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A best-worst-method-based performance evaluation framework for manufacturing industry
Abstract
Purpose: The purpose of paper is to develop a performance evaluation framework for manufacturing industry to evaluate overall manufacturing performance.
Design/methodology/approach: The Best Worst Method (BWM) is used to aid in developing a performance evaluation framework for manufacturing industry to evaluate their overall performance. 
Findings: The proposed BWM-based manufacturing performance evaluation framework is implemented in an Indian steel manufacturing company to evaluate their overall manufacturing performance. Operational performance of the organization is very consistent and range between 60% to 70% throughout the year. Management performance can be seen high in percentage in the first two quarter of the financial year ranging from 70% to 80% whereas a slight decrease in the management performance is observed in the 3rd and 4th quarter ranging from 60% to 70%. The social stakeholder performance has a peak in first quarter ranging from 80% to 100% as at start of financial year.
Originality/value: This paper utilized BWM, a MCDM method in developing a performance evaluation index that integrates several categories of manufacturing and evaluates overall manufacturing performance. This is a novel contribution to BWM decision-making application.
Keywords: Performance evaluation; best worst method; manufacturing; operations; management; social and stakeholders.
1. Introduction
Manufacturing is the process of transforming raw material into finished products (Kalpakjian and Schmid, 2016). This core manufacturing activity is central to the performance and success of the firms (Malek and Desai, 2019). This therefore requires continuous performance measurement and improvement by organizations to remain highly competitive (Rehman et al., 2018). Developing manufacturing performance evaluation framework is significant for strategy management and plays a critical role in achieving competitive success (Yang et al., 2009). Due to globalization and ever-rising customer demand, manufacturing organizational managers and decision makers are usually faced with many obstacles in managing and evaluating their manufacturing process performance. In addition, managers and decision makers usually receive too much information related to their manufacturing processes from scattered and isolated sources (Jain et al., 2011). This scattered information is neither integrated nor good enough to provide guidelines for improvement. Fast decision-making and on the spot corrective actions are now becoming essential for manufacturing organizations to remain highly competitive. Therefore, in order to evaluate and improve the overall manufacturing performance, there is the need for a manufacturing performance evaluation framework that is effective and efficient for today’s manufacturing organizations. 
Manufacturing performance measurement framework should provide decision makers and managers with some basis for continuous measurement and improvement and in line with digitalization. Performance evaluation for manufacturing organizations is an essential starting point to achieve excellence (Kochhar and Eguia, 1998). Performance evaluation framework is a system or set of matrices utilized to quantify both efficiency and effectiveness of criteria and sub-criteria (Khan et al., 2019). Neely et al. (1997) argued that, evaluation of performance is basically a set of process to measure activities (actions) and quantifying its efficiency and effectives with associated targets (Okoshi et al., 2019). Integration of operational criteria and their associated sub-criteria in evaluating overall manufacturing performance is essential for improvement and benchmarking. Digitalization have made it easier for data collection and storage, and, have made it possible for organizations to evaluate their overall manufacturing performance in real time. This also allows decision makers and managers to take appropriate decisions on time. Furthermore, instant decision making to identify and improve underperformed criteria or strategic and operational areas, reduces manufacturing cost and avoid delays in fulfilling customer demands.    
Several integrated performance measurement frameworks have been developed in the recent past and have tried to combine more than one performance criterion (see Khan et al., 2019; Khan et al., 2018; Rehman et al., 2018; Hassan et al., 2017; Khan et al., 2016). An integrated performance measurement framework that addresses the many shortcomings of the previously developed frameworks is required. However, there exist several important issues that are essential to be included in the evaluation of manufacturing performance. For example, integration of all operational performance criteria and sub- criteria, utilization of real time data collection and real time performance evaluation, and instant manufacturing performance evaluation that helps managers and decision makers initiating corrective actions, just to mention a few of them. 
Existing manufacturing systems are not efficient and flexible enough to update critical information related to key performance indicators on time. Traditional frameworks are mainly based on financial measures and evaluate performance mainly on financial terms. These frameworks evaluate performance based on past performance parameters that lead the managers and decision makers to ignore long-term and continuous improvement (Ghalayini et al., 1997; Liu, 2008; Önüt et al., 2008; Yang et al., 2009). These existing manufacturing performance measurement frameworks are not capable of adopting dynamic and challenging manufacturing environment. As argued by Yang et al. (2009), effective manufacturing performance evaluation framework must provide a roadmap of continuous improvement and should be explicit and objective. In addition, there is the need for an integrated manufacturing performance evaluation framework for aiding continuous improvement to remain highly competitive. 
The aim of this paper is to introduce a performance evaluation framework for manufacturing industry. This framework is modelled aided by the best-worst method (BWM). The framework aids the evaluation of the overall manufacturing performance and provides guidelines to managers and decision makes for continuous improvement, highlighting the under-performed functions and criteria. Moreover, the proposed performance evaluation framework will allow managers to monitor, control, and take instant action to improve overall manufacturing system. The proposed framework provides an opportunity to decision makers and managers to evaluate their manufacturing performance by integrated criteria and sub-criteria.
Now a days ways of making decisions has been changed. It is important to incorporate decision makers’ knowledge and experience in decision-making. Manufacturing is core of any business success and it is essential to evaluate manufacturing performance effectively and efficiently. Evaluation of overall manufacturing performance will help organizations to remain competitive and fulfill customers demand more effectively. However, literature is lacking in evaluating overall manufacturing performance. Therefore, this study will propose manufacturing performance index that incorporated decision maker’s knowledge and experience and evaluated overall manufacturing performance.  

Therefore, the specific objectives of this paper are to:
i)	Review literature to identify and validate criteria and sub-criteria that are essential for manufacturing organizational performance evaluation.
ii)	Develop a performance evaluation framework for manufacturing industry based on BWM.
iii)	 Practical implementation of the proposed performance evaluation framework within a case manufacturing company.
1.1 Novelty and Contribution
The contributions of this paper are manifold. First, the focus on a manufacturing performance evaluation has only seen very limited attention in the literature and in different aspect such as in the context of Industry 4.0; green lean performance in manufacturing industries; environmental performance of manufacturing organizations  (see: Singh et al., 2020; Kamble et al., 2020;  Marulanda-Grisales and Figueroa-Duarte, 2020). This paper adds to this emerging investigation by introducing an integrated overall manufacturing performance index to address this gap. Second, it develops a framework to evaluate overall manufacturing performance in the context of emerging economy, India. In addition to that, literature in limited and not many authors developed any framework that evaluates overall manufacturing performance in the context of social, operational, and management. Therefore, this work pioneers research in this direction. Third, this is first time BWM is utilized in aiding development of performance evaluation index that integrates several factors and criteria of manufacturing and evaluates their overall manufacturing performance. This is a novel contribution to BWM decision-making application.
The reminder of the paper is organized as follows. Section 2 will provide brief overview of literature in the field of PMS in general and application of BWM in performance measurement. Section 3 will discuss the research methodology and overview of BWM. Section 4 shows the case application of the proposed manufacturing performance evaluation index system. Section 5 discusses the results and implications, and, lastly, Section 6 conclude the study and provides future research directions and limitations.


