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Abstract The manpower in an organization constitutes an important and essential

asset. Competent personnel endowed with individual academic and managerial

strengths in specific disciplines and personal capabilities, who can undertake a

variety of marketing or research assignments, are needed in any organization as they

substantially credit to its performance. Development of rational techniques for

capability assessment during recruitment of personnel is therefore vital. The tech-

niques that are normally employed for decision making in identification of per-

formance attributes including their weight assignments include techniques like

Delphi and decision matrix, Analytic Hierarchy Process (AHP) etc. AHP converts

qualitative opinion of experts into quantified values and generates a decision matrix.

In this paper, we have integrated Data Envelopment Analysis (DEA) to generate

local weights of alternatives from pair-wise comparison of judgment matrix used in

the AHP for a three attribute system for measuring performance of personnel at

entry level of managerial hierarchy. Multiple expert judgments have been consid-

ered for weight determination of the attributes. Thus, DEAHP (i.e., combined DEA-

AHP approach) has been proposed in this paper as an alternative to the traditional

methods of weight derivation in AHP.
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1 Introduction

Workforce constitutes a vital and valuable organizational asset as they are the

source of creativity. Implicit knowledge assets of the employees in the organization

constitute one of the most crucial elements that affect the work performance of the

company. Companies compete for business through the people they employ. It is

therefore an aim of any organization to ensure that their greatest asset, albeit the

most elusive one, the human capital—the human resources, is utilized to its best and

highest use. Performance management is a critical aspect of organizational

effectiveness [1]. Because it is the key process through which work is accomplished,

it is considered the ‘‘Achilles Heel’’ of managing human capital [2] and should

therefore be a top priority of managers [3].

Evaluation of an employee’s performance against organizational goals is crucial

to understand/determine whether an organization meets its goal satisfactory. Formal

performance evaluation or appraisals are required to take human resource decisions

related to pay raises, promotions, demotions, terminations etc. It is also necessary to

assess an employee’s training needs. Manpower performance evaluation through

quantitative and qualitative methods is being done by many organizations across the

globe. Longenecker and Fink [4] stated the reasons for which performance

evaluation is important to organizations. Wu [5] describes performance evaluation

as a complex problem, and it involves various kind of judgments about which

performance measures to use. Identification of the relevant and important criteria is

the critical aspect of employee’s performance evaluation [6]. Suwignjo et al. [7]

have developed quantitative models for performance measurement systems, a model

measuring the performance with respect to a factor. Meyer [8] described the

employee evaluation procedure adopted by a nursing home. Chandra [9] cited

several problems in employee evaluation, which in his opinion can be easily

overcome by following his prescribed guidelines. Taylor III et al. [10] have

described a case study where AHP has been used to evaluate personnel for selection.

Chan and Lynn [11] have used AHP to propose a model for evaluation of several

branches of a firm. Islam and Rasad [12] have done a case study using AHP for

employee performance evaluation.

The decision to hire a manger who will be able to ‘‘translate business strategy

into action’’ requires clear identification of the criteria (attributes) that distinguish

successful from unsuccessful performance and use only predictive measures of

success, which are reliable and valid [13]. The choice of selection criteria

(performance attributes) should be consistent with the organization’s strategic

direction and culture. Performance attributes are defined as those qualities which all

seniors and program managers are expected to develop and demonstrate in the

performance of their responsibilities. Demonstration of these attributes will help to

promote a culture of continuous administrative improvement where all are working

toward bettering our services and environment. Some of the common performance

attributes include leadership skills, strategic thinking, outstanding team and

individual performance, responsible risk taking, innovation, learning from experi-

ence, identifying and correcting organizational limitations, ability to find root

causes, accountability, authority, etc.
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At a practical level, mathematical programming under multiple objectives has

emerged as a powerful tool to assist in the process of searching for decisions which

best satisfy a multitude of conflicting objectives, and there are a number of distinct

methodologies for multi-criteria decision-making problems that exist. These

methodologies can be categorized in a variety of ways, such as form of model

(e.g., linear, non-linear, and stochastic), characteristics of the decision space (e.g.,

finite or infinite), or solution process (e.g., prior specification of preferences or

interactive). Also for such studies, Saaty [14] suggested a technique called AHP.

