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Undesirable factors in integer-valued DEA: Evaluating the operational efficiencies of
city bus systems considering safety records
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In conventional data envelopment analysis (DEA)methods, all inputs and outputs are assumed to be continuous.
However, in many practical situations, firms may generate both desirable and undesirable outputs, and some of
which may only take integer values (e.g., the number of traffic accidents and deaths in a transportation system).
The efficiency evaluation results can be inaccurate if these conditions are not incorporated in the model. In this
paper we propose an integer DEAmodel with undesirable inputs and outputs. The proposedmodel is developed
based on the additive DEA model, in which input and output slacks are used to compute efficiency scores. We
also develop an integer super-efficiency model to discriminate the performance of efficient firms. As an illustra-
tion, we apply the proposed models to the longitudinal data from a city bus company in Taiwan.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

First introduced by Charnes et al. [5], data envelopment analysis
(DEA) is an effective approach to measuring the relative efficiency
of peer decision‐making units (DMUs) with multiple inputs and out-
puts. In recent years, DEA has been applied to DMUs in various set-
tings, such as efficiency measurement for network systems [17], and
failure mode and effects analysis [10]. Standard DEA models assume
that real values for all inputs and outputs, and that all outputs are
desirable (i.e., more is always preferred to less). Once the efficient
frontier is identified, DEA improves the performance of inefficient
DMUs to reach the frontier either by increasing the current output
levels or by decreasing the current input levels. However, we can
see in many real-world cases where these assumptions are violated.
For example, outputs from a health-care service may involve the
numbers of post-surgery deaths and medical malpractices, which
are undesirable and only take non-negative integer values. In this
paper, we develop integer DEA models to handle situations where
some of the inputs or outputs are undesirable and integer-valued. We
provide an application of the models in evaluating a bus company's
efficiency, where the number of accidents is considered an undesirable
integer-valued output. Our models can also be used to deal with prob-
lems where some inputs are expected to be maximized. For example,

Seiford and Zhu [24] study the efficiency of a waste treatment process,
in which the amount of waste to be treated (an undesirable/irregular
input), is expected to be increased rather than to be decreased.

The integer restriction in DEA has received some but limited at-
tention in literature. Lozano and Villa [21] propose the mixed integer
linear programming (MILP) model to restrict the computed targets to
integers. Kuosmanen and Kazemi Matin [18] later improve Lozano
and Villa's [21] model based upon a new axiomatic foundation for
productionmodels involving integers. On the other hand, there are sev-
eral studies dealing with undesirable inputs/outputs in DEA methods.
Färe et al. [16] develop a non-linear DEA program that utilizes Farrell-
type of efficiencymeasure to simultaneously increase desirable outputs
and decrease the undesirable outputs by the same scaling factor. Some
other researchers such as Scheel [22] and Seiford and Zhu [24], propose
different data transformation approaches to transform undesirable out-
puts/inputs into desirable ones, so that the standard DEAmodels can be
used. However, as discussed in [19], the approaches based upon data
transformation may unexpectedly lead to distorted results, in that
the ranking and the reference target for a DMU may depend on the
transformation method used. As an alternative to the data transforma-
tion approach, one may treat the undesirable outputs as inputs [4],
or utilize input and output slacks directly in producing an efficiency
measure through a slacks-based measure (SBM) approach [27,29].
Chung et al. [11], and Färe and Grosskopf [15] use directional distance
functions (DDF) to handle undesirable cases. As indicated in [25], the
DDF approach is a special case of the weighted additive models. Liu et
al. [20] present a systematic classification of DEA models that consider
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undesirable factors, including slacks-based models, radial models, and
models with Russell measurement.

