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We discuss about influential DMUs and also we review some related studies in the literature. Then we propose a new method to
detect influential DMUs, which is based on Euclidean distance and omitting the efficient DMUs by using single case deletion. Our
method will be explained with an empirical example.

1. Introduction

Data envelopment analysis (DEA) is a nonparametricmethod
for evaluating the relative efficiency of decision-making units
(DMUs) on the basis ofmultiple inputs and outputs. In recent
years DEA has had important role in application of many
fields such as energy [1, 2], banking [3], and sport [4, 5].

DEA is a useful technique to evaluate the performance
of DMUs; meanwhile, if a data set contains one or more
influential DMUs, obviously calculated results (by DEA) of
the performance are changed. Influential DMUs are atypi-
cal observations. Some of them are result of recording or
measurement errors and should be corrected (if possible) or
deleted from data. So detecting influential observations has
an important role in DEA [6].

Influential observations for the first time were introduced
by Cook [7] in regression analysis as follows: an influential
observation causes noticeable effect on the estimation of
parameters and fitted values in the regression. He also
proposed a practical statistic that is called Cook distance and
it is based on Mahalanobis distance. Then several methods
and statistics were proposed to detect influential observations
in the regression. Most of these methods are based on case
deletion approach. Some of these methods and statistics are
given by Belsley et al. [8], Cook and Weisberg [9], and
Chatterjee and Hadi [10].

General approach for detecting influential observations
is the case deletion technique. This technique is applied by

single and multiple cases’ deletions [8]. In the single case
deletion, 𝑝th observation is eliminated from data and then
the result of computation is compared by the result which is
computed using all data. Multiple cases are the generalized
form of the single case deletion; namely, these cases are
applied by eliminating 𝑘 observations, where 1 < 𝑘 < 𝑛/2

and 𝑛 is the number of observations.
The main idea about influential observations in DEA is

similar to the regression analysis. Indeed, an influential DMU
is an efficient DMU, which basically extends the production
possibility set according to its own coordinate, and therefore
it may cause several problems as follows.

(1) The influential DMU may cause that one DMU to be
inefficient, while by omitting the influential DMU, it
can be an efficient one.

(2) The influential DMU may result in decreasing the
superefficiency scores of some efficient DMUs.

(3) The influential DMU may result in decreasing the
efficiency scores of some inefficient DMUs.

Particularly the mentioned last item is significant,
because one of the main objectives of DEA is identifying
the efficient DMUs and then expressing several suggestions
to improve the efficiency of inefficient DMUs. Clearly these
influential DMUs may cause wrong suggestions for improv-
ing the efficiency of inefficient DMUs.

One of the first propositions about detecting influential
DMUs in DEA was given by Wilson [6]. He proposed
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a method that is based on the superefficiency scores by
modified DEA, which contains case deletion technique. This
method allows researcher to prioritize observations in the
efficient subset for the future scrutiny. This prioritization
depends on the number of efficiency scores that are influ-
enced by a given observation.

Pastor et al. [11] propose a method for detecting influ-
ential DMUs which is based on Uniformly Most Powerful
Test. They consider BCC model and they define a ratio that
is calculated by division 𝑗th efficiency score obtained from all
DMUs and 𝑗th efficiency score obtained by elimination of𝑝th
efficient DMU. Then they define a binary variable according
to 𝑗th ratio either smaller than 0.95 or larger than 0.95.
Hence they obtain a binomial variable by sum of these binary
variables. Ruiz and Sirvent [12] use similar approach and
they propose an alternative method to identify the influential
DMUs in radial and nonradial DEA.

A method proposed by Jahanshahloo et al. [13] aims
to detect the influential DMUs by the way of deterioration
efficiency scores of inefficient DMUs in the radial DEA.They
focused on BCCmodel but they pointed out that the method
also can be used in the CCR model. This method is based on
a specific ratio like the proposed ratio by Pastor et al. [11].

In this study we propose a new method for detecting the
influential DMUs.This newmethod is based on the Euclidean
distance and excluding the efficient DMUs by using the single
case deletion.

The structure of this study is as follows. The next section
presents some basic concepts ofDEA. In Section 3, we discuss
on influential observation in DEA and we propose a new
approach for detecting influential DMUs. Section 4 illustrates
the newmethod by an example. Finally, conclusions are given
in Section 5.

