree analysis, one can see number of visits is an influential factor (Zhang et al., 

2015) showed a similar trend where number of visits and bed utilization strongly determined the efficiency 

scores. Since number of beds is used as an input in our study, in output-oriented model we can’t associate 

inefficiency with bed utilization. 

 

 
 

Figure 16. Decision tree for Window-1. 

 

 

Some interesting trends arise from the series of decision trees for window -1, -2, -3, and -4.  

(i) The root nodes in each of the four windows, i.e., visit, assistant licensed doctors, and medical technical 

personnel in medical sector, are continuously changing to new values. The variables at the root node or 

closer to it represent a more impactful classification factor, compared to the variables appearing in the 

leaf nodes or closer to leaf nodes. Thus, Figures 16, 17, 18 and 19 reveal that the roles of variables in 

determining the efficiency levels of the regions are also shifting.  

(ii) The factors at the leaf nodes or at a deeper level in the tree are associated with specific scenarios 

conditioned on the status of the variable appearing at a higher level in the tree. It can be seen that there 
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is more agreement among the variables as the tree grows in depth. It implies that the region-specific 

characteristics of healthcare efficiency are more or less stable across the windows.  

(iii) In most of the cases, the gini-impurity values attain considerably smaller values in the leaf-level nodes. 

In majority of the times, it shows that three variables are sufficient to explain the higher efficiency 

values.  
 

 
 

Figure 17. Decision tree for Window-2. 

 

 

 
 

Figure 18. Decision tree for Window-3. 
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Figure 19. Decision tree for Window-4. 

 

The key advantage of using linear Support Vector Machine (SVM) method, despite its lower accuracy, lies 

in its ability to explicitly extract information about the features. In a linear SVM, the weight vector signifies 

the individual contributions of the respective explanatory variables towards the classification. The highest 

absolute value of the weight, |𝑤𝑖|, is assigned to feature 𝑖, representing its highest contribution (W-map 

method). Similarly, we have selected the top-5 feature set in each window of analysis based on the absolute 

weight values in Table 4. 

 
Table 4. Relative importance of external variables (SVM approach). 

 

Rank 1 2 3 4 5 

w1 Institution Min Liv.allowance Green Area Unemployed Med. Technical personnel 

w2 Institution Med. Technical personnel Guaranteed Livelihood Green Area Licensed Asst. Doctor 

w3 Institution Med. Technical personnel Unemployed Min Liv.allowance Licensed Asst. Doctor 

w4 Unemployed Med. Technical personnel Green Area Institution Tap-W 

 

 

There are some interesting patterns emanating from Table 4 as listed below: 

(i) There are only a handful features which appears to be important e.g., institution, medical technical 

personnel, minimum living allowance, licensed doctor etc. This result is very similar to the one obtained 

using LR. 

(ii) There is more amount of convergence in the top-ranked features than the bottom-ranked features.  

(iii) Note that the list is based on individual contributions, and it may not represent the best set of variables 

for predicting the classification. For selecting the optimal feature set, various wrapper methods, such 

as RFE W-map, can be employed. 
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Figure 20. Window-wise accuracy levels of four classifiers. 

 

 

Figure 20 shows the performance of different algorithms across different evaluation measures e.g., 

accuracy, precision, recall, F1-score. It is clearly seen that there all the four classification algorithms 

perform similarly in all the four evaluation metrics across the four windows. SVM shows a continuous 

improvement every year in all four metrics. 

