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Application of Data Envelopment 
Analysis in a Small-Scale 
Transportation Network

Network optimization is developing into a vital 
component of the transportation industry. As identi-
!ed and reported by Lao and Liu (2009), the appli-
cation of recent !ndings has become an integral and 
crucial component (p. 247) of local systems. Due to 
this operation being largely comprised of strategic 
planning techniques, Deng and Yan (2019) point out 
that required optimization methods can be complex, 
yet vital to transit e"ciency (p. 2).#

Further, examining the environment in which a bus 
network operates is imperative to developing an opti-
mal mathematical model. Zhang et al. (2015) present 

a strong argument on how the regional characteristics 
of an area signi!cantly contribute to tra"c dynamics 
and a$ect the performance of the chosen model. In 
many studies consistent with the article authored by 
Lao and Liu (2009), experts identify yet discount at-
tributes such as route network, population, and travel 
patterns of an area (p. 247) when computing and ana-
lyzing results.#

All previously published works do not simultane-
ously account for both spatial and mathematical el-
ements and have solely been tested on a large scale. 
%us, there exists a gap in the knowledge regarding 
the e$ectiveness of speci!c models in unexplored set-
tings. As evidence of geographic di$erences, Elliott et 
al. (2013) recognize the fact that some high-popula-
tion areas require riders to transfer between multiple 
lines, whereas others do not. Utilizing a method that 
acknowledges all relevant criteria is an essential step 
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Further optimizing small-scale bus networks has proven to be an obstacle in linear programming 
over the previous decade. Data Envelopment Analysis (DEA) is a mathematical approach de-
signed to organize a system’s inputs and outputs and determine the e"ciency of its decision-mak-
ing units. Existing studies show that DEA is a logical approach for network planning in larger, 
highly-urbanized areas, yet there remains a gap in its e$ectiveness in smaller, more suburban 
settings. To explore this inquiry, !ve DEA models were designed and applied to 19 bus routes op-
erating through Delaware, USA, and their results were statistically analyzed. Findings suggest that 
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similar studies; therefore supporting the technique’s future applicability and success.
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toward most e"ciently networking a small system of 
bus lines.

Literature Review
Data Envelopment Analysis

Omidi et al. (2020) describe Data Envelopment 
Analysis (DEA) as a computational approach for 
managing a system’s decision-making units (DMUs), 
or input and output values. As Deng and Yan (2019) 
explain, DMUs are resources that produce the !nal 
goods or services within a model. To determine the 
extent of a unit’s e"ciency, Tavana et al. (2013) write 
that one must identify if “other DMUs can produce 
more outputs using an equal or lesser amount of in-
puts” (p. 502). If this is the case, the system is not in 
its optimal state. %ese units account for multiple per-
formance measures and are the best choice for more 
intricate e"ciency problems.#

Deng and Yan (2019) recognize that DEA can be 
used in a wide variety of applications, ranging from 
education and production to banking. However, 
Toloo and Nalchigar (2008) reveal that in recent 
years, the transportation industry too began relying 
on DEA principles to plan e$ective networks due to 
their successful applications in existing studies (p. 
598). For example, Lao and Liu (2009) note that the 
combination of the data mapping system, Geographic 
Information Systems (GIS), and DEA principles has 
generated approaches “used to integrate data input, 
spatial analysis, and visualization” (p. 254). Findings 
from studies like these have led to improvements in 
the specialization of DEA.

Crucial Components

Indicators are a signi!cant component of Data En-
velopment Analysis. Deng and Yan (2019) specify that 
these facets account for the complexity and generate 
a systematic outlook on commuting networks (p. 2) 
by de!ning speci!c criteria on which the program 
should focus. Quality examples of input indicators in-
clude operation time and number of stops on a route, 
whereas a common output indicator is the mean rid-
ership, or number of passengers, on a bus. As sum-
marized by Lao and Liu (2009), these constituents 

“[re'ect] the overall objective” (p. 250) of the system, 
therefore reinforcing the necessity for carefully select-
ed indicators.

