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ABSTRACT

The management of global supply chains that emerge from outsourcing and offshoring activities 
emphasizes a globally dispersed supply chain. All stakeholders and entrepreneurs worldwide have 
a common understanding of information technology’s importance to support business activity in a 
rapidly changing era of customer preference. Today, many believe in a production process transition, 
which subsequently affects the supply chain flow in general, fearing overuse and inefficiency from 
upstream to downstream. Thus, this article proposes supply chain efficiency and effectiveness 
management using decision support systems (SCE2M-DSS). This conceptual framework uses an 
intelligent decision support system for the supply chain’s proactive capacity planning under uncertain 
conditions. An intelligent decision-making support system is designed with reinforcement learning 
(RL) to validate the conceptual framework. The application of decision-making methods developed 
initially focused on product development and service production.
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INTRODUCTION TO DECISION SUPPORT SYSTEM 
IN SUPPLY CHAIN MANAGEMENT

At present, supply chain management is increased with a massive awareness among all the stakeholders, 
entrepreneurs and consumers (Dellino et al, 2018). Specifically, consumers change their preference and 
the change in information technology development in business strategies (Centobelli et al, 2018). The 
increase in process and operations behind the production stages affects supply chain management’s 
usual steps and procedures (Govindan et al, 2020). It majorly results in modified decisions over the 
flow of the working process (Bai et al, 2019).

The change in such supply chain flow affects the outcome efficiency and effectiveness of the 
formal procedures (Mosteanu et al, 2020), which in turn collapses the decision-making process 
of the supply chain management system (Kukar et al, 2019). There is a keen focus on regular and 
continuous practice in the area of supply chain management and its corresponding decisions (Banasik 
et al, 2018). Many researchers started focusing on identifying issues in gathering, validating (Abdel-
Basset et al,2018), and arranging the basic procurements in the mass production of a supply chain 
(Nunes et al,2020). The policy-making strategies in the same supply chain management are one of the 
vital decision-making systems (Aversa et al, 2018). It has mainly examined later, particularly in the 
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upstream and downstream issues related to overuse, which is the primary cause of inefficiency (Yazdani 
et al, 2019). The efficiency of the supply chain is an indication of how the processes of a company 
best harness resources, whether or not they are financial, human, technological or physical. This 
definition of efficiency is silent here about customer service improvement. The production planning 
in the decision-making policy of a supply chain management should have proper environmental 
planning (Stein et al, 2018) and manufacturing capability according to the recycling (Basheer et al, 
2019) and remanufacturing effect for useful reuse properties (Nimeh et al, 2018). The inter and intra 
organizational conditions and norms affect the decision-making process of supply chain production 
planning (Cousins et al, 2019). These conditions moderately affect the sustainability of production 
and planning properties in the decision-making part of supply chain management (Wu et al, 2018). 
The supply chain management is the process of the goods and services flow and covers all processes 
which convert raw substances into final products. In relation to the equity of the customers and to 
gain a competitive advantage on the market, it involves actively simplifying supply-side activities.

The closed-loop supply chain management process helps a lot in the decision-making module 
(Abdel-Basset et al, 2019). The feedback evaluation process in this flow complicates the maintenance 
of sustainability along with the break in the flow of the supply chain management process (Ivanov 
et al, 2020). The significant contributions like making new policies, making designs, operational 
promotions and marketing ethics, customer satisfaction are majorly affected in these concepts due to 
overuse and more extensive time duration in taking decisions and modifying production properties 
(Ivanov et al, 2020). Management of supply chain operates in three levels: strategic, tactical and 
operational. The strategic supply chain processes to be decided by management cover the scope of 
the supply chain. Include the development of products, customer, production, suppliers and logistics. 
The aim is to follow all products and ingredients throughout the production process back and forth 
throughout the supply chain management program. The more complex your supply chain is, the more 
smoothly a tracking system is needed. The SCE2M-DSS is proposed to resolve such upstream and 
downstream supply chain management issues using an intelligent decision support system. The flow-
based conceptual framework utilizes an intelligent decision support system based on reinforcement 
learning techniques, strengthening the supply chain with higher planning and implementing capacities 
in all uncertain conditions regarding business strategies. The validation of the designed framework 
is evaluated, and the results are verified and validated using reinforcement learning strategies. In 
the supply chain management, the production and the product development module need more 
conscious in making and authorizing the decision regarding service production application. The 
optimization of the supply chain framework is useful when the manufacturer or commodity having 
a complicated supply system, a complicated production mechanism, a complicated delivery system, 
and unpredictable demand. In general, where supply chain activities or business demand is unknown, 
the organization should strengthen the supply chain. For such executions, the SCE2M-DSS play a vast 
and adaptive role in procedural flow to attain better sustainability. The vast difference in outcome 
due to modified customer preferences is properly analyzed without any upstream or downstream 
decisions and are validated adequately at the final stage, making it more sustainable. The efficiency 
and the effectiveness of the modelled supply chain with the correspondence of the proper decision 
support system are utilized in the mass production applications, and appropriate satisfaction rate has 
been analyzed using the RL techniques.

