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Abstract
In business practice, the efficiency benchmarking technique DEA has been met with high approval. However, its mathematical programming and cross-sectional data framework have several drawbacks. DEA
weights can sometimes be technically valid but practically ill-specified and implausible. Parameter significance or model fit indicators such as R2 cannot be obtained. Another drawback is that an increasing
number of variables leads to an increasing number of efficient units. This may lead to wrong conclusions.
We propose a model based on multiple observations per unit that combines econometric estimation of
individual coefficients with DEA evaluation techniques. Individually estimated coefficients are used as
factor weights for efficiency evaluation operations comparable to the DEA method. The model maintains
core DEA features and provides valid individual weights, a reduced number of efficient units, parameter
significance, and statistical fit as additional advantages. An application for the sales force of a pharmaceutical company illustrates how this method changes the benchmarking results and increases the potential for efficiency improvement.
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1. Introduction
In management practice, benchmarking is an important technique for performance improvement. The goal
is that lower performing units learn from higher performing units to improve overall performance. This
requires an identification of both inefficient and efficient units. In practice, we find two different procedures: First, units are assessed in a subjective and qualitative way (e.g., based on discussions and interviews). Second, a more objective and quantitative analysis based on data is used. In the area of data driven benchmarking, Data Envelopment Analysis (DEA) is the most frequently used benchmarking technique and has been widely accepted. DEA was first published more than thirty years ago by Charnes,
Cooper, and Rhodes (1978) and has become well-known. We focus on this data driven understanding of
benchmarking.
DEA has been applied to a wide range of relative efficiency benchmarking contexts, such as the evaluation of salespersons (Boles, Donthu, and Lohtia 1995; Mahajan 1991), retail stores (Rhonda et al. 1998),
or the benchmarking of marketing productivity (Donthu, Hershberger, and Osmonbekov 2005), but it has
a distinct focus on banking branches (e.g., Sherman and Gold 1985, Ferrier and Lovell 1990; Oral and
Yolalan 1990; Giokas and Vassiloglou 1991; Aly et al. 1990).
Technically, DEA determines the efficiency of each decision making unit (DMU) (e.g., each salesperson or banking branch) relative to all other units so that the model provides a relative efficiency ranking
of all observed DMUs. The top performing units have a maximum efficiency score of 100% and are used
as benchmarks for less efficient DMUs, which have an efficiency score of less than 100%. Comparing
inefficient DMUs with their individual benchmarks, challenging performance objectives can be formulated, such as sales objectives for inefficient salespersons. If management is able to supervise the inefficient DMUs to improve their work such that they meet the performance levels of their peers, the overall
output (e.g., sales volume) can be increased.
To derive an individual unit’s efficiency, DEA determines individualized production functions for
each observed unit. The efficiency is based on the individual transformation of input to output factors
such as how a sales force transforms customer visits and marketing events into sales volume. Benchmark
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units for each inefficient DMU face similar working conditions (e.g., similar input factor characteristics
compared to the observed unit) so that they can give target-specific efficiency improvements. DEA uses
linear programming and available cross-sectional data to determine DMU-specific weights for each of the
production function’s input factors so that the ratio of output to input is maximized. In the abovementioned sales force example, DEA determines the weights for the combination of the two input factors
(customer visits and marketing events) so that the ratio of the sales volume (output) to the two weighted
input factors is maximized. By simultaneously computing the factor weights and maximizing the ratio of
output (sales volume) to input (customer visits and marketing events), each salespersons’ weights are
determined as much in favor of the respective salesperson as possible. This ensures that benchmarking
partners are identified who, for the same production function, achieve better results. If another DMU
achieves an efficiency score higher than that of the observed unit, using the observed unit’s weights, the
better performing DMU is used as a benchmark for the observed unit. If the observed (inefficient) DMU
improves its efficiency by achieving the output level of its efficient benchmark (e.g., a higher sales volume), it achieves full efficiency and raises the overall output level (e.g., sales volume).
Because DEA uses linear programming and cross-sectional data for the calculation of factor weights,
the model lacks some advantages of econometric estimation offered with panel data. Based on single observations per unit, conventional DEA provides idiosyncratic parameter values of a production function
that maximize the efficiency of the observed unit relative to other units with the help of linear programming. They do not maximize the overall model fit as econometrically derived coefficients of production
or response functions do. This can lead to ill-specified parameter values that do not generate good predictions of output for varied input factors and can result in implausible output objectives that imply a low
predictive validity of conventional DEA. This ill-specification problem of factor weights is increased by a
lack of significance information for the weights and goodness-of-fit information, like an R2, which both
cannot be provided by linear programming. The ill-specified parameter values can also lead to units being
falsely identified as benchmarks, which can invalidate the complete benchmarking process when false
benchmarks give biased orientation for other DMUs.
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The ill-specification problem comes with an additional drawback of the conventional DEA. The analysis frequently results in a large number of efficient units, occasionally approaching 50% of the observed
DMUs. In this respect, a large number of input and output factors makes this drawback even worse because it reduces DEA’s ability to find similar units for comparison. Non-comparable units reduce the
ability to discriminate between efficient and inefficient DMUs (Dyson et al. 2001).
Today, econometric estimation approaches based on multiple observations per unit are available that
provide individual parameter estimation with the help of computer simulations, such as hierarchical Bayes
(Rossi and Allenby 2003), as an alternative to linear programming. These approaches were not fully developed thirty years ago and can reduce the aforementioned DEA drawbacks. Therefore, we propose a
combination of econometric estimation of individual parameters and DEA techniques for efficiency evaluation that can preserve most advantages of the conventional DEA and also provide additional features
from the econometric estimation. Our approach provides more accurate parameter values (as indicated by
a holdout validation) and no implausible output objectives. Both lead to an improved predictive validity
and more potential for efficiency improvement through sharper discrimination between efficient and less
efficient DMUs.
Econometrically estimating idiosyncratic coefficients of a production or response function requires
panel data whereas the conventional DEA only needs cross-sectional data, because individual coefficients
are determined by comparing one unit with other units. In marketing and sales management, data are
usually characterized by multiple observations per unit. Therefore, panel data requirements are not a serious problem.
Technically, our recommended DEA with econometrically derived weights suggests the following
improvements. We propose to use hierarchical Bayes (HB) to determine econometrically estimated individual coefficients for DEA production functions. Of course, other random parameter estimation techniques (e.g., maximum simulated likelihood) may also be used. The coefficients do not maximize the
relative efficiency of the observed DMU like DEA parameters do, but rather maximize the overall model
fit, which enriches the information provided by the weights and allows good predictions of output for
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varied input factors. In addition to the superior estimator, the significance of the estimated weights and
the goodness-of-fit, as provided by an R2, can be assessed.
Along with the econometric estimation, the richer data based on multiple observations per unit avoid
the effect of the conventional DEA that an increased number of variables generates an increased number
of efficient units (Jenkins and Anderson 2001) and thus improves the discriminatory power of the model.
While in conventional DEA, the more variables used for output generation, the higher the probability that
the observed unit has a unique (sub-) combination of factors without suitable benchmarks, our recommended data structure provides richer information, even for rarely used variable ranges.
The econometric estimation reduces the ill-specification of factor weights and, in combination with the
multiple observations per unit, provides more discriminatory power. The output objectives derived from
the econometric estimation are more precise, and the higher discriminatory power leads to less efficient
units, which, compared to the conventional DEA, results in higher potential for efficiency improvement.
The remainder of the paper is organized as follows. Section 2 gives a more detailed review on DEA
restrictions related to our model. Section 3 explains the improved relative efficiency modeling. Section 4
illustrates the model using a pharmaceutical sales force application and compares the results to a conventional DEA. Section 5 points out the main managerial implications. Section 6 presents the conclusions
and implications for further research.