 

LR and DT models have equivalent accuracy levels across windows and both outperform NB and SVM 

(see Figure 21). NB model in turn outperforms SVM in terms of accuracy. In real life scenarios, contextual 

variables are rarely independent of each other, and proof of non-collinearity cannot be translated into 

independence. Usually, under such circumstances, SVM generally outperforms NB. Given the nature of the 

dataset, there could be several reasons behind this phenomenon. The usage of “linear” SVM restricts its full 

potential. The reason for choosing linear SVM model is to extract the relative importance of the individual 

explanatory variables, which is the primary objective of the second-phase of this study. In cases where a 

non-linear and rough decision boundary is more likely, as in the considered case study, SVM’s performance 

might be compromised. Another possible reason could be that the non-collinearity assumption is weakly 

held in some of the prediction models, and Linear-SVM is more prone to such perturbances than NB. Thus, 

despite a discriminative approach for classification, SVM lags behind NB, which bases its prediction on 

existing examples without facing specific restriction apart from a limited set of training examples, partly 

handled with k-fold cross validation techniques. Consequently, a generative technique like NB comfortably 

outperforms SVM. 
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Figure 21. Comparison of accuracy, precision, recall, and F1-score of the classifiers. 

 

 

In this analysis, DT is slightly better than LR, precisely due to two reasons. First, a decision tree is free 

from collinearity or linear assumptions, without which the accuracy of LR suffers, and the results become 

unreliable. Second, outliers in the data weaken the LR model. A decision tree thus has a natural advantage 

over LR model. However, the primary advantage of LR is that it reports significance levels of the 

explanatory variables, which can’t be accessed in any other methods undertaken in this study. On the other 

hand, DT manages to provide a slightly better result as compared to LR. This is due to the fact that while 

handling continuous input data, it is prone to lose information about classification trends. Both LR and DT 

models convincingly outperform the NB model. The key advantages of using NB model lie in its linear 

learning time in the training sample size, and in its prediction time, which is independent of the training 

sample size (Pazzani and Billsus, 1997). Thus, the model is fast in learning as well as in prediction. The 

accuracy can be significantly improved with a larger dataset (Han and Kamber, 2001). 
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8. Conclusion 
In this study, the interdependency between efficiency and effectiveness is revisited using the DEA 

framework. In principle, this conflicting relationship is pervasive in most of the managerial fields, including 

supply chain management, retail management, and production planning. Thus, this study is valuable to both 

academicians and practitioners alike. Addressing this conflict and striking a fair balance is even more 

crucial, particularly for healthcare managers given that human lives are at stake. Broadly, we make the 

following four policy recommendations: 

 

• The healthcare sector should emphasize more on the quality aspect and integrate it with the overall 

efficiency rather than focusing on minimizing cost. 

• A few provinces are suffering very low efficiency scores in service quality and operational efficiency 

should perform more surgeries and healthcare exams to check the high mortality rates in those provinces. 

• There has been a continual and gradual improvement in the external factors directly related to public 

health. However, the solution mechanism of the concerned authorities is not holistic enough as one can 

see newer issue factors appearing subsequently and deteriorating the overall performance. 

• Concerned decision-makers can choose a set of selected externalities in order to improve the overall 

performance faster. To achieve this, the external factors are categorized in two classes: one that improve 

the healthcare outputs at a much faster rate. And another that improve the healthcare outputs but at much 

lower rate than the first set. 

 

Usually, statistical analysis to investigate the relationship between two constructs is popular in relevant 

literature. However, non-parametric techniques offer the flexibility of not fixing the production function a 

priori. This indicates that reaching the Pareto-efficient frontier requires different strategies for different 

units. Therefore, the results are more relevant to the practicality of observed datasets. In addition, DEA 

offers a multitude of insights about the overall situation. Along with assigning efficiency scores, it also sets 

benchmark for the poor performers to follow and achieve full efficiency. The underlying LP formulation 

of DEA can be exploited to determine the criticality levels of resources and their utilization rate. 

 

The scope of this study is limited to six years, spanning from 2013 to 2018, covering two five-year-planning 

periods. The developed method enables each province to introspect and decide the best possible strategies 

to improve its medical care. While the literature discusses the conflict between quality and efficiency in 

different contextual setup, this paper follows the unique ideation of evaluating the trade-off by 

encapsulating both aspects in the same DEA framework. Trade-offs among multiple decision-choices have 

been handled using explicit functional form or by game theory. However, the proposed model explores this 

trade-off in a more delicate way where there is no presumption on the relation among the decision-choices. 

