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Abstract

Data Envelopment Analysis (DEA) is an effective method for measuring the efficiency of Decision Making Units
(DMUs). DMUs have been generated based on the production function, cost function, and efficiency for evaluation and
selection. Prediction of DMUSs’ Performance (PDMUP) is a problem to select the best among DMUs based on input
and output data of the DMUs. PDMUP includes evaluating ranking and efficiency for DMUs. Improving the accuracy
and computation time in measuring the efficiency of PDMUP has been one of the main challenges. Hence, in this
paper, a method is proposed using DEA and Support Vector Machine (SVM) for predicting DMUs. This method has
been compared using datasets in earlier research for large DMUs. The experimental results of comparisons between
PDMUP method and early methods demonstrate that the method can significantly improve the accuracy and reduce
the computation time in predicting the efficiency of large DMUs.
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1 Introduction

Data Envelopment Analysis (DEA) is an effective method for obtaining the efficiency of Decision Making Units
(DMUs) [10] I} [I5]. DMUs have been generated based on the production function, cost function, and efficiency
for evaluation and selection [24], [19]. Conventional DEA methods such as Charnes, Cooper and Rhodes (CCR) and
Banker, Charnes and Cooper (BCC) models have been proposed [I0,[5]. One of the important issues in DEA literature
has been ranking efficient units. Hence, methods such as Additive (ADD), Enhanced Russell Measure (ERM), and
Slack-Based Measure (SBM) have been proposed to classify the DMUs into efficient and inefficient units, which are not
able to complete ranking for DMUs [10] 18] 27, [12]. In most of these DEA models, the best DMUs have an efficiency
score of unity, and multiple DMUs are usually efficient.

DEA-determined efficiency is identical to the Productivity Index used in Engineering and Economics and, as such,
uses DMU inputs and outputs to calculate the performance level of the DMUs being considered [22]. As per the
classical definition of efficiency, DEA uses a ratio of a weighted output to a weighted input and permits each DMU to
select any weights it wants to use for each input and output [28].
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Recently, an integration of DEA and Neural Network (NN), DEA-NN;, for supplier evaluation has been proposed
based on incomplete information on criteria and multiple inputs and outputs data [8 [I7]. In their work, they high-
lighted that DEA often failed to work effectively as it is associated with homogeneity and accuracy assumptions. The
main contribution of the method is its ability to work with incomplete information on evaluation attributes, which
is a common problem in real-life situations. An integrated method of NNs and DEA has also been proposed for a
supplier evaluation system with several inputs and output data [26]. They commented that DEA still requires more
computer resources in comparison with NNs, which are suitable tools for simulation and learning. They found that
developing NNs can be useful to reduce the time of the DEA process. In addition, it paves the way for prediction or
checking of suppliers’ efficiency. In another work, an integrated method of DEA, Decision Tree (DT), and NNs has
been presented for evaluation of suppliers’ performance [33]. The combination of DEA and NN, DEA-NN, has been
used for measuring efficiency of DMUs by several researchers but the drawbacks in terms of local optimization solution,
uncontrolled convergence, and non-generalization, remain (e.g. [I5[20]). In the DEA-NN method, it is difficult to find
rules for finding the best number of hidden layers, and the network design is a trial and error process which may affect
the accuracy of the resulting trained DEA-NN model. The initial values of the weights may also affect the resulting
accuracy [15].

To overcome the computation time in DEA, several researchers tackled the problem in large data sets using different
DMUs [2], 3[4, [6, [T4]. As an example, Duld [14] discussed a DEA computation study involving DEA problems with up
to 100000 DMUs. Initial results from his study showed that the computation time for large DMUs is very high when
using LP. He improved the LP algorithm and calculated the computational time for DMUs with different numbers of
attributes. The computational time was obtained around 14 hours for 50000 DMUs with 20 attributes.

On the other hand, for a massive data set with high dimensions of inputs and outputs for DMUs, DEA needs huge
computer resources in terms of memory and CPU time [I5]. This can be a main shortcoming of conventional DEA
for efficiency evaluation of DMUs for real-world problems in both public and private sectors. The use of the DEA
method is cumbersome since it involves determining optimum efficiency using an LP approach, especially when the
size of DMUs is large. It is further complicated when the LP model is infeasible due to too small or too big values
of inputs. Some of the methods also suffer from obtaining complete ranking. The main problems with DEA based
methods for large DMUs raking are time consuming and insufficient accuracy.