In this paper, we use the slacks-based measure (SBM) proposed in
[20,27], and formulate additive efficiency and super-efficiency DEA
models to deal with integer-valued undesirable data. Our slacks-based
measure of super-efficiency analysis is capable of deriving a full ranking
of efficient DMUs. Being able to distinguish the performance of efficient
DMUs can not only provide decision makers with better insights into
the performance of peer DMUs, but also help carry out further analysis
for managerial decisions, such as resource-allocation decision (see, e.g.,
[9]).We illustrate our approach andmodels through an empirical study
of Kaohsiung city bus transit from 1994 to 2009, in which the number
of bus accidents represents an integer-valued undesirable output.

The rest of this paper is organized as follows. Section 2 proposes
an additive DEA model subject to integer restriction and undesirable
factors. Section 3 presents an additive super-efficiency model to fur-
ther distinguish efficient DMUs. We present an empirical application
to Kaohsiung Municipal Bus in Section 4. Section 5 concludes with a
summary of our contributions.

2. Additive DEA model

We should begin by noting that one may deal with integer-valued
variables by rounding the referent targets obtained from the standard
DEA model to the nearest integers. However, it has been proven that
this simple rounding approach may result in misleading efficiency
evaluations and reference targets, especially for those DMUs with
relatively small input and output scales [18].

Next we introduce the notations used in this paper. Suppose that
there are n DMUs producing the same set of outputs by consuming
the same set of inputs. Unit j is denoted by DMUj(j=1, …, n). We
use Xj and Yj to denote the input and output vectors of DMUj. We
can categorize input and output variables according to whether a
variable is continuous or integer-valued, and whether a variable is a
regular (desirable) one or undesirable one. Hence in total we have
eight variable sets (i.e., inputs or outputs, continuous or integer-valued,
desirable or undesirable). The eight variable sets include desirable real-
valued inputs and outputs, desirable integer-valued inputs and outputs,
undesirable real-valued inputs and outputs, and undesirable integer-
valued inputs and outputs. As now inputs and outputs are categorized
into eight different groups according to their attributes, we use mGR,
sGR, mBR, sBR, mGI, sGI, mBI, sBI to respectively represent the number of
variables in these eight variable sets. Specifically, the subscripts “G”
and “B” stand for “good” and “bad” inputs/outputs, respectively; the sub-
scripts “R” and “I” stand for “real-valued” and “integer-valued” variables,
respectively. Finally, we use “m” as the index set for input variables, and
“s” for output variables.

We assume that all inputs and outputs are non-negative; i.e.,
for j=1, …, n, it holds that Xj

GR=(xijGR)mGR×1≥0, Xj
GI=(xijGI)mGI×1≥0,

Xj
BR=(xijBR)mBR×1≥0, Xj

BI=(xijBI)mBI×1≥0, Yj
GR=(yrjGR)sGR×1≥0, Yj

GI=
(yrjGI)sGI×1≥0, Yj

BR=(yrjBR)sBR×1≥0, and Yj
BI=(yrjBI)sBI×1≥0. The cor-

responding production possibility set (PPS) with variable returns to
scale (VRS) is defined as [20]:
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Note that if we drop the constraint
Pn
j¼1

λj ¼ 1 in our models, we

have models with constant returns to scale (CRS). Therefore, all sub-
sequent discussions are similarly applicable to the CRS situation.
Based upon the above PPS (1), we propose the following definition
of an efficient DMU.

Definition 1. Efficient DMU

In the presence of integer and undesirable inputs and/or outputs,
a DMUo(Xo

GR, Xo
GI, Xo

BR, Xo
BI, YoGR, YoGI, YoBR, YoBI) is efficient if there does

not exist a vector (XGR, XGI, XBR, XBI, YGR, YGI, YBR, YBI)∈P, such that
Xo
GR≥XGR, Xo

GI≥XGI, Xo
BR≤XBR, Xo

BI≤XBI,YoGR≤YGR, YoGI≤YGI,YoBR≥YBR,
Yo
BI≥YBIwith at least one strict inequality.
In order to simultaneously handle the integrality and undesirable

variables in one model, we modify the standard additive DEA model
[6] based on PPS (1) as follows:

Max
1
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ð2Þ

where variable vectors SoGR−=(sioGR−)mGR×1, SoBR−=(sioBR−)mBR×1, SoGI−=
(sioGI−)mGI×1, SoBI−=(sioBI−)mBI×1 and So

GR+=(sroGR+)sGR×1, SoBR+=(sroBR+)sBR×1,
So
GI+=(sroGI+)sGI×1, SoBI+=(sroBI+)sBI×1 represent the non-radial slack vec-

tors of inputs and outputs for DMUo. According to Definition 1, DMUo is
efficient if and only if the optimal objective for model (2) is zero. Note
that model (2) is unit-invariant, which means that its optimal value
does not depend on the units of measurement in input and output vari-
ables. Compared with classical radial DEA models such as CCR model [5]
and BCC model [3], additive models compute efficiency scores based on
input and output slacks, which provide a clearer view onwhich variables
cause a specific DMU to be inefficient by a certain amount. With these
slack results, directions for improvement are easily obtained for each
input and output measure.

In model (2), slack variables So
GR−, SoBR−, SoGR+, SoBR+, SoGI−, SoBI−,

So
GI+, SoBI+ represent the absolute differences between the original

input/output values and their respective reference points. It is worth
noting that we use inequality in model (2) for integer-restricted in-
puts and outputs because the convex combinations of frontier DMUs
are not necessarily integer-valued. Therefore, Xo

GI−So
GI−, Xo

BI+So
BI−,
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Yo
GI+So

GI+, and Yo
BI−So

BI+, the reference targets for integer factors,
may or may not be equal to their projections on the efficient frontier,
but must be dominated by their convex combinations of frontier
DMUs.

As in the standard additive DEA model, however, efficiency scores
obtained frommodel (2) can take values larger than one. To obtain an
efficiency score between zero and one, we use a posteriori efficiency
measure based upon the optimal solution to the additive model (2).
Specifically, let (λj*; SoGR− *, SoBR− *, SoGR+*, SoBR+*, SoGI− *, SoBI− *, SoGI+*,
So
BI+*) be an optimal solution to model (2). We use the slacks-based

measure (SBM) as the additive efficiency for DMUo, which can then
be computed through formula (3) [20,27]:

ρ�
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1− 1
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� �
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In DEA literature, similar posterior efficiency indices have been de-
veloped in an attempt to incorporate slacks after a radial DEA score is
obtained. Refer to [8,28] for examples.

Since we get Xo
GR≥So

GR− *, Yo
BR≥So

BR+*, Xo
GI≥So

GI− *, Yo
BI≥So

BI+*

according to the constraints from model (2), it is easily proved that
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xGRio

þ∑ sBRþ�
ro
yBRro
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xGIio

þ∑ sBIþ�
ro
yBIro

� �
is non-negative but no greater

than (mGR+mGI+sBR+sBI). Thus the numerator of ρo* in Eq. (3)
ranges between zero and one, while its denominator is no less than
one. Therefore, it is true that the value of ρo* falls between zero and
one (0≤ρo*≤1), and it is strictly decreasing with respect to input
and output slacks. A larger efficiency value indicates that the DMU
is closer to the efficient frontier and therefore has a better perfor-
mance. Following Definition 1, DMUo is efficient if and only if ρo*=1,
i.e., all the optimal slacks in model (2) are zero.

For an inefficient DMUo with ρo*b1, its performance can be im-
proved to reach, or get as close as possible to, the efficient frontier
by removing the excesses in desirable inputs and undesirable out-
puts, and by augmenting the shortfalls in desirable outputs and unde-
sirable inputs through the following projections: Xo

GR *=Xo
GR−So

GR− *,
Xo
BR *=Xo

BR+So
BR− *, Xo

GI *=Xo
GI−So

GI− *, Xo
BI *=Xo

BI+So
BI− *, Yo

GR *=Yo
GR+

So
GR+*, YoBR *=Yo

BR−So
BR+*, YoGI *=Yo

GI+So
GI+*, YoBI *=Yo

BI−So
BI+*.

