

  energies-13-05318




energies-13-05318







Energies 2020, 13(20), 5318; doi:10.3390/en13205318




Article



Performance Evaluation of Energy Research Projects Using DEA Super-Efficiency



Sungsig Bang





Department of Management Science, Korea Advanced Institute of Science and Technology, 373-1 Guseong-dong, Yuseong-gu, Daejeon 305-701, Korea; Tel.: +82-10-7340-3440; Fax: +82-42-350-6339







Received: 9 August 2020 / Accepted: 10 October 2020 / Published: 13 October 2020



Abstract

:

This study proposes super efficiency (SE) as an efficient analytical method for evaluating the performance of energy research projects. Because the SE method is based on data envelopment analysis (DEA), it is free from the difficulty of weighting output, allows for the use of variables with diverse standards of measurement, and is capable of providing ranking information that regular DEA (CCR, BCC) analysis techniques cannot. To analyze the feasibility of the DEA-SE method, an efficiency evaluation was performed for energy research projects using both the weighting method as an existing method and the SE method. When the results were compared and analyzed, skewing toward particular output types was observed in the weighting method, owing to problems inherent in the method itself and in the weighting of subordinate variables that make up the total performance score. Therefore, adopting DEA-SE will redress the known problems of the weighting method by minimizing the problems of weighting and skewing in outputs, enabling use of the input and output variables with diverse units and standards of measurement, and providing ranking information of research performance evaluation that is unobtainable with the existing DEA method.






Keywords:


super-efficiency; data envelopment analysis; performance evaluation; energy research project; skewing problem












1. Introduction


The concept of efficiency, defined as input for output, forms the basis of such performance evaluations. In the case of energy research projects, they are not free for evaluating the performance because they use resources, such as research funding, and personnel for output, such as papers, patents, and technology transfers. Therefore, evaluating the performance between input and output in energy research projects is important in that the results are used to evaluate the efficiency of the organization and its constituent units, which in turn enables the optimal distribution of resources.



However, there are many pitfalls to evaluating the performance of projects or the organizations carrying out such projects. One of these is the issue of variety. In research, both input and output take diverse forms, resulting in the need to select a performance evaluation method that is the most conducive to the development of the organization.



The majority of the energy research projects in the current performance evaluation system are performed by weighting the diverse results of research, multiplying the results by their weight values, and dividing this figure by the amount of research expenses incurred.



Unfortunately, this weighting method poses the following problems.



First, in this method, each output is weighted and then multiplied by its weight value to calculate its individual score, after which the scores of all individual outputs are added to yield an overall score. Since all outputs, regardless of variety, are represented by this single score, the producer tends to focus on achieving a high total score, which can lead to the possibility of output bias. Output bias is the tendency to concentrate on producing an easier output rather than expending effort on a more difficult output, for the purpose of facilitating the achievement of a given total score. Therefore, this system of using a single total score to represent all outputs is problematic because it dilutes the distinctive characteristics of individual outputs, thus opening up the possibility of output bias (skewing) and diminishing the diversity of research performance.



Second, since the evaluation of output is based on weighted scores, the various outputs must be held to the same standard of measurement. Using existing measurement techniques, it is difficult to find a rational method of evaluation when dealing with diverse units of output, such as number, size, and monetary amount, or when an excessively broad range of outputs impedes the assignation of appropriate weight values, as is the case with royalty income.



Therefore, in this study, a type of data envelopment analysis (DEA) technique known as super-efficiency (SE) was used to evaluate the performance of energy research projects. The data envelopment analysis method has been widely used to study energy efficiency as an efficiency assessment method [1,2,3,4,5,6,7,8,9,10,11,12,13,14] because it offers several key advantages. When using DEA to analyze efficiency, weight values are automatically calculated in the model itself. Additionally, this method allows for the use of variables based on differing standards of measurement [8,15]. However, typically, DEA results in the following problem when applied to the ranking of decision-making units (DMUs). As a method for analyzing the efficiency of DMUs, DEA largely divides efficient DMUs from inefficient ones [16]. Inefficient DMUs provide the scores needed to determine their ranking, but efficient DMUs all present a score of 1, which makes it difficult to discern a hierarchy among them [6,9,10,13]. This would not be an issue if the goal was to ascertain the efficiency or inefficiency of DMUs, or to divide DMUs into groups and obtain their mean values. However, if it is necessary to rank the various DMUs comprising the evaluated group, performance evaluation becomes impossible because all efficient DMUs present the first ranking.



Therefore, this study proposes DEA-SE analysis, a form of DEA analysis, as an alternative to the evaluation system currently being used to analyze the efficiency of energy research projects. As DEA-SE is a variant of DEA, it can be applied directly without converting input and output into homogenized variables. It is also free from such technicalities as weight values and measurement units, and enables the accurate determination of ranking, which was impossible using typical DEA techniques [6,9,10,13].



Accordingly, in this study, actual research project data from a national energy research institute in Korea were used to analyze the performance of energy research projects, and the analysis results obtained using a weighting method were compared with those obtained using the proposed SE method.



The following section examines the performance evaluation method currently used for energy research projects, and the new performance evaluation method proposed in this study as an alternative. In Section 3, the various methods examined in Section 2 are subjected to comparative verification. Finally, Section 4 summarizes the conclusions and implications of this study.




2. Research Methodology and Data


2.1. Research Performance Evaluation Using Weighting Method


The performance evaluation method currently used at the national energy research institute in Korea is a simple efficiency measurement system consisting of a single input variable, represented by research funding, and a single output variable, represented by the sum total of the paper score, patent score, and technology transfer score, as shown in Equation (1):


  E v a l u a t i o n   S c o r e   o f   P r o j e c t   i   f o r   W e i g h t i n g   M e t h o d =   P  S i  + P T  S i  + T  S i    R  F i    ,  



(1)




where   P  S i  =  Sum   of   weighted   paper   score   of   research   project    i ,  


  P T  S i  =  Sum   of   weighted   patent   score   of   research   project    i ,  










  T  S i  =  Sum   of   weighted   technology   transfer   score   of   research   project    i ,  










  R  F i  =  Research   funding   of   research   project    i    (  u n i t : 100,000   U S $  )  .  











