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Benefit-of-the-doubt approach to workload 
indicators: Simplifying the use of case 
weights in court evaluations 
 
Peter Bogetoft1 & Jesper Wittrup2  

 
Abstract: 
In practice, the calculation of workloads in different entities and the allocation of resources between such 
entities is often done using simple task weighting models. Different tasks are assigned weights and the total 
workload is the weighted sum of the tasks performed. Traditional approaches for establishing the weights, 
including the using of Delphi methods or detailed time-studies, are however expensive, and the resulting 
weights are often challenged by the evaluated entities. In this paper, we discuss how to mitigate these 
problems.  

We study the problem within the context of the judiciary system. To ensure an efficient judiciary, it is usually 
considered necessary to have a reliable case weighting system (CWS). Different types of court cases, e.g. 
criminal versus civil cases, have different resource needs, and to get a relevant aggregate measure of the tasks 
at hand, it is therefore necessary to weight the different court cases, i.e. to construct a case mix corrected 
workload measure. 

We suggest a “benefit-of-the-doubt” (BoD) approach inspired by recent developments in Data Envelopment 
Analysis (DEA). We allow for uncertain weights based on only partial information about the “true” weights, 
and we evaluate individual courts with the weights that put them in their most favorable light. In addition to 
making the weight setting easier and less disputable in applications, our approach dispenses with several 
limitations of a traditional weighted caseload approach, including the implicit assumptions of constant returns 
to scale and a constant rate of substitution between caseloads. Moreover, most of the applications of detailed 
case weights are still available using our BoD approach. We can continue to evaluate the efficiency of 
individual courts and device sound and fair resource allocation procedures that are robust to the remaining 
uncertainty about weights. 

We illustrate our approach by several real-world applications and discuss relevant extensions and applications 
in other areas, including regulation. 
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1. Introduction 
 
The idea of a case weighting system (CWS) is simple: Some legal cases require more resources than others. To 
get an aggregate measure of the work-load facing a court, we therefore need to weigh the number of cases 
with their resource weights.  
 
Weighted caseload models have successfully replaced more traditional staff allocation approaches in many 
countries (Ostrom & Kauder, 1998; Gramckow, 2012; Lienhard & Kettiger, 2011). It is obviously inadequate 
to base staff allocations on bureaucratic input-based model, where staffing and budgets are determined 
primarily by the previous year’s allocation. However, it is also flawed to base staff allocations on the total 
number of cases without considering case types (Gramckow, 2012). Over the past 30 years, case weighting in 
various forms has therefor been introduced in most judiciaries in the developed countries and is often touted 
as a key reform component for developing countries, cf. Webber (2007) and Kleiman et al (2019).  
 
The weighting approach is typically used in simple efficiency evaluations, e.g. by considering key performance 
indicators like weighted caseloads per judge or staff member. The CWS is also used in staff (re)allocation 
models, typically by striving to equalize the weighted caseload per judge in different courts or across time. 
 
There are several advantages of a CWS. First, using a CWS it is possible to allocate budgets and staff 
according to what is needed, on average, to process the different types of cases. This ability is essential not 
only to the efficiency but also to the fairness of the overall court system. If some courts are seriously 
overburdened with work while others are not, citizens cannot expect equal treatment. Secondly, a CWS can 
promote a culture of flexibility in court management that may flow into a wide range of managerial and 
resourcing decisions and judicial performance issues. In other words, a CWS may help to break down cultural 
or systemic rigidities that are an impediment to the success of various reforms within the judicial sector. 
Thirdly, a suitable CWS and key performance indicators based thereon will allow the judicial sector to express 
its demands for budgets and staffing much more effectively and thus make it more likely for the sector to 
obtain the financial recognition it seeks. 
 
Of course, there are potential disadvantages to a CWS approach as well. One of the most serious obstacles is 
the time and resources needed to determine and agree on the exact weights for each case type. Typically, the 
process of establishing a CWS requires detailed time studies involving many, if not all, of the judges in the 
courts. In addition, a consensus typically requires several meetings to assess and readjust weights. In most 
countries, the process of establishing a weighted caseload model spans over several years. A related challenge 
is the need to maintain current weights. If a set of new codes is introduced, the judiciary, in principle, needs 
to launch a new weighted caseload study to adjust the weights. 
 
Given the amount of resources judiciaries spend on weighted caseload studies, it is important to find more 
cost-effective means to establish and work with case weights. One aspect of this, which to the best of our 
knowledge have not attracted much attention, is to use sensitivity analysis to determine how precise the 
weight information really need to be. This is effectively the approach we take here. The basic hypothesis is that 
weight uncertainty may only have a limited impact on the outcome and that ordinal weights, which are much easier to establish, 
may suffice in many applications. The real world cases we discuss supports this hypothesis.  
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Although we frame our discussions and limit our applications to judiciaries, it is important to note that the 
basic problem and the suggested solutions are equally valid in many other sectors. In practice, the aggregation 
of the workload in different organizational entities and the allocation of resources between them is often 
done using simple task weighting models. Different tasks are assigned weights or unit costs and the total 
workload is the weighted sum of the tasks performed. In many such applications, the establishment of 
weights is costly and controversial just like in the judiciary system, and therefore our solutions based on 
imprecise or uncertain weights are equally relevant in such applications. 
 
In Section 2, we give a bit more background and a brief introduction to the relevant literature. I Section 3, we 
formalize the classical CWS approach. In Section 4, we introduce the idea of partial weight information and 
formulate our approach based on Data Envelopment Analysis (DEA). Further discussions of alternative 
(re)allocation approaches are provided in Section 5. In Section 6, we test our approach on an existing case 
weighting system for Danish courts. In particular, we focus on the impact of weight uncertainty and on the 
possibility of relying on ordinal weights only. We also explain how our approach has also been applied as a 
shortcut to case weighting in Moldova, Romania and Georgia. Generalizations and extensions of the research 
is presented in Section 8. We end with final conclusions in Section 7. 
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2. Background and literature 
 
As noted by Kleiman ea (2019), case weighting systems have many possible applications. They can be used 
for example to 

• determine the judges needed to efficiently and effectively handle the workload of the courts; 
• determine additional resources that are needed to reduce and eliminate existing backlogs; 
• equalize the workload among judges in the same court; 
• balance judicial workloads among courts of the same type throughout a region or a country; 
• inform the evaluation of court performance. 

 
In the case weighting literature, it is common to suggest two approaches to the establishment of weights. The 
first approach, the Delphi approach, use expert opinions to estimate the amount of judge time associated 
with particular case types. The second method is based on time studies, during which judges track all of their 
working time by case type. Both methods are expensive and even more important, the results are often 
disputed by the evaluated. It would therefore be very useful to use methods that rely less on the details of the 
weights, and more on their general magnitudes and possibly only on their ordinal ranking of different case 
types. This is the idea we pursue in this paper. 
 
In this paper, we will focus on the use of a CWS to evaluate court performance and to suggest reallocations 
between courts. We will address the difficulties of establishing good weights and suggest the use of DEA like 
benefit-of-the-doubt (BoD) approaches to overcome these difficulties. Our aim is to show that even 
imprecise weights will often suffice to make reasonable evaluations and to suggest the most obvious 
reallocations. 
 
There is a large literature that is potentially relevant to this study. We will discuss the literature throughout the 
paper but would like already here to point to at least five strands of relevant literatures. 
 
First of all, it is important to realize that the basic approach in case weighting and the basic challenges are not 
unique to the judiciary system. Task weights or unit costs to aggregate a multiplicity of different types of tasks 
– or outputs produced – is widely used in numerous sectors.  In hospital models, it is common to use 
diagnosis related groupings (DRG) and associate relative unit costs for the treatment of the different 
diagnosis, cf Fetter e.a (1980) and WHO (1998). This is used both to measure workload and evaluate 
performance and to determine payments by insurance companies etc.  In the governmental allocation of 
budgets to sub-regions, it is also common to identify the resources needed in a local area by combining 
information about different groups of citizens with the relative resource needs of these. Inside large 
businesses, similar approaches are used. Banks have model of the time needed for different task and use these 
to guide resource allocations. Many universities allocate duties using norm system that assign time-weights to 
different types of administrative and teaching activities. And so on. 
 
