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6
Conclusions

This thesis focuses on supply chain performance evaluation. Measuring performance
enables supply chain actors to define, monitor and improve the achievement of supply
chain objectives.

Supply chain performance measurement is challenging for several reasons. Firstly,
a supply chain consists of a large number of interdependent processes, systems, orga-
nizations that closely interact to deliver products and services to the end customer.
The nature of these interactions is intertemporal, meaning that the interactions can
impact the performance at various points in time. Accounting for these interactions
when measuring performance is a daunting task from both theoretical and practical
viewpoints. However, ignoring such interactions leads to unreliable performance mea-
surement results [Swaminathan et al., 1998, Narayanan et al., 2019].

Secondly, the decision-making structure of the supply chain can be centralized,
decentralized or a combination of both. In each structure, supply chain actors have
a different level of authority and responsibility [Giannoccaro, 2018]. The evaluation
should examine the performance of the actors according to their actual authority.
Otherwise, the actors are unlikely to accept the results of the performance measure-
ment, arguing that the evaluation has examined a range of actions over which the
actors had partial or no control. Thirdly, supply chain performance measurement is
a multi-criteria decision-making problem. The criteria arise from various categories
(e.g., financial, non-financial, qualitative and quantitative) with different data types
(e.g., exact, imprecise, discrete, continuous, nominal and cardinal) [Ellram, 1993,
Arabmaldar et al., 2017]. To enable a comprehensive performance measurement, one
requires a measurement approach that takes multiple criteria from diverse categories
and data types into account.

Fourthly, supply chain performance measurement comes with specific costs such
as those for allocating time and labor for developing and running the measurement
processes, and for acquiring appropriate information systems to manage performance
evaluation data. Finally, one should minimize the negative impact of the decision-
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makers’ individual characteristics (such as behavior, personality, interests, inspirations,
and analytical knowledge) on the evaluation results [Giannoccaro, 2018].

Data envelopment analysis (DEA) offers some compelling advantages to overcome
the challenges mentioned above. To measure the performance, dynamic and network
DEA models enable decision-makers to account for complex intertemporal interactions
and inter-dependencies of supply chain actors [Tone and Tsutsui, 2009, 2014, Kao
et al., 2017a]. Using an uncommon-weight (UW)-DEA and a common-weight (CW)-
DEA, one can quantify the performance of decentralized and centralized supply chains,
respectively [Lozano and Villa, 2004, Chen and Zhu, 2011]. DEA models are capable
of taking into account multiple criteria from different categories and with diverse data
types [Zhu, 2003a, Wang et al., 2005, Kao et al., 2017a]. DEA’s computations do
not demand advanced, expensive technologies because conventional solvers, which are
easily and sometimes freely available for users such as Microsoft Excel Solver and Open
Solver, can deal with the computations [Dulá, 2002]. Since DEA objectively evaluates
performance, it can alleviate the negative impacts of decision-makers’ traits on the
evaluations [Barak and Dahooei, 2018].

This thesis focuses on supply chain performance modeling, measurement and bench-
marking. In particular, we want to examine the relationship between supply chain
performance and challenging real-life issues such as measuring suppliers’ total cost of
ownership (TCO), managing peak-season performance, and handling inventory record
inaccuracy (IRI) in sales and inventory management systems. To achieve these objec-
tives, we argue that novel developments in the DEA models are necessary because
most of the existing DEA models suffer from some drawbacks (as summarized in
Section 6.1) and, accordingly, may not quantify the supply chain performance reliably
and accurately. Therefore, this thesis proposes several DEA models in Chapters 2–5.

6.1 Findings and contributions

The following sections summarize the main findings of Chapters 2–5 by focusing on
the key issues addressed and by highlighting the main results obtained.

