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performance of industrial firms.
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1. Introduction

The development of performance or ranking indicatas a wide range of application in several
disciplines. It constitutes a central topic in (egconomics, health, sociology, education) and
modern formalized modeling has dealt with it formso considerable time. The formalized
modeling of this topic has led the way towardsistiaal application and evaluation, and it is
such application and evaluation that form the mhieme of this paper. At this stage it is
important to stress that each and every area dfcaipn has its own characteristics regarding

the nature and definition of the problem and theepbations and data collected thereby.

In the near past, numerous studies in many areating with education; economics; health; and
other social sciences, have been conducted in akielaping of performance indicators where
guantitative comparisons between institutions Haeen developed to introduce efficiency among
the activities in those areas. Many of these stydiewever, did not pay attention to possible
complexities associated with real data like, foaraple missing values and the nature of this
missingness; heavy tailed data as a result ofesatlamong theadependenvariable (note that in
many cases there is no dependent variable invoivethe analysis); possible linear trends.
However, Goldstein and Spiegelhalter (1996) adeéss some detail the need to take account
of model based uncertainty in making comparisoms,establish appropriate measures of
institutional outcomes and base-line measures, tanegxercise care and sensitivity when

interpreting apparent differences.

Among the most recent studies on performance asetbf Behrenze and Althin (2005) in the
area of labour market and unemployment, and Hatey (2005) in the area of health. In the first
paper the authors studied the efficiency and prindtycof employment offices in Sweden. They
applied the so-called Malmquist productivity indexhich measures the distance from every
office to the production frontier and the shiftingthe frontier over time. In the second paper,
however, the authors have used a two stages st@tistethod for evaluating health indicators
using routine hospital data to identify gynecoltgjiperformance. The robust Mahalanobis
distance is first used to reduce the dimensiorhefihdicators, after which the robust residuals
from the level-two estimation were investigatediridicate the outliers. Note that, in the first
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paper, the analysis has been done in the micrd &nEno consideration have been taken for the
possible existence of any hierarchy structure m dlata, while in the second paper possible
hierarchy is taken into account.

However, increasing attention is nowadays paid tdtilavel modelling especially in modelling

dynamic relationships of hierarchical structurebe Tpurpose of this study is to provide two
strategies, for performance evaluation of individuend organisations over time, that take into
consideration the problems mentioned associateldl ngil data which other previously studies
did not. Here we combine robust multivariate methadgether with multilevel estimation

methods that allow for missing observations amdrggdata. By following such strategies one
can avoid inadequate methods that might lead t@mdly misleading results and inferences. To
demonstrate these strategies, we use two examplastivo different areas. The first example is
regarding evaluating health indicators to assisiitheauthorities in decision-making, while the
second example evaluates the performances of malustms. These examples illustrate how
our approach can disentangle issues regarding pirgglpperformance indicators when the data
under consideration suffer from missing values/iens, are fat tailed, and different levels of

multicollinearity in the main structure.

The rest of the paper is organised as follows:i&e@ presents a description of the data and the
theoretical assumptions; Section 3 describes ththadelogy and estimation procedures; while
the results are presented in Section 4. Sectidma&l]y, gives conclusions and a summary of
findings.

2. Data Description

In this section we describe the nature of the tatadets that we use to illustrate our modelling

strategy.

Example one:
The data set here consists of routine hospital oflasgven clinically relevant indicator variables
from hospital episode statistics for 143 gynaedslsg These indicators are: % of finished
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gynaecologist episodes with complications; meargtlenof spell (in days); % of finished

gynaecologist episodes with more than two operafiéa of finished gynaecologist episodes
where spell is longer than episode; % of finishgmagcologist episodes for dilatation and
curettage on women aged less than 40 years; % nishéid gynaecologist episodes for
sterilisation on women aged less than 25 years;%naof finished gynaecologist episodes for
hysterectomy on women aged less than 30 yearsdatseare collected over five years period
(from 1991:2 to 1995:6, but only 68 gynaecologispear in all five years. High proportions

may potentially indicate sub-optimal performandehaugh this requires further study.

