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1. Introduction 

PCA_DEA is a computer program for Windows (based on MATLAB code) 

which computes Data Envelopment Analysis (DEA) relative efficiency measures. It may 

be useful if there are a relatively large number of variables with respect to observations 

and discrimination between efficient and inefficient decision making units (DMU’s) is 

problematic. Information about Data Envelopment Analysis can be found on the website 

http://deazone.com. The explanation about combining DEA and PCA methodologies can 

be find in Adler and Golany (2001, 2002, 2007) and Adler and Yazhemsky (2007). If you 

have questions which are not answered in the following paragraphs or if you have 

suggestions for further developments, send an email to msnic@huji.ac.il 

2. Preparing the data 

PCA_DEA accepts data in MS Excel format. The size of your analysis is limited by the 

memory of your PC; there is theoretically no limitation to the number of observations 

(DMU’s) or inputs and outputs in PCA_DEA. The dataset should be collected in one 

worksheet. The name of the worksheet must be “data”. The first column contains the 

DMU names (the first character is an alpha and all subsequent characters are 

alphanumeric). The first line contains the input/output names. The variables should be 

ordered as follows: 

1. inputs to transform into principal components, 

2. inputs to incorporate in original units, 

3. outputs to transform into principal components,  

4. outputs to incorporate in original units. 

It is necessary to close the Excel file before running PCA_DEA. You should save the 

changes, close the file and then load the data in PCA_DEA. Note that PCA_DEA 

automatically removes any rows containing missing values from the calculations. 

3. Starting PCA_DEA  

For MATLAB users: 

Make sure that files dialog1.m, gui_pca_dea.m, gui_pca_dea.fig, PCA.m, primal.m, 

dual.m are saved in the same folder as your data file. When you have prepared the data in 

Excel as described above, you can start PCA_DEA by running dialog1.m.  
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For standalone application users: 

Make sure that PCADEA_pkg.zip package (which includes MCRInstaller.exe 

PCADEA.exe, PCADEA.ctf1, PCADEA_mcr) and data files are saved in the same target 

directory. In order to reduce startup time of the application, add the target directory (i.e. 

the address where your datafile sits) as the first path in the user variables list. 

Right-click on “My Computer” and choose "Properties". In the box “System 

Properties” that opens, click the "Advanced" tab to obtain the dialog box. Next, 

click the button "Environment Variables". "Environment Variables" lists two 

kinds of variable - those that apply only to the current user and those that apply to 

the whole system. To create a new path, use the "New" button. Be sure to 

remember to separate directory names with a semicolon. 

Run MCRInstaller.exe2 once in the folder where you have collected the data and saved 

the program.  

The MCRInstaller opens a command window and begins preparation for 

installation. When the MCR Installer wizard appears, click ‘Next’ to begin the 

installation. Click ‘Next’ to continue. In the Select Installation Folder dialog box, 

specify where you want to install the MCR and whether you want to install the 

MCR for just yourself or others. Confirm your selection by clicking ‘Next’. The 

MCRInstaller automatically: 

• Copies the necessary files to the target directory you specified. 

• Registers the components as needed. 

• Updates the system path to point to the MCR binary directory, which is 

<target_directory>/<version>/runtime/bin/win32. 3 

When the installation completes, click ‘Close’ on the Installation Completed dialog box 

to exit. This procedure is only required once, afterwards, simply run PCA_DEA 

normally. When you have prepared the data in Excel as described above, you can start 

PCA_DEA by running PCADEA.exe.  

                                                 
1 CTF archives contain M-files that need to be extracted from the archive before they can be executed. The 
CTF archive and PCADEA_mcr directory automatically expand the first time you run the MATLAB 
Compiler-based component. 
2 The MCR is a version-specific file (Version 4.5 2006b MATLAB compiler). 
3 On Windows XP, this directory is automatically added to your path. 
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4.   Running a DEA model 

The first dialog box enables the user to choose the data file. The second dialog window 

displays all options available in the current version of PCA_DEA. After selection of the 

type of efficiency estimator, model orientation, returns-to-scale assumption, the total 

number of inputs (in categories 1 and 2) and outputs (3 and 4), the number of inputs to 

transform into principal components (category 1) and the number of outputs to transform 

into principal components (category 3) and the percent of information to retain in the 

model4, the program is activated by clicking on button “RUN”. 5 

Choosing an efficiency estimator 

Additive (Charnes et al. (1985)) 

Pareto-Koopmans (mixed) efficiency: A DMU is fully efficient if and only if it is not 

possible to improve any input (or output) without worsening one or more of its other 

inputs (or outputs). An observation is rated as relatively efficient if, and only if, there are 

no output shortfalls or resource wastage at the optimal solution. Due to its units 

invariance properties, a normalized, weighted, additive DEA (Lovell and Pastor (1995)) 

was used in place of the simple additive.  

Radial (CCR (Charnes et al. (1978)), BCC (Banker et al. (1984)) 

Debreu-Farrell (weak) efficiency ignores the presence of non-zero slacks. Radial 

(technical) inefficiency means that all inputs can be simultaneously reduced (by θ) 

without altering the proportions in which they are utilized. 

Returns to Scale 

Returns to scale refers to increasing or decreasing efficiency based on size. 

• constant (CRS) 

• variable (VRS)  

Constant Returns to Scale means that the producers are able to linearly scale the inputs 

and outputs without increasing or decreasing efficiency.  

