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Abstract 

In recent decades, Six Sigma has been very successful not only in manufacturing but also in service 

organizations such as healthcare, education, and counseling. This embracement has led many 

companies to adopt the methodology as part of the organizational culture, allowing the 

implementation of a training program that ensures the application of new knowledge and techniques. 

With the development of these programs, comes the mass realization of continuous improvement 

projects and the need to evaluate their performance to establish the tangible benefit of each and every 

one of the projects and the impact of the program in the growth and sustainability of organizations. In 

this paper we propose a project evaluation methodology applying statistical tools such as correlation 

analysis and principal components for a set of mixed variables (numerical and categorical) in order to 

identify the variability structure and estimate the success factors. We also apply Data Envelopment 

Analysis to compare projects and classify them in efficiency ranking.  

Keywords: DEA, Principal Components, CATPCA, Project Evaluation, Categorical Variables. 

 

1. Introduction 

Six Sigma is an operational management philosophy that uses a set of statistical and descriptive tools 

to improve the performance of processes through organizations in different economic sectors. Its 

principal objective is to reduce the processes variability in order to increase the quality, eliminate 

waste, speed up cycle times and reduce operational costs. This improvement is conducted by taking 

into account the needs and preferences of external and internal customers (Tjahjono & Ball, 2010).  

The success of Six Sigma programs in organizations depends on the top management effort to embrace 

it as a fundamental part of their organizational culture, as well as in the capacity of aligning the 

organizational objectives with the ones proposed by the Six Sigma program. Adopting this 

methodology implies an organizational change that in most cases becomes a challenge, for this reason 

it is important to identify the key factors for a successful implementation (Pinedo, Gonzalez, & 

Setijono, 2012). Sandholm el al. (2002) and Oxtoby et al. (2002) agree in some factors that can be 

applied for both, Six Sigma and organizational change, where they involve the participation and 

integration of each and every one of the members in the organization, i.e.: 



 Management commitment and visible support 

 Investment of adequate resources 

 Focus on results  

 Customer orientation  

 Focus on training and its content  

 Adaptation to an organization’s situation and needs 

 Prioritization and selection of projects  

 Development of uniform language and terminology  

 Development of strategy to introduce Six Sigma 

 Follow-up and communication of success stories 

 Responsiveness to external influences/active pursuit of ideas outside the company. 

 

In order to increase its effectiveness, many organizations have implemented educational and 

certification programs in Six Sigma. These programs are built to develop a set of continuous 

improvement projects and establish a measurement system, which follows up and evaluates the 

projects’ performance. Also, they employ sophisticated process analysis, data collection, quality 

management, and control and statistical techniques in an integrated framework (Soti, Shankar & 

Kaushal, 2010) that can ensure the projects sustainability and guaranty the company’s growth. 

 

Since its development, Six Sigma has evolved through three relevant generations (Montgomery & 

Woodall, 2008), which has allowed it to stay relevant despite the time. Generation I was focused on 

defect elimination and basic variability reduction in manufacturing. Generation II emphasized on tying 

Generation I efforts to projects and activities that improve business performance through improved 

product and processes design and cost reduction. In Generation III, Six Sigma focused its work on 

creating value throughout the organization, for its stakeholders and all over the supply chain 

(Montgomery & Woodall, 2008).  

 

Besides the Operations Research is the discipline of applying advanced analytical methods, in which 

complex real-life problems are solved by using techniques such as mathematical modeling in order to 

help make better decisions and build more productive systems (Manson, 2006). As Six Sigma and 

Operations Research share a common objective which is the process improvement and profit 

maximization, it is relevant to integrate both approaches in order to develop efficient ways in which Six 

Sigma implementation frameworks can evolve towards the future, taking advantage of the advance 

that is being made in the Operation Research field.   

 

This evolution has carried Six Sigma to expand its contents to other sectors, such as healthcare, where 

the organizations are continuously challenged to reduce medical errors to ensure the patient welfare 

(Revere & Black, 2003). Additionally, this is a very competitive sector that requires services with near-



zero tolerance for mistakes or adverse events while demanding high service quality and reduced costs 

(Chen, Pan, & Chen, 2008). Stanford Hospital and Clinic was a pioneer in integrating Six Sigma, creating 

a wave of change among healthcare institutions (Koning, John, Van der Heuvel, Bisgaard, & Does, 

2006). In just four years, the Six Sigma and Lean thinking implementation put the hospital in a position 

to deliver higher quality patient care with lower costs and to regain market share from local 

competitors (George, 2003). This case along with other successful histories gave the hospitals and 

healthcare centers a lesson about the importance of including a quality philosophy in the continuous 

improvement of their processes. 

Despite the benefits presented, some companies with a certification program fail to properly monitor 

the development of the projects, which results in loss of investments troubleshooting or training of 

personnel. This problem is most evident in healthcare organizations, where patient care significantly 

involves human element as compared to machine elements, in which the variability is subtle and very 

difficult to quantify (Bandyopadhyay & Coppens, 2005). In addition, hospitals enclose a huge variety of 

processes in diverse fields and the experts may not have financial knowledge to translate into 

monetary terms the benefits of each project, consequently resulting in projects with different and non-

standardized objectives. Therefore, challenge in adopting the Six Sigma approach to healthcare is to 

find a way to evaluate the projects performance and their benefit in a comparable metric despite the 

project nature. (Lazarus & Neely, 2003).  

For that reason, this work pretends to develop an integrated methodology for evaluating the 

performance of projects, through the measurement and analyze of a number of variables that manage 

to capture different sources of Six Sigma program success in healthcare. This analysis includes 

techniques such as correlation, multivariate methods and data envelopment analysis in order to 

establish an adequate framework that not only asses the program but also gives some indications to 

continuously improve the execution of the projects. 

The remaining of this article is organized as follows. In Section 2 we present the proposed 

methodology with a detailed explanation of each step. In Section 3 we present a case study in a 

healthcare organization where there is a certification and projects development program. Finally in 

Section 4 we present the results and conclusions from the case study applied.  

2. Methodology 

Our methodology aims at defining a standardize method to evaluate the performance of Six Sigma 

projects within healthcare organizations. In the first place, based on the key points for Six Sigma 

success found in the literature, we define a set of variables in order to measure their impact on the 

projects development and performance among different healthcare organizations. After this definition 

it is necessary to design a measurement framework to characterize the variables according to the 

organization’s characteristics. Subsequent to the measure of all the variables, it is important he next 



perform a multivariate analysis in order to reduce the dimensionality of our database. In this paper we 

apply the analysis to principal components with an additional technique called CATPCA. This technique 

is used to convert all the categorical variables into numerical variables that will be used as parameters 

for the Data Envelopment Analysis (DEA) algorithm. DEA is employed in order to compare the relative 

efficiency between the projects and identify the efficient projects along with their optimal parameters. 