6.1.1 Estimation of suppliers’ total cost of ownership

In Chapter 2, we evaluate the suppliers’ total cost of ownership (TCO). The suppliers’
TCO is an appropriate approach that provides a purchasing company with financial
estimations of the costs – both direct and indirect, including acquisition, ownership and
post-ownership – of purchased products and services. Evaluating the suppliers’ TCO is
intricate because it requires an investment of organizational effort, time and expense.
In particular, it needs analyses of all activities for managing business partnerships with
suppliers. In that regard, we want to study the problem of measuring suppliers’ TCO
in a reliable and parsimonious way.

Existing literature suggests that DEA can alleviate the practical intensity of the tra-
ditional TCO computation and, therefore, has proposed DEA-based TCO approaches.
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However, these approaches have two shortcomings that may cast doubt on their appli-
cability. Firstly, contrary to the traditional TCO approach, the existing DEA-based
methods evaluate each supplier’s TCO based on a set of input/output (i.e., performance
criteria) weights that are different from other suppliers. The variability of the weights
may not be understandable for managers. Moreover, the evaluation of the suppli-
ers’ TCO most often faces imprecise data. However, both existing DEA-based TCO
methods and the traditional TCO explicitly assume that the data is exact without
any imprecision. To improve the applicability of TCO in real-life decision-making,
Chapter 2 proposes a novel DEA-based TCO approach. The proposed method is
capable of evaluating each supplier’s TCO based on a set of input/output weights that
are common for all suppliers and incorporating imprecise data in the TCO evaluation.

Numerical experiments show that our proposed DEA-based TCO model is capable
of estimating suppliers’ TCO in line with the results of the traditional TCO approach,
and is more accurate than the existing DEA-based TCO models. In particular, we
tested the correlation between the results of our proposed method and those of the
traditional TCO approach for five different supply categories of two companies. For
the five supply categories, the correlation coefficients are 0.819, 0.834, 0.863, 0.913
and 0.959 (i.e., sufficiently high). The corresponding coefficients between the existing
DEA-based TCO and the traditional TCO approach are 0.787, 0.727, 0.639, 0.829,
and 0.704. Similarly to the existing DEA-based TCO models, our approach can save
more than 90% of the time that one has to allocate for calculating the suppliers’ TCO
compared to a traditional TCO method.

Our model is the first TCO model capable of systematically handling imprecise
data which often occurs in real-life TCO studies. Decision-makers inevitably make
subjective interpretations of the imprecise data to be able to proceed with existing
DEA-based TCO models and the traditional TCO approaches. For example, to use
interval data expressed by lower and upper bounds, decision-makers often use the mean
of the lower and upper bounds in the TCO analyses. Such treatment can lead to data
loss, which in turn reduces the reliability and accuracy of the computations. In contrast,
our proposed approach enables decision-makers to systematically and objectively take
imprecise data into account without losing data. In the example of interval data, our
approach makes use of all available data by considering the lower bound, the upper
bound, and intermediate values between them to calculate the suppliers’ TCO.

Numerical findings confirm that existing DEA-based TCO approaches suffer from
the so-called suppliers’ efficiency overestimation issue. This issue may present a weak-
performing supplier as a good-performing one. Our method, however, does not suffer
from the efficiency overestimation problem.

6.1.2 Distribution network performance evaluation with carryovers

In Chapter 3, we investigate the performance of parcel delivery companies (PDCs)
during peak seasons. For on-time, high-quality delivery services, a strong performance
is necessary during peak seasons. Measuring the performance of the PDC is key to
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manage and improve the parcel delivery services; however, it is a non-trivial man-
agerial task [De Koster and Balk, 2008] in that management needs to define multiple
performance indicators and synthesize them into a single performance score, while
the indicators often present conflicting pictures of the performance. Moreover, the
distribution network of PDCs typically consists of several centrally-managed depots.
The performance of the PDC, therefore, depends on the performance of the depots.
Each depot itself consists of several working sub-units. To complete parcel delivery
operations, the sub-units of the depot interact with each other by the flow of parcels.
The nature of interactions is intertemporal, meaning that the performance of a sub-unit
can affect the performance of other sub-units at various points in time. In this context,
we study how to measure the performance of PDCs during peak seasons.