Radial and non-radial characteristics bear distinct 
disparities from one another, and it is imperative to 
account for these di$erences. Tone and Tsutsui (2010) 
delineate that radial measures are concerned with 
parallel reduction of input values (p. 1), suggesting 
that an upsurge in the weight of an input indicator 
would result in a proportionate rise in output. How-
ever, non-radial measures do not consider a correla-
tion between input and output indicators. In transit 
applications, Hahn et al. (2011) attest to the fact that 
experts should implement both types in conjunction, 
as the inputs and outputs do not necessarily change 
proportionally.

Common Models

A description of common DEA models is essen-
tial as they di$er slightly in regards to procedure. %e 
Charnes, Cooper, Rhodes (CCR) model is a type of 
radial DEA application that can predict the !nal input 
and output values of a DMU (Chin Tsai et al. 2009, p. 
338) using past data and trends. Known as the most ef-
!cacious and favored DEA model, CCR is concerned 
with the equivalent reduction of variables. Tone and 
Tsutsui’s study uses labor, materials, and capital as 
inputs; however, because these indicators do not 
transform proportionally, the CCR model would be 
impractical and fruitless. Toloo and Nalchigar (2008) 
deduce that the necessity for additional standards has 
resulted in many extensions, notably BCC (p. 598).#

Likewise, the Banker, Charnes, Cooper (BCC) 
model is a radial DEA application. However, the dis-
tinction is that the CCR model assumes a constant 
return to scale, whereas the BCC model presents a 
variable return to scale alternative, to which Gofran 
et al. (2021) give attention. Deng and Yan (2019) ex-
plain that variable return to scale implies “e"ciency 
may increase or decrease with a change of size in input 
or output” (p. 3). %erefore, this suggests, that BCC is 
applicable for bus lines with more signi!cant produc-
tivity variability than CCR (Lao and Liu 2009).

%e third and !nal classi!cation of DEA standards 
is Slack-Based Measures (SBM). %is model “accounts 
for the non-radial slacks which are not considered 
in the radial models” (Tone and Tsutsui 2010, p. 4). 
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Engineers use slacks, the disproportionate improve-
ments needed for a variable to become e"cient, in 
applications where it is necessary to allow indepen-
dent change (Tavana et al. 2013). Due to the loss of 
the SBM model’s proportionality in indicators, teams 
are developing new radial/non-radial combination 
models (Deng and Yan 2019). By understanding the 
advantages and disadvantages of each major primary 
type, one can pose a rational justi!cation for the cho-
sen methods.

Multi-Stage Applications

When referencing complex multi-stage math-
ematical models, Tavana et al. (2013) conclude that it 
is crucial to comprehend the notion of intermediate 
outputs and inputs,# indicators introduced between 
stages of a model. Radial applications overlook the in-
clusion of intermediate developments that necessitate 
di$erent solutions. %ese indicators represent interior 
and linking activities within DMUs (Deng and Yan 
2019, p. 8) and consequently produce distinct results. 
For example, Hahn et al. (2011) chose travel speed 
and vehicle type as intermediate outputs. In contrast, 
Deng and Yan (2019) use employment coverage, bus 
connectivity, and residential coverage. %is strategy 
has received an abundance of transit-related attention 
over recent years (Hahn et al. 2011) because it can as-
sist in tackling formerly foreign components of public 
transportation (p. 1120).

Finally, the a"nity index gauges the similarities be-
tween measured categories. Tone and Tsutsui (2010) 
summarize that this variable “represents the diversity 
or the scattering of the observed database” (p. 23). In 
regards to real-world application, a multi-stage net-
working problem was successfully solved by combin-
ing radial and non-radial characteristics using the af-
!nity index in a case study located in Nanjing, China 
(2019). However, readers cannot use this research to 
suggest new results due to discrepancies in tested set-
tings.

Analysis of E!ciency

%e applied so(ware analyzes the conclusive ef-
fectiveness of sampled DMUs, interpreted using an 
e"ciency score calculated by dividing the weighted 
sum of outputs by inputs. %is value is formatted as a 

decimal between zero and one. Ghofran et al. (2021) 
express that higher score can be associated with a 
more e"cient unit. However, it is imperative to con-
cede that even DMUs with high operational e"ciency 
scores may lack spatial awareness (Lao and Liu 2009). 
Likewise, routes that are geographically aware may 
lack operational e$ectiveness.

