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Abstract

This paper proposes a new efficiency measure that aims at capturing the overall distance to the
efficient frontier and not the distance corresponding to a specific projection, as most oriented and
non-oriented methods compute. The proposed approach uses a grid-based method to sample all
possible improvement directions from a given operating point and for each direction it computes
a directional efficiency score solving a directional distance function (DDF) model. This provides
information about the distribution of the distance to the efficient frontier. Therefore, the
proposed Multidirectional Efficiency Measure (MEM) does not provide a single efficiency score
but a distribution of efficiency scores. The minimum, the median, the Q1 and Q3 quartiles and
the maximum can be singled out as representatives of that distribution. The latter corresponds to
the closest among the computed efficient targets. In addition to the efficiency score distribution,
the associated efficient targets are also provided. The proposed approach can take into account
integer and non-discretionary variables and a preference structure. An application of the method

to assess the efficiency of material recovery facilities is presented.
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1. Introduction

Efficient operation is key for the competitiveness of businesses and for sustainable development
overall. The most useful methodology for assessing the relative efficiency of a set of similar
productive or organizational entities is Data Envelopment Analysis (DEA). The units being
benchmarked are usually termed Decision Making Units (DMUSs) and they consume different
inputs in order to produce different outputs. From the amount of inputs consumed and outputs
produced by each DMU and using some basic assumptions (such as envelopment of the observed
data, free disposability and convexity) an appropriate Production Possibility Set (PPS), which
contains all feasible operating points, is inferred (see, for example, Cooper et al. 2006). If it is
possible for a DMU to increase its outputs without increasing its inputs or to reduce its inputs
consumption without reducing its outputs, then it is inefficient. Not only can DEA determine if a
DMU is efficient or not but it can also measure the extent of the inefficiency and the potential
improvements (i.e. input reductions and output increases) that can be achieved. Moreover,
because of its non-parametric character, DEA has wide applicability. Thus, for example, it has
been applied to manufacturing firms (e.g. Huang 2018), public services (e.g. Moreno and Lozano
2018), universities (e.g. Tran and Villano 2018), banks (e.g. Chen et al. 2017), accounting firms
(e.g. Hsiao et al. 2017), airports (e.g. Yu and Hsiao 2018), etc.

The DEA methodology involves solving, for each DMU in turn, an appropriate model that
projects it onto the efficient frontier, which is the non-dominated subset of the PPS and contains
the operating points that represent the best practices. The efficiency of a DMU is related to how
far it is from the efficient frontier. This DEA projection can be done using different DEA
models. The most well-known DEA models are the radial oriented CCR and BCC models of
Charnes et al. (1978) and Banker et al. (1984), respectively. Some other well-known DEA
models are the hyperbolic index (Fére et al. 1985), the Féare-Grosskopf-Lovell index (Fare et al.
1985), the weighted additive efficiency index (Charnes et al. 1985) and the Directional Distance
Function (DDF, Chambers et al. 1996). And there are also the Enhanced Russell Graph Measure
(ERGM) of Pastor et al. (1999) (a.k.a. Slacks-Based Measure, SBM, Tone 2001), the Potential
Improvements approach of Bogetoft and Hougaard (1999) (later relabeled Multi-directional
Efficiency Analysis, MEA, in Asmild et al. 2003), the Range Directional Measure (RDM) of
Silva Portela et al. (2004), the Bounded Adjusted Measure (BAM) of Cooper et al. (2011), etc.



Given the large number of existing DEA methods, carrying out a survey of DEA efficiency
indexes is out of the scope of this paper as it is also a theoretical or empirical comparison
between them. Trying to distinguish between the different inefficiency indexes, some studies,
like Russell and Schworm (2009, 2011), have studied some basic properties, like indication of
efficiency, monotonicity, units independence and continuity. Although these studies have helped
to understand better and differentiate between them, the fact remains that there are many
different efficiency indexes in DEA and that they generally lead to different efficiency
measurements. Although this enriches the efficiency assessment field and is a sign of how active
this research field is, it can also be confusing for the practitioner, who may wonder which of

these methods provides the right efficiency score in general or for a specific application.

In our view, there are situations in which a DMU has a clear idea of the projection direction it
wishes and, in those cases, the conventional approach that maximizes the improvements in that
direction until an efficient target is reached is appropriate. However, it may also happen that the
DMU has not a fixed idea about which of the possible improving directions to follow. In that
case, it makes sense for the DMU to explore different possibilities and determine the
corresponding maximum amount of improvement (i.e. how far the efficient frontier is) in that
projection direction. We believe that, with that information, the DMU is in a better position to

assess its overall efficiency status as well as to decide which way to go.

