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ABSTRACT

There is no integration mechanism available between independent systems (sales and shipment), so it creates 
uncertainty in the air freight industry. Regarding the problems, freight forwarders or airline sales officers can make a 
manifest for the shippers; however, various airlines plan different routes for shipping services. But unfortunately, it 
provides transaction discrepancies between independent systems. The proposed methods integrate two datasets in a 
central repository and detect discrepancies between sales and shipment systems using novel batch mode, update, and 
blockchain methods. Furthermore, it provides output to clustering algorithms to highlight the risk factors or disruptions 
in two- or three-dimensional forms. In other words, the proposed mechanisms establish a bridge between freight 
forwarders and airline industries, so it minimizes the transaction discrepancies in the air freight system. Besides this, a 
managerial insights investigation revealed that data consistency, real-time transactions, technology, and supply chain 
disruptions are the most important topics. The findings indicate that the air freight industry increases the revenue and 
boosts the economy after implementing the proposed methods in the production environment. The proposed methods 
compute the theoretical and practical time complexities, which are about T (n) = n, so they are suitable for production 
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environments. Statistically, it provides a significant result. Finally, it resolves inconsistent issues between independent 
systems. It establishes a balance in the air freight supply chain industry.
Keywords: Airline and Freight Forwarders; Batch Mode and Blockchain Methods; Clustering Algorithms; Detect 
Discrepancies between Sales and Shipment Systems; Supply Chain Disruptions; Uncertainty in the Air Freight Industry

1.	 Introduction
The structure of the supply chain (SC) significantly 

influences factors such as price, quality, customer percep-
tion, and a company’s capacity to respond to market oppor-
tunities [1,2]. A supply chain is constantly evolving, charac-
terized by a continuous flow of products, data, and money 
across various phases [2]. Air cargo has become more sig-
nificant and visible in supply chain planning and manage-
ment as a result of the COVID-19 pandemic, geopolitical 
unrest, disruptions in global supply chains, and the growth 
of e-commerce. Air cargo has often been overlooked with-
in the aviation industry and is frequently poorly managed 
in many supply chains, mainly due to its association with 
combination carriers. Concerns about sustainability, an im-
pending recession, disruptions to global supply chains both 
physically and virtually, as well as the drone revolution, all 
contribute to an ever-changing environment in which one 
thing is for certain: there will be more uncertainty, which 
must be effectively managed for supply chains to continue 
operating [3,4]. It aims to assess whether gravity models are 
robust enough to predict and accurately account for sig-
nificant economic shocks like the Global Financial Crisis 
(GFC). It suggests that US demand for air freight is highly 
sensitive to transport costs, competition from sea freight, 
and consumer spending patterns of perishable, low-val-
ue, and high-value commodities across the 19 commodity 
groups examined, rather than manufacturing income or 
factors associated with product origin, which is especially 
interesting given the US administration’s recent protec-
tionist rhetoric [5]. It investigates the impact of bilateral 
air connectivity on bilateral service trade flows. The trade 
data covers ’commercial’, ’transport’, ’travel’, and ’gov-
ernment’ services. It used the Chinese data to create a 
reduced-form gravity model. To address the endogeneity 
issue between bilateral air connectivity and service trade 
variables, it used an instrumental variable (IV) approach. 
The key results are (a) increasing the number of direct 

routes can significantly promote bilateral service export 
and import trades; (b) average route-level traffic densi-
ty has only marginal positive effects; (c) improving air 
connectivity would enlarge China’s overall service trade 
deficit because transport and travel service imports are 
promoted more than their exports; (d) ’commercial’ ser-
vice exports can be stimulated more than imports, making 
a capable commercial service trade surplus by improving 
bilateral air connectivity [6,7].

The freight industry is going through tremendous 
growth in volume thanks to the technological revolution 
in e-commerce and global trade liberalization. An increase 
in volume also corresponds to an increase in fraud cases 
involving false shipment declarations and smuggling. The 
adoption of traditional fraud detection strategies by cus-
toms and shipment companies will become unfeasible as 
the volume increases significantly. Routine inspections are 
not nearly as effective as data-driven fraud detection. The 
problem with data-driven detection frequently depends on 
the availability of data and the different fraud techniques 
that criminals employ to perpetrate fraud involving ship-
ments [8]. The shipping domain’s most pressing problem is 
obtaining effective real-time results from a sizable dataset. 
Since efficiency increases with dataset size, researchers 
must design a solution architecture that can process an ide-
al volume of the target dataset at a speed that allows for 
real-time execution. Accuracy and real-time performance 
are crucial in the express shipping industry because a ship-
ment’s life cycle only lasts three to five days, depending 
on its weight and location [8]. When fraudulent transactions 
are made to appear like legitimate data, they become true 
negative cases. This is known as overlapping data. The 
problem with the skewed distribution is that the ratio of 
fraudulent cases is very low, which might not be enough 
to train algorithms for a supervised classification-based 
fraud detection system (FDS). Data quality problems also 
need to be studied, as this factor directly impacts the effi-
ciency of fraud detection [8]. Other factors that affect fraud 
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in the shipping domain include shipment weight, payment 
method, and customer profile, which were not assessed 
because of insufficient real production data. The parame-
ters mentioned can be considered for achieving more accu-
rate results in future research [8]. It explains an integrated 
modeling method for improving flight operations at major 
commercial airports [9].

In Demand-Driven Services (DDS), a service loop 
is a fundamental structure that encompasses the service 
worker, the service providers, and the associated service 
targets. The role of the service workers is to transport ei-
ther people or parcels from the providers to the designated 
target locations. Various planning tasks within DDS can 
be categorized into two distinct stages: (1) Dispatching, 
which involves creating service loops based on demand 
and supply distributions, and (2) Routing, which deter-
mines the specific serving orders within the established 
loops. Generating high-quality strategies in both stages is 
important for developing DDS, but it faces several chal-
lenges [10]. International trade serves as a crucial explana-
tory variable for air freight demand, while air freight also 
facilitates international trade. However, their roles differ 
significantly and depend on whether they are viewed as 
dependent or explanatory variables, as well as the level of 
economic development in the countries being analyzed. 
Since the onset of the COVID-19 pandemic, air cargo has 
been significantly negatively affected, but it appears to 
have had a negligible effect on international business [11]. 
The COVID-19 pandemic impacted nearly every aspect of 
airport operations, highlighting the significance of airport 
agility. Due to its importance, we must understand the role 
of agility at airports before and during unexpected disrup-
tions [12]. It also explains the growing connection between 
air freight and (cross-border) e-commerce, highlighting 
how the demand for fast and reliable international ship-
ment has reshaped logistics networks, freight operations, 
and aviation approaches. It examines the evolving roles 
of key aviation stakeholders, including freight forwarders, 
airports, integrators, airlines, and e-commerce marketplac-
es, as they adapt to the rapid growth of e-commerce-driven 
air cargo [13]. Cross-border e-commerce (CBEC) refers to 
online transactions that occur between sellers and consum-
ers in different countries. Despite the growing volatility in 
international trade, the CBEC market is experiencing con-

tinued growth. Therefore, it is essential to understand how 
companies navigate logistics uncertainties. (1) External 
uncertainties enhance logistics flexibility, while internal 
uncertainties do not have a significant direct effect; (2) in-
ternal uncertainties negatively impact logistics information 
system (LIS) utilization, whereas external uncertainties 
have a slightly positive relationship; and (3) LIS utiliza-
tion mediates the negative relationship between internal 
uncertainty and flexibility [14]. It presented that challenges 
related to technology, government policies, supplier and 
stakeholder engagement, and organizational and manage-
ment support have a significant correlation with sustain-
able logistics practices [15]. Global supply chains are facing 
increasing disruptions from security-related risks, includ-
ing cargo theft, illicit trade, document forgery, and cyber 
attacks—challenges that pose serious threats to sustain-
able development, particularly in vulnerable and emerging 
economies [16]. The critical importance of cargo forgery 
prompted the federal government to collect data to aid in 
prevention and response efforts. The analysis focuses on 
cargo theft data reports submitted to the FBI from 2013 
to 2021, aiming to highlight the significant discrepancies 
between these reports and the criteria the FBI uses to clas-
sify valid cargo thefts [17]. Some important documents in 
the shipping industry are still transmitted on paper, such as 
airway bills. If the freight industry continues to use these 
methods to transmit information, it will consume a lot of 
workforce and time, which will cause many disruptions. 
In other words, the disappearance and deletion of data will 
be the main reason for the backward development of the 
shipping industry [18]. However, analysis of logistic and 
economic indicators requires having efficient IT tools. Ef-
fective management and analysis of the supply chain must 
occur in real time. This necessitates implementing specif-
ic organizational changes and utilizing modern tools and 
IT systems designed for the rapid processing of large data 
volumes, as well as for transparent visualization of that 
data [19].