Broadly speaking, performance evaluation of a weighting method has two inherent problems.



First, because the various outputs are represented by a single variable, acquired by adding together the weighted values of all outputs, the distinctive characteristics of individual outputs are obscured. Given this characteristic, there is a possibility of focusing on the output with the highest weight score, or the output that can most easily achieve the target score. That is, once a target score to be achieved has been set, the researcher may choose the most easily achievable of the three variables constituting the total value and focus on producing relevant results, thus making it easier to attain the targeted total score. The problem inherent in this method is that performance output is focused on a single area, thus deterring the future development of research institutions driven by the diversity of output.



Second, since all output scores consist of the number of papers, patents, or technology transfers multiplied by the respective weight values, the determination of the weight values becomes problematic when the variables involved have diverse measurement criteria, such as percentage, monetary amount, and so on. This not only makes the output measurements unsuitable for use but also poses a limitation on the measures of output that may be used in the future, thus constraining the variety of output measurements.



To resolve such problems, this study proposes an SE analysis method based on DEA.




2.2. Literature Review Using DEA and DEA-SE


The DEA method has been widely used to study energy efficiency as an efficiency assessment method [1,2,3,4,5,6,7,8,9,10,11,12,13,14]. DEA is recognized in the literature as a powerful method, more suitable for performance measurement activities than traditional econometric methods, such as regression analysis and simple ratio analysis [8,15].



It was used by Thakur et al. [1] to assess the efficiency of Indian state-owned electric utilities, by Mukherjee [2] to measure the energy efficiency of India’s manufacturing sector, and by Honma and Hu [3] to measure regional total-factor energy efficiency. DEA methodologies were proposed and used by Sueyoshi et al. [4] in evaluating the variegated performance of coal-fired power plants and by Shi et al. [5] in evaluating China’s regional industrial energy efficiency.



More recently, Yang et al. [6] measured the environmental efficiency of China based on an environmental super-efficiency data envelopment analysis model by using data of 30 provinces in China during the period of 2000–2010. They found that environmental efficiencies across 30 provinces show regional disparities and east areas were more efficient in production while the west ranked last, with central areas ranking in between during the period studied. Additionally, they proposed that policies should be established to further promote production efficiency.



Chodakowska and Nazarko [7] presented the concept of environmental efficiency analysis based on the method of data envelopment analysis in the case of the existence of desirable and undesirable results and proposed an integration of the environmental DEA method with the concept of technological competitors. As a result, the possibility of applying the concept of DEA to technological competition was presented in the form of classification and benchmarking of the European countries. They also indicated that European countries are highly diversified with regard to the efficiency of environmental performance.



Mardani et al. [8] reviewed DEA models with regard to energy efficiency. They reviewed and summarized 144 published scholarly papers appearing in 45 high-ranking journals between 2006 and 2015 to provide a comprehensive review of DEA application in energy efficiency. They thereupon showed that DEA has strong promise to be a useful evaluative tool for future analysis related to energy efficiency issues, where the production function between the inputs and outputs was virtually absent or extremely difficult to acquire.



Li et al. [9] examined three methods of super-efficiency, data envelopment analysis, technique for order preference by similarity to an ideal solution, and complex proportional assessment, to evaluate the system priority and analyze the sensitivity under different decision-making scenarios. They indicated that when decision-makers only consider cost factors, traditional systems are the best choice and that the photovoltaic storage system was the best system in many decision-making scenarios, because of its comprehensive advantages in cost, energy efficiency, and environmental benefit.



Bae et al. [10] examined the carbon capture, utilization, and storage research performance of 31 countries from the knowledge spillover perspective by using super-efficiency. In this study, the number of patents and research articles from 2000 to 2016 as input variables and the number of research article citations, patent citations, and registration of triadic patent families as of 2017 were used to analyze the efficiency. From the results, the US, European countries, Japan, Australia, and New Zealand showed relatively high efficiency. The results also presented that can provide meaningful information to policymakers to identify ex post Research and Development (R&D) activities and planning.



Chodakowska and Nazarko [11] conducted a literature review of relevant research papers in the period 2016–2020 for the assessment of sustainable development goals of the European Union. To analyze the results, they used hard data of the International Energy Agency and the results of an EU survey regarding the influence of the socio-economic environment on CO2 emissions in EU countries. As a result, they proposed hybrid rough set DEA and rough set network DEA models that integrate both approaches. This study demonstrated that a multifaceted and objective assessment is possible by merging concepts from the set theory and operational research.



Ilyas et al. [12] evaluated the energy efficiency of pastoral and barn dairy farming systems in New Zealand through application of a data envelopment analysis approach. To evaluate the efficiency, the constant return to scale (CCR) and variable return to scale (BCC) of DEA were employed for determining the technical, pure technical, and scale efficiencies of New Zealand pastoral and barn dairy systems. From the results, they recommended energy auditing and use of renewable energy and precision agricultural technology for energy efficiency improvement in both dairy systems.



Song et al. [13] used the super-efficiency DEA method to measure energy and power efficiency based on panel data from 30 provinces and cities in China from 2009 to 2017. As for a result, the research showed that China’s efficiency level takes the supply-side structural reform as the turning point and presents a volatile upward trend. They proposed that the results can offer a reference for the sustainable comprehensive utilization of China’s energy and power, and provide empirical evidence for other countries to improve the energy and power efficiency from the perspectives of theory and policies.



Xu et al. [14] analyzed the overall situation of related literature published in 2011–2019 and introduced the definition, measurement, and evaluation variables of energy efficiency. In addition, they reviewed the current DEA model and DEA extension models and applications based on different scenarios. They also proposed further research, such as energy efficiency issues in enterprises and energy efficiency based on a complex data environment.



Results obtained from this review show that the DEA and DEA-SE methods are appropriate for the evaluation of energy efficiency [1,2,3,4,5,6,7,8,9,10,11,12,13,14].