2. Data Envelopment Analysis

Thefirst introduction onDEAwas practiced by Charnes et al.
[14].They proposedCCRmodel which is also called Constant
Return to Scale (CRS). The CCR model evaluates both
technical and scale efficiencies via optimal value of the ratio
form. The modified version of CCR model is BCC model,
which is also called Variable Returns to Scale, proposed by
Banker et al. [15].The BCCmodel is used to estimate the pure
technical efficiency of DMUs by reference to the efficiency
frontier.

DEA can be applied in twomodels which are called input-
and output-oriented models. The primal form of input-
oriented BCC (VRS) model is considered in this paper and
it is given as follows:

min 𝜃
𝑜
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𝑜
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where 𝜃
𝑜

is efficiency score of DMU
𝑜
, 𝑥
𝑖𝑜

and 𝑦
𝑟𝑜

(all nonnegative) are 𝑖th input and 𝑟th output of the
DMU

𝑜
, respectively, and 𝜆

𝑗
is intensity of DMU

𝑗
. If

the 𝜃
𝑜
is equal to one, then DMU

𝑜
is called an efficient

DMU.
In DEA a large number of efficient DMUs usually occur

in the results of analysis. Therefore efficient DMUs cannot
evaluate each other since their scores are equal to one.
To overcome this problem, the analyst can either add new
DMUs to data set or order the efficient DMUs by using
some criterion. Andersen andPetersen [16] proposed amodel
to obtain superefficiency scores and these scores are useful
in both ordering the efficient DMUs and comparing them
between one another in DEA.

The primal form of input-oriented BCC (VRS) superef-
ficiency model is considered in this paper and it is given as
follows:

min 𝜃
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(2)

where 𝜃∗
𝑜
is the superefficiency score of DMU

𝑜
. In the input-

oriented BCC model the superefficiency scores of efficient
DMUs are greater or equal to one. However, superefficiency
scores of the inefficient DMUs are the same as their efficiency
scores that are obtained by BCC model in (1).

3. A New Measure for Detecting
Influential DMUs

DMUs consist of two groups which are influential DMUs and
noninfluential DMUs. An influential DMU is defined as a
DMU which affects the efficiency scores of some inefficient
DMUs [6].This DMU also changes production possibility set
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Table 1: Artificial data with efficiency (𝜃) and superefficiency (𝜃∗)
scores by input-oriented BCC model.

DMU 𝑋 𝑌 𝜃 𝜃
∗

𝐴 1 0,3 1,00 1,50
𝐵 1,5 1,1 1,00 1,05
𝐶 2 1,7 1,00 1,09
𝐷 3,3 2,7 1,00 1,13
𝐸 6 4 1,00 1,60
𝐹 5,3 3,1 0,78 0,78
𝐺 4 2 0,60 0,60
𝐻 2,9 1,7 0,69 0,69
𝐼 2,1 0,5 0,54 0,54
𝐽 3,1 1 0,46 0,46
𝐾 4,4 1,6 0,44 0,44
𝐿 4,7 0,5 0,24 0,24

and extends this set to its own coordinate. In this study we
classify noninfluential DMUs in three groups as follows.

(1) The first group consists of efficient DMUs, such that
including or excluding the influential DMU has not
any effect on the efficiency scores of these DMUs.

(2) The second group consists of inefficient DMUs such
that including or excluding the influential DMU has
not any effects on the inefficiency of these DMUs.

(3) The third group consists of inefficient DMUs such
that, excluding the influential DMUs make them
efficient DMUs.

Clearly DMUs in the first type are on the efficiency frontier
by the BCC model, so their efficiency scores are equal to
one.

Table 1 consists of 12 artificial DMUs and also their
efficiency and superefficiency scores by the input-oriented
BCC model. These data consist of one input (𝑋) and one
output (𝑌) variable. Let 𝜓

1
and 𝜓

2
be sets of the efficient

and inefficient DMUs, respectively. Evidently, if data involves
an influential DMU, since the influential DMU is also an
efficient DMU, it becomes an element of the set 𝜓

1
. In

Table 1, these sets are 𝜓
1

= {𝐴, 𝐵, 𝐶,𝐷, 𝐸} and 𝜓
2

=

{𝐹, 𝐺,𝐻, 𝐼, 𝐽, 𝐾, 𝐿}. For details, we investigate scatter plots
of the variables (𝑋 and 𝑌) to identify influential DMUs
in these data. Figure 1 provides a pattern of the DMUs in
Table 1; also it displays efficiency frontier by the BCC model.
Clearly, DMU 𝐸 is an influential DMU, since this DMU
extends the production possibility set to its coordinate (see
Figure 1). It also affects on the superefficiency scores of some
efficient DMUs and the efficiency scores of some inefficient
DMUs. With excluding DMU 𝐸, DMUs 𝐴, 𝐵, 𝐶, and 𝐷

in the set 𝜓
1
are stable on their efficiency score; however,

their superefficiency scores are affected by the influential
DMU. These DMUs are classified as the first type DMUs. By
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Figure 1: Efficiency frontier and production possibility set of
artificial data.