2. Literature background
2.1 Performance Measurement Systems and Multi-Criteria Decicion Making
Performance measurement (PM) is the process of quantitatively or qualitatively evaluating the effectiveness and efficiency of organisational activities (Neely et al., 1995). Performance measurement systems (PMS) is a set of performance measures that are taken into consideration when evaluating business organizations performance (Carlsson-Wall et al., 2016). PMS plays a significant role at organizational, supply chains and national levels as they influence decisions at these levels (Laihonen and Pekkola, 2016; Van Hoek, 1998). 
Waggoner et al. (1999) argued that, internal factors such as peer pressure, power relationships and search for legitimacy; and external factors including legislation and information technology, shape organizational PMS. Akyuz and Erkan (2010) argued that, PMS are information systems that transform input (data) into outputs (performance measures) and are then employed to assess performance and provide feedback. A well-designed PMS can help organizations in achieving improvement in overall supply chain, implementation of supply chain strategy, control and decision making at strategic, tactical, and operational level (Bhagwat and Sharma, 2009; Gunasekaran et al., 2004; Mondragon et al., 2011).
A large number of firms have identified the importance of financial and non-financial performance measures, but have not been able to represent them in a balanced framework. The metrics, which are employed in performance measurement should capture the organizational performance nature (Gunasekaran et al., 2004). In order to achieve a successful and efficient performance measurement, measurement targets should follow organizational objectives. Also, metrics that have been selected should demonstrate a balance among financial and non-financial measures (Gunasekaran et al., 2004), It can be related to strategic, tactical and operational levels of decision-making and control (Lima-Junior and Carpinetti, 2017; Seuring, 2013). Performance evaluation literature consist of variety of studies, including metrics conceptual frameworks (Gunasekaran et al., 2001), identification of measures using surveys (Gunasekaran et al., 2004), case studies (Cuthbertson and Piotrowicz, 2011) and quantitative models to support the performance evaluation process (Chithambaranathan et al., 2015).
Several number of performance measurement techniques and approaches have been developed within the past decade to assess the performance of supply chain from diverse categories. An efficient PMS is in high demand in order to assist corporations in order to obtain their business targets by monitoring the effectiveness of the deployment of their new strategies (Jayaram et al., 2014). According to a study carried out by Lima-Junior and Carpinetti, (2017), multi-criteria decision-making (MCDM) models are the most applied methods for evaluating manufacturing supply chain performance (50.0%), followed by mathemathical programing (21.4%), artificial intelligence (11.9%), simulation (6.0%) and statistical techniques (4.8%). Among the MCDM applied, AHP (Analytic Hierarchy Process) and DEA (Data Envelopment Analysis) are the mose employed thechniques for supporting SCM performance evaluation and measurement (Lima-Junior and Carpinetti, 2017). Based on a research carried out by Neely et al. (2001), financial PMS, which mainly focus on financial measures, have been criticized because of neglecting non-financial metrics. Rehman et al. (2018), in their study employed AHP and DMAIC (define, measure, analysis, improve and control) methodology to model a novel SCPMI system in order to measure and improve supply chain performance in the context of an emerging economy nation automobile manufacturing firm. In this study, the authors employed a mix of financial and non-financial measures.
2.2. Best Worst Method and Manufcaturing Performance Evaluation
The use of Best-worst method can be found in the manufacturing domain. According to Malek and Desai (2019), the decision making in manufacturing organizations considering the triple bottom line (economic, environmental and social) dimensions is very complex when prioritizing and selection. The best worst method is one of the best methods used by the researchers to ease the difficulties in prioritizing the multi-criteria and multi-dimensional nature of sustainable manufacturing elements. The performance and success of manufacturing industries depend upon the adoption and use of emerging manufacturing technologies. Such a leading additive manufacturing technology and its role in sustainable benefits has been discussed (Niaki et al.,  2019).
The Best-worst method is also a potential method for performance analysis in different domains. Financial ratios are the prominent parameters for examining the performance of organizations. Alimohammadlou and Bonyani (2018) used Dynamic analysis of performance instead of cross- sectional analysis for accurate examination of financial performance of an organization compared with multi criteria decision making. Establishing the specification for any project is a complex and tedious task, as in any project there are a number of hidden information, which is generally ignored by specifier assuming that it is well understood. Such an assumption may include fuzzy terms like hidden fuzzy terms (HFTs). An algorithm proposed in Asadabadi et al. (2019) deals with the extraction of the hidden fuzzy terms using fuzzy interference system and applies the best worst multi-criteria decision making to deliver the product and evaluate the performance of provider.
Green human resource management (GHRM) has become an important tool for environmental management (Adjei-Bamfo et al., 2019). A study on performance of manufacturing organizations considering GHRM has been given in Gupta (2018). Generally, the port choice and port performance are treated as different entities. A research work demonstrating port performance vis a vis port choice has been discussed in Rezaei et al. (2019). In this study, factors affecting port choice have been included in port performance studies and the importance of these factors is assessed aided by the best worst method. A composite index (CI) has been developed by Raj and Srivastava (2018) in order to examine the performance of aircraft manufacturing organizations. This study uses Fuzzy best worst multi-criteria decision- making technique. Research and development (R&D) of any organization provides it an extra edge in terms of its competition, productivity and growth. A study was conducted by Salimi and Rezaei (2018) to investigate the performance of R&D in organizations aided by the best worst method and identified the importance of R&D measures.
Best worst method (BWM) and Fuzzy interference system (FIS) was utilized in Torbati et al. (2018) to evaluate the performance of insurance branches in Iran. Various parameters like insurance costs, premium income, deferred claims, marketing cost, customer satisfaction etc. were analyzed to strengthen the study. The operational performance of four power grids in China has been studied in You et al. (2017). This study uses hybrid multi criteria decision-making framework for examining the sustainability of grids. Best worst method was also implemented to rank the operational performance of different grids. The importance of energy storage system is increasing along with the increase in share of renewable energy for reliable and stable grid.  A comprehensive framework utilizing multi criteria decision-making and fuzzy Delphi approach has been developed in Zhao et al. (2018a) for selection of appropriate energy storage system.
China is underway of reform of transmission and distribution tariffs due to various emerging electricity-selling companies. Thus, it becomes prudent for electricity grid companies to make up their operational performance.  Zhao et al. (2018b) provides a model of multi-criteria decision making integrated with fuzzy Delphi and best worst method in order to examine the performance of grid companies. A paper by Abouhashem Abadi et al. (2018) provides a framework utilizing SWOT model and best worst method for the development of medical tourism industry in Iran.
In today’s era, corporate sustainability pressures play a significant role in decision making of organizations. The framework developed in (Bai et al., 2019) suggests socially sustainable attributes for decision making by use of best worst method and TODIM. Supply chain management and its sustainable growth is becoming popular. In addition, there is increased awareness among organizations toward selecting suppliers considering environmental and social concerns of customer requirements. In another paper, Garg and Sharm (2018) proposed a model based on best worst method for the selection of sustainable outsourcing partners. The development of innovation and technology is of utmost important to organizations especially for those in the aerospace and remotely – piloted helicopters due to their involvement in high-level complexity and cost. A study by Ghaffari et al. (2017) highlighted on the key success factors in technological development of RPH industry.
A framework has been developed by Mahmoudi et al. (2019) using best worst method for examining the sustainability and evaluating the criteria considering the social and environmental dimensions in addition to the economic criteria. Water security has become a great challenge due to rapid increase in urbanization and industrialization. Sustainability of water is of utmost importance and measured through various parameters. An integrated framework utilizing multi-criteria decision-making, the best worst method, has been introduced in Nie et al. (2018) covering the dimensions related to sustainability of water security. Oil and gas are the two most used energy resources in the world, their excessive use has adverse effect on environment and society. Thus, sustainable oil and gas supply chain management has become an important aspect for eradicating such problems. The external forces such as economic and political stability, competition etc. are the driving forces for supply chain management practices. A paper by Wan Ahmad et al. (2017) has analyzed the collective significance of such forces and used the best worst method for examining the data collected from two oil and gas companies.
3. Research Methodology
This study uses a single case study methodology to investigation the work. In this section, we will discuss the development of manufacturing performance evaluation index in detailed. All stages are simplified and illustrated in figure 1.