Proposed Research"

%erefore, this research desires to answer the ques-
tion: “To what extent can Data Envelopment Analysis 
be used to further optimize a small-scale bus network 
in Delaware, USA?” %e objective is to enhance the 
prior investigation on optimization approaches and 
resolve if the DEA strategy applied to metropolitan 
locations is feasible for use in a dissimilar setting. A 
plan must establish a comprehensive viewpoint for 
the most valid deduction. When cra(ing a hypothesis 
for this exact question, evidence supports both antici-
pated success and failure.#

However, an analysis of scholarly publications sug-
gests that the model has a low chance of e$ectiveness 
in a new setting due to di$erences in user intention 
between locations. In urban China, Liu and Lawell 
(2015) discover that public passenger load has a ma-
jor e$ect on the purchase of civilian vehicles (p. 28), 
consequently resulting in user dependency on public 
transit as their primary means of transportation. In 
Northern Delaware, however, this is not the case. A 
contrasting factor of this sort may cause failure to 
implement DEA in new settings. Regardless of the re-
sult, testing this process using public transportation 
data is crucial for advancing knowledge and ensuring 
a bridge between mathematical and spatial analyses.

Methods
%is study sought to dissect the e$ectiveness of 

Data Envelopment Analysis, speci!cally a CCR model, 
on a small-scale transportation network in Delaware, 
USA, via a quantitative approach. %is alternative was 
most appropriate as the study’s primary measurement 
instrument was an online so(ware devised to output 
a series of numerical values corresponding to the cho-
sen inputs. Once the system received this information, 
e"ciency scores were displayed on a scale from zero to 
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one; the most optimal routes have scores of one (Gho-
fran et al, 2021, p. 102). %ese data points illustrated 
the overall e"ciency of particular transportation lines 
as part of a whole. %is data was then utilized for the 
preponderance of the interpretation of results, mak-
ing a quantitative approach the most suitable.

When addressing research methods, a traditional 
case study was implemented to investigate the ef-
!ciency of an array of bus lines. %is speci!c course 
was most !tting because it concentrated on a relatively 
slim sample of measured units. In this instance, the 
investigation examined 19 individual bus lines on a 
designated index of applicable criteria. %is method 
allowed for a theory to be tested within two speci!c 
constraints: area and time. %e identi!ed bus lines, 
labeled as urban or combo, were monitored in a speci-
!ed area of Northern Delaware between December 
2021 and early March 2022. Variables were computed 
and analyzed using Excel Solver, a downloadable so(-
ware extension to Microso( Excel.#

%e original research that this study drew inspira-
tion from was tested in Nanjing, China, using a case 
study. Deng and Yan (2019) sample 410 individual bus 
lines in a complicated urban bus network. Hence, it 
could be inferred that a case study on a comparably 
more diminutive scale, with less than 20 bus lines 
spanning a smaller area, would be the most proper 
choice. Deng and Yan obtain adequate and interpre-
table results using their chosen method, and theoreti-
cally, the same should have been achieved by a case 
study in this particular setting. %eir methods equip 
“comparisons between descriptive statistics of the top 
and bottom performers” (para 1). In addition, inef-
!ciency results in a lack of identi!cation of bottom 
performers for interpretation or selection of forth-
coming models. %is academic support proves that a 
quantitative case study was optimal for obtaining the 
necessary results.