Moreover, since the efficiency measure depends on the projection direction chosen, it follows
that efficiency is a multi-valued function and not a single number. So, instead of providing an
efficiency score, associated to a specific benchmark selection, we propose to determine, by
appropriate sampling, the distribution of the efficiency along all possible projection directions.
Thus, using a simple LP optimization model and investing some computational effort, we can
draw a better picture of the efficiency improving possibilities of a DMU and thus more

effectively assess its overall efficiency status.

The Multidirectional Efficiency Measure (MEM) proposed in this paper uses a grid-based
method that generates uniformly-spread improving directions, determining the distribution of the
efficiency score (i.e. the distance to the efficient frontier) along all those improving directions.

This is different from the usual approach of computing a single figure to gauge the efficiency of



a DMU by comparison with a reference efficient target computed using a certain projection
direction or criterion. Therefore, the proposed Mutidirectional Efficiency Measure is not a single
figure but a distribution of efficiency scores and thus provides a more comprehensive assessment
of the distance of the DMU to the efficient frontier.

A somewhat related approach is the use of hypervolumes to measure technological possibilities,
as suggested in Asmild and Hougaard (2016), where the computation of the hypervolumes can
be done using specific algorithms or, for the Free Disposal Hull (FDH) case, using Monte Carlo
sampling. That approach differs from ours in several respects. The main one is that it aims at
computing a hypervolume index for the whole sample of DMUs while we aim at estimating the
efficiency of each DMU. Actually, Asmild and Hougaard (2016) compute the efficiency of the
DMUs in a conventional way, i.e. providing a single score.

The structure of the paper is the following. Section 2 presents the proposed MEM approach,
which is illustrated in Section 3 using a simple numerical example. Section 4 applies the
proposed approach to assess the efficiency of material recovery facilities. Finally, Section 5

summarizes and concludes.

2. Proposed MEM approach

When a DMU is inefficient there are many ways of removing the inefficiencies. Depending on
the specific way chosen (i.e. the projection direction) the amount of improvement possible is
larger or smaller. That is what the corresponding directional efficiency score measures. The idea
behind the proposed Multidirectional Efficiency Measure is to estimate the distribution of those
directional efficiency scores for the whole set of improving directions. This gives a more
complete information about the whole set of improvement possibilities available to the DMU,
much richer than providing a single figure for the efficiency score based on a single efficient
target. In addition, it does not require that the analyst chooses the projection direction ex ante.

This gives much greater flexibility and allows choosing the projection direction ex post.

Formulating the basic DDF model that is at the heart of the proposed MEM approach will require

introducing some notation. Let



j=12,..,n index on DMUs

0 index of a certain DMU whose efficiency is to be determined
i=12,...,m index on inputs

k=12,..,s index on outputs

Xij amount of input i consumed by DMU |

Y amount of output k produced by DMU |

Let us assume that some inputs i e I'" and outputs k e 0™ can only take integer values and that
all inputs and outputs are strictly positive. Assuming Variable Returns to Scale (VRS), the
corresponding PPS (see Lozano and Villa 2006, Kuosmanen and Kazemi Matin 2009, Kazemi

Matin and Kuosmanen 2009) is the following
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where RT'*® is the non-negative quadrant of the real vector space of dimension m+s.

The DDF approach projects DMU 0 along a direction given by a directional vector

g =(gx,gy) e RS, The corresponding DDF (which is an inefficiency score) corresponds to

the maximum stepsize from (Xq,Yq) along direction (—gx,gy) (Chambers et al. 1996). Since

the conventional DDF model may compute a weak efficient target it is convenient to consider a
phase Il that maximizes the sum of the normalized input and output slacks. The best way to do
this is using a lexicographic optimization approach. Alternatively, although in that case care
must be taken to select a sufficiently small value for the non-Archimedean infinitesimal ¢ (see,
e.g., Podinovski and Bouzdine-Chameeva 2017), both phases can be integrated in a single linear

program (LP) as
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The corresponding directional target is
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where the notation used emphasizes that the target depends on the directional vector
g= (gx,gy) . Hence, a directional efficiency score can be computed as
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Note that this way of measuring the distance between DMU 0 and its directional target is
analogous to the one used in ERGM and SBM. Actually, the ERGM/SBM efficiency score can be
obtained substituting the objective function of model (2) by
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The difference between (4) and (5) is that while the target used to compute no(gx,gy) uses a

given directional vector, the one computed by EﬁBM can be freely chosen among those that

dominate the DMU 0. Therefore, the directional efficiency score no(gx,gy) IS never lower than

£5BM  Actually, £38M =( XMiyn) o (gx,gy) and hence coincides with no(gx,gy) for a certain
97,97 |20

projection direction.