2. Literature Review
A well-written introduction to DEA can be found in Cooper, Seiford, and Tone (2006), Zhu (2003), or as
a short introduction in Avkiran (1999). In summary, DEA offers the following four benchmarking features for practical applications (Charnes, Cooper, and Rhodes 1978):
1. DEA determines a ranking of DMUs (e.g., salespersons) according to their relative efficiency based
on input to output transformations.
2. DEA computes weights for various input factors indicating the contribution of the observed factor
to the output generation process.
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3. DEA identifies benchmark units for all DMUs that are not fully efficient. Benchmark units are assumed to have a similar production structure as the observed DMU, thus allowing comparison between the two.
4. DEA calculates a value for the influence of certain benchmarking units on the observed DMU,
which makes it easier to determine which benchmark has the highest impact on the observed DMU.
The differing influences of benchmark units on the observed DMU provide additional information
for a prioritization of tasks for future efficiency improvements.
Despite its wide range of applications, DEA has some important drawbacks.
The linear programming approach is based on single observations per unit (cross-sectional data). If
multiple observations per unit are available (panel data), DEA uses them to analyze the development over
time with, for example, windows analysis (Charnes et al. 1985a; Charnes et al. 1985b; Charnes et al.
1994), but multiple observations are not used to improve the estimation procedure as is. Hence, conventional DEA only uses a single observation per DMU for determining individual coefficients for the production (response) function of each DMU by comparing the efficiency of a certain DMU with all the others, respectively. The individually estimated production (response) coefficients are estimated as favorably
as possible for the observed DMU while the model maximizes the respective unit’s relative efficiency,
which is in contrast to a maximization of the overall model fit as in econometric models. This procedure
can occasionally result in technically valid but practically ill-specified, and thus implausible, production
functions that do not allow good predictions of output for varied input factors, resulting in low predictive
validity. Using linear programming to determine individual coefficients, conventional DEA weights cannot be evaluated on grounds of significance information. The model also lacks goodness-of-fit information, like R2 (Cooper, Seiford, and Tone 2006). An additional problem appears while maximizing individual relative efficiency. In the case of extreme factor utilizations, or rare combinations of input factors,
maximization of individual relative efficiency in conventional DEA may result in a DMU being rated
efficient only because these rare factor combinations are unique and impede unit comparison. As a result,
an increased number of variables generate an increased number of efficient units (Jenkins and Anderson
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2001). The more variables used for output generation, the higher the probability is that the observed unit
has a unique (sub-) combination of factors without suitable benchmarks. In some DEA models, the share
of efficient units is more than 50% of the observed DMUs (Dyson et al. 2001).
Ill-specified production function weights may result in implausible sales objectives. Ill-specified
weights can render units efficient solely due to the ill-specification. Because efficient units are benchmarks for other DMU, the falsely identified benchmarks thwart the remaining benchmarking process.
To address the aforementioned DEA drawbacks, we suggest that the linear programming be replaced
with econometric estimation of weights. The latter technique maximizes the overall model fit instead of
individual relative efficiency. The multiple observations per unit provide information on the behavior of
the production function over an interval of several periods instead of at a single point in time. This avoids
ill-specification of individual production (response) weights. Because the individual weights maximize
overall model fit instead of individual relative efficiency, having rare or extreme factor utilizations, outlier values, or a large number of variables no longer leads to increased probabilities of a unit being rated
as efficient. In contrast to conventional DEA’s linear programming weights, the econometrically estimated individual coefficients may be evaluated by significance information, and the response model fit
can be evaluated by an R2. Both help to identify misspecification and improve forecasting efficiency of
benchmarking recommendations so that managers get more reliable benchmarking results.
We use multiple observations per unit so that the share of efficient units is considerably reduced, leading to an improved discrimination between units. Because the number of efficient units decreases, the
share of inefficient units increases, leading to a larger potential for efficiency improvement.
In Section 4 we compare both models for a sales force benchmarking example according to the average individual sales volume that they can achieve with an orientation towards related individual benchmarking partners (i.e., sales objectives). The comparison of both model results suggests that a DEA
with econometrically derived weights offers a much higher potential for improvement compared to the
conventional DEA. In addition, we applied a holdout-validation, which demonstrates the conventional
DEA’s drawbacks, as given by implausible sales objectives and the very large share of efficient units.
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3. Modeling relative efficiency using individualized econometrically estimated coefficients
3.1 Model framework
Because the application of our model takes place in a pharmaceutical sales force, we introduce our model
in a sales force context. Nonetheless, the model is general enough to be applied to other benchmarking
contexts. In the case of salesperson efficiency, the weights needed for a DEA are nothing more than individualized (i.e., salesperson-specific) parameter values of a sales response function (the weights reflect
the conventional DEA feature 2 described in Section 2). We estimate idiosyncratic parameter values using
the hierarchical Bayes model by Rossi, Allenby, and McCulloch (2005). With these weights, or parameter
values, we can conduct all efficiency evaluations as recommended by DEA. In particular, we are able to
calculate the ratio of the observed output to the estimated output as a function of the input for the observed unit, with the input factors being weighted by the individual coefficients. This gives us individual
efficiency scores comparable to conventional DEA (the individual efficiency scores reflect the conventional DEA feature 1 described in Section 2). The units’ efficiency scores using their own weights and
factors are used for a relative ranking of DMUs according to relative efficiency. Other DMUs obtaining
higher efficiency scores using the weights of the observed DMU can be used as benchmarks for the observed DMU. The benchmarking units generate higher output while using the same sales response parameter weights compared to the unit under consideration (the identification of superior benchmark units
reflects the conventional DEA feature 3 described in Section 2). Possible output improvements result
from the understanding that each observed unit should be able to generate as much output as each benchmarking DMU using the weights of the observed unit. Finally, the impact of the benchmarks is quantified by the level (size of the efficiency score) by which the benchmark unit outperforms the observed
DMU. A benchmark unit whose efficiency score is far higher than the score of the observed DMU has a
higher impact on the observed DMU than a benchmark unit whose score is only marginally higher than
the efficiency of the observed DMU (the benchmarks’ influence on the observed unit reflects the conventional DEA feature 4 described in Section 2). Replacing DEA’s linear programming estimation based on
just one data point per unit by econometric estimation based on multiple observations per unit, the advan8

tages of both approaches can be combined. The main features of a conventional DEA are preserved while
important improvements from the econometric framework are integrated.

3.2 Individualized sales response estimation
The first modeling step is to estimate the individual sales response function per salesperson. We use the
hierarchical Bayes linear model described by Rossi, Allenby, and McCulloch (2005) for a semi-log sales
response function, which is frequently used in sales response models (Doyle and Saunders 1990). The
transformation of independent variables in natural logs allows for the use of linear estimation, which corresponds to the linear programming of conventional DEA. Furthermore, the semi-log form accounts for
diminishing marginal effects so that there is no need to apply a DEA with decreasing returns-to-scale
(Banker, Charnes, and Cooper 1984). The monthly sales volume is the dependent variable. On the independent side, there are usually variables that can be influenced by the salesperson, such as sales calls, and
variables that cannot be influenced by the salesperson, such as indicators for customer potential (Skiera
and Albers 1998). The estimated salesperson efficiency must focus on the controllable side of the sales
response. We use spending on sales calls and marketing events per potential unit as controllable factors
and territory-potential indicators as non-controllable variables. The customer base may be separated into
several segments reflecting the differing sales potential. Finally, we account for carry-over effects from
previous periods using stock variables. The response function is estimated at the salesperson level, leading to an individual set of coefficients for each salesperson unit. The actual response model design is
usually dependent on the available data and can be found in the empirical Section 4 and in more detail in
the Appendix Section A. Higher response coefficients characterize factors that have greater influence on
the output generation process; lower coefficients reflect less influence. In contrast to conventional DEA,
where individual relative efficiency is maximized, the econometrically estimated weights are based on
multiple observations per unit and the maximization of response model fit. They can be assessed with
respect to their significance, and a model R2 can be calculated providing information on the goodness-offit.
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3.3 Modeling relative efficiency and benchmarks
Based on the production function weights, DEA calculates efficiencies that can be used for benchmarking. Comparable to a conventional DEA, we define the efficiency of the observed unit by the output-input
ratio in equation (1).