As a result of this flexibility, the proposed model can accommodate trade-off analysis in different industry 

or organizational sectors. For example, delivery time vis-à-vis safety concerns in food-delivery sector can 

also be studied using our model. Similarly, efficiency and equity are one of the major trade-off faced by the 

policy-makers. We have also shown in the paper that multiple factors can be analyzed simultaneously in 

case more than two constructs are involved. The developed model can be extended to carry out window 

analysis for measuring stability and consistency or by using more sophisticated techniques like Malmquist 

Index to identify annual changes in productivity in healthcare. 

 

The second phase of the analysis includes the usage of Random Forest in developing a predictive model. 

Cautions need to be taken while selecting more sophisticated training models and determining the required 

level of complexity. While these advanced techniques work successfully with a small dataset, they might 

require different sets of resources. The use of simpler models like decision trees also leads to rule-based 



Pandey & Singh: Incorporating Contextual Factors into a Comprehensive Analysis of … 
 

 

331 | Vol. 10, No. 2, 2025 

classification, which is easy to interpret and follow for decision-makers. The analysis can be refined and 

validated by testing it against the results obtained with various machine learning algorithms, such as 

artificial neuron network, support vector machine, etc. 

 

This study has some limitations in the way it has defined the quality measure. Although we have followed 

medical protocols, providing the exact breakdown of the surgeries into specific categories, revealing the 

complexity of each procedure, would ensure a more comprehensive assessment. Several other proxy 

measures, such as patient fall, non-clinical treatment, and cleanliness might have provided more insights 

into the evaluation. However, the paper focuses on analyzing the available quantifiable data on a large scale, 

without any prejudiced view about the service productivity function. 
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Taxonomy 

• Productivity: It is the ratio of output to input. 

 

• Efficiency: It is the ratio of the productivity of a unit to the highest productivity (also known as relative 

productivity). 

 

• Quality: It is usually measured in terms of customer satisfaction. In this paper, one key component of 

quality is measured using three distinct factors that to a large extent determines customer satisfaction and 

effectiveness of healthcare sector. 

 

• Decision-making units (DMU): In a homogeneous set of production units where each unit controls its 

inputs and outputs independently of the others, the individual units as often referred to as decision-making 

units or DMU. 

 

• Impurity/Entropy: Entropy (e) is the expected value of surprises (e =  − ∑ p log
1

p
) where surprise is 

proportional to the unlikeliness of an event (surprise = log
1

p
, where p is the probability of an event). 

 

• Information gain: When a dataset is split based on some criteria on a particular relevant feature, then 

there is a drop in the entropy, which is known as information gain. The larger the drop, the more useful 

is the feature. 

 

Decision Tree Versions 

• ID3: The most basic version of DT that greedily chooses the features with the largest information gain at 

each node. 
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• C4.5: An enhanced ID3 algorithm that uses gain ratio to avoid biases present in ID3 algorithm. 

 

• CART: It considers complexity along with the information gain. 

 

• Accuracy: The proportion of all correct measure within the total dataset. 

accuracy =
True Positive+True Negative

Total dataset
. 

But many a time, the cost of a mis-classification depends whether the observed sample is positive or 

negative. 

 

• Precision: Among all the predicted positives, what fraction is actually positive. 

Precision =
True Positive

True Positive+False Positive
. 

 

• Recall: It measures out of all the actual positive samples, what fraction is actually positive.  

Recall =
True Positive

True Positive+False negative
. 

 

• F1-Score: To maintain a balance between precision and recall (individually they can sometimes be 

misleading), the harmonic mean of precision and recall is treated a F1-score.  
1

F1−score
=

1

2
(

1

Precision
+

1

Recall
). 