Several analytical approaches are available to unify multiple performance indicators
into a single value, namely, analytical hierarchy process (AHP), analytical network
process (ANP), elimination and choice expressing reality (ELECTRE), the technique
of order preference by similarity to the ideal solution (TOPSIS), regression analysis,
stochastic frontier analysis (SFA), and data envelopment analysis (DEA). Due to
various reasons, DEA is an appropriate approach for evaluating the performance of the
PDC. That is, DEA can unify multiple performance indicators into a single efficiency
measure. It can also quantify the performance of centrally-managed settings such as
depots of a PDC [Lozano et al., 2004]. Moreover, DEA is capable of accounting for
the intertemporal interactions and complex interdependencies between sub-units of a
depot [Tone and Tsutsui, 2009, 2014, Kao et al., 2017a].

Existing literature describes several DEA-based approaches to measure the perfor-
mance of a PDC [De Koster and Balk, 2008, Gu et al., 2010, Johnson and McGinnis,
2011, Faber et al., 2018]. These studies, however, oversimplify measurements of the
performance. Firstly, they overlook the existence of sub-units of depots by considering
them as black boxes. Secondly, the existing studies assume that the performance of a
depot is static, meaning that the performance has no (carry-over) impact over time.
Thirdly, existing research neglects the centralized management system that a PDC
adopts over its depots. As a result, measuring the contribution of a depot to the
PDC’s overall performance is not possible. Therefore, in Chapter 3, we propose a
novel DEA-based model to resolve the shortcomings mentioned above.

We carry out computational experiments on the data of an international PDC to
verify the applicability of our model for measuring the PDC’s performance. The results
lead to several findings. Firstly, the inclusion of interactions between sub-units of
depots (i.e., the network effect) is crucial to measure the PDC’s performance correctly.
Secondly, it turns out that a static performance measurement model is incapable of
quantifying the PDC’s performance and yields misleading efficiency measures. Only
a dynamic performance evaluation approach can reliably measure the PDC’s per-
formance. Thirdly, our findings illustrate that the most reliable PDC performance
measurement is achieved by accounting for both the network effects and the dynamic
effects of the depot’s performance. Fourthly, we find that one needs to examine the
performance of the PDC by a model designed for settings with centralized manage-

140



6.1. Findings and contributions

ment systems. Otherwise, the model can highly overestimate the performance of the
PDC; the results may be misleading for decision-making and challenging to present to
stakeholders.

6.1.3 Resource-allocation and target-setting for peak season parcel delivery

In Chapter 4, we continue our investigation of the performance of PDCs during peak
seasons. Since the workload during these periods is very high, PDCs should make
better use of their inputs to achieve higher outputs. The way that a PDC optimizes
the input/output levels of the depots has a significant impact on the performance
[Athanassopoulos, 1995, 1998, Wu et al., 2016b]. In that regard, we investigate how a
PDC should determine input and output levels for the depots to maximize performance
during peak seasons. Researchers have proposed several approaches to establish the
levels of inputs and outputs of production/service units [Benders, 1962, Burton and
Obel, 1977, Mandell, 1991]. These traditional approaches assume that the market value
of inputs and outputs, as well as the production function of the production/service
units, are readily available. However, these two components are challenging to obtain
[Golany and Tamir, 1995, Chen and Zhu, 2011].