1.1.	Blockchain and Air Freight

Although the airline industry has experienced sig-
nificant growth over the past few decades, it is still facing 
numerous challenges and constantly spreading due to eco-
nomic recessions, technological advancements, volatility 
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in oil prices, changing customer preferences, and global 
events (e.g., the COVID-19 pandemic), which have im-
pacted demand for air transport and disrupted operations [20]. 
In other words, the COVID-19 pandemic has resulted in re-
strictions on the transportation and movement of goods and 
materials, particularly on routes that pass through restricted 
or containment areas [21]. Shipment transportation is vital to 
the global economy, linking manufacturers, suppliers, and 
consumers across various geographic regions. However, 
the industry encounters several challenges, including infor-
mation asymmetry, a demand for greater transparency, and 
processes that are often inefficient and costly. To address 
these challenges, it provides an overview of the current 
and potential applications of blockchain technology in the 
shipment transportation industry. Various blockchain pilot 
projects have been launched globally, focusing on different 
use cases such as document management, container track-
ing, alternative payment methods, and enhancing supply 
chain visibility for stakeholders [22]. The air cargo supply 
chain aims to facilitate rapid shipment movement through 
coordinated efforts among various stakeholders. However, 
the lack of transparency throughout the end-to-end supply 
chain, along with complex digital connectivity, restricts 
effective peer-to-peer communication in the fragmented 
air cargo industry. Blockchain technology can improve 
communication transparency by streamlining the flow of 
messages across multiple stages through the use of smart 
contracts. Additionally, it can serve as an intermediary to 
simplify digital connections among stakeholders in the 
air cargo industry. Despite the advantages of using block-
chain for air freight messaging, its status as an emerging 
technology raises technical concerns. Issues related to per-
formance, privacy, transparency, and interoperability can 
hinder the practical adoption of blockchain systems [23]. 
Moreover, blockchain ensures data authenticity, real-time 
tracking systems, and predictive maintenance models in 
aircraft maintenance and safety transactions. Blockchain 
technology leverages traditional decentralized ledgers to 
reduce operational inefficiencies, enhance security, and 
foster trust among aviation stakeholders. Its implementa-
tion in supply chain management further promotes trans-
parency, prevents counterfeiting, and facilitates seamless 
collaboration across the industry. Overall, blockchain is 
transforming the aviation and airline sectors by improv-

ing transparency, privacy, and efficiency [24]. Blockchain 
provides a secure and tamper-proof method for recording 
transactions, effectively reducing fraud and enhancing data 
transparency by 20% [25]. The combination of digital twin 
technology and blockchain fosters collaboration among 
various stakeholders in the supply chain network. This 
integration can lead to increased productivity, improved 
visibility within the supply chain, and a reduction in mis-
takes and fraud [26]. Blockchain technology represents a 
digital advancement that has significantly contributed to 
the growth of the transportation sector in recent decades by 
enhancing transparency, improving privacy, and increasing 
operational efficiency. However, like many emerging tech-
nologies, the adoption of blockchain has encountered sev-
eral challenges. These include high implementation costs, 
insufficient understanding among both the public and pro-
fessionals, resistance to change, and scalability issues. The 
findings from this study will aid individuals involved in 
cargo operations, transportation, and road management by 
reducing fraud, enhancing transparency, fostering great-
er trust among employees and the public, and improving 
operational efficiency [27]. However, several challenges 
emerge with the growing adoption of blockchain technolo-
gy. These challenges encompass technical issues, including 
concerns about interoperability among various blockchain 
systems and difficulties related to scalability for larger and 
more intricate supply chain networks [28]. Taking the case 
of TradeLens, it explores both the potential and the lim-
itations of blockchain adoption. Despite its technological 
maturity, TradeLens encountered significant challenges, 
including stakeholder resistance, expensive integration, 
lack of standardization, and governance issues—ultimately 
resulting in its closure [29]. It introduces a layered structure 
for incorporating blockchain into air freight shipping and 
logistics to increase its effectiveness and resistance to se-
curity attacks [30]. In contrast, blockchain is a decentralized 
mechanism that operates on a peer-to-peer network [21,30]. It 
is composed of chain blocks, each of which records a se-
ries of transactions while keeping track of previous blocks 
and their hashing. Convergence brings many benefits to 
transportation and logistics, including smart pay, improved 
fault tolerance, real-time knowledge sharing, privacy, and 
protection. It can be expanded in the future by developing 
a system-level model to assess the scalability and interop-
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erability of various platforms used in smart transport and 
logistics using more real-world case studies [30]. 

1.2.	Clustering Algorithms and Transaction 
Discrepancies

Clustering is one of the most common techniques to 
detect inconsistencies in various domains. Researchers use 
the different clustering algorithms to detect hidden facts 
about the business. This section will discuss a few cluster-
ing research papers that are related to detecting discrepan-
cies in different businesses. The frequency and complexity 
of fraudulent operations are rising in today’s increasingly 
digital financial scene, posing serious risks and costs for 
customers as well as financial institutions. This research 
suggests a machine learning-based K-means clustering 
technique to improve the precision and effectiveness of fi-
nancial fraud detection in order to successfully address this 
problem. Researchers can quickly detect possible fraud by 
identifying unusual patterns and behaviors by clustering 
large amounts of financial transaction data. Machine learn-
ing-based systems offer greater flexibility and precision 
in detection while better adapting to ever-evolving fraud 
schemes and patterns as compared to traditional rule-based 
detection methods. In addition, K-means clustering facili-
tates targeted monitoring and prevention activities in high-
risk areas, which effectively lessens the impact of fraud 
on the financial system as a whole. This helps financial 
institutions allocate resources more efficiently. As a result, 
the machine learning-based K-means clustering method, 
which aims to create a more dependable and safe transac-
tion environment for the finance industry, has a lot of po-
tential applications in the field of financial fraud detection 
[31]. The three main steps form the foundation of a novel 
clustering technique. Using a heuristic mechanism, it re-
trieves data from the database and creates thorough logical 
partitions in the main memory. All of the main memory’s 
logical partitions are transformed into a text file. Addition-
ally, it uses a Python program to display uniform data in 
three dimensions across all clusters [32]. It provides a few 
advantages as compared to k-means and orthogonal parti-
tioning clustering techniques. First of all, it is a methodical 
way to handle inconsistent data and work with mixed data 
types and outliers. Secondly, it takes one-time database 
scanning when it splits data using attributes. Finally, it vi-

sualizes data in a three-dimensional format [32]. 

1.3.	Air Freight Supply & Chain Problem and 
Description of the Methods

Many parties are involved in air freight throughout 
the whole supply chain, including in billing, costing, and 
other processes that require a lot of manual labor and are 
prone to errors [33]. It reveals significant structural changes 
and vulnerabilities in the global ICT supply chain through 
a thorough analysis of trade dependencies and patterns of 
technological specialization [34]. The air freight system has 
a couple of subsystems, such as sales and shipment. Due to 
the nature of the work, these modules (sales and shipment) 
work independently. Furthermore, the freight forwarders 
provide sales services to the airline industry through legal 
agreements, or customers directly visit the airline cargo of-
fice and make the cargo manifest, and the airlines arrange 
the cargo shipment services depending on the load. It is 
too difficult to manage the consistency between modules 
(shipment and sales). The sales process makes the mani-
fest for booking, but the shipment process provides deliv-
ery services with the help of different airlines and routes. 
E.g., once the cargo sales department or freight forwarder 
makes a manifest concerning attributes (“airwaybill”, “or-
igin”, “destination”, “currency_code”, ”gross_amount”, 
and ”weight”), the cargo shipment department will provide 
the delivery services using different routes, but the airline 
industry must weigh cargo before lifting it into the aircraft 
or it will weigh the whole aircraft. Here is the research 
question: How do you detect discrepancies between the 
sales and shipping systems? It creates many disruptions 
in the freight industry, such as yield disruption, weight 
disruption, route disruption, freight forwarder disruption, 
cargo space disruption, and demand and supply disruption. 
The novel batch and blockchain methods can resolve the 
above-mentioned problems. A novel batch method detects 
transaction discrepancies based on the difference in values 
of attributes (“gross_amount” and “weight”) if the attri-
bute (“airwaybill”) and its value match. Similarly, a novel 
blockchain detects transaction discrepancies based on the 
variation between records. Hence, it integrates two inde-
pendent systems into a central repository, which diminish-
es all the above-mentioned disruptions.
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2.	 Proposed Methods
There are two ways to detect discrepancies in the 

air freight business, such as novel batch mode and block-
chain methods. This section will track discrepancies be-
tween shipment and sales domains. The proposed system 
introduces abstract and mathematical models along with 
algorithms. The proposed methods provide an outcome to 
clustering techniques to visualize the legitimacy and dis-
crepancies in a graphical format. Acknowledge that detect-
ed discrepancies could be due to various risk factors, in-
cluding both errors and potential fraud. Emphasize that the 
methods provide a starting point for investigation rather 
than definitive proof of fraudulent activity. In other words, 
all accounts are entered in the general ledger at the end of 
the financial month/year, so it is a very significant step to 
resolve revenue and weight conflicts between independent 
systems. Otherwise, it presents asset misappropriation in a 
financial report. In addition to this, it is essential to intro-
duce a transport policy that will establish synchronization 
of revenue and weight between freight forwarders and air-
lines. 

2.1.	Novel Batch Mode Method

This section will detect transaction discrepancies us-
ing a novel batch-mode method. Furthermore, it proposes 
abstract and mathematical models along with algorithms 
and theoretical time complexity. In other words, the freight 
discrepancies issue creates abstract and mathematical mod-
els, and a novel batch mode algorithm is developed using a 
mathematical model approach along with time complexity. 
Finally, Appendix A, Table A1 shows the specific attri-
butes associated with the air freight domain.

2.1.1.	Abstract Model and Novel Batch Mode 
Method

Figure 1 shows the abstract model for detecting dis-
crepancies in the air freight business, where the sales and 
shipment systems work independently. Furthermore, the 
sales system makes a manifest with the concerned attri-
butes (“airwaybill”, “origin”, “destination”, “weight”, and 
“gross_amount”). However, because of the cargo space is-
sue and the flight diversion problem, the shipment system 

no longer needs to follow up with the sales system. Re-
garding transform-1, it extracts the sales data and stores it 
in the air freight central system. However, the transform-2 
extracts the data from the shipment system and loads it 
into the air freight central system. In other words, the 
transform-3 process executes the batch mode algorithm, 
detects discrepancies between sales and shipment datasets 
if matched, and inserts records into the table (”match”). 
Otherwise, it will insert discrimination records into the 
table (“unmatched”). It indicates that there is no match be-
tween the datasets, yet various records are present in both. 
Additionally, when any update query is executed on the 
tables (“match” and “unmatched”), audit logs documenting 
transaction discrepancies will be created through a data-
base trigger. Moreover, all inconsistencies are visualized in 
bar charts using Oracle Miner. Hence, if the attribute (“air-
waybill”) validates the records between sales and shipment 
datasets, it will detect discrepancies based on the attributes 
(“gross_amount” and “weight”). 