 

Appendix (A) 

 

 
 

Figure 5. Window-2 average efficiency of regional health sectors. 
 

 

 
 

Figure 6. Window-3 average efficiency of regional health sectors. 
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Figure 7. Window-4 average efficiency of regional health sectors. 

 

 

Appendix (B) 

 
Table 10. Summary statistics of public health measures. 

 

 
 

 

Table 11. Summary statistics of medical factors. 
 

 
 
 

Table 12. Summary statistics of educational factors. 
 

 
 
 

Table 13. Summary statistics of wealth indicators. 
 

 

0
0.2
0.4
0.6
0.8

1
1.2

B
ei

ji
n

g

T
ia

n
ji

n

H
eb

ei

Sh
an

xi

In
n
er
…

L
ia

o
n

in
g

Ji
li

n

H
ei

lo
n

gj
ia

n
g

Sh
an

gh
ai

Ji
an

gs
u

Z
h

ej
ia

n
g

A
n

h
u

i

F
u

ji
an

Ji
an

gx
i

Sh
an

d
o

n
g

H
en

an

H
u

b
ei

H
u

n
an

G
u

an
gd

o
n

g

G
u

an
gx

i

H
ai

n
an

C
h

o
n

gq
in

g

Si
ch

u
an

G
u

iz
h

o
u

Y
u

n
n

an

T
ib

et

Sh
aa

n
xi

G
an

su

Q
in

gh
ai

N
in

gx
ia

X
in

ji
an

g

Overall Quality Efficiency

Green Area Tap water access Urban pop No of public lavoratories  area under Cleaning prog. Env. Sanitation vehicle Water su[pply

w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4

Average 12.68151 12.9843 13.21667 13.4228 97.36989 97.22828 97.47828 97.56419 4013.925 4092.172 4217.699 4444.817 22069.25 23670.42 25454.88 26949.45 4663.527 5388.151 6319.204 7252.097 197.6548 196.1151 195.5624 194.6151

Min 7.1 7.33 5.85 5.85 88.06 67.57 67.57 67.57 285 303 317 317 1739 2413 976 976 156 251 332 332 23.8 24.1 25.7 25.8

Max 19.28 19.77 19.77 20.38 100 100 100 100 11739 12136 12934 13965 92161 101629 107035 112966 14274 19314 20472 23213 591.3 591.3 591.3 592

Std Dev 2.62986 2.706728 2.833135 2.885726 2.56333 3.957429 3.799293 3.826089 2701.9 2768.259 2842.162 2970.491 18485.05 19252.71 20527.75 21694.81 3259.506 3746.01 4337.515 4769.095 146.2034 145.1726 144.0647 143.2975

Q1 11.005 11.145 11.5 11.63 96.355 96.72 96.76 96.67 1896 1775.5 1790.5 2093 12036.5 13022.5 14583.5 14738.5 2465 2659 3351.5 4169.5 82.2 79.75 78.25 77.45

Median 12.11 12.48 12.57 13.08 98.08 98.1 98.46 98.4 3370 3550 3586 4138 16083 17380 18253 19488 3937 4622 5462 5944 183.2 182 181.1 179.5

Q3 14.085 14.36 14.67 14.83 99.455 99.505 99.475 99.52 5908.5 5815 5806 6088.5 26364 29353 30642.5 33635 6132 6966.5 7721 8581 280.2 277.05 283.45 283.45

No. of maternity insunce beneficiaries registered Nurses Medical Technical Personnel Village clinic Community health services 100+ beds Community health services Licensed Asst. Doctor Year-End Maternity Insurance Contribution Visits in Township centers 100 mil

w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4

Average 19.11011 23.32226 28.69226 33.49527 13.82796 14.82796 15.88172 17.15054 41.37634 43.11828 45.02151 47.63441 20802.42 20696.44 20552.22 20352.91 8.677419 8.752688 9.365591 10.23656 279.172 283.7957 288.9355 294.8065 17.17204 17.66667 18.3871 19.45161 550.556 572.6955 597.0132 625.6487 0.337527 0.345806 0.355269 0.362366