Finally we perform a sensitivity analysis in DEA with the numerical variables to identify how each 

variable can affect the efficiency of each project. Figure 1 demonstrate the summary of our propose 

methodology.  

 

 

Figure 1. Proposed project evaluation methodology 

 

 

2.1. Quantifying the Variables  

 

Since Six Sigma is used by almost all types of industries including service industries such as healthcare 

management, for many organizations the big question is not whether or not to implement Six Sigma, 

but how to implement successful Six Sigma process improvement projects (Kumar, Saranga, Ramírez, & 

Nowicki, 2007). For several authors the selection of process improvement projects is probably the 

most difficult and important aspect (Snee, 2001). However, given the nature of healthcare projects 

which depend on the interaction between the individual service provider and the customer (Fryer, 

Antony, & Douglas, 2007), it is essential to establish a framework to evaluate the benefits and follow 

up the project behavior in order to avoid the abandonment rate in service processes where it is not 

easy to define the profit earned by each project. 

 

Based on that, it is important to evaluate if the key factors for Six Sigma success mentioned above, 

have an effect on projects behavior. In the first place, it is necessary to standardize a response variable 

that allows the analyst to compare the performance of the projects developed in the organization, 

although each project has defined a different goal and measurement metric. This variable was 

established as the achieved percentage of the goal proposed by each project. Following this, we define 

a set of variables to measure each and every one of the key factors mentioned in Section 1. The 

variables assigned to each factor are shown in Table 1.  

 

 



Key Factor Variable Abbreviation Value 

Management commitment and visible 
support 

Perceived supervisor support 
Supervisor change 

SupSupp 
SupChng 

Score 0-5 
Yes/No or 0/1 

Investment of adequate resources 
Gender 
Work experience (number of years) 
Number of members 

Gender 
WExp 
Members 

Male/Female or 0/1 
0-30 
3-13 

Focus on results 

Estimated implementation cost of the 
solution 
Estimated savings or expected profit 
Definition of measurement metric 

CostImp 
 
ExProfit 
MeasMet 

Yes/No or 0/1 
  
Yes/No or 0/1 
Yes/No or 0/1 

Customer orientation, capture the voice of 
customer (VOC) 

Tools used for VOC VOCTool Yes/No or 0/1 

Focus on training and its content 
Number of statistical tools used 
Number of conceptual tools used 

StatiTool 
ConcTool 

0-30 
0-30 

Adaptation to an organization’s situation 
and needs 

Approach  Approach 

Process Optimization  
Costs reduction  
Increase Income  
Patient satisfaction  

Prioritization and selection of projects Project decision  
PrjDecs Selected/Assigned 

or 0/1 

Development of strategy to introduce Six 
Sigma 

Growth opportunities inside the 
organization  
Growth opportunities outside the 
organization  

GrInside 
 
GrOutside 

Score 0-5 
 
Score 0-5 
 

Follow-up and communication of success 
stories 

Achieved percentage of the goal 
Project status (currently in force) 
Current project leader (changed) 
Released date  

AchPerc 
PrjStatus 
PrjLeader 
RelDate 

Percentage 0-100% 
Yes/No or 0/1 
Yes/No or 0/1 
2003-2012 

Responsiveness to external influences/ 
active pursuit of ideas outside the company 

Benchmarking Bench Yes/No or 0/1 

Table 1. Variables assigned to measure the key success factors. 

 

2.2. Multivariate Analysis 

In order to analyze the set of variables measured in the previous section, avoid the problem of having 

more variables that observations in the data set and reduce the probability of correlation between 

independent variables we applied a multivariate analysis approach based on Principal Components 

Analysis (PCA) and Categorical Principal Components Analysis (CATPCA). 

2.2.1 Principal Components Analysis (PCA) 

The principal component analysis is a multivariate statistical tool that explains the variability of a set of 

n variables trough generating a reduced number of linear combinations from the original variables. 

This is due to the fact that most of the variability proportion can be explained by a reduced set of k (k < 

n) principal components. For given variables                 with covariance matrix   and 

eigenvalues             we can define the following linear combinations: 

     
                                 . 



to find            
      and               

                and the chosen components are 

those with maximum variance. Therefore we solve the following optimization model to find the variables 

that maximize the variance of     following a zero correlation restriction: 

            

        
        

       
     

      

These principal components can also be explained using the eigenvalues and the eigenvectors were we 

can see that            and             .The total variance would be explained as the sum of 

eigenvalues and in this order of ideas the proportion of variability explained by each principal 

component would be 
  

   
          and those principal components with higher values of this 

measure are chosen. 

Nevertheless, when the variables are established in a set of units that are significantly different, the 

principal components analysis tends to give more importance to those variables with larger scales; 

therefore it is necessary to analyze the standardized data as: 

   
    

    
 

 

where    represents the centralized data and      represents the variance of each variable. The total 

analysis of principal components is redone to those standardized values avoiding the metric related 

problems.  

Unfortunately, this approach only uses numerical variables for the construction of the components. 

However, given the nature of the factors we count with a set of categorical variables it is necessary to 

transform these variables in such a way that the loss of information from the original variables can be 

minimized. For this propose we apply the categorical principal components analysis (CATPCA), 

explained in the next section. 

 

2.2.2 Categorical Principal Components Analysis (CATPCA) 

The CATPCA algorithm is a state-of-the-art to perform nonlinear PCA for ordinal and nominal data 

(Lavado & Calapez, 2011). This procedure quantifies categorical variables using optimal scaling and 

gives as result, the optimal principal components for the new numerical variables. The variables can be 

given mixed optimal scaling levels and no distributional assumptions about the variables are made 

(Meulman & Heiser).  



As shown by Lavado and Calapaez (2011), CATPCA assigns values to m categorical variables while at the 

same time reduces the dimensionality of the data. The technique’s objective is to find object scores   

of order n × p and sets of multiple category quantifications    of order kj × p. Here n is the number of 

objects (in this case the projects), p is number of dimensions and kj corresponds to the number of 

categories of each variable (j = 1, …, m). These scores and quantifications are determined in order to 

minimize the following loss function under the normalization restriction        : 

                       
 
         

 

  

where    is the indicator matrix for variable j and its elements are defined as                    

 

         
                                                                      
                                                                   

  

Once the optimal scaling has been done, categorical variables are converted to numerical variables and 

the algorithm applies the principal component method to the transformed variables. This enables us to 

reduce the problem going from p correlated variables to k components (variables) not correlated, 

where k <p. 

2.3. Data Envelopment Analysis (DEA) 

Despite the advantages and the information about which variables have an effect in our response 

variable, a regression model does not allow us to directly compare the performance between projects. 

Therefore, we include Data Envelopment Analysis in the proposed methodology.  

DEA is an application of operations research that uses linear programming (LP) to obtain an effective, 

non-parametric efficiency measure among a given set of comparable operations or processes (Linton, 

Morabito, & Scott, 2007). These operations are called decision making units (DMUs), which are the 

ones that have the capacity of generating products or outputs from a set of inputs. DEA has the ability 

to compare the multiple input and output parameters simultaneously, so that a scalar measure of 

overall performance is obtained (Kumar, Saranga, Ramírez, & Nowicki, 2007). 