2.1.2.	Mathematical Model and Novel Batch 
Mode

Figure 2 presents the mathematical model for de-
tecting discrepancies between two supersets using a novel 
batch mode method. The mathematical model derives from 
the abstract model, as mentioned in Figure 1. There are 
two supersets (A and B), where A shows the sales system 
as mentioned in the transform-1 step, and B presents the 
shipment system as mentioned in the transform-2 step. All 
elements in a superset (A) must exist in a superset (B), and 
vice versa. If the conditions are not met, discrepancies will 
be detected.” In other words, if superset (A) is a minus su-
perset (B), as mentioned in the transform-3 step, it would 
present zero items as a result. Otherwise, it would show 
discrepancies in a comma-delimited file. For example, the 
light portion of the superset (A) presents the transform-1 
step, and the yellow-orange part of the superset (B) shows 
the transform-2 step in the central repository. Furthermore, 
the difference between two supersets (A and B) presents 
inconsistencies in the air freight industry, as mentioned in 
the transform-3 step. Finally, it suggested that both super-
sets (A and B) acquire the same set of items to reduce dis-
crepancies. Hence, it detects inconsistent records between 
two supersets (A and B). 
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Figure 1. Abstract model and novel batch mode method.

Figure 2. Mathematical model and novel batch mode method.
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2.1.3.	Novel Batch Mode Algorithm

Algorithm 1 detects discrepancies between sales and 
shipment systems, whether datasets are matched or not. The 
proposed Algorithm 1 is developed based on the abstract 
and mathematical models as mentioned in Figures 1 and 2. 
It takes a few steps. Firstly, if sales and shipment systems 
held inconsistent information regarding the attribute (“air-
waybill”) and its match values, it will compute revenue 
and weight discrepancies. As a result, it stores the data into 
a recordset (rs1). However, if sales and shipment systems 
hold inconsistent information regarding the attribute (“air-

waybills”) and its mismatched values, it will compute rev-
enue and weight discrepancies. Consequently, it stores the 
data into a recordset (rs2). To start the iteration process, it 
fetches and inserts all features and transaction discrepancies 
into the table (“match”). Similarly, it fetches and inserts all 
unmatched airwaybill details into the table (“unmatched”). 
Moreover, it commits the changes and closes the loop once 
each iteration process is complete. Finally, it identifies rev-
enue and weight discrepancies, regardless of whether the 
datasets are matched. Thus, this approach is one of the most 
sophisticated ways to enhance freight profit by detecting 
discrepancies between two independent systems.

Algorithm 1. Novel batch mode algorithm.

1: procedure Novel batch mode algorithm

2: rs1 ←extract all features and discrepancies from database { if sales.awb=shipment.awb}

3: rs2 ←extract all features and discrepancies from database { if sales.awb= shipment.awb}

4: begin

5: for r in rs1 loop

6: insert into match(all features and discrepancies )

7: values (r.feature1,r.feature2,r.rev_discrepancy,r.wgt_discrepancy);

8: commit

9: end loop

10:for rr in rs2 loop

11: insert into unmatched(all features and discrepancies )

12: values (rr.feature1,rr.feature2,rr.rev_discrepancy,rr.wgt_discrepancy);

13: commit

14: end loop

15: end procedure

2.1.4.	Novel Batch Mode Algorithm and Theo-
retical Time Complexity

Regarding theoretical time complexity, it uses the 
first loop to identify the transaction discrepancies between 
sales and shipment and stores the outcome into the table 
(“match”). Similarly, the second loop fetches and inserts 
the transaction discrepancies into the table (“unmatched”). 
So, the time complexity of this algorithm is T (n) = θ (2n). 
Hence, it is also called T (n) = θ (n).

2.2.	Novel Batch Mode Update Algorithm

Algorithm 2 updates the attributes (“amount_bool-
ean” and “weight_boolean”) and their values. It performs 

a few steps. Firstly, it creates a record set (rs1) from the 
table (“match”). Secondly, it defines a record set (rs2) 
from the table (“unmatched”). To start the iteration pro-
cess, it fetches the records from the record set (rs1). Ad-
ditionally, if attributes (“rev_discrepancy” or “wgt_dis-
crepancy”) held the zero value, it will update the features 
(“amount_boolean” and “weight_boolean”) and their val-
ues to zero. Otherwise, it updates the features (“amount_
boolean” and “weight_boolean”) and their values with 
one. To start the second iteration process, it fetches and 
updates the features (“amount_boolean” and “weight_
boolean”) and their values with one because it is related 
to unmatched records. Moreover, it performs the commit 
and closes the loop after completing each iteration pro-
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cess. Finally, it provides input to clustering algorithms 
for developing data clusters to present legitimacy and 
discrepancies in a two- or three-dimensional format. So, 
the proposed Algorithm 2 utilizes one loop and an if-else 
statement, resulting in a total of (n + 1) executions. At 
each iteration of the loop, it performs an operation with 

a time complexity of O(1). Additionally, if the if-else 
statement returns a numeric value, it also has a time com-
plexity of O(1). Therefore, the overall time complexity 
of this algorithm is represented as T (n) = θ (n). Hence, it 
provides scalability and interoperability with clustering 
algorithms.

Algorithm 2. Novel batch mode update algorithm.

1: procedure Novel batch mode update algorithm

2: rs1 ←extractall features and discrepancies from match

3: rs2 ←extractall features and discrepancies from unmatched

4: r in rs1 loop

5: if { r.rev_discrepancy=0 } then

6: update match

7: set r.amount_boolean = 0

8: else

9: update match

10: set r.amount_boolean = 1

11: end if

12: if { r.wgt_discrepancy=0 }

13: update match

14: set r.weight_boolean = 0

15: else

16: update match

17: set r.weight_boolean = 1

18: end if

19: end loop

20: rr in rs2 loop

21: if { rr.rev_discrepancy= 0 } then

22: update unmatched

23: set rr.amount_boolean = 1

24: end if

25: if { rr.wgt_discrepancy= 0 }

26: update unmatched

27: set rr.weight_boolean = 1

28: end if

29: end loop

30: commit

31: end procedure

2.3.	Novel Blockchain Method

This section will detect discrepancies using a novel 
blockchain technology. Furthermore, it introduces abstract 

and mathematical models along with algorithms and the-
oretical time complexity. In other words, the freight dis-
crepancies problem generates abstract and mathematical 
models; a novel blockchain algorithm is then developed 
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based on these models, incorporating considerations of 
time complexity.

2.3.1.	Abstract Model and Novel Blockchain 
Algorithm

Figure 3 shows the details of an abstract model to 
detect discrepancies using a novel blockchain algorithm. 
The sales and shipment systems manifest the cargo ac-
cording to the attributes (“airwaybill”, “origin”, “des-
tination”, “gross_amount”, “revenue”, and “weight”). 
However, the shipment system provides delivery services 
with the help of different airlines around the globe. Once 
the airline cargo sales department or freight forwarders 
complete the booking process, shipping companies will 
provide delivery services across the globe after manifest-
ing the lifted cargo. The sales and shipping systems pro-
vide air cargo delivery services independently, so there is 
a need to integrate both systems into a central repository 

and analyze the managerial insights of the freight busi-
ness along with air cargo disruptions. One of the most 
advanced methods for detecting discrepancies between 
independent systems is a blockchain algorithm. In this 
process, the blockchain system receives data from the 
shipment and sales systems through CSV files. It iden-
tifies discrepancies whenever there are mismatches be-
tween the two systems. The blockchain assigns unique 
hash keys when tracking discrepancies between sales and 
shipment modules. In other words, if there is any varia-
tion between sales and shipment systems, it would detect 
discrepancies and record them in the output file along 
with a new hash key and airwaybill details. Otherwise, it 
would not note records in a comma-delimited file. Final-
ly, it is suggested that a novel blockchain algorithm can 
diminish all air cargo demand and supply disruptions. 
Hence, this strategy detects discrepancies with unique 
hash keys. 

Figure 3. Abstract model and novel blockchain algorithm.

2.3.2.	Mathematical Model and Novel Block-
chain Algorithm

Figure 4 shows the mathematical model for detect-
ing discrepancies between two supersets using the block-
chain method. The mathematical model derives from the 
abstract model, as mentioned in Figure 3. There are two 
supersets (A and B), where A shows the sales system as 
mentioned in the transform-1 step, and B presents the 

shipment system as mentioned in the transform-2 step. 
All elements in a superset (A) must exist in a superset 
(B), and vice versa. Otherwise, it notes discrepancies in 
a comma-separated file. In other words, if superset (A) 
is minus superset (B), as mentioned in the transform-3 
step, it would require displaying zero items with no hash 
key value as a result. Otherwise, it would note discrep-
ancies in a comma-delimited file or display records on 
the command prompt with a new hash key. For exam-
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ple, the light blue portion of the superset (A) presents 
the transform-1 step, and the yellow-orange part of the 
superset (B) shows the transform-2 step in the central 
repository. Furthermore, the difference between the two 
supersets (A and B) presents transaction discrepancies in 

the air freight industry, as mentioned in the transform-3 
step. Finally, it suggested that both supersets (A and B) 
acquire the same set of items to enhance freight profit. 
Hence, it detects discrepancies between two independent 
systems.  

Figure 4. Mathematical model and novel blockchain algorithm.

2.3.3.	Novel Blockchain Algorithm

Algorithm 3 detects discrepancies in the air freight 

system using the novel blockchain method. The proposed 

Algorithm 3 is developed based on the abstract and math-

ematical models as mentioned in Figures 3 and 4. It takes 

a few steps to detect discrepancies between sales and 
shipment datasets. Firstly, it imports the hash library to 
generate hash keys for the data block after initializing the 
instance method. Secondly, init is an instance method that 
initializes when creating an object. Furthermore, it assigns 
the data to the variable (“block_data”) after subtracting 
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the variable (“transactions”) and its values from the at-
tribute (“previous_hash_block”). Similarly, it creates the 
hash keys for the feature (“block_data”) and stores them in 
the variable (“block_hash”). Moreover, it makes all com-
ma-delimited files in a list format and reads the sales data-
set file as file1 and the shipment dataset file as file2. Be-
sides this, it opens one comma-delimited file for writing as 
an output file. During the loop execution process, it fetches 
records from comma-delimited files, such as file1. If the 
statement validates the records in file2 and returns true, it 

would call the instance method (init) along with functions 
(block_hash and block_data). In other words, if the con-
dition returns true, it will create a class object, which will 
automatically call the init method and assign the hash keys 
to the data block. Otherwise, it will not note records in a 
comma-separated file. Finally, it displays all transaction 
discrepancies on a Python prompt and notes all discrimi-
nation information in a comma-delimited file using the Py-
thon write function. Hence, it assigns unique hash keys to 
both datasets if they are mismatched.