DEA does not suffer from the aforementioned limitations of the traditional models.
The literature has described several DEA-based models to establish the optimal levels
of inputs and outputs [Korhonen and Syrjänen, 2004, Lozano et al., 2009, Du et al.,
2010, Wu et al., 2019]. Nevertheless, the existing DEA-based models have their own
shortcomings for optimizing inputs and output levels of the PDC’s depots. The issues
include (i) being non-linear and suffering from computational and implementation
complexity [Du et al., 2010]; (ii) ignoring the existence of sub-units of a depot and
their interactions, hence, setting input/output levels for a black-box depot that may not
match the optimal input/output levels [Korhonen and Syrjänen, 2004, Wu et al., 2019];
(iii) being applicable to the case of single-output (multiple-input) depots [Golany,
1988, Golany and Tamir, 1995]; (iv) establishing sub-optimal input/output levels that
do not make depots efficient [Athanassopoulos, 1995, 1998, Lozano et al., 2004]; (v)
being applicable to situations where the total input/output levels of the depots in the
forthcoming period is assumed to be equal to (or less than or greater than) that in
the current period [Lozano and Villa, 2004, Fang, 2015]; (vi) being unable to take the
decision-makers’ feedback into account leading to impractical input/output levels [Du
et al., 2010]; (vii) becoming infeasible if the forecasted demand of the depots in past
and forthcoming production periods are too much different [Lozano, 2014].

Therefore, we develop novel DEA-based models to optimize depots’ input and
output levels. Our proposed models support the management of a PDC to maximize
the depots’ individual and overall performance. In doing so, our models consider
how well depots transformed inputs to outputs during the past periods as well as the
forecasted demand of the forthcoming period. Moreover, our models help management
to approximate the maximum and minimum forecasted demand above which depots
encounter capacity shortage and overcapacity. Our approach also enables decision-
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makers to examine how sharing the workload (i.e., the forecasted demand) among
the depots impacts the input/output levels. Besides, our models can incorporate the
decision-makers’ feedback into account; this ensures the established input and output
levels are practically feasible to fulfill the forecasted demand. By accounting for the
existence of sub-units of a depot and for their interactions, our models can optimize
input/output levels at the level of sub-units. Finally, we propose a performance
indicator that compares the optimal and actual input/output of depots to measure
their improvement potential (IP).

To illustrate the applicability of our approach, we perform several experiments
using a data set retrieved from the peak-season operations of 15 depots of a large
PDC. The results indicate a remarkable gap between depots’ optimal and actual
input/output levels. Moreover, some depots encounter capacity issues to fulfill the
forecasted demand. Numerical findings indicate that workload sharing is a credible
solution for utilizing the depots’ capacity better. It can help management to mitigate
the risk of excessive input consumption and insufficient output production.

Our models are capable of establishing input/output levels by considering multi-
period historical depots production data, while existing models can do so by accounting
for single-period data only. Numerical experiments show a significant change in the
optimal input/output levels if one replaces the multiple-period data with single-period
data. Therefore, a model that can only consider single-period data may not account for
the true dynamics of the depots’ operations for optimizing their input/output levels.

6.1.4 Inventory record inaccuracy and store-level performance

In Chapter 5, we study the impact of store-level inventory record inaccuracy (IRI)
on store-level performance. IRI reveals itself as the mismatch between the actual
and recorded inventory levels of a stock-keeping unit (SKU) [DeHoratius and Raman,
2008]. IRI has a detrimental impact on a retailer’s operational performance [Barratt
et al., 2018]. The retail stores are complex entities consisting of multiple processes and
systems which can generate IRI and simultaneously get affected by IRI. At the level of
a store, IRI occurs by errors in the implementations of underlying sales and inventory
management processes. Accordingly, we want to quantify the impact of the store-level
IRI on the store-level performance.

To quantify the IRI level, researchers have described various types of methods with
different sophistication levels [Schrady, 1970, Martin and Goodrich, 1987, Ernst et al.,
1993, DeHoratius and Raman, 2008, Kull et al., 2013]. We consider applications in
which one has to deal with many low-volume SKUs, e.g., in the fashion and consumer
electronics retailing. Existing IRI measurement methods are not suitable to quantify
the level of IRI in these applications in that they cannot differentiate IRI across different
SKUs well. We, therefore, propose a novel IRI measurement method that is capable of
distinguishing the IRI of different SKUs.