2.3. Research Model


Research on measuring multi-input multi-output efficiency began with the work of Koopmans [17] and Debreu [18]. They drew on the pareto-optimality technique to define the concept of efficiency. However, such a definition, while offering a systematic method for discriminating between efficient and inefficient states, failed to provide information on degrees of efficiency. To redress this limitation, Farrell [19] proposed a method for evaluating efficiency by measuring how far the subject of analysis is distanced from the efficient group. Based on this methodology, the DEA CCR model, which uses a linear programming procedure for a frontier analysis of inputs and outputs, was developed by Charnes et al. [20]. This was followed by the DEA BCC model of Banker et al. [21]. Their designations, CCR and BCC, are taken from the names of the respective researchers. The DEA CCR model posits constant returns to scale (CRS), whereas the BCC model posits variable returns to scale (VRS), as shown in Equation (2). The efficiency score is derived on the basis of the efficiency of multi-input multi-output. In short, the DEA model evaluates the performance of DMUs with multiple outputs produced by the combination of multiple inputs.



DEA CCR (BCC) input-oriented model [20,21]:


    min θ − ε (   ∑  i = 1  m    s i −    +   ∑  r = 1  m    s r +  )       s u b j e c t   t o       ∑  j = 1  n    λ j   x  i j   +    s i −  = θ  x  i o     i = 1 , 2 , … , m ;       ∑  j = 1  n    λ j   y  r j   −    s r +  =  y  r o     r = 1 , 2 , … , s ;      λ j  ≥ 0   j = 1 , 2 , … , n ;      For   VRS ( BCC ) ,  Add      ∑  j = 1  n    λ j    = 1    



(2)







DEA categorizes DMUs into efficient and inefficient DMUs. Efficient DMUs are assigned an efficiency score of 1 and the remaining inefficient DMUs take a value that is less than 1. However, even DEA, which can handle multiple inputs and outputs as well as variables with differing measurement criteria, has one crucial disadvantage when applied to the evaluation of energy research projects. Because DEA assigns an efficiency score of 1 to all efficient DMUs, it becomes impossible to assign a hierarchy among them. Hence, ranking is possible only for inefficient DMUs. This limits the efficacy of DEA as an evaluation system for the institute, which must rank all energy research projects, both efficient and inefficient, for the purpose of policy decision-making.



Super efficiency was proposed by Andersen and Petersen [22] as a way to identify a hierarchy among DMUs, and has since been used in the studies of Zhu [23], Seiford and Zhu [24], Lovell and Rouse [25], and Chen [26]. The main purpose of SE is to determine a ranking among efficient DMUs. Therefore, the significance of the SE method is that it reassesses efficient DMUs and expresses their efficiencies as values of 1 or more, thus enabling a hierarchical evaluation of efficient DMUs.



Figure 1 explains the concept of SE. Of the three DMUs B, C, and D, if we assume that only DMU B and DMU D exist and DMU C does not, the frontier line becomes segment BD. However, because DMU C does exist, the frontier line changes from segment BD to segment BCD. That is, DMU C caused the frontier line to change by the distance of CC*. The SE method adds CC*, the margin of efficiency change, and measures the ratio of OC*/OC as the efficiency of DMU C. If DMU-C** exists instead of DMU-C, the frontier line changes from the segment BD to the segment BC**D. In this case, the DEA-SE value becomes the distance of segment OC* divided by segment OC**. This gives efficient DMUs a value of 1 or more, and makes it possible to determine the ranking of efficient DMUs.



In this study, the DEA-SE CRS input-oriented model by Seiford and Zhu [23] is used to analyze the efficiency of energy projects. The input-oriented model analyzes input efficiency to produce output, and the institute makes decisions on the utilization of limited resources as input based on such analysis. CRS was assumed because doubling the input to two times that of other projects would produce twice as much output.



The DEA-SE model used in this study is delineated as follows.



DEA super-efficiency CRS [23] (VRS) input-oriented model:


    min  θ  super        subject   to        ∑     j = 1       j ≠ 0     n    λ j   x  i j   ≤  θ  super    x  i o       i = 1 , 2 , … , m ;       ∑     j = 1       j ≠ 0     n    λ j   y  r j   ≥  y  r o       r = 1 , 2 , … , s ;      λ j  ≥ 0   j ≠ 0 .      For   VRS ,  Add      ∑  j ≠ 0  n    λ j    = 1    



(3)








2.4. Variables


The input variable takes into account not only research funding but also research personnel and the research period, and the output variable encompasses royalty income, which has recently emerged as an important factor as a research project’s output. In short, the DEA-SE method takes research funding, research personnel, and research period as input variables, and the paper score, patent score, technology transfer score, and royalty income as output variables.



2.4.1. Input Variables


Like any other organization, the research organization uses such representative economic resources as capital and labor to produce research output. At present, however, research funding is the only variable being used to measure performance. This study saw labor, represented as the number of research personnel, and time, represented as the period of research, as scarce resources of sorts and added them to the input variables. Research personnel and research period are finite resources that cannot be used in infinite amounts. Additionally, such resources are frequently accompanied by the concept of opportunity cost. In carrying out energy research projects, the participation rate and period of research are limited by the conditions of the research institute. Because research is performed within this limited environment, some projects must inevitably be given up, and such factors as research funding, research personnel, and research period are generally regarded as having paramount importance in implementing a research project. Therefore, in this study, research period is measured as months, and research personnel is measured as the number of people participating in a given project.




2.4.2. Output Variables


For the weighting method, three types of output are used to measure performance. Each of these three encompasses a number of subordinate outputs. These subordinate outputs are multiplied by the corresponding weight value assigned by the institute, and the sum of these scores becomes the performance score for the output type in question.



The paper score is composed largely of the quality of output and the regional characteristics of the journal. Accordingly, published papers are divided into SCI/SSCI, SCIE, international/domestic publication papers, and international/domestic conference proceedings, and multiplied by the weight value for the corresponding category to yield the paper score.



The patent score is divided into international and domestic registrations. Each category of output is multiplied by its given weight value to yield the overall patent score.



The technology transfer score only has a single subordinate measure of performance: the number of transfers. Hence, weight values assigned to the number of technology transfers are applied in calculating the overall score.