Algorithm 3. Novel blockchain algorithm.

1: import hashlib

2: class detect_discrepancies_blocks:

3: def init (previous_block_hash, transactions)

4: block_data ← { transactions }- { previous_block_hash }

5: block_hash ← block_data creates hash keys

6: file1 ← [’Shipment.csv’]

7: file2 ← [’Sales.csv’]

8: fname← open(output.csv,w)

9: for row in file1

10: if { not row in file2 }

11: block1← detect_discrepancies_blocks(firstblock,[row,row])

12: block2← detect_discrepancies_blocks(block1.block_hash,[row, row])

13: fname← write(block2.block_hash +− −−+row)

14: print(“Block1data : block1.block_data”)

15: print(“Block1hash : block1.block_hash”)

16: end if

17:file1, file2 ← file2, file1

18:end loop

2.3.4.	Novel Blockchain Algorithm and Theo-
retical Time Complexity

The theoretical time complexity involves only one 
loop and a single if statement. The loop will run (n + 1) 
times, performing the O (1) operation at each iteration of 
the loop, and if statement will return the numeric value O 
(1). Therefore, the time complexity of this algorithm is ex-
pressed as T (n) = θ (n).

2.4.	Proposed Methods and Challenges 

There are two major independent systems in the air 
freight industry, such as sales and shipment. Due to the 

nature of the work, the air freight industry operates the 
business with the help of freight forwarders and other air-
lines, but unfortunately, there is no system available to 
maintain checks and balance between airlines and freight 
forwarders. Furthermore, if these systems independently 
operated in the air cargo industry, it would cause many dis-
ruptions, such as yield disruption, weight disruption, route 
disruption, freight forwarder disruption, cargo space dis-
ruption, and demand and supply disruption. The research 
methodologies can be used to overcome freight disrup-
tions. Regarding blockchain technology, it is very easy to 
implement the proposed blockchain algorithm in the air 
freight industry because it detects document discrepancies 
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between datasets. Every month, the air freight industry can 
collect the sales dataset from freight forwarders based on 
business agreements as well as the shipment dataset from 
the shipping department. It is required to define the data 
process layout between freight forwarders and the shipping 
department. Consequently, if there is any variation be-
tween datasets, the blockchain algorithm assigns new hash 
keys as it detects document discrepancies in the air cargo 
industry. There is no problem implementing the blockchain 
algorithm because it detects document discrepancies based 
on prior chains. In other words, if there is a lack of infor-
mation from freight forwarders and shipping departments, 
it may be a big challenge for the air freight industry. The 
novel batch mode method is one of the decentralized ap-
proaches to detecting document discrepancies between 
datasets, like blockchain. First of all, it integrates sales and 
shipment datasets into a central repository to detect docu-
ment discrepancies. If freight forwarders or shipping de-
partments do not provide the complete details of datasets, 
the air freight industry will face a big barrier to overcom-
ing the above-mentioned disruptions. Finally, the air cargo 
industry defines the data collection process layout between 
freight forwarders and shipping departments and introduc-
es business transparency via proposed methods. Hence, it 
is one of the best ways to detect document discrepancies.

2.5.	Proposed Methods and Practical Implica-
tions

Figure 5 shows the data pipeline process between 
freight forwarders and the air cargo industry. Stakehold-
ers can provide services at various airports and enhance 
the freight business for airlines. The proposed methods 
can resolve document discrepancies between freight for-
warders and the air freight industry. Therefore, the air 
freight industry needs to introduce a data pipeline be-
tween freight forwarders and the shipment department af-
ter completing the sales period. In the data pipeline pro-
cess, all freight forwarders send sales datasets to the air 
freight industry or data repository via one of the sophis-
ticated channels (FTP, email, or database link). Similarly, 
the shipment department sends the shipping datasets to 
the air freight industry or data repository through one of 
the sophisticated channels (FTP, email, or database link). 
Moreover, the proposed algorithms detect document dis-
crepancies between sales and shipment systems after 
integrating the datasets. In other words, the air freight 
industry can share the results of imbalanced transactions 
with freight forwarders to resolve this issue on a priority 
basis.

Figure 5. Proposed methods and practical implications.
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3.	 Results and Discussion
The system configuration regarding hardware is 

Windows 10, with 8GB of RAM and a 3.19 GHz Core i5 
processor. Furthermore, the proposed system software con-
figuration includes Oracle 19C, Graph, PL/SQL, SQL De-
veloper, Python, and Oracle Miner. Moreover, this section 
will explain the results of discrepancies using the novel 
batch mode algorithm and blockchain technology. It uses 
two freight datasets: (i) freight dataset 1 contains 169,859 
records; (ii) freight dataset 2 contains 254,162. With regard 
to the batch mode method, it presents the discrepancies be-
tween datasets (shipment and sales), whether the datasets 
match or not. If any variation exists between attributes and 
their values, a novel blockchain algorithm will detect and 
note discrepancies in a comma-separated file. Finally, it 
discusses the benefits and threats of the evaluation.

3.1.	Freight Dataset 1

It contains two subsets, which are known as sales 
and shipment datasets. It is also called matching datasets, 
but has different revenue and weight values between sales 
and shipment datasets. The shipment dataset contains 
169,859 rows. It shows a list of attributes (“airwaybill_
no”, “origin”, “destination”, “gross_amount”, “origin_cur-
rency”, “weight”, “bill_airline”, “agreement_type”, “ship-
ping_type”, “commodity_code”, “incidental_charges”, 
and “commission”). Similarly, the sales dataset contains 
169,859 records. It shows a list of attributes (“airwaybill_
no”, “origin”, “destination”, “gross_amount”, “weight”, 
“agent_code”, “commodity_code”, and “commission”).

3.2.	Freight Dataset 2

It contains two subsets. It is also called matched and 
unmatched datasets between sales and shipment systems. 
The shipment dataset contains 254,162 rows. It shows a 
list of attributes (“airwaybill_no”, “origin”, “destination”, 
“gross_amount”, “origin_currency”, “weight”, “bill_air-
line”, “agreement_type”, “shipping_type”, “commodity_
code”, “incidental_charges”, and “commission”). Similar-
ly, the sales dataset contains 254,162 records. It shows a 
list of attributes (“airwaybill_no”, “origin”, “destination”, 
“gross_amount”, “weight”, “agent_code”, “commodity_
code”, and “commission”).

3.3.	Novel Batch Mode Algorithms and Inde-
pendent Systems

Figure 6 shows the execution steps of a novel batch 
mode algorithm. There are a few steps involved in this pro-
cess to detect discrepancies and present them in a graphic 
format. First of all, two independent systems (sales and 
shipment) load the data into the central freight repository 
using the Oracle external table method, as mentioned in 
the transform-1 and transform-2 steps. Furthermore, Algo-
rithm 1 extracts shipment and sales data from the central 
freight repository, fetches records, and detects revenue and 
weight discrepancies based on the attribute (“airwaybill”) 
and its value as mentioned in the transform-3 step. In oth-
er words, Algorithm 2 updates the tables (“match” and 
“unmatched”) regarding attributes (“amount_boolean” and 
“weight_boolean”) to provide input to clustering methods. 
Moreover, all transaction discrepancies are inserted into 
the tables (“match” and “unmatched”). Finally, the SQL 
query extracts the data from the tables (“match” and “un-
matched”) and connects it with a graph to visualize the 
discrepancies in a bar chart using the Oracle Miner tool.

Figure 6. Novel batch mode algorithms and independent sys-
tems.
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3.4.	Novel Batch Mode Algorithms and Freight 
Dataset 1

The batch mode method is more secure and efficient 
than direct SQL because there is a chance of SQL injec-
tion. During the execution process, it creates the record 
set in main memory, where it holds the sales and shipping 
records. Each dataset contains 169,859 rows. Furthermore, 
the fetch process iterates over records between sales and 
shipping datasets. It validates the record based on the at-
tribute (“airwaybill”). If the condition returns true, it will 
provide the revenue difference between sales and shipment 
domains. In this case, if the result variable holds zero val-
ues, it will provide legitimate transactions. Otherwise, it 
detects revenue discrepancies. Similarly, it fetches another 
record. Consequently, if datasets were matched between 
sales and shipment datasets, it would detect revenue and 
weight discrepancies. Concerning the weight attribute, the 
batch mode algorithm provides 28,714 discrepancies out 
of 169,859 records. Similarly, the batch mode algorithm 
provides 59,314 discrepancies out of 169,859 records that 
are revenue inconsistencies. It visualizes discrepancies in 
a bar graph via Oracle Miner. Firstly, it defines a pipeline 
to extract discrepancies from the database and provide 
them to the graph operator via Oracle Miner after com-
pleting the proposed Algorithm 1 process. Secondly, the 

graph operator applies the average function to the features 
(“gross_amount_diff”, “weight_diff”), where it aggregates 
the list of airwaybills for visualizing. Otherwise, it cannot 
visualize the groups regarding the feature (“airwaybill”). 
However, it requires developing data clusters to identify 
the legitimacy and discrepancies via clustering algorithms.

3.4.1.	 Novel Batch Mode Algorithms and Reve-
nue Discrepancies for Freight Dataset 1

Figure 7 shows discrepancies in graphical format 
regarding attributes (“gross_amount” and “airwaybill”) 
using Oracle Miner. It visualizes the discrepancies along 
with the list of airwaybills in a bar chart after completing 
the batch mode execution process. For example, if the at-
tribute (“airwaybill”) held the values (less than or equal to 
52,997,581.5), it would detect revenue discrepancies be-
tween 0 and −2.0 × 104. If the attribute (“airwaybill”) held 
the values (52,997,581.5 to 55,784,248), it would detect 
revenue discrepancies between 0 and −4.2 × 104. Similarly, 
if the attribute (“airwaybill”) held the values (72,504,247 
to 75,290,913.5), it would detect revenue discrepancies 
between 0 and −1.1 × 105. Hence, the proposed system 
validates the records between sales and shipping datasets 
based on the attribute (“airwaybill”) and its values.