DEA considers a particular set of size n of DMUs or observations, with each DMU possessing a set of m 

input measures and s output measures characterized as X vector (x1, x2, … , xm) and Y vector (y1, y2, … , 

ys), respectively as a representation of its multiple performance metrics. The basic concept underlying 

DEA is an evaluation of the relative performance of each DMU against a projection onto an empirically 

derived efficient frontier. Any DMU whose performance projects directly onto this efficient frontier is 

determined to be relatively efficient, or non-dominated, in comparison with all other DMUs in the 

sense that no other DMU’s performance is strictly better in either its inputs or its outputs. DEA can also 

be used to show how an inefficient DMU can be improved (i.e. moved onto the efficient frontier) by 



suggesting directions for improvement to specific measures. The decision variables in the enveloping 

process are analogous to ‘weighting factors’    and    applied to the inputs and outputs respectively 

(Linton, Morabito, & Scott, 2007). 

The efficiency measurement is performed by an indicator obtained from the ratio of the weighted sum 

of the outputs and the weighted sum of the inputs, in other words, by establishing the output amount 

that a DMU can produce from the resources it counts. This optimization model is defined as follows 

(Cooper, Seiford, & Tone, 2007): 

        
                   

                   
  

                 
                   

                   
                    

                

               

This model assigns for each DMUo, the best possible weight combination for the inputs and the outputs 

(     ), restricting the efficiency indicators   to a range between 0 and 1, where 1 is the maximum 

value of efficiency. 

 

2.4.1 The CCR-I Model - Constant Returns to Scale- Input Oriented 

 

Although the above mathematical programming problem is fractional, Charnes & Cooper (1962) 

suggest an equivalent linear programming problem. This transformation can be represented in two 

ways. The first one is output oriented, where its objective is to maximize the amount of products 

without requiring more of any of the inputs. The second one is input oriented, which seeks to minimize 

the amount of inputs required without reducing the outputs. The transformed problem for an input 

oriented approach is shown below (LPo): 

 

                                             

 

                                        

                             

                                                        

                

               



Its Dual problem associated is expressed with a real variable   and a non-negative vector   

               of variables as follows: 

                        

                 
 
                        

                                
 
                     

                                                               

This model implies that a DMU can be CCR efficient only if it’s associated   is equal to 1. However, CCR 

assumes Strong Input Disposal (Cooper, Seiford, & Tone, 2007) and some DMU´s may have     

without been efficient, because its slacks may be different from zero. It is necessary to perform a 

second optimization phase, in order to establish the optimal solutions in which the slacks are greater 

than cero keeping the optimal    in this way: 

      
 

 

   

    
 

 

   

 

                         
  

                          

                                 
 
      

                    

                                                              , 

where   
  y   

  are the associated slacks to inputs and outputs, respectively; and   is the optimal value 

found in the first phase. As the result of these two phases it is possible to define a DMU as CCR 

efficient if and only if its associated   is equal to 1 and the slacks are equal to 0 for each input and 

output (Cooper, Seiford, & Tone, 2007). 

                      
    

  
                    

  
                   . 

Besides evaluating each DMU by defining their relative efficiency, DEA has the potential to indicate the 

output quantities that would be generated according to their inputs, or to indicate the minimum 

number of inputs that can be allowed without altering their outputs. To accomplish this, the values 

obtained from phase I and phase II are used in the next model developed by Charnes, Cooper, and 

Rhodes (1978). Where    and    are the input and output projections onto the efficient frontier, 

respectively: 



         
       

         
                   

 

   

 

             
         

                       

 

   

 

The model is known as input oriented (CCR-I) because the efficiency coefficient is associated to the 

inputs in the dual problem restrictions. This model is selected in this paper to evaluate the projects 

development due to the number of variables used as inputs.  

The DEA application to project evaluation includes a set of DMU’s (N), that are the improvement 

projects selected for the study; a set of inputs (M), that corresponds to each and every one of the 

variables in Table 1; and set of outputs, that in this case is the achieved percentage of the goal 

proposed for the projects.  

3. Case Study  

In this case study we work along with the Fundación Santa Fe de Bogotá (FSFB) which has a Six Sigma 

certification program as their primary focus to improving their processes. The FSFB is a healthcare 

organization that has been taking care of their patients over 41 years and is recognized as a leader in 

the health sector for its quality, safety, and innovation policy that keeps it one step ahead. In order to 

maintain these high standards of quality and service, in 2003 FSFB adopted the Six Sigma program and 

has been developing continuous improvement projects across the organization while training and 

certifying personnel thereby ensuring their commitment by the foundation growth. 

In the last decade the foundation has certified more than 400 Green Belts and Black Belts which have 

developed nearly 80 improvement projects in all areas within it. Unfortunately, there was not a 

rigorous follow up of the projects consequently resulting in a considerable rate of failure of these 

projects. Following up the projects’ performance is a priority because it allows knowing the current 

status, the project development responsible and the real benefit for the organization. Therefore, FSFB 

wants to apply the methodology proposed in this paper in order to evaluate the performance of the 

project and the program behavior during this time. 

In the first place, was necessary to characterize the variables mentioned in table 1. This was possible by 

arranging meetings with the project owners, where we interviewed them in order to get some relevant 

information (Appendix 1 shows the interview format for the meetings). However, it was also necessary 

to use the documents of each project to get information and verify the data given by the owners. 

Additionally, we elaborated a survey (Appendix 2) in order to obtain additional information about 

subjective factors as the supervisor support or the perceived grow opportunities by getting the 

certification. Through this process 12 projects were selected to perform the analysis.  



Once that all the database was collect we made the transformation from categorical variables into 

numerical variables.  This transformation was performed in SPSS using CATPCA algorithm (Lavado & 

Calapez, 2011), which not only transforms the variables through optimal scaling within the specified 

dimensions but also estimate the principal components to reduce the dimensionality. Appendix 3 

shows the transformed variables by the algorithm. In addition, to get a graphical idea of how the 

variables are correlated with each other we use a Biplot (Figure 2), which indicates the behavior of 

each variable and each entity within the principal components or dimensions (Peña, 2002).  

 

 

 

 

In addition, we calculate the correlation coefficients between each variable and the percentage 

achieved of the goal to identify how these variables can affect the response variable behavior. Table 2 

shows the correlation coefficients: 

 

 



Variable  
Correlation 
coefficient 

with AchPerc 

Members 0.000 

PrjDecs 0.585 

SupSupp -0.017 

SupChng 0.050 

GrInside 0.254 

GrOutside 0.000 

WExp 0.304 

Approach 0.433 

CostImp 0.224 

ExProfit 0.410 

MeasMet -0.349 

PrjStatus 0.148 

PrjLeader -0.579 

RelDate -0.433 

Gender 0.200 

ConcTool 0.073 

StatiTool -0.303 

VOCTool -0.112 

Bench -0.370 
 

Table 2. Correlation coefficients 
 

 
Figure 2. Biplot for two principal components. 