In addition to these three existing performance variables, this study introduces technology transfer-related income. This is because royalty income is used as a key performance variable in association with evaluating the performance of the entire institute, rather than of individual projects. This study, however, introduces royalties for specific projects as an output variable to the evaluation of output for individual energy research projects. Each weighting score of output variables for the weighting method is shown in Table 1.




2.4.3. Data Collection


The criteria for empirical analysis data collection used to obtain accurate research results are as follows.



First, all energy research projects were classified according to their time of completion. This is because at the institute, policy performance evaluations for energy research projects are undertaken by year according to the completion date of the projects in question. Second, projects with a total budget under 10,000 US$ were excluded from consideration. Such projects, for the most part, have to do with testing or energy-related events, and thus are not intended purely for research. Third, this study only used data from 2007 or earlier based on the date of project completion. The reason for this is that the national energy research institute data analyzed in this study were collected at the end of 2010 and performance related to SCI, SSCI, or patent registration has a lengthy gestational period of a year or more. Therefore, in this study, 874 data covering the period 2005–2007 were collected. These 874 samples were subjected to a regression analysis, for the purpose of examining the relationship between input and output variables.



To analyze the differences between the weighting method and the SE method, a case analysis was carried out for the 27 energy research projects on energy materials and 293 energy research projects in the entire research division completed in 2007.



These variables are summarized in Table 2.




2.4.4. Regression Analysis


In many cases, output is predetermined by policy. The types of output currently used for performance evaluation are papers, patents, and technology transfers. These are the factors currently regarded as the most critical for performance evaluation at the institute. In particular, royalty income is a measure of performance that is being actively promoted by policy. Although it is not yet in widespread use due to the difficulty of measurement, once this problem is resolved, royalty income may become more generally used to measure performance at the institute.



In performance evaluations at the weighting method, only a single input variable and a single output variable are used. Specifically, “research funding” is used for input and “performance score of research outputs” is used as the measure for output. This is due to several reasons, including the following.



First, at present, the evaluation method adopted at the national energy institute in Korea cannot use measurements based on disparate criteria without converting or adjusting them in some way. Output variables currently in use at the national energy institute in Korea, such as papers, patents, and technology transfers, can all be measured by counting their number. Hence, the performance score can be derived simply by multiplying the number of papers, patents, and technology transfers by the relevant weight value. Likewise, research funding as the sole input variable used for evaluation can be applied directly without processing.



Second, it is impossible to ascertain the degree of impact that input has on output. However, research funding, as an input factor, is judged to be the most important and can reasonably be expected to affect output. On the other hand, other input variables, such as the number of participating personnel and the period of research, while thought to affect output, have little statistical evidence to support their use.



Third, because DEA is not a statistical method of analysis, particular circumspection is needed in selecting input and output variables. If the wrong variables are used as input or output, their impact will be directly reflected in the evaluation method and this can lead to completely divergent results.



Therefore, this study addressed these problems by performing a regression analysis on new input variables, investigating the correlations among them, and selecting the variables that are statistically significant.



For this purpose, the study employed regression analysis, as shown in Equation (4). The regression analysis was carried out in three stages, represented by Models 1 to 3. First, in Model 1, the relationship between the performance score and research funding, which are, respectively, the output and input currently used at the institute, were examined. Next, Model 2 was Model 1 with the addition of research personnel. Lastly, Model 3 was Model 2 with the addition of the research period. The relationship between the input and output was examined using the three models.



The regression analysis model that incorporates these variables is delineated as follows.



Simple regression model between inputs and outputs:


  E  S i  =  β 0  +  β 1  R F  D i  +  ε i  ,  










   E  S i  =  β 0  +  β 1  R F  D i  +  β 2  R P  S i  +  ε i  ,    E  S i  =  β 0  +  β 1  R F  D i  +  β 2  R P  S i  +  β 3  R P  D i  +  ε i  ,   



(4)




where   P  S i  =  Performance   Evaluation   Score   of   research   project    i ,  


   R F  D i  =  Research   funding   of   research   project    i ,    R P  S i  =  Research   personnel   of   research   project    i ,    R P  D i  =  Research   period   of   research   project    i .   













2.5. Research Procedure


This study was carried out as shown in Figure 2.



First, regression analysis was performed to investigate correlations between input variables and performance score using 874 research projects of the institute from 2005 to 2007.



Next, the performance evaluation method currently used by the weighting method was used to rank the performance of 27 research projects of energy materials division in 2007. Then, the SE method proposed in this study was used to analyze the performance of 27 research projects, which were used in the weighting method, and the results were compared with those of the weighting method.



Lastly, the effects of the differences between the two methods on the performance of 8 research divisions by using 293 research projects of the institute in 2007 were compared and analyzed.





3. Results of Empirical Analysis


3.1. Results of Regression Analysis for DEA-SE Method


A total of 874 data were used in the regression analysis for the DEA-SE method. The descriptive statistics for this sample are shown in Table 3 below.



Table 4 shows the correlation results among the variables used in this study. Multicollinearity, which can affect the analytical results, is not observed. The variables exhibiting the highest correlation are research funding and research personnel. Their correlation was 0.554, which was statistically significant at the one percent level. Considering these figures, there was no significant problem between the variables.



Because the DEA-SE analysis is not a statistical analysis method, it requires meticulous and precise assumptions. In this study, the correlations were analyzed and only those variables shown to have a statistically significant effect on output were used as input variables.



Table 5 shows the results of regression analysis.



As shown in Table 5, the coefficient values of independent variables in the model 1, 2, and 3 were significant at a significance level of 1%. This shows that not only the research fund but also the input number of persons and the input time affect the output.



In addition, the explanatory power of the model increased as variables were added. In Model 2 where the input number of persons was added, the explanatory power of the model increased by about 0.014 from 0.121 to 0.135. In Model 3, where the input time was added to Model 2, the explanatory power of the model increased by about 0.09 from 0.135 to 0.144.



This result shows that, in addition to the research fund, the input number of persons and the input time, which have been neglected until now, are critical variables with regard to the output. Therefore, in the present study, a DEA-SE analysis was performed by using as input variables not only the research fund but also the input number of persons and the input time.