Efficiencyo =

yo
I

∑β

x

(1)

i ,o i ,o

i =1

The Efficiencyo of the currently observed unit o is given by the output yo of unit o, divided by the aggregated weighted input of unit o. This input is given by the sum of all input factors xi,o over i (i=1,…,I) of
unit o, each multiplied with the individual coefficient βi,o of input i of unit o. The denominator calculates a
term similar to a conventional DEA model, which aggregates all input factors of the observed DMU to a
single virtual input for further computation. Efficiencyo measures the output-input ratio of the observed
unit o using its own estimated weights and factors. As in a conventional DEA model, we are interested in
the performance of other DMUs g (g=1,…,G), using the weights of unit o. If another unit g performs better than unit o using the weights of unit o, then this DMU g can be used as a benchmark for unit o because
unit o should be as efficient as any other DMU using its own weights. Equation (2) describes this in formal notation. The ratio in (2) is comparable to the comparison of the observed unit to all other units in a
conventional DEA model (Charnes, Cooper, and Rhodes 1978).

Efficiencyg |o =

yg
I

∑β

x

(2)

i ,o i , g

i =1

Efficiencyg|o is the efficiency of unit g using the weights βi,o of unit o but using the input xi,g and output
factors yg of unit g. We compute Efficiencyg|o for each DMU g. If Efficiencyg|o is higher than Efficiencyo,
unit g is a benchmark for unit o. The more Efficiencyg|o exceeds Efficiencyo, the greater the influence benchmarking unit g has on unit o because the efficiency gap between g and o is larger. A smaller efficiency
gap between Efficiencyg|o and Efficiencyo indicates a reduced impact of the benchmarking unit g on unit o,
because benchmark unit g just slightly outperforms the observed unit o. If the observed unit o increases
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efficiency and closes the efficiency gap between Efficiencyg|o and Efficiencyo, the efficiency of o increases, and the size of the efficiency gap decreases. This reflects a smaller impact of the benchmarking unit g
that creates the efficiency gap between g and o. In comparison to conventional DEA scores, our measures
of Efficiencyo and Efficiencyg|o are not limited to 100%.1 For mutual comparability of relative efficiency
scores across the whole sales force, we normalize the efficiency of each unit. Without normalization, efficiencies are only comparable between the observed DMU and its related benchmarks, but not comparable
across the observed DMU, other observed DMUs, and their related benchmarks. Equation (3) describes
the normalization in formal terms.

Efficiencygnormalized
=
|o

Efficiency g |o

Max ( Efficiencyh|o h ∈ G )

(3)

of g using the weights of o is computed by dividing the observed
The normalized Efficiencygnormalized
|o
score Efficiencyg|o by the maximum efficiency score over all h=1,…,G Max(Efficiencyh|o |h ∈ G) using the
weights of the observed unit o. The normalization of Efficiencyo can be computed analogously by substituting Efficiencyg|o for Efficiencyo in equation (3).
We can visualize our results using a matrix that has as many rows and columns as observed units. For
example, each row shows the observed unit o with its own weights and with the weights of each other
unit g. The columns show one set of weights applied to each unit; each column contains the efficiency
score of the observed unit o and the benchmarking units for unit o. The matrix diagonal from the upper
left corner to the lower right corner contains the scores of the DMUs using their own weights. Table 1
shows an illustration using three DMUs.

1

At this point, we neglect superefficiency models which generate efficiencies larger than 100% (Andersen and Petersen 1993) or effects which occur in the discussion of input-oriented versus output-oriented models and reciprocal efficiency scores (Cooper, Seiford, and Tone 2006).
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Column 1

Column 2

Column 3

Row 1

DMU 1 using weight DMU 1

DMU 1 using weight DMU 2

DMU 1 using weight DMU 3

Row 2

DMU 2 using weight DMU 1

DMU 2 using weight DMU 2

DMU 2 using weight DMU 3

Row 3

DMU 3 using weight DMU 1

DMU 3 using weight DMU 2

DMU 3 using weight DMU 3

Table 1: Benchmarking example.

The benchmarking in Table 1 takes place as follows. If the efficiency of DMU 3 using weight DMU 1
is higher than the efficiency of DMU 1 using weight DMU 1, DMU 3 is a benchmark for DMU 1. If the
efficiency of DMU 2 using weight DMU 1 is also higher than the efficiency of DMU 1 using weight DMU
1, but smaller than DMU 3 using weight DMU 1, DMU 2 is also a benchmark for DMU 1, but the influence of DMU 3 on DMU 1 is higher. These influences correspond to the lambda values of the DEA envelopment form.

4. Empirical sales force application from the pharmaceutical industry
4.1 Data on a pharmaceutical sales force
We use panel data from a medium-sized German pharmaceutical company selling its products via a sales
force in conjunction with additional marketing events (e.g., sponsored conferences). The firm has an extensive database that records all sales calls to and events for four physician segments (VIP, A, B and C),
which were created according to their prescription potential. The company has access to IMS Health sales
data and pharmacy coverage for 1,860 sales coverage units (SCU). There are 55 sales territories in Germany, each aligned to a single salesperson so that each territory consists of an average of 34 SCU. To
comply with German privacy legislation, market research companies like IMS are not allowed to provide
sales data on individual physicians and thus provide data only at an aggregate level for geographical units
(SCUs). Each SCU represents an aggregation of at least six physicians so that no data can be traced back
to the individual physician. The data contain multiple observations for each SCU for a period of 43
months between 2001 and 2004. The multiple data points allow for the econometric estimation of indivi-
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dualized (i.e., salesperson-specific) response parameters as discussed before. The first 36 months of the
panel (2001 to 2003) are used for estimation purposes; the remaining seven months (2004) are used for
holdout validation.

4.2 Individualized sales response estimation
As discussed in Section 3.2, we specify a semi-logarithmic sales response function. The transformation of
independent variables into natural logs allows for the use of a linear estimation model that corresponds to
the linear programming model of conventional DEA. Furthermore, the semi-log form accounts, by definition, for diminishing marginal effects so that it is not necessary to work with DEA models with decreasing-returns to scale (Banker, Charnes, and Cooper 1984). Because sales volume is frequently used as a
performance indicator (Skiera and Albers 2008), we use the observed sales of each salesperson per SCU
and per month as the dependent variable. On the independent variable side, we account for the factors that
can be influenced by the salespersons, such as detailing spending (for sales calls) and event spending, and
other potential factors that salespersons cannot influence. Another potential independent variable captures
the SCU-specific pharmacy over- or under-coverage relative to the number of doctors in that SCU. Details of the specification of the response function can be found in the Appendix Section A. We use the
average spending for each SCU per doctor, month, and segment, which is comparable to the call frequency (if not expressed in spending) and an important variable used for managing a sales force. We estimate
territory- (salesperson) and segment-specific detailing-event coefficients, territory- (salesperson) specific
pharmacy coverage coefficients, territory- (salesperson) specific intercepts, and error terms.
This specification helps us to account for two sources of heterogeneity. First, we account for observed
heterogeneity within individual sales territories and across SCUs by having a SCU-specific potential factor that is multiplied by the individual detailing-event frequency variables and reflects SCU heterogeneity
within the respective territory. Second, we account for unobserved heterogeneity across salespersons (territories) by estimating salesperson-specific individual response coefficients. The heterogeneity across
SCUs (within territories) is mostly due to the number of doctors and their different distribution across
13

segments, while individual salesperson coefficients (weights) reflect the salesperson-specific selling ability. The latter is required for the efficiency assessment. Table 2 displays point estimates and t-values for
the first five example territories2, the mean values across all 55 territories, the minimum and maximum
values, and the standard deviation.
Var.