%e study appointed19 bus routes in the New Cas-
tle County Delaware Authority for Regional Transit 
(DART) network. %ese “urban” or “combo” paths 
had to be considered “!xed,” meaning they operated 
on a set schedule using predetermined stops. An ur-
ban roadway is characteristic of a town or city, while 
a combo route contains both metropolitan and sub-
urban attributes. Speci!cally, lines 2, 4, 5, 6, 8, 9, 10, 
11, 13, 14, 15, 18, 25, 28, 31, 33, 35, 40, and 51 were 
employed for data compilation.#

Internal, external, and measurement validity were 
ensured to harvest accurate results amidst data col-
lection. Regarding internal validity,# all data points 
were received verbatim from a representative at the 
Delaware Department of Transportation or their 
authorized website. Additionally, the exact measure-
ment procedure was preserved throughout the data 
collection and modeling phase without introducing 
additional variables or constraints. %is consistency 
validates the reliability of the study’s cause-and-e$ect 
relationship. External validity was also demonstrated. 
%e employed steps could be replicated in any envi-
ronment with access to Microso( Excel and ride data. 
Finally, measurement validity refers to the desktop 
computer in which data was processed, as it was the 
primary mechanism involved with computations. 
Criterion validity was preserved as the conclusive 
results accurately gauge route e"ciency according to 
industry standards on a zero to one scale. Content va-
lidity was also present as there was a linear association 
between variables, meaning the input values are rep-
resentative of what was being calculated. %rough all 
of these actions, it can be extrapolated that the mea-
sures taken in this study are proper.

%e data implemented in the !ve DEA mod-
els came from various origins; speci!cally, eleven 
variables were required to calculate each bus line’s 
total e"ciency. %ese included: the number of 
stops, route length, on-time arrival rate, number 
of buses, daily operation time, frequency, overlap-
ping, route directness, connectivity, operation speed, 
and annual average daily ridership for all 19 routes. 

t� Number of Stops
%is value was obtained directly from the Depart-

ment of Transportation.
t� Route length
Using GIS, the total distance from end to end of a 

path could be calculated. %is was measured in miles.
t� On-time arrival rate
%is value was obtained directly from the Depart-

ment of Transportation. %is percentile was then con-
verted to a less-the-better format. %e most e"cient 
routes had scores close to zero, while less e"cient 
routes had higher scores.

t� Number of buses
%is value was obtained directly from the Depart-

ment of Transportation.
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t� Daily Operation Time
%is value was measured in hours. It was derived 

from the di$erence between the departure time of the 
!rst bus and the arrival time of the last bus each day. 
%is information was collected from public schedules 
for each route.

t� Frequency
Frequency was determined using the number of 

buses and operation time for each route. Speci!cally, 
the total number of buses for a line was divided by the 
operation time in hours (vehicles/hour).#

t� Overlapping
Overlapping is a quality exhibited when a connec-

tion between two stops on a route can be covered by 
another route. %e higher the overlap, the less demand 
for the route. %is value was calculated with GIS us-
ing the coordinates obtained from the Department of 
Transportation.

t� Route Directness
Route directness equals the route length in one di-

rection divided by the Euclidean distance between the 
endpoints.

t� Connectivity
Each route’s connectivity score could be calculated 

using GIS. %e preliminary score equals “one” for ev-
ery stop within 300 meters of another bus route. %e 
!nal bus connectivity score equals the preliminary 
connectivity scores divided by the number of stops on 
each route.

t� Operation Speed!
%is value was obtained directly from the Depart-

ment of Transportation.
t� Annual Average Daily Ridership
%is value was obtained directly from the Depart-

ment of Transportation.

By employing these variables, !ve DEA models 
were developed and executed. Each route was given a 
score from zero to one for each set of parameters, ac-
cording to the sum of all decision-making units. %e 
following input/output combinations were utilized:

t� Model 1
Number of Stops & Route Length (Inputs) / On-

time Arrival Rate (Output)
t� Model 2
Number of Buses & Daily Operation Time (Inputs) 

/ Frequency (Output)
t� Model 3
Bus Overlapping & Route Directness (Inputs) / 

Connectivity (Output)
t� Model 4
Number of Stops & Bus Overlapping (Inputs) / Op-

eration Speed (Output)
t� Model 5
Frequency & Connectivity (Inputs) / Annual Aver-

age Daily Ridership (Output)

A wide variety of infographics were generated to 
display the !ndings for straightforward comprehen-
sion. %ough conclusions can be drawn from the 
numerals themselves, graphs and tables were also 
designed, as the general audience may have di"culty 
comprehending this concept.