Example two:

The dataset contains all Swedish industrial firhveg &ire registered on the stock market and with
available accounts during the resent five year9418 2003). Data about 2004 are unfortunately
not completely recorded yet. With help of the dasbOSIRIS, 57 firms were identifiédhe
following ten variables were formulated: cost obdgs sold (COGS) to sales; free cash flow to
current liabilities; growth in gross investmentpgth in net turnover; growth in shareholders’
equity; growth in total debt; R&D to sales; salestbtal assets; solvency ratio; and cost of

employees.

COGS to saless a profitability ratio where COGS can be seethascost of doing business, for
example the cost of raw materials. The variableeghted by sales and measured in percentage.
Free cash flow to current liabilities a liquidity ratio. Free cash flow is how mudsh a firm

has after paying its bills for ongoing activitiasdagrowth. Current liabilities are the bills thaea
due in less than one ye&rowth in gross investmenteasures the growth in capital goods; the
variable is measured in percentage ter@wth in net turnovemeasures the growth in net
income or revenue from the sale of goods and sesyio percentagé&rowth in shareholders’
equity determine in percentage the growth of the amoynwihich the firm is financed through
common and preferred shar&rowth in total debtis a variable that measure the growth in
percentage of the total debt, i.e. the sum of steomh and long-term debR&D to salesis a

variable in percentage terms that quantify thetiredaimportance of R&D investments in the

2 The data however is described in more detailsaridy et al (2005).

3 OSIRIS is a comprehensive database of listed coiepabanks and insurance companies around the worl
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firm. The sales to total asseis a ratio that indicate the firm's efficiency aing its assets in
generating sales or revenuolvency ratias a measure of the firm’s ability to meet longater
obligations. The variable is calculated by takingpaapany's net worth to total assets.

3. Methodology and estimation procedures

This paper is designed to provide frameworks thabmpass two stages statistical methods that
evaluate health and firm indicators thereby assgjshiealth- and other authorities in decision-
making. Two stages of data reductions are propaset) two strategies. These strategies consist
of two major components, namely the multivariatehislanobis distance (MD) and the level two
standardised residuals estimates from the multilevadelling. In the following we present a
brief description of these two components.

Suppose thak = (X1, %o,..., X,)' is @ set of n observations on p random variafilgs. classical
MD is defined as:

MD(x) =/(% =V (% - )" . (1)

Where is the arithmetic mean vector aMl is the covariance matrix. The classical squared
Mahalanobis distance (MBjs not ideally suited to multivariate outlier detien because it is not

resistant to outliers. Rousseeuw and Leroy (198¢pmmend using distance based on robust

estimators of multivariate location and scaitgg,V, ) to avoid masking effect. A cutoff point of

\Xaoars» (P is the number of the variables), used to deitez points above as outliers. The
minimum covariance determinant (MCD) method of Rseesiw (1985) aims to find (h)
observations out of (n) whose covariance matfi,) has the lowest determinant. The

development of MCD is mentioned in Rousseeuw ana Daessen (1999) under the name Fast
MCD algorithm, where lower determinant of MCD camdpproximated from the initial MCD.



Assuming that the fraction of outliers is at mas{O<a< %), e.g. 50%, theo can be chosen to
equal )(3050 where, except for the extreme values cases, wecéxpe majority of the data to

come from a normal distribution. Let the halve @amth = (n + p +1) / 2 observations with (n)
total sample size and (p) number of variables, vewéhe determinants of the covariance matrix

(Vz) will be minimized subject to the inequality

{i, (% _:uR)VR_l( Xi_,up)t Saz} 2 h (2)

Finally the robust MCD distance can be written as

RMD(x;) = J (% = Hr)VR (% = 4R)" 3)

Whereug is now our first moment vector andk is the robust covariance matrix. Rocke and
Woodruff (1996) proposed the robust M estimatort thaes the fast minimum covariance
determinant estimator as an initial robust estinthen the estimate refines with M iterations
using the translated bi-weight function that is ald®d in Rocke (1996). In computing the
Robust Distance we use either the Fast MCD or theshmator that is available in the robust
library of S+ 8.