excluding the DMU 𝐸, the DMUs 𝐺,𝐻, 𝐼, 𝐽, 𝐾, and 𝐿 in the
set 𝜓
2
save their inefficiency, but efficiency scores of some

of them may be affected. These DMUs are classified as the
second type DMUs. Finally, 𝐹 is a particular DMU in the set
𝜓
2
; it becomes an efficient DMU by omitting the DMU 𝐸.

Namely, this point locates on the frontier after omitting the
influential DMU and the production possibility set becomes
smaller. DMU 𝐹 is classified as the third type DMU. Of
course the discussion above is only based on visualization of
data and we need a reliable method in detecting influential
DMUs.

3.1. Detecting Influential DMUs. We are preparing to present
a new method in identifying the influential DMUs. Suppose
data consists of 𝑛 observations, Φ = {1, 2, . . . , 𝑛} where
any 𝑖 = 1, 2, . . . , 𝑛 points on the 𝑖th DMU, and 𝜓

1
and 𝜓

2

are sets of the efficient and inefficient DMUs, respectively.
Let 𝜙all be an 𝑛 × 1 vector consisting of efficiency scores
in these data, which is obtained by the input-oriented BCC
model,

𝜙all = [𝜃1𝜃2 ⋅ ⋅ ⋅ 𝜃𝑛−1𝜃𝑛]
𝑇

𝑛×1
, (3)

where, for 𝑖 = 1, 2, . . . , 𝑛, 𝜃
𝑖
is the efficiency score of

𝑖th DMU. Let 𝜃
𝑖𝑝

be the efficiency score of 𝑖th DMU
that is obtained by the input-oriented BCC model after
omitting 𝑝th DMU from data (𝜃

𝑝𝑝
cannot be calcu-

lated due to omitting 𝑝th DMU), and 𝜙
𝑝

is an (𝑛 −

1) × 1 vector consisting of these efficiency scores as
below:

𝜙
𝑝
= [𝜃
1𝑝
𝜃
2𝑝
⋅ ⋅ ⋅ 𝜃
(𝑝−1)𝑝

𝜃
(𝑝+1)𝑝

⋅ ⋅ ⋅ 𝜃
(𝑛−1)𝑝

𝜃
𝑛𝑝
]
𝑇

(𝑛−1)×1

. (4)
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Table 2: Results of calculations in detecting influence of DMUs.

DMU 𝜃
𝑖

𝜃
𝑖𝐴

𝜃
𝑖𝐵

𝜃
𝑖𝐶

𝜃
𝑖𝐷

𝜃
𝑖𝐸

𝐷

𝐴 1 — 1 1 1 1 0,0387

𝐵 1 1 — 1 1 1 0,0005

𝐶 1 1 1 — 1 1 0,0057

𝐷 1 1 1 1 — 1 0,0044

𝐸 1 1 1 1 1 — 0,0487

𝐹 0,7794 0,7794 0,7794 0,7794 0,8368 1 —

𝐺 0,5975 0,5975 0,5975 0,6281 0,6304 0,5975 —

𝐻 0,6897 0,6897 0,6897 0,75 0,6897 0,6897 —

𝐼 0,5357 0,7143 0,5442 0,5357 0,5357 0,5357 —

𝐽 0,4637 0,4839 0,4839 0,4637 0,4637 0,4637 —

𝐾 0,4356 0,4356 0,4383 0,4688 0,4356 0,4356 —

𝐿 0,2394 0,3191 0,2432 0,2394 0,2394 0,2394 —
𝑈 = 0.0211

In order to generate a measure to compare 𝜙all and 𝜙𝑝 (these
vectors dimensions must be the same) in the 𝜙

𝑝
, let 𝜃
𝑝𝑝
= 1.