Note that in formulas (3) and (4), RGR−
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and RBIþ
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j
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n o

, can be used instead of xioGR, xioGI, xioBR, xioBI, yroGR, yroGI, yroBR and yro
BI, respec-

tively. In that way, the positivity (non-zero) requirement on the con-
cerning inputs and outputs can be dropped.

3. Additive super-efficiency model

In empirical applications of DEA, one may face the problem of
having a high proportion of efficient DMUs in the results (see [1] for a
related discussion). This can be fairly problematic as many decision-
makings rely on a complete ranking of all DMUs. In this section we
develop a super-efficiency model to discriminate DMUs that are effi-
cient in model (2). The idea of super-efficiency was first introduced
by Andersen and Petersen [2], which was further extended into the
slacks-based measure by Tone [26].

Our super-efficiency measure is developed based upon the slacks-
based measure, which considers input/output slacks. Suppose DMUo

is additively efficient. To obtain its super-efficiency score, we cannot
simply modify additive model (2) by removing DMUo from the refer-
ence set, as was done in the conventional super-efficiency model in
[2]. If we do that, the resulting model may not have a feasible solution

[12]. Therefore, for an additively efficient DMUo, we propose the fol-
lowing unit-invariant super-efficiency model:

Min
1

mGR þmBR þmGI þmBI þ sGR þ sBR þ sGI þ sBI

×
∑ tGR−io

xGRio
þ∑ tBR−io

xBRio
þ∑ tGRþro

yGRro
þ∑ tBRþro

yBRro

þ∑ tGI−io

xGIio
þ∑ tBI−io

xBIio
þ∑ tGIþro

yGIro
þ∑ tBIþro

yBIro

0
BBB@

1
CCCA

s:t: XGR
o þ TGR−

o ≥
Xn

j¼1; j≠o

λjX
GR
j ; XBR

o −TBR−
o ≤

Xn
j¼1; j≠o

λjX
BR
j

YGR
o −TGRþ

o ≤
Xn

j¼1; j≠o

λjY
GR
j ; YBR

o þ TBRþ
o ≥

Xn
j¼1; j≠o

λjY
BR
j

XGI
o þ TGI−

o ≥
Xn

j¼1; j≠o

λjX
GI
j ; XBI

o −TBI−
o ≤

Xn
j¼1; j≠o

λjX
BI
j

YGI
o −TGIþ

o ≤
Xn

j¼1; j≠o

λjY
GI
j ; YBI

o þ TBIþ
o ≥

Xn
j¼1; j≠o

λjY
BI
j

Xn
j¼1; j≠o

λj ¼ 1; λj ≥ 0; j ¼ 1;…; n; j≠ o

TBR−
o ≤ XBR

o ; TGRþ
o ≤ YGR

o ; TBI−
o ≤ XBI

o ; T
GIþ
o ≤ YGI

o

TGI−
o ∈ ZmGIþ ; TBI−

o ∈ ZmBIþ ; TGIþ
o ∈ ZsGIþ ; TBIþ

o ∈ ZsBIþ
TGR−
o ; TBR−

o ; TGRþ
o ; TBRþ

o ≥0

ð4Þ

Here the variable vectors ToGR−=(tioGR−)mGR×1, ToBR−=(tioBR−)mBR×1,
To
GI−=(tioGI−)mGI×1, ToBI−=(tioBI−)mBI×1 and To

GR+=(troGR+)sGR×1, ToBR+=
(troBR+)sBR×1, ToGI+=(troGI+)sGI×1, ToBI+=(troBI+)sBI×1 represent the non-
radial slack vectors of inputs and outputs with respect to DMUo's
super-efficiency.