Intercept

DMU

Coeff.

t-value

Detailing-Event Detailing-Event
Spending for
Spending for
Segment VIP
Segment A

Detailing-Event
Spending for
Segment B

Coeff.

Coeff.

t-value Coeff.

t-value

Detailing-Event
Spending for
Segment C

t-value Coeff.

Pharmacy
Coverage

t-value Coeff.

t-value

1

24875**

27.09

15.15**

26.82

15.16**

28.99

49.87**

18.19

47.67**

8.40

45.70**

15.13

2

13767**

29.63

21.38**

21.03

26.64**

29.16

19.24**

10.68

23.65**

5.85

72.28**

25.46

3

18532**

26.73

21.59**

35.28

16.68**

24.42

8.63**

4.03

43.51**

8.45

63.57**

17.61

4

18750**

17.71

13.43**

10.89

27.13**

24.70

12.50**

4.79

53.96**

10.80

40.97**

7.23

5

11697**

15.02

16.71**

17.67

22.88**

28.97

14.59**

7.30

94.54**

12.47

47.55**

13.72

Min

5168

10.96

7.43

-11.45

-127.16

27.44

Max

29243

50.43

45.29

75.74

134.21

134.38

Mean

16368

21.28

25.64

20.87

32.42

70.50

6459

6.85

7.52

18.35

53.04

24.29

0.00%

3.64%

14.55%

21.82%

0.00%

0.00%

0.00%

10.91%

14.55%

0.00%

SD

% not sig.
0.00%
at 5% level
% not sig.
0.00%
at 10% level

*significant at 10% level, **significant at 5% level. One-sided tests. Adjusted R2 = 70.6%

Table 2: Estimated coefficients and t-values.

The estimated salesperson level coefficients may be interpreted as econometrically derived DEA
weights; for example, the first factor Detailing-Event Spending per Doctor in Segment VIP for DMU 1
has a weight of 15.15. The second factor of DMU 1, Detailing-Event Spending per Doctor in Segment A,
has a comparable impact on the generated sales (dependent variable) with a weight of 15.16. In contrast to
a conventional DEA, we can assess the significance of these weights. Both weights (the weight of the first
mentioned input factor (15.15) and the weight of the second mentioned input factor (15.16)) are significant at the 5% level. Overall, the coefficients’ mean values have a positive sign and plausible values,
which is as expected. As reported in the row Percentage not significant at 5% level, 0.00% (3.64%,
2

Here and in the following, the numbers of the territories have been arbitrarily renumbered so that results cannot be
traced back to individuals. In addition, we only report results for some territories due to the same concern.
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14.55%, 21.82%) of the coefficients are not significant at the 5% level for Detailing-Event Spending per
Doctor in Segment VIP (A, B, C), and 0.00% (0.00%, 10.91%, 14.55%) of the coefficients are not significant at the 10% level for Detailing-Event Spending per Doctor in Segment VIP (A, B, C) as reported in the
row Percentage not significant at 10% level. For all remaining variables, all coefficients are significant at
least at the 10% level. This indicates a good stability for the estimated weights. The response model provides a very satisfactory fit with an adjusted R2 of 70.6%. The conventional DEA does not offer similar
robustness checks. Along with the problem that conventional linear programming weights can be misleading, the lack of significance levels and R2 information is a serious drawback of the conventional model.
As described in Section 4.1, our data represent a panel of 43 monthly periods (2001 to 2004). The first
36 months (2001 to 2003) are used for the individualized response estimation. The remaining seven
months in 2004 are used for a holdout validation of the estimated weights. Salesperson-specific response
weights are used to predict each salesperson’s sales volume in each of the remaining seven months of the
year 2004. We evaluate the estimated coefficients by comparing the realized and predicted sales volumes
in each of the seven holdout periods. Because sales volume data are at SCU level and the estimated
weights are at salesperson level (territory level), we aggregate SCU level sales data on territory level by
summing up the SCU level sales volumes for each territory. We calculate the Mean Absolute Percentage
Error (MAPE) for each salesperson as the average of seven holdout months. Thus, monthly salesperson
level data may be used for the evaluation. Formal details on the calculations can be found in the Appendix
Section B. The average MAPE over all 55 salespersons is 15.10%. The smallest prediction error occurs
for salesperson 29 (5.95%), and the largest occurs for salesperson 34 (24.75%); the standard deviation is
4.26%. Thus, the scale of the MAPE measures implies reasonable estimation quality. In Section 4.4 we
compare these results to the prediction error of a conventional DEA.

4.3 Calculation of relative efficiencies and benchmarks
After the estimation and evaluation of factor weights, the weights are used to calculate relative efficiencies and benchmarks as described in equations (1), (2), and (3). Two minor adjustments of equation (1)
15

and equation (2) are necessary. The adjustments affect the pharmacy coverage and the territory potential
variables, which are not influenceable for the salespersons and should be adjusted accordingly. Mathematical details on the adjustments can be found in the Appendix Section D. Table 3, below, describes
salesperson efficiencies for a sample of the first ten DMUs (salespersons) as an example.

…

1

64%

55%

60%

60%

50%

61%

50%

58%

61%

62%

…

2

75%

71%

72%

74%

66%

74%

64%

74%

74%

77%

…

3

71%

62%

70%

68%

62%

68%

63%

65%

64%

67%

…

4

84%

81%

82%

84%

74%

86%

81%

79%

74%

82%

…

5

61%

60%

56%

59%

52%

60%

48%

63%

61%

61%

…

6

60%

56%

58%

58%

59%

56%

49%

62%

61%

60%

…

7

60%

54%

55%

57%

47%

59%

47%

56%

59%

60%

…

8

52%

46%

47%

49%

41%

49%

38%

50%

53%

51%

…

9

55%

48%

48%

51%

41%

52%

38%

53%

54%

52%

…

10

88%

88%

83%

89%

79%

89%

72%

91%

100%

100%

…
…

…

10

…

9

…

8

…

7

…

6

…

5

…

4

…

3

…

2

…

1

…

Set of weights
observed →
DMU factors
used ↓

Table 3: Examples of efficiencies for the first ten DMUs (salespersons).

The columns indicate from which unit the set of factor weights is taken. The rows describe the set of
DMU factors used with the respective DMUs factor weights. As an example, the first cell in column one
and row one (64%) describes DMU 1 with its own weights. The cell in column one, row two (75%) describes the output of DMU 2 divided by the inputs using the weights of DMU 1. The diagonal elements
describe the relative efficiency ranking. For example, DMU 3 has an efficiency of 70%. The bold printed
cells in each column are potential benchmarking units for the observed DMU because they are more efficient. Using the weights of DMU 3, DMU 4 has an efficiency of 82%. Therefore, DMU 4 is a benchmark
for DMU 3. The efficiency score can be used as an indicator for which benchmarking unit has greater
influence on a potential improvement of the observed unit. Taking observed DMU 3, the efficiency of
benchmarking DMU 4 (82%) is greater than the efficiency of benchmarking DMU 2 (72%), but both
efficiency scores are higher than the score of the observed DMU 3 on its own (70%). Thus, benchmarking
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DMU 4 (82%) has greater influence than benchmarking DMU 2 (72%) on the improvement of observed
DMU 3 (70%). These influences correspond to the conventional DEA’s lambda values. Table 4 describes
the top three benchmarks for the first ten DMUs.
Benchmarks & Efficiency
(if there are more than three benchmarks for a DMU, only the top three benchmarks are reported)
DMU

1
No. of Benchmarks 33
Top 3 Benchmark DMUs

2
7

3
11

4
3

5
37

6
44

7
37

8
53

9
45

10
0

16(100%) 16(100%) 16(100%) 16(100%) 16(100%) 16(100%) 16(100%) 26(100%) 10(100%)

-

10 (88%) 10 (88%) 10 (83%) 10 (89%) 29 (82%) 10 (89%)

4 (81%) 10 (91%) 16 (91%)

-

4 (86%) 10 (72%) 25 (86%) 25 (87%)

-

25 (88%)

4 (81%) 25 (83%) 25 (84%) 10 (79%)

Table 4: Benchmarks for the first ten DMUs (salesperson).