Moreover, we propose a new network DEA (NDEA) model to decompose the
store-level performance into the store-level sales management performance and store-
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level inventory management performance. To identify the root causes of IRI and to
set realistic targets for mitigating store-level IRI, we propose two novel indicators,
namely the IRI improvement potential and the IRI improvement workload. The IRI
improvement potential measures the ability of an inefficient store to control and improve
its IRI. The IRI improvement workload indicates the portion of the IRI-related effort
within the entire effort that is required for an inefficient store to become efficient.

To demonstrate the applicability of our proposed approach, we use an extensive
data set retrieved from the sales and inventory management systems of 81 stores of an
international retailer. According to our findings, since the distribution of the number
of received items (NRI) is not even across SKUs, one requires to use a relative measure
to quantify IRI levels accurately across SKUs. Moreover, existing relative IRI measures
are incapable of measuring store-level IRI: they cannot quantify IRI of 22% of SKUs in
our case company. In contrast, for these SKUs, our IRI measurement method quantifies
the IRI level appropriately.

Furthermore, IRI is a result of interaction between multiple systems in a store where
the decomposition of the store-level performance is highly beneficial [Vaz et al., 2010].
As numerical findings demonstrate, a black-box DEA model may not evaluate the
impact of IRI on the store-level performance because it cannot decompose store-level
performance into the performance of the inventory and sales management systems.
In addition, our proposed NDEA model is more accurate to improve store-level per-
formance and to handle store-level IRI than the existing NDEA model of Tone and
Tsutsui [2009].

Numerical results also demonstrate that gains in the IRI improvement are insignif-
icant for near-efficient stores and are remarkably high for highly inefficient stores.
We observe a high IRI improvement workload for all types of inefficient stores (i.e.,
near-efficient stores, highly inefficient stores, and stores positioned between the two
groups). The performance of stores in different geographical regions is diverse. The
uneven distribution of the stores’ performance is a combined result of the IRI, ineffi-
cient inventory management systems and inefficient sales management systems. Our
proposed approach helps managers to get a precise understanding of the IRI’s impact
on the store-level operational performance. In particular, management can identify
stores that generate remarkably low or high levels of IRI depending on how correctly
and completely the store-level processes are applied. Our methods help to track the
likely causes of a store’s weak performance and to identify the best practices. As such,
management can take appropriate corrective actions to mitigate IRI-driven losses and
improve the stores’ operational performance.

6.2 Research limitations and future studies

The limitations that we encountered in this research open up new avenues and direc-
tions for future studies.

In Chapter 2, the factors that we used to evaluate the suppliers’ TCO purely
reflect the financial consequences of business relationships with suppliers. Sustainable
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procurement has become a key point of focus for most companies. The society expects
businesses to go beyond an economic analysis of purchased products and services to also
consider the social and environmental sustainability aspects of their business. Future
research could examine the effectiveness of our proposed model for approximating
supplier’s TCO in the presence of economic, social, and environmental factors. A
successfully developed and tested model for such a condition can appropriately guide
supplier management decisions towards achieving sustainability goals.

We formulated a novel imprecise DEA (IDEA) model from a multiplier point
of view. It optimizes weights associated with the imprecise inputs and outputs of
suppliers. One could extend the envelopment form of our model, which would pro-
vide additional managerial information, e.g., benchmark supplier(s) for each inefficient
supplier.

We applied a discretization method to linearize our proposed model. It is a con-
ventional approach in operational research for coping with continuous variables in a
non-linear programming problem. Among several discretization techniques, we opted
for equidistant interval binning for its mild assumptions on the distribution probabil-
ity of data. Other discretization techniques include chi-square based, entropy-based,
wrapper-based, evolutionary-based, and adaptive methods. It would be an interesting
topic to study the impact of various discretization techniques on the accuracy of
suppliers’ TCO estimations.