The main contribution of the proposed SCE2M-DSS is as follows:

•	 Model an intelligent decision support system (SCE2M-DSS) for making effective and efficient 
decisions in the proper supply chain management.

•	 Validate the SCE2M-DSS conceptual framework using Reinforcement Learning (RL) techniques.
•	 Compare the sustainability of SCE2M-DSS with the pre available techniques in supply chain 

management’s decision support systems.
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The remaining article is organized as follows: section 2 comprises the short descriptions regarding 
the review over various existing literature works corresponding to making decisions in supply chain 
management. Section 3 elaborates the process and flow of the proposed SCE2M-DSS in making decisions 
and the validation of support towards sustainable supply chain management using RL in detail. Section 
4 describes the results of the execution of the proposed SCE2M-DSS using simulation with proper 
graphical representations. Finally, Section 5 concludes the article with some extended future perspectives.

BACKGROUND STUDY

(Teniwut et al, 2020) provided numerous fundamental trends, processing, applications of developed 
supply chain operations in different sectors with perfect decision support systems. The bibliometric 
tool VOSviewer is utilized for the effective analysis of the collected raw data with an elaborated 
comparative study using the Excel tool. This analysis of the decision support system made the supply 
chain management more smoothened. The application-oriented result analysis is not provided and 
thus remains the major limitation of this research.

(Govindan et al, 2020) developed a practical decision support system for COVID-19 healthcare supply 
chain management with a Fuzzy Inference System (FIS). Demand management forms the prominent role 
of utility in this decision support system. It suits and helps well in the mitigation and chain break of the 
significant epidemic changes. The risk level of the individuals is classified according to the regulation 
levels of the epidemic outbreak. The healthcare supply chain of some rare symptoms of COVID -19 was 
not considered. This is the drawback that leads to reduced efficiency of the mentioned research.

(Allaoui et al, 2019) proposed a collaborative decision-making system to facilitate the multi 
planning relation in performing proper access throughout the information and communication 
technology (ICT). In this supply chain, planning, collaboration and sustainability are achieved together, 
which can be evaluated using a food supply chain. The execution of other commercial supply chain 
remains unclarified in this research.

(Mofokeng et al, 2020) proposed a model to resolve the delivery problem of logistics by introducing 
a Dynamic decision support system (DDSS) to enhance the system capacity. It evolves between the macro 
and micro route nodes in sustainable supply chain management. The same remains as the negative impact 
since there is high cell density in the allocation of step-by-step decisions in the management protocols.

(Pourjavad et al, 2018) proposed a Supply Chain Decision Collision Analysis (SCDCA) for 
effective decision support and management. The model combines the poison and k-means clustering 
process. It achieves a high-performance rate in throughput with an optimized disturbance interference 
ratio. The drawback of the interference and the capacity was not modelled as reported.

(Moons et al, 2019) presented a Passive Modified Decision System (PMDS) to provide the control 
unit’s design objectives and made use of the software-defined unit technique to enhance supply chain 
management scenarios. In addition to that, the control unit had rapid service requirements in the model. 
Apart from the advantages, the major disadvantage of the model is inflexibility during transportation.

Based on the Survey, the unresolved issues in the supply chain management have been resolved 
using the proposed SCE2M-DSS in the evolution of future generation decision support system for 
supply chain management units in real-time have been discussed below.