 
Table 3, shows the principal components’ summary, where 4 dimensions or components that explain 

about 98% of variability are selected. The Cronbach Alpha is an indicator of internal consistency or 

reliability, this indicator is used to know if the variables used to form a different scale are measuring 

the same thing or are correlated with each other properly. This value is between 0 and 1 where 1 

indicates a high reliability (Bland & Altman, 1997). Here it is possible to see that within components 

there is a considerable level of reliability. 

Dimension Cronbach Alpha 
Explained Variance 

Total (Eigenvalues) 

1 0.876 5.881 

2 0.757 3.534 

3 0.641 2.548 

4 0.614 2.387 

Total 0.982 14.350 
 

Table 3. Principal components summary 

 



Additionally, the saturation matrix (Table 4) is obtained; this represents the eigenvectors of the 

identified principal components and gives a quantification of how much variability is given by each 

variable in each component. 

 
Component 

1 2 3 4 

Members -0.48 0.214 0.102 0.546 

PrjDecs -0.117 0.315 -0.49 -0.398 

SupSupp -0.691 0.238 0.363 -0.501 

SupChng -0.241 0.651 -0.026 -0.053 

GrInside -0.077 0.559 -0.019 0.388 

GrOutside -0.86 -0.015 0.125 0.011 

WExp -0.024 -0.749 0.273 0.32 

Approach 0.927 0.095 0.232 0.249 

CostImp 0.296 0.586 -0.361 0.57 

ExProfit -0.446 0.771 -0.224 0.299 

MeasMet 0.446 -0.062 0.538 0.479 

PrjStatus 0.664 0.082 -0.112 -0.636 

PrjLeader 0.42 0.23 0.611 -0.427 

RelDate -0.916 -0.192 -0.258 -0.224 

Gender 0.785 0.163 -0.222 -0.103 

ConcTool 0.731 -0.281 -0.108 0.033 

StatiTool 0.493 0.006 -0.815 -0.056 

VOCTool 0.388 0.691 0.201 -0.211 

Bench 0.1 0.636 0.578 -0.148 

Table 4. Saturation matrix 

Finally, Table 5 shows the new explicative variables. These are obtained from the principal components 

and represent the new database to fit the regression model and implement DEA. 

Objects 
Component 

1 2 3 4 

1 0.361 0.161 -0.233 -2.501 

2 -0.422 -1.039 1.010 0.003 

3 1.473 0.192 -1.783 1.592 

4 -0.640 1.602 0.672 0.234 

5 2.599 -0.554 0.736 -0.335 

6 -0.803 -2.172 0.087 -0.172 

7 -0.518 -0.839 0.174 1.193 

8 -0.711 0.842 -1.291 -0.123 

9 -0.357 0.727 -0.104 0.038 

10 -0.799 -0.364 0.002 0.685 

11 0.180 1.214 1.914 0.436 

12 -0.432 0.072 -1.172 -0.996 

 

Table 5. New variables from principal components 

 



Following the methodology steps, we use the data from Table 4 in order to get the project 

classification. The new variables are used because the number of observations is smaller than the 

number of variables and it may define projects as efficient even when they are not. Also, we have to 

scale the variables given the conditions established by Karlin (1959), where the data matrices X and Y 

are requiring strictly positive row sums and column sums. Table 6 shows the efficiency coefficients 

(denoted by theta) for each project and the slacks or desirable values for each component.  

 

DMU Rank Theta Slack Comp1 Slack Comp2 Slack Comp3 Slack Comp4 

P_1 1.00 1.00 -- -- 0.00 -- 

P_2 11.00 0.68 -- 0.33 0.55 -- 

P_3 1.00 1.00 0.00 -- -- 0.00 

P_4 7.00 0.86 -- 3.22 0.29 0.16 

P_5 10.00 0.78 1.66 -- 0.00 -- 

P_6 1.00 1.00 -- 0.00 0.00 0.00 

P_7 9.00 0.83 -- 0.71 -- 1.01 

P_8 5.00 1.00 -- 1.19 -- 1.03 

P_9 8.00 0.85 -- 1.51 -- 0.20 

P_10 6.00 0.94 -- 1.60 -- 0.86 

P_11 12.00 0.64 -- 1.27 0.86 -- 

P_12 1.00 1.00 0.00 -- -- 0.00 
 

Table 6. DEA efficiency scores 
 

It is possible to see that the most efficient projects are P_1, P_3, P_6 and P_12, the P_8 has an efficient 
indicator =1, however the slacks for the components are different from zero which means that the 
project does not meet the constraints. 
 

Now that we established a project ranking based on the complete variability of the data set with the 
main components, we want to know how the individual variables affect this ranking and if the principal 
components represent the original data, through performing a sensitivity analysis. For this propose we 
used two sets of data, the first one with the transformed variables with adding a constant value in 
order to avoid problems by negative numbers, and the second one that is composed by the original 
variables. In this set, the categorical variable  "Approach" was replace by the transformed variable and 
in the binary variables the zero values were replace by 0.000001 to avoid the restriction of nonzero 
values. Additionally four scenarios were created to tests the data sets and drawn conclusions about the 
projects scores. 
 
Scenario 1: In this scenario we include all de variables under study in order to see how a large 
dimensionality can affect the efficiency assignment. Table 7 and Table 8 contain the efficiency scores 
for each project and the slacks for the first three variables, for the transformed and original variables 
respectively. 

 



DMU Rank Efficiency  
Members 
Amount 

Project 
Decision 

Supervisor 
Support 

P_1 1 1 1.95 1.90 4.37 
P_2 3 1 2.57 1.90 3.12 
P_3 2 1 3.49 4.02 1.87 

P_4 12 1 4.72 4.02 3.12 
P_5 5 1 2.26 4.02 1.87 
P_6 7 1 4.72 1.90 4.37 

P_7 4 1 5.02 4.02 3.12 
P_8 11 1 3.49 4.02 4.37 
P_9 10 1 2.57 4.02 3.12 

P_10 8 1 3.79 4.02 4.36 
P_11 9 1 2.57 1.90 1.87 
P_12 6 1 2.87 4.02 4.37 

 

Table 7. DEA efficiency scores for scenario 1 with transformed variables 
 
 

DMU Rank Efficiency 
Members 
Amount 

Project 
Decision 

Supervisor 
Support 

P_1 3 1 3 0.00 5 

P_2 4 1 5 0.00 4 

P_3 8 1 8 1.00 3 

P_4 11 1 12 1.00 4 

P_5 2 1 4 1.00 3 

P_6 5 1 12 0.00 5 

P_7 1 1 0 0.00 0 

P_8 12 1 8 1.00 5 

P_9 9 1 5 1.00 4 

P_10 7 1 9 1.00 5 

P_11 10 1 5 0.00 3 

P_12 6 1 6 1.00 5 
 

Table 8. DEA efficiency scores for scenario 1 with original variables 

 
 

Here, it is possible to observe that if we include all variables without counting with an adequate 
number of DMU’s, DEA will give us mistaken results by assigning efficiency scores of 1 to all projects 
just because they may use a minimum quantity in one of the inputs. In addition, the average 
contribution percentages of each variable or the variables average weights were obtained in order to 
identify the relevant variables for each model. Figure 3 shows the weight of each variable for the 
complete model.  
 