Secondly, it is relevant to note there is a large literature on the benchmarking of courts and related entities 
using Data Envelopment Analysis (DEA) and similar operations analysis techniques. Some early court 
evaluations are Lewin, Morey and Cook (1982) and Kittelsen and Førsund (1992) and more recent ones using 
new DEA developments include Silva (2018). In court models one or more resources, including judges, 
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clerks, buildings and IT, are seen as inputs to a production process that leads to cases being decided. There 
will typically be different groups of cases and possibly even some weighting of case types within these groups. 
But the general idea of traditional DEA models is that the relative resource needs of the different case types 
are determined endogenously and such that they put all courts in their most favorable light, cf. also Bogetoft 
(2012) for a general discussion of DEA.  

 
More recently, the idea of using partial weight information has attracted some attentions in the DEA 
literature. Survey of techniques to include weight-restrictions in DEA are provided by Allen et. al. (1997) and 
Pedraja-Chaparro ea. (1997). One of the most used approaches is to use so-called assurance regions as 
surveyed in Thanassoulis et. al. (2004). A popular approach is the so-called cone ratio analysis, which was 
introduced by Charnes et. al. (1989). For a recent critique of many weight restriction approaches, see 
Podinovski (2013, 2015), and for a general introduction, see Bogetoft and Otto (2011). In our evaluations of 
court performances using a benefit-of-the-doubt approach we directly rely on the idea of this literature. A 
paper that is directly related to our analysis is Santos and Amado (2014). They used weight restrictions in a 
DEA analysis of the efficiency of Portuguese courts using a DEA model with 2 inputs and 43 outputs. Our 
study differs by discussing reallocations when weight information is imprecise. 
 
We should also note that the idea of using DEA to aggregate several sub-indicators is not new. The 
difficulties of establishing authoritative weights of several indicators lead Cherchye et al (2007) to suggest the 
use of a DEA like approach where weights are set endogenously to put everyone in their most favorably light. 
Following Melyn and Moesen (1991), they termed it the benefit-of-the-doubts BoD approach. The BoD 
model is, along with DEA, the principal component/factor analysis, and the unobserved component model 
the four statistical methods recommended by the OECD (2008). In this paper, we differ by not only 
considering a pure BoD approach to aggregate indicators, but by allowing weight restrictions and by 
considering the applications of such indicators to reallocation problems. 
 
Lastly, our contribution is related to the DEA literature on reallocations. DEA models can be used not only 
to evaluate performance but also to estimate likely effects of resource and task reallocations. This idea is 
related to the literature of structural efficiency, cf. Farrell (1957) and Försund and Hjalmarsson (1979) for 
early contributions. The discussion of alternative reallocations is also part of the more recent merger 
literature, cf. e.g. Bogetoft and Wang (2005), and the literature on more sector wide reallocations, e.g. 
Andersen and Bogetoft (2007), Asmild, Paradi and Pastor (2012), and Bogetoft ea (2007). In a recent study of 
Italian courts, Peyrache and Zago (2016) also focus on the reallocation question and what can be gained by 
learning best practices and by improving scales of operation. We build on the reallocation literature, but we 
extend it by providing some initial applications of reallocations when we only have partial weight information. 
To the best of our knowledge, this has not been studied in the DEA literature so far, and as we shall see, it is 
not immediately obvious how to do so.  
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3. Case weighting 
 
In this section, we briefly formalize the case weighting logic and we relate it to a simple DEA problem. 
 
We consider a setting with K courts, k=1,…,K. Each court can handle up to T different types of cases, 
t=1,…, T. Let C1,k,…, CT,k, be the number of cases of the different types handled by court k. Also, let W1,..., 
WT be associated case weights. The weights are one-dimensional expressions of the resources needed to 
handle different case types. For now, we can think of the weight Wt as a simple time measure – e.g. as the 
number of minutes of judge-time it takes on average to handle a case of type t. Lastly, let us assume also that 
the actual number of judges in court k is Jk. 
 
In this setting we can construct an aggregate measure of court workload. The estimated workload Lk in court k is 
given by 

𝐿k =$𝑊t ∗ 𝐶t,k
*

+,-

 

This measure of workload can for example be expressed as the estimated case mix corrected need for full-
time equivalent judges (FTEs).  
 
In a traditional production perspective, we can think of court k as transforming inputs Jk into output 𝐿k. We 
can therefore also use the measures to gauge efficiency and to (re)allocate resources.  
 
A simple measure of the absolute efficiency of court k is the workload per judge KPI 
 

𝐸k =
𝐿k
𝐽0
=
∑ 𝑊t𝐶t,k*
+,-

𝐽0
 

 
A value higher than one suggests that court k is overloaded, and a value below one suggests that court k has 
excess resources. A value of 1.2 suggests that the court is operating at 20% above estimated capacity, and a 
value of 0.9 suggests that the court could increase in workload by 10% before facing capacity constraints.  
 
We can also measure the relative efficiency of the different courts. We can measure workload per judge in a given 
court relative to the average judge workload or relative to the highest judge workload. Taking the latter 
approach, we obtain the relative efficiency ek of court k as 

𝑒k =
𝐸k

max
6
	𝐸h

=

∑ 𝑊t𝐶t,k*
+,-
𝐽0

max
6

∑ 𝑊t𝐶t,h*
+,-
𝐽6

 

 
Relative efficiencies are, at the most, 1. A value of 0.8 suggests that the workload per judge in court k is 20% 
below the workload per judge in the most efficient or (over)loaded court.  
 
An interesting feature of this relative measure is that the absolute weights do not matter. We can multiply all 
weights with the same factor without affecting the relative efficiency. Hence, to measure relative efficiency, it 
suffices to know the relative weights. If there are only two case types for example, it does not matter if type 
t=1 requires 2 hours and type t=2 requires 1 hour, or if type t=1 requires 2.4 hours, while type t=2 requires 
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1.2 hours. This advantage of relative weights has a cost, of course. We cannot evaluate how overloaded the 
different courts are, only how overloaded they are compared to each other. However, in many applications, 
this information is all we need. For the purpose of reallocating a given budget, we only need the relative 
weights. Similarly, for evaluating the increase or decrease in workload over time, we only need the relative 
weights. It is only to argue a general increase in judiciary resources that we need absolute weights.  
 
It is important to understand that we can interpret the (relative) efficiencies as indicators of staffing needs. The 
larger the efficiency, the larger the need for extra resources is. Many sectors use such staffing needs indicators 
in the allocations of personnel. Outside the judiciary system, we can consider the health sector. The World 
Health Organization, WHO, early developed workload indicators along these lines, cf. WHO (1998).  
 
We have used the term efficiency above since it links with the benchmarking literature. In fact, we can rewrite 
the efficiency as a simple input-oriented DEA program, where for each court h we have one output, the 
weighted case load ∑ 𝑊t𝐶t,h*

+,- , and one input, the judges 𝐽6. The relative efficiency 𝑒k of court k can be 
rewritten as  
 

𝑒0 = min
;,<

𝐸 

										𝑠. 𝑡.		𝐸𝐽0 	≥ $𝜆6𝐽6

B

6,-

 

																					$𝑊t𝐶t,k
𝑇

𝑡=1

	≤ $𝜆6($𝑊t𝐶t,h
𝑇

𝑡=1

)
B

6,-

 

 
It is easy to prove this equality using dualization of the linear programming problem and reformulations like 
in Bogetoft and Otto (2011, pp. 133-135). The interpretation of the linear programming problem is as 
follows: We compare court k with a combination of other courts. The combination of other courts is using 
∑ 𝜆6𝐽6B
6,-  judges to handles a weighted case load of ∑ 𝜆6(∑ 𝑊t𝐶t,h𝑇

𝑡=1 )B
6,- .  By the second constraint, the 

combination of courts is able to handle at least the same case load as the court k that we evaluate. Now, as 
emphasized by the first constraint, we seek to find the largest reduction of judges in court k, i.e. the smallest 
share E of the existing judges, that suffices to leave more judges than what is needed in the combination of 
courts, ∑ 𝜆6𝐽6B

6,- . 
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4. Benefit-of-the-doubt (BoD) approach to case weighting 
 
In reality, it is costly to establish the case weights 𝑊-,… ,𝑊B. Also whichever procedure is used, the resulting 
weights are likely to be questioned. It would therefore be advantageous to allow for uncertain weights based 
on only partial information about the “true” weights.  