The proposed MEM approach solves the DDF model (2) for multiple directional vectors. Those

directional vectors are generated using normalized vectors ocz(ocx,ay) belonging to the unit

simplex

{(ax,ay)eﬂiims :Zocix+20c3k/=l} (6)

i k

and located in a grid of size A, ie. of =0,A2A,..1, a3=0A2A,..,1-a],

az =0,A,2A,...,.1-0f —aj, ...

In order for MEM to be units invariant, the directional vectors are generated using
(7)

where Ry; and ng are the maximum potential improvement for DMU 0 along each input and

output dimension, respectively. These maximum potential improvements can be computed as
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Models (9) and (10) and the maximum potential improvements (8) are analogous to those used in
MEA (see, e.g., Holvad et al. 2004, Hougaard et al. 2004, Asmild et al. 2009, Asmild and Pastor
2010) and are used because they allow taking into account the differences in the margin for
improvement along the different dimensions, thus creating the right spread of the directional

vectors. This will be seen in the illustration shown in the next section.

Note also that (6) and (7) imply that

Zi+ Zi _1
~ RX (ll)
i 10
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In the above expression it must be taken into account that for some inputs and outputs the

maximum potential improvement Rg; and R%’k, respectively, may be zero, indicating that DMU

is weak efficient. For those non-improvable input and output dimensions the corresponding
components of the directional vector would be zero as per (7) and hence (11) should be
interpreted as excluding those dimensions. It is computationally more efficient to treat those
variables the same as if they were non-discretionary, so that the unit simplex (6) would not
include those dimensions. This leads to a reduced number of sampling directional vectors

generated for a given grid size A.

The normalization of the directional vectors given by (11) means that the operating points

corresponding to a directional stepsize B =1, i.e.

rid X ;
Xjp =Xio—0i Vi

grid

, 12)
Yio =VYkotdp VK

are regularly distributed along the diagonal hyperplane of the hyperrectangle that has (xo,yo)
and the ideal point

Xt =xgt Vi WS =viE vk (13)
as opposing vertices. For efficient DMUs that hyperrectangle reduces to a single point since a

DMU 0 is efficient if and only if (xiodea',ybdea'):(xo,yo), or, equivalently,



Rl = R>k’0 =0 ViVk. For efficient DMUs there is no need to sample the directional vectors.

Their directional efficiency score in any improving direction is equal to 1 by definition. For an
efficient DMU the directional efficiency score (4) is equal to 1 for any improving direction since

an efficient DMU is always projected onto itself.

For inefficient DMUs, the maximum stepsize for each canonical directional vector

(0,0,...,1...,0) is B =1. Moreover, due to the convexity of the PPS, for any directional vector

computed as per (7), the corresponding operating point (xgrid,ygrid) belongs to the PPS and,

therefore, its computed maximum stepsize B* >1. The proposed approach can also be applied to
non-convex technologies (like FDH) but in that case [3*21 would not necessary hold for all

improving directions. [3* >0 is guaranteed though.

Therefore, for each inefficient DMU 0, the proposed MEM approach generates multiple

normalized, equally spaced a:(ax,ay) vectors, determining the corresponding directional

vector gz(gx,gy) using (7), solving the corresponding DDF model (2) and computing its

associated target (3) and directional efficiency score (4). In this way we obtain an estimation of
the distribution of the directional efficiency scores of DMU 0 along all possible improvement
directions. In the process we also collect a number of efficient targets which lie at varying
distances from DMU 0. Targets corresponding to larger directional efficiency scores are closer
while targets corresponding to smaller directional efficiency scores are more distant. This is an
empirical way of computing the closest efficient target and it is an alternative to the existing
exact methods (e.g. Aparicio et al. 2007, 2017, Aparicio 2016).

If we assume that the Decision Maker has a preference structure that assigns more weights to
certain input and outputs, as given by a set of strictly positive weights (W,XW)k/) such that

Zwix =m, wa(’ =s, the only modifications in the approach described above are the objective
[ k

function of model (2) and the directional efficiency score (4), which would then be, respectively
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Note that when w=1 Vi and w>k’=1 vk the above expressions coincide with the

unweighted case (2) and (4).