Then 𝜙
𝑝
can be rewritten as follows:

𝜙
∗

𝑝
= [𝜃
1𝑝
𝜃
2𝑝
⋅ ⋅ ⋅ 𝜃
(𝑝−1)𝑝

1 𝜃
(𝑝+1)𝑝

⋅ ⋅ ⋅ 𝜃
(𝑛−1)𝑝

𝜃
𝑛𝑝
]
𝑇

𝑛×1

. (5)

For any 𝑝 ∈ 𝜓
1
to calculate influence of the 𝑝th efficient

DMU, we propose to use Euclidean distance measure. There-
fore, square of the Euclidean distance between 𝜙all and 𝜙

∗

𝑝
is

given as below:

𝐷
𝑝
=

𝜙all − 𝜙

∗

𝑝



2

2

=

𝑛

∑

𝑖=1

(𝜃
𝑖
− 𝜃
𝑖𝑝
)
2

,

(6)

where ‖ ⋅ ‖ indicates 𝐿
2
norm.This distance is only calculated

to investigate the influence of efficient DMUs. Evidently,
if 𝑝th DMU has less influence on inefficient DMUs, then
the value of 𝐷

𝑝
is smaller than the other efficient DMUs

distances. On the other hand, if 𝑝th DMUhasmore influence
on inefficient DMUs, then the value of𝐷

𝑝
increases. Hence if

the biggest distance pertains to𝐷
𝑝
, it indicates the 𝑝th DMU

has the most influence on the inefficient DMUs. We have to
determine an upper bound (cut-off point) such as 𝑈, where,
for any 𝑝 ∈ 𝜓

1
, 𝐷
𝑝
> 𝑈 means that the 𝑝th DMU is an

influential one.
Let𝐷 = {𝐷

𝑝
| 𝑝 ∈ 𝜓

1
}; then we define an upper bound in

detection the influential DMUs as follows:

𝑈 = mean (𝐷) + 3√Var (𝐷). (7)

Therefore, for any 𝑝 ∈ 𝜓
1
, DMUp is an influential DMU, if

𝐷
𝑝
> 𝑈. The main problem with this cut-off point, however,

is that both the mean and variance are nonrobust. Extreme

values inflate the mean and variance, yielding a high cut-off
point. This problem can be avoided by replacing mean and
variance by more robust estimators such as the median and
the median absolute deviation, respectively, as follows:

𝑈 = med (𝐷) + 3√MAD (𝐷), (8)

where

MAD (𝐷) = med |𝐷 −med (𝐷)| . (9)

This criterion at first was proposed by Hadi [17] to detect
influential observations in linear regression; also for details
see [10, 18].

To illustrate this method we use the artificial data in
Table 1 and results are shown in Table 2. In these data, the cut-
off point value is 𝑈 = 0.0211. DMU 𝐴 and DMU 𝐸 violate
this cut-off point; therefore, they are influential DMUs. Let
us be precise on these influential DMUs. It is seen that there
are no changes on the efficiency scores of DMUs 𝐵, 𝐶, 𝐷,
and 𝐸 in the case of omitting DMU 𝐴, and their efficiency
scores are equal to one. However, some efficiency scores of
the inefficient DMUs such as 𝐼, 𝐽, and 𝐿 are increased. The
efficiency score of DMU 𝐼 increases to 𝜃

𝐼𝐴
= 0.7143. This

rise is noticeable. As it can be seen in Figure 1 that omitting
DMU 𝐴 makes a new frontier that is closer to the point 𝐼
(the doted frontier), and it causes the increasing of efficiency
scores in the DMUs 𝐼, 𝐽, and 𝐿. Besides, by omitting DMU
𝐸, the efficiency score of DMU 𝐹 becomes 1. This rise is
also noticeable, since omitting DMU 𝐸makes a new frontier
which crosses the point 𝐹 (the doted frontier).

Finally, since 𝐷
𝐴
= 0, 0387 and 𝐷

𝐸
= 0.0487, so DMU 𝐸

is the most influential DMU.
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Table 3: Meteorological data.