The data we study here consists of repeated pesfwenmeasures of random samples of item
(gynaecologists /firms). We start by writing a sleqpmpty model

Yi zﬁ"'ﬂol' 6§ (4)



wherey; denotes the MD of thé"iyear of the J gynaecologist,3 represent the mean MD
distance,,; is a random variable representing “between-itemasiability, ande; is a random

variable representing “within- items” variabilityhe distributions of the random variables are

Bo; ON(O,07)  § ON(O, 07), (5)

whereo? and ¢ are the residuals variances of the between ifeawsl two) and within items

(level one) effects, respectively. The so-calledéetWhite or sandwich estimator is then used to
obtain robust tests and confidence intervals byeoting the asymptotic standard errors.

Langford and Lewis (1998) propose downward residhaicking starting from the heights level
and continuing with each next lower level for thegose of outlier inspection and ranking. Here,

we consider both level one residuads,and level two residualg,; for this purpose.

The underlying assumptions of the model in formdlasd 5 suffer from lack of robustness
against outlying observations since both residaassased on the Gaussian distribution, Seltzer
and Choi (2003). According to Pinheiro and Wu (20@1 interesting feature of mixed-effects
models is outliear may occur either at the levehefwithin subject error;ecalled e-outliers, or

at the level at random effeg;; called 5 —outliers. In this paper our concern is the level two

subjects — outliers. Empirical Bayesian (EB) method is used to prelgie¢l two residuals.

One disadvantage is its strong dependence on tdelrassumptions and the other disadvantage
is when the number of sampling units in the lewal ts small, the EB approach in this case can

result in underestimating of uncertainty.

The Fully Bayesian (FB) approach bases inferenngb@marginal posterior distribution of all
the parameters in the model and the 0.025 and @@&stiles of this distribution would provide
the Bayesian analogue of a 95% confidence intergals Seltzer and Choi (2003).

Using the scale mixture of normal representati@sented by Seltzer and Choi (2003), the

normal representation of the t distribution withand®, scale parameter equals to 1 and
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degrees of freedom, (0], y) can be expressed byz— Z here is standard normal with mean 0

(.(11/2
and variance 1 andyj is chi-squared distributed divided by its degreegeedom and the

distribution of)(ﬁly: Gammda, b) whereazz andb =%, see Gelmn et al (1995). Using the

above argument and if we assume that the randeeutsfhiag (0,07, YXhen B,; in (2) has the

form:

2
Bo; ~ N(O,%) , Wheres ~Gammdy /2,y 12) (6)

For the level one residuals, , if we assume(0,0¢, ), then the definition under normality

assumption is:

0.2

y; ~ N(B,—2), wherer, ~Gammdy, /2,y, /2) (7)

f

Note that the mearf is a constant that may take any value based odatewe analyse. The

direct robust assumption of t distribution for tia® residuals shows different effect on ranks and
outliers. Here we will conduct a simple MCMC simida study to show the difference between
normal, the scale mixture (see Peel and Mclacl?@@4), and the direct t distribution assumption

of the two robust approaches. The construction haf proper normal prior for the above

simulation study will consider minimally informagwprior for 8 which we choose to be:
B~ N(0, 1*10). (8)

This type of normal prior adds no information te tthata since the data have a range of {0.88,
12.72}.



Now, in the first stage of strategy one, a robusitivariate MD (RMD) is computed from
several orthogonal indicators and assigned to sabiect over the years. These distances are
used in the second stage as the outcome in a eweltimodel (level 1: design variable for
distances over time, level 2: design variable famgling units) to obtain ranks of the units. In
other words, the rank from the second level roBtestdardized residual of a multilevel model of
the repeated RMD is computed for each individuafion. This can be done according to the

following:

=
1

Compute the RMD for all the variables over the gear

2- Use these RMD as the outcome in the robust mudilexodel (level one is the repeated RMD

while level two is the gynaecologist).