 Figure 7. Novel batch mode algorithms and revenue discrepancies for freight dataset 1.
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3.4.2.	Novel Batch Mode Algorithms and 
Weight Discrepancies for Freight Data-
set 1

Figure 8 shows discrepancies in the bar chart regard-
ing attributes (“weight” and “airwaybill”) after executing 
the proposed Algorithm 1. Furthermore, it visualizes a list 
of airwaybills along with weight discrepancies in graphical 
format. For example, if the shipment attribute (“airway-
bill”) held values between 52,997,581.5 and 55,784,248, 
it would detect weight discrepancies between 0 and −1.5 
× 106. Similarly, if the attribute (“airwaybill”) held val-
ues greater than or equal to 75,290,913.5, it would detect 
weight discrepancies between 0 and 1.0 × 106. Finally, pos-
itive and negative weight inconsistencies can mislead the 
financial report. Hence, the novel batch mode algorithm 
validates the bulk of records based on the attribute (“air-
waybill”) and its values.

3.5.	Novel Batch Mode Algorithms and Freight 
Dataset 2

The dataset contains 254,162 records. It presents 
matched and unmatched records between sales and ship-
ment systems. The novel batch mode algorithm detects 
revenue and weight discrepancies, whether datasets are 
matched or not. Consequently, the proposed Algorithm 1 
provides 105,899 out of 254,162 records as weight incon-
sistencies. Similarly, the batch mode algorithm provides 
125,687 out of 254,162 records that are revenue inconsis-
tencies. Once proposed Algorithm 1 completed the execu-
tion process, it defined a pipeline to extract discrepancies 
from the database and provided them to the graph operator 
via Oracle Miner. Additionally, the graph operator applies 
the average function to the features (“gross_amount_diff”, 
“weight_diff”), where it aggregates the list of airwaybills 
for visualizing. Otherwise, it cannot visualize the records. 
However, it requires developing data clusters to identify 
the legitimacy and discrepancies via clustering algorithms.

3.5.1.	 Novel Batch Mode Algorithms and Reve-
nue Discrepancies for Freight Dataset 2

Figure 9 shows discrepancies in graphical format 

regarding attributes (“gross_amount” and “airwaybill”) 
using Oracle Miner. It visualizes the list of airwaybills 
in a bar chart as revenue discrepancies after complet-
ing the proposed Algorithm 1 execution process. For 
example, if the attribute (“airwaybill”) held the values 
from 34,349,299 to 41,637,460, it would detect revenue 
discrepancies between 0 and −1.0 × 105. If the attribute 
(“airwaybill”) held the values between 48925621 and 
56,213,782, it would detect revenue discrepancies be-
tween 0 and −5.0 × 104. Similarly, if the attribute (“air-
waybill”) held the values from 63,501,943 to 70,790,104, 
it would detect revenue discrepancies between 0 and 
−1.5 × 104. Finally, if the attribute (“airwaybill”) held 
values greater than 70,790,104, it would detect revenue 
discrepancies between 0 and −2.8 × 104. Hence, the pro-
posed system validates the records between sales and 
shipping datasets based on the attribute (“airwaybill”) 
and its values.

3.5.2.	Novel Batch Mode Algorithms and 
Weight Discrepancies for Freight Data-
set 2

Figure 10 shows weight discrepancies in the bar 
chart regarding attributes (“weight” and “airwaybill”) 
after executing the proposed Algorithm 1. Further-
more, it visualizes a list of airwaybills in graphical for-
mat as weight discrepancies. For example, if the attri-
bute (“airwaybill”) held the values (less than or equal 
to 12,484,816), it would detect weight discrepancies 
between 0 and −1.0 × 106. If the attribute (“airway-
bill”) held the values from 34,349,299 to 41,637,460, it 
would detect weight discrepancies between 0 and −1.01 
× 106. Similarly, if the attribute (“airwaybill”) held val-
ues between 48,925,621 and 56,213,782 or greater than 
70,790,104, it would detect weight discrepancies between 
0 and −6.0 × 105. Finally, if the attribute (“airwaybill”) 
held values (63,501,943–70,790,104), it would detect 
weight discrepancies between 0 and −5.0 × 105. Finally, 
negative weight inconsistencies can mislead the financial 
report. Hence, the novel batch mode algorithm validates 
the records based on the attribute (“airwaybill”) and its 
values.
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Figure 8. Novel batch mode algorithms and weight discrepancies for freight dataset 1.

Figure 9. Novel batch mode algorithms and revenue discrepancies for freight dataset 2.

Figure 10. Novel batch mode algorithms and weight discrepancies for freight dataset 2.
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3.6.	Novel Batch Mode Algorithms and Re-
al-Time Complexity

Table 1 shows the details of the real-time complexi-
ty of a novel batch mode algorithm to detect discrepancies 
in the air freight business. Consequently, it takes 6, 18, 40, 
65, and 110 s to complete the processing of 2.0 × 104, 4.0 × 
104, 6.0 × 104, 8.0 × 104, and 1.0 × 104 records, respective-
ly. E.g., it extracts the records based on the joining con-
dition between sales and shipment tables, so it processes 
2.0 × 104 records within 6 s. Similarly, it executes the rest 
of the records and determines the revenue and weight dis-
crepancies in seconds. Finally, it presents significant pro-
cessing time, so it is suitable for a production environment.

3.7.	Novel Blockchain Algorithm and Freight 
Datasets

Figure 11 shows the execution steps of the novel 
blockchain algorithm. First of all, the object-oriented class 
contains the data and function members, such as init, pre-

vious_block_hash, transactions, previous block_data, and 
block_hash. Furthermore, it calls the above-mentioned 
function members when the class creates the object after 
validating the if statements. Moreover, it reads the com-
ma-delimited files, which contain sales and shipment data-
sets. It opens a comma-separated file (“fname”) for writing 
output. During the fetching process, it iterates through the 
records of the sales and shipment datasets. If there is any 
variation between two datasets, it would create a class ob-
ject that automatically calls function members and assigns 
the hash keys to the data block. The process creates trans-
actions with unique hash keys and displays any discrep-
ancies between them on a Python prompt. Additionally, it 
notes all discrepancies in a comma-delimited file. Howev-
er, if there is no variation between datasets, it will not note 
the record in a comma-delimited file. Finally, the proposed 
Algorithm 3 validates the records based on the variations 
that occurred between datasets.

Table 1. Novel batch mode algorithm and real-time complexity.
Number of Records Time in Seconds

20,000 6
40,000 10
60,000 14
80,000 18
100,000  20

Figure 11. Novel blockchain algorithm and freight datasets.
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3.7.1.	Novel Blockchain Method and Revenue 
and Weight Discrepancies

Figure 12 shows experimental results for detecting 

revenue and weight discrepancies in the novel blockchain 

algorithm. It shows the details of block data along with 

hash key values. It detects the inconsistencies based on the 

variation in attributes (“gross_amount” and “weight”) and 

their values. In other words, if the proposed Algorithm 3 

detected inconsistencies between datasets, it would create 

the transaction discrepancies with new hash keys. Other-

wise, there is no new hash key assigned to records if all 

fields are matched. 

Figure 12. Novel blockchain method and revenue and weight discrepancies.
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For example, the attributes (“airwaybill”, “gross_
amount”, and “weight”) hold the values (14,485,424, 
39, 112) and (5,160,186, 348, 112) in Figure 12, respec-
tively. So the proposed Algorithm 3 assigns the two 
hash keys, which start with the values “58623eca77” 
and “956d258e79”). Similarly, it presents the attributes 
(“airwaybill”, “revenue”, and “weight”) and their values 
(14,485,472, 272, 906) and (14,485,472, 3262, 906) in Fig-
ure 12, respectively. So it creates the transactions with dif-
ferent hash keys in block data. Finally, this strategy detects 
revenue and weight discrepancies with the help of different 
hash key values. However, if there is no variation between 
records, it would not assign a hash key to the transaction. 
For example, the attributes (“airwaybill”, “gross_amount”, 
and “weight”) hold the values (18,787,086, 0, 120) and 
(18,787,086, 0, 120) as mentioned in the transform-1 and 
transform-2 steps in Figure 4, respectively. If there is no 
variation between records, it cannot be noted as a transac-
tion in a comma-separated file. Hence, each iteration vali-
dates the transaction based on the variation in the attributes 
(“gross_amount” and weight) and their values.

3.7.2.	Novel Blockchain Algorithm and Re-
al-Time Complexity

Table 2 shows the details of the real-time complexi-
ty of the proposed Algorithm 3 when detecting discrepan-
cies between datasets. Furthermore, it takes 1, 4, 9, 15, and 
26 s to complete the processing of 2.0 × 104, 4.0 × 104, 6.0 
× 104, 8.0 × 104, and 1.0 × 105 records, respectively. E.g., it 
uses two files (file1 (sales_data) and file2 (shipment_data)), 
and each file contains 10K records, so it executes an ag-
gregated 2.0 × 104 records to determine the transaction dis-
crepancies with respect to time in 1 s. Similarly, it executes 
the rest of the record sets and identifies the revenue and 
weight discrepancies on the Python prompt. Finally, it has 
the most significant time complexity, so it performs well 
when integrating with other modules.

3.8.	Clustering Methods

Clustering techniques are used to make various 
groups and identify data anomalies. However, clustering 

methods could not identify the data anomalies between two 
independent systems. Consequently, the proposed methods 
introduce two categories (0 as legitimate and 1 as discrep-
ancies) and visualize the records in two- and three-dimen-
sional forms. On the other hand, classification methods 
(support vector machine, Naive Bayesian, and random 
forest) are used for predicting the business, but these tech-
niques cannot trace the risk factors between two or more 
datasets. Finally, Table A1 displays the specific attributes 
associated with the air freight domain.