 



 
 

Figure 3. Average contribution percentage per variable for the complete model. 

 
 
This graph illustrates that the 36% of the variables represents the 95% of the contribution when all the 
variables are included in the model. However, it is important to see how sensitive these average 
weights are when we remove some variables and made different combinations from them.  
 
 
Scenario 2 (non correlated variables): This scenario evaluates the 2 variables that have more variability 
and are orthogonal with each other, based on the Biplot presented in Figure 2. In this case these 
variables are “Estimated savings or expected profit” and “Released date” and they will be called 
control model. Additionally, the rest of the variables will be added one by one to the control model, in 
order to see if they have some effect in the efficiency scores. Table 9 shows the efficiency coefficients 
for each model. 
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# Model 
DMU's (Projects P_i) 

P_1 P_2 P_3 P_4 P_5 P_6 P_7 P_8 P_9 P_10 P_11 P_12 

0 Principal components 
Rank 1 11 1 7 10 1 9 5 8 6 12 1 

Efficiency 1 0.68 1 0.86 0.78 1 0.83 1 0.85 0.94 0.64 1 

1 ExProfit/RelDate 
Rank 12 6 3 11 1 1 4 9 8 5 10 7 

Efficiency 0.57 0.83 1.00 0.61 1 1 0.96 0.70 0.71 0.95 0.65 0.73 

2 ExProfit/RelDate/PrjDecs 
Rank 8 7 3 12 1 1 4 11 10 6 5 9 

Efficiency 0.83 0.83 1.00 0.61 1 1 0.96 0.70 0.71 0.95 0.95 0.73 

3 ExProfit/RelDate/Wexp 
Rank 10 7 3 12 1 1 4 9 8 5 11 6 

Efficiency 0.67 0.83 1.00 0.61 1 1 0.96 0.70 0.71 0.95 0.65 0.84 

4 ExProfit/RelDate/PrjStatus 
Rank 7 6 3 12 1 1 4 9 10 5 11 8 

Efficiency 0.81 0.83 1.00 0.66 1 1 0.96 0.72 0.71 0.95 0.66 0.73 

5 ExProfit/RelDate/CostImp 
Rank 12 7 1 11 1 1 4 10 9 5 6 8 

Efficiency 0.57 0.83 1 0.61 1 1 0.96 0.70 0.71 0.95 0.92 0.73 

6 ExProfit/RelDate/VOCTool 
Rank 8 7 1 12 1 1 5 10 9 6 11 4 

Efficiency 0.79 0.83 1 0.61 1 1 0.96 0.70 0.71 0.95 0.65 1 

7 ExProfit/RelDate/Bench 
Rank 10 9 1 12 1 1 7 5 6 8 11 4 

Efficiency 0.79 0.83 1 0.61 1 1 0.96 0.99 0.98 0.95 0.65 1 

8 ExProfit/RelDate/PrjLeader 
Rank 9 8 1 12 1 1 6 5 10 7 11 4 

Efficiency 0.79 0.83 1 0.61 1 1 0.96 0.99 0.71 0.95 0.65 1 

9 ExProfit/RelDate/Gender 
Rank 12 11 1 10 4 1 7 5 6 8 9 3 

Efficiency 0.79 0.83 1 0.91 1 1 0.96 0.99 0.98 0.95 0.91 1 

10 ExProfit/RelDate/MeasMetr 
Rank 12 6 1 11 3 1 4 9 8 5 10 7 

Efficiency 0.57 0.83 1 0.62 1 1 0.96 0.70 0.71 0.95 0.65 0.73 

11 ExProfit/RelDate/ConcTool 
Rank 12 8 4 10 1 3 1 7 9 5 11 6 

Efficiency 0.62 0.83 1.00 0.74 1 1 1 0.88 0.77 0.95 0.65 0.91 

12 ExProfit/RelDate/GrOutside 
Rank 12 6 4 11 1 3 1 9 8 5 10 7 

Efficiency 0.59 0.83 1.00 0.62 1 1 1 0.70 0.71 0.95 0.65 0.73 

13 ExProfit/RelDate/SupSupp 
Rank 12 7 1 9 1 4 1 11 8 5 6 10 

Efficiency 0.58 0.86 1 0.73 1 1 1 0.71 0.79 0.95 0.92 0.73 

14 ExProfit/RelDate/SupChng 
Rank 12 11 1 10 1 5 1 6 8 7 9 4 

Efficiency 0.79 0.86 1 0.91 1 1 1 0.99 0.98 0.99 0.91 1 

15 ExProfit/RelDate/Approach 
Rank 12 11 6 9 1 1 8 5 7 1 10 4 

Efficiency 0.79 0.88 1.00 0.92 1 1 0.96 1 0.98 1 0.89 1 

16 ExProfit/RelDate/Members 
Rank 7 1 5 12 1 1 6 11 8 1 10 9 

Efficiency 0.94 1 1.00 0.65 1 1 0.96 0.79 0.94 1 0.87 0.90 

17 ExProfit/RelDate/StatiTool 
Rank 12 8 1 11 5 1 7 6 9 1 10 4 

Efficiency 0.62 0.83 1 0.63 1 1 0.96 0.99 0.76 1 0.65 1 

18 ExProfit/RelDate/GrInside 
Rank 7 10 1 1 4 1 5 11 12 6 9 8 

Efficiency 0.95 0.83 1 1 1 1 0.96 0.79 0.78 0.95 0.85 0.94 
 

Table 9. DEA efficiency scores and rankings for scenario 2 with transformed variables. 
 
 



The table above shows the efficiency rankings and scores for each model. Efficient projects are those 
that have an efficiency score and ranking equal to 1 and are highlighted, those whose efficiency score 
is 1 but the ranking is different are not considered as efficient. Here we can group the models by the 
effect in the efficiency scores in order to understand better the information as follows: Group 1 
(models 2 to 4), group 2 (models 5 to 8), group 3 (models 9 and 10), group 4 (models 11-12) and group 
5 (models 13-14). The first group shows the same efficient projects as the control model, indicating 
that adding some of the variables PrjDecs, PrjStatus or Wexp will not have any significant effect on the 
efficiencies change; it is because they are correlated with the control variables. 
 