Obtain the rank from the robust level two standsediresiduals.

w
1

»

Compute the uncertainty of each rank using thegpiostdistribution of the MCMC.

For strategy two, in the first stage and to avoasgible multicollinearity, we consider one
variable at a time. For each variable, we applyrthatilevel modelling to achieve a reduction
over time to one single point. In order to obtagbust standardised residuals for a specific
gynaecologist or firm, the level two subjegs- outliers will be the outcome of this modelling.
We then repeat this procedure for the rest of theakles and obtain as many points as the
number of variables. In the second stage, we coen@RMD to obtain the rank of those units.
Processing in this manner we avoid the problemeafidg with dependency among the variables.

Strategy two can be summarised according to thewoig:

1- Compute the robust level two residuals for eachcatdr or variable separately over the

years.

N
1

Use these level two residuals in the second stagerhpute the RMD.

Obtain the rank from the RMD.

w
1

»

Compute the uncertainty of each rank using thegpimstdistribution of the MCMC.
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Note that, one can also apply the idea of strategy to dependent data but MD requires
independent indicators for the construction of ttlistances. However, robust principle

components can help us to decide which strategyséoby detecting independence in the data
structure. In what follows, we confine ourselvebtef descriptions of the methodological issues

used in this study, and further details are foumdited references.

3.1. Robust Multivariate Outliers Detection

The classical squared Mahalanobis Distance (Mi®)one approach to multivariate outlier

detection based on arithmetic means and covariarateéx, MD measures how far a random

vector is from the middle of its distribution. Thigll provide a reasonable summary measure of
the distance of each item (individual or firm) fralmee mean. Points in multivariate data with

large MD and greater thaf(xzp,o_gg) are approximately considered outliers, where g ldenotes

the number of variables with 0.85 quantile (see Rousseeuw and Leroy, 1987).

Note that occasionally one might be faced with sagleere one outlier is too extreme that it may
mask other outliers as a result. To overcome ttoblpm in MD, Rousseeuw and Leroy (1987)
proposed a robust estimation of covariance (M-tygleust of covariance). If the covariance
matrix for example is not estimated robustly thea tinderlying structured parameters are not
robust. Using a method called “C-step”, Rousseend/ \dan Driessen (1999) developed a fast
algorithm for Minimum Covariance Determinant (MCDOp approximate the minimum
covariance determinant estimator of the MD (seeésthé& Robust Library (2007) for use of MCD

algorithm and other algorithms).

3.2. MANOVA and Multilevel M odel

The data collected in this study are unbalancedatel measures over time. For strategy one, for
example, when modelling the outcome measure M, itipeated measurement data could be

viewed as multilevel data with repeated MD nestathiw subjects. This leads to a two level
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model with the series of repeated MD as the loviegtl and the individual subjects as the
highest level. Multivariate ANalysis Of VAriance ANOVA) may be used to model the MD
data. The advantages of MANOVA are that no assumgtabout the covariance matrix need to
be made and that under normality assumption itlgielkact tests. The assumptions are related to
independent and identical distributions within tme@nt groups, homoscedasticity between
groups, multivariate normality and complete datdewgroup sizes are different MANOVA will
suffer from lack of uniqueness, Searle Casella Blatulloch (1992). The assumption of
homoscedasticity is unlikely to occur in the stuwet of the data that we are dealing with,
however, since a group of subjects may show morati@ over time than other subjects and
this variation may lead the observation to be atiesuThis example shows the violation of the

homoscedasticity assumption.