Support Vector Machine (SVM) is a powerful technique in prediction methods for solving classification and regres-
sion. This technique is a generative learning system based on recent advances in statistical learning theory and is used
in real-world applications (e.g., [31] B0, [l 29 13]). SVM is adaptive and can handle small training and testing sets
for research on credit grade assessment [32]. The real examples show that the SVM method is better than NNs and
able to overcome the drawbacks of NNs [20]. Several machine learning techniques, including SVM for regression, have
been used to forecast the distorted demand at the end of a supply chain [7]. A comparative study of supplier selection
based on SVM and Radial Basis Function Neural Network (RBFNN) also showed that SVM is superior, giving more
accurate results than the RBFNN algorithm [23]. In another research by Yeh et al. [34] who has proposed a hybrid
of SVM and Rough Set Theory (RST), RST-SVM, for binary class classification indicated that RST-SVM has better
performance in terms of accuracy compared to RST-NNs, the hybrid of RST and neural networks.

In DMUs performance classification, DEA-SVM approach has been proposed and tested on a small DMU data
set of 23 suppliers, and also indicated that it performed better than Logistic Regression (LR), Naive Bayes (NB) and
Decision Tree (DT) approaches as well as the DEA-NNs Jiang et al. [2I]. In addition, Farahmand et al. [16] a new
combined method was proposed using DEA and SVR (DEA-SVR) for efficiency evaluation of large DMUs to solve
some drawbacks which include uncontrolled convergence and non-generalization.

As can be found in the above literature, accuracy and computational complexity in the classification of large DMUs
have been two of the main challenges in the field. Besides that, requiring huge computer resources that spend large
amount of memory and CPU time for large DMUs is one of the main issues connected to the conventional DEA.
In addition, the approaches used in prior research have some drawbacks, which include uncontrolled convergence,
non-generalization, and instability. Thus, in this paper, a new combination of DEA and Support Vector Classification
(SVC) for Binary-class and Multi-class classification, DEA-(B\M)SVC, is proposed for PDUMP, and its performance
is tested to evaluate the efficiency with a large number of DMUs.

The remainder of this paper is organized as follows. The proposed DEA-BSVC Method is presented in Section 2.
Section 3 shows experimental results and performance comparisons. Finally, conclusions are presented in Section 5.



Prediction of DMUs Performance Using Improved SVMs Method Based on DEA 3

2 Proposed DEA-BSVC method for PDUMP

In this section, an effective method is proposed based on DEA and SVM for binary-class classification, DEA-BSVC,
in large sets of DMUs based on efficient and inefficient DMUs. Assume that there are n DMUs with DMU; = (X, ),
(1 =1,2,...,n), where vectors X; and Y; denote the observed data, where X; = (z1;,%2;,...,Zm;) is a column vector
of observed inputs and Y; = (y1;,¥y2;,--.,Ys;) is & column vector of observed outputs for each DMU, where m and
s are the number of inputs and outputs, respectively. Suppose (z1,%1), (2,%2);- -+, (Tn,yn) € RM x {—1,1}, where
RM M and {—1,1} are a dot product space, attributes (M = m + s) and binary-class. The primal objective function
for SVC is as follows:

1
R
yi — (whe(a;) +0) <e, (2.1)
s.t. (who(z;) +b) —y; <e,
i=1,2... ...

where (z) is kernel function, w is margin and (z;,y;) belong to the training set. In fact, SVC uses a bound to set
based on tolerance and error number. The dual optimization problem of SVC model is obtained as follows [30]:

{mgx — 5 iy 2 () (@) (aiay) + X0

. (2.2)
subject to: Y., a; =0, a; €[0,C).

and the estimate function is as follows:

f(z) =sgn (Z oy K (z, ;) + b) . (2.3)

i=1

he proposed method consists of four main stages. In stage 1, DEA is performed to obtain the efficiency of DMU
data. In stage 2, a pre-processing proposes for input and output factors of DMUs and the efficiency of large DMUs
data. Stage 3 selects the best parameters of the SVM using a K-fold cross-validation model. In Stage 4, the efficiency
of large DMUs data is utilized for classification using the best SVM method. In the proposed method combine one
common methods of DEA with SVM and the method call DEA-SVM. In this section, the proposed method is used for
classification of large DMUs based on two classes. To evaluate the accuracy of the proposed method, the classification
data obtained from DEA-SVM are compared with the DEA-NN method.