The groups 2, 3, 4 and 5 show that any of the variables added to the control model have an effect on 
the efficiency but the effect is the same within the group. This is because they are highly correlated 
with each other and they are explained by the same information. Finally, it can be seen that models 15 
to 18 have more variability; each model has a different result in the efficiency score which indicates the 
variables are not correlated and may be important in the development of the projects. 
 
On the other hand, table 10 contains the results for each model from the original values of the 
variables. Here is possible to observe that between models the change of the efficiency scores is 
smaller in comparison with the transformed variables. In the first 8 models project 6 is classified as the 
most efficient, the models 9 to 11 classify in first place to project 3 and model 17 assigns an efficient 
score of 1 to project 12, these projects are also defined as efficient in the principal components model 
which may indicate the principal components model is representing the real data. Nevertheless, it is 
important to evaluate the other scenarios because project 1 (efficient by the principal components 
model) is the worst qualified project.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



# Models 
DMU's (Projects P_i) 

P_1 P_2 P_3 P_4 P_5 P_6 P_7 P_8 P_9 P_10 P_11 P_12 

0 Principal components 
Rank 1 11 1 7 10 1 9 5 8 6 12 1 

Efficiency 1 0.68 1 0.86 0.78 1 0.83 1 0.85 0.94 0.64 1 

1 ExProfit/RelDate 
Rank 12 11 3 9 5 1 7 4 6 8 10 2 

Efficiency 0.10 0.13 0.95 0.60 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

2 ExProfit/RelDate/PrjDecs 
Rank 12 11 3 10 5 1 7 4 6 8 9 2 

Efficiency 0.13 0.13 0.95 0.60 0.90 1 0.81 0.95 0.90 0.75 0.75 1 

3 ExProfit/RelDate/Gender 
Rank 12 11 3 9 5 1 7 4 6 8 10 2 

Efficiency 0.10 0.13 0.95 0.60 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

4 ExProfit/RelDate/StatiTool 
Rank 12 11 3 9 5 1 7 4 6 8 10 2 

Efficiency 0.1 0.13 0.95 0.60 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

5 ExProfit/RelDate/Bench 
Rank 12 11 3 9 5 1 7 4 6 8 10 2 

Efficiency 0.1 0.13 0.95 0.60 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

6 ExProfit/RelDate/Wexp 
Rank 12 11 4 9 3 1 7 5 6 8 10 2 

Efficiency 0.11 0.13 0.95 0.60 1 1 0.81 0.95 0.90 0.75 0.60 1 

7 ExProfit/RelDate/VOCTool 
Rank 12 11 3 9 5 1 7 4 6 8 10 2 

Efficiency 0.1 0.13 0.95 0.60 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

8 ExProfit/RelDate/PrjLeader 
Rank 12 11 3 9 5 1 7 4 6 8 10 2 

Efficiency 0.1 0.13 0.95 0.60 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

9 ExProfit/RelDate/SupSupp 
Rank 12 11 1 10 6 3 2 5 7 8 9 4 

Efficiency 0.1 0.15 1 0.62 0.95 1 1 0.95 0.92 0.75 0.63 1 

10 ExProfit/RelDate/CostImp 
Rank 12 11 1 10 5 2 7 4 6 8 9 3 

Efficiency 0.1 0.13 1 0.60 0.95 1 0.81 0.95 0.90 0.75 0.63 1 

11 ExProfit/RelDate/MeasMetr 
Rank 12 11 1 9 5 2 7 4 6 8 10 3 

Efficiency 0.1 0.13 1 0.60 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

12 ExProfit/RelDate/GrOutside 
Rank 12 11 5 9 1 3 2 6 7 8 10 4 

Efficiency 0.11 0.13 1.00 0.62 1 1 1 0.95 0.90 0.75 0.62 1 

13 ExProfit/RelDate/Members 
Rank 12 11 5 10 1 3 8 6 7 4 9 2 

Efficiency 0.15 0.30 0.95 0.60 1 1 0.81 0.95 0.95 1 0.63 1 

14 ExProfit/RelDate/PrjStatus 
Rank 12 11 4 9 1 2 7 5 6 8 10 3 

Efficiency 0.11 0.13 0.95 0.60 1 1 0.81 0.95 0.90 0.75 0.60 1 

15 ExProfit/RelDate/SupChng 
Rank 12 11 4 9 7 2 1 5 8 6 10 2 

Efficiency 0.10 0.15 0.95 0.60 0.90 1 1 0.95 0.90 0.92 0.60 1 

16 ExProfit/RelDate/ConcTool 
Rank 12 11 4 9 6 2 1 5 7 8 10 3 

Efficiency 0.10 0.13 0.95 0.60 0.90 1 1 0.95 0.90 0.75 0.60 1 

17 ExProfit/RelDate/GrInside 
Rank 11 12 3 8 5 2 7 4 6 9 10 1 

Efficiency 0.13 0.13 0.95 0.80 0.90 1 0.81 0.95 0.90 0.75 0.60 1 

18 ExProfit/RelDate/Approach 
Rank 12 11 5 9 6 3 8 2 7 1 10 4 

Efficiency 0.10 0.17 0.95 0.63 0.90 1 0.81 1 0.9 1 0.6 1 
 

Table 10. DEA efficiency scores and rankings for scenario 2 with original variables variables. 
 

Figure 4 illustrates the average weight of the three variables in each model. This graph shows that the 
average weights of the variables RelDate and ExProfit are very sensitive to the change of the third 
variable.  
 



 
 
 

Figure 4. Average contribution percentage per variable for each model scenario 2. 
 
 

Scenario 3 (relevant variables): Based on the results from Scenario 1, tow models were specified in this 
scenario. The first model was run considering only the variables with a contribution percentage greater 
than 6%. The variables selected were SupChng (16.65%), GrInside (9.97%), ExProfit (7.82%), Gender 
(15.44%), ConcTool (8.33%) and Bench (31.11%). Table 11 shows the efficiency scores for this scenario 
with the transformed variables and the original variables and compare these scores with the results 
from principal component model. 
 

Model 1 
DMU's (Projects P_i) 

P_1 P_2 P_3 P_4 P_5 P_6 P_7 P_8 P_9 P_10 P_11 P_12 

Principal components 
Rank 1 11 1 7 10 1 9 5 8 6 12 1 

Efficiency         1 0.68 1 0.86 0.78 1 0.83 1 0.85 0.94 0.64 1 

Transformed variables 
Rank 5 4 8 7 11 6 1 9 10 3 12 1 

Efficiency 1 1 0.99 1 0.98 1 1 0.99 0.98 1 0.91 1 

Original variables  
Rank 12 10 6 8 3 1 5 7 9 4 11 1 

Efficiency 0.17 0.67 0.95 0.8 1 1 1 0.95 0.80 1 0.6 1 
 

Table 11. Efficiency scores for model 1 scenario 3. 
 