This management technique has been developed to handle multiple criteria

decision-making (MCDM) problems using qualitative evaluation of the systems by

experts from relevant disciplines and profession. DEA is one of the most popular

non-parametric mathematical programming techniques for performance measure-

ment and benchmarking [15]. The goal of DEA is to determine the productive

efficiency of a system or decision-making unit (DMU) by comparing how well the

DMU converts inputs into outputs, while the goal of MCDM is to rank and select

from a set of alternatives that have conflicting criteria [16]. It has been recognized

for more than a decade that the MCDM and DEA formulations coincide if inputs

and outputs can be viewed as criteria for performance evaluation, with minimization

of inputs and/or maximization of outputs as associated objectives.

In this paper, attributes measuring the performance of employees at different

levels of managerial hierarchy have been quantified using AHP technique, and pair-

wise comparison judgment matrices are then checked for consistency. Thereafter,

DEA has been used to generate local weights of alternatives from these judgment

matrices. The underlying assumption behind the approach is explained, and some

salient features are explored. It is proved that DEA correctly estimates the true

weights when applied to a consistent matrix formed using a known set of weights.

DEA is further proposed to aggregate the local weights of alternatives in terms of

different criteria to compute final weights. Because of the synthesis, the proposed

approach is named ‘‘Data Envelopment Analytic Hierarchy Process (DEAHP).’’

Thus, DEAHP proposed by Ramanathan [16] has been used in this paper as an

alternative to the traditional methods of weight derivation in AHP.

This paper is organized as follows: Sect. 2 deals with the details of the techniques

used i.e., AHP, DEA, and DEAHP. Empirical illustration of the problem, selected to

justify the practicality of the approach, is presented in Sect. 3. In Sect. 4, we

perform the analysis and present the results using the proposed DEAHP approach.

Finally, in Sect. 5, we give the conclusions.

2 Details of the Techniques: AHP, DEA and DEAHP

Here, we briefly describe the basics of the techniques used in this paper namely

AHP, DEA, and DEAHP.

2.1 AHP

Formulation of a managerial problem through AHP requires the following steps.
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Step 1. Structuring of the decision problem into a hierarchical model

It includes decomposition of the decision problem into elements according to

their common characteristics and the formation of a hierarchical model having

different levels [14].

Step 2. Making pair-wise comparisons and obtaining the judgment matrix

The elements of a particular level are compared with respect to a specific element

in the immediate upper level.

Step 3. Local weights and consistency of comparisons

Local weights of the elements are calculated from the judgment matrices using the

eigenvector method (EVM). The normalized eigenvectors corresponding to the

principal Eigenvalue of the judgment matrix provide the weights of the corresponding

elements. Apart from EVM, other methods proposed in the literature like Logarithmic

Least-square technique [17], Goal programming [18], and other methods as in [19] can

also be used for calculating weights. When EVM is used, consistency ratio (CR) can be

computed. A value of CR less than 0.1 is considered acceptable because human

judgments need not be always consistent and there may be inconsistencies introduced

because of the nature of scale used. If CR for a matrix is more than 0.1, then judgments

should be elicited once again from the decision maker till he/she gives more consistent

judgments [20]. The consistency of judgments received from a number of experts has

to be verified for each judgment matrix. The synthesized matrix is generated by taking

geometric mean of respondents’ judgments for each pair-wise comparison. Therefore,

this synthesized matrix can be represented as

aij;k
� �1=p

; ð2:1Þ

where p denotes the number of judgments, and aij,k indicates the judgment aij given

by the kth respondent.

Step 4. Aggregation of weights across various levels to obtain the final weights of

alternatives

Once the local weights of elements of different levels are obtained, these are

aggregated to obtain final weights of the decision alternatives. For example, the final

weight of any alternative A1 is computed using the following hierarchical

(arithmetic) aggregation rule in traditional AHP:

Final Weight of A1 ¼
X

j

local weight of A1 with Criterion Cj

� local weight of Criterion Cj:

2.2 DEA

DEA is a widely applied non-parametric mathematical programming approach for

analyzing the productive efficiency and performance evaluation of decision-making

units (DMUs) or firms/alternatives with multiple incomparable inputs and outputs.