Fig. 1| shows a DEA-SVM algorithm for classification of large DMUs. In this figure, Vpmu, = (Xj,Y},0;) (for
j=1,2,...,n) are vectors belonging to RM x {—1,1}, where M = m + s. In addition, this figure is divided into three
phases: input layers, hidden layers, and output layer. Input layers are considered for DMU vectors as input SVC.
The second phase denotes hidden layers that calculate by kernel function and output layers classify input variable as

introduced by Eq. (2.3) in f(x).

IL

K(x, Vo)

K, Vo)

(x) = sgi Zat,y, KV )+5)
K(X, VDMUp) \; =1 /

K(x, Vo)

Inputs Layers Hidden Layers Output Layers

Figure 1: A DEA-SVM algorithm for classification of large DMUs efficiency
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The data used for training the SVM includes input, output and efficiency of DEA. The input and output of DEA
consider for DMUs as the SVM input and the efficiency as the output of SVM. The efficiencies of DM Us compute using
DEA models and then use them as input to DEA-SVM method. The SVM algorithm in DEA is trained by iteratively
processing a training sample, comparing the network’s prediction of efficiency scores for each sample of DMUs with
actual known efficiency scores. DMUs set “G” and Vpyu; set (input data SVC set) “G*” are defined as follows:

G:{DMU]:(X],Y}) }Xj:(l‘lj,l‘glj,...,l‘mj), }/j:(ylj7y2ja-~-aysj)a j:l,?,...,n } (24)

G* = {Vbmu, = (X;,Y},6;) | 0; is efficiency of DMUj, j =1,2,...,n}. (2.5)

where m and s are number of inputs data and outputs data, respectively. In addition, the so called DEA-SVM based
efficiency prediction model was also developed for classification process of new DMUs. The algorithm for this method
is illustrated in this section. A DMU is considering to be categorized for two classes as efficient (weak and strong
efficiency) and inefficient DMUs sets that call “E” and “I” respectively, as follows:

1. If §; = 1, then DMU; belongs to E.
2. If 6; < 1, then DMU; belongs to I.

where 0; is efficiency score for DMU;. Also, E* and I* define based on E and I as follows:
E*UTI* = {Vpmu, = (DMU}, 6;) ’ DMU; = (X;,Y;) and 0; is efficiency of DMUj, j =1,2,...,n}.
where, E* U [* = G* and Ernil*=g.

E*={V;|DMU; € E, j =1,2,...,n}. (2.6)

I*={V; |IDMU; €1, j=1,2,...,n}. (2.7)

Also, the training and testing sets for £* and I* are defined as follows:
Ef ={V} =V; | DMU; € Ey,0; = 1,j = try,tra, ... try} . (2.8)
where Ey,. and k are training set and number of training vectors respectively.
I, = {V]' | DMU; € Ic,0; = —1,j = tey, tea,... ter} . (2.9)

where I;. and [ are testing set and number of test vector respectively and k + ! = n. Hence, according to SVM
algorithm for two class classification, steps in implementing the DEA-SVM binary-class classification (DEA-BSVC)
method is proposed in Algorithm 1 as following;:

Algorithm 1: DEA-BSVC method

Step 1: Obtain {Vpmu, = (X;,Y;.0;) ’ 0; is efficiency of DMU, }, where X; = (#1;,%2j,...,%m;), Y; =
(Y14, Y24, - - -+ Ysj), 05 is obtained using CCR method for j =1,2,...,n.

Step 2: Obtain efficient DMUs “E” and inefficient DMUs “I” sets.

where, E= {VDMUj = (Xj,Yj,Hj) ’ 9j = 1} and [ :%MUJ- = (Xj,}/},ej) ’ 9j < 1}.