Results
By concentrating on the extent to which Data En-

velopment Analysis can further optimize a small-scale 
transportation network in Delaware, USA, e"ciency 
scores were obtained on a scale from zero to one. Val-
ues equal to one indicated the most e"cient routes, 
whereas lower scores indicated less than optimal 
routes. Five separate two-input/one-output models, 
each calculating e"ciency concerning distinct factors, 
were calculated and averaged to obtain one compre-
hensive score.#

To obtain conclusive results, e"ciency scores were 
!rst calculated for every individual model. Using Ex-
cel Solver, each DEA application assigned the most 
optimal route a perfect score of 100% e"ciency (1.0). 
%e remaining 18 routes were assigned a score below 
this benchmark. For Model 1, results ranged from 
0.1575 to 1.000. Model 2 yielded results from 0.0867 
to 1.000. Model 3 produced generally lower results be-
tween 0.0323 and 1.000. Model 4 ranged from 0.0603 
to 1.000. Lastly, Model 5 measured e"ciency as low as 
0.1359 and as high as 1.000.#
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Route (#) Model 
1

Model 
2

Model 
3

Model 
4

Model 
5

Total % 
E"cient

Concord Pike (2) 0.5466 0.7000 0.1338 0.0960 0.7517 2.2281 64.56 %

W. 4th Street# / Governor Printz 
Blvd. (4)

0.3503 0.7048 0.0580 0.0836 0.6539 1.8506 53.62%

Maryland Avenue / Christiana Mall 
(5)

0.3923 0.6933 0.2827 0.9796 0.7928 3.1407 91.00 %

Kirkwood Highway (6) 0.3596 0.6857 0.0672 0.1185 0.8884 2.1194 61.41 %

8th Street / 9th Street (8) 1.0000 0.8000 0.0878 0.0603 0.1447 2.0926 60.63 %

Boxwood Rd. / Broom St# / 
Vandever Ave. (9)

0.5678 0.7111 0.1265 0.0988 0.5663 2.0705 59.99 %

Wilmington / University Plaza / 
Newark (10)

0.2108 0.7333 0.0323 0.0976 0.2632 1.3372 38.74 %

Washington St. / Arden (11) 0.4932 0.7333 0.1212 0.1306 0.4633 1.9416 56.25 %

Philadelphia Pike / DuPont Hwy 
(13)

0.1575 0.6667 0.0426 0.1188 1.000 1.9856 57.53 %

Baylor / DHSS / Miller Rd. 
Shopping Center (14)

0.3480 0.7333 0.0589 0.0687 0.3314 1.5403 44.63 %

New Castle Avenue / Basin Rd. / 
Christiana Mall (15)

0.2038 0.7333 0.1545 0.5522 0.7722 2.4160 70.00 %

Pike Creek / Foulk Rd. (18) 0.1733 0.9067 0.0701 0.1357 0.1791 1.4649 42.44 %

Miller Rd. / Wilmington / DuPont 
Highway (25)

0.2470 0.6667 0.1415 0.2352 0.4038 1.6942 49.09 %

A.I. DuPont / Wilm. DMV / 
Probation & Parole / Riveredge 
Industrial (28)

0.2080 0.9778 0.0770 0.0751 0.1654 1.5033 43.56 %

Market St. / Philadelphia Pike (31) 0.3567 0.9333 0.0877 0.0773 0.2680 1.7230 49.92 %

Christ. Mall / Newark (33) 0.2374 0.7000 0.1485 0.3229 0.7375 2.1463 62.19 %

Brandywine Town Center / Shipley 
Road (35)

0.2156 1.000 0.0895 0.1525 0.1359 1.5935 46.17 %

Glasgow / US Routes 13 & 40 / 
Wilmington (40)

0.3415 0.6933 1.000 1.000 0.4166 3.4514 100.00 
%

New Castle Ave. / DE 273 / 
Christiana Mall (51)