Based on Farrel’s [21] study, DEA was first introduced by Charnes et al. [22]. In

recent years, DEA has been applied to a wide spectrum of practical problems such

as in units operating production processes [23], supplier selection [24], bank failure

prediction [25], commercial and cross regions banks profitability [26–28], portfolio

320 S. Singh, R. Aggarwal

123



evaluation [29], and sports [30]. The objective of the output-oriented DEA model

pioneered by Charnes et al. [22] (also known as CCR models) is to maximize

outputs while satisfying at most the given input levels. These linear programming

models compare a test DMU to its peers. The model searches the data set to

determine if some linear combination of the peer DMUs produces higher levels of

outputs using at most the given level of inputs of the observing DMU.

For each alternative DMU, the efficiency is measured and an optimization will be

proposed according to the below indicated linear program. In DEA, the observed DMU

is assigned the most favorable weighting of the inputs/outputs given the constraints. The

DMUs are denoted by j ¼ 1; 2; � � � ;N. Each DMU employs m inputs to produce s

different outputs. Specifically, DMUj consumes amount xij of input i ði ¼ 1; 2; � � � ;mÞ
and produce amount yrj of output r (r ¼ 1; 2; � � � ; s). It is assumed that xij > 0 and

yrj > 0 and that each DMU has at least one positive input and one positive output

value. Let ui ði ¼ 1; 2; � � � ;mÞ and vr ðr ¼ 1; 2; � � � ; sÞ denote the input and output

weights, respectively. In DEA, observed input and output values for all DMUs are

given, and inputs and output weights are calculated for the observed DMU0 using the

following linear programming problem (see e.g., [15]):

ðP1Þ Maximize Z0 ¼
Ps

r¼1

vryr0

s.t.
Pm

i¼1

uixio ¼ 1;

Ps

r¼1

vryrj �
Pm

i¼1

uixij 6 0 for j ¼ 1; 2; � � � ;N;
ui > 0 for i ¼ 1; 2; � � � ;m;
vr > 0 for r ¼ 1; 2; � � � ; s:

This model can be used to calculate the DEA efficiency score of the observed

DMU. The optimal objective function value of problem (P1) represents the

efficiency score. This DMU is relatively efficient if and only if its optimal objective

function value equals unity. Efficiency scores for inefficient units are between zero

and one. For inefficient units, DEA also provides those efficient units (namely peers

or benchmarks), which the inefficient units can emulate to register performances

that could improve their efficiency scores. This model assumes constant returns to

scale (CRS) which is said to prevail when a proportionate increase (decrease) in all

inputs leads to same proportionate increase (decrease) in all outputs.

Remark 2.2 To use DEA, the following condition must be satisfied [13]:

n > maxfm� s,3ðmþ sÞg;

where n is the number of DMU’s. In addition, m and s are number of inputs and

outputs, respectively. It has been empirically shown that if this condition does not

hold, it causes more than one DMUs having efficiency score equal to one. Conse-

quently, it is not possible to discriminate among efficient DMU’s. In DEAHP, the

number of DMU’s is equal to the number of alternatives or criteria (n), and the

number of outputs is equal to n, and there is one dummy input with a value of one

for all DMU’s. Therefore, the previous condition will not be satisfied when the
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DEAHP is used to construct weights for inconsistent pair-wise comparison matrices

i.e., n\max n; 3 nþ 1ð Þf g. To overcome this problem, the super efficiency model of

Anderson and Peterson [31] for discriminating among efficient DMU’s is utilized.

2.3 Data Envelopment Analytic Hierarchy Process (Synthesis of DEA and AHP

in Deriving Weights)

Here, it is proposed that DEA concepts can be used in the last two steps of applying

AHP to a decision problem—namely, deriving local weights from a given judgment

matrix and aggregating local weights to get final weights. Efficiency calculations

using DEA require outputs and inputs. Each row of the judgment matrix is viewed

as a DMU, and each column of the judgment matrix is viewed as an output. Thus, a

judgment matrix of size N 9 J will have N DMUs and J outputs [32]. Note that the

entries of the matrix are viewed as outputs as they have the characteristics of

outputs. Since DEA models cannot be used entirely with outputs and require at least

one input, a dummy input column has been added having input value as one for all

DMUs. Figure 1 gives an overview of the traditional AHP and proposed DEA.