3.8.1.	Proposed Methods and K-Means Clus-
tering with Freight Dataset 1

Figure 13 shows the comparison between legitima-
cy and discrepancies using the K-means algorithm. Fur-
thermore, the K-means algorithm develops two clusters 
after completing the execution of the proposed methods 
(Algorithm 1 and Algorithm 2). Moreover, it develops 
data clusters based on legitimacy and discrepancies in the 
air freight system after providing 169,859 records. The 
attribute (“amount_boolean”) contains two values, which 
are zero and 1. Consequently, it presents 65% genuine 
transactions and 35% inaccurate records between sales 
and shipment regarding the attribute (“amount_boolean”). 
Finally, it presents a significant difference between legit-
imacy and discrepancies in the air freight system. Hence, 
it creates freight disruptions regarding the supply and de-
mand model.

Figure 14 shows the comparison between legitimate 
and discrepant transactions using the K-means algorithm. 
Furthermore, the K-means algorithm develops two data 
clusters based on the attribute (“weight_boolean”), which 
is held at zero or one value. Moreover, it uses 169,859 re-
cords to create data clusters between legitimate and inac-
curate records. The attribute (“weight_boolean”) contains 
two values, which are zero and 1. As a result, it reveals 
that there are 83% real transactions and 17% discrepancy 
records between sales and shipments. Finally, if the size of 
datasets increases between sales and shipment systems, it 
will increase the inaccurate transactions. Hence, it presents 
weighty disruptions in the air freight industry.
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Table 2. Novel blockchain algorithm and real-time complexity.
Number of Records Time in Seconds

20,000 1
40,000 4
60,000 9
80,000 15
100,000  26

Figure 13. Revenue comparison between legitimate and discrepant clusters for freight dataset 1.

Figure 14. Weight comparison between legitimate and discrepant clusters for freight dataset 1.

3.8.2.	Proposed Methods and Novel Cluster-
ing Method with Freight Dataset 1

Figure 15 shows the difference between legiti-
macy and discrepancies regarding attributes (“amount_ 
boolean” and “weight_boolean”) in the air freight system 
using a novel clustering method with consistent data in 
a three-dimensional format after executing the proposed 
algorithms (Algorithm 1 and Algorithm 2). Further-
more, it uses 169,852 records to develop data clusters in 
a three-dimensional format using three attributes (“gross_
amount”, weight_boolean, and amount_boolean). More-
over, the red color shows inconsistent records, and the 
green color presents legitimate transactions regarding the 
attribute (“amount_boolean”). For example, if the attribute 
(“amount_boolean”) held the value (“1”), it would provide 
the maximum value of lost revenue, which is less than 

7.0 × 106. Similarly, if the attribute (“weight_boolean”) 
held the value (“1”), it would provide the maximum val-
ue of lost weight, which is less than 5.0 × 106. Finally, it 
addresses a significant problem in the air freight industry. 
Hence, it presents the profit and loss of freight business 
regarding attributes (“amount_boolean” and “weight_bool-
ean”) and real differences in their values than the k-means 
algorithm.

3.8.3.	Proposed Methods and K-Means Clus-
tering with Freight Dataset 2

Figure 16 illustrates the comparison between legit-
imate and discrepant transactions in the air freight system 
using the K-means algorithm. Furthermore, the K-means 
algorithm develops two clusters. Moreover, it uses 254,162 
records to develop data clusters based on the attribute 
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(“amount_boolean”). Consequently, it presents 55% legit-
imate transactions and 45% discrepant records between 
sales and shipment regarding the attribute (“amount_bool-
ean”). Finally, it presents a significant difference between 
legitimacy and discrepancies in the air cargo business. 
Hence, it converts profit into loss.

Figure 17 shows the comparison between real and 
inaccurate transactions using the K-means algorithm. 
Furthermore, the K-means algorithm develops two data 
clusters based on the attribute (“weight_boolean”) after 
completing the execution of the proposed methods (Al-
gorithm 1 and Algorithm 2). Moreover, it uses 254,162 
records to identify the legitimate and discrepancy records 
in a clustering format. The attribute (“weight_boolean”) 

contains two values, which are zero for legitimacy and 1 
for discrepant. The analysis reveals that 62% of the trans-
actions are legitimate, while 38% are inaccurate records 
related to sales and shipment datasets. Finally, if the size 
of datasets increases between sales and shipment sys-
tems, it will increase the volume of discrepancies in the 
air freight system. For example, if we compared Figure 
14 and Figure 17, they would present significant weight 
differences, which are about 17% and 38%, respective-
ly. Therefore, if we execute the proposed methods on a 
quarterly basis, it would provide a significant weight dif-
ference between sales and shipment datasets. Hence, the 
proposed methods provide hidden facts about the freight 
business.

Figure 15. Data cluster between revenue and weight with real and discrepant transactions for freight dataset 1.

Figure 16. Amount cluster between legitimate and discrepant transactions for freight dataset 2.
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Figure 17. Weight cluster between legitimate and discrepant transactions for freight dataset 2. 

3.8.4.	Proposed Methods and Novel Cluster-
ing Method with Freight Dataset 2

Figure 18 shows the weight and revenue difference 

in a three-dimensional format using a novel clustering 

method with consistent data after completing the execution 

of the proposed methods (Algorithm 1 and Algorithm 2). 

Furthermore, it uses 254,162 records to develop data clus-

ters in a three-dimensional format using three attributes 

(“gross_amount”, weight_boolean, and amount_boolean). 

Similarly, the red color shows transaction discrepancies, 

and the green color presents real records regarding the at-

tribute (“amount_boolean”). For example, if the attribute 
(“amount_boolean”) held the value (“1”), it would provide 
the maximum value of lost revenue, which is less than 7.0 
× 106. Similarly, if the attribute (“weight_boolean”) held 
the value (“1”), it would provide the maximum value of 
lost weight, which is less than 5000K. Finally, it is sug-
gested that the proposed methods can overcome air freight 
losses via novel clustering method. Hence, it presents the 
profit and loss of freight business between sales and ship-
ment datasets, whether the attributes (“amount_boolean” 
and “weight_boolean”) and their values are matched or 
not.

Figure 18. Data cluster between revenue and weight with legitimate and discrepant transactions for freight dataset 2.
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3.9.	Managerial Insights

There is no real-time transaction between shipment 
and sales systems, as they independently operate in the 
freight industry. Regarding the sales system, freight for-
warders and airlines run it, but freight forwarders are the 
ones who make the majority of the sales revenue. How-
ever, because of issues with cargo space, different airlines 
handle the shipment process. This section provides man-
agerial insights derived from the findings of related stud-
ies and proposed methods. Additionally, it identifies best 
practices pertinent to those topics. The present investiga-
tion revealed that data consistency, real-time transactions, 
technology, and supply chain disruptions are the most im-
portant topics. Consequently, the following insights can be 
utilized from the analysis results to identify discrepancies 
between the sales and shipment systems and to prevent fu-
ture disruptions.

3.9.1.	Data Consistency

There is no consistency between the two independent 
systems, as mentioned in the figures (Figures 7–10 and 
12). Therefore, it poses a financial problem for airlines due 
to the mismanagement of data between sales and shipment 
systems. Gross amount and weight should be considered 
important attributes for the air cargo business. Therefore, air 
cargo managers should have a plan to maintain data consis-
tency in sales and shipment carrier systems regarding the 
above-mentioned attributes to enhance the profit of airlines. 
Otherwise, it could magnify the effects of the air cargo in-
dustry and cause additional negative consequences.

3.9.2.	Real-Time Transactions

There is no real-time transaction between sales and 
shipment systems due to the nature of the air cargo business. 
In other words, the booking process is completed by freight 
forwarders or airline offices, but there is no guarantee that 
the shipment process follows the same route as mentioned 
in the manifest due to aircraft space problems and flight di-
version. Therefore, multiple airlines provide carrier services 
for handling the cargo to its destination. Moreover, both sys-
tems manifest the cargo using important attributes (“gross_
amount” and “weight”), so it is a very significant step to 
establish real-time communication between both systems. 
However, if it is not possible to provide real-time transac-

tions between independent systems, the air cargo manag-
er should develop a batch mode or decentralized strategy 
between sales and shipment systems after integrating the 
freight data into the central repository. Finally, it requires 
following up on the process of Figure 5 to resolve the in-
consistencies between independent systems.

3.9.3.	Technologies

Various innovative technologies, such as block-
chain and Oracle PL/SQL, are valuable tools that could be 
used in detecting discrepancies in the occurrence of data 
inconsistency between independent systems. For exam-
ple, blockchain can be used to detect transaction discrep-
ancies between sales and shipment datasets and enhance 
the transparency and traceability of air cargo businesses. 
Similarly, Oracle PL/SQL can be used to detect air cargo 
discrepancies regarding the difference values of attributes 
(“gross amount” and “weight”) as a batch mode method, 
where numbers of records can be validated by the attribute 
(“airwaybill”).

3.10.	Proposed Methods and Scalability

There are many parameters involved in detecting 
document discrepancies in the air freight industry, as men-
tioned in the future work section. For example, the novel 
proposed methods use two parameters (“gross_amount” 
and “weight”) to detect discrepancies in the air cargo busi-
ness. We can consider other parameters for scalability in 
both batch processing and blockchain implementation, 
such as the attributes (“incidental_charges”, “commission”, 
partial_shipment and “agreement”). In other words, pro-
posed algorithms are not limited to the air freight industry, 
so we can apply the proposed methods in other domains to 
detect business discrepancies. Firstly, the credit card sys-
tem is based on two independent modules: (i) customers 
utilize the credit card to buy items from the supermarket 
as per transaction; (ii) clients can pay the credit card bills 
within forty days. Therefore, we can apply the proposed 
algorithms to detect discrepancies in the credit card system 
using credit card transactions and customer bill datasets. 
In some big organizations, they provide medical services 
to employees, where doctors prescribe the medicines and 
pharmacists issue the medicines to patients or employees. 
Therefore, we can apply these algorithms in the health sys-
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tem to detect discrepancies between doctors who prescribe 
medicines and pharmacists who issue the medicines. In a 
supermarket, the owner buys the list of items from com-
panies, and customers purchase the items from the super-
market, so there is a need to apply proposed algorithms be-
tween the buyer and sales entities to publish the profit and 
loss report. Regarding insurance companies, they introduce 
various insurance policies, such as vehicle and health in-
surance policies. In the case of claims, if the vehicle breaks 
down, customers will claim the breakdown cover. Howev-
er, it is not certain whether it is an actual vehicle accident 
or not, so it needs to contact the police office for accident 
verification before completing the customer’s claim report. 
In this situation, we have two independent systems: (i) the 
police accident system and (ii) the insurance system. The 
proposed methods can detect insurance claim discrepan-
cies between police accidents and insurance systems. The 
degree verification process has two major systems: (i) uni-
versities issue the degrees to students; (ii) the Higher Ed-
ucation Commission verifies the students’ degrees. There-
fore, if there is a mismatch between universities’ records 
and the higher education commission system, the proposed 
algorithms can detect document discrepancies. Finally, 
the proposed methods detect discrepancies between inde-
pendent systems after changing the system’s parameters. 
Hence, the proposed methods provide the scalability.