There are several means to introduce partial weight information. 

One simple idea is to allow for weight uncertainty in the form of weight intervals. Instead of assuming for 
example that an average case of type t takes 200 minutes to handle, we may assume that it takes between 150 
and 250 minutes to address. In general, we may allow the weight 𝑊+ of a case type t to vary around a fixed 
weight 𝑊+

I as follows 

(1 − 𝑎+) ∗ 𝑊+
I ≤ 𝑊+ ≤ (1 + 𝑎+) ∗ 𝑊+

I			𝑡 = 1,… , 𝑇 

If 𝑎+ = 0.25%, this means that the true weight 𝑊+ may be 25% below or above the fixed weight 𝑊+
I. 

Another and more radical idea is to allow for any weights that fulfill certain ordinal rankings. We may for 
example require the weight for case type s to be less than or equal to the weight for case type t: 

𝑊Q ≤ 𝑊+ 

The use of uncertain weights of these types are illustrated in Figure 1 below. Here, we consider the set of case 
combinations that potentially has the same workload as the workload resulting from 𝐶-∗ cases of type 1 and 𝐶R∗ 
cases of type 2. With fixed weights, the set of case combinations leading to the same weighted workload is 
limited to the straight line. With interval estimates of the weights, the set of case mixes that potentially have 
the same workload as (𝐶-∗, 𝐶R∗) is expanded by the shaded area. The same occurs when we have ordinal weight 
restrictions (𝑊1 ≤ 𝑊2). 

 

 

Figure 1  Uncertain weights and potentially equal workloads 
 
In these ways, we can supplement the traditional idea of fixed weights in the workload model with the 
possibility of uncertain weights. Specifically, we suggest the use of weight intervals, and the use of only 

C1C*1

C*2

C1C*1

C*2

C2Fixed weights Interval weights

C1C*1

C*2

C2 Ordinal weights
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ordinal rankings of the weight. Of course, there are other possibilities, and in the benchmarking literature, 
there is an extensive discussion of alternative restrictions and their pros and cons. Bogetoft (2012, Ch 3) 
provides a textbook introduction. Surveys of techniques to include weight-restrictions in DEA are provided 
by Allen et. al. (1997) and Pedraja-Chaparro ea (1997). One of the most used approaches is the so-called 
assurance regions as surveyed in Thanassoulis et. al. (2004). Another common approach is so-called cone 
ratio analysis, which was introduced by Charnes et. al. (1989). For a recent critique of many weight restriction 
approaches, see Podinovski (2013, 2015). 
 
An approach that is widely advocated in the literature is the use of so-called Type 2 assurance regions. Type 2 
assurance regions correspond to restrictions on the relative weights such as 𝑎 ≤ 𝑊R/𝑊- ≤ 𝑏. It worthwhile to 
observe that our use of weight intervals effectively corresponds to the use of Type 2 assurance regions since 
the absolute values of the weights do not matter in the calculations of relative efficiency and in the 
reallocations below3.  
 
How then can we measure the relative workload of a given court when there are uncertainties about the 
weights? 
 
An appealing approach is to let the courts take advantage of the doubts about the weights. When we analyze 
the workload of a specific court k, we will therefore seek the weights that fulfill our restrictions, and which 
provides court k the highest possible relative efficiency. Despite providing court k the benefit of the doubt 
with regard to weight combinations, if we find a court h with a much higher ratio, we can safely argue that 
staff should be transferred from court k to court h.   
 
To provide court k the benefit of the doubt with regard to combinations of weights, we measure the relative 
efficiency 𝑒k with uncertain weights by solving the following optimization problem: 
 

    𝑒k	= max
U1,…,UV

W∑ UtXt,kV
YZ[
\]

max
6

∑ UtXt,hV
YZ[
\^

_ ` 

subject to 

    𝑊1,… ,𝑊*	satisfy	our	weight	restrictions 

That is, we find the weights among all the feasible weights given our restrictions, which provides court k the 
highest possible (relative) efficiency and therefore the highest possible indication of staff needs. 

Using that the absolute weights do not matter, only the relative weights, we can easily rewrite this as 

    𝑒k	= max
U1,…,UV

W∑ UtXt,kV
YZ[
\]

` 

subject to  

                                                   
3 To see that our use of interval weights corresponds to Type 2 assurance regions, we can rewrite the interval constraint 
by norming with for example 𝑊-. The interval constraints the become 

(1 − 𝑎0) ∗ 𝑊0
I

(1 + 𝑎-) ∗ 𝑊-I
≤
𝑊0

𝑊-
≤
(1 + 𝑎0) ∗ 𝑊0

I

(1 − 𝑎-) ∗ 𝑊-I
	 , 𝑘 = 2,… , 𝐾 

i.e. typical Type 2 assurance regions. 
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    ∑ UtXt,hV
YZ[
\^

≤ 1			ℎ = 1,… , 𝑛			 

    𝑊1,… ,𝑊*	satisfy	our	weight	restrictions 

In other words, we want to apply the combination of weights that maximizes the workload ratio for court k, 
while at the same time making sure that when these same weights are applied to other courts, the ratios for all 
courts are less than or equal to 1. If the resulting score for court k is less than 1, this indicates the staff level 
of the court is high compared with at least one other court. 

The first part of these formulations (without the weight restrictions) is similar to the original Data 
Envelopment Analysis (DEA) problem suggested in the seminal papers introducing DEA, namely, Charnes, 
Cooper and Rhodes (1978,79)4. Hence, the classical DEA approach is similar to a case weighting system, 
CWS, except that the traditional DEA formulations do not restrict the weights. In CWS, the weights are 
determined first and then used to evaluate the courts. In the classical DEA approach, the weights are 
endogenous and are set for each individual court to position it most advantageously.  

What we suggest here is a solution between having entirely fixed and precise weights like in a classical CWS 
approach and having totally free and endogenous weights like in a classical DEA formulation. As explained 
above, there is also more recent DEA literature invoking weight restrictions. Therefore, we can interpret and 
solve a CWS with uncertain weights as a DEA problem.  This observation has several implications. 

First, we can apply software designed for DEA to this type of case weighting. All the models presented in this 
paper rely on (a simple adjustment of) the open source code from the R-package named Benchmarking5, 
(Bogetoft & Otto, 2015). 

Second, the linkage with DEA suggests that we can also extend the traditional CWS to mitigate other 
disadvantages of a traditional CWS.  

One limitation of traditional CWS, as with any system based on a simple key performance indicator (here, 
workload per judge), is that it presumes constant returns to scale. In other words, traditional workload 
analyses using a CWS assume that there are no economies or diseconomies associated with being small or 
large. In reality, this assumption is likely not fulfilled. Most likely, there will be fixed costs associated with the 
running of any court, which leads to diseconomies of being small. Similarly, a large organization may 
experience diseconomies due to extended coordination and motivation costs. We can easily extend the above 
programs to allow for alternative returns to scale assumptions. We simply need to introduce one extra 
variable, V, and define the (relative) efficiency as 

𝑒k	= max
o,U1,…,UV

p
𝑉 + ∑ 𝑊t𝐶t,k*

+,-

𝐽0
max
6

𝑉 + ∑ 𝑊t𝐶t,h*
+,-

𝐽6
_ r 

If we assume 𝑉 = 	0, we have the original CWS assumption of constant returns to scale. If we assume 𝑉 is 
any positive or negative number, we allow for the courts to claim both diseconomies of being small and large. 