It is proposed that the efficiency scores calculated using DEA models could be

interpreted as the local weights of the DMUs. When applied to a consistent matrix,

for which weights are known, DEA correctly estimates the true weights. While

computing the final weights of the main factors as well as the performance rating of

employees, following theorem has been used [16]:

Theorem 2.3 Let the local weights of alternatives with respect to different criteria

are given by the matrix below:

w11 w12 � � � w1J

w21 w22 � � � w2J

� � � � � � � � � � � �
wN1 wN2 � � � wNJ

2

664

3

775;

where wij is the local weight of alternative i with respect to criterion j. There are N

alternatives and J criteria. If the importance of criteria is incorporated in the form

of multipliers wi1 = d1wij (for all j = 1, 2,���, J and d1 = 1), then final weights

aggregated using DEA are proportional to the weighted sum
PJ

j¼1 djwij for the ith

alternative.

2.4 Why DEAHP is Used in this Paper?

Data envelopment analytic hierarchy process (DEAHP) has been used in this paper

because of its advantages over AHP approach. Both the approaches have been

presented to make the comparison. Some of the advantages DEAHP has over AHP

are as follows:

• DEAHP satisfies the rule of independence of irrelevant attributes i.e., if an

alternative is eliminated from consideration, then the new ordering for the

remaining alternatives should be equivalent to the original ordering for the same
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alternatives [32, 33]. This is because in DEAHP, the weights of alternatives (i.e.,

the efficiency scores) are calculated separately for each alternative using a

separate linear programming model.

• While traditional AHP uses arithmetic normalization, no such normalization is

done in the DEAHP. The DEAHP weights are calculated relative to the weight

of the best-rated alternative.

• DEAHP does not suffer the rank reversal phenomenon when additional

alternatives are added to the model.

• DEAHP calculates true weights for consistent judgment matrices. Whereas for

inconsistent matrices, it tries to remove inconsistency.

3 Empirical Illustration

An organization wants to recruit and assess its employees based on certain set of

attributes. Three main attributes viz. Talent and aptitude (TA), Personal qualities

and strengths (PQ), and Management skills (MS) have been identified. These

attributes constitute 15 subattributes (refer Fig. 2). Recruitment of managerial

personnel are made generally at the entry level whereas they can be assessed for

higher levels based on their performance and justification to the below-mentioned

attributes. The hierarchical structure for performance rating is shown in Fig. 2. The

first two levels of the hierarchical structure contain the factors and subfactors

affecting employee’s performance. In the last level, one indicates the alternatives to

be compared which include the employee (E) whose performance has to be

evaluated (say E-5, i.e., 5th employee) and some other well-known employees

whose performance can be treated as a standard for the comparative rating of E-5

(say E-1, E-2, etc.). Further the hierarchical structure in the above figure gives only

few representative subfactors. An exhaustive list of subfactors can be obtained from

refs. [34–37].

After structuring the hierarchy of factors affecting the employee performance,

opinion of the experts has been obtained on the following issues:

Traditional AHP View Proposed DEA View

O1 O2 … O n Dummy 

input 

DMU1 1 a12 a1n 1

DMU2 1/a12 1 a2n 1

…… … … … … …

DMUn 1/a1n 1/a2n 1 1

Cr  1 Cr 2 … Cr n

ALT1 1 a12 a1n

ALT2 1/a12 1 a2n

…… … … ……

ALTn 1/a1n 1/a2n 1

Fig. 1 A comparison of the traditional AHP view and the proposed DEA view of a judgment matrix
(here, ALT denotes the alternative, Cr denotes criteria, and O denotes output)
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(a) Comparative effects of various factors on the employee performance i.e.,

talent and aptitude, personal qualities and strengths, and management skills

(b) Comparative contribution of various subfactors on the factors mentioned

above

(c) Relative ranking of each employee with respect to each subfactor

The qualitative information is obtained in a suitably designed format enabling

pair-wise comparison of factors, subfactors, and employees (refer Table 1). This is

communicated in the format by marking ‘X’ appropriately in one of the columns

depending on intensity of comparisons i.e., Equal (EQ), Moderate (M), Strong (S),

Very Strong (VS), and Extremely Strong (ES). The data obtained in this process are

organized into a square matrix whose order is equal to the number of factors being

compared at that stage.