0.2208 0.0867 0.0669 0.1116 0.4922 0.9782 28.34 %

Table 1
E!ciency Scores for Each Model When Applied to All 19 Routes
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Once these values were obtained (Table 1), they 
could be analyzed to determine the overall e"ciency 
of each route. A de!nitive score out of !ve was calcu-
lated by taking the sum of each proportionally weight-
ed output. Additionally, a total score between zero and 
one was computed by averaging the values, with one 
route obtaining a 'awless score and all others receiv-
ing lower. %ese analyses determined that Glasgow / 
Route 40 was the most e"cient, while New Castle Av-
enue / DE 273 was the least e"cient.#

By examining this bar graph (Figure 1), it could 
be determined which models were prevalent in cal-
culating the e"ciency of each route. %is was crucial 
as the exact numerical value does not account for 
routes highly optimized in terms of frequency but less 
so in terms of connectivity, for example. %at score 
was used as a general, summarized value. By breaking 
down these individual scores, each route’s more intri-
cate strengths and weaknesses can be seen, therefore 
assisting in identifying areas for improvement.

Additionally, it was worth noting that some models 
yielded more diverse e"ciency scores, whereas oth-
ers were clumped towards the bottom of the speci!ed 
range. %is impacted the average !nal e"ciency score. 
By taking this fact into account, it can be determined 
that some models were more in'uential to !nal e"-
ciency than others. For example, Model 3 produced 
generally lower results, grouped around the minimum 
of 03% e"ciency, yet was still required to assign a per-
fect score for a single route. Annual Average Daily 
Ridership had the highest impact on overall e"ciency, 
whereas connectivity impacted e"ciency the least.

Overall, this study’s results show a diverse range 
of route e"ciency scores in on-time arrival rate, fre-
quency, connectivity, operation speed, and annual av-
erage daily ridership. In this way, it was suggested that 
DEA could be successfully implemented in a small-
scale transportation network. Regarding overall e"-
ciency, Glasgow / Route 40, classi!ed as “combo,” was 
deemed the most optimal route.

Figure 1
Individual Model Weight on Determining Overall E!ciency for All 19 Routes
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Discussion
By exploring the extent to which 

one can implement Data Envelop-
ment Analysis on a small-scale 
transportation network in Dela-
ware, USA, the researcher drew 
relevant conclusions. %is research 
gap necessitated the use of a quan-
titative case study between De-
cember 2021 and February 2022. 
%is was the most optimal choice 
of method because it permitted an 
in-depth analysis of a designated 
system under speci!ed time and 
location constraints. Essentially, 
by using a series of models consist-
ing of di$erent input/output com-
binations, researchers obtained 
scores on a zero to one scale for 
each route. %ese speci!c models 
measured e"ciency in regards to 
on-time arrival rate, frequency, 

connectivity, operation speed, and 
annual average daily ridership. %e 
so(ware generated a more com-
plete result by calculating the sum 
of each route’s various e"ciency 
scores. Route 40, Glasgow / US 
Routes 13 & 40 / Wilmington, was 
the most e"cient, with a 100% ef-
!ciency score. On the other hand, 
route 51, New Castle Ave. / DE 273 
/ Christiana Mall only yielded a 
28.34% e"ciency score, therefore 
performing least optimally. %e 
remaining 18 subjects fell between 
these two values, supporting the 
idea of a broad !nal data envelope, 
characteristic of a successful DEA 
application.

Signi#cance of Results"

%ese results indicate that Data 
Envelopment Analysis can be a 

basis for optimization measures 
and meaningful conclusions in 
the transportation industry. In this 
scenario, !ndings directly corre-
late to successful application in a 
small-scale network. %ough DEA 
has been deemed in'uential in 
transportation systems with many 
routes, it was unknown whether 
this technique would be valuable 
with smaller sample sizes.#

For example, in Nanjing, Chi-
na, experts analyze hundreds of 
routes, each with similar charac-
teristics: urban and large-scale. In 
other non-transportation-related 
DEA applications, numerous 
identi!ers are utilized for DMUs. 
However, this study is distinc-
tive because only 19 routes were 
manipulated, so it was unclear 
whether or not the results would 
be comprehensive enough for in-

Figure 2
Most In"uential Models on Overall Average E!ciency Scores
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dustry standards. However, these conclusions suggest 
that DEA is successful in both broader and narrower 
applications.#

%is realization is signi!cant because it supports 
further research on the topic and suggests the ac-
curacy of future results. With improved e"ciency in 
suburban areas, numerous stakeholders will pro!t. 
Transportation planners, businesses, and public-tran-
sit users can bene!t from this growing industry from 
an economic, environmental, and social standpoint.

