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Abstract

While studying the efficiency analysis, the first question that strikes one’s mind is why we need
to bother about units’ relative efficiency. The answer to this question lies in the fact that the effi-
ciency assessment is vital and invigorating. In today’s competitive world, efficiency evaluation
contributes to procuring the target, performance improvement, and promoting desired abilities.
The breakthrough research study by Charnes, Cooper, and Rhodes in 1978, which presented
the application of linear programming to approximate the production technology frontier, has
been the gist for the introduction of Data Envelopment Analysis (DEA) as a tool for measuring
efficiency and productivity of decision-making units (DMUs). DEA’s worth lies in its accom-
plishment to relatively measuring the efficiency of a DMU within a target group of interest that
operates in specific application realms, both public and private sectors, such as the banking
industry, health care industry, education sector, and supply chain management, etc. There has
been exponential growth in the number of publications related to DEA theory and applications
in recent years. A desire for enhancing DEA by reducing its disadvantages or strengthening its
advantages has been a significant cause of many recent literature discoveries.

This thesis aims to fabricate novel theoretical DEA models to bargain with a few limitations
on data in different DEA frameworks. The arrangement is carried forward in two dimensions:
efficiency assessment and productivity change measurement.

We design a multi-period DEA model considering desirable and undesirable input-output
features with negative and non-negative data values. The proposed model possesses the requi-
site features of translation invariance and unit independence, obligatory when dealing with the
negative data set. Furthermore, in the same work, we introduced a super-efficiency model in a
multi-period DEA framework to further discriminate the performance of efficient DMUs.

In many real-life circumstances, the input and output data features may expect only integer
values. In certain situations, rounding of the efficiency measurement to the closest whole num-
ber could be deluding. We utilize the directional distance function (DDF) approach for tackling
DEA problems with positive and non-positive integer and continuous data. To count the impact
of carryovers connecting consecutive periods, we introduce an integer dynamic DEA model to

measure units’ efficiency and super-efficiency over a specific period. We design the direction
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vectors so that the issue of infeasibility often encountered in super-efficiency DEA models is
resolved entirely.

In another research study in this thesis, a new integrated dynamic interval DEA model is pro-
posed to perform the efficiency analysis of DMUs to accommodate interval-valued and integer-
valued features that can take negative values. The proposed one-step model follows the DDF
approach to determine the efficiency of DMUs involving the carryovers between the consecu-
tive periods. We use the pessimistic and optimistic standpoints to estimate the respective lower
and upper bounds of the interval efficiency scores of the DMUs.

Besides modeling for efficiency assessment of DMUS, this thesis introduces a framework
to measure productivity change in the DMUs in the presence of negative data over two con-
secutive periods. In our findings, we detect the infeasibility of the DDF based DEA model
of Malmquist-Luenberger productivity index (MLPI) under the variable returns to scale (VRS)
technology when the data takes on negative values. We address this issue and formulate a new
DDF based DEA model to compute an improved MLPI. This research work’s gist lies in consol-
idating carryover variables connecting successive periods and intermediate products relating di-
visions simultaneously. More specifically, we work with the dynamic network DEA framework
to introduce the dynamic MLPI and dynamic sequential MLPI (DSMLPI) to capture the shifts
in the efficient frontiers induced by random shocks or innovations in technology over the pe-
riod. Furthermore, we introduce an interval DEA model to measure the productivity change of
DMUs applying the SMLPI approach. Moreover, to capture the environmentally sensitive pro-
ductivity growth of DMUs operating under heterogeneous production technologies, we develop
a dynamic metafrontier MLPI (DMMLPI). The DMMLPI offers a tripartite decomposition of
the productivity change index into three distinct drivers: efficiency change (EC), best-practice
change (BPC), and technology gap change (TGC).

The core of the thesis lies in its acquaintance of theoretical models to deal with certain
restrictions on data in different DEA frameworks. The methodologies introduced and developed
in this thesis are applied to the real data sets of various sectors like the Indian banking sector,

airlines, Indian institutes of technologies Institutes, and economic data of the some countries.
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