Remark 3.3 It has been observed that the variation in expert judgment on the

attributes is somewhat large. The respective mean (l) and standard deviation (r)

have been evaluated, and those judgments which are within l ± r interval are

finally considered and their geometric mean has been evaluated employing

Eq. (2.1). The judgment matrices (corresponding to the geometric mean values)

for various levels of recruitment are given in Table 1 for level 1 of performance

hierarchy. By definition, the weights of alternatives and the importance of criteria

are normalized so that they sum to unity.

Employee   performance 

Subject knowledge (SK)
Professional knowledge (PK)
Development skills (DS)
Imagination & creativity (IC)
Logical reasoning (LR)
Problem solving skills (PS)
Quality of work (QW)
Targets achieved (TD)

Motivation (MO)
Communication 
skills (CS)
Decisiveness (DE)
Team work (TW)

Time management 
(TM)
Leadership (LE)
Planning (PL)

E-1 E-2 E-3 E-4 E-5

Talent & aptitude (TA) Management skills (MS)Personal qualities & strength (PQ)

LEVEL-1

LEVEL-2

LEVEL-3

Fig. 2 The hierarchical structure for performance rating
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Local weights computed for the illustrative judgment matrices using EVM and

the corresponding Eigenvalues are shown in Table 2.

4 Analysis and Results Using DEAHP Approach

It is proposed that DEA concepts can be used in the last two steps of applying AHP to a

decision problem—namely, deriving local weights from a given judgment matrix

(Step 3) and aggregating local weights to get final weights. Local weights for the

alternatives, i.e., employees (E-1, E-2, E-3, E-4, E-5), have been calculated at Level 3.

Level 2 gives the local weights of the subattributes corresponding to the main attribute

(Talent and aptitude). Local weights of other two factors (attributes) can be generated

in the similar manner. Level 1 provides the local weights of the three main attributes.

Final weights can be generated by aggregating the local weights obtained from the

previous data for each of the main attribute using DEA approach.

4.1 Weightages for Alternatives (Level 3 Analysis)

In the proposed approach, the entries of Table 3 are viewed as the performance

(row-wise) of DMUs E-1, E-2, E-3, E-4 and E-5 in terms of five outputs. The

output–input structure of DEA is shown in Fig. 1.

Table 1 Attributes vis-a-vis employees

Employees ES VS S M EQ M S VS ES Employees

E-1 E-2

E-1 X E-3

E-1 E-4

E-1 X E-5

E-2 E-3

E-2 X E-4

E-2 X E-5

E-3 E-4

E-3 X E-5

E-4 X E-5

Table 2 Evaluation of the relative comparison of employees with respect to subject knowledge (SK)

E-1 E-2 E-3 E-4 E-5 Eigenvalue

E-1 1 1/6 1 4 1/7 0.08

E-2 6 1 6 7 1 0.41

E-3 1 1/6 1 4 1/7 0.08

E-4 1/4 1/7 1/4 1 1/9 0.03

E-5 7 1 7 9 1 0.40
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In this case, to get the local weights (i.e., efficiency score in DEA) of the

alternative E-1, the following DEA linear programming model (on the lines of

problem (P1)) can be formulated:

ðP2Þ Maximize Z0 ¼ v1 þ
1

6
v2 þ v3 þ 4v4 þ

1

7
v5

s.t.

u1 ¼ 1;

v1 þ
1

6
v2 þ v3 þ 4v4 þ

1

7
v5 � u1 6 0;

6v1 þ v2 þ 6v3 þ 7v4 þ v5 � u1 6 0;

v1 þ
1

6
v2 þ v3 þ 4v4 þ

1

7
v5 � u1 6 0;

1

4
v1 þ

1

7
v2 þ

1

4
v3 þ v4 þ

1

9
v5 � u1 6 0;

7v1 þ v2 þ 7v3 þ 9v4 þ v5 � u1 6 0;
v1; v2; v3; v4; v5; u1 > 0:

The above model (P2) can be easily solved using Excel-Solver or using simplex

method. The optimal objective function value of this model will give the local

weight of alternative E-1. To get the local weights of other alternatives, problems

similar to the above problem (P2) can be formulated and solved. The DEA

efficiency scores (i.e., optimal values of the objective function in these problems)

representing the local weights of DMUs (i.e., the alternatives here) are presented in

the second last column of Table 3. Weights computed using the DEA approach

differ from those obtained using EVM. Note that, for comparing with the weights

computed by DEA, the local weights obtained using EVM have been be adjusted by

dividing all the weights by the largest one, and resulting weights are given in the last

column of Table 3.