Step 3: Obtain E* and I* sets using Eq. and ([2.7)

R

Step 4: Obtain training “FE},.” and testing “I;.” sets.

Step 5: Obtain £}, and I}, using Eq. and .
Step 6: Obtain class -1 and class 1 for new DMUs set.
Step 7: Stop.

In Fig. [2] a process stream of DEA-SVC algorithm for DMUs classification is shown.



Prediction of DMUs Performance Using Improved SVMs Method Based on DEA 5

Normalized original data
l set

/ Original data set / - Solve DEA using LP

I
[

Cross-validation for ' ‘ SVC models ‘ 4= )
Input SVC

¥

| The best SVC for Large DMUs Classification ‘

Figure 2: A process stream for classification efficiency of DEA using DEA-SVC

2.1 An illustrative example

In this section, an illustrative example corresponding to the steps proposed in Algorithm 2. The example is meant
to describe the proposed on the DEA-MSVC method with step-by-step illustration. A sample of 25 DMUs as in [25]
was used. The sample includes 2 Inputs and 3. This example demonstrates how to classify 5 new DMUs for comparison
between three classes, thus we have:

Step 1: Obtain G* = {VDMU], = (X;,Y;,6,) ‘ 0; is efficiency of DMUj} ,» 0; is obtained using CCR method for
j = 1, 2, ey 25 ThU.S, G* = {(XhYla 91), (XQ, }/2, 92), ey (X25, Y257 925)}.

Step 2: Obtain C, Cy and Cj classes using Eq. (2.10]),
¢y = {V; = (DMU;, 1) | DMU; = (X;,%5),5 = 1,2, ..., 25}
Cy = {Vj = (DMU;, 2,) ‘ DMU; = (X;,Y;),j =1,2,.. .,25} (2.10)

Cy = {f/j — (DMU;, z3) ‘ DMU; = (X,,Y;), j = 1,2,...,25}

Step 3: Obtain TR* and TE* sets using Eq. (2.11]) and (2.12)).

TR* = {V/" = (DMU;,6;) | DMU; € TR, 0; € {z1,22,23}}
= {(DMUl, 2:1), (DMUQ, 2’1), (DMU3, 23), (DNHL;7 Zl), (DMU5, 2’3), (DMUG, ,23)7

(DMUyz, 22), (DMUsg, 22), (DMUy, 22), (DMUjqg, 22), (DMUy1, 21 ), (DMU12, 23), (2.11)
(DMU137 23)7 (DMU147 23), (DMU153 22)7 (DMU167 Zl)v (DMU17, 22)3 (DMU187 22)3
(DMUyg, 23), (DMUsg, 23), (DMUsy, 23), (DMUsgy, 22), (DMUss, 22), (DMUagy, 23),
(])1\4{}257 222)} .
TE* ={V]"¥ = (DMU;,6;) | DMU; € TE, j =26,27,...,30, 0; € {21, 20,23} } (2.12)

= {(DMUgs, 21), (DMUgz7, 21), (DMUgs, 23), (DMUgg, 21), (DMUsq, 22) } .

Step 4: Obtain class 1, class 2, class 3 for new DMUs set.

Class 1 = {DMUQ(;, DMU27, DMUQQ}
Class 2 = {DMUsq}
Class 3 = {DMUss}

Step 5: Stop.

3 Experimental results and performance comparisons

This section explains the experiments carried out to test the performance of the proposed DEA-SVC algorithm
for large DMU data sets. The performance is in terms of accuracy, which is measured by several evaluation methods.
Performance comparisons between DEA-SVC and DEA-NN are also presented.
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3.1 Data set description

The experimental data set for this section was taken from [15] which consists of 5 data sets. Each data set contains
5000 units, and each unit has 6 attributes of 3 inputs and 3 outputs. A sample of original data set 1 is shown in Table
The program code for DEA-SVC (i.e. CCR-BSVC and CCR-MSVC) and DEA-NN (i.e. CCR-~NN) is improved by
LIBSVM [9] implemented in MATLAB software.