                                                   
4 In the DEA literature is common to assign dual variable 𝑢 and 𝑣 to the inputs and the outputs, respectively. Here we 
have only one input, and we can therefore without loss of generality assume 𝑢=1. Moreover, here we use 𝑊 as the 
weights on the outputs while traditional DEA formulations use 𝑣. For the relationship between dual and primal 
formulations, we also Bogetoft and Otto (2011, pp. 133-135). 
5 See https://CRAN.R-project.org/package=Benchmarking 
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If we assume 𝑉 ≥ (≤)	0, we allow for diseconomies of being small but not large (or large but not small), cf 
Bogetoft and Otto (2011, Chap 5). 

The choice of returns to scale assumption is obviously context-dependent. If it is for political or other 
reasons not a realistic possibility to fundamentally change the structure of the court system (e.g. to abolish 
small courts) we could assume variable returns to scale when assessing court workload. If on the other hand, 
we wish to highlight the inefficiencies of scale in order to provide input for a major court restructuring, we 
would apply a constant returns assumption in our base model. 

Another limitation of the traditional CWS as of any system based on a simple KPI such as workload per 
judge is that it assumes constantly rates of substitution between court cases. In other words, CWS presumes 
that the output isoquants are linear as illustrated in the left panel of Figure 1. Economics has often found that 
the rates of substitution varies; an advantage of the DEA approach (with uncertainty about the weights) is 
that it allows for the possibility of concave isoquants (or convex output possibility sets). In Figure 1, these 
output isoquants can be inferred from the observation (𝐶1∗ , 𝐶2∗); they are the piecewise red lines closest to 
origin.  
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5. (Re)allocation procedures 
 

The case mix corrected workloads can be used not only to evaluate efficiency but also to allocate resources.  
Courts, like any other public organization, must live with limits on their overall budget. In such settings, the 
objective is therefore not only to increase the resources available but also to ensure a “fair” allocation of 
limited or even insufficient resources. 
 
One means to implement fairness is to allocate judges to even out the workload per judge. We will now 
describe how to do that with certain and uncertain weights. 
 
5.1	Reallocation	with	certain	weights	
 
It is easy to even out the workload per judge with certain weights. The number of judges to be assigned to a 
given court can be calculated as the share of the workload times the total number of judges available. The 
number of judges 𝐽0∗	to be allocated to court k is 
 
 

Jv∗ =
𝐿0

∑ 𝐿6B
6,-

∗$ 𝐽6
B

6,-
 

 
It is clear that, when we allocate judges according to this formula, all courts obtain the same absolute 
efficiency 
 

𝐿0
Jv∗
=
∑ 𝐿6w
6,-
∑ 𝐽6w
6,-

 

 
We can express the same policy in terms of relative efficiencies. Allocating judges to evenly distribute the 
workload per judge also corresponds to making all courts relatively efficient. To see this, note that 

	

𝑒0∗ =
𝐸0∗

max
6
	𝐸6∗

=

𝐿0
Jv∗

max
6

𝐿6
Jx∗
=

∑ 𝐿6w
6,-
∑ 𝐽6w
6,-

∑ 𝐿6w
6,-
∑ 𝐽6w
6,-

= 1 

 
 
In sum, the effect of this allocation is to make all courts have the same workload per judge and hereby the 
same efficiency – both absolute and relative. In Figure 2 below, we illustrate a simple example with three 
courts A, B and C, two case types, C1 and C2, and equal type weights W1=W2. 
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Figure 2 Reallocation with weight certainty and 𝑾𝟏 = 𝑾𝟐 

The relocation of judges corresponds to proportionally moving the court’s outputs per judge vector to make 
all be located on the same iso-output hyperplane defined by the weights.  
 
In applications, there may be additional restrictions that is relevant. It may be for example be that it only 
makes sense to reallocate an integer number of judges. In this case, the courts will not all end up on exactly 
the same hyperplane, but rather in a region around a fixed hyperplane.  

 
 
5.2	Reallocation	with	uncertain	weights	
 
When weights are uncertain, reallocations are a more complicated. The reason is that the allowed iso-output 
curves are no longer linear. Specifically, this means that even though we can identify the most overstaffed 
(inefficient) courts, there are different ways we can allocate judges from these to the less overstaffed courts 
and still even out the calculated workload per judge. 

To illustrate the difficulty, we can consider the example above and assume that we do not know the exact 
weights, only that the weight of the first case is at the most as high as the weight of the second case type, 
𝑊- 	≤ 𝑊R. 

In Figure 3, we illustrate two alternative reallocations that both make all courts have the same estimated 
workload per judge. In the first, judges are transferred solely from court A to court B. In the second, judges 
are transferred from court A to both B and C. In both post-allocation settings, all courts have the same 
workload per judge. In the first reallocation, Courts A and B both use the weight uncertainty and benefit of 
the doubt opportunity to claim that cases of type 2 are the only cases that drive the need for judges. Court C, 
on the other hand, claims that both case types are equally demanding. In the second reallocation, court A and 
C use the same weights as they do in the first reallocation, i.e court A claims 𝑊- = 0 while court C claims 𝑊- =
𝑊R. Court B, on the other hand, can claim any of the feasible weight combinations, 𝑊- 	≤ 𝑊R 

 

Before reallocation
Court C1 C2 J
A 3 6 20
B 10 10 20
C 20 0 20

After reallocation
Court C1 C2 J
A 3 6 11.02
B 10 10 24.49
C 20 0 24.49



14 
 

 

 

Figure 3 Reallocation with weight uncertainty and 𝑾𝟏 ≤ 𝑾𝟐 

 

We see that when we allow for uncertain weights, there is no unique approach that evenly distributes the 
estimated workload per judge as in the case with certain weights. We will therefore in the case of uncertain 
weights propose a heuristic which is simple to understand and intuitively appealing. 

The main problem is that several courts may be fully efficient and therefore it is not clear which of these 
should receive judges. Prior to reallocation, both B and C are efficient when we only know 𝑊- 	≤ 𝑊R . We 
solve this issue by using an average of the weights claimed by the individual courts. This is a natural solution 
in the sense that it combines the claims of the individual courts. It therefore resembles a Delphi approach 
where the suggestions of alternative experts, here the individual courts, are aggregated. It should be 
recognized, however, that it is not the only possible means to select one of the efficient courts6. 

Another complication is that when we allocate judges to the fully efficient courts, the shape of the isoquants 
is likely to change; therefore, also the weights that position the individual courts most advantageously will 
change. Therefore, we will use an iterative procedure when we allow weights to adjust as the reallocations 
proceed. 

                                                   
6 In addition, the weights solving the optimization problems may not be unique. Therefore the implementation will 
depend in part on how the linear programming algorithm discussed below selects among the multiple optimal weight 
vectors. 

Before reallocation
Court C1 C2 J
A 3 6 20
B 10 10 20
C 20 0 20

After reallocation 1
Court C1 C2 J
A 3 6 15.00
B 10 10 25.00
C 20 0 20.00

After reallocation 2
Court C1 C2 J
A 3 6 13.85
B 10 10 23.08
C 20 0 23.08
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Finally, as in the case of fixed weights, there may be additional restrictions, e.g. that only full judge positions 
can be reallocated. We will adjust for this also. 

Despite of the non-uniqueness of our heuristic, we believe it has considerable intuitive appeal. One can 
consider the procedure a sequential voting procedure, one for each of a series of judges, where it is 
determined from where the judge will originate and where the judge will move, and where the courts are 
allowed to adjust their claims as to workload weights as the procedure proceeds.  

In summary, to determine how many positions, we need to transfer to achieve a reasonable balance between 
workload and staffing, we propose the following iterative procedure: 

1. We solve the specified DEA-problem with weight restrictions. Thus, we identify the most 
“inefficient” court, that is, the court that has the lowest relative efficiency and therefore appears the 
most overstaffed. 

2. We furthermore identify the most understaffed court i.e., the court with the highest workload 
compared to its staff level. To do so, we use the fixed weights approach but with weights that are the 
average of the optimal case weights identified by the different courts in the DEA program in Step 1. 
We calculate the ratio of workload to staff with this set of temporary case weights. We consider the 
court with the highest ratio to be the most efficient and most needy. 

3. We test whether moving a full position from the most inefficient court to the neediest court will 
make the inefficient court efficient (achieve an efficiency score of 1 in the DEA-problem with weight 
restrictions).  