SUPPLY CHAIN EFFICIENCY AND EFFECTIVENESS MANAGEMENT 
USING DECISION SUPPORT SYSTEMS (SCE2M-DSS)

The details about the proposed SCE2M-DSS based on the reinforcement learning accumulated 
decisions and effectiveness management phenomena using training and testing in the supply chain 
sustainability of the standard structure of real-time implementation are elaborated as shown in figure 1.
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System Architecture of SCE2M-DSS
Fig.1 illustrates the proposed SCE2M-DSS unit consisting of overlapping of supply chain and its 
required units. Each subunit is a cluster of connectivity bands attached to a subunit decision support 
system (DSS). The route node is connected to an entity through the primary raw materials unit 
interface and the service gateway through manufacturing and supplier, user interface according to the 
marketing and commercial standard. As seen in the figure. 1, the current numerous supply chain DSS 
access techniques design is based on a multistage processor that is fully consistent with the potential 
RL analysis framework with proper validation through training and testing. A collection of related 
processes linking decentralized functions to centralized processes are known as the supply chain. 
DEA is an important method for assessing the analytical productivity frontiers and calculating supply 
chains’ relative efficiency and effectiveness management using decision support systems. At the first 
primary manufacturing, the material selection DSS is used as the primary handler system and sub-
unit unit as the supplier and manufacturer selection that should be direct via the minimum data rate 
on the extended units or the basis of availability through unlicensed units. The subunit increased as 
per the need and used to the positioned local focal point for the subunits in the corresponding second 
connectivity, and based on availability; it determines the path between the channels. Therefore, though 
user requirement mobility remains inside the same DSS unit, the data route between all the sub DSS 
remains the same. Utilizing various units, Aggregation is feasible on the user side. To ensure capacity, 
modules are only enabled active when the link is available. Otherwise, the DSS are in a stable state. 
Sustainable supply chain management includes the incorporation into the entire life-cycle of the 
supply chain environmentally and financially viable practices from designing and developing products 
to materials, including the extraction of raw materials or agriculture, manufacturing, packaging, 
transport, storage, distribution, consumptive, returnable and disposal.

The SCE2M-DSS is implemented instead of a traditional access unit concerning a supply chain 
management system. The SCE2M-DSS utilizing the inter-unit point where the customer is only 

Figure 1. SCE2M-DSS Architecture
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protected by assignment and consigner; the background details like current location and demand for 
traffic are decided by a primary stage connected to the nest route node with the indications relevant 
to effectiveness management, user resource management, etc. On an intra-sub unit stage, it can notify 
the user requirement from the selected subunit while it is within a subunit. The distribution Stage 
is connected to the station, where the DSS performs the dual-action inside the sub-unit without 
any interference in efficiency and effectiveness management of decision, then passes all the details 
necessary to handle the DSS inside the sub-unit, which in turn increases the delay and increases the 
material maintenance rate.

DSS Unit Performance
The DSS scheme in the supply chain management unit and the manufacturing and distribution strategies 
are used for the first location connection inside the SCE2M-DSS Unit, as seen in the figure.2,

Based on its possible capabilities, the SCE2M-DSS selects a set of users to protect the user tackle 
at its approximate location. The SCE2M-DSS locates a group of best subunits geometrically to conduct 
the retention test with the user tackle centred on its approximate position. The SCE2M-DSS not only 
picked the approximate Line of routes along with the initial set of assignments above it to address 
distribution DSS error. It is further connected to the distribution strategies as follows

Connecting Distribution Models
In this section, the Connecting Distribution Models for different supply chain DSS to maintain the 
unit usage and reduce the delay have been shown.

Connecting Model:
A macro connection represents a Supply chain DSS system model. The power obtained in the user 
state at distance l  from the location measured in lm , DP

a
dss  is as follows:

DP lm MP lm R lm
a
dss

a
dss

a
dss



 =




 −




 	 (1)

Figure 2. DSS Unit Performance
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where, DP lm
a
dss 


 is the user DSS capacity MP lm

a
dss 


  is supply chain primary DSS capacity? 

R lm
a
dss 


  reflects RL-dependent DSS loss of direction for a training state at the control level, which 

is as follows:

R lm RL TS log
r
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dss
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

 = +










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+�� �
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where, rL
0
�implies a reference distance equal in km from the location of DSS assignment. L

N
dis  is the 

surveillance norm criteria in the zero mean RL TS
dis

   and the normal range of the RL training in the model.

RL training Model
For DSS in the supply chain, the outdoor user distribution paradigm is used. In lm,  the obtained 
material is calculated as follows in a user state at a distance l from a consigned location:

DP lm MP lm R
a
dsstraining

a
dsstraining

a
dsstraini



 =




 − nng lm


 	 (3)

where, DP lm
a
dsstraining 



 is the Delivery capacity MP lm

a
dsstraining 



 is the transportation capacity. 