3. Hlustration

Consider the numerical example shown in Table 1, which consists of nine DMUs that consume a
single, constant input and produce two outputs. The two-dimensional projection of the

corresponding PPS on the output subspace is shown in Figure 1.

=== == == ====Table 1 ===================

It can be seen that four DMUs, namely A, B, C and E, are efficient. As regards DMU D, which is
not efficient, it can be projected onto the efficient frontier using different DEA approaches. Table
2 and Figure 1 show the corresponding efficiency score and the target computed by BCC,

ERGM/SBM, RDM, MEA and BAM approaches. Note that MEA uses the ideal point of DMU D
(labelled Idealy in Figure 1), not to be confused with the ideal DMU (labelled Ideal DMU in

Figure 1) used by RDM. Thus, the latter is common to all inefficient DMUs of the sample while
the ideal point of each DMU is different and specific to that DMU.

=== == == ==== Table 2 ===================

11



It can be seen that each method carries out the projection using a specific direction or criterion
and thus computes a different target and a different efficiency score. In particular, it can be seen
that ERGM/SBM computes the furthest target while the BCC target is the closest. The targets
computed by the other three methods are relatively similar. In any case, it is clear that there are
many (actually an infinite number of) potential efficient targets, some of them closer than others
and each one leading to a different efficiency assessment. What the proposed MEM approach
does is to recognize this fact and instead of computing a single efficiency score the whole
distribution of the directional efficiency scores is estimated. This can be done using different
values for the grid size A. Figure 2 shows the projections computed for DMU D by the DDF
model (2) for the different directional vectors generated using A=0.1 and A=0.05. The
corresponding directional efficiency scores (4) are also shown. Note that, to reduce clutter, the
inefficient DMUs F, G, H and I are not plotted in Figure 2. For the sake of comparison, Figure 2
also shows the projections for N=25 random directional vectors, i.e. using a Monte Carlo method
instead of our grid-based approach. Note that, for a finite sample, the random directional vectors
oversample some regions and undersample others and thus are not uniformly spread, at least not

as much as the grid-based directional vectors.

The number of directional vectors sampled in this two-dimensional example is equal to X+l

and, hence, it is larger the smaller the value of A. Note that, independently of the value of A, the
canonical directional vectors determine the maximum potential improvement along each

dimension. Those maximum potential improvements determine the ideal point of DMU D. The

arrows of the vectors shown in Figure 2 correspond to the vectors B* (gfg%’) The endpoints of

the actual directional vectors (gi’ g%’) lay on the diagonal of the rectangle defined by the

maximum potential improvement projections along each output dimension. Actually, the
directional vectors are equally spread on that diagonal segment. The spacing is larger (actually

double) for A=0.1 than for A=0.05. In both cases, it can be seen that for any directional vector

B* >1, with equality occurring always for the canonical directional vectors.
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Figure 3 shows the distribution of the directional efficiency scores computed with A=0.05 (i.e.
21 directional vectors sampled) as well as for the Monte Carlo method using N=200 random
directional vectors, which is supposed to have a more precise estimation (at the cost of
approximately ten times more computational expense). The minimum, median, maximum and
first and third quartiles (Q1 and Q3, respectively) of both approaches are reported in Table 2.
The table also shows the targets computed for the corresponding directional vectors. In
particular, in this example, the directional target associated with the MEM median coincides with
the MEA target. To visualize this, a slightly larger width is used for the corresponding
directional vector in Figure 2. Note also that although the directional target corresponding to the
MEM median coincides with the MEA target, the MEM median does not coincide with the MEA
efficiency score because the way both efficiency scores are measured is different.

Finally, although, in order not to lengthen the paper, only the results of the assessment of DMU
D have been shown, the results for the other inefficient DMUs have been included in the online
supplementary material file.

4. Case study

This section applies the proposed MEM approach to assess the efficiency of material recovery
facilities (MRFs). MRFs receive residential and commercial waste and use a combination of
equipment and manual labor to separate and densify materials that are subsequently sent to
processors to produce new products. No previous applications of DEA to this type of facilities
exist in the literature. Two inputs have been considered: Municipal solid waste processed
(Waste) and the Staff level (Labour). Waste is a non-discretionary variable and Labour an integer
variable. As regards the outputs, they are the amounts recovered of each of five categories of
products: Polyethylene terephthalate (PET), High density polyethylene (HDPE), Liquid
packaging board (LPB), Paper/cardboard (P/C), and Steel (Steel). Table 3 shows the summary
statistics of the different variables. The 36 DMUs considered correspond to the observed

operating point of six MRFs over a period of six months.