The row labeled No. of benchmarks indicates the number of benchmarking units for each DMU. For
example, DMU 1 has 33 benchmarks. In some cases, a large number of benchmarks exists (e.g., DMU 8
has 53 benchmarks, and DMU 9 has 45 benchmarks). This occurs if the observed DMU has a small relative efficiency (e.g., DMU 8 has an efficiency of only 50%, and DMU 9 has an efficiency of 54%). In
these cases, many other units perform better than the observed DMU. Even if these units just slightly
outperform the observed unit, they occur as a benchmark. This process generates a large number of
benchmarks for the DMUs with a small relative efficiency. The benchmarking units and the related efficiencies are displayed in the row labeled Top 3 Benchmark DMUs. If there are more than three benchmarks for the observed unit, only those three benchmarks with the highest efficiencies are listed.
Benchmark units generate higher sales compared to the observed unit, using the observed unit’s own
weights and input factors of the benchmarking unit. Thus, a sales objective for each observed inefficient
unit can be calculated. If the observed unit reaches this sales objective, it reaches the benchmark unit’s
efficiency level. Equation (4) describes the calculation of individual sales objectives in formal notation.
B

Efficiencyb|o

b

Efficiencyo

SOo = yo ⋅ ∑ λb

+ δ o ⋅ PhaCovo

(4)
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SOo gives the sales objective for the observed unit o. yo is the sales volume of the observed unit o.3 λb is
the influence of benchmark unit b (b=1,…,B) on the observed unit o. This influence is calculated as the
efficiency gap between the observed unit’s efficiency and the benchmark unit’s efficiency, as described in
Section 3.3. Efficiencyo is the efficiency of the observed unit o, and Efficiencyb|o is the efficiency of the
observed unit’s benchmark unit b. Thus, the ratio of Efficiencyb|o to Efficiencyo describes the sales volume
improvement that the observed units can achieve with an orientation at benchmark unit b. Because we
observe the top three benchmark units’ b, the sales improvements are weighted by the individual benchmarks’ influences λb. If the observed unit has less than three benchmarks, we use the maximum number of
available benchmarks. Finally, we multiply the benchmark-weighted efficiency ratio by the sales volume
yo and add the pharmacy coverage effect δo · PhaCovo, which cannot be influenced by the individual salesperson o. The ranking of the top five and last five salespersons, the observed salespersons’ efficiencies,
individual benchmarks, and related benchmark efficiencies are described in Table 5.4
Rank DMU

Efficiency
[in %]

Sales (data)
[in €]

Sales Objective
[in €]

Improvement
[in %]

Top 3 Benchmarks (influence)

1

53

100.00%

69753

69753

0%

-

2

55

100.00%

51404

51404

0%

-

3

43

84.79%

54671

63753

16.61%

53 (100%), 55 (88%)

4

45

83.57%

38840

48241

24.20%

53 (100%), 55 (89%), 43 (84%)

5

10

80.17%

47048

57553

22.33%

53 (100%), 55 (95%), 43 (90%)

51

34

48.47%

39569

70774

78.86%

55 (100%), 53 (94%), 43 (85%)

52

11

46.63%

33455

65770

96.59%

53 (100%), 45 (83%), 43 (81%)

53

3

46.57%

37208

71238

91.46%

53 (100%), 45 (81%), 55 (72%)

54

14

45.84%

36740

72860

98.31%

53 (100%), 55 (93%), 43 (85%)

55

17

42.19%

29761

60658

103.82%

53 (100%), 55 (90%), 45 (86%)

65.50%

44908

64903

44.52%

…

Mean

Efficiency: Min.: 42.19%, Max.: 100.00%, Mean: 65.50%, SD: 12.47%

Table 5: Sales force efficiency ranking of the recommended DEA with econometrically derived weights.

3

Again, we need to adjust the sales volume of the observed unit o for the pharmacy coverage effects in equation (1)
and (2). The pharmacy coverage adjustments are described in the Appendix Section E.
4
Again, the territory numbers have been arbitrarily renumbered so that results cannot be traced back to individuals.
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The column Sales (data) contains each salesperson’s monthly sales volume (from the data and averaged across 36 monthly periods). The column Sales Objective contains the individual sales objectives,
using the top three individual benchmark salespersons. The Improvement column indicates the individual
percentage of sales improvement that can be achieved by an orientation towards the individual sales objective compared to the current average monthly sales volume, described in the column Sales (data). The
last two lines contain sales force mean values and sales force efficiency distribution parameters.
The five top performing salespersons are DMUs 53, 55, 43, 45, and 10. The five worst performing
salespersons are DMUs 34, 11, 3, 14, and 17. The average efficiency of the whole sales force is 65.50%.
The minimum efficiency is 42.19%, the maximum efficiency is 100.00%, and the standard deviation is
12.47%. The benchmark’s efficiency is indicated in brackets (e.g., unit 53 has an efficiency of 94% compared to DMU 34, which is 48.47% efficient using its own factors). The average salesperson’s monthly
sales volume is €44,908. If all salespersons successfully achieve the level of their benchmark units (i.e.,
the sales objective), the average monthly sales volume increases to €64,903 which represents an average
improvement of 44.52% (€19,995) compared to the actual sales volume. Of course, such improvements
are not likely to be fully realized in practice, but serve as an indication for potential gains. In the next
section, we compare the individually achievable sales objectives and the individual holdout validation
results with results based on a conventional DEA.

4.4 Comparison with a conventional DEA
We compute the results of a conventional DEA for comparison purposes. We use the basic CCR model
proposed by Charnes, Cooper, and Rhodes (1978). The DEA is specified as an output-oriented model. We
use the same factors as in the DEA model with econometrically derived weights. The sales volume is used
as the output factor while the physician segment-specific “detailing-event frequency” and the pharmacy
coverage are used as input factors. Because these variables are semi-log, decreasing returns to scale are
implicitly taken into account. The input factors (“detailing and event frequency”) are multiplied by the
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territory-specific prescription potential, as in the case of the DEA with econometrically derived weights
(see equation (A1) in Appendix Section A). While calculating DEA weights, relative efficiency scores,
and benchmark units, the pharmacy coverage is handled as a non-discretionary (non-influenceable) input
variable. Because this calculation is done in a one-step process, a separated sales volume adjustment for
the pharmacy coverage is not necessary when compared to the DEA with econometrically derived
weights (see equation (C1) in Appendix Section C). The panel data are prepared for cross-sectional DEA
by computing the salesperson-specific mean across the 36 monthly observations and summing the SCUspecific data at the sales territory level. Individual salespersons’ sales objectives are calculated using the
input factors of the top three benchmark units, which are determined by their influence (lambda value) on
the observed inefficient DMU. For the calculation of sales objectives, the technique described in equation
(4) can be used analogously for the DEA with econometrically derived weights. When salespersons
achieve their individual sales objectives, they have become as efficient as their related benchmark unit.
Table 6 describes the top five and bottom five ranked salespersons, related efficiencies, benchmark units,
benchmark influences (lambda value), sales volumes (average across 36 monthly periods, given in the
data), sales objectives, and the percentage sales improvement (if the sales objectives are achieved compared to the actual sales volume). The last two lines contain sales force mean values and efficiency distribution parameters.
Overall, there are 19 top-performing salespersons, which represent a share of 34.55%. The average
efficiency is 87.86%, the minimum efficiency is 55.65%, and the standard deviation is 12.35%.
As in the DEA model with econometrically derived weights, we use the remaining seven months of the
year 2004 for a holdout validation of the conventional DEA. Remember that we used the same panel data
in both models, the only difference being that we used mean values across the 36 monthly periods and
added up SCU data on a territory level in the conventional DEA model, reflecting the cross-sectional data
requirements. Using salesperson-specific DEA coefficients and the remaining seven periods of 2004, we
use the same holdout validation technique as applied to the DEA with econometrically derived weights.