The multilevel model in this study is composed lofee components; first, the fixed part that
represents the fixed effect of the intercept arattbnd, second, the random effect at level one,
and finally we have the random effect at level tWbe measurement occasions are nested within
subjects, level one units are occasions and levelunits are subjects. The random coefficient
approach to repeated measures is usually basedolgnomial trend to a model that is a
polynomial function of time. Depending on the resbatopic one may use any other linearly
independent set of functions. At this stage impartant to mention that there are two estimation
procedures for these purposes, namely, the Maxinhikelihood (ML) and the Residual
Maximum RML. RML estimation takes into account thses of degree of freedom resulting from
the estimation of the parameters of the fixed pad also allows for missing values. Hence, in
this paper, we are considering the RML as our edton method.

4. Results

In this section we present our main results for methodology for performance evaluation and
giving our two empirical examples. For strategy ,omben we use the assumption of normality
and in the case of almost independent or weak digp¢rata, we start the analysis by obtaining

the MD that we then use as the outcome in a mudtilemodel to obtain ranks of sampling units,
-11 -



(the outcomes from different time point are unbaégn On the other hand, and when some
dependency is existing among the variables, we Isyacalculating the principle components (to
detect independence) and then we obtain the RMD weathen use as the outcome in a

multilevel model using RML to obtain ranks of samglunits.

Strategy two starts with the multilevel modellinging RML first and then the RMD in the case
when normality is assumed, while we use the rolsosinterpart in the situation of fat tailed
distribution. The only difference between this &gy and strategy one is that here we ignore the
dependency between the variables since we considgrone variable at a time (missing time
points is possible) by applying multilevel modedjito reduce the points over the time for the
respective variable to one single point. We thgreae this procedure for the rest of variables and
obtain as many standardized points as the numbaribles. Finally we obtain the RMD, or the

robust version of it in the presence of fat taikedpbtain the rank of those units.

Example one

For this example, and since the data is not highliinear, we apply both strategies to maintain
the ranking performance. We first follow strategyptto achieve the results of ranking indicators
of the gynaecologists and compare the last 10%eofanking distribution with those obtained by
means of strategy one. If the two strategies leasirhilar results, we then concludes that they
converge to each other with respect to rankingotrst/worst individual in the sample. The results
of the two strategies are presented in FiguresdL2arThese figures are constructed using two

different functions the mater that makes them Iogldifferent in construction.

In these figures we show all the results from qualgses but we only rank a subset of them that
are quite different in performance than the othEws.example using strategy one we in Figure 1
show the results from about the uppef p@rcentile ranking of the indicators (16 gynaegisits)
that might give us a picture of bad performancetii@r ranked individuals. Figure 2 also shows
results about the upper "L@ercentile ranking of the indicators (16 gynaegisits), but we use
strategy two to produce these ranking indicatohe fesults from the two figures reveal that both
strategies almost agree in this case regardingaingber of individual that belong to the upper

10" percentile of the ranking distribution of the ggnalogists (an agreement of about 80% in
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ranking and a correlation of about 0.75%). Howebeth strategies totally agree with respect to
the last three gynaecologists with the worst perforces in the sample, namely gynaecologists
with ranks, 111, 117, and 118.

Figure 1. Upper 10" per centileranking of theindicators using strategy one
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A Markov Chain Monte Carlo (MCMC) simulation stutias been conducted using WinBugs,
version 1.4 to compute the uncertainty of the raki¥s compare between 3 types of distributions
for the level 1 and level 2 residuals, namely tharmal, t(4,4) and the Scale Mixture of the
normal representation of the t-distributions. Tasults of this simulation study are presented in
the following Table 1. The results presented inl&abare for the cases when there exist some
kind of disagreement, when using these three digians, regarding indicating the outlierness of
the individuals. In this table we only include tba&ses of individuals that considered as outliers
by at least one of used distributions (i.e., whes walues of the level two residuals are greater
than 2). The results, however, indicate the folluyviThe 3 methods show negative slope over
the studied period, i.e. The fixed linear trend =-(.1135, -0.0754, -0.0717} indicating
progressive shrink of the MD distance over timee Thter Class Correlation (ICC) shows
stronger clustering with the case of the Norif@ta614) and weaker in the case of t(4,4) (0.418)
and scale mixture(0.428). The Tau in the tabledsteior the within level 1 residuals variance
over the number of years, while the Tau.u2 is teewvben level 2 residuals variance. These

variances are significant in all cases.