Min 0.47 0.54 0.65 0.91 5 5 5 5 26 28 29 29 1271 1218 1187 1162 1 1 1 1 7 7 7 8 10 10 10 11 20.69 22.82 23.79 24.87 0.03 0.03 0.03 0.03

Max 95.28 170.3 170.3 189.32 30 32 32 32 86 90 93 95 62311 61450 60492 60371 61 59 58 54 1078 1082 1098 1111 43 42 42 47 3081.8 3161.89 3300.89 3495.34 1.05 1.12 1.12 1.12

Std Dev 19.51145 26.59955 33.67131 39.25166 4.666568 4.891563 5.088147 5.043779 12.75401 13.61676 14.29112 14.66529 16984.27 16930.48 16847.35 16715.69 12.31501 12.09964 12.57732 13.1594 200.8232 202.4029 204.2139 206.1671 7.00019 7.392721 7.718198 8.181432 537.8804 564.2553 593.536 620.0901 0.283191 0.291608 0.298669 0.30642

Q1 6.39 7.625 8.83 10.94 11 11 13 14 33 34 36 38.5 10503 10330.5 10200.5 10127 1.5 1 1 2 165 168 175.5 185 13 13 14 14 256.01 267.51 285.615 300.49 0.1 0.1 0.11 0.11

Median 12.76 14.05 18.45 23.51 12 14 15 17 38 39 40 43 15523 15475 15391 15331 4 4 4 4 245 245 248 249 15 15 16 17 366.95 367.53 370.13 411.33 0.22 0.22 0.23 0.23

Q3 22.385 27.735 31.755 34.055 16 16.5 18 19 44.5 47 48 50.5 27638 27031.5 26672.5 26227.5 10 10.5 12.5 13 381 397 397.5 398 18 19 19 21 701.005 713.015 724.24 775.27 0.5 0.51 0.515 0.54

RnD Expenditure Full time RnD personnel person-year No of grads with Deg or Dip Enroll in undergrad courses Overall student enrollment Regular insti of higher education

w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4

Average 2966300 3248694 3545328 3861553 83589.59 85831.83 86849.71 90537.27 21.27946 21.98312 22.80527 23.58398 49.59355 50.86817 52.02484 53.32204 82.16194 84.6114 86.8257 89.03753 81.50538 82.63441 83.73118 84.83871

Min 2602 2602 2602 3186 43 43 43 202 0.91 0.91 0.9 0.9 2.14 2.22 2.32 2.39 3.35 3.35 3.42 3.5 6 6 6 7

Max 15205497 16762749 18650313 21072031 441304 451885 457342 621950 48.41 50.91 57.12 58.59 104.08 107.68 110.58 114.08 190.06 199.59 201.53 214.08 162 166 167 167

Std Dev 3711471 4098000 4531702 4954964 108626.3 111838.9 115132.8 125609.5 13.46851 13.81741 14.29989 14.85287 28.11549 28.82746 29.55296 30.38434 49.95699 51.54781 53.08506 54.65327 40.08019 40.36255 40.64087 40.91883

Q1 568080 680717.5 745902.5 745902.5 16215 16773.5 17976 16664.5 11.985 12.17 12.675 13.255 28.96 29.665 30.935 32.72 47.515 50.335 51.225 51.47 55 55 56 56.5

Median 1688902 1960112 2238051 2420637 45809 47392 47392 49254 18.27 18.99 19.64 19.97 47.78 49.18 49.74 50.29 71.79 73.59 75.1 76.28 80 81 81 82

Q3 3286803 3578086 4001187 4552825 91796 95134 95660.5 99061 29.98 31.225 32.205 33.14 68.5 70.18 70.295 70.61 113.35 115.465 117.99 122.055 117.5 118 118.5 119