DMU 𝑌 𝑋
1

𝑋
2

1 0,25 1,22 2,9
2 0,29 2,02 0,74
3 0,35 1,89 2,14
4 0,32 1,76 2,91
5 0,27 1,42 3,55
6 0,27 1,03 1,43
7 0,34 1,65 1,2
8 0,35 2,62 2,17
9 0,26 0,62 1,41
10 0,47 3 2,24
11 0,34 2,15 1,01
12 0,30 1,21 4,85
13 0,29 1,31 2,65
14 0,37 2,12 2,36
15 0,42 2,88 1,07
16 0,47 3,65 1,29
17 0,46 2,93 2,49
18 0,44 2,42 1,95
19 0,41 2,86 2,26
20 0,44 3,07 1,19
21 1,00 2,87 1,65
22 0,51 2,95 2,22
23 0,52 3,72 2,19
24 0,52 3,69 2,16
25 0,46 3,51 2,15
26 0,42 3,22 4,64
27 0,42 2,95 1,61
28 0,39 1,49 1,58
29 0,42 3,06 1,89
30 0,29 2,63 1,63
31 0,43 3,06 2,29
32 0,44 3,29 1,85
33 0,42 2,04 1,84
34 0,45 3,1 1,46
35 0,47 3,65 1,54
36 0,31 1,89 1,91
37 0,43 3,16 2,84
38 0,45 3,12 2,09
39 0,40 2,61 1,67
40 0,40 2,66 1,72
41 0,24 1,45 0,77
42 0,48 2,97 4,35
43 0,91 3,35 3,2
44 0,33 2,46 1,39
45 0,41 3,45 2,35
46 0,37 2,55 2,44
47 0,49 3,93 3,51
48 0,47 3,63 2,65
49 0,59 4,02 1,42
50 0,54 3,29 2,29
𝑌: average solar radiation, 𝑋

1
: average duration of exposure sunlight, and

𝑋
2
: average velocity of the wind.

4. Empirical Example

In this section an empirical example is presented to examine
the proposed new method in Section 3.1. We provide mete-
orological data of 50 regions in January 2010 (from Turkish
StateMeteorological Service) which are shown inTable 3.The
data consist of one output variable 𝑌 and two input variables
𝑋
1
, 𝑋
2
, where 𝑌 is average solar radiation (watt/m2), 𝑋

1
is

average duration of exposure sunlight (hours), and 𝑋
2
is the

average velocity of wind (m/sec).
Table 4 provides efficiency scores (𝜃) and superefficiency

scores (𝜃∗) of these data. It also provides diagnostic results
such as the efficiency scores (𝜃

𝑖𝑝
) obtained by omitting 𝑝th

efficient DMU and square of Euclidian distance𝐷, discussed
in Section 3.1.

Using Table 4, it is seen that DMU
2
, DMU

9
, DMU

21
,

and DMU
41
are efficient, and their superefficiency scores are

sorted as 𝜃∗
21
> 𝜃
∗

9
> 𝜃
∗

41
> 𝜃
∗

2
.

Let us be precise on the case omitting DMU
9
and DMU

21

in Table 4. By omitting DMU
9
, inefficient DMU

6
becomes

an efficient DMU and also efficiency scores of the inefficient
DMU

1
, DMU

5
, and DMU

12
have a salient increase. DMU

12

is a remarkable example for this case and its efficiency
score rises from 0,6008 to 0,9016. In the case of excluding
DMU

21
, there are salient increases on the scores of DMU

43

and DMU
49

such that these two DMUs become efficient
DMUs. Furthermore, the efficiency scores of all inefficient
DMUs (except DMU

1
) increase while these DMUs save

their inefficiency. Evidently, omitting an efficient DMU has
influence on the efficiency scores of inefficient DMUs which
are referenced by the efficient one.

The𝐷distance, for the efficientDMUs, is presented on the
last column of Table 4 as follows: 𝐷

2
= 0.0147, 𝐷

9
= 0.4528,

𝐷
21

= 0.8841, and 𝐷
41

= 0.0268; also the cut-off point
value is 𝑈 = 0.8572. With relying to the discussed measure
in Section 3.1, it is clearly seen that only 𝐷

21
> 𝑈; therefore

DMU
21
is an influential DMU in these data.

5. Conclusion

In this studywe classify noninfluentialDMUs in three groups,
which are as follows. (1) the first group consists of efficient
DMUs such that including or excluding the influential DMU
has not any effect on the efficiency scores of these DMUs.
(2) The second group consists of inefficient DMUs such
that including or excluding the influential DMU has not
any effects on the inefficiency of these DMUs. (3) The third
group consists of inefficient DMUs such that excluding the
influential DMUsmakes them efficientDMUs. ClearlyDMUs
in the first type are on the efficiency frontier by the BCC
model, so their efficiency scores are equal to one. Then we
propose a new method to detect influential DMUs, which
is based on Euclidean distance and omitting the efficient
DMUs by using single case deletion. We apply this method
on meteorological data of 50 regions in January 2010 (from
Turkish State Meteorological Service). The method is also
more practical than some of other similar methods since the
measure is based on the single case deletion.
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Table 4: Efficiency scores, superefficiency scores, and diagnostic results in the meteorological data.