13



-—== == == ====Table 3 ==================—=

Since a non-oriented efficiency assessment is desired and given the existence of an integer
variable, neither BCC nor SBM can be applied. Hence, the DMUs have been projected using
BAM, MEA and RDM. The three approaches, as well as the proposed MEM approach, report
that 25 of the DMUs are efficient. For each of the 11 inefficient DMUSs, the directional efficiency
score and corresponding target for 3,003 directional vectors (corresponding to a value A=0.1)
have been computed. Figure 4 shows, for each inefficient DMU, the MEM boxplot together with
the values for the other three approaches. Having in mind that all these methods use different
ways of measuring the distance to the efficient frontier, it can be noted that, except for DMUs 11
and 14, the efficiency scores computed by BAM, MEA and MEM are usually rather similar.
Also, for most DMUs, they are much higher than MEM. DMU 31 is a notable exception. Note
also that, except for DMUs 11 and 14, the MEM dispersion is not large, indicating that the
maximum relative improvement in any direction does not vary much. For DMUs 11 and 14, in
contrast, the maximum relative improvement is highly dependent on the improving direction

chosen.

=== == == =—=== Figure ] =======———m—————————

Table 4 shows the results for one of the inefficient DMUs, namely DMU 14. The tables for the
other inefficient DMUs are included as supplementary material. In the case of this DMU, the
range of values of MEM is relatively large, ranging from a minimum of 0.426 to a maximum of
0.664. As regards the corresponding targets, they are completely different. Although for all the
methods the targets dominate the observation (i.e. they consume less input and produce more
output) and the Labour target is integer, the input and output targets differ significantly,
indicating that they correspond to completely different projection directions. Thus, for example,
the BAM target computes a rather large input reduction and large increases of the LPB, P/C and
Steel outputs. The MEA target, in turn, does not reduce Labour as much nor increases LPB, P/C
and Steel as much as BAM, opting for increasing PET and HDPE more. The RDM target
continues that trend, reducing Labour less than MEA and increasing LPB, P/C and Steel less
than MEA and PET, and HDPE more than MEA. The MEM targets are also varied, with the

target associated with the minimum efficiency score of MEM similar to the BAM target and the
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target associated with the maximum efficiency score of MEM more similar to the RDM target.
The targets associated with the median, Q1 and Q3 efficiency scores of MEM represent other

intermediate input and output mixes.

=-== == == ====Table 4 ===================

Finally, Figure 5 shows, for some DMUSs, their corresponding MEM distribution. Similar figures
for the other inefficient DMUs are included as supplementary material. Note that, for each DMU,
this distribution shows how close overall the DMU is to the efficient frontier (lower overall
MEM values indicating larger distance) as well as if the distance varies much or not, depending
on the probing direction. Note that the shape of the MEM distribution varies from one inefficient
DMU to another and it is a reflection of the geometry of the region of the efficient frontier that
dominates the DMU. As opposed to the two-dimensional dataset of Section 3, in this
multidimensional case the shape of the efficient frontier cannot be visualized directly but leads to
a specific distribution of efficiency scores that captures and summarizes the corresponding

multidimensional geometrical features.

5. Conclusions

This paper proposes a novel way of assessing the efficiency of the DMUs that instead of
computing the distance to a single point on the efficient frontier, as existing DEA approaches do,
samples that distance using multiple directional vectors. This is done using a grid-based method
that generates directional vectors uniformly spread in the subspace that dominates the DMU. The
result is an estimation of the distribution of the corresponding directional efficiency scores. That
distribution provides information on the overall relative distance to the efficient frontier as well
as on whether the distance varies much or not, depending on the improvement direction

considered.

Although the main aim of the proposed MEM approach is to estimate the distribution of the
directional efficiency scores, the fact is that the procedure also provides a number of efficient
targets with a large variety of input-output mixes. This collection of Pareto-Koopmans efficient
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targets can be useful for selecting the most preferred target, i.e. one whose trade-offs are most
satisfactory to the DMU. The proposed MEM approach can be used in the presence of non-
discretionary and integer variables. It can also incorporate preference information in the

efficiency assessment.