4.	 Intrinsic and Extrinsic Threats to 
Validation and Proposed Systems

Figure 19 shows a comprehensive analysis of the air 

freight system. It presents the benefits, demerits, threats, 
and goals of the freight industry. The proposed systems 
have provided a few benefits. Firstly, a novel batch mode 
method validates each transaction between sales and ship-
ment datasets based on the attribute (“airwaybill”) and 
detects transaction discrepancies in the air freight system. 
Secondly, if any variation exists between records, a nov-
el blockchain method will detect discrepancies between 
datasets (sales and shipment). Furthermore, it diminishes 
inconsistencies between two independent datasets. More-
over, it removes demand and supply disruptions and en-
hances freight profit. Besides this, it establishes a balance 
between sales and shipping modules. In other words, it 
takes the attribute (“gross_amount”) instead of the revenue 
field for processing because it does not deal with origin or 
destination currency codes, or it does not need to apply a 
conversion rate to the attribute (“gross_amount”) when de-
tecting the discrepancies between datasets (shipment and 
sales). Concerning the goals, it integrates two independent 
systems into a central repository, and additionally, it de-
tects discrepancies between subsystems. It tracks disrup-
tions of important attributes (“yield” and “weight”) for the 
air cargo industry. Regarding the threats, it needs to intro-
duce real-time transactions between two independent sys-
tems simultaneously. The blockchain technology develops 
different chains to identify the document forgery, but it is a 
decentralized approach. Finally, the proposed methods take 
significant time to complete the execution of records, so 
they provide the time complexity, which is about T (n) = θ 
(n), but they execute the million records within seconds.

Figure 19. BDTG analysis of the air freight system.
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5.	 Comparison between Existing 
Discrepancies Mechanisms and 
Proposed Methods

Table 3 shows the comparison between existing and 
proposed methods. It provided the solution for detecting 
discrepancies in the shipping industry via a supervised clas-
sification model using location parameters. However, oth-
er factors that affect discrepancies in the shipping domain 
include shipment weight, payment method, and customer 
profile, which were not assessed in this article because of 
insufficient legitimate production data [8]. This study pres-
ents a Contextual Anomaly Detection (CAD) framework 
designed to identify and analyze various types of anomalies 
in logistics operational processes [35]. It takes into account 
specific contexts, including branches, locations (sender 
and receiver cities), times, job types, and units [35]. It em-
phasizes the essential role of CAD in precisely detecting 
unusual patterns and enhancing the efficiency of opera-
tional workflows [35]. It explained the theoretical research 
and addressed the issues in air cargo operations. However, 
it is required to resolve real-world air freight problems for 
airlines [22]. It discussed the supply and demand disruptions 
for sales datasets. Concerning the demand dataset, the ma-
jor findings indicate a demand imbalance in the majority 
of the 110 region-pair combinations studied. However, the 
supplied dataset shows a large imbalance in freighter ca-
pacity, a smaller imbalance in integrator capacity, and a 
small imbalance in wide-body belly capacity [36]. The sug-
gested approach utilizes the IATA ONE Record standard to 
provide Latvian air cargo supply chain stakeholders with a 
clear, step-by-step plan aimed at enhancing data integration 
and operational efficiency. Implementing this concept is ex-
pected to decrease the reliance on manual supply chain pro-
cesses and lower operating expenses, while also improving 
supply chain visibility and enhancing service quality. The 
model of integrating IATA One Record can aid industry 
stakeholders in evaluating the viability of similar digitaliza-
tion strategies [37]. The stochastic frontier approach reduces 
disparities between the passenger and cargo transportation 
industries [38]. It was discovered that blockchain reduces 
both process- and document-related corruption in the air 
freight industry. This model is used to detect document 
discrepancies using blockchain, which shows the complex 

interplay between identities, institutional actors, technical 
and other resources, and practices [39]. It investigated and 
summarized the global practice of using blockchain tech-
nology to manage information and financial flows in the air 
cargo industry. This strategy made the best use of available 
airport resources to reduce service delays. It explains the 
primary issue of creating transparency in information ex-
change among all air cargo transportation participants [40]. It 
investigated the structure of the Air Cargo Handling Process 
(ACHP), as well as the safety and environmental aspects 
of the process, using a variety of scientific cognition strat-
egies. This study proposes a blockchain-based ecosystem 
designed to support a sustainable and service-oriented last-
mile delivery model. It includes four key stakeholders: cus-
tomers, retailers, fleet carriers, and optimization specialists 
(miners). The model utilizes blockchain features such as 
transparency, traceability, agile planning, and secure claim 
management during the delivery process. It also discusses 
reverse logistics for product recycling, which enhances en-
vironmental sustainability [41]. This research can improve 
the process’s safety and environmental aspects, which are 
critical for process functionality, as well as the quality level 
of service that meets customer requirements and the pro-
cess’s sustainability [42]. This model improves the custom-
er’s satisfaction and the service level. However, the air car-
go handling process did not incorporate the layer between 
sales and shipment systems. It proposed a layered structure 
for incorporating blockchain into air freight shipping and 
logistics to increase its effectiveness and resistance to se-
curity attacks. This approach improved the service level 
between shipping and logistics rather than other modules 
of the air cargo industry, like the sales module [30]. Financial 
institutions understand the air freight industry as vulnerable 
due to discrepancies and disruptions. To address these prob-
lems, this study introduced a blockchain-based platform for 
air cargo financing (ACFB), which would make the supply 
chain more transparent, trustworthy, and efficient for all 
stakeholders and financial institutions [43]. It presents a nov-
el conceptual framework that incorporates drone-based last-
mile delivery into the orchestration architecture of fifth-par-
ty logistics (5PL) systems. By utilizing a multi-agent digital 
twin model, it combines various technologies, including 
the Internet of Things (IoT) for real-time tracking, AI-driv-
en metaheuristics (such as Adaptive Large Neighborhood 
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Search, Particle Swarm Optimization, and Non-dominated 
Sorting Genetic Algorithm II) for optimizing routes and 

hubs, and blockchain technology to ensure compliance with 
service level agreements (SLAs) [44]. 

Table 3. Comparison between existing discrepancies mechanisms and proposed methods.

S.no. Air Freight Discrepancies 
Mechanism Purpose Scope

1 Classification [8] It provided the solution for detecting discrepancies in the 
shipping industry [8].

Based on the location parameter [8].

2 Contextual Anomaly 
Detection (CAD) [35]

It analyzes various types of anomalies in logistics [35]. It detects unusual patterns [35].

3 Cargo supply and demand 
model [36]

It shows an imbalance between demand and supply 
processes [36].

It improves supply and demand 
processes [36].

4 IATAone record [37] Enhancing supply chain visibility and service quality [37]. Integrating IATA One Record 
can aid industry stakeholders in 
evaluating the viability of similar 
digitalization strategies [37].

5 Stochastic frontier approach 
[38]

Combination carriers with cargo-dedicated aircraft (CDA) 
face challenges in their air cargo business, including reduced 
activities, rate, and yield, economies of scale, density, and 
productivity [38].

It reduces disparities between the 
passenger and cargo transportation 
industries [38].

6 Blokchain [39] Both process- and document-related corruption on a global 
scale across continents and economies, bringing to light 
improper gift giving, kickbacks, or inappropriate social 
activities [39].

Corruption [39]

7 Blokchain [40] This strategy made the best use of available airport 
resources to reduce service delays. It explains the primary 
issue of creating transparency in information exchange 
among all air cargo transportation participants [40].

It improves airport services [40].

8 Blockchain features [41] It provides transparent, agile planning and secure claim 
management during the delivery process [41].

It is limited to the delivery process 
and reserve logistics [41].

9 Air Cargo Handling Process 
[42]

The Air Cargo Handling Process (ACHP) is critical for 
any airport or cargo handling agent that offers cargo 
handling services [42].

Process safety and environmental 
aspects [42].

10 Blockchain [30] This study proposes a layered structure for incorporating 
blockchain into air freight shipping and logistics to 
increase its effectiveness and resistance to security 
attacks. It makes the supply chain more transparent, 
trustworthy, and efficient for all stakeholders and financial 
institutions [30].

Smart shipping and logistics [30].

11 Blockchain-based platform for 
air cargo financing (ACFB) [43]

It makes the supply chain more transparent, trustworthy, and 
efficient for all stakeholders and financial institutions [43].

It enhances supply chain [43].

12 Novel conceptual 
framework [44]

It incorporates drone-based last-mile delivery into the 
orchestration architecture of fifth-party logistics (5PL) 
systems [44].

It improves the performance using 
digital twin and other technologies [44].