Using the t(4,4) and Scale Mixtyrehe level 2 residual value (of sample size 5 yefms}the
individual number [75] strongly classify him/her & outlier, indicating consistent low
performance for this individual, while using the @l distribution this individual is not

considered as an outlier. This indicates that }(@ scale mixture show robust outlier detection.
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Table 1. Resultsthat disagreeregarding indicating the outlier ness of theindividuals using

the 3 distributions (values, standard divinations and confidence intervals arereported)

D

Normal Taa Scale Mixture Sample siz¢
3.584 3.076 3.039 -
Grand mean 0.1762 0.1395 0.152
(3.24,3.934) | (2.881, 3.353)| (2.755, 3.359)
-0.1136 -0.074 -0.0735 -
Fixed linear 0.038 0.0313 0.032
trend (-0.187, -0.038) (-0.137, -0.013) (-0.137, -0.010)
1.221 1.716 1.729 -
Tau 0.095 0.173 0.171
(1.049, 1.42) | (1.399, 2.075)| (1.435, 2.091)
1.967 1.246 1.309 -
Tau.u2 0.319 0.259 0.271
(1.411, 2.665)| (0.806, 1.853)| (0.833, 1.899)
1.871 2.410 2.382 5
Individual [75] 0.483 0.6822 0.715
(0.914, 2.835)| (0.951, 3.598)| (0.851, 3.581)
2.157 1.721 1.755 3
Individual [90] 0.593 0.803 0.888
(0.995, 3.35) | (0.245,3.339)| (0.229, 3.779)
2.578 2.570 2.586 1
Individual [106] 0.880 1.724 1.792
(0.860, 4.301) | (-0.643,5.398)| (-0.724,5.452)
5.966 5.144 5.883 1
Individual [111] 0.953 4.532 4.501
(4.047,7.820)| (-1.11,11.20) | (-0.950, 11.18)
2.765 2.846 3.118 1
Individual [115] 0.887 1.90 1.864
(1.050, 4.531)| (-0.583,5.78) | (-0.560, 5.87)
2.203 1.205 1.087 3
Individual [116] 0.599 0.89 0.847
(1.05, 3.346) | (-0.290, 3.065)| (-0.331, 2.879)
3.765 4.694 3.976 1
Individual [117] 0.902 2.393 2.676
(0.965, 5.599)| (-0.50,7.715) (-0.835, 7.68)
2.876 2.814 3.178 1
Individual [118] 0.895 2.023 1.955
(1.108, 4.689) | (-0.760, 5.959)| (-0.425, 6.115)
2.194 2.401 2.392 1
Individual [131] 0.884 1.435 1.552
(0.480, 3.964) | (-0.434,4.716)| (-0.599, 4.788)
DIC 1593.74 1505.54 1400.50
ICC 0.614 0.418 0.428
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In the table, we have 6 individuals with only oreaysample size available, namely [106], [111],
[115], [117], [118] and [131]. Using the Normal wgibution, these individuals have been
significantly considered as outliers. On the othand, when applying thg4,4) and the Scale
Mixture, these individuals are still consideredoasliers, but with higher uncertainty making the
results statistically insignificant. The confidenogervals associated with the estimated residuals
for these individuals cover the value of zero. Teans that making analysis on these
individuals by means of only one observation ofetimight lead to misleading conclusions. This
has been discovered when using the more robugl) téhd Scale Mixture but not the Normal
distribution. The same is true for the individug@®] and [116] for whom the level 2 residual
values (of sample size 3 years) significantly iatkc them as outliers using the Normal
distribution, while the t(4,4) and the Scale Miduwignificantly do not indicate the first as an