Table 3 shows the local weights of employees when compared with respect to

subject knowledge criteria. In the similar manner, pair-wise comparisons of the

employees with respect to other subcriteria of Talent and Aptitude can be made. In

Table 4, an inter comparison of the subfactors displaying Talent and aptitude has

been made. These subfactors have been identified using an opinion survey and then

again DEAHP approach has been used as in the above manner to compute the local

weights of the subfactors also.

Table 3 Alternatives (employees at level 3) from DEA perspective, subcriteria: subject knowledge

E-1 E-2 E-3 E-4 E-5 Input

(dummy)

DEA efficiency(i.e.,

weights computed

using DEA approach)

Normalized weight

(through AHP)

E-1 1 1/6 1 4 1/7 1 0.444 5 0.195 1

E-2 6 1 6 7 1 1 0.999 99 1

E-3 1 1/6 1 4 1/7 1 0.444 5 0.195 1

E-4 1/4 1/7 1/4 1 1/9 1 0.143 0.073 1

E-5 7 1 7 9 1 1 1 0.975 6
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Similarly, comparison of factors affecting personal qualities and strength (PQ)

and management skills (MS) can be made.

4.2 Local Weights of Employees with Respect to Main Criteria (Level 2

Analysis)

At level 2, three main factors (attributes), namely Talent and Aptitude (TA),

Personal qualities and strength (PQ), and Management skills (MS), have been

identified and then again the DEAHP approach has been used as in the above

manner to compute the local weights of the main factors as shown below in Table 5.

Level 2 local weights for the employees (E1–E5) can be generated by

aggregating the local weights obtained from level 3 for each of the main attribute

using DEA approach. For example, for the attribute Talent and Aptitude (TA), level

2 local weights are given in Table 6.

In this case, again the DEA model has been applied. The local weights are

considered as outputs of alternatives, and a dummy input is introduced. For

example, to get the final weight of alternative E-1, the following DEA linear

programming model can be formulated and solved:

ðP3Þ Maximize Z0 ¼ 0:4445v1þ v2þ v3þ v4þ 0:45v5þ 0:222v6þ 0:5v7þ 0:2v8

s.t.

u1 ¼ 1;
0:4445v1þ v2þ v3þ v4þ 0:45v5þ 0:222v6þ 0:5v7þ 0:2v8� u1 6 0;
v1þ 0:35294v2þ v3þ v4þ v5þ 0:111v6þ v7þ v8� u1 6 0;
0:4445v1þ 0:1667v2þ v3þ 0:6v4þ 0:2v5þ v6þ 0:45v7þ 0:45v8� u1 6 0;
0:143v1þ v2þ v3þ 0:34v4þ 0:14v5þ 0:556v6þ 0:147þ 0:145v8� u1 6 0;
v1þ v2þ 0:1428v3þ 0:5312v4þ v5þ 0:889v6þ v7þ v8� u1 6 0;
v1 ¼ v2;
v1 ¼ 1:084v3;
v1 ¼ 5v4;
v1 ¼ v5;
v1 ¼ v6;
v1 ¼ 2:5v7;
v1 ¼ 2:5v8;
u1;v1;v2;v3;v4;v5;v6;v7;v8 > 0:

The optimal objective function value of the model (P3) will give the final weight

of alternative for the employee E-1. To get the final weight of other alternatives,

models similar to the above model should be solved by changing the objective

function. Using the values of local weights of subfactors, the additional constraints

are introduced in the DEA model (P3) that calculates the final weight (for TA) of

DMU (E-1). The resulting final weights of alternatives, which give the talent and

aptitude aspect of employees, are given in the last column of Table 6.

The level 2 local weights are proportional to the weighted sum of level 3 local

weights. For example, in case of alternative E-1, the weighted sum can be calculated

as follows:
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Weighted Sum ¼ 0:4445þ 1þ 0:9231þ 0:2þ 0:45þ 0:222þ 0:5� 0:4þ 0:2
� 0:4

¼ 3:5196

Therefore, proceeding on the similar lines, weighted sums for the five employees

are 3.5196, 4.38704, 3.2143, 2.9441 and 4.9271 which are proportional to 0.7143,

0.8904, 0.6524, 0.5975 and 1.00. Similarly, final weights for the other two attributes

PQ and MS can also be obtained in the same way.