20

The weights are used to predict each salesperson’s sales volume in 2004. The MAPE between the realized
and the predicted sales volume in 2004 evaluates the coefficients.
Rank DMU

Efficiency
[in %]

Sales (data)
[in €]

Sales Objective
[in €]

Improvement
[in %]

Top 3 Benchmarks (influence)

1

53

100.00%

69753

-

-

-

2

55

100.00%

51404

-

-

-

3

43

100.00%

54671

-

-

-

4

45

100.00%

38840

-

-

-

5

20

100.00%

41817

-

-

-

51

22

66.03%

38970

59450

52.55%

43 (0.04), 53 (0.22), 4 (0.77)

52

21

61.94%

37853

59368

56.84%

43 (0.58), 53 (0.35), 17 (0.17)

53

48

61.38%

35615

58088

63.10%

20 (0.16), 49 (0.26), 4 (0.68)

54

7

60.18%

39969

67076

67.82%

20 (0.27), 54 (0.19), 53 (0.58)

55

14

55.65%

36740

64550

75.70%

43 (0.01), 53 (0.45), 4 (0.62)

87.86%

44908

51685

15.09%

…

Mean

Efficiency: Min.: 55.65%, Max.: 100,00%, Mean: 87.86, SD: 12.35%

Table 6: Sales Force efficiency ranking of a conventional DEA.

Smaller values indicate a smaller gap between the realized and predicted sales volumes, implying
higher estimation quality. Table 7 illustrates the validation results and compares the validation of both
models.
Comparison

DEA with econometrically
derived weights

Conventional DEA

Average MAPE (all 55 salespersons)

15.10%

23.93%

Minimum MAPE

5.95%

1.79%

Maximum MAPE

24.76%

76.36%

Standard Deviation

4.26%

15.18%

Table 7: Comparison of validation results between both DEA models.

In the conventional model, the average MAPE across all 55 salespersons is 23.93%. The smallest error
is 1.79% (salesperson 34), the largest error is 76.36% (salesperson 49), and the standard deviation is
15.18%. A comparison between the validation of the DEA model with econometrically derived weights
and the validation of the conventional DEA shows that the average error of the DEA with econometrically
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derived weights (15.10%) is 8.83% less compared to the conventional DEA (23.93%). The econometrically derived coefficients are more tightly focused (standard deviation: 4.26%) compared to the conventional DEA weights (standard deviation: 15.18%). A comparison of the maximum errors indicates that the
conventional model tends to produce extreme values for the weights (maximum: 76.36%) compared to
the econometrically derived weights (maximum: 24.76%).
In Section 1 and Section 2 we pointed out that the conventional DEA may lead to ill-specified weights.
We assume ill-specification by the appearance of two different weight characteristics. First, weights are
assumed to be ill-specified if they have extreme values compared to the respective sales force average (in
standard deviations). Second, weights are also assumed to be ill-specified if they lead to benchmark units
that create implausible sales objectives. This occurs if the sales objectives are smaller than the actual sales
volume, erroneously implying that sales should optimally decline.
The holdout validation supports the assumption that, in the observed case, conventional DEA weights
may be of inferior quality compared to the econometrically derived weights. As an example, we focus on
the linear programming weights of salesperson 23 (fully efficient in the conventional DEA), who has
extreme values compared to the average. The weight of the Detailing-Event Spending per Doctor on
Segment C variable (0.0418) has a value 3.08 times that of the standard deviation (0.0121) from the sales
force average (0.0045). Measured by the number of standard deviations, this weight has a value that varies extremely from most of the observed units, giving support to the assumption that this weight may be
ill-specified.
To find evidence for the existence of the second effect, we calculate the sales objectives as described
in equation (4), but instead use the benchmark units and benchmark influences (lambda values) identified
by the conventional DEA model and the efficiency scores (for observed units and related benchmarks)
based on the econometrically derived weights. Formal details on the modifications can be found in the
Appendix Section E. A closer look at some individual salesperson’s sales objectives makes the problem
apparent. The whole sales force has 55 salespersons, of which 19 salespersons are fully efficient in the
conventional DEA and do not have individual benchmark units. The remaining 36 salespersons do have
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individual benchmark units. If we apply the modifications in the sales objectives to those 36 salespersons
that can be improved, 4 of those 36 salespersons (11.11%) create sales objectives that are smaller than the
actual sales volume. Those sales objectives are implausible. They result from conventional DEA benchmark units that are identified based on ill-specified factor weights. Based on appropriately specified
weights, as in our recommended DEA model with econometrically derived weights, these units would not
have been identified as efficient benchmark units. Table 8 describes the implausible sales objectives and
compares them to sales objectives based on the DEA with econometrically derived weights and to the
actual sales volume.
Salesperson

Sales (data)
[in €]

Sales objective
based on DEA
with econometrically derived
weights
[in €]

Differences [in €; in %]
Implausible sales
objective using
Sales (data)
DEA with econometrequation (E1)
vs.
ically derived weights
[in €]
Implausible sales
vs. Implausible sales
objective
objective

Salesperson 5

43,062

50,431

36,476

-6,586 (-15.29%)

-13,955 (-27.67%)

Salesperson 30

42,333

53,831

35,461

-6,872 (-16.23%)

-18,370 (-34.13%)

Salesperson 7

40,802

53,481

38,482

-2,320 (-5.69%)

-14,999 (-28.05%)

Salesperson 10

47,048

57,553

41,305

-5,743 (-12.21%)

-16,248 (-28.23%)

Table 8: Ill-specification of conventional DEA weights leads to implausible sales objectives.