The working of the method has been illustrated on a two-dimensional dataset as well as on a
real-world case study involving municipal solid waste-processing MRFs. The proposed approach
allows estimating the distribution of the efficiency, including minimum, maximum and median
values, for each DMU. The shape and dispersion of the efficiency distribution differ for the
different DMUs, thus providing information about the geometry of the region of the efficient
frontier on which the DMU can be projected. Also, useful information about the corresponding

potential targets is obtained in the process.

Although carrying out a thorough assessment of the efficiency of the DMUs instead of
computing the distance to a single target on the efficient frontier has appeal, it also has larger
computation costs. Thus, the smaller the grid size A, the higher the precision of the estimated
MEM distribution but also the larger the computing cost. However, since efficiency
measurement is not something to be done in real time, in general it may be worth investing some

computational effort in carrying out a more comprehensive and enriched assessment.

Apart from the computational expense, the main limitation of the proposed approach is the
assumption that all the observed inputs and output values have to be strictly positive. Relaxing
this assumption is a topic for further research as it is also how to make the approach translation
invariant. Currently, due to the way the slacks are normalized in phase Il of the DDF model used
and the SBM-like way of computing the directional efficiency scores, the MEM approach,
although units invariant, is not translation invariant. Using some translation invariant way of
normalizing the slacks (using, for example, the input and output ranges or their standard
deviations) may be investigated. Although it may increase the computational cost, using a
lexicographic DDF method similar to the lexicographic radial approach of Korhonen et al.
(2018) could be interesting. Other interesting topics for further research are extending the

proposed approach to network DEA or using it in a centralized DEA context.
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Table 1. Hlustration dataset

DMU X Y1 Y2
A 10 10 50
B 10 25 45
C 10 40 10
D 10 8 25
E 10 35 30
F 10 25 20
G 10 15 40
H 10 30 10

I 10 20 15
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Table 2. DMU D efficiency scores and targets computed using different DEA approaches

Target
Efficiency Score X Y1 Y2
BAM 0.556 10 25.00 45.00
ERGM/SBM 0.359 10 35.00 30.00
BCC 0.519 10 15.42 48.19
RDM 0.377 10 27.95 40.58
MEA 0.364 10 27.08 41.88
Maximum 0.615 10 10.00 50.00
Q3 0.502 10 16.59 47.80
MEM ]
(A=0.05) Median 0.395 10 27.08 41.88
Q1 0.366 10 33.35 32.48
Minimum 0.359 10 35.19 29.25
Maximum 0.615 10 10.03 49.99
Q3 0.544 10 13.81 48.73
Monte Carlo
method Median 0.428 10 22.75 45.75
(N=200)
Q1 0.377 10 30.77 36.35
Minimum 0.359 10 35.13 29.46




Table 3. Summary statistics of MRF dataset

Inputs Outputs
Waste Labour PET HDPE LPB P/IC Steel
Maximum | 19,729.0 90 | 242.06 76.50 222.40 290.22 291.10
Average 10,933.9 58.9 |119.14 35.50 56.88 119.48 147.92
Minimum 5,071.0 32 26.07 5.61 11.04 22.58 16.52
Std. dev. 4,468.8 22.8 67.59 21.89 43.82 88.22 87.04

Table 4. Observed inputs and outputs and computed efficiency scores and targets for DMU 14

Eff. Inputs Outputs
SCOr® | \waste | Labour | PET | HDPE | LPB | P/IC | Steel
Observation - 11,790 | 84 |187.36| 29.74| 121.96 | 190.04 | 85.36
BAM 0519 | 11,790 | 56 |187.36| 40.90 | 186.38 | 275.89 | 211.43
MEA 0.655 | 11,790 | 68 |192.62 | 46.80 | 154.80 | 232.98 | 197.45
RDM 0718 | 11,790 | 74 |19553| 50.05| 136.96 | 217.54 | 186.58
Maximum | 0.664 | 11,790 | 78 |197.93| 52.72 | 121.96 | 211.61 | 175.06
Q3 0.564 | 11,790 | 68 |187.36| 52.20| 125.25 | 247.26 | 178.76
(XAE(IJ\-Al) Median | 0513 | 11,790 | 65 |187.36| 44.42| 167.32 | 206.65 | 220.98
Q1 0.467 | 11,790 | 61 |187.36| 41.89| 184.22 | 229.09 | 226.27
Minimum | 0426 | 11,790 | 56 |187.36 | 40.90 | 186.44 | 274.35 | 212.01
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