It is possible to observe that in both cases project 12 is selected as efficient how is indicated by the 
principal components model. However, there is a lot of variability with respect to other projects, the 
rankings and scores change considerably for each project between the three cases. On the other hand, 
the variables weights were estimated in order to know which variables are relevant and must be 
included in the second model of this scenario. Figure 5 shows the contribution percentage of each 
variable. 
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Figure 5. Average contribution percentage per variable for model 1 scenario 3. 
 
The second model in this scenario was specified based on the contribution weights presented in figure 
5. Here the variables with an average weight greater than 10% were included in the new model to 
observe how the scores change when only relevant variables are included. These variables are: Bench 
(23%), WExp (18%) and ExProfit (38%). Table 12 present the result of the model 2. 
 

 

Model 2 
DMU's (Projects P_i) 

P_1 P_2 P_3 P_4 P_5 P_6 P_7 P_8 P_9 P_10 P_11 P_12 

Principal components 
Rank 1 11 1 7 10 1 9 5 8 6 12 1 

Efficiency        1 0.68 1 0.86 0.78 1 0.83 1 0.85 0.94 0.64 1 

Transformed variables 
Rank 10 9 3 11 5 1 7 4 6 8 11 2 

Efficiency 0.79 0.83 0.99 0.49 0.98 1 0.96 0.989 0.98 0.95 0.49 1 

Original variables  
Rank 12 6 7 10 2 1 8 11 5 4 9 3 

Efficiency 0.03 0.094 0.081 0.05 0.28 1 0.08 0.042 0.11 0.14 0.06 0.19 
 

Table 12. Efficiency scores for model 2 scenario 3. 
 
 

It is possible to appreciate that the model presents the same efficient projects in both cases (with the 
transformed and the original variables). This may indicate that a well specified model, in which the 
selected variables are relevant and have an important average weight, can be less sensitive to changes 
with respect to the variables scale. The average weights for this model are presented in figure 6. It is 
possible to observe that the 90% of contribution is given by the variables Bench and ExProfit. 
 

4% 
8% 

18% 

38% 

7% 

2% 

23% 

Average contribution percentage per variable 

SupChng 

GrInside 

WExp 

ExProfit 

Gender 

ConcTool 

Bench 



 
 

Figure 6. Average contribution percentage per variable for model 2- scenario 3. 
 
Scenario 4 (correlated variables with the response variable): This scenario was built from the 
correlation coefficients presented in table 2 and is composed by two models. The first model include 
the variables with a correlation coefficient bigger than 0.3 with respect to the response variable. These 
variables are: PrjDecs, Approach, ExProfit, PrjLead, RelDate, Bench, WExp and MeasMet. Table 13 
presents the results for model one using the transformed variables and the original data. 
 
 

Model 1 
DMU's (Projects P_i) 

P_1 P_2 P_3 P_4 P_5 P_6 P_7 P_8 P_9 P_10 P_11 P_12 

Principal components 
Rank 1 11 1 7 10 1 9 5 8 6 12 1 

Efficiency        1 0.68 1 0.86 0.78 1 0.83 1 0.85 0.94 0.64 1 

Variables transformadas  
Rank 12 11 1 10 7 1 8 5 6 3 9 4 

Efficiency 0.830 0.901 1 0.918 0.977 1 0.964 1 0.977 1 0.951 1 

Variables Originales 
Rank 12 11 4 9 10 1 7 3 6 2 8 5 

Efficiency 0.125 0.125 1 0.632 0.535 1 0.813 1 0.885 1 0.75 0.983 
 

Table 13. Efficiency scores for model 1 scenario 4. 

 
This table shows that with the transformed variables project 3 and 6 are rated as efficient, but in the 
model with the original variables only project 6 is ranked as efficient. Despite this change between 
models is possible to observe the efficient projects in both cases belong to the set of efficient projects 
defined in the principal components model. Figure 7 shows the average weights per variable, this 
indicates that variables WExp, RelDate and PrjLeader only have a contribution percentage of 3%.  
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Figure 7. Average contribution percentage per variable for model 1- scenario 4. 
 
The variables for the second model in this scenario were selected based on the contribution weights 
presented in figure 7. The variables with an average weight nearly to 10% were included to observe 
how the scores change when the relevant variables are included. These variables are: PrjDecs (17%), 
Approach (22%), Bench (22%), MeasMet (8%) and ExProfit (22%). Table 14 shows the results of the 
model 2. 
 

Model 2 
DMU's (Projects P_i)  

P_1 P_2 P_3 P_4 P_5 P_6 P_7 P_8 P_9 P_10 P_11 P_12 

Principal components 
Rank 1 11 1 7 10 1 9 5 8 6 12 1 

Efficiency         1 0.68 1 0.86 0.78 1 0.83 1 0.85 0.94 0.64 1 

Variables transformadas  
Rank 12 11 6 9 5 1 8 4 7 3 10 2 

Efficiency 0.830 0.903 1 0.952 1 1 0.964 1 0.977 1 0.951 1 

Variables Originales 
Rank 12 2 5 10 7 1 9 6 8 3 11 4 

Efficiency 0.125 1 1 0.807 0.997 1 0.813 1 0.9 1 0.750 1 
 

Table 14. Efficiency scores for model 2 scenario 4. 

 
It is possible to appreciate that the model presents the same efficient projects in both cases (with the 
transformed and the original variables). This is another example of how including relevant variables 
may give some stability to the models with respect to changes in the values scales. The average 
weights for this model are presented in figure 7. Despite all variables have an important weight the 
variable Bench has a contribution rate close to 50% in this model. 
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Figure 8. Average contribution percentage per variable for model 2- scenario 4. 
 
On the other hand, based on the results obtained from the four scenarios it is possible to verify if the 
projects selected with the principal component model are really efficient and also allow us to identify 
which are the dominant projects among all models. Three projects were identified as efficient, with 
this analysis. The project characteristics are shown in Table 15. 
 
 

 

P_3 P_5 P_6 P_12 

Members 8 4 12 6 

PrjDecs Assigned Assigned Selected Assigned 

SupSupp 3 3 5 5 

SupChng No No Si No 

GrInside 4 5 5 4 

GrOutside 3 1 5 5 

WExp 11 3 0.75 5 

Approach Cost reduction Cost reduction Process optimization  Process optimization 

CostImp No No No Si 

ExProfit Si Si No Si 

MeasMet No Si Si Si 

PrjStat Si No Si Si 

PrjLead No No No No 

RelDate 2010 2004 2012 2012 

Gender f M f f 

ConcTool 5 5 3 3 

StatiTool 2 6 0 2 

VOCTool 0 0 0 0 

Bench 0 0 0 0 

AchPerc 0.95 0.9 0.8 1 
 

Table 15. Efficient projects characteristics 
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Based on the results from the different scenarios and Table 15 we can observe: 

 When the variable supervisor support is included, projects 3 and 5 are rated as efficient; 
however the values of this variable indicate that a middle level of support is appropriate in 
order to increase the efficiency of the projects. 