Stage 1: Define the Goal                                                                              (Develop Manufacturing Performance Evaluation Index)


Stage 2: Identify Performance Evaluation Criteria 
(Based on literature review and experts’ opinion)


Stage 3: Calculations of Criteria Importance Weights 
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Stage 4: Development of Manufacturing Performance Evaluation Index  




Stage 5: Implementation of Developed Manufacturing Performance Evaluation Index in Case Company




Stage 6: Result Analysis
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Figure 1: Step by Step Approach to Develop Manufacturing 
Performance Measurement Index

Stage 1: Define the Goal 
In this stage, the goal of the study is set to inform the remaining stages. For example, to develop a performance evaluation index. 
Stage 2: Identify Performance Evaluation Criteria
In this stage, related performance evaluation criteria are identified from the literature and refined using experts’ opinion. 


Stage 3: Calculations of Criteria Importance Weights using BWM
In this stage, the performance evaluation criteria identified in stage 2 are evaluated to determine the importance weights. In this study, the Best Worst Method (BWM), introduced by Rezaei, (2015) was selected and utilized to aid the evaluation. BWM is a recently developed MCDM method for identifying criteria weights (Rezaei, 2015). BWM has many advantages over the other mostly used MCDA techniques (Loh et al., 2020). Among the many MCDM techniques available in the literature for determining criteria/factors weights etc. such as Analytic Hierarchy Process (AHP) that was first introduced by Saaty  in 1980 (Saaty, 1980), Full Consistency Method (FUCOM) that is recently introduced by Pamučar, Stević, and Sremac in 2018 (Pamučar, Stević, and Sremac, 2018), Level Based Weight Assessment (LBWA) which is first introduced by Žižović and Pamucar in 2019 (Žižović and Pamucar, 2019), Ordinal Priority Approach (OPA) that is proposed in last year by Ataei (Ataei et al. 2020), Stepwise Weight Assessment Ratio Analysis (SWARA) was introduced by Kersuliene et al. in 2010 (Kersuliene, Zavadskas, and Turskis, 2010), AHP happens to be the most widely used technique. AHP is widely used in group decision-making (Lin et al. 2020; Zhang et al. 2021; Yu et al. 2021). Although the literature suggests the heavy presence and adoption of AHP in many studies, unfortunately, it results are compromised (Orji et al., 2020). This compromise final solution of AHP is due to the many inconsistencies which results from the huge number of pairwise comparisons making the problem much more complex to handle (see e.g. Büyüközkan and Guleryuz, 2016). This problem complexity further amplifies with increased number of criteria (Kusi-Sarpong et al., 2016). To deal with these inconsistencies originated from the complexity and amplification of the pair-wise comparisons, and provide consistent solutions, the BWM is introduced and deemed the most appropriate MCDM technique. 
		BWM when compared to AHP statistically, Rezaei (2015) identified that, BWM results were highly consistent (Mi et al., 2019). Thus, BWM is preferable in performance over AHP from four principal areas including consistency, minimum violation, conformity, and total deviation (Rezaei, 2015; Mi et al., 2019). BWM is a vector-based approach which requires relatively less pairwise comparison data and inputs, which is its advantage over other heavily used MCDM such as AHP (Rezaei, 2016; Gupta et al., 2020). Another principal reason for selecting BWM over the others is the heavy applications of BWM in the academic literature (about 344 papers)[footnoteRef:1], evidencing that it provides good results and hence have received strong acceptance among academics and practitioners. BWM has already been utilized in a number of real world problems such as social sustainability supply chain assessment (Badri Ahmadi et al., 2017), supply chain sustainability innovation (Kusi-Sarpong et al., 2019), eco-innovation for freight logistics sustainability (Orji et al., 2019), R&D performance measurement of companies’ (Salimi and Rezaei, 2018), social sustainable supplier evaluation and selection (Bai et al., 2019), social media for supply chain social sustainability (Orji et al., 2020), enablers to supply chain performance (Gupta et al., 2020) and barriers and overcoming strategies to supply chain sustainability innovation (Gupta et al., 2020). These advantages motivated us to select and utilize BWM for this study.  [1:  https://bestworstmethod.com/wp-content/uploads/2020/07/BWM-bibliographical-database.pdf (Accessed: 16 May 2021) – Last updated 07 June 2021
] 