In the regression analysis, the variance inflation factors (VIFs) value is between 1.00 and 1.46, indicating that there are no multicollinearity problems caused by independent variables. The calculated Durbin–Watson value was between 1.59 and 1.62, indicating that there are no problems caused by autocorrelation in the regression model analysis.




3.2. Results of Energy Materials Division


Table 6 lists the evaluation scores for DMUs that were energy research projects in the energy materials division completed in 2007. The weighting method’s evaluation score is derived by dividing the sum of the paper, patent, and technology transfers by the research funding, and converting it to a figure per 100,000 US$ of research funding.



The weighting method’s performance evaluation scores of DMUs range between 0 and 110 points. Using these scores to rank the DMUs results in the highest ranking being given to DMU-1, whose performance score is 110 points. The lowest performance was shown by DMU-10, 11, 16, 25, and 26 with evaluation scores of 0; these ranked at the bottom. However, even among those with scores of 0, DMUs that used the least amount of resources were ranked higher, showing more efficient use of the limited resources available within the organization. Conversely, DMU-11, which scored 0 points despite having used the largest amount of resources, was assigned the lowest ranking.



In the SE method results, scores of the 27 DMUs range from 0 to 4.178. There were four DMUs with efficiencies greater than 1. DMU-1, with an efficiency score of 4.178, was ranked first, followed by DMU-8 (2.562), DMU-6 (1.259), and DMU-5 (1.231). The lowest rankings were assigned to DMU-10, 11, 16, 25, and 26. DMU-11 ranked lowest among the DMUs with an efficiency score of 0.



In the comparison analysis results of the weighting method and the DEA-SE method, a positive number indicates a higher ranking for the DEA-SE method than for the weighting method and a negative number indicates a lower ranking for the DEA-SE method than for the weighting method. Among the 27 DMUs, 11 DMUs showed discrepancies stemming from differences between the DEA-SE method and the weighting method. The sum of the absolute values of differences between the DEA-SE method and the weighting method is 28.



In particular, in the case of DMU-1, 6, 7, and 8, all of which show patent and/or technology transfer performance, DMU-6, 7, and 8 were ranked higher with the DEA-SE method than with the weighting method. DMU-1 retained its top ranking with the DEA-SE method, but with a relatively greater margin of difference from its immediate successor than was seen with the weighting method. Consequently, it was possible to verify the effect of output related to patents and technology transfers, which was obscured in the weighting method due to its inclusion in a single unified output score. Such a result can have a valid effect on the future production of research results, by promoting more diversified output through the prioritization of DMUs with higher efficiency in distributing the institute’s finite resources.




3.3. Analytical Results by Research Division


Table 7 shows the efficiency evaluation rankings for the research division according to both the weighting method and the DEA-SE method. When using the weighting method, the energy materials division was ranked first with a score of 24.7752 and the energy policy division was ranked eighth with a score of 1.6820. When using the DEA-SE method, the converting and storage division was ranked first with a score of 0.4767 and the energy policy division was eighth with a score of 0.0403.



The energy policy division was ranked eighth across the two methods and thus was shown to be the least efficient. However, the energy policy division, by its very nature, is not very conducive to the production of tangible results, such as papers, patents, and technology transfers. The energy materials division was ranked first using the weighting method but only third using the DEA-SE method. Instead, the converting and storage division, which ranked fourth in the weighting method, was top ranking in the DEA-SE method.



Differences in the results obtained from the weighting method and the DEA-SE method can be inferred from the analytical results shown in Table 8 and Table 9.



Table 8 shows the average score per project of each performance score by division for every 100,000 US$ in funding, and Table 9 presents the average score per project of each performance score by division. The weighting method uses the score for every 100,000 US$ in funding, as shown in Table 8, while the DEA-SE method uses the performance score itself, as shown in Table 9, without any conversion.



As can be seen in Table 8, with regard to energy research projects, the entire institute’s average scores per 100,000 US$ of research funding was 10.88 points for papers, 0.91 for patents, and 0.03 for technology transfers. This result shows that the impact of the patent score or technology transfer score on the overall performance score was minimal, and that skewing of the output has occurred. Using the weighting method, the energy materials division was assigned the highest ranking among the various research divisions. Because the average paper score per 100,000 US$ of funding for this field is 22.92, and thus higher than other fields, the performance score derived by the weighting method, which combines paper, patent, and technology scores into one, was greatly affected by the paper score. The influence of paper scores can be seen from how paper score ranking is reflected in the weighting method ranking, except in the converting and storage division.



When the DEA-SE method was applied, the converting and storage division took the topmost ranking due to the marked ascendency of its patent score, together with the relative superiority of its technology transfer score, as shown in Table 9.



As shown in Table 9, converting and storage division rose three places using the DEA-SE method, and had better performance in the patents and technology transfer score compared to other division. Energy environment and energy materials divisions, which fell in ranking, showed better performance in the paper score but were weaker in the patent score and technology transfer score. New energy division had a higher paper score than converting and storage division but recorded lower scores in the patent score and technology transfer score, thus ranking second under the DEA-SE method.



Therefore, these results show the skewing of output caused by the output preference and the weight setting. On the other hand, evaluation based on the DEA-SE method reflected the characteristics of each research division, and showed that a higher ranking may be achieved by focusing on output that cannot be obtained in other divisions. From the research institute’s perspective, this approach offers the advantage of diversifying output. Additionally, such results indicate that the use of the DEA-SE method will contribute to the balanced production of output.



Table 10 verifies the differences in the rankings in the weighting method and Table 11 verifies the differences in the rankings in the DEA-SE method. The analytical results shown in these tables identify the variables that affect the rankings in the individual methods. With regard to the weighting method rankings and the DEA-SE method rankings, the 94 DMUs having a performance score of zero were removed, and the other 199 samples were used in the analysis. After removing the median value, the lower 99 samples in Group 1 and the higher 99 samples in Group 2 were used to perform the Mann–Whitney U verification, which is a nonparametric comparison method with two samples.



The results of the ranking difference verification by the weighting method, shown in Table 10, indicate that the factors affecting the rankings include the research fund, the number of researchers, and the paper score at a significance level of 1% and the patent score at a significance level of 5%. Therefore, the input variables had a greater effect when the research fund and the number of researchers were smaller in the high-ranked Group 2, while the output variables had a greater effect on the ranking when the paper score and the patent score were higher.