Local Govt. Expenditure Disposable income Per cap consumption exp. Guaranteed Livelihood Min liv allowance ppl in rural Min Liv. Allownce ppl in urban Avg wage of employees

w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4 w1 w2 w3 w4

Average 4293.457 4730.135 5203.391 5610.495 20097.29 21934.55 23876.49 25961.11 14633.38 15901.01 17144.94 18501.88 5.590323 5.117204 4.315054 3.498925 166.6548 158.0355 145.5419 130.6538 60.66989 54.38817 47.76667 40.3043 55880.16 61332.41 67377.2 73748.9

Min 922.48 1000.45 1138.49 1254.54 9740 10730 12254 13639 6307 7317 8246 9319 0.1 0.1 0.1 0.1 3 3 3.1 3.4 4.6 3.6 3.3 2.9 38301 42179 45403 49505

Max 12827.8 13446.09 15037.48 15729.26 49867 54305 58988 64183 34784 37458 39792 43351 27 27 26.8 25.6 477.1 458.9 455.3 422.9 183.6 173.4 156.4 134.5 111390 119935 131700 145766

Std Dev 2110.044 2365.057 2640.605 2863.02 8346.213 9018.652 9767.505 10594.79 5850.918 6188.473 6490.298 6842.792 6.346196 5.976201 5.138448 4.099108 134.6026 126.4659 115.0918 101.7701 43.27831 39.56736 35.21259 29.96035 14809.61 16405.28 17848.13 19247.88

Q1 3075.73 3370.38 3741.07 3895.7 15172 16765 18351.5 19936 11141 12274.5 13189.5 14452.5 0.95 0.9 0.9 0.85 50.55 50.55 50.95 48.35 18.35 17.2 16.55 15 47057.5 52078.5 56635.5 61818

Median 4020.66 4389.37 4617.4 4908.55 17395 18808 20420 22034 12769 13811 14900 16160 3.3 2.8 2.4 2.1 131.8 122.5 119.9 117.1 55 47.6 40.2 34.8 52332 57270 61973 68533

Q3 5178.495 6039.11 6642.58 7116.265 22506.5 24351.5 26126 28105.5 16217.5 17422 18898 20010 7.7 6.55 5.95 4.9 247.8 229.5 204.7 181.9 87.8 81.75 71.35 57.25 58344 63139 69262.5 76785.5
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Table 14. Summary statistics of miscellaneous factors. 
 

 
 

 

Appendix (C) 

 
Health factors 

Window-2: 

 

 
 

Figure 8(a). Information gain values of relevant health factors (Window-2). 

 

 

Choose: Visit, 100+bed, Asst Doc, Year End Mat, Village clinic, community service, mat insurance benefic. 

 

 
 

Figure 8(b). Correlation coefficient values for relevant health factors (Window-2). 

 

Choose: Visit, 100+ bed, Asst.Doc only. Rest all are highly correl. 

No of unemployed Social Organisation No. of NGOs Basic Pension Holders ppl with 15+ age

W1 W2 W3 W4 W1 W2 W3 W4 W1 W2 W3 W4 W1 W2 W3 W4 W1 W2 W3 W4

Average 24.89355 25.3871 25.54516 25.59355 19451.18 21117.97 22789.27 24455.41 9416.71 10558.66 11722.28 12958.32 1616.449 1628.241 1640.577 1661.218 211444.8 211771.5 211920.9 30859.15

Min 1.6 1.7 1.8 1.8 572 572 572 604 17 17 23 41 78.3 78.3 78.8 78.7 1976 1976 2119 2119

Max 54.6 56.3 56.3 56.3 80385 84094 87024 93061 44705 48534 51225 55090 4855.2 4893.7 5010.2 5082.5 1412318 1412318 1412318 77295