R lm
a
dsstraining 



  reflects a range-dependent loss of direction for a user distribution at the user level, 

which is as follows:

R lm RL TS log
r

r
L

a
dsstraining

dis w



 = +












+�� �

10

0

NN
dis 	 (4)

where, rw
0
�implies a reference distance equal in km from the DSS training assigned location. L

N
dis  is 

the surveillance criteria in the zero mean RL TS
dis

   and the normal range of the model.
This outdoor supply chain DSS connection model uses the external link in lm  is calculated as 

following in user situated at a distance from outdoor supply chain DSS:

� ,HDP lm HMP lm Hdss
a
dsstraining

a
dsstraining



 =




 + ( )θ ϕ −− 



HR lm

a
dsstraining 	 (5)

where, HDP lm
a
dsstraining 



 is the hidden logistics Receiver DSS capacity HMP lm

a
dsstraining 



  is the 

hidden transportation capacity. HR lm
a
dsstraining 



  reflects a range-dependent loss of direction for a 

user at the hidden state of the training user level, which is referred to as efficiency, and it is as follows:

HR lm HRL DSS log
r

ra
dsstraining
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


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


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


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10
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++ ( )L
N
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where, row
0
�implies a reference distance equal to km. L

N

o Htraing DSS ( )  is the surveillance norm criteria in 
the zero mean HRL DSS   and the normal range of the model.
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Hdss θ ϕ,( ) in Equation 5 refers to the promotion perspectives    θ ϕand , gain in a certain decision 
in making levelling, respectively, that is represented as effectiveness and can be expressed as in 
Equation 6:

Hdss Hdss level lmθ ϕ
ϕ ϕ

ϕ

θ θ

θ
, , (( ) = ( )− −









−

−





0 0




)2 	 (7)

Hdss level lm
dB dB

,
(

)

( ) =
−
π

θ ϕ
3 3

	 (8)

where the maximum gain is Hdss level lm,( ) . The promotion direction is measured by the (θ
3dB

 and 
ϕ
3dB)

 motion diameter and direction, respectively. 

Testing RL models
This section includes descriptions of the existing supply chain DSS unit usage management and the 
introduced RL protocol. The general guidelines will usually be adopted in building RL architecture, such 
as preventing any interface in the DSS unit, mitigate the effect of unit specifications, boost unit mobility 
and the cost. The suggested SCE2M-DSS design considers all these specifications and incorporates them. 
The supply chain management system consists of centralized flow management for goods and services, 
including all processes which transform raw materials into end products. Companies are able to reduce 
excess costs and deliver products to the consumer more quickly through supply chain management.

Figure .3 shows that the planned interunit of SCE2M-DSS is implemented very closely with the 
DSS testing unit since it is not necessary to combine it with another unit physically. The integration 
of the SCE2M-DSS with the testing unit includes major improvements in the criteria of supply chain 
standards without breaking the above guidelines. The incorporation into the layer often includes the 
implementation of multistage protocols by removing complicated problems of synchronization of 
validation of distribution and manufacturing effectiveness management units.

As shown in Figure 3, a new method is introduced to promote the existing hierarchy’s 
configuration. The actual interfaces should be separated from the layer and concealed because they 
are used to process and convert between previous and vice versa. That data is sent to the evolving 

Figure 3. Testing stage of DSS
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route and error avoidance unit for the primary stage control unit, connecting the DSS stage unit, 
and that routes are executed in higher-range expectations in real-time. Dependent on its range, the 
detection unit can be supported by real-time supply chain DSS. A network is a sequence of theories 
on its behavior. These conclusions take the form of logical or mathematical intercourse. Suppose the 
links that make up the model are simpler enough to correct problems of interest. In that case, it might 
be assemble to utilize math techniques (arithmetic, calculus, and statistics), which is considered an 
empirical approach. Most of the real-time structures are challenging to analyze functional modules, 
and those modules need to be analyzed with simulation.