                                                 
4 The simulation study suggests that the optimal index for the CRS (VRS) case ought to be equal to 80 (76) 
%. In other words, the data may be reduced to a few uncorrelated principal components that describe at 
least 80 (76) % of the variance of the original data. The higher the %, the greater the number of PCs 
retained. 
5 Each variable is divided by the corresponding standard deviation, then the correlation matrix of 
standardized variables and PCs are calculated. According to the level of information to retain, the program 
automatically chooses the number of PCs. Finally PCA_DEA linear program is used to derive efficiency 
scores. 
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Orientation 

An input oriented (IN) measure quantifies the input reduction which is necessary to 

become efficient holding the outputs constant. Symmetrically, an output oriented (OUT) 

measure quantifies the necessary output expansion holding the inputs constant. A non-

oriented (NON) measure quantifies necessary improvements when both inputs and 

outputs can be improved simultaneously. 
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5. Results 

Once the computations are completed, the message ‘Optimization terminated 

successfully’ will be received and PCA_DEA will display the results in two new 

worksheets in the original data file. The name of the first worksheet specifies which 

model was computed, e.g. radial_OUT_VRS_100_2_3 contains the results of a DEA 

based on the data stored in the worksheet ‘data’ with radial estimator, variable returns to 

scale (BCC), output orientation and the PCs (2 input-PCs, 3 output-PCs) explaining 

100% of the correlation in the original input and output matrices (‘full information’). This 

worksheet contains:  
                                                 
6 A semi-positive matrix has each of its columns semi-positive. A semi-positive column vector has all its 
elements nonnegative and at least one of its elements strictly positive. 
7 An efficiency measure is independent of the linear translation of the input and output variables. 
8 An efficiency measure is independent of the units in which the input and output variables are measured. 
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• DMU names; 

• benchmarks arranged by corresponding intensities in descending order; 

• efficiency score as defined above; 

• weights (shadow prices) on inputs/outputs (W_varname);  

• slacks (S_varname); 

• corresponding intensities of reference DMU’s (l_DMUname). 

The worksheet ‘PCA’ describes the percentage of variance of the data explained by the 

input/output PCs in descending order (the first row corresponds to the first principal 

component). If PCA_DEA is run again on the same data file for a modified model, a new 

worksheet will be added to the file while the worksheet ‘PCA’ will be unchanged. 

Numbers are presented with 6 digits after the decimal point. 

 

6. Example 

In order to illustrate the PCA_DEA application, we will demonstrate the results of a 

dataset existing in the literature. The numerical illustration of PCA_DEA methodology 

was presented in Adler and Golany (2006) in which 22 solid waste management 

treatment systems in the Oulu region of Finland were compared over 5 inputs and 3 

outputs. The original data is presented in worksheet ‘data’ in Excel file example.xls 

(Table 1). Table 2 shows the first dialog box requiring the user to retrieve a data file. The 

second dialog window (Table 3) displays all options available to the PCA_DEA model. 

The first calculations were executed for a radial input oriented constant returns-to-scale 

standard DEA as shown in Table 3. Worksheet ‘PCA’ includes the results of the principal 

component analysis of inputs and outputs (Table 4). As shown in Table 5 it was decided 

to transform all 5 inputs and 3 outputs into principal components and retain in the 

analysis at least 95 % of information. As a result 2 PCs on each side were included in the 

analysis. Table 6 presents ‘radial_IN_CRS_95_2_2’ worksheet. The first column 

includes original DMU names. In the second column benchmarks were chosen from the 

subset considered radially efficient (corresponding intensities are nonzero). Only 2 

DMU’s remain relatively efficient (the score in column three is equal to 1), namely 

DMU’s 9 and 12. Both of them are Pareto-Koopmans efficient too (without positive 

slacks in L-S columns). Weights (shadow prices) on inputs/outputs are presented in 
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columns D-K. Note that weights on two variables (Global Effects and Employees) are 

very small or zero, therefore additional restrictions in LP’s may be useful (assurance 

region). The second version of PCA_DEA will include this option. Moreover we will 

split the option ‘% of information retained’ into input and output side. 
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Table 1. Original data for location of solid waste management system in Oulu Finland 

Table 2. Loading a data set 

 

Make sure that 
PCADEA package 
and data file are 
saved in the same 
target directory. 

It is necessary to 
close the Excel file 
before running 
PCA_DEA. 

3 outputs
Note that the first 
character is an alpha  5 inputs 
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Table 3. Choosing a standard DEA 

  
Table 4. Percentage of variance of the data explained by input/output PCs. 

 

In this example, it could be argued 
that two PCs on the input side and two 
PCs on the output side explain the 
vast majority of the variance in the 
original data matrices, since they each 
explain more than 95% of the 
correlation. 
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Table 5. Choosing a PCA_DEA model 

 
Table 6. PCA_DEA results 

 

Note that all the original data was 
normalized by dividing through by 
the standard deviation, otherwise 
the LPs may be infeasible due to 
the substantial differences in 
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7. Disclaimer 

The author of the program described here accepts no responsibility for damages resulting 

from the use of this software and makes no warranty, either express or implied, including, 

but not limited to, any implied warranty of fitness for a particular purpose. The software 

is provided as it is, and you, its user, assume all risks when using it. 
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