Salesperson 5 has a monthly sales volume of €43,062 (in the data). Its sales objective according to the
DEA with econometrically derived weights is €50,431. Its sales objective using the benchmarks and
benchmark influences of the conventional DEA, however, is €36,476, which is €6,586 (15.29%) less than
the actual sales volume and €13,955 (27.67%) less than the recommended model with econometrically
derived weights. Table 8 details three other example salespersons that have implausible sales objectives.
These are the salespersons 30, 7, and 10. These implausible sales objectives give additional evidence to
the assumption that the conventional DEA benchmark units may be identified based on ill-specified factor
weights.
The very high share of efficient salespersons in the conventional model (34.55%) makes clear that the
recommended DEA model with econometrically derived weights considerably reduces the share of efficient units. In this recommended model, only 3.64% (or 2 of the 55 salespersons) are fully efficient, while
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the average sales force efficiency is only 65.50% (compared to 87.86% in the conventional model). The
ability to discriminate is highly improved, which is apparent based on the reduced number of efficient
units. The reduced share of efficient units offers a higher opportunity for improvement because there are
more units that can be improved. The 19 top performing salespersons of the conventional model do not
have benchmarks because they are already rated as fully efficient. All other DMUs have benchmarks. In
Table 6, a benchmark’s impact is indicated in brackets (e.g., unit 53 is a benchmark for DMU 22 having
an influence (lambda value) of 0.22). A salesperson’s average actual monthly sales volume is €44,908. If
all salespersons successfully achieve the level of their related benchmark units (i.e., the sales objective),
the average monthly sales volume increases to €51,685, which is an average improvement of 15.09%
(€6,777). The DEA with econometrically derived weights is 29.43% (= 44.52% - 15.09%) better than the
conventional DEA model, which makes a difference in the sales volume of €13,178 (= €19,955 – €6,777)
for each month and salesperson. If all salespersons successfully achieve their individual sales objectives,
the DEA with econometrically derived weights allows for sales improvements of €13,170,300 (€19,955
for 55 salespersons in each of 12 months) while the conventional DEA allows for improvements of only
€4,472,820. This creates a difference of €8,697,480 per year for the entire sales force. Table 9 summarizes the results for both models.
The combination of cross-sectional data and a large number of factors results in an additional drawback to the conventional model. If the observed unit faces unusual working conditions (e.g., a sales territory with a very low or very high selling potential), there may be a lack of other units that have similar
working conditions and can be used as benchmarks. The large number of factors intensifies the problem
because using a large number of factors makes it even harder to find comparable benchmarks with a similar factor configuration. Because the conventional DEA determines factor weights as much in favor of the
observed units and maximizes the individual efficiency, the lack of suitable units for comparison renders
the observed unit efficient. This process produces wrong benchmarks, solely due to the lack of data and
the DEA efficiency maximization. The falsely identified benchmarks bias the remaining benchmarking
effort by providing wrong orientation for other DMUs.
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Comparison

DEA with
econometrically
derived weights

Conventional
DEA

Difference
(DEA with econ.
derived weights vs.
conventional DEA)

Share of salespersons being fully efficient
(cannot be improved)

No.
(%)

2 of 55
3.64%

19 of 55
34.55%

-17
-30.91%

Average sales force efficiency

(%)

65.50%

87.86%

-22.36%

Average salesperson’s monthly sales improvement
using sales objectives from the top three benchmarks

(€/month)

€ 19,955

€ 6,777

€ 13,178

(%)

44.52%

15.09%

29.43%

Sales improvement for the whole sales force per year

(€/year)

€ 13,170,300

€ 4,472,820

€ 8,697,480

Table 9: Comparison of results for DEA with econometrically derived weights and conventional DEA.

An example from the current application is salesperson 17. His or her monthly sales volume is
€29,761 while the average member of the sales force sells €44,908 per month. Thus, salesperson 17 has
just 57.15% of the average sales volume, which would be qualified as a special working condition. As
expected, salesperson 17 is rated efficient in the conventional DEA. In the DEA with econometrically
derived weights, salesperson 17 is just 42.19% efficient. Thus, in management practice, the recommended
model with econometrically derived weights gives additional credibility and robustness to the efficiency
rating of each DMU. In the next section we point out the main managerial implications that can be derived from the comparison of both models.

5. Managerial implications
In management practice, the DEA with econometrically derived weights has some important advantages
over a conventional model. A comparison of the holdout validation results in Section 4.4 demonstrates the
smaller prediction error using the weights of the recommended DEA model compared to the conventional
DEA’s linear programming weights. The quality of the econometrically derived weights is supported by
the ability to test their significance and the response model’s goodness-of-fit via an R2. Both are not provided in the conventional DEA. The implausible sales objectives of the conventional DEA, which are
outlined in Section 4.4, support the assumption that the conventional weights are ill-specified and result in
biased benchmarking results. Thus, it is doubtful that the conventional DEA derives appropriate ben-
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chmarking recommendations. In contrast, the predictive validity of the econometrically derived weights is
much higher, leading to credible benchmarking recommendations.
In the DEA with econometrically derived weights, the multiple observations per unit and the maximization of model fit avoid the drawback of the conventional DEA (namely that a DMU that faces unusual
working conditions may be rated efficient solely due to a lack of comparable units that face similar working conditions and which can be used as benchmarks). This effect, which is described in Section 4.4 in
more detail, biases the remaining benchmarking processes because single benchmarks are identified falsely and erroneously orient the other units.
Along with the improved weights, the richer information (multiple observations per unit) used by the
recommended DEA results in a smaller share of efficient units and a smaller average efficiency (see Section 4.4, Table 7 for details). This results in a higher share of units that can be improved and, thus, a higher potential for efficiency improvement vis-à-vis higher sales objectives. As depicted in Section 4.4, Table 7, the conventional DEA offers a monthly sales improvement of 15.09% per salesperson while the
recommended DEA with econometrically derived weights offer improvements of 44.52% per salesperson
per month. For the whole sales force, the aggregate improvement per year is €4,472,820 in the conventional DEA and €13,170,300 in the recommended model. This represents an improvement of €8,697,480
per year as a result of using the recommended model instead of the conventional DEA.

6. Conclusion and implications for further research
The recommended DEA with econometrically derived weights is a model that overcomes some drawbacks found in the conventional DEA. It is based on multiple observations per unit (panel data) while
conventional DEA models are based on single observations per unit (cross-sectional data). The conventional model maximizes individual unit efficiency using linear programming while the econometrically
derived weights maximize overall model fit. The conventional DEA’s combination of single observations
per unit, linear programming, and maximization of individual efficiencies can lead to ill-specified factor
weights. The holdout validation in Section 4 demonstrates the improved predictive validity of the econo26

metrically estimated DEA weights relative to linear programming coefficients. Although econometric
estimation requires enhanced data, it offers improvements in addition to the improved coefficients. Because the efficiency of observed DMUs is no longer maximized individually and actually based on multiple observations per unit, the problem of units being rated efficient solely due to extreme factor utilizations can be avoided. In a conventional DEA, this effect can lead to a large share of efficient units, occasionally as high as 50% of the observed DMUs. The recommended model reduces the extreme factor
utilizations and the number of efficient units considerably while increasing the ability to discriminate
between units. Because there are less efficient units, the ability to improve efficiency (and thus increase
output) increases.
Although the recommended model offers several advantages relative to the conventional DEA, it has
some limitations. First, the individualized production response estimation requires panel data. In situations without multiple observations per unit, individualized unit level weights cannot be derived econometrically. Second, while conventional DEA is implemented in various software packages, the recommended model is not yet implemented in standard software and needs to be set up for each analysis. Concerning the model’s advantages compared to a conventional DEA, further development of the DEA with
econometrically derived weights may be a meaningful area for further research.

Appendix
A. Specification of an individualized sales response estimation
Equation (A1) describes the response function in formal terms. Because sales volume is frequently used
as a performance indicator (Skiera and Albers 2008), we use the observed sales of each salesperson g per
SCU r (r=1,…,R) and month t (t=1,…,T) as the dependent variable Salesg,r,t.
S

Salesg , r ,t = α g +

∑β
s

⎡

⎛ Detailing s , r ,t + Eventss , r ,t

⎣

⎝

⋅ Pots ⋅ Docss , r ) ⋅ ln ⎜
s , g ⎢(

Docss , r

⎞⎤

+ 1⎟ ⎥

⎠⎦

(A1)