Testing and validating units distribute material maintenance between interunit supply chain DSS 
architectures. The SCE2M-DSS testing unit can avoid the negative impact of DSS in supply chain 
raw materials by the evolving route node. The distributed detection unit is after detecting from the 
SCE2M-DSS primary unit for the evolving supply chain transportation. User data works with these 
training and testing unit of SCE2M-DSS in both primary and distribution stages:

Computational Analysis
Analytical concepts are defined in this section to effectively relate the accomplishments of the supply 
chain and the DSS units. To evaluate the effects of the proposed SCE2M-DSS with effective RL based 
training and testing in terms of usage effectiveness, efficiency, and reliability of the evolving route 
node, performance, positive impact, suitability of the DSS to the real-time supply chain management, 
analytical models are added for several interrelated parameters. This paper uses simple mathematical 
models for the stability of probabilities of a standard that described a close interaction with the supply 
chain DSS domains.

By considering DSS is bound to the maximum range of the managing unit material maintenance 
rate. Simultaneously, it is still available; the control unit’s inter-unit condition exists to prolong the 
evolution is observed. Similarly, the intra -condition control unit exists as long as detected.

Figure .4 depicts the operation of the training DSS unit analysis states. It is assumed that the 
user will enter the route wherever possible, which provides the highest decision support accuracy 
rate. The accuracy matrix will describe this as in Equation 9,

AM
A AT A AT

A AT A ATtraining
C
T

C
T

C
a

C
a=

− −( ) −( )
− −( ) −( )






1 1 1

1 1 1






	 (9)

where, 1A
C
T refers to the Loss relation between uniting and user to the blocking possibility.  AT  is 

the likelihood that a detection unit from the DSS chain can migrate correctly, which can be represented 
as in 10:

A A ATDSS
C
T = −( )� �1 )	 (10)

where A is the real availability and the percentage of the overall evolving route node coverage. 
ATDSS  is mostly due to errors of the route-based user placement in the standard unit. However, 
located within their range, it is described as the user’s probability to be in the review places of subunits. 
Lower values suggest greater proportions of the chance of supplying the user with subunits with high 
control, which is not attractive. 

The RL training unit probabilities in the steady-state can be represented as: by direction solving 
9 in the SCE2M-DSS, as shown in 11:
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A
A ATDSS A

AT ATDSSC
T L

B

=
−( ) −( )
− −( )
1 1

1 1

�

�
	 (11)

Figure.5 shows the detection unit analysis of the proposed SCE2M-DSS Based RL testing unit, 
and the transformation and examining matrices are:

ATE
AE AE

AE AE
=
−
−












�
1

1
	 (12)

where the AE  reflects the likelihood that represents interunit status and can be transferred to intra 
unit status properly and can be formulated as:

ATE T AE AE� �( ) = −( )1 	 (13)

Figure 4. Training DSS Unit Analysis

Figure 5. Testing DSS Unit Analysis
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where ATE T ( )  and 1−AE  are the real functionality and the missteps inside the Small value of 
fail again implies that low percentages lack the possibility of linking to a subunit.

From the analysis, the probability of the supply chain DSS using RL based SCE2M-DSS usage 
in the unit distribution is given as in Equation (14) and (15).

A
AT At training

ATTraining
RL =

−( )
−













1

1

�(
	 (14)

A
AT At testing

ATTesting
RL =

−( )
−













1

1

�(
�	 (15)

Implementation design Assumption
This segment provides the subsequent better assumption concerning the architecture of the SCE2M-
DSS, as in figure 5, based on the RL learning model. This segment integrates infrastructure and the 
DSS to create a simulation model for supply chain applications. It will improve the effectiveness and 
efficiency management processing framework further, meet the requirements of management-based 
organizational DSS, and solve the sophistication of supply chain sustainability. The SCE2M-DSS is 
used to process data in the decision making for the assumed supply chain management simulation 
model. Figure 6 shows the configuration of the relevant SCE2M-DSS suggested in this paper.

This segment provides the subsequent better assumption concerning the architecture of the 
SCE2M-DSS, as in figure 5, based on the RL learning model. This segment integrates infrastructure 