4. If it does not become fully efficient, we complete the transfer, i.e. we subtract a position from the 
identified inefficient court and add a position to the identified most efficient court and we return to 
Step1. 

5. If the contemplated move in Step 3 does make the most overstaffed fully efficient, we do not actually 
remove a position from this “inefficient” court, since the excess staff is then likely less than 1 full 
position. Instead, we identify the second-most inefficient court and repeat this test procedure until 
we find an inefficient court that will be inefficient both before and after the potential staff reduction. 
If such a court is identified, we make the transfer, and move to Step1. If no such court exists, we 
stop7. 

 

As explained above, this procedure respects the idea of having incomplete weight information and has 
intuitive appeal. 

In addition, it is worthwhile to note that, for most of our applications, the above procedure suffices to show 
our main contribution, namely that partial weights are sufficient. We will show that partial weights combined 
with this procedure can identify nearly all the relevant reallocations under full information. It is possible that 
we could identify more of the relevant reallocation by fine-tuning the procedure, but we leave such details for 
future extensions. 

                                                   
7 It is of course also possible to use other stopping criteria. We may for example repeat the procedure until the minimum 
inefficiency for a single court has achieved a pre-defined level. For example, we could run the iterative procedure until 
the minimum efficiency level is above 0.97, allowing for 3% inefficiency.  
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6. Applications 
 

The BoD approach allows one to set up a new CWS with considerably reduced time and expense. This is 
attractive to countries with no existing CWS. We will briefly describe some practical applications of this type 
in Romania, Moldova and Georgia. 

The BoD approach may also be useful as an extension of an already existing CWS. In such applications we 
can directly observe the differences between estimates generated by a traditional CWS and a CWS with more 
flexible weights. To further illustrate this application, we analyze in more detail how such an extension could 
impact the CWS used for Danish courts.  

6.1.	Establishment	of	new	case	weighting	systems	
Our BoD approach to case weighting has been applied by one of the authors to assess court workload and 
allocation of judges in a number of countries, including Romania, Moldova and Georgia8. The term “smart 
case weighting” has been used in these projects to distinguish it from traditional case weighting with fixed 
weights. 

Since none of the countries had a functioning CWS, the task in each country was more or less to set up a 
“smart CWS” from scratch. Further, the projects had to be tailored to the distinct contexts and circumstances 
of each country. In the Georgia-project, it was possible to assign a group of judges to spend a considerable 
amount of time on grouping and assessing all case types. The judges found, e.g. that at courts of 1st instance, a 
category 5 civil case (inheritance disputes etc.) requires on average 50% to 70% more judge work than a 
category 4 civil case (loan disputes etc.). Such conclusions allowed us to set up a CWS with weight 
uncertainty. 

The Moldova-project, in contrast, had fewer available resources for assessing case types and ended up with a 
simpler CWS, which used only ordinal weights. For example, we assumed that on average, criminal cases 
where the defendant had not entered into a plea agreement required more judge work, than cases where the 
defendant had made a plea agreement. 

In all the practical applications, we were able to establish a smart CWS which considerably lowered time and 
expenses as compared to traditional CWS’. This is was possible, even as the smart CWS faces similar generic 
problems as a traditional CWS: High quality validation and efficient processing of case statistics is essential. If 
this process fails, neither traditional or smart systems will provide proper workload estimates.  

Further, it is prudent to base staff allocations on more than just one model. In the Georgia project, the main 
model used weight restrictions to reflect weight uncertainty and relied on incoming cases over a three year-
period (2016-18). It was, however, supplemented by several additional models: 

• A model relying only on data from 2018, thus aiming to indicate the recent trend. 

                                                   
8 The project in Romania was financed by the World Bank. The project in Moldova was financed by the US Embassy of 
Moldova. The project in Georgia was financed by USAID. 
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• A model taking into account pending cases (backlogs), thus aiming to better estimate shorter term 
staffing needs. While long term staffing needs should mainly be assessed by looking at incoming 
cases, it may be relevant to take backlogs into account when considering the shorter term. 

• A model using optimal case weight averages (as fixed weights) to assess the allocation of judges. 
While a conservative bias towards status quo may be considered a virtue of smart case weighting, 
there is a risk the main model may become too conservative. This alternative model may help 
indicate if that might be the case. 

• A model identifying as the receiving court the most dominant peer of the most inefficient court. As 
mentioned above, our standard model identifies the receiving court as the most efficient court when 
the average of the weights claimed by the courts are used as fixed weights. An alternative is to let the 
receiving court be the most dominant peer of the most inefficient court.  

• A model based on the size and composition of the population in each court district. 
 

If all these models point in the same direction (as usually turned out to be the case) one can with greater 
confidence recommend specific changes in judge allocation. 

A potential barrier to the practical use of smart case weighting for court systems is the requirement of 
specialized knowledge about DEA. It has, however, been possible to develop a web-application that allows 
users to e.g. immediately upload new case statistics, modify assumptions about case weights, move case types 
between case groups, and then calculate the optimal allocation of judges.  This tool allows judges and lawyers 
– without advanced DEA training – use smart case weighting as described in this paper. For more on this, see 
https://ewmi.org/News/PROLOGApr2020. 

 

6.2	Testing	an	existing	case	weighting	system	
When the first steps towards a CWS were taken in Denmark, several expert groups were commissioned to 
analyze court statistics and to study work processes. Based in part on time registrations, the groups assessed 
the time needed to handle various types of cases. For instance, the group studying criminal cases assessed that 
judges on average needed 230 minutes when handling cases where a jury would make the verdict (reserved for 
cases where the defendant faces longer term prison sentences), but only 75 minutes in cases where the 
defendant confessed to the alleged crime, Justitsministeriet (1998). 

While the expert groups where commissioned in the mid 1990’s, they did not finish until much later, and so 
the assessment where not applied to actual case weighting before 2001. It used a fixed weights model. 
Specifically, weights where assigned to 17 types of district court cases (similar to 1st instance courts), and an 
assessment was made of the ratio of overall court workload to staff level in each court, cf. Wittrup (2005). 
Similar analyses were undertaken in the following years. 

In the following, we use Danish district court data from 2004 to test the potential impact of our alternative 
approach to case weighting. Our main aim is to compare the results when using uncertainty and relative 
weights compared to the original fixed weights model. Specifically, we have compared the original model to 
three alternative models: 1) A model with a 10% interval weight uncertainty. 2) A model with a 25% interval 
weight uncertainty. 3) A model with ordinal weights only.   
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We should note that our Danish dataset is, by some means, atypical. We only have data and weights for 
completed cases. Usually, it is better to analyze incoming cases when assessing staffing needs (or at least to 
also consider backlogs). Also, our staff data is comprised of both judges and clerks, weighted together based 
on their relative salaries. The case weights similarly reflect the amount of work required by both judges and 
clerks.  As our analysis mainly seeks to test the potential of a CWS with partial weights only , these special 
data features should not matter too much.  

Before we compare our alternative models to the original with fixed weights, we want to establish whether 
case weighting matters at all for the Danish courts. To do so, we first examine a “naïve” model, based only on 
the total number of cases in each court. If we have no information on the relative weights of various case 
types, an assessment would likely be based on the total number of cases only (implicitly assuming that all case 
types have equal weights). 

Based on Section 5 above, we use the following steps to compute recommendations for judge transfers: 

1. Calculate the ratio of (weighted) cases in each court to the total number of weighted cases. For the 
naïve model, this is just the number of cases in each court divided by the total number of cases. 

2. Multiply the above ratios with the total number of staff positions, so that we can identify the number 
of positions each court should have based on the estimated workload. 

3. Round the above numbers to integers9 and subtract the actual number of positions10.  

In Table 1 below, we compare the results of our naïve model with a model based on the original fixed 
weights. If we were to believe our naïve model, 19 out of 82 courts have too many staff positions compared 
to their workload, while 51 courts have too few. According to the naïve model, a total of 141 staff positions 
should be reallocated to achieve the correct balance between workload and staffing. 