Inmodel (4), we removeDMUo from the reference set ofmodel (2).
In addition, we modify the constraints and objective of model (2).
In super-efficiency model (4), the reference set for the DMU under
evaluation is constructed by all DMUs other than the evaluated DMU
itself. The mathematical reason for choosing to solve a minimization
problem instead of a maximization one is that the optimal value to
the maximization problem is unbounded. In terms of efficiency mea-
surement, we are trying to determine the minimal absolute changes
in inputs and outputs that could render the super-efficient DMU on
par with other DMUs on the efficient frontier. Solving a maximization

Table 1
Kaohsiung City Bus data from 1994 to 2009.

Year Inputs Outputs

Vehicles Employees Fuel
consumption
(liters)

Mileage
(kilometers)

Passengers Accidents
(undesirable)

Integer Integer Continuous Continuous Integer Integer
1994 403 1120 5,331,608 18,363,085 31,277,605 154
1995 411 1125 5,883,209 19,695,025 30,840,680 127
1996 420 1112 5,940,485 19,028,804 30,586,165 152
1997 452 1121 6,626,290 20,103,803 33,175,128 140
1998 495 1126 8,154,603 21,189,140 36,092,750 194
1999 473 1146 8,502,509 21,136,856 37,271,623 175
2000 472 1087 9,031,125 21,770,235 38,828,087 161
2001 454 1132 8,788,094 20,801,147 39,107,870 142
2002 432 1108 9,157,097 21,698,043 38,143,325 180
2003 427 1045 8,868,206 21,051,481 33,723,130 171
2004 438 979 8,398,829 20,114,530 32,698,925 159
2005 450 923 9,083,108 22,023,502 32,641,359 232
2006 435 851 7,470,562 17,400,575 29,972,388 150
2007 424 869 7,188,360 17,101,044 28,763,740 147
2008 420 829 6,665,653 16,937,531 25,005,947 118
2009 474 879 6,489,033 17,681,062 22,596,922 123
Avg. 442.5 1028.25 7,598,673 19,755,992 32,545,353 157.81
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problem in this case obviously makes no sense, as we would project
the super-efficient DMU to an infinitely inefficient point, which corre-
sponds to an unbounded optimal value to the optimization problem.
Different frommodel (2), in model (4) the desirable inputs and unde-
sirable outputs are increased, while the desirable outputs and undesir-
able inputs are reduced, so that the evaluated DMU can be projected
optimally close to the frontier constructed by the remaining DMUs.
A set of constraints are imposed on slack vectors to ensure that they
are not only non-negative themselves, but also make the reference
targets after projection non-negative values.

Several studies [7,23] have pointed out that, standard radial super-
efficiency models with VRS will become infeasible, if all possible
convex combinations of any output r (r=1, …, s) of the remaining
DMUs are strictly smaller than the rth output of the evaluated DMU.
However, our newly-developed additive super-efficiency model (4)
overcomes this infeasibility issue, by using slacks to scale up the inputs
(or undesirable outputs) and scale down the outputs (or undesirable
inputs) of the DMU under evaluation. See also [13] for a relevant dis-
cussion on the feasibility issue.

Besides further differentiating efficient DMUs, additive super-
efficiency models help in determining the maximum allowable in-
crease in each desirable input or undesirable output, as well as the
maximum allowable decrease in each desirable output or undesirable
input, given that the efficient status of an efficient DMU remains
unchanged. Specifically, denote (λj* , j≠o; TioGI− *, TioBI− *, TroGI+*, TroBI+*,
Tio
GR− *, TioBR− *, TroGR+*, TroBR+*) as an optimal solution to model (4).
Following the definition proposed in [12], we define

δ�o ¼
1

mGRþmGIþsBRþsBI
∑ xGRio þtGR−�

io

xGRio
þ∑ xGIioþtGI−�

io
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þ∑ yBRro þtBRþ�

ro
yBRro

þ∑ yBIroþtBIþ�
ro

yBIro

� �
1

sGRþsGIþmBRþmBI
∑ yGRro −tGRþ�

ro

yGRro
þ∑ yGIro−tGIþ�

ro

yGIro
þ∑ xBRio −tBR−�

io

xBRio
þ∑ xBIio−tBI−�

io

xBIio

� �
ð5Þ

as the additive super-efficiency for DMUo. It is obvious that δo* values no
less than one (δo*≥1), and increases monotonically in both input and
output slacks, thus a greater score represents a superior performance
compared with other efficient DMUs.