Figure 6. SCE2M-DSS Architecture
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and the DSS to create a simulation model for supply chain applications. It will improve the effectiveness 
and efficiency management processing framework further, meet the requirements of management-
based organizational DSS, and solve the sophistication of supply chain sustainability. The SCE2M-DSS 
is used to process data in the decision making for the assumed supply chain management simulation 
model. Figure 6 shows the configuration of the relevant SCE2M-DSS suggested in this paper.
Supply Chain.
The data collected in this SCE2M-DSS process is passed through this layer by the corresponding 
suppliers and sent to the stored distributors for processing.
Users
The defined framework’s architecture to collect the corresponding information does not include a 
user layer interface, nor does the data collection and analysis need to be done.
SCE2M-DSS Design
To build the defined framework for access the corresponding data, no layer interface is required 
whereas, the data collection and analysis are essential.
DSS base on RL
There are numerous DSS layers in the layer’s modelling architecture, which includes supply chain, 
supplier, user, distributer data in the layer, including primary raw materials. It primarily links the 
layer to the supplier layer. It provides mostly device management services with various functionalities 
and resources while offering applicational user services. The framework is built and implemented in 
the application SCE2M-DSS, especially with the control of effectiveness and efficiency management 
safety. The principal method of operation is: the correct DSS is identified, and the relevant details are 
collected. Data is accessed via RL DSS. For data acquisition, queries are first sent to the distribution 
layer, and the required configuration data is subsequently sent to the SCE2M-DSS layer.

Information is transmitted to the appropriate application layer by the user layer. The next three 
main formulas concern the corresponding accuracy and performance model, the Jitter format, and 
the performance in Equation 16-18. It should be implemented at the information transference stage.

A P P P
dss dss dss

= + +






� .� .� .�

�

1 2 3
	 (16)

AP
AP

i
i=
−
=∑ 2
3

1

π
�
	 (17)

I A
P

= 	 (18)

Equation (16) is the accuracy function, P P P
dss dss dss
2 3. , .�  is the individual DSS performance 

assumption, Equation (17) represents the suitability formula, i  is the appropriate No. of nodes, 
Equation 18 is the corresponding by the set Equation where I is the total value of the information 
from various DSS of the similar node.

The enhanced RL network suggested for this model is the database computing framework, as in 
the previous chapters of this article. Configure nodes of data, and the associated assignment fields are 
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the appropriate data training flow from an advanced supply chain management network. Reduction 
measurements of complex data and store them in the DSS testing nodes on a Parameter Server is 
used for simulation studies. Pass data and related system models to various partitions via RL training 
and testing operations. The latest data parameters are spread in multiple assignment areas when the 
processing has been preheated to a certain level.

The supply chain efficiency and effectiveness management based on RL based DSS effects become 
easier, and it can be solved in ease of functions and subunits of SCE2M-DSS. The deliberate details 
regarding the sustainable supply chain have been evaluated step by step in an understandable manner. 
The collection if the information and utilized data approach clearly described in a broadside perspective 
are easier to get and implement the idea. Along with the detailed explanation, the implementation 
with a simulation which is possible in real-time, is as follows with some quality experiments and 
results with discussion.

RESULTS AND DISCUSSION

This section consolidated with detailed computational simulations and the efficiency of the proposed 
SCE2M-DSS with perfect RL based training and testing for evolving supply chain efficiency and 
effectiveness management. With the current modelling DSS units; moreover, similarities with the 
findings come from the statistical context, and computational simulations demonstrate the precision 
of the suitability rate, reliability and reduction in error, accuracy, performance, efficiency and 
effectiveness Rate and the positive impact the effective decisions support from the SCE2M-DSS.

Simulation Characteristics
The goal environment is designed to cover the supply chain DSS RL nodes. This macro-region is 
overlaid to mask this field with the set amount of subunits virtually. It is then deployed in each subunit. 
As a key concept of the SCE2M-DSS, supplier and user densification approach is considered, the 
number of subunits per set of ranges to determine node output within various values of the distribution 
range scale. The user is connected to the primary raw material route node. As the macro infrastructure 
still protects the user, the evolving route node supports the data enters a subunit; all are carried out by 
the supported DSS unit with given decision making of the supply chain effectiveness management. 
Table.1 describes the key parameters of the designed parametric nodes and their corresponding values.

In the evaluation, the precision of the suitability rate, reliability and reduction in error, accuracy, 
performance, and the positive impact the effective decisions support from the SCE2M-DSS.have been 
compared with the conventional architecture of the evolving Generations.

Table 1. Simulation parameters

Parameters Values

routes Equal to decisions

Distance 10 m

Time Based on decisions

User 1

No. of Subunits 3
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Rate of Efficiency and Effectiveness
The Rate of efficiency and effectiveness is evaluated using the proposed RL based SCE2M-DSS 
with a modified DSS unit. The mathematical findings have been demonstrated using simulation 
studies. The results are compared with the conventional infrastructure too. By the end, the usage 
efficiency and effectiveness rate are generalized using the analysis of probabilities of transportation 
as in Equation (6) and (7).