Table 1: Illustration of the impact of case weighting  
 Naïve model Original fixed 

weights model 
Number of courts to decrease staff 19 27 
Number of courts to increase staff 51 28 
Number of positions to transfer 141 43 
Number of staff-reducing transfers the models agree upon  16 
Number of staff-increasing transfers the models agree upon 31 

 

The impact of case weighting is considerable. The fixed weights model requires much fewer reallocations. 
With the fixed case weights, 27 courts have too many positions, while 28 have too few, and only 43 positions 
should be reallocated to achieve a balanced result. Perhaps most interestingly, the fixed weight model and the 
naïve model agree on only 16 of these transfers. 

In other words, if we naïvely treated all case types as equal, we would be inclined to make 141-16=125 
transfers, which according to a fixed weights model were unmerited. Most of the courts to which the naïve 

                                                   
9 We assume here that it is not possible to transfer only a fraction of a position/judge. In the real world this may, 
however, be possible if e.g. two courts agree to “share” a judge. 
10 The rounding is slightly adjusted so that the total number of positions remains the same as before.  
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model would allocate more resources only appear to have a high workload, as they have many cases that 
require little work. Hence, case weighting matters. 

In this application, relying on the naïve model is much worse than doing nothing. But doing nothing is of 
course not a good option either. Failure to act leads to inefficient resource allocation, leaving close to 30 
courts with too few judges and clerks to handle the workload.  

One should note that this result is partly driven by the fact that in 2004, the year of our analysis, the Danish 
districts courts had a substantial number of rather trivial cases, namely, land registrations, which on average 
required no more than a few minutes of work. If we had excluded these case types from our analysis, the 
difference in model results would have been a bit less dramatic. On the other hand, removing those case 
types entirely would unjustifiably skew the analysis to the disadvantage of those courts with a very high 
number of such trivial cases.  

Next, let us consider three alternative models with uncertain and relative weights. In the first model, we allow 
all weights to vary plus-minus 10% compared to the established weight system. For example, rather than 
assigning a fixed weight of 230 minutes to criminal cases with both a jury and a verdict, we allow the weight 
to vary from 207 to 253 minutes. 

In the second model, we allow weights to vary plus-minus 25%. Again, using criminal cases with jury and 
verdict as an example, the case weight can now vary from 173 to 288 minutes. 

In the third model, we only apply ordinal weights. We have divided the 17 case types into 10 groups, such 
that the case types belonging to different groups have substantially different weight assessments in our 
original case weighting model. Table 2 shows these groupings. 

Table 2: Relative ordering of cases in Danish district courts 
Group 10 
(highest average workload) 

Certain especially complicated criminal cases 

Group 9 Ordinary civil cases with a judgement after court hearings. Ordinary civil 
cases with settlement after court hearings 

Group 8 Ordinary criminal cases with a jury or lay judges 
Group 7 Estate administration (not inheritance) 
Group 6 Special civil cases (captain’s protests or expert appraisals) 
Group 5 Other civil cases. Other criminal cases 
Group 4 Ordinary criminal cases without jury or lay judges (fine). Ordinary criminal 

cases with a confession. Ordinary civil cases with confession. Estate 
administration (inheritance) 

Group 3 Bailiff cases. Civil cases with failure-to-appear-judgement  
Group 2 Notary cases 
Group 1 
(lowest average workload) 

Land registration 

 

 

Table 3 shows the results of the fixed weight model and the three models with only partial information about 
weights. Model 1, with 10% weight flexibility, is close to the original fixed weights model. Instead of 
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identifying 43 transfers, the model finds 3511. All the suggested staff reductions made by Model 1 were also 
made by the original fixed weight model.  

If we increase the weight uncertainty to 25%, as in Model 2, the number of suggested transfers decreases to 
33. However, Model 2 still finds more than 75% of the transfers identified by the original fixed weight model. 
So even if we allow all the weights to have a wide margin of uncertainty, we are still able to claim with 
confidence that some courts have an excessive staff size compared to other courts.  

 

Table 3: Comparison of alternative models 
 Fixed case 

weighting 
model 

Model 1  
(10% 

flexibility) 

Model 2 
(25% 

flexibility) 

Model 3 
(ordinal 
weights) 

Number of courts to decrease 
staff 

27 24 22 20 

Number of courts to increase 
staff 

28 27 25 20 

Number of positions to transfer 43 35 33 27 
Number of staff reductions 
present also in the fixed weight 
model  

- 35 33 27 

Number of staff increments 
present also in the fixed weight 
model 

- 34 32 27 

 

Finally, we can consider Model 3, which applied ordinal weights. If we only know about ordinal weights (and 
only for 10 groups of cases), we will still be able to identify 27 of the 43 staff transfers suggested by the 
original model. With very few assumptions, we have retained most of the power from the original model. 

Figure 4 shows the correlations of the initial efficiency scores (first iteration) in the four models. The diagonal 
shows the efficiency score distributions. As may be expected from the results provided above, the 
correlations are quite high.   

                                                   
11 One of the 35 staff increments identified by the 10% model was not identified by the original model. This minor 
inconsistency is caused by the “rounding adjustment” in our original model and our decision to allocate freed up 
positions from “inefficient” courts to other courts based on the average of the optimal weights identified by the DEA 
algorithm (since this average may be different from the fixed weights). (In principle, we could, as an alternative, have 
used the fixed weights to allocate the freed-up positions, if we believed the original fixed weights were indeed our best 
possible estimate). The particular court benefitted by the 10% model, but not by the original model; however, it was also 
in the original fixed weights model assessed to lack 0,504 positions. However, to meet the requirement that the overall 
number of positions should not change, this number was rounded down to no additional position.    
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Figure 4 Correlations and distributions of initial efficiency scores from the four models 

 

 

There are at least two way to interpret these results. One can say that our alternative models support the 
original model. The alternative models show that even with substantial uncertainty as to workload weights the 
majority of suggested reallocations remain valid. And, therefore, we can be more confident in the original 
model. 

On the other hand, one can claim that the new models are actually better than the original model, since in 
reality, there is (considerable) uncertainty about case weights. Staff reallocation is a serious matter, and one 
may therefore argue that such reallocations should only be introduced when we have high certainty that they 
contribute to the overall efficiency of the court system. Therefore, the uncertainty introduced in the three 
alternative models provide a more conservative (and appropriate) approach. 

Model 3, using ordinal weights, is the most conservative suggesting the lowest number of reallocations. It is 
potentially also the simplest approach to establishing a viable CWS. While it obviously can be cumbersome 
the achieve consensus on exact fixed weights, it ostensibly is much easier to agree on ordinal rankings – at 
least on average. As such, Model 3 seems to provide a nice combination of precise, but conservative results, 
and low-cost implementation.  
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7. Extensions 
 
There are many possible extensions of the approach used in this paper. 

One general advantage of formulating the case weighting problem as a DEA problem is that we can draw on 
a large literature on DEA modelling. Let us give just a few examples. In best practice evaluations, an 
important challenges is the impact of outliers. There is by now many well-established methods for outlier 
detection in DEA models, cf. e.g. Bogetoft and Otto (2011). We have seen above that traditional case 
weighting evaluations correspond to efficiency evaluations using a simple one input one output model where 
the input is the judges and the output is the weighted caseloads. When case weights are only partially 
available, the relative efficiency evaluations correspond to solving (dual) DEA problems with weight 
restrictions. In either case, we can easily extend the CWS evaluations by taking into account other factors. We 
can for example take into account differences in the environments in which the courts operate. A large share 
of such differences is likely accounted for already in the case mix and in our applications further differences 
have therefore not been an issue. Still, it may be convenient to allow for such differences, and the DEA 
formulations suggest several ways to do so. One is to restrict the possible peer units, e.g. by only allowing a 
court to be evaluated against other courts that work under the same or more difficult conditions. Applications 
of such approaches are widespread in the evaluation of for example schools, see for example Bogetoft and 
Wittrup (2011, 17), or for more original references, Banker and Morey (1986), Olesen and Petersen (2009), 
Ruggiero (1998), and Ray (1991). Environmental differences can also be handled by introducing non-
discretionary contextual inputs or outputs combined with a directional distance function approach. Recent 
examples of BoD approaches in the context of directional distance evaluations are Zanella, Camanho, and  
Dias (2015) and Rogge, De Jaeger, and Lavigne (2017). 