Std Dev 13.94401 14.21177 14.22832 14.22174 14793.53 16352.12 17479.25 18515.86 8258.246 9330.381 10207.21 11050.2 1278.367 1285.709 1293.258 1305.488 329117.9 328950.2 328875 19206.8

Q1 13.55 14.2 14.4 14.5 9643.5 10569.5 10933 12347 3828.5 4713 5076 5661.5 545.65 550.5 581.15 637.3 20803.5 21265.5 21397.5 17881.5

Median 24.5 25.1 25.8 26 15360 17642 19699 21928 6945 7783 8977 9518 1473 1480.4 1489.1 1493.7 40579 41225 41739 27129

Q3 37.75 37.45 37.1 37.1 23983.5 26357 28013 29463 11917.5 13715.5 15120.5 16529.5 2342.9 2337.15 2336.75 2336.75 337330 337330 337330 41986.5
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Window-3: 
 

 
 

Figure 9(a). Information gain values of relevant health factors (Window-3). 
 

 

 
 

Figure 9(b). Correlation coefficient values for relevant health factors (Window-3). 

 

 

Window-4: 

 

 
 

Figure 10(a). Information gain values of relevant health factors (Window-4). 
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Figure 10(b). Correlation coefficient values for relevant health factors (Window-4). 

 

 
Educational Factors 

Window-2: 

 

 
 

Figure 11(a). Information gain values of relevant educational factors (Window-2). 

 

 

 
 

Figure 11(b). Correlation coefficient values for relevant educational factors (Window-2). 
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Window-3: 

 

 
 

Figure 12(a). Information gain values of relevant educational factors (Window-3). 

 

 

 
 

Figure 12(b). Correlation coefficient values for relevant educational factors (Window-3). 

 

 

Window-4: 

 

 
 

Figure 13(a). Information gain values of relevant educational factors (Window-4). 
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Figure 13(b). Correlation coefficient values for relevant educational factors (Window-4). 

 

 

Public Health Factors 

Window-2: 

 

 
 

Figure 14(a). Information gain values of relevant public health factors (Window-2). 

 

 

 
 

Figure 14(b). Correlation coefficient values for relevant public health factors (Window-2). 
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Window-3: 

 

 
 

Figure 15(a). Information gain values of relevant public health factors (Window-3). 
 

 

 
 

Figure 15(b). Correlation coefficient values for relevant public health factors (Window-3). 

 
Window-4: 

 

 
 

Figure 16(a). Information gain values of relevant public health factors (Window-4). 
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Figure 16(b). Correlation coefficient values for relevant public health factors (Window-4). 

 

 

Wealth Indicators 

Window-2: 

 

 
 

Figure 17(a). Information gain values of relevant wealth indicators (Window-2). 

 

 

 
 

Figure 17(b). Correlation coefficient values for relevant wealth indicators (Window-2). 
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Window-3: 

 

 
 

Figure 18(a). Information gain values of relevant wealth indicators (Window-3). 

 

 

 
 

Figure 18(b). Correlation Coefficient values for relevant Wealth Indicators (Window-3). 

 

 
Window-4: 

 

 
 

Figure 19(a). Information gain values of relevant wealth indicators (Window-4). 
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Figure 19(b). Correlation coefficient values for relevant wealth indicators (Window-4). 

 

 
Miscellaneous Factors 

Window-2: 

 

 
 

Figure 20(a). Information gain values of relevant miscellaneous factors (Window-2). 

 

 

 
 

Figure 20(b). Correlation coefficient values for relevant miscellaneous factors (Window-2). 
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Window-3: 

 

 
 

Figure 21(a). Information gain values of relevant miscellaneous factors (Window-3). 

 

 

 
 

Figure 21(b). Correlation coefficient values for relevant miscellaneous factors (Window-3). 

 

 

Window-4: 

 

 
 

Figure 22(a). Information gain values of relevant miscellaneous factors (Window-4). 
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Figure 22(b). Correlation coefficient values for relevant miscellaneous factors (Window-4). 
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