4.3 Computation of Final Weights of Employees with Respect to Goal

Objective (Level 1 Analysis) and Performance Rating of Employees

Finally, the performance rating of employees can be computed by again using the

same DEAHP approach as discussed in previous sections. In this case, local

priorities or the relative weightage of three main factors TA, PQ, and MS are taken

into consideration. Performance index of various employees comes out as the final

weights of different alternatives (employees E-1, E-2, E-3, E-4 and E-5).

Performance rating column in Table 7 compares the performance of an employee

(E1) with other employees. This is formed by taking performance index of

employee E-1 as 1 (i.e., normalizing employee performance index column with

respect to performance index of employee E-1). Similarly, corresponding to other

employees (E-2, E-3, E-4 and E-5), performance rating column can be generated.

For example, to get the final weight of employee E-1, the following DEA model

has been used:

Table 5 Level 2 analysis

TA PQ MS Input

(dummy)

DEA efficiency

(weights computed

using DEA approach)

Normalized weight

(obtained from AHP)

TA 1 1/3 1/2 1 0.334 0.296 3

PQ 3 1 2 1 1 1

MS 2 1/2 1 1 0.67 0.56

Table 6 Computation of local weights for talent and aptitude (TA)

Subfactors SK PK DS IC LR PS QW TD TA (using

DEAHP)

Relative weightage 1 1 0.9231 0.2 1 1 0.4 0.4 0.334

E-1 0.4445 1 1 1 0.45 0.222 0.5 0.2 0.7143

E-2 1 0.35294 1 1 1 0.111 1 1 0.8904

E-3 0.4445 0.1667 1 0.6 0.2 1 0.45 0.45 0.6524

E-4 0.143 1 1 0.34 0.14 0.556 0.14 0.145 0.5975

E-5 1 1 0.1428 0.5312 1 0.889 1 1 1.00
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ðP4Þ Maximize Z0 ¼ 0:714 3v1 þ 0:5v2 þ 0:578 v3

s. t.

u1 ¼ 1;
0:714 3v1 þ 0:5v2 þ 0:578 v3 � u1 6 0;
0:890 2v1 þ v2 þ v3 � u1 6 0;
0:652 3v1 þ 0:42v2 þ 0:367 v3 � u1 6 0;
0:597 4v1 þ 0:212 v2 þ 0:182 v3 � u1 6 0;
v1 þ 0:94v2 þ 0:94v3 � u1 6 0;
v1 ¼ 3v2

v1 ¼ 2v3

u1; v1; v2; v3 > 0:

It can be easily observed from the results of the above analysis that the

performance rating of employee E-5 is 1.53 times the performance rating of

Employee E-1. For a comparison of cost-effectiveness of two employees, their

relative ratings can be used as effectiveness index.

5 Conclusion

In this paper, we have used an alternative approach DEAHP to the traditional AHP

method for the computation of local weights or priorities and the final weights. For

perfectly consistent judgment matrices, this approach gives the similar weights as

given by AHP approach where as for inconsistent matrices it tries to remove

inconsistency. Further when we compute the final weights, we find that the final

weights are weighted sum of local weights. The relative weightage of each factor,

viz, talent and aptitude, personal qualities and strengths, and management skills, is

suitably aggregated along with the relative weightage of each subfactor and the

ratings of each subfactor and the ratings of each alternative (employees) with

respect to each subfactor, to give an overall performance index of each employee.

Acknowledgments The authors would like to thank the anonymous reviewers for their critical and
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Table 7 Performance rating of employees w.r.t. employee E-1 or comparative performance rating

Attributes TA PQ MS Employee

performance index

Performance

rating

Relative weightage 0.334 1 0.67

E-1 0.714 3 0.5 0.578 0.653 8 1.0

E-2 0.890 2 1 1 0.966 46 1.48

E-3 0.652 3 0.42 0.367 0.547 176 0.837

E-4 0.597 4 0.212 0.182 0.425 6 0.650 9

E-5 1.00 0.94 0.94 1.00 1.529
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