4. Application to Kaohsiung Municipal Bus Company

In this section we apply the proposed additive integer DEAmodels
to evaluate efficiency for the city bus company of Kaohsiung city in
Taiwan from 1994 to 2009. Our data is compiled from the on-line

version of Kaohsiung City Transportation Annual Report.1 In this ap-
plication we consider three input measures: the number of vehicles
in operation, staff members, and the fuel consumption in liters.
Among them, the number of operating vehicles and staff members
are both restricted to non-negative integers. For outputs, we consider
the mileage in kilometers, the number of passengers (integer), and
finally the number of accidents, which we treat as an undesirable
integer output. The data are tabulated in Table 1.

We should note that operating costs are an important input factor
to consider, but we did not include the cost variable in our application
for the following reasons. The operating costs for a bus company
mainly consist of costs of labor, vehicle maintenance, fuel consump-
tion, which have been captured by our current input variables. Other
expenses, such as office rental costs and general overhead, can be con-
sidered as indirect fixed costs and are not directly related to the provi-
sion of bus services. On the side of outputs, the variables “mileage” and
“the number of passengers” represent distinct constructs. “Mileage”
from a social point of view represents the pervasiveness and availabil-
ity of the bus services and is expected to be maximized. “The number
of passengers”, on the other hand, represents the effectiveness of the
bus services provided. For example, a bus can travel extensively but
only transports a few passengers due to an inappropriate design of
the bus route and timing.

In this application, we view each observation from 1994 to 2009 as
an independent decision-making unit (DMU). We first apply model (2)
to the data set to obtain the additive efficiency score for each year.
Table 2 presents the resultant efficiency scores and slacks.

Table 2 shows that only three (Year 1996, 1998 and 1999) out of
the total sixteen DMUs are inefficient (with an efficiency score 0.9397,
0.9132 and 0.9415, respectively), whereas all the other thirteen DMUs
are additively efficient. Therefore for this application, the results from
the additive efficiency model (2) are not too helpful in that thirteen
out of sixteen DMUs are considered commensurate in their perfor-
mance. The reason that a high proportion of DMUs are efficient is prob-
ably due to the fact that the number of DMUs is not large comparedwith
the total number of input and output variables [14] Therefore, we turn
to the super-efficiency model (4) to further discriminate the perfor-
mance of the thirteen efficient DMUs.

Table 3 reports the super-efficiency scores, the optimal slacks, and
the resulting rankings for all DMUs.With the additive super-efficiency
model, we are able to distinguish the performance of all thirteen

1 Source: http://www.tbkc.gov.tw (in Chinese).

Table 2
Efficiency and slack results for Kaohsiung City Bus from 1994 to 2009.

Year Additive
efficiency

Inputs Outputs

Vehicles Employees Fuel (liters) Mileage (km) Passengers Accidents (undesirable)

s1
GI− * s2

GI− * s1
GR− * s1

GR+* s1
GI+* s1

BI+*

1994 1 0 0 0 0 0 0
1995 1 0 0 0 0 0 0
1996 0.9397 8 0 31,134.336 526,403.019 6055 25
1997 1 0 0 0 0 0 0
1998 0.9132 40 28 5709.377 0 482,350 42
1999 0.9415 17 41 163,473.247 0 0 25
2000 1 0 0 0 0 0 0
2001 1 0 0 0 0 0 0
2002 1 0 0 0 0 0 0
2003 1 0 0 0 0 0 0
2004 1 0 0 0 0 0 0
2005 1 0 0 0 0 0 0
2006 1 0 0 0 0 0 0
2007 1 0 0 0 0 0 0
2008 1 0 0 0 0 0 0
2009 1 0 0 0 0 0 0
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efficient DMUs, and therefore now all sixteen DMUs can be completely
ranked according to additive efficiency and super-efficiency scores.