BWM (Rezaei, 2015, 2016) is structured according to the following steps:  
Step 1. Identifying decision criteria set. Thus, a number of criteria {,,,….,} that describes the decision is determined.
Step2. Decision makers determined best (B) criterion and worst (W) criterion. 
Step 3. Based on a scale of 1 to 9, each decision maker is ask to elicit pairwise comparison of best criterion over all the other criteria. This results in a vector  = (, , ,…, ).
Step 4. Similarly, as above, each decision-maker is asked to elicit pairwise comparison of all criteria over the worst criterion and this results in a vector of . 
Step 5. Finally, the optimal weights of the criteria (, …,) are computed. This is completed by obtaining criteria weights so that the maximum absolute differences for all j can be minimized for  . Therefore, the following minimax model is obtained: 
min  
Subject to 
                                                     =1	(1)
≥0, for all j 
Problem (1) can be transferred to the following linear programming problem:
min 
Subject to
 ≤, for all j
 ≤, for all j	(2)
=1
≥0, for all j
Model (2), can be solved to obtain the optimal weights (, …,) and . The closeness of the consistency value of  to zero, the better. 
Stage 4: Development of Manufacturing Performance Evaluation Index  
After determining the criteria importance weights using BWM as in stage 3, the proposed model is mathematically formulated using equation 3.
(3)

Where: Y = Manufacturing Performance Evaluation Index (%) 
i    = 1, 2 . . . n	
j    = 1, 2 . . . m
n = No. of category
m = Criteria set within each category
Xij = Criteria j value for category i
α i  = Weight (%) of category i
β ij = Weight (%) of criteria j for category i.
The model proposed considers all the elements of the category and criteria framework. In cases where some of the criteria or category information is/are unavailable, the model can simply adjust the Xij value by assuming its value is zero. This will further require renormalizing the relevant and remaining weights (β ij) using equation 4.

(4)

Where:  = New normalized weight of the criteria j for category i.
Stage 5: Implementation of the Performance Evaluation Index 
In this stage, the proposed evaluation index model is implemented using archival or empirical data.
Stage 6: Result Analysis
The outcome from the implementation is analyzed to make meaning out of it to support decision-making and possible aid in the development of improvement implementation plans. In this paper, we will make this stage a section due to the fact that it plays very a central role.
 4. Case study    
4.1 Case problem description
The proposed manufacturing performance evaluation index is validated using a case study. The case manufacturing company was founded in the year 1976 in India represented as “company ABC”. Company ABC manufactures steel- based castings and forgings for power plant equipment’s, cement industry, steel industries, defense, ship building etc. The company produces various steel grade- based products to the tune of 10000 MT per year. It has ability to melt and process wide variety of steel grades right from plain carbon grade to creep resistant, super critical and high chromium stainless steel. Company ABC has various certifications like Quality Systems (ISO-9001), Environment (ISO-14001, Occupational Health & Safety (ISO-18001) and Energy Management System (ISO-50001). It also consists of various policies on scrap management, use of green technology, energy management etc. It has a strong work force of around 1800 employees at various cadres working across different functions. Company ABC is committed for delivering high quality product and total satisfaction of customer and so are interested to identify areas that they are not performing well to improve. They therefore agreed to pursue this exercise to achieve this goal. 
Stage 1: Define the Goal 
In this stage, our goal is to develop manufacturing performance evaluation index. This index will help organizations (in this case, the case manufacturing organization) to measure their overall manufacturing performance based on a set of criteria.
Stage 2: Identify Performance Evaluation Criteria
In this stage, we first identify some potential manufacturing performance evaluation criteria from the literature and subjected them to review by managers and experts from the case company. Our searched targeted several database such as science direct, wed of science, and google scholar. Different keywords and their combination were used in search such as “manufacturing performance”, “manufacturing performance indicator”, “manufacturing performance criteria” etc. All papers that are in line with the objectives and scope of our study were included and did not consider works, which are not peer-reviewed, unpublished papers, and graduate thesis. After several rounds of discussions and review by managers and experts (profile of experts can be found in table 2), we arrived with manufacturing performance evaluation criteria listing (3 category and 18 sub-category) which are shown in Table 1 with their brief descriptions.
Table 1: Manufacturing Performance Evaluation Criteria
	S. No.
	Categories
	Criteria
	Description

	1
	Operational 
(O)

	Production rate (O1)
	This refers to the production of the right amount of product within a given time.

	2
	
	Productivity 
(O2)
	This refers to the production output over raw material/production input.

	3
	
	Flexibility 
(O3)
	This refers to the ability of the production line to be agile and to adjust (customize) the different aspects to produce the desired products.

	4
	
	Production Capacity (O4)
	This refers to the ability of a manufacturing system to fulfil market demand.

	5
	
	Machine Downtime 
(O5)
	This is the time period within which machine is down for maintenance or breakdown and affect production schedule

	6
	
	Machine Reliability
 (O6)
	This refers to machine availability or uptime over the production schedule time (total period the machine is required)

	7
	
	Cost (O7)
	This includes delivery cost, costs of production and different cost components that are related to manufacturing processes.

	8
	
	Quality (O8)
	This refers to the fit for purpose and aesthetics, the process parameters within the design specification limit to keep the quality of the part produced and to deliver the required specification of output.

	9
	
	Raw Material Quality (O9)
	Quality of raw material during manufacturing process

	10
	Social Stakeholders* (S)
	*Employee Transfer (S1)
	This is the relocation of employees to various organizational working locations

	11
	
	*Employee Entertainment
(S2)
	This refers to the organizing providing a well-organized entertainment activity to employees to ensure their psychological and mental health is healthier.

	12
	
	*Provision of employee accommodation
(S3)
	This refers to the organizations providing employees with comfortable accommodations to take away the burden of housing to focus on the job.    

	13
	
	*Market Competition
(S4)
	This refers to the firm keeping a close eye on markets for similar products to overcome competitions.


	14
	Management (M)
	*Business Expansion (M1)
	This refers to the organizations exploring other opportunities to expand their business in terms of new markets, new domains, and new technology.

	15
	
	Unavailability of Raw Material (M2)
	This refers to the lack of raw material from supplier or stock-out of material in stock.

	16
	
	*Occupational, health and safety
(M3)
	This refers to the company mandating all it employees to comply with the occupational health and safety rules by using for example appropriate personal protective equipment.

	17
	
	On time delivery
(M4)
	This is the manufacturing process able to meet production schedule.

	18
	
	Employees overtime
(M5)
	This is employee/manpower usage after normal working hours required to meet production schedule.