The interpretation of the results shows that a higher performance is obtained when a smaller amount of research fund is used and a higher paper score is achieved.



However, as shown in Table 11, when the DEA-SE method is used, the weight of the individual variables is automatically calculated. Therefore, the actual factors affecting the ranking difference between the two groups are not the input variables but the output variables. Notably, in the DEA-SE method, the input variables did not have an effect, but all four output variables showed an effect at a significance level of 1%. In addition, technology transfer, which did not show an effect in the weighting method, and an additional variable of royalty income respectively showed an effect on the ranking in the DEA-SE method.



Therefore, the ranking was not affected by the input variables, such as the research fund, the number of researchers, and the research period, but the overall accomplishment was increased as research accomplishments were obtained from various sections; in other words, as more research accomplishments that were not produced from other sections were obtained.



The DEA-SE method gave more differences in the paper score and the patent score. This means that maintaining the same ranking in the DEA-SE method as in the weighting method requires more accomplishments. Therefore, the DEA-SE method may be used to prevent the skewing of outputs and to provide a powerful attraction to the production of various outputs.





4. Conclusions and Implications


This study proposed DEA-SE as a type of efficiency analysis methodology suited for evaluating the performance of energy research projects. To evaluate this, the weighting method and the DEA-SE method were employed to assess the efficiency of 293 energy research projects. The results obtained through the various methods were then compared and the differences were analyzed.



The findings may be summarized as follows.



First, the results showed that there are many ranking differences between the evaluation method used in the weighting and the DEA-SE methods. From analyzing 27 energy materials projects, 28 ranking differences were observed between the weight method and DEA-SE method. Additionally, the results by research divisions showed that there was a shift in ranking by three places in converting and storage, one in energy environment, and two in energy materials.



Second, evaluation based on the DEA-SE method showed that a higher ranking may be achieved by focusing on output that cannot be obtained in other divisions. As a result of the comparison analysis of 27 DMUs in the energy materials division, DMU-1, 6, 7, and 8, which have a patent score, technology transfer score, and royalty income higher than 0, were ranked higher with the DEA-SE method than with the weighting method. From analyzing 293 research projects by research divisions, the energy materials division was ranked first using the weighting method but only third using the DEA-SE method. Instead, the converting and storage division, which ranked fourth in the weighting method, took the top ranking in the DEA-SE method. Converting and storage division had better performance in the patents and technology transfer score compared to the other division. The energy environment and energy materials divisions showed better performance in the paper score but were weaker in the patent score and technology transfer score.



These results indicate that there is skewing among the subordinate variables, such as the paper score, patent score, and technology transfer score, that compose the performance score in the weighting method. Accordingly, the most prominent ranking increases for projects involving higher patent and/or technology transfer scores than paper scores in the DEA-SE method. Because the weighting method evaluates performance using the sum of all three performance variables, the impact of patent or technology transfer scores on the overall score remained minimal. Such results demonstrate the problems inherent in the uniform weighting system of the research division.



In conclusion, evaluating research performance using a single total score of weighted values leads to skewing toward output types that are more easily achievable. To resolve this problem, it is necessary to use the DEA-SE method in performance evaluation. When the DEA-SE method was used, DMUs with output that cannot be obtained in other divisions, such as patents, technology transfers, and royalty income, achieved a higher ranking compared to the weighting method. Therefore, if the DEA-SE method is employed in a DMU performance evaluation, the various DMUs will strive harder to produce output other than published papers. Additionally, from the research institute’s perspective, this approach offers the advantage of diversifying output. Accordingly, DEA-SE method is more appropriate for a balanced evaluation of research project performance.



This study was a case study of performance evaluation of energy research projects, and proposes the DEA-SE method. The DEA-SE method is commonly applied to DMUs performance evaluation. However, compared to the general DEA-CRS (VRS) method, the DEA-SE method has not been extensively studied. The significance of this study lies first in it being one of few that have conducted performance evaluation using actual data. Second, it employed regression analysis for the application of DEA-SE. Third, it proposed the DEA-SE method as an alternative to the weight method. Fourth, it presented empirical analysis results for the differences between the weight method and the DEA-SE method. As such, it made significant contributions in terms of policy development.



Based on the above research results, this study proposes three implications as follows.



First, the DEA-SE method makes it possible to derive ranking information for DMUs with inputs and outputs that have diverse standards of measurement. With the DEA-SE method, output types that could not be measured in terms of their number, such as the monetary value of technology transfers, can be incorporated. It likewise allows for the use of input types measured in different units, such as research personnel and research period. Therefore, the DEA-SE method will be a viable alternative for organizations that are reluctant to adopt DEA due to policy issues, such as the difficulty of assigning rankings.



Second, using the DEA-SE method including the DEA method for performance evaluation can minimize the problems relating to weighting and contribute to the production of more balanced output [15]. There are many difficulties involved in weighting output to induce a balanced mix of output types. The question of how much weight to assign in order to provide incentive for particular types of output harbors such policy risks as opposition from the organization’s members, the need to assign rational weight values, and the possibility of skewing toward other output types. In DEA, each DMU is free to choose any combination of inputs and outputs in order to maximize its relative efficiency [15]. The relative efficiency or the efficiency score is the ratio of the total weighed output to the total weighed input [15]. Therefore, the DEA-SE method does not require the setting of weights between variables having different measurement units. That is, performance evaluators do not have to set weights of variables, such as papers and number of commercialized products. They only have to set weights for quantifications in the same category as papers, such as the SCI score and domestic conference proceeding score.



Third, the DEA-SE method proposed in this study is better suited to the evaluation of research performance because it uses a more diversified range of input and output measurements. It takes into account variables heretofore excluded from performance evaluation, such as royalty income, research period, and research personnel. In the case of the DEA-SE model proposed by this study, the input variables cover not only research fund but also research personnel and the research period. Project supervisors will attempt to reduce research personnel and shorten the research period to achieve a higher DEA-SE performance score. As such, by investing the saved resources elsewhere, the team as a whole will be able to achieve higher efficiency than before [10].