+ δ g ⋅ PhaCovr + ε g
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On the independent variable side, we account for the factors detailing spending (for sales calls) and event
spending which can be influenced by the salespersons and non-influenceable potential factors. As Detailing and Event spending are highly collinear, we add up both spending variables and divide them by the
number of physicians Docss,r to make them comparable across SCUs. This provides the average spending
for each SCU per doctor, month, and segment, which is comparable to the call frequency (if not expressed
in spending) and is an important variable used for managing a sales force. We use stock variables of the
total spending on detailing Detailings,r,t plus events Eventss,r,t in month t in the observed SCU r and segment s (s=1,…,S). For the stock variables, we use a monthly carryover of 0.9, which has proven to be the
best fitting value in a pre-estimation stage. Accounting for non-influenceable potential factors, we multiply the detailing-event variable with SCU-specific prescription potential Pots · Docss,r, containing the number of doctors Docss,r in SCU r and segment s by the segment-specific potential factor Pots, which is
based on firm data from previous periods. The second independent variable is an additional potential factor and includes the SCU-specific pharmacy over- or under-coverage PhaCovr relative to the number of
doctors in that SCU. In equation (A1), αg is the territory-specific intercept, and εg is the territory-specific
error term. We estimate territory (salesperson) g- and segment s-specific detailing-event coefficients βs,g,
territory- (salesperson) specific pharmacy coverage coefficients δg, intercepts αg, and error terms εg.
This specification helps to account for two sources of heterogeneity. First, it accounts for observed heterogeneity within individual sales territories and across SCUs. We account for this type of heterogeneity
by having a SCU-specific potential factor (Pots · Docss,r), which is multiplied by the individual detailingevent frequency variables and reflects SCU heterogeneity within the observed territory. Second, we account for unobserved heterogeneity between salespersons (territories) by estimating salesperson-specific
individual response coefficients. The heterogeneity across SCUs (within territories) is mostly due to the
number of doctors and their different distribution across segments while individual salesperson coefficients (weights) reflect the salesperson-specific selling ability. The latter is required for the efficiency
assessment. The hierarchical Bayes linear model used for estimation is implemented with bayesm (Rossi,
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Allenby, and McCulloch 2005) using a Gibbs Sampler and a normal prior in R. We use 50,000 draws,
discarding a burn-in of 5,000 draws.

B. Holdout validation of estimated sales response weights using MAPE
Our data represent a panel of 43 monthly periods (2001 to 2004). The first 36 months (2001 to 2003) are
used for the individualized response estimation. The remaining seven months in 2004 are used for a holdout validation of the estimated weights. Salesperson-specific response weights are used to predict each
salesperson’s sales volume in each of the remaining seven months of 2004. We evaluate the estimated
coefficients by comparing the realized and predicted sales volumes in each of the seven holdout periods.
Because sales volume data are at the SCU level, and the estimated weights are at the salesperson level
(territory level), we aggregate SCU level sales data to the territory level by summing up the SCU level
sales volumes for each territory. We calculate the Mean Absolute Percentage Error (MAPE) for each salesperson as the average of seven holdout months. Thus, monthly salesperson level data may be used for
the evaluation. Equation (B1) describes the MAPE in formal notation.

MAPE =

1

T

∑
T
t

yˆ t − yt
yt

⋅ 100%

(B1)

The MAPE calculates the average absolute deviation of the predicted and realized value as a percent of
the realized value. t (t=1,…,T) is the currently observed validation period (we use seven monthly periods), yt is the realized sales volume in t, and yˆ t is the predicted sales volume in t. The average MAPE

over all 55 salespersons is 15.10%. The smallest prediction error occurs for salesperson 29 (5.95%), the
largest error for salesperson 34 (24.75%), and the standard deviation is 4.26%. Thus, the scale of the
MAPE measures implies reasonable estimation quality.
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C. Adjusted equations (1) and (2) reflecting the pharmacy coverage and selling potential
A necessary adjustment in equations (1) and (2) affects the pharmacy coverage. Pharmacy coverage describes whether a certain SCU has more pharmacies than needed for the physicians in that SCU. It is a
factor that cannot be influenced by a salesperson; hence, we subtract the pharmacy coverage influence
from each individual salesperson’s sales volume. The adjusted sales volume is used for the calculation of
individual relative efficiencies and benchmark units. Equation (C1) describes this adjustment in formal
notation.

y gno _ pha cov = y g − δ g ⋅ PhaCovg

(C1)

PhaCovg denotes the pharmacy coverage in territory g. δg is the salesperson g-specific pharmacy coverage
coefficient as estimated in Section 4.2 (remember that each territory g is covered by a single salesperson
g). yg is the salesperson g-specific sales volume, including the pharmacy coverage effect (as described in
the data). y gno _ pha cov is the salesperson g-specific sales volume without pharmacy coverage effect. Equation (C2) is a modification of equation (2) using the pharmacy coverage adjusted sales volume y gno _ pha cov
in the numerator.
A second adjustment in equation (C2) affects the territory potential. As described in equation (2), we
are interested in the output (sales volume), which is generated by all other units g (salespersons) using the
weights of the observed unit o. In other words, when using the factors of all other units g in the territory
of the observed unit o (i.e., using weights of the observed unit o), we need to account for the observed
unit’s selling potential. We modify equation (2) so that we do not solely use the weights of the observed
unit o for all factors i, βi,o but also use the selling potential of the observed unit o and physician segment s,
Pots · Docss,o. Thus, for each territory g and input factor i, xi,g, is split into the “detailing-event frequency”
for input i, Freqi,g, and the segment s- and territory g-specific prescription potential Pots · Docss,g, so that
xi,g = Pots · Docss,g · Freqi,g. The “detailing-event frequency”, Freqi,g, contains the detailing and event
spending per doctor for input i in territory g, as described in Section 4.2. Both modifications of equation
(2) are described in equation (C2).
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Efficiency g |o =

y gno _ pha cov
I

∑β

i ,o

⋅ Pot s ⋅ Docss ,o ⋅ Freqi , g

(C2)

i =1

The denominator reflects the input factors of salesperson g, Freqi,g weighted with the segment- and territory-specific selling potential of salesperson o, Pots · Docss,o, and the regression coefficients for observed
unit o, βi,o, The numerator includes the pharmacy coverage adjusted sales volume y gno _ pha cov .

D. Pharmacy coverage correction of sales objectives
The pharmacy coverage is a factor that cannot be influenced by the observed salesperson; hence, we subtract the pharmacy coverage influence from each salesperson’s sales volume as described in Appendix
Section C. For the calculation of the sales objective of unit o, SOo, we use the pharmacy coverage adjusted sales volume, yono _ pha cov , instead of the non-adjusted sales volume, yo. Equation (D1) describes the
adjustments of equation (4) in formal notation.
B

Efficiencyb|o

b

Efficiencyo

SOo = yono _ pha cov ⋅ ∑ λb

+ δ o ⋅ PhaCovo

(D1)

The interpretation of the variables aside from yono _ pha cov is the same as described in Section 4.3.

E. Sales objectives using conventional DEA benchmarks and influences
We pointed out that the conventional DEA may lead to ill-specified weights. We assume weights to be illspecified if they lead to benchmark units that create implausible sales objectives. This occurs if the sales
objectives are smaller than the actual sales volume, thus implying that a sales decline is optimal. To find
evidence for the existence of this effect, we calculate the sales objectives as described in equation (4) but
use the benchmark units and benchmark influences (lambda values) identified by the conventional DEA
model and the efficiency scores (for observed units and related benchmarks) based on the econometrically
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derived weights. For this purpose, we use a modification of equation (4), which is described in equation
(E1).
ill − spec.
o

SO

no _ pha cov
o

=y

B conv .

⋅∑λ
b conv .

conv .
b

.
Efficiencybstat
|o
stat .
o

Efficiency

+ δ ostat . ⋅ PhaCovo

(E1)

stat .
.
, the pharmacy coverage variable PhaCovo, the
The efficiency scores Efficiencybstat
|o and Efficiencyo

related weight δ ostat . , and the sales volume yono _ pha cov , remain as described in equation (4) and equation
(D1), respectively, and as used in the DEA model with econometrically derived weights. However, in
contrast to the aforementioned model, we use the top three benchmark units identified by the conventional
DEA bconv. (bconv. = 1,…,Bconv.) and their related influences, λbconv. . The resulting sales objective for the
observed unit o, SOoill − spec. , provides additional evidence of a possible ill-specification of conventional
DEA weights by creating implausible sales objectives.
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