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In the rapidly evolving domain of global e-commerce, operational organizations are
increasingly grappling with unprecedented competitive pressures and challenges in
operational efficiency. This study investigates the integration of artificial intelligence (Al)
and information management as a transformative approach to augment operational
efficiency in e-commerce organizations. The research delves into the optimization of
organizational structures, leveraging the predictive capabilities of key information
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objectives and constraints for optimizing e-commerce operational organizations are
meticulously constructed. The research identifies critical optimization points, including
resource allocation, inventory management, logistics distribution, and customer
relationship management. A distinctive organizational operation decision-making model,
synergizing with the established Technique for Order Preference by Similarity to an Ideal
Solution (TOPSIS), is proposed. This model focuses on optimizing variables pivotal to
operational efficiency, with the dual goals of elevating efficiency and enhancing customer
satisfaction. The findings underscore the significant role of Al technology in amplifying
decision quality and boosting operational efficiency in e-commerce operational
organizations, while also presenting potential applicability to a broader spectrum of

efficiency, decision model, Technique for
Order Preference by Similarity to an Ideal
Solution

organizational types.

1. INTRODUCTION

In the context of rapid advancements in information
technology, particularly the significant breakthroughs in Al,
the enhancement of organizational operational efficiency has
been identified as a pivotal element for sustainable corporate
development [1-3]. Organizations operating within the e-
commerce sector, characterized as information-intensive
entities, are observed to require critical optimization and
improvement in their operational efficiency [4, 5]. This
necessity is underscored not only by the imperative of
maintaining competitive enterprise viability but also due to its
impact on the stability and efficiency of the entire supply chain
[6-8]. Consequently, the exploration into how the integration
of Al and information management influences the operational
efficiency of e-commerce and similar organizations has gained
prominence as a research focus.

The fusion of Al technology with internal information
management processes has induced revolutionary changes,
particularly in applications encompassing data analysis,
prediction, and the optimization of decision-making processes.
These advancements have been instrumental in significantly
enhancing the quality and efficiency of decisions [9, 10].
Despite these developments, a comprehensive understanding
of the precise application of these technologies in optimizing
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the structures of operational organizations and maximizing
their effectiveness in actual operational decisions is yet to be
fully realized, warranting further in-depth research [11-15].
The present study is undertaken with the objective of
addressing these gaps, both theoretical and practical, aiming to
contribute scientifically grounded strategies for augmenting
operational efficiency in e-commerce and analogous
organizations.

Existing research within the realm of Al and information
management integration, while having achieved certain
advancements, exhibits notable deficiencies [16-19]. Some
studies have been critiqued for their excessively theoretical
nature, lacking sufficient depth in analysis and practical
applicability to specific industrial contexts [20, 21]. Other
research efforts have neglected to consider the influence of
organizational structure on operational efficiency, resulting in
decision models that do not align effectively with real-world
business processes. Such limitations have restricted the
practical applicability and utility of these research outcomes in
operational contexts [22].

This paper is structured into two main research components.
The first entails a focused study on the optimization of
organizational structures within e-commerce operational
organizations. This is approached through a predictive
analysis of key information, leading to the establishment of
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specific objectives and constraints essential for optimizing e-
commerce operational organizations. A unique optimization
methodology is thus proposed. The second component
involves the development of an Al-based model for
organizational operation decisions. This model, which
incorporates elements of the established decision technology
TOPSIS, optimizes variables critical to organizational
operational efficiency, thereby aspiring to enhance overall
organizational performance. The model not only opens new
avenues for efficiency optimization in e-commerce
operational organizations but also presents an innovative
approach to operational decision-making applicable to a
broader range of organizational contexts, holding substantial
research value and practical implications.

2. OPTIMIZATION OF OPERATIONAL
ORGANIZATIONAL STRUCTURE BASED ON KEY
INFORMATION PREDICTION

In the realm of organizational operations, the prediction of
future market trends, consumer behavior, and supply chain
dynamics is recognized as essential. The integration of Al
technology in the development of an operational decision-
making model offers substantial value for enhancing
operational efficiency. Figure 1 delineates the schematic
process of optimizing organizational operational efficiency, as
explored in this study. Predominantly focusing on e-commerce
organizations, this research investigates the optimization of
operational organizational structures, advocating for a method
predicated on the prediction of key information. This approach
is not only instrumental in formulating more scientifically

Optimization problem of operational
organizational structure
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grounded and rational operational structures but also facilitates
operational organizations in achieving a delicate balance
between augmenting service levels and managing cost control.
Furthermore, it serves as a theoretical framework and point of
reference for the structural optimization of diverse
organizational types.

This study initiates with the delineation of variables
pertinent to the operational organization of e-commerce
entities. It is posited that a typical e-commerce distribution
network encompasses / distribution centers, encapsulated as
{T1,T>,...,T;}. The endpoints of distribution routes, equipped
for round-trip logistics, are identified as 77 and 7;. Mid-route
logistic centers, pivotal for the temporary storage of goods and
providing space for delivery vehicles and cargos, are denoted
as {T.1,12|z1,22€