There are some limitations of this study. This study was based on data collected in 2010. The main reason for using past data was due to the sensitivity of data. The data was the actual performance evaluation of the institute. The results can be disclosed for the institute as a whole, but detailed results by department were difficult to disclose to the public immediately. Data by department can be disclosed now that some time has passed, and changes have been made to department names and members, which would lessen the impact of making the data public. Since the proposed model is already in wide use, it can be convenient to apply. However, it is limited in reflecting the unique characteristics of the institute. In future work, the proposed model can be further developed into a rational model that reflects the institute’s unique characteristics. Methods other than DEA should be explored to allow for rational performance evaluation that takes into account characteristics unique to the institute.
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Figure 1. The concept of the super-efficiency input-oriented model [23]. 
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Figure 2. Research steps and method. 
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Table 1. Weighting score of output variables for the weighting method.
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Output Variable

	
Sub Output Variable

	
Weighting Point Per Case






	
Paper score

	
SCI paper

	
20




	
SCIE paper

	
15




	
International publication paper

	
6




	
Domestic publication paper

	
4




	
International conference proceeding

	
5




	
Domestic conference proceeding

	
3




	
Patent score

	
International patent registration

	
17




	
Domestic patent registration

	
10




	
Technology transfer score

	
Commercialization contract

	
2
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Table 2. Description of variables for the research model.
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Classification

	
Variable

	
Used Variables




	
Weighting Method

	
SE Method






	
Input

(Independent variable)

	
Research funding

	
○

	
○




	
Research personnel

	
-

	
○




	
Research period

	
-

	
○




	
Outcome

(Dependent variable)

	
Paper score

	
○

	
○




	
Patent score

	
○

	
○




	
Technology transfer score

	
○

	
○




	
Royalty income

	
-

	
○
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Table 3. Descriptive statistics.






Table 3. Descriptive statistics.





	Classification
	Min
	Max
	Mean
	Std. Dev





	Research funding
	10,000
	4,232,000
	298,000
	504,000



	Research personnel
	1
	63
	7.63
	5.918



	Research period
	1
	29
	11.42
	3.174



	Performance score
	0
	168
	21.29
	30.220







Unit: Research funding = US$, Research personnel = number of participants, Research period = months.
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Table 4. Correlation matrix.






Table 4. Correlation matrix.











	Classification
	Research Funding
	Research Personnel
	Research Period





	Research funding
	1
	
	



	Research personnel
	0.554 **
	1
	



	Research period
	0.137 **
	0.074 *
	1







**: Significance at the 1% level, *: Significance at the 5% level.
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Table 5. Results of regression analysis.
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	Classification
	Model 1
	Model 2
	Model 3





	Research funding
	0.349 **

(11.014)
	0.268 **

(7.082)
	0.254 **

(6.700)



	Research personnel
	
	0.148 **

(3.907)
	0.148 **

(3.938)



	Research period
	
	
	0.101 **

(3.185)



	Adjusted R2
	0.121
	0.135
	0.144



	F-value
	121.319
	69.286
	50.056



	P-value of regression model
	<0.0001
	<0.0001
	<0.0001







The t-statistics are in parentheses under the estimation of coefficients. **: Significance at the 1% level.
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Table 6. Results of energy materials division.






Table 6. Results of energy materials division.





	
DMU

	
Weighting Method

	
SE Method

	
Difference

	
Variables *




	
Score

	
Ranking

	
Score

	
Ranking

	
Funding

	
Paper

	
Patent

	
Tech

	
Income






	
1

	
110.00

	
1

	
4.178

	
1

	
0

	
30

	
23

	
10

	
0

	
0




	
2

	
12.22

	
14

	
0.161

	
14

	
0

	
180

	
22

	
0

	
0

	
0




	
3

	
18.82

	
13

	
0.244

	
13

	
0

	
170

	
32

	
0

	
0

	
0




	
4

	
24.44

	
9

	
0.373

	
10

	
−1

	
180

	
44

	
0

	
0

	
0




	
5

	
88.00

	
2

	
1.231

	
4

	
−2

	
100

	
88

	
0

	
0

	
0




	
6

	
20.00

	
11

	
1.259

	
3

	
8

	
90

	
8

	
10

	
0

	
0




	
7

	
36.30

	
8

	
1.000

	
5

	
3

	
270

	
96

	
0

	
2

	
34.5




	
8

	
75.60

	
3

	
2.562

	
2

	
1

	
250

	
177

	
10

	
2

	
38.6




	
9

	
45.00

	
5

	
0.511

	
9

	
−4

	
40

	
18

	
0

	
0

	
0




	
10

	
0.00

	
25

	
0.000

	
25

	
0

	
50

	
0

	
0

	
0

	
0




	
11

	
0.00

	
27

	
0.000

	
27

	
0

	
150

	
0

	
0

	
0

	
0




	
12

	
6.15

	
17

	
0.083

	
19

	
−2

	
130

	
8

	
0

	
0

	
0




	
13

	
5.93

	
18

	
0.090

	
18

	
0

	
270

	
16

	
0

	
0

	
0




	
14

	
20.00

	
12

	
0.263

	
12

	
0

	
200

	
40

	
0

	
0

	
0




	
15

	
43.48

	
7

	
0.604

	
7

	
0

	
115

	
50

	
0

	
0

	
0




	
16

	
0.00

	
23

	
0.000

	
23

	
0

	
35

	
0

	
0

	
0

	
0




	
17

	
4.44

	
21

	
0.061

	
21

	
0

	
180

	
8

	
0

	
0

	
0




	
18

	
8.24

	
16

	
0.112

	
16

	
0

	
170

	
14

	
0

	
0

	
0




	
19

	
5.00

	
20

	
0.070

	
20

	
0

	
240

	
12

	
0

	
0

	
0




	
20

	
44.12

	
6

	
0.547

	
8

	
−2

	
68

	
30

	
0

	
0

	
0




	
21

	
5.27

	
19

	
0.090

	
17

	
2

	
152

	
8

	
0

	
0

	
0




	
22

	
57.92

	
4

	
0.812

	
6

	
−2

	
240

	
139

	
0

	
0

	
0




	
23

	
24.00

	
10

	
0.273

	
11

	
−1

	
50

	
12

	
0

	
0

	
0




	
24

	
3.33

	
22

	
0.044

	
22

	
0

	
180

	
6

	
0

	
0

	
0




	
25

	
0.00

	
24

	
0.000

	
24

	
0

	
40

	
0

	
0

	
0

	
0




	
26

	
0.00

	
26

	
0.000

	
26

	
0

	
119

	
0

	
0

	
0

	
0




	
27

	
10.67

	
15

	
0.121

	
15

	
0

	
75

	
8

	
0

	
0

	
0




	
Sum

	