The non-zero optimal slacks in Table 3 indicate the maximum al-
lowable increases for the corresponding desirable inputs/undesirable
outputs, as well as the maximum allowable decreases for the
corresponding desirable outputs, such that these efficient DMUs can
remain additively efficient. For example, the additive super-efficiency
of Year 2006 is only associated with its number of employees (the
only non-zero optimal slack for Year 2006). This indicates that Year
2006 can add 44 more staff members while still remain additively effi-
cient. However, if the staff size for Year 2006 is increased by 45 ormore,
then it could become inefficient. In addition, Year 1995, which ranks 1st
based on super-efficiency, excels in vehicles, travelling mileage, and
accidents. In other words, Year 1995 can simultaneously add 8 more
vehicles into operation, reduce the travelling mileage by 1051503.198
kilometers, and allow 18 more accidents, without altering its efficiency
status.

It is worth noting that among the thirteen additively efficient
DMUs, ten (with non-zero t1

GR− * or t1
GR+*) can afford either to in-

crease the fuel consumption or to reduce the travelling mileage but
still remain efficient. This implies that in most years during the 16-
year period, Kaohsiung City Bus Company operates in a relatively
fuel-efficient way. In addition, we note that Years 1995, 2001 and
2008 (with non-zero t1

BI+*) take the lead in the number of accidents,
indicating that in these three years, Kaohsiung City Bus operates in a
comparatively safer manner and demonstrates a better accident-
control capability.

Moreover, nine of the thirteen additively efficient DMUs (with
non-zero t1

GI− * or t2GI− *) are ahead of other years in utilizing operat-
ing vehicles and employees into generating outputs. This result im-
plies that the operating scale for Kaohsiung City Bus in any of these
nine years has the capacity to expand without lowering that year's
overall performance.

5. Conclusion

In practice, it is not uncommon to see production outputs that are
undesirable or can only take integer values. Standard DEA models are
not able to handle these situations because the models assume that
inputs and outputs are both continuous and desirable. Therefore the
reference targets indentified through conventional DEA models are
likely to be fractional and hence cannot be implemented in practice.
This paper proposes additive efficiency and super-efficiency models
to cope with integer constraints and undesirable factors, in order to
help distinguish the performance of all DMUs.

We illustrate our models by an empirical efficiency evaluation
of Kaohsiung City Bus operation spanning from the years 1994 to
2009. Each year's bus operation is viewed as a DMU, which utilizes
inputs (both integer- and real-valued) to produce outputs (including
an integer-valued undesirable output). All DMUs can be fully differen-
tiated by additive super-efficiency scores. Also, we described some
interesting managerial implications from the results obtained from
the proposed models. As a final technical note, in this city bus applica-
tion the number of passengers is modeled as an output measure,
which may not be under the direct discretion of the bus company. In
the presence of non-discretionary inputs and outputs, it is possible
to develop similar additive efficiency and super-efficiency models as
according to models (2) and (4) in this paper, simply by deleting the
slack vectors from the corresponding constraints. However, if we
take non-controllable/non-discretionarymeasures into consideration,
the related super-efficiency model may become infeasible under the
VRS assumption.

We also see a wide variety of potential application areas where
models developed in this paper can be used. Take health-care pro-
viders for example. The numbers of full-time physicians and nurses
are good examples of integer-valued inputs, while total operating
expenses can be modeled as a regular input that take real values.
For outputs, total operating revenue and the number of total medical
cases are examples of real-valued and integer-valued desirable out-
puts, respectively. The numbers of post-surgery deaths and medical
malpractices can be modeled as undesirable integer outputs.
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