* Added by experts and compiled from Hon (2005); ElMaraghy et al. (2009); Tunälv (1992); Mattias (2007); Rachna and Peter (2003); Wheelwright (1984); Gerwin (1987); and Khan and Zaidi (2012)
Stage 3: Calculations of Criteria Importance Weights 
In this stage, the BWM is utilized to calculate the manufacturing performance evaluation criteria importance weights. Since the criteria have already been determined in stage 2, step 1 of the BWM is omitted. The profile of the experts who participated in the BWM is summarized in Table 2. 
Table 2: Profile of experts involved in the BWM evaluation
	Expert #
	Position
	Department
	Years of Experience
	Responsibility

	1
	Director
	Central Planning
	28
	Advance planning and scheduling, strategic management of materials budget allocation, delivery schedules, prioritizing of orders etc.

	2
	General Manager
	Production
	18
	Time estimation of Jobs, production capacity, resource allocation etc.

	3
	Manager
	Quality
	13
	Quality checks for the products.

	4
	Manager
	Maintenance
	12
	Spare part management, predictive, preventive and breakdown maintenance.

	5
	Deputy Manager
	Production
	10
	Monitoring of production processes and adjusts schedules as suitable.

	6
	Director
	Production
	25
	Pattern making, welding, gas cutting and operation of machines & furnaces.

	7
	Assistant Manager
	Maintenance
	9
	To attend and resolve breakdowns in minimum possible time.

	8
	Assistant Manager
	Production
	7
	Making daily production schedules and its monitoring for execution.



Step2. Identify best (B) criterion and worst (W) criterion. 
Each of the eight managers in this step were asked to identify best and worst main criteria and sub-criteria according to their experience, preferences and knowledge and in relation to their organizations and industry. This can be seen in Table A (See Appendix).
Step 3. Using a scale of 1 to 9, each of the eight managers were asked to first conduct a pairwise comparison of the best main criterion over the other main criteria, and then, the best sub-criterion over the other sub-criteria. These can be seen in rows 1 & 2 of Table B and in rows 1 & 2 of Tables C, D & E respectively (See Appendix).
Step 4. Using a scale of 1 to 9, each of the eight managers were again asked to first conduct a pairwise comparison of the other main criteria over the worst criterion, and then, the other sub-criteria over the worst sub-criterion. These can be seen in rows 3 - 6 of Table B and rows 3-12 of Table C, rows 3-7 of Table D & rows 3-8 of Table E respectively (See Appendix).
Step 5. The optimal weights of the main and sub-criteria are computed
In this step, the main and sub-criteria optimal weights are computed using Equation 3. The weights of the main and sub-criteria for each of the eight experts were computed and simply averaged (See Table E, at Appendix). The importance weights of the manufacturing performance evaluation main and sub-criteria are shown in Table 3.
Table 3: Main and sub-criteria Importance Weights
	Main
(i)
	Wts
(α i)
	Sub-criteria
(j)
	Wts
(β ij)

	Operational
(O)
	0.562
	O1
	0.119

	
	
	O2
	0.143

	
	
	O3
	0.192

	
	
	O4
	0.099

	
	
	O5
	0.101

	
	
	O6
	0.074

	
	
	O7
	0.082

	
	
	O8
	0.101

	
	
	O9
	0.089

	Social (Stakeholder's)
(S)
	0.213
	S1
	0.136

	
	
	S2
	0.393

	
	
	S3
	0.278

	
	
	S4
	0.192

	Management
(M)
	0.225
	M1
	0.237

	
	
	M2
	0.119

	
	
	M3
	0.323

	
	
	M4
	0.215

	
	
	M5
	0.106



 
Stage 4: Development of Manufacturing Performance Evaluation Index  
After obtaining the importance weights for both the main criteria (i) and sub- criteria (j) of manufacturing performance evaluation using BWM, the proposed model is mathematically formulated following equation 5. The proposed manufacturing performance evaluation index (MPEI) model is as shown in equation 5.
MPEI = 0.562 (0.119 X11 + 0.143 X12 + 0.192 X13 + 0.099 X14 + 0.101 X15 + 0.074 X16 +   0.082 X17 + 0.101 X18 + 0.089 X19) (5)

+ 0.213 (0.136 X21 + 0.393 X22 + 0.278 X23 +0.192 X24)
	+ 0.225 (0.237 X31 + 0.119 X32 +0.323 X33 + 0.215 X34 0.106 X35	
Stage 5: Implementation of the Manufacturing Performance Evaluation Index 
In this stage, the proposed manufacturing performance evaluation index model is implemented in the case company using empirical data. The company provided data for the last twelve (12) months. Table G (See Appendix) shows the data provided by the case company that was used for the implementation of the proposed manufacturing performance evaluation index system.
The case company’s manufacturing performance is calculated using equation 5 and Table G. Figure 2 shows manufacturing performance of the case company for twelve (12) months. Similarly figure 3 shows the case company performance for twelve (12) months in terms of considered broad (main) categories including operational, social, and management.  