	

	

	

	
28 **

	
3774

	
859

	
30

	
4

	
73.1








*: Funding = research funding (Unit: 1,000 US$), Paper = paper score, Patent = patent score, Tech = technology transfer score, Income: royalty income (Unit: 1,000 US$). **: the sum of the absolute values of differences in ranking.
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Table 7. Average score and ranking per project of research divisions using two methods.
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Division

	
Weighting Method *

	
SE Method **

	
Difference




	
Average

	
Ranking

	
Average

	
Ranking






	
New energy

	
17.0615

	
2

	
0.3734

	
2

	
-




	
Renewable energy

	
8.7918

	
5

	
0.2097

	
5

	
-




	
Converting and storage

	
9.7050

	
4

	
0.4767

	
1

	
3




	
Energy efficiency

	
7.2709

	
7

	
0.1436

	
7

	
-




	
Energy environment

	
14.8615

	
3

	
0.2307

	
4

	
−1




	
Energy materials

	
24.7752

	
1

	
0.3717

	
3

	
−2




	
Energy policy

	
1.6820

	
8

	
0.0403

	
8

	
−




	
Other ***

	
8.5864

	
6

	
0.1525

	
6

	
-








*:    χ 2  = 41.651 ,    df    =  7 ,   p  = 0.000  , **:    χ 2  = 46.651 ,    df  =  7 ,   p  = 0.000  , ***: “Other” refers to commissioning for energy certification and convergence projects that are difficult to categorize. In 2017, 15 projects were classified as “Other”.
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Table 8. Average performance score per project by division for every 100,000 US$ in funding.
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	Division
	Paper Score
	Patent Score
	Technology Transfer Score





	New energy
	16.56
	0.50
	0.00



	Renewable energy
	8.64
	0.13
	0.02



	Converting and storage
	2.83
	6.75
	0.12



	Energy efficiency
	5.88
	1.33
	0.06



	Energy environment
	14.66
	0.21
	0.03



	Energy materials
	22.92
	1.79
	0.06



	Energy policy
	1.68
	0.00
	0.00



	Other
	7.92
	0.67
	0.00



	Average
	10.88
	0.91
	0.03
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Table 9. Average performance score per project by division.
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	Division
	Paper Score
	Patent Score
	Technology Transfer Score
	Royalty Income





	New energy
	55.67
	2.05
	0.00
	0



	Renewable energy
	24.62
	0.76
	0.21
	16,586



	Converting and storage
	17.92
	5.00
	0.67
	5000



	Energy efficiency
	8.83
	0.92
	0.06
	462



	Energy environment
	25.65
	0.37
	0.19
	3696



	Energy materials
	31.81
	1.11
	0.15
	2709



	Energy policy
	10.27
	0.00
	0.00
	0



	Other
	5.80
	1.33
	0.00
	0



	Average
	24.13
	1.09
	0.14
	4974
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Table 10. Results of the ranking difference using the weighting method.
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Classification

	
Group †

	
Average Score

	
Average Ranking

	
U Value

	
Z(P) Value






	
Research funding

	
1

	
643

	
123.87

	
2488.0

	
−5.985 **

(0.000)




	
2

	
229

	
75.13




	
Research personnel

	
1

	
10.85

	
112.98

	
3566.0

	
−3.324 **

(0.001)




	
2

	
6.90

	
86.02




	
Research period

	
1

	
12.34

	
104.38

	
4417.0

	
−1.635

(0.102)




	
2

	
11.86

	
94.62




	
Paper score

	
1

	
24.04

	
81.09

	
3078.0

	
−4.531 **

(0.000)




	
2

	
47.33

	
117.91




	
Patent score

	
1

	
1.11

	
93.79

	
4335.5

	
−2.475 *

(0.013)




	
2

	
2.12

	
105.21




	
Technology transfer score

	
1

	
0.28

	
99.59

	
4891.5

	
−0.054

(0.957)




	
2

	
0.12

	
99.41




	
Royalty income

	
1

	
6043

	
98.52

	
4803.0

	
−0.709

(0.487)




	
2

	
8678

	
100.48








†: Group 1 = 99 DMUs, Group 2 = 99 DMUs. **: Significance at the 1% level, *: Significance at the 5% level.
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Table 11. Results of the ranking difference using the DEA-SE method.
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Classification

	
Group †

	
Average Score

	
Average

Ranking

	
U Value

	
Z(P) Value






	
Research funding

	
1

	
426

	
100.05

	
4846.0

	
−0.135

(0.892)




	
2

	
446

	
98.95




	
Research personnel

	
1

	
9.39

	
101.67

	
4686.5

	
−0.534

(0.593)




	
2

	
8.36

	
97.33




	
Research period

	
1

	
12.24

	
100.88

	
4763.5

	
−0.463

(0.643)




	
2

	
11.96

	
98.12




	
Paper score

	
1

	
13.80

	
67.25

	
1708.0

	
−7.938 **

(0.000)




	
2

	
57.43

	
131.75




	
Patent score

	
1

	
0.00

	
87.50

	
3712.5

	
−5.204 **

(0.000)




	
2

	
3.23

	
111.50




	
Technology transfer score

	
1

	
0.00

	
93.50

	
4305.5

	
−3.564 **

(0.000)




	
2

	
0.40

	
105.50




	
Royalty income

	
1

	
0

	
95.50

	
4504.5

	
−2.879 **

(0.004)




	
2

	
14,721

	
103.50








†: Group 1 = 99 DMUs, Group 2 = 99 DMUs. **: Significance at the 1% level.
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