So far, we have also assumed that only judges shall be reallocated. This is of course just one possibility. 
Another interesting option is to reallocate certain cases or apply a combination of the two. The traditional 
case weighting model also assumes a very simplistic production process with only one input, namely judges. It 
would be natural to allow for a more detailed description of the inputs. A court not only rely on judges, but 
also on clerks, secretaries, computer systems, buildings etc. This give rise to many alternative reallocation 
scenarios. Fortunately, there is already a large literature that can guide such extensions. Reallocation models 
with multiple inputs and multiple outputs have been studies in numerous DEA related papers. 
 
The idea of so-called structural and allocative efficiencies was introduced early in the quantitative literature. 
Farrell (1957) defines structural efficiency as the extent to which an industry keeps up with the performance 
of its own best firms, and he suggests measuring it by comparing the horizontal aggregation of the industry’s 
firms with the frontier constructed from its individual firms. A related approach is the average firm approach 
suggested by Försund and Hjalmarsson (1979). In this approach, the structural efficiency is estimated by 
taking the average of each type of input and each type of output and then measuring the distance of the 
associated average firm to the frontier. We can think of this as measuring the improvement possibilities 
created by reallocating inputs and outputs to make all entities the same and at the same time adopting best 
practices. Lewin and Morey (1981) discuss the decomposition of inefficiency in a hierarchical organization 
into what can be attributed to inefficiencies in the production firms with given resources and the 
misallocation of resources among the firms at different levels of the organization. Färe and Grosskopf (2000) 
further develop the idea of modeling efficiency in different types of network structures. 
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The discussion of alternative reallocations is also part of the more recent merger literature. In Bogetoft and 
Wang (2005) and Bogetoft et al (2003), we studied the potential gains from mergers in different industries, in 
particular, Danish agricultural extension service and Danish forest organizations. The gains were decomposed 
into learning, harmony and size effects, and the corresponding organizational changes were identified, 
including the possibilities of avoiding full scale mergers by reallocating resources and tasks between 
geographically close organizations. We introduced merger analysis with restricted controllability in a study of 
Norwegian electricity distribution systems operators, Bogetoft and Gammeltvedt (2006), and we discussed 
the difference between local and global resources and obligations in Bogetoft and Katona (2008). The idea in 
of these papers is to allow for the reallocation of some types of resources used and services provided while 
other resources and services are assumed non-transferable. Lastly, in Bogetoft ea (2007), Andersen and 
Bogetoft (2007) and Bogetoft and Nielsen (2012), we discuss more advanced reallocations and investigates 
what can be gained from changes in scale and scope among entities that may be more or less efficient.  For 
textbook like introductions to these approaches, see Bogetoft (2012, Ch 7) and Bogetoft and Otto (2011, Ch 
9).  
 

It is interesting to note that the DEA based allocation literature above has not addressed the potential use of 
partial weight information. The models assume either precise weight information (via the use of composite 
inputs or outputs) or no weight information at all. This is reflected in the fact that the allocation problems are 
all formulated in primal form, i.e. with the variables being the resources used and the services produced. It 
seems natural and worthwhile, however, to investigate reallocations with partial weight information in the 
future. We will now show how this would link to the reallocation problems studied in this paper.  

To make the reallocation problem more general, let us assume that the each of K courts have used not just 
one input, judges, but I inputs in the form of for example judges, clerks, reporters, bailiffs, interpreters, court 
rooms, and IT. As before, we also assume that they handle different types of court cases. Specifically, we 
assume that there are O types of cases and other services. Let the inputs used and the outputs produced in 
court k be x0 	∈ ℝ~�  and y0 	∈ 	ℝ~� . In this setting, how can we reallocate the inputs and outputs among the 
courts to even out the workload? 

To formalize this problem, let us denote the inputs used and outputs produced after a reallocation of inputs 
and outputs as 𝑥�0 	∈ ℝ~� , 𝑦�0 	∈ ℝ~� . Also let us formalize the idea of making the workload more even when 
there are multiple resources involved as the objective of making the Farrell efficiencies of the courts more 
even. Specifically, the objective may be to maximize the minimal Farrell input efficiency.  

In this setting a general reallocation problem can be formulated as (assuming constant returns to scale for 
now) 

 

Max
{�,���}

	Min
{v}

	 Min
�<],�],^�

	𝐸0																																																																																												(𝑅0) 

𝑠𝑡. 

 𝐸0𝑥�0 	≥ ∑ 𝜆0,6𝑥6B
6,- 															𝑘 = 1,… , 𝐾																				(𝑅1_𝑘)			  

     𝑦�0 	≤ ∑ 𝜆0,6𝑦6B
6,- 																𝑘 = 1,… , 𝐾																			(𝑅2_𝑘)  



24 
 

                                										λ0 	∈ ℝ~B																																							𝑘 = 1,… , 𝐾																			(𝑅3_𝑘) 

		∑ 𝑥�0B
0,- 	≤ ∑ 𝑥0B

0,- 																																																										(𝑅4)  

∑ 𝑦�0B
0,- 	≥ ∑ 𝑦0B

0,- 																																																													(𝑅5)  

	𝑥�0 ∈ ℝ~� , 𝑦�0 ∈ ℝ~�								𝑘 = 1,… , 𝐾																																		(𝑅6)					 

 

The objective is to choose new inputs and output allocations 𝑥�0 	∈ ℝ~� , 𝑦�0 	∈ ℝ~�, 𝑘 = 1,… , 𝐾 so as to 
maximize the efficiency of the least efficient court. The first set of constraints (R1_k), (R2_k) and (R3_k) 
defines a usual Farrell input efficiency measure in activity space for court k. The second set of constraints 
(R4), (R5), and (R6) define the reallocation of given inputs and outputs assuming that we cannot increase any 
of the available inputs or decrease any of the outputs produced by the judiciary system. 

Now, we can reformulate this problem by dualizing the inner optimization problems, i.e. the Farrell efficiency 
problems. Denoting the dual input and output weights for court k as (α0, β0) in the (R1_k), (R2_k) 
constraints, we get 

Max
{�,���}

	Min
{v}

	 Max
��],�]�

	𝛽0	𝑦�0																																																																																											 

𝑠𝑡. 

 𝛼0𝑥�0 	≤ 1																																																							𝑘 = 1,… , 𝐾		  

 β0𝑦6 − α0𝑥6 	≤ 0																																								𝑘 = 1,… , 𝐾, ℎ = 1,… , 𝐾 

	∑ 𝑥�0B
0,- 	≤ ∑ 𝑥0B

0,- 				  

∑ 𝑦�0B
0,- 	≥ ∑ 𝑦0B

0,- 			  

	𝑥�0 ∈ ℝ~� , 𝑦�0 ∈ ℝ~�																																								𝑘 = 1,… , 𝐾									 

We can reformulate this to the following (quadratic) programming problem, where we have fleshed out the 
details by not using the more condensed vector formulations as in the last problems 

Max
{�,�,�,��,��}

𝑀																																																																																																																																					(𝐷0) 

					𝑠𝑡. 