DMU 𝜃 𝜃
∗

𝜃
𝑖2

𝜃
𝑖9

𝜃
𝑖21

𝜃
𝑖41

𝐷

1 0,5082 0,5082 0,5082 0,8443 0,5082 0,5082 —
2 1 11,162 — 1 1 1 0,0147
3 0,5970 0,5970 0,5970 0,6660 0,6882 0,6113 —
4 0,4810 0,4810 0,4810 0,6567 0,5291 0,4832 —
5 0,4609 0,4609 0,4609 0,7259 0,4700 0,4609 —
6 0,8678 0,8678 0,8678 1 0,8915 0,8920 —
7 0,8598 0,8598 0,8598 0,8974 0,9834 0,9138 —
8 0,5149 0,5149 0,5149 0,5479 0,5973 0,5401 —
9 1 16,613 1 — 1 1 0,4528
10 0,5406 0,5406 0,5406 0,5650 0,7034 0,5599 —
11 0,8420 0,8420 0,8737 0,8420 0,9556 0,8849 —
12 0,6008 0,6008 0,6008 0,9016 0,6340 0,6008 —
13 0,5446 0,5446 0,5446 0,8242 0,5714 0,5446 —
14 0,5479 0,5479 0,5479 0,6094 0,6432 0,5600 —
15 0,8496 0,8496 0,9150 0,8496 0,9926 0,8496 —
16 0,7555 0,7555 0,8050 0,7555 0,8998 0,7555 —
17 0,5107 0,5107 0,5107 0,5443 0,6553 0,5245 —
18 0,6237 0,6237 0,6237 0,6597 0,7888 0,6453 —
19 0,5161 0,5161 0,5161 0,5446 0,6357 0,5375 —
20 0,7859 0,7859 0,8426 0,7859 0,9532 0,7859 —
21 1 5764,3833 1 1 — 1 0,8841
22 0,5698 0,5698 0,5698 0,5958 0,7649 0,5863 —
23 0,5167 0,5167 0,5167 0,5211 0,7255 0,5410 —
24 0,5217 0,5217 0,5217 0,5257 0,7326 0,5465 —
25 0,5045 0,5045 0,5045 0,5122 0,6656 0,5315 —
26 0,3380 0,3380 0,3380 0,4320 0,3943 0,3380 —
27 0,6041 0,6041 0,6045 0,6041 0,7738 0,6464 —
28 0,8228 0,8228 0,8228 0,9081 0,9887 0,8406 —
29 0,5487 0,5487 0,5487 0,5582 0,6924 0,5822 —
30 0,5451 0,5451 0,5451 0,5565 0,5827 0,5938 —
31 0,5097 0,5097 0,5097 0,5333 0,6430 0,5309 —
32 0,5445 0,5445 0,5445 0,5464 0,7081 0,5800 —
33 0,6830 0,6830 0,6830 0,7350 0,8485 0,7025 —
34 0,6655 0,6655 0,6929 0,6655 0,8630 0,6820 —
35 0,6298 0,6298 0,6715 0,6298 0,8113 0,6298 —
36 0,6055 0,6055 0,6055 0,6646 0,6624 0,6312 —
37 0,4439 0,4439 0,4439 0,4775 0,5538 0,4564 —
38 0,5359 0,5359 0,5359 0,5513 0,6913 0,5619 —
39 0,6186 0,6186 0,6186 0,6328 0,7613 0,6569 —
40 0,6097 0,6097 0,6097 0,6246 0,7562 0,6459 —
41 1 11,658 1 1 1 — 0,0268
42 0,4304 0,4304 0,4304 0,5214 0,5137 0,4304 —
43 0,7772 0,7772 0,7772 0,7907 1 0,7772 —
44 0,6433 0,6433 0,6433 0,6474 0,7403 0,6988 —
45 0,4637 0,4637 0,4637 0,4786 0,5782 0,4883 —
46 0,4995 0,4995 0,4995 0,5430 0,5899 0,5161 —
47 0,3826 0,3826 0,3826 0,4106 0,5024 0,3896 —
48 0,4538 0,4538 0,4538 0,4726 0,5939 0,4705 —
49 0,7881 0,7881 0,8235 0,7881 1 0,7881 —
50 0,5468 0,5468 0,5468 0,5649 0,7559 0,5638 —

𝑈 = 0.8572
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