Figure. 7 (a) and (b) show that the efficiency and effectiveness rate reaches a very appreciable 
increase by applying the RL-based SCE2M-DSS application. The efficiency and effectiveness rate 
comparison results between numerous methods express the proposed method’s individuality and 
high exactness. As the DSS performs everything well and opposition in the proposed supply chain 
management method reduced than the conventional method, it is an improved technique for the future 
real-time implementation of the supply chain DSS generation.

The efficiency and effectiveness Rate, the accuracy and reliability rate of the supply chain DSS 
obtains a good accuracy in the proposed SCE2M-DSS method as shown in the figure.8 (a) and (b). 
Both the accuracy and reliability are the significant parameter for the assemblies, and the SCE2M-
DSS technique achieves it and is good compared with the available techniques. It shows very high 
parametric improvement for decisions made through the Rl based SCE2M-DSS processes.

Figure 7. (a) Rate of Efficiency (%); (b) Rate of Effectiveness (%)

Figure 8. (a) Accuracy Rate (%); (b) Reliability Rate (%)
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Performance Ratio and Error Rate (%)
The research work accomplishes an advanced performance ratio with suitable accuracy and the lowest 
error rate. Figure. 9 shows the performance result of the SCE2M-DSS technique, respectively. The 
higher performance rate of the method infers the adaptability of the SCE2M-DSS for the evolving 
supply chain DSS networks. The SCE2M-DSS achieved a 98% performance rate in the making 
decisions of the given data using SCE2M-DSS, whereas the traditional methods obtained less Rate 
of performance with the SCE2M-DSS technique.

From figure. 10, it is obtained that the rate error is reduced than the conventional methods. Since 
the DSS is applied in supply chain management, the Rate of error is depressed prolonged exactness 
in DSS of logistics materials. The proposed method achieves an error rate of 1.2%. As the error rate 
decreases, it maximizes the primary impacts of the model and maximizes the adaptability of the 
proposed method to the supply chain DSS using SCE2M-DSS.

Figure 9. Performance Ratio

Figure 10. Error Rate
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Suitability Rate
The current techniques over the supply chain management architecture reduce the suitability rate in 
an undesirable manner in the distributive subunits. To reduce it, the SCE2M-DSS method is proposed 
and implemented in the supply chain efficiency management environment. From the studies, figure.11 
shows that suitability access is evoked to higher probability using the RL based DSS unit technique. 
So, to reduce the unwanted usage with the developing number of users, the SCE2M-DSS forms a way 
with an increased suitability ratio than the existing methods.

Positive Impact Rate
The positive impact rate increased, and it is evaluated using comparison with the conventional 
techniques as shown in the figure. 12. The positive impact rate is a very important aspect as it is 
enlarged, it is abandoned using the delaying likelihood, and it routinely declines the delay and user 

Figure 11. Suitability Rate 

Figure 12. Positive Impact Rate
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access. The enflamed positive impact rate reduces the delay of supply chain DSS, which remains the 
management’s major problem. The delay is general because of the users, and it should be condensed to 
intensify the efficiency. The SCE2M-DSS method, along with RL, increases the opposition negativity 
rate, reducing the delay and making the method more efficient.

CONCLUSION

The complementary capabilities of efficiency and effectiveness management of supply chain DSS 
evolution are skillfully used to incorporate a SCE2M-DSS architecture, and it is implemented 
successfully. A novel principle of RL-based DSS created contact between the proposed primary and 
distribution architecture elements. In addition to the protocol guidelines, the proposed organized its 
internal activity, the comprehensive network design and necessary techniques are adopted from the 
proposed SCE2M-DSS. The statistical efficiency of the proposed method against its key parameters 
is mathematically strong. Simulations and mathematical findings almost matched, that the standard 
achieves accuracy (90.9%), the reliability ratio (92.45%) with less error rate (1.2%), decision suitability 
(93.2%,) efficiency (92.35%), effectiveness ratio (93.37%) and performance ratio (98%), positive 
impact rate (91.5%) compared to available methods. The study indicates that the new method has 
a lower likelihood of missing delay than the standard one that allows it easier for the network to be 
available more and used. Moreover, the SCE2M-DSS method renders that it is incredibly comfortable 
and clear with the versatility in supply chain management and the related DSS.
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