Table 1: Sample of large data set 1 with 5000 units, 3 inputs and 3 outputs
DMUs Il IQ 13 01 02 03
Ul 971 99 471 1777 575 7284
U2 190 12 4763 3312 184 2884
U3 732 83 9019 96 1935 8575

U5000 | 555 34 3686 4965 857 1769

The selection of the kernel function and the related parameters is very important in SVC,, which affects the
accuracy. In this section, RBF kernel has been used, and the best values for C' and v after running the model for 10
trials.

3.2 Results of DEA-BSVC method

This section explains the experiments carried out to test the performance of the proposed DEA-BSVC algorithm
for binary-class classification of large DMUs. Performance comparisons between DEA-BSVC and DEA-NN are also
presented. The experimental data set is large data set 1-5 (DATA 1-5). Table 2| and Table [3|show the comparison of
accuracy and average time obtained by CCR-BSVC and CCR-NN methods using 2-Fold and 5-fold cross-validation
with 10 trials. The optimum parameters C* = 8000, v* = 0.07 for CCR-BSVC were used. It is clear from this table
that CCR-BSVC shows its superiority over CCR-NN.

Table 2: A comparison of accuracy and average time between CCR-BSVC and CCR-NN methods for two-class classification using DATA
1-5 with 2-fold and 10 trials
DATA CCR-BSVC (Accuracy %) Average Time (second) CCR-NN (Accuracy %) Average Time (second)

1 91.5166 0.4703 84.5792 2.4768
2 93.6825 0.3681 87.2893 4.3847
3 92.4 0.4928 83.641 3.932
4 92.24 0.4983 86.8983 3.3446
5 92.24 0.4674 84.7321 3.3453

== SVC, 2-fold == SVC, 5-fold
4 4 NN, 2-fold NN, 5-fold
n
h=}
3
o 3
7]
2t
4]
E
=l
4]
(=]
&
g
< 7
0 -
1 2 3 4 5

Dataset (5,000 DMUs each)

Figure 3: Computational time comparison (10 trials)
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Table 3: A comparison of accuracy and average time between CCR-BSVC and CCR-NN methods for two-class classification using DATA
1-5 with 5-fold and 10-fold trials

DATA CCR-BSVC (Accuracy %) Average Time (second) CCR-NN (Accuracy %) Average Time (second)

1 92.9071 0.9536 85.8907 1.41
2 94.1059 0.7377 86.5429 1.2997
3 92.8 0.9771 85.9977 1.193
4 92 0.9676 83.8916 1.019
5 92.008 0.9464 85.5121 1.0994
97.5 1
95.0 -
92.5 1
g 90.0
>
(@)
© 87.54
3
o
%]
< 85.0 4
82.5 1
80.0 - = SVC, 2-fold mmm SVC, 5-fold
’ NN, 2-fold NN, 5-fold

1 2 3 4 5
Dataset (5,000 DMUs each)

Figure 4: Five-fold and two-fold CV accuracy (10 trials)

The selection of the kernel function and the related parameters is very important in SVC, which affects the accuracy.
In this study, LF kernel function was used for the SVC model, and the best values for C' and v were obtained after
running the model in different trials. Fig. [5| shows the comparison of average time for 2 and 5-fold cross-validation
using CCR-BSVC and CCR-NN methods. The optimum parameters C* = 8000, v* = 0.07 for CCR-BSVC were used.
It is clear from this table that CCR-BSVC shows its superiority over CCR-NN.

==4==CCR-BSVC
=== CCR-NN

Time (second)
S = N W AR O\

o
—
)
w
A~
w
=

Figure 5: Comparison of average time of CCR-BSVC with CCR-NN based on two classifications and 2 and 5-fold cross-validation for
DATA 1-5

4 Conclusions

This paper proposed DEA-SVC along with its parameters for binary-class (DEA-BSVC) and multi-class classifica-
tion (DEA-MSVC) of PDUMP in large data sets to improve the accuracy and computation time. In DEA-MSVC, to
obtain classes Cj, two methods are suggested. The experimental results on different 5 large data sets showed that the
time complexity using 2-fold and 5-fold cross-validation for the proposed method is much better than the DEA-NN
method. We also proposed a new effective algorithm for measuring the accuracy of classification in large data sets for

PDUMP. Finally, the proposed methods tackled the computation time in efficiency evaluations of DMUs for PDMUP
in classification of large DMUs.
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