Alternative Explanations"

%ough this research suggests that DEA could be 
valid in any small-scale application, there may be two 
alternative explanations driving this result. %e re-
searcher compiled the values utilized in this case study 
in 2022 amidst the COVID-19 pandemic. As a result, 
there may have been deviations in transportation 
trends from what experts de!ne as “typical.” However, 
the thoroughness of the data from 2019, considered 
“pre-pandemic,” was not adequate for this purpose. As 
a result, recent data was used %us, there are poten-
tial drawbacks regarding the results’ exactitude. %ese 
!ndings are correct, however, to the state of transpor-
tation as it stands in the present day. Additionally, this 
study intended to determine if one could apply DEA 
to a suburban environment. Regardless of how factual 
the !nal numerical values are, it can still be suggested 
that the models were e$ective based on the resulting 
envelope and range of !nal e"ciency scores.

Secondly, some may express concern with the ac-
curacy of results due to complications with numerical 
rounding or the vast number of manipulations made 
to the data. %is is not an issue, as the researcher 
maintained at least four signi!cant in every calcula-
tion, consistent with the industry standard. In addi-
tion, precautionary measures were taken to prevent 
mathematical errors. %ough alternative explanations 
could be presented, one can conclude that the results 
were reasonably consistent with what was being mea-
sured.

Implications and Limitations
%ough the research answered the inquiries posed, 

limitations arose that prevented all aspects of the 
study from being 'awless. %e computer only created 
and applied !ve DEA models to determine a !nal e"-
ciency score. %ough this set is more thorough than a 
single two-input/one-output model, additional com-
ponents would enhance the mathematical processes’ 
overall precision and result in a more comprehensive 
resolution. %is limit on the number of models was 
due to accessibility to information and time con-
straints.

Additional factors undoubtedly in'uence the over-
all e"ciency of a bus route; however, that data was not 
feasible to obtain because of lack of access to informa-
tion. For example, harsh weather conditions, extreme 
tra"c, and reckless drivers impact the speed at which 
a vehicle travels between two points. %ough this 
study did not account for all factors, the researcher 
used the most essential DMUs, ensuring an adequate, 
generalized conclusion. %e same is valid with time 
constraints. %ough a longer data collection window 
may have allowed more developed models or analyzed 
routes, that was not viable. If the researcher extended 
this study, more time would be allotted to derive thor-
ough results and eliminate all identi!ed alternative so-
lutions. A researcher can con!dently infer that DEA 
will achieve success with other smaller samples but 
cannot con!rm this with complete certainty.

Suggestions for Further Research
%ere remains an opportunity to research this spe-

ci!c subject further. %e research team would conduct 
supplemental investigation to both clear up previous 
uncertainties and elaborate on existing knowledge. 
Speci!cally, it is critical to remodel this study with a 
broader range of input/output identi!ers, including, 
but not limited to, tra"c density and weather condi-
tions. %is speci!cation will clarify if DEA is applica-
ble in more re!ned hypothetical situations rather than 
broad ones. In addition, further study the relationship 
between DEA success and choice of route settings, in-
cluding rural areas, may be bene!cial. A gap remains 
in this section of public transport. Further studies 
could draw a more precise conclusion between DEA’s 
overall success and sample size.
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Conclusion
%is study addressed the narrow previous ap-

plication of DEA in the transportation industry by 
conducting a case study using a small sample size 
of bus routes. %ese !ndings have introduced new 
knowledge regarding how mathematical modeling 
techniques can be further employed to optimize vari-
ous network scenarios. Experts in the domain can use 
these conclusions to defend the accuracy of their ef-
!ciency calculations within the body of literature. 
Speci!cally, these conclusions give professionals rea-
son to believe that DEA can be an e$ective, practi-
cal measure in various geographic areas, regardless of 
sample size, as the !nal data envelope is extensive and 
consistent with those of similar works. 
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