The above-mentioned strategies detect discrepancies 
between freight documents and imbalances between sales 
datasets, improve the service model between shipping and 
logistics, and bring transparency between airport services 
via blockchain. However, prior researchers did not dis-
cuss the freight disruptions between sales and shipment 
systems. Concerning proposed methods, these algorithms 

detect discrepancies based on the important attributes 
(“gross_amount” and “weight”) in the air freight indus-
try. Firstly, a novel batch mode method loads independent 
systems’ data into a central repository. Furthermore, if the 
attribute (“airwaybill”) and its value match between the 
sales and shipping datasets, it will detect discrepancies be-
tween two independent systems. As a result of this, it pro-

http://S.no
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vides a difference between parameters (“gross_amount” 
and “weight”), as mentioned in Figures 7 and 8. If we 
compared this strategy with previous literature, it would 
provide hidden facts about two independent systems (sales 
and shipment). As a result of this, it diminishes freight dis-
ruptions and enhances profit for air cargo companies. Sim-
ilarly, if there is any variation between datasets, the pro-
posed blockchain algorithm assigns new hash keys because 
it keeps the record of the previous hash keys, as mentioned 
in Figure 12. If we compared the proposed blockchain 
method with the aforementioned algorithms, it would de-
tect document discrepancies between two independent 
systems (shipping and sales). Consequently, the proposed 
methods diminish all the types of disruptions in the freight 
industry, such as supply and demand disruption, freight 
forwarder disruption, route disruption, and cargo space 
disruption. The outcome of this research is to enhance the 
freight yield as well as present the actual loaded weight of 
the aircraft during the shipping process.

6.	 Supply & Chain Disruptions and 
Freight System

Figure 20 shows the causes and effects of the air 
freight system. Furthermore, if there is an inconsistency 
between freight forwarders and the airline shipping pro-
cess, it raises a few causes and effects of demand and sup-

ply processes, such as profit disruption, weight disruption, 
supply chain collapse, and economic decline. It requires 
improving air cargo processes, whether the air cargo man-
ager pursues a centralized or decentralized approach to the 
freight business. Moreover, air cargo airlines make a man-
ifest of parcels using important attributes (“airwaybill”, 
“gross_amount”, currency_code, and “weight”) from sales 
data, so this strategy can facilitate synchronization between 
sales and shipping systems. However, it may be possible 
that freight forwarders present the wrong values of the 
manifest in the airwaybill during the sales process, so the 
airline industry should measure the weight of cargo along 
with revenue before lifting the aircraft. Therefore, the Air 
Cargo Manager recommends the decentralized approach, 
where it loads data into a central repository and detects 
discrepancies using proposed methods. In other words, if 
the air cargo manager fails to implement the recommend-
ed strategy, discrepancies in the attributes (‘gross_amount’ 
and ‘weight’) and their values between two independent 
systems could lead to significant issues and heightened 
freight losses for the airline industry. For example, if the 
shipper manifests the cargo and the attributes (“gross_
amount” and “weight”) and their values are less than the 
shipping booking, it would provide a financial loss to the 
airline industry. Consequently, the cargo manifest pays 
other airlines more than its revenue due to the inconsisten-
cy between independent systems.

Figure 20. Supply & chain disruptions and freight system.
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To encapsulate the principal managerial discoveries 
derived from the examination of literature and corrobo-
rating analyses, the creation of algorithms utilizing block-
chain technology and Oracle PL/SQL could equip air cargo 
managers and legislators for potential supply chain disrup-
tions in the future.

7.	 Findings and Recommendations
The major findings indicate an imbalance between 

sales and shipping datasets based on attributes (“gross 
amount” and “weight”) and their values, whether the data 
are matched or not. It uses two freight datasets to detect 
discrepancies in graphical format as well as develop the 
data clusters. It presents airline losses and creates a seri-
ous problem with freight forwarders and other stakehold-
ers. For example, it presents the maximum revenue lost 
for specific airwaybills (72,504,247–75,290,913.5), as 
mentioned in Figure 7. Similarly, it shows the list of air-
waybills (less than 12,484,816, 34,349,299–41,637,460, 
48,925,621–56,213,782, 63,501,943–70,790,104, and 
greater than 70,790,104) to lost revenue (−5.0 × 103, −9.0 
× 104, −5.0 × 104, −1.5 × 104, and −4.0 × 104), respective-
ly, as mentioned in Figure 9. With regard to weight dis-
crepancies, it indicates the positive and negative weight 
discrepancies (−1.5 × 106 and 1.0 × 106) according to 
specific airwaybills from 52,997,581.5–55,784,248 and 
greater than 75,290,913.5, respectively, as mentioned in 
Figure 8. Furthermore, it shows specific airwaybills (less 
than 12,484,816, 34,349,299–41,637,460, 48,925,621–
56,213,782, 63,501,943–70,790,104, and greater than 
70,790,104) to lost weight (−1.0 × 106, −1.01 × 106, −6.0 × 
105, −5.0 × 105, and −6.0 × 105), respectively, as mentioned 
in Figure 10. The findings indicate that it presents a prob-
lem for a few freight forwarders who work with airlines. 
The proposed methods take significant time to complete 
the processing of bulk records, as shown in tables (Tables 
1 and 2). Hence, it is suggested that the air cargo manager 
should identify the freight forwarders who are tampering 
with the sales dataset as well as track the shipping process 
via specific airwaybills.

8.	 Paired Samples Statistics Test and 
Freight Datasets

Figure 21 shows the paired samples statistics test 

after providing the freight dataset. Furthermore, it makes 
two pairs ({“airwaybill”, “weight_bol”} and {“airwaybill” 
and “amount_bol”}) using the IBM SPSS tool before tak-
ing the t-test. With regard to the null hypothesis (H0), there 
is no difference between attributes. However, H1, there is 
a difference between attributes. The evidence proved that 
there is a significant revenue difference between the sales 
and shipment datasets because the p-value for the attribute 
(“amount_bol”) is 0.000 < 0.05. Therefore, we accept the 
null hypothesis and reject the alternative hypothesis. The 
p-value for the attribute (“weight_bol”) is approximately 
0.000, which is less than 0.05. Based on the evidence, it 
accepts the null hypothesis and rejects the alternative hy-
pothesis H1 regarding the attribute (“weight”). Hence, it 
provides business transparency.

9.	 Future Work
The air freight system deals with many stakeholders, 

such as freight forwarders, other airlines, and IATA (Inter-
national Air Transport Association). However, there is no 
proper integration between systems, which affects revenue 
and the economy. Certain crucial parameters must be iden-
tified and compared with those of other subsystems within 
the freight business. For example, freight forwarders take 
a commission for each cargo from the airline industry. 
Therefore, the system will need to detect transaction dis-
crepancies based on the “commission” attribute. Another 
attribute (incidental_charges) is used to collect the pay-
ment at the destination for the shipment type (“charges 
collected”), but unfortunately, the airline industry could 
not get control of incidental charges due to a lack of inte-
gration between the shipping system and airport services 
across the world. Consequently, it requires collecting the 
data from domestic and international airports and integrat-
ing it into the air freight system. Similarly, when the air-
line lifts a large volume of cargo in the form of pieces, it is 
known as a partial shipment. As a result, this partial ship-
ment is transported by several airlines since they lift the 
partial weight and deliver it to the destination after consol-
idating there. There is no check and balance between air-
lines for partial shipments. Finally, it is suggested that the 
air freight business grow more in the future after resolving 
the above-mentioned problems. 
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Figure 21. Paired samples statistics test and freight dataset.

10.	 Conclusions
Highlighted views can identify the air freight prob-

lems, such as weight and revenue discrepancies. The cur-
rent infrastructure is complex and involves multiple stake-
holders, necessitating the introduction of an integration 
module. This module would connect independently devel-
oped systems to enhance managerial insight. For example, 
the air cargo system is mainly divided into two major mod-
ules (sales and shipment); each module operates solely, so 
it creates inconsistencies between systems and affects the 
other modules, such as the general ledger and ERP. With 
regard to the risk factor, there is no real-time transaction 
between sales and shipment systems, so it brings too many 
disruptions to the freight industry, such as yield disruption, 
weight disruption, supply chain disruption, route disrup-
tion, and freight forwarder disruption. The existing meth-
ods cannot resolve the inconsistency issue between sales 
and shipment systems, as mentioned in Table 3. However, 
the proposed novel batch mode method detects transaction 
discrepancies based on important parameters (“airwaybill”, 
“gross_amount”, and “weight”) and their values. This 
strategy integrates the freight data into a central repository 
and detects discrepancies in a graphical format using Ora-
cle Miner. It presents the problem for specific airwaybills, 

as mentioned in the figures (Figures 7–10). In addition to 
misleading records, the air cargo manager could take nec-
essary actions against a list of discrepant airwaybills. The 
aforementioned views can identify discrepancies in the 
air freight industry through the innovative use of a block-
chain algorithm. It is one of the most sophisticated ways 
to detect record discrepancies between datasets (shipment 
and sales) concerning any variation that may exist in attri-
butes (“gross_amount” and “weight”) and their values. The 
blockchain technology establishes a chain between previ-
ous and current transactions and assigns the new hash keys 
when detecting the variation between datasets. It provides 
a list of transaction discrepancies on a Python prompt and 
in a comma-delimited file without the user’s interference. 
Blockchain technology is more suitable for sales and ship-
ping modules due to the prior and current transactions 
dealt with by chains. Consequently, the proposed methods 
can diminish all types of disruptions in the freight industry 
and enhance yield. The proposed novel batch mode update 
method provides input to existing clustering algorithms for 
developing data clusters in two- or three-dimensional for-
mat. The findings indicate the legitimacy and discrepancies 
in the air freight industry. Statistically, it provides a sig-
nificant result. Regarding future work, it needs to choose 
other attributes (“incidental_charges”, “agreement”, partial 
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shipment, and “agent commission”) to detect discrepan-
cies in the air freight business. Finally, it is suggested that 
air cargo managers can increase the air cargo yield after 
implementing the proposed techniques in the production 
environment. Hence, the proposed methods provide scal-
ability, reliability, and transparency in various domains.
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Appendix A 
Table A1 shows the details of all variables that are 

related to the air freight industry. 

Table A1. All variable details.
S.no. Variables Scope

1 Airwaybills It shows complete revenue, but it does not relate to any specific currency.
2 Gross_amount It shows complete revenue, but it does not relate to any specific currency.
3 Weight It presents the weight regarding to true itineraries.
4 Rev_discrepancies It shows the revenue discrepancies.
5 Wgt_discrepancies It shows the weight discrepancies.
6 Amount_boolean It presents the legitimate and inaccurate transactions regarding attribute (“Gross_amount”).
7 Weight_boolean It presents the legitimate and inaccurate transactions regarding attribute (“Weight”).
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