outlier, the second however is not statisticalgngdicant.
Example two

In this example, and since the variables are higldgrelated (the correlations between the
variables are between 0.60 - 0.90), we only appiteqyy two. Applying the first strategy, by
first computing the PC to detect independence, sighificantly reduce the information used in
the analysis which might lead to the problem oftting relevant information. The results shown
are obtained using the variablé®©GS to sales, Free cash flow to current liabititi&rowth in
gross investment, Growth in net turnover, Growthtatal debt, R&D to salesnd cost of
employeesThe other variables did not show any significamcel were excluded from the

analysis. The results of the ranking indicatorssiw@wvn in Figure 3 bellow.
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Figure 3. Ranking of the companiesindicator sregarding best performances using strategy two
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Our analysis indicated the firms with the best pemances among the others, these are the
observations 45, 48 and 55 that stand for the fi@asdvik, Securitas and Volvo, respectively
(but that Sandvik and Securitas clearly have tret performance). A closer examination of the
figure, reveal that some other firms are also iaigid to have fairly good performances, namely
those that are associated with observations 532,646, 50 and 51 (not specified in the figure)
that stand for the firms Atlas Copo, Fingerprint@@aNCC, Scania, Skanska and SKF. Note that

all these indicated firms are heavy industry, bogdand computer firms in Sweden.

5. Summary and Conclusions

The main purpose of this paper is to propose argeframework for performance evaluation of
organisations and individuals over time using nmuely collected performance variables or
indicators. Two approaches or strategies are reaamded depending on the nature of the data
under consideration. It is not unusual that the @aé often interdependent, correlated over time,
with missing observations, or used to come fromvidailed distribution shaped by outliers.

Based on this fact, and the strength of possilikrdiependence between variables, we introduce
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two strategies for evaluation (ranking) of samplumgts. In cases when the dependency structure
between the variables is weak or the variablesahrest orthogonal to each other, the first
strategy starts by computing the Mahalanobis degtgD) for each sampling unit (if these units
are normally distributed), or the RMD (in the cadeéheavy tails distributions) for all indicators
over time. These distances are then used in tlendestage as the outcome in a multilevel model
using RML to obtain ranks of sampling units. Thew®l strategy should be used when the
dependency structure between the variables is figih it also works in cases with weak
dependency or if the variables are almost ortholyotiastarts by first applying the multilevel
model with indicators as the outcome to derive sbtsiandardised residual for each indicator
variable in the first stage, and then compute an ®&M1RMD of all indicators for each sampling
unit in the second stage.

To summarise, strategy one can handle missing whate robust residual maximum likelihood
(RML) at stage two, while strategy two handle nmngsdlata at stage one. Running one indicator
at a time in strategy two solve the multicolineaproblem. Strategy one requires independent
indicators for the construction of the distancéss(imply a great loss of information when the
variables are not independent, however when cdinglgrinciple components and excluding
dependent data to achieve independency), whereadsgy two does not. Two different domain
examples are used to illustrate the applicatiorthef two strategies. Example one considers
performance monitoring of surgeons and example dausiders the performance of industrial
firms. The code for the program is included atehd of this paper and the data we used together

with the initial values are available upon requiesin the authors.

The results from the first example reveal that lxithtegies almost agree regarding the number
of individual that belong to the upper ML(percentile of the ranking distribution of the
gynaecologists (an agreement of about 80% in rgnéamd a correlation of about 0.75). However,
both strategies totally agree with respect to tast lthree gynaecologists with the worst
performances in the sample. In the second exarhpigever, we are intending to rank the firms
with the best performances. Since the analysedbias are very collinear, we applied strategy
two in our analysis. The results show that thremdiare ranked as having the best performance

with respect to the sample period. These are Skn8ecuritas and Volvo. Other firms have also
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shown to have good performances, namely; Atlas Cepgerprint Card, NCC, Scania, Skanska

and SKF. These firms are known to be heavy indubtriding and computer firms in Sweden.
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