Our research in Chapter 3 on handling parcels during peak seasons offers multiple
directions for further investigations. In our study, we did not examine whether the
PDC’s performance in different geographical regions varies significantly. Future re-
search could look into the parcel delivery performance from this angle. Any meaningful
evidence of regional variations in the PDC’s performance may help management to
understand the drivers and causes of weak or strong performance of the depots in
various regions, and to implement appropriate performance improvement measures.

Moreover, we did not analyze the relationship between depots’ size and efficiency
level. Some existing studies show that larger depots are less efficient than the smaller
ones, while some others state the opposite, namely that larger depots are more efficient
than the smaller ones [Banaszewska et al., 2012, De Koster and Balk, 2008]. Our
improved model for measuring the depots’ efficiency enables one to carry out more
refined studies and to clarify the effect of the depots’ size on the performance. Similarly,
one can apply our proposed model to examine whether there is a performance difference
between owned depots and outsourced depots.

For measuring the PDC’s performance, our approach took into account the inter-
actions between sorting and last-mile delivery sub-units of the depots. Considering
the entire distribution network of the PDC, depots are also interdependent through
the flow of parcels. The quality, timing and accuracy of the work done by a depot
affect the operations of other depots. Further studies may extend our approach to
incorporate this feature into the measurement of the PDC’s performance.

For the numerical experiments of our study, we utilized equal weights to express
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the importance of the sorting sub-unit and the last-mile delivery sub-unit. Similarly,
we assumed that the four weeks (i.e., periods) are equally important. This choice was
due to the lack of reliable data for the weights. Our models can be applied without
any modification if data on the importance of divisions and periods would be available.
However, new research could be directed towards developing an appropriate approach
for extracting the importance of the divisions and periods from observable data if a
numerical quantification of their importance is unavailable.

In Chapter 4, we proposed a production planning approach based on DEA. We
encourage scholars to compare to what extent the outcomes of DEA-based produc-
tion planning methods are similar to those of the traditional production planning
approaches. It could be interesting to identify the conditions under which the results
of the two types of approaches diverge or converge.

The development of our model was based on the constant returns to scale (CRS)
technology, which assumes an increase in the inputs of the depots would lead to a
proportional change in the outputs. Researchers could extend our model from a variable
return to scale (VRS) perspective to allow production plans under increasing, constant
or decreasing returns to scale assumptions.

Furthermore, we did not incorporate any data uncertainty considerations in our
production planning model. This assumption may not hold because the levels of the
forecasted demand, inputs and outputs in some production and service companies can
be volatile and complex. As a result, the data can be challenging to measure in an
accurate, complete, and unbiased way. Potential sources of data uncertainty include,
to name a few, ambiguously defined measurement terminology, imprecise data collec-
tion methods, data misinterpretation, inconsistent data sources, data synchronization
errors, and uncertainties introduced by approximations techniques. Accordingly, it
is an exciting research topic to extend our proposed model in order to take data
uncertainty into account. To do so, future research could combine our model with
one of the available solutions such as stochastic DEA [Jradi and Ruggiero, 2019],
chance-constrained DEA [Zha et al., 2016], imprecise DEA [Toloo et al., 2018], fuzzy
DEA [Wanke et al., 2016], and robust DEA [Arabmaldar et al., 2017].

The results of Chapter 5 demonstrated that store-level performance is different
across different regions. This observation invites additional studies to explore why
stores located in a given area suffer from an operational deficiency. It would also be
interesting to monitor the change of the store-level operational performance during
multiple, more extended periods when a retailer implements IRI-moderator strategies,
e.g., IRI-related staff training.

In our study, we compared the difference between recorded and actual quantities
of an SKU to a third value – the number of received items (NRI) – to derive a relative
IRI measure. Scholars could look for application-specific or company-specific values
to replace NRI to achieve tailor-made evaluations of the relationship between IRI and
store performance.

Finally, almost all studies on the topic of IRI suggest that IRI tarnishes the retailer’s
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public image but empirical estimates on the impact are unavailable. An interesting
research opportunity could be to systematically quantify the IRI-directed customer
dissatisfaction costs that a company incurs.
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