 𝑀	 ≤ ∑ 𝛽�0�
�,- 𝑦��0																																		𝑘 = 1,… , 𝐾																																				(𝐷1)  

$𝛽�6
�

�,-

𝑦�0 −$𝛼�6
�

�,-

𝑥��0 ≤ 0																		𝑘 = 1,… , 𝐾, ℎ = 1,… , 𝐾												(𝐷2) 
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$𝛼�0
�

�,-

𝑥��0 = 1,																																									𝑘 = 1,… , 𝐾																																				(𝐷3) 

$𝑥��0
B

0,-

≤ $x�0
B

0,-

,																																				𝑖 = 1,… , 𝐼																																							(𝐷4) 

$𝑦�¢0
B

0,-

≥ $y�0
B

0,-

,																																				𝑜 = 1,… , 𝑂																																					(𝐷5) 

𝑥�0 	∈ ℝ~� , 𝑦�0 	∈ ℝ~�																							𝑘 = 1,… , 𝐾																																					(𝐷6)					 

																																												α0 	∈ ℝ~� , 𝛽0 	∈ ℝ~�,																							𝑘 = 1,… , 𝐾																																					(𝐷7) 

Since we now have a dual formulation of the technologies, we can directly extend this problem by adding 
possible weight restrictions like  

														Wα𝑖𝑘, β𝑜
𝑘` satisfy	given	weight	restrictions,					i = 1,… , I, o = 1,… , O, 𝑘 = 1,… ,𝐾													(𝐷8) 

In the dualized version of the allocation problem, we must find both the weights of the different inputs and 

outputs, Wα𝑘, 𝛽𝑘`, and the reallocated inputs and outputs of each court k, W𝑥�𝑘, 𝑦�𝑘`. The aim is to maximize the 
minimal efficiency of the set of entities K when they use the reallocated inputs and outputs, cf. (D0) and 
(D1).  We ensure that the weights are consistent with the observed production plans (𝑥, 𝑦) in (D2) and (D3). 
The reallocation constraints in (D4) and (D5) ensure that the reallocated inputs are no larger than the original 
inputs available and the resulting outputs are at least as large as the original outputs. 

Taking such an approach, we can generalize the problem of reallocating resources and task among K entities 
when we have partial information about the relative weights of different resources and tasks. To solve such 
reallocation problems is of course more complicated than the reallocation problems that have previously been 
studied in the DEA literature. This is reflected in the fact that the above problem (D0)-(D8) is quadratic.   

The sequential procedure for reallocating judges suggested in Section 5.2 deviates in several ways from the 
generalized problem (D0)-(D8). First of all, the sequential procedure is easier to explain to practitioners than 
the generalized problem since it mimics how administrators would naturally proceed by looking at a workload 
indicator and gradually adjusting the allocations to make the indicator more even across courts. Secondly, the 
sequential procedure only considers the reallocation of full-time equivalent judges. We could of course add 
integer constraints on some of the variables in (D0)-(D8). Thirdly, and most profoundly, the generalized 
problem work with static technological constraints while the sequential procedure work with dynamic 
constraints. If an attractive transfer is identified in Step 4 of the sequential procedure, it is implemented, and 
the sequential procedure moves back to Step 1 where the relative efficiencies of the courts are reevaluated 
using the new allocations. This means that we effectively assume that the new data points define the 
technology. In this sense the technology is dynamically revised in the sequential produce. If we were to do the 
same in the generalized reallocation problem, we could adjust the (D2) constraints to become instead 
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$𝛽�6
�

�,-

𝑦��0 −$𝛼�6
�

�,-

𝑥��0 ≤ 0																		𝑘 = 1,… , 𝐾, ℎ = 1,… , 𝐾												(𝐷2´) 

The dynamic adjustment of technology represents a cautious approach compared to the approach taking in 
the general reallocation problem. To see this note that we only complete a transfer in the sequential approach 
when the court losing a judge does not become fully efficient. Hence, the loosing court is after the transfer 
inside the technology spanned by the original observations. The receiving court is also inside the original 
technology by free disposability. Hence, we can say that the best practice technology implicitly assumed 
shrinks.  

Another extension relates to the establishment of the possible weight restrictions. The establishment of such 
restrictions is often complicated. As mentioned above, in the case of courts, in particular two approaches 
have been used. One uses expert opinions to estimate the amount of judge time associated with particular 
case types while the second use time studies. Our approach of only relying on partial information as opposed 
to precise weights mitigates the problem, but it does not eliminate the challenges of establish these weights. 
The challenges are aggravated by the fact that many entities have to agree on the weight restrictions when the 
aim is to investigate reallocations between them. The entities may act strategically when weight information is 
articulated. Each entity benefits if larger weights are allowed on case types that constitute a relatively large 
part of their total cases. Agreeing on partial weight restrictions therefore creates a game where entities may try 
to form coalitions to advocate particular restrictions. The problem is conceptually similar to the problem of 
selecting outputs (cost drivers) from a set of candidates. Some initial simulation-based analyses of this 
problem is provided in Pena ea. (2019). As indicated there, an in-depth analysis of this problem may require a 
game-theoretical approach since different groups of entities, e.g. rural versus urban entities, may prefer 
different sets of cost drivers. In the same way, in the reallocation among courts, the different courts may have 
incentives to strategically choose weight claims that put them in the most favorable light. To the best of our 
knowledge, there is still no scientific papers dealing satisfactory with the game theoretical aspects of 
determining weight restrictions.  

CWS and reallocation of workloads based hereon can also be extended by linking it to the literature of 
benchmarking and regulation. In some sectors, including the electricity and gas distribution sectors, many 
countries now used benchmarking based regulation to determine reasonable income caps, cf. e.g. Agrell and 
Boggetoft (2018).  The idea of these regulations is to introduce model based pseudo competition among 
companies that are natural monopolies. The aim is normally two-fold. One is to reduce the overall sector cost 
by incentivizing individual companies to make cost reductions, and the other is to ensure a fair allocation of 
total revenue among the companies. The latter aim can also be pursued by other means. One is to give a total 
cap on the sector revenue and to let a third party or even the sector players themselves figure out how to 
divide the revenue among the companies. Such approaches are actually quite common. Politician may for 
example defined a total saving target and ask the regulator to develop a benchmarking framework to 
implement it. The reallocations problems discussed in this paper deal with the latter problem. If the allocating 
organization uses reallocation procedures like the ones discussed in this paper, the sector companies will still 
have strong incentives to reduce cost. By reducing its cost, a company will look more efficient, understaffed 
and underfunded, and it will therefore gain in the reallocation procedure. An advantage of such an approach 
is that there are no obvious incentives for the sector to collude at large once the reallocation is considered. 
The reallocation is basically a zero-sum game so the parties cannot gain by colluding and collectively 
increasing costs like in the case of a typical revenue-based regulation. Of course, among subgroups of the 
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sector, there may be incentives to collude and to try to impact for example the weight restriction so as to 
make the subgroups look as understaffed as possible. This brings us back to the game theoretical aspects of 
determining weight restrictions. 

Let us close with one fundamental caveat. So far, we have assumed that the objective of the (re)allocation is 
to seek an even allocation of workload per judge. It is important to understand, however that this is only one 
of many approaches one can take. If one court is only handling a small workload per judge, it may not only 
reflect a poor overall allocation. The differences in efficiency may reflect genuine productivity differences. 
Certain courts may be better organized, have a more productive scale and have more talented judges. In such 
cases, it is not obvious that the objective should be to equalize the workloads. From an overall perspective, it 
is attractive that more talented judges handle more cases per judge. 
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8. Conclusion 
 

We have presented a novel approach to case weighting.  We have argued that case weighting models should 
incorporate uncertainty about weights and rely on a “benefit-of-the-doubt”-approach in which each court is 
evaluated by the weights that put them in their best possible light. Furthermore, we have shown that much 
can be achieved by relying on less controversial assumptions about weight intervals and even ordinal weights. 
Consequently, there is less need for detailed time-studies and prolonged “negotiations” among stakeholders 
to achieve consensus on the exact “right” weights. 

Our application of the approach to the Danish case showed how our alternative models with weight 
uncertainty were able to identify most of the staff reallocations identified by the original CWS.  

The examples and cases illustrate some of the potential benefits of applying DEA to case weighting. Other 
benefits, some of which are only discussed briefly, include the introduction of more flexible assumptions 
about returns to scale and rates of substitution between cases, the ability to work with multiple types of staff, 
the possibilities of considering alternative reallocation schemes that allow for differences in productivity and 
skill sets at the different courts, and the possibilities of reallocating not only judges but also other staff types 
and cases as well. 

The models and applications also point to issues in need of further research. In particular, there can be 
different ways to even out the estimated workload when we have uncertain weights. The main problem here 
is that it is not obvious which over-worked court is most needy. It depends on the implicit weights used. We 
proposed a solution emphasizing average weights claimed by the courts, but there of course other 
possibilities, including an extended use of for example super-efficiency measures. A further analysis of this 
problem may also need to invoke a game-theoretical approach since groups of courts will prefer different case 
weights in the determination of the over-worked courts.  
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