Figure 2: Manufacturing Performance Evaluation of a Case Company

Figure 3: Manufacturing Performance in terms of Considered Categories 
[bookmark: _Hlk53251768]4.2 Results discussion and implications
This section is decomposed in two different sub-sections. The first sub-section discusses the results obtained from study whiles the second sub-section discusses the academic, managerial and country insights and implications cultivated from the study. 
4.2.1 Discussion of results and validation
[bookmark: _Hlk53268147]Due to unpredictable global competition and high-frequency market changes, to stay competitive, manufacturers must possess some new and advanced manufacturing systems with re-configurability in order to meet all these changes rapidly and cost-effectively (Chao, Aiping and Liyun, 2007). These manufacturing systems should adjust their production functionality and capacity in time by changing system configurations; hence, it is very important to analyze the impact of different criteria on manufacturing system performance. Decision makers and manufacturing managers’ often-received manufacturing performance information from varies criteria (Berrah, Mauris and Montmain, 2008). Often this scattered information is neither integrated nor sufficient to provide guidelines for improvement. A study (Qalati et al., 2020) shows the impact of technology, organization, social and environment as important factors in the performance of small and medium-sized enterprises. Similar to this the present study has categorized these criteria into three broad categories such as organizational (O), Social Stakeholders (S) and Management (M). These categories can represent the broader prospect of the organization performance. 
[bookmark: _Hlk53269014]All the relevant criteria can be mapped within these three categories to judge the performance of manufacturing organization. Related to criteria O1, O2, O3, O4, O5, O6, O7, O8, O9, M2, M4 and M5 are taken by compiling the researches (Hon (2005); ElMaraghy et al. (2009); Tunälv (1992); Mattias (2007); Rachna and Peter (2003); Wheelwright (1984); Gerwin (1987); and Khan and Zaidi (2012)) whereas criteria S1, S2, S3 and S4 are suggested by experts to explore the dimensions of category Social Stakeholders. The criteria M1 and M3 are also suggested by experts as to define category management more clearly and to cover all the aspects of this category. In the Indian manufacturing context, an attempt was made to establish the interactions among these categories. The calculation of categories and criteria weights are being calculated by BWM technique as it involves less pairwise comparisons as compared to other MCDM techniques and produces more consistent results due to the involvement of less pairwise comparisons. The consistent results and need of less pairwise comparisons inspire practitioners and decision makers to evaluate the performance of manufacturing firm.
From Table 3, the obtained weights for the categories (main) has the following order O > M> S. Thus, the category Organizational (O) is ranked first with a weight of 0.562, followed by Management (M) category with a weight of 0.225 and then, the third ranked is the Social (stakeholder) Category with a weight of 0.213. When considering the individual sub-criteria under each of the main (category), the following order is observed, O3 > O2 > O1 > O5 & O8 > O4 > O9 > O7 >O6 having weights of 0.192, 0.143, 0.119, 0.101, 0.101, 0.099, 0.089, 0.082 and 0.074 respectively. Flexibility (O3) got highest score represents a positive relation between a superior performance in flexibility capabilities and firm performance (Sánchez and Pérez, 2005). Production rate (O2) and Productivity (O1) got the scores as showing the importance of second and third place as Enhancement of productivity in the field of manufacturing production is of very great importance to an organization’s ability to compete and make profits over time (Irshad Ali et al., 2011). Machine downtime (O5) and Quality (O8) have scores that shows equal importance. Reduction of machine downtime has a positive effect in improving productivity in manufacturing industry (Nwanya, Udofia and Ajayi, 2017). Quality management in manufacturing industry is important in order to gain global competitiveness (Lee and Zhou, 2000). Production capacity (O4) scores at fifth position as higher production capacity results in increased productivity (Büchi, Cugno and Castagnoli, 2020). Raw material quality (O9) scores at sixth will determine quality of the production in the manufacturing industry.  Cost (O7) got scores at seventh position, as positive relationship exists between cost management practices and firm is performance in the manufacturing organization (Oluwagbemiga, Olugbenga and Zaccheaus, 2014).  Machine reliability (O6) plays an important role in the performance improvement (Das, Lashkari and Sengupta, 2007), scores at eighth position in the present study.
The criteria under management category can be represented by following order M3 > M1 > M4 > M2 > M1 having weights 0.323, 0.237, 0.215, 0.119, and 0.106 respectively. The criteria defined by experts under the category social stakeholder can be arranged as S2 > S3 > S4 > S1 on the basis on obtained weights i.e. 0.393, 0.278, 0.192 and 0.136 respectively. These category (main) and sub-criteria weights are finally used to generate a manufacturing performance evaluation index (MPEI) at stage 4 for proposed model. This MPEI index can be applied to any manufacturing organizations to evaluate their performance. We applied the MPEI to the Indian manufacturing company to evaluate its overall manufacturing performance.
Figure 3 represent the manufacturing performance in terms of considered categories for twelve (12) months starts from April to March. It shows a complete picture of a financial year for an organization. The obtained performance of this firm varies differently under different category. Figure 3 shows each month performance of the case company in terms of social, operational, and management. From the Figure 3, it can be found that, the operational performance of the organization is very consistent and range between 60% to 70% throughout the year. Management performance can be seen high in percentage in the first two quarter of the financial year ranging from 70% to 80% whereas a slight decrease in the management performance is observed in the 3rd and 4th quarter ranging from 60% to 70%. The social stakeholder performance has a peak in first quarter ranging from 80% to 100% as at start of financial year and continuous communication with stakeholders. This shows that the social performance evaluation is essential and has positive financial performance impact (Gali et al., 2020).
In the last quarter, there is decrease in the social performance ranging from 40 % to 60 %. It is noticed that, for the first three months, social performance was acceptable, based on the considered case company benchmark, which is >, 80% that they set to monitoring their overall performance. However, the average of the first three month of operational performance was below 65%. This is because, the case company current strategy due to pressure from different stakeholders, focused more on their social and management categories, which turned out to be compromising operational performance. Therefore, once they started to realize in the fourth month, their operational performance started to improve from the fifth month onwards and reached maximum performance in the ninth month. This shows that the case company needs to focus on each aspect and categories of their manufacturing operations to remain competitive and achieve adequate performance in each category (da Silva et al., 2020). 
It is noticed that once the case company achieved adequate operational and management categories, they suffered in achieving adequate social performance. Therefore, it is recommended that, the case company pay more attention to social aspects when considering management and operational aspects. This will help them to avoid situation similar the occurred in the fifth month, which recorded the lowest social performance and, one of the highest management performances. This also reflects the relationship between two categories. Similarly, the lowest operational performance is recorded in the first month and the highest social performance recorded in the same month. This shows a correlation between operational and social performance that need to be considered in their strategic decision-making (Khan et al., 2020).
4.2.2 Academic, managerial and country implications 
	The outcome from the study do have some implications for academic and practice. These are discussed in the rest of the section.
		The outcome from the study do have some implications for academic and practice. These are discussed in the rest of the section.
		From managerial perspective, this study offers two unique benefits to managers. First, it provides manufacturing industry managers with a performance evaluation index system based on BWM that can be easily replicate for any manufacturing organization after minor adjustments. Second, it will help manufacturing organization managers to include main criteria and sub- criteria that are relevant to them to implement or modified manufacturing performance evaluation index system. The generated MPEI produces consistent results as it is based on BWM technique that require lesser pairwise comparisons. Due to advancement in technology that allows organizations and decision makers to store and organize real time data for efficient performance evaluation and decision making (Khan et al., 2019), proposed MPEI is in line with this new trend. Therefore, managers and decision makers can use this proposed evaluation system index in evaluating real time performance. This will also allow managers to take corrective action that will help them to improve overall organization manufacturing performance. 
Some country and manufacturing sector specific implications do exits. The India manufacturing industry may face more social pressures than the operational and management pressures. According to Malek and Desai (2019), the decision making in manufacturing organizations considering the triple bottom line (economic, environmental and social) dimensions is very complex when prioritizing and selection. Thus, operational and management dimensions may have been developed and that social dimension is yet or less developed and may need more attention for the manufacturing organizations to survive in the global competition. Indian manufacturing companies may not have the requisite resources to help them adopt and implement all the elements of the framework for performance improvement simultaneously and may require selecting among these elements. Therefore, maximizing the performance outcome in such a resources-constraints situation is aim of most industries, thus, this modelling effort and findings can aid in setting foundation towards this goal.     
Thus, operational (O), Social Stakeholders (S) and Management (M) criteria in manufacturing industry has a greater impact on its performance. This paper provides guidance to the industrial manager for the vital indicators under the categories operation, social stakeholders and management. It also helps in decision making through ranking of these indicators by using best worst method. Ranking is provided based upon the importance of these indicators by assigning weights to them. In order to calculate the performance evaluation of manufacturing organization, this study builds a combined performance evaluation model based on BWM that can be utilized by similar organization in the evaluation of the its performance.
5. Conclusion and Future Research Direction
5.1 Summary 
Manufacturing operations plays a very important role in the success of any organization, particularly in the emerging economies such as India. Decision makers and manufacturing managers’ often-received manufacturing performance information from varies criteria. Often this scattered information is neither integrated nor enough to provide guidelines for improvement. With the increasing unpredictable and unprecedented global competition coupled with the high frequency of market turbulences, to stay highly competitive, manufacturing organizations are required to adjust their production functions and capacity in time via changing their system configurations. Therefore, it is extremely imperative to evaluate the effect of different criteria on manufacturing system performance. Thus, it is imperative for manufacturing organizations to evaluate their performance in an effective and efficient way and pursue new and advanced manufacturing systems with re-configurability to enable them to meet all these changes in rapid and cost-effectively manner. In addition to that, this will also allow them to remain competitive and take corrective actions based on real time data collection and performance evaluation. This study proposed a comprehensive performance evaluation index that can help managers and decision makers to evaluate their organizational performance effectively and efficiently. The implementation of the proposed index system occurred in an Indian manufacturing company, which shows its applicability and effectiveness. Our proposed manufacturing performance index consists of three main category, operational, social stakeholders, and management and eighteen sub-criteria. These categories can represent the broader prospect of the organization performance. Related to these categories, ‘organizational’; and ‘management’ were identified from existing literature whereas ‘social stakeholder’ was suggested by experts as its important dimension for performance evaluation related to manufacturing firms. BWM, one of the most efficient MCDM method was used to aid in developing this manufacturing performance evaluation index system. 
5.2 Limitations and future research directions 
[bookmark: _Hlk53251702]This study is subject to some limitations and this provides an opportunity to further extend our proposed manufacturing performance evaluation index. In this study, we have used BWM in developing the index, future studies could use other MCDM methods in calculating the importance weight of category (main) and sub-criteria. In addition, future studies could consider both inter-relationships and intra-relationships among the category (main) and sub-criteria when determining the weights of the category (main) and sub-criteria and perform sensitivity analysis. The proposed evaluation index is implanted in a single case company, future studies can consider implementing it in different manufacturing companies to get generalized application. 
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Appendix 1
	Table A. Best and Worst criteria determined by Experts 1-8