 If the model includes growth opportunities outside the organization project 5 is considered as 
efficient, this may indicate that the intention must be reduced in order to ensure the success of 
the project. On the other side, the perceived growth opportunities inside the organization have 
a positive impact on the response variable; this may be caused by the intention to keep a “good 
will” inside FSFB. 

 The efficient projects for the variable gender are the ones led by a woman.  

 The use of conceptual tools affects positively the accomplishment of the goal. This can indicate 
that understanding the process and the problem facilitates the project development. 

 Despite our intuition, DEA results and the correlation coefficient indicate that using many 
statistical tools negatively affects the project performance.  

 

4. Summary and conclusions 

In this article we present a methodology for evaluating the projects performance developed under the 

Six Sigma program in a healthcare organization. Because of the diversity of projects, which are 

developed in areas and processes related to the human talent, it was necessary to identify and 

standardize a number of variables that allow us to measure the performance of the projects. 

After standardizing these measurements, we proceeded to collect the information to develop the 

proposed methodology. In the first place the correlation analysis allowed us to establish some 

relationships between variables and identify how each factor affects the response variable. 

Subsequently, we implemented a multivariate technique of principal components analysis for 

categorical and numerical variables, in order to solve two problems that arise in DEA implementation:  

the first one is the use of nominal variables and the second one is the space dimensionality because 

the data set contains a large set of variables and a small number of DMU's. 

Following this, we compared the projects using the information available through the main 

components obtaining as results 4 efficient projects; however it was necessary to perform a sensitivity 

analysis for each of the variables in order to verify the efficiency of these projects. There were two 

scenarios: The first one was performed with all variables, the result was that all projects were efficient, 

confirming the loss of discriminating power of DEA when there are a big sets of inputs and outputs. The 

second scenario established a control model with the two variables that presented more variability and 

iteratively adding to the model each and every one of the variables. Based on this analysis, we can 

observe that the principal component model may define projects as efficient when they are not. This 

can be caused by the loss of information present in the scaling of the variables when they are being 

transformed. 



According to the methodology presented in this article it was possible to establish guidelines to 

improve the Six Sigma program in the Foundation. The critical factor to be attacked is the sense of 

belonging to the foundation and the program, as is indicated by the results; leaders who are motivated 

to grow within the organization have better performance, because they feel they must do greater 

efforts to be recognized. Additionally, it is necessary to highlight the need to know thoroughly the 

process they are going to work on, this is due to the fact that not all projects are selected by the 

candidate and in order to get a good solution they must be committed to the development of the 

project. On the other hand, it is necessary to establish the project’s scope and the use of tools. If the 

scope is not delimitated the probability of failure will increase, because the projects leader will focus 

all the energy in do many things at once instead to fix one problem at a time. Also, It is important to 

encourage the participation of male personnel in the certification program; currently it is possible to 

see a significant difference between the number of certified women versus the number of certified 

men. 

Finally, it is necessary to establish a measurement system focused on the performance of each project. 

This measurement should be made periodically and should be evaluated on all the variables proposed 

in this work in order to control the success of the project and the benefits that it brings to the 

foundation, from the beginning. 

As future work for this research, is essential to obtain new data both from existing projects and from 

those that will be executed in the future. These new data will give place to develop a supplementary 

regression analysis in order to identify important relationships between the input variables and the 

project’s success. Additionally, due to the dynamic evolve in healthcare organizations; it is important to 

evaluate the projects development environment to find new critical factors, based on the actual 

behavior of the organization and not only in the literature. Once the new factors are identified, the 

methodology presented in this paper applied along with the regression analysis will allow us to analyze 

the effect of these new input variables in the success of the projects and establish a continuous 

improvement framework based on reliable conclusions.  
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Appendix 1. Interview format 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 



Appendix 2. Online survey 

 

 
 

 

 

 



 



Appendix 3. Transformed data set. 

 

Project Members PrjDecs
Sup 

Supp

Gr 

Ins ide

Gr 

Outs ide
WExp

Appro

ach

Cost 

Imp
ExProfi t

Meas  

Met

Prj 

Status

Prj 

Leader
RelDate Gender

Conc 

Tool

Stati  

Tool

VOC 

Tool
Bench

Sup 

Chng

P_1 -1.370 -1.421 1.047 -0.281 -1.845 -0.810 -0.605 -0.343 1.173 0.692 0.304 -2.230 -0.997 0.316 -0.305 0.341 -0.194 -0.853 -0.456

P_2 -0.755 -1.421 -0.204 -0.281 0.789 0.823 -1.317 -0.604 -0.855 -1.429 0.304 0.454 1.003 0.316 -0.305 -0.719 0.619 -0.853 -0.456

P_3 0.167 0.700 -1.455 -0.281 -0.528 -0.810 0.819 2.218 -0.855 0.692 -3.314 0.454 -0.997 -2.146 -0.305 1.402 -1.008 -0.853 -0.456

P_4 1.397 0.700 -0.204 -0.281 -1.845 0.006 0.819 -0.604 1.173 0.692 0.304 0.454 1.003 1.021 -0.305 -0.719 0.619 1.175 2.228

P_5 -1.062 0.700 -1.455 -0.281 0.789 -2.443 -0.605 2.218 -0.855 0.692 0.304 -2.230 -0.997 -2.238 3.313 1.402 2.246 -0.853 -0.456

P_6 1.397 -1.421 1.047 3.336 0.789 0.823 -1.317 -0.343 -0.855 -1.429 0.304 0.454 -0.997 0.316 -0.305 -0.719 0.000 -0.853 -0.456

P_7 1.704 0.700 -0.204 -0.281 0.789 -0.810 0.107 -0.343 -0.855 -1.429 0.304 0.454 1.003 0.316 -0.305 -1.780 0.000 -0.853 -0.456

P_8 0.167 0.700 1.047 -0.281 0.789 0.823 2.243 -0.604 1.173 0.692 0.304 0.454 -0.997 0.489 -0.305 -0.719 -1.008 1.175 -0.456

P_9 -0.755 0.700 -0.204 -0.281 0.789 0.823 0.107 -0.343 1.173 0.692 0.304 0.454 1.003 0.316 -0.305 0.341 -0.194 1.175 -0.456

P_10 0.475 0.700 1.047 -0.281 0.789 0.823 -0.605 -0.604 -0.855 -1.429 0.304 0.454 1.003 0.513 -0.305 0.341 -1.008 1.175 -0.456

P_11 -0.755 -1.421 -1.455 -0.281 -0.528 0.006 0.819 -0.343 -0.855 0.692 0.304 0.454 1.003 0.489 -0.305 1.402 1.432 1.175 2.228

P_12 -0.447 0.700 1.047 -0.281 -0.528 0.823 -0.605 -0.343 1.173 0.692 0.304 0.454 -0.997 0.316 -0.305 -0.719 -1.008 -0.853 -0.456