	Criteria
	Identified as Best by
          Expert
	Identified as Worst by Expert

	Operational (O)
	2, 3, 4, 5, 6, 7
	
	
	1
	
	

	O1
	1, 7
	
	
	
	
	

	O2
	4, 8
	
	
	
	
	

	O3
	2, 3, 5, 6
	
	
	
	
	

	O4
	
	
	
	
	
	

	O5
	
	
	
	1, 3, 6
	
	

	O6
	
	
	
	
	
	

	O7
	
	
	
	4, 7
	
	

	O8
	
	
	
	5
	
	

	O9
	
	
	
	2, 8
	
	

	Social (S)
	8
	
	
	2, 5, 7
	
	

	S1
	
	
	
	1, 2, 3
	
	

	S2
	3, 4, 6, 8
	
	
	
	
	

	S3
	1, 5
	
	
	7
	
	

	S4
	2, 7
	
	
	4, 5, 6, 8
	
	

	Management (M)
	1
	
	
	3, 4, 6, 8
	
	

	M1
	1, 4
	
	
	
	
	

	M2
	
	
	
	1, 5, 8
	
	

	M3
	2, 5, 6, 7
	
	
	3
	
	

	M4
	3, 8
	
	
	6
	
	

	M5
	
	
	
	2, 4, 7
	
	 

	
 Table B. Pairwise comparison of main criteria for Expert 1

	BO
	Operational (O)
	Social  (S)
	Management (M)

	Best criterion: Management(M)
	9
	6
	1

	OW
	Worst criterion: Operational (O)

	Operational (O)
	
	1
	

	Social  (S)
	
	5
	

	Management (M)
	
	7
	

	                                  
Table C. Pairwise comparison of operational sub-criteria for Expert 1

	
	
	BO
	O1
	O2
	O3
	O4
	O5
	O6
	O7
	O8
	O9

	
	
	Best sub-criterion: O1
	1
	3
	6
	3
	7
	5
	4
	2
	4

	
	
	OW
	
	
	Worst sub-criterion: O5
	
	
	

	
	
	O1
	
	
	
	3
	
	
	
	 
	 

	
	
	O2
	
	
	
	5
	
	
	
	
	

	
	
	O3
	
	
	
	4
	
	
	
	
	

	
	
	O4
	
	
	
	7
	
	
	
	
	

	
	
	O5
	
	
	
	1
	
	
	
	
	

	
	
	O6
	
	
	
	2
	
	
	
	
	

	
	
	O7
	
	
	
	2
	
	
	
	
	

	
	
	O8
	
	
	
	7
	
	
	
	
	

	
	
	O9
	
	
	
	8
	
	
	
	 
	 

	Table D. Pairwise comparison of social sub-criteria for Expert 1

	BO
	S1
	S2
	S3
	S4
	

	Best sub-criterion: S3
	6
	2
	1
	5
	

	OW
	Worst sub-criterion: S1
	

	S1
	
	1
	
	
	

	S2
	
	5
	
	
	

	S3
	
	8
	
	
	

	S4
	
	3
	
	
	

	
Table E. Pairwise comparison of management sub-criteria for Expert 1

	BO
	M1
	M2
	M3
	M4
	M5

	Best sub-criterion: M1
	1
	6
	4
	5
	8

	OW
	Worst sub-criterion: M2
	

	M1
	
	8
	
	
	

	M2
	
	1
	
	
	

	M3
	
	7
	
	
	

	M4
	
	6
	
	
	

	M5
	
	4
	
	
	



Table F. Main criteria and sub-criteria weights for each Expert with their final averaged weights
	
	
	E1 weights
	E2 weights
	E3 weights
	E4  weights
	E5 weights
	E6 weights
	E7  weights
	E8 weights
	Average

	Main criteria
	O
	0.077
	0.738
	0.738
	0.785
	0.700
	0.660
	0.575
	0.222
	0.562

	
	S
	0.163
	0.083
	0.179
	0.148
	0.100
	0.240
	0.100
	0.694
	0.213

	
	M
	0.760
	0.179
	0.083
	0.067
	0.200
	0.100
	0.325
	0.083
	0.225

	Operational sub-criteria
	o1
	0.226
	0.061
	0.071
	0.083
	0.090
	0.068
	0.241
	0.111
	0.119

	
	o2
	0.122
	0.086
	0.106
	0.243
	0.181
	0.058
	0.100
	0.250
	0.143

	
	o3
	0.061
	0.310
	0.325
	0.111
	0.293
	0.309
	0.060
	0.067
	0.192

	
	o4
	0.122
	0.107
	0.085
	0.042
	0.060
	0.189
	0.100
	0.083
	0.099

	
	o5
	0.029
	0.143
	0.032
	0.166
	0.090
	0.030
	0.149
	0.167
	0.101

	
	o6
	0.073
	0.143
	0.071
	0.055
	0.060
	0.058
	0.075
	0.056
	0.074

	
	o7
	0.092
	0.072
	0.106
	0.022
	0.072
	0.136
	0.026
	0.131
	0.082

	
	o8
	0.183
	0.054
	0.061
	0.166
	0.032
	0.102
	0.100
	0.111
	0.101

	
	o9
	0.092
	0.024
	0.142
	0.111
	0.120
	0.051
	0.149
	0.024
	0.089

	Social sub-criteria
	s1
	0.070
	0.070
	0.053
	0.160
	0.222
	0.186
	0.197
	0.133
	0.136

	
	s2
	0.300
	0.140
	0.601
	0.587
	0.167
	0.492
	0.296
	0.567
	0.393

	
	s3
	0.510
	0.233
	0.208
	0.200
	0.542
	0.237
	0.070
	0.222
	0.278

	
	s4
	0.120
	0.558
	0.139
	0.053
	0.069
	0.085
	0.437
	0.078
	0.192

	Management sub-criteria
	m1
	0.527
	0.120
	0.133
	0.406
	0.249
	0.164
	0.121
	0.172
	0.237

	
	m2
	0.055
	0.103
	0.267
	0.125
	0.053
	0.098
	0.202
	0.052
	0.119

	
	m3
	0.182
	0.550
	0.050
	0.250
	0.408
	0.410
	0.477
	0.259
	0.323

	
	m4
	0.145
	0.179
	0.417
	0.167
	0.166
	0.082
	0.151
	0.414
	0.215

	
	m5
	0.091
	0.048
	0.133
	0.052
	0.124
	0.246
	0.050
	0.103
	0.106




Table G. Case company data provided for the implementation of the proposed manufacturing performance evaluation index system
	Main Criteria
	Wts
	Sub-Criteria
	Wts
	Apr
	May
	Jun
	Jul
	Aug
	Sep
	Oct
	Nov
	Dec
	Jan
	Feb
	Mar

	Operational
	0.562
	O1
	0.119
	0.100
	0.400
	0.600
	0.400
	0.500
	0.700
	0.550
	0.700
	0.900
	0.800
	0.900
	1.000

	
	
	O2
	0.143
	0.100
	0.400
	0.600
	0.400
	0.500
	0.700
	0.550
	0.700
	0.900
	0.800
	0.900
	1.000

	
	
	O3
	0.192
	1.000
	0.900
	0.500
	0.800
	0.700
	0.400
	0.650
	0.500
	0.300
	0.300
	0.200
	0.000

	
	
	O4
	0.099
	0.500
	0.550
	0.700
	0.600
	0.700
	0.800
	0.900
	0.900
	0.950
	0.950
	1.000
	1.000

	
	
	O5
	0.101
	0.800
	0.700
	0.500
	0.500
	0.400
	0.300
	0.300
	0.200
	0.100
	0.050
	0.005
	0.005

	
	
	O6
	0.074
	0.600
	0.650
	0.700
	0.700
	0.750
	0.800
	0.850
	0.900
	0.950
	0.990
	0.990
	0.990

	
	
	O7
	0.082
	0.400
	0.450
	0.500
	0.450
	0.500
	0.700
	0.800
	0.900
	0.950
	0.950
	0.950
	0.850

	
	
	O8
	0.101
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000

	
	
	O9
	0.089
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000

	Social (Stakeholder's)
	0.213
	S1
	0.136
	0.800
	0.800
	1.000
	0.000
	0.000
	0.000
	0.000
	0.000
	0.100
	0.000
	0.000
	0.000

	
	
	S2
	0.393
	1.000
	0.950
	0.800
	0.600
	0.500
	0.550
	0.400
	0.450
	0.400
	0.300
	0.250
	0.200

	
	
	S3
	0.278
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000

	
	
	S4
	0.192
	1.000
	0.950
	0.950
	0.200
	0.100
	0.300
	0.350
	0.400
	0.500
	0.600
	0.700
	0.800

	Management
	0.225
	M1
	0.237
	1.000
	0.900
	0.850
	0.700
	0.750
	0.650
	0.600
	0.550
	0.500
	0.650
	0.450
	0.400

	
	
	M2
	0.119
	1.000
	0.900
	0.800
	0.700
	0.600
	0.500
	0.400
	0.300
	0.200
	0.100
	0.005
	0.005

	
	
	M3
	0.323
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	1.000
	0.950
	1.000
	1.000
	1.000
	1.000

	
	
	M4
	0.215
	0.500
	0.600
	0.900
	0.700
	0.800
	0.950
	0.800
	0.900
	0.950
	0.950
	0.950
	1.000

	
	
	M5
	0.106
	0.000
	0.100
	0.400
	0.300
	0.450
	0.600
	0.500
	0.550
	0.700
	0.750
	0.800
	1.000


*Data is from April 01, 2017 to March 31, 2018 and the value 1 is considered the highest.
Apr	May	Jun	Jul	Aug	Sep	Oct	Nov	Dec	Jan	Feb	Mar	0.7299793	0.75783365000000003	0.75505875	0.65099510000000005	0.65514355000000002	0.67859334999999998	0.67023780000000011	0.68043314999999993	0.69687765000000002	0.68031431999999992	0.67236395500000001	0.66532580500000005	

Operational Performance	0.61570000000000003	0.67774999999999996	0.65579999999999994	0.64700000000000002	0.66159999999999997	0.6762999999999999	0.70679999999999998	0.71909999999999996	0.7357499999999999	0.70745999999999987	0.71486499999999986	0.69446499999999989	Social (Stakeholder's) Performance	0.9718	0.94255000000000011	0.91080000000000005	0.55220000000000002	0.49370000000000003	0.55175000000000007	0.50240000000000007	0.53165000000000007	0.54480000000000006	0.5111	0.51065000000000005	0.51019999999999999	Management Performance	0.78650000000000009	0.78300000000000003	0.85555000000000003	0.75449999999999995	0.79184999999999994	0.80439999999999989	0.73780000000000012	0.72470000000000001	0.74374999999999991	0.77270000000000005	0.71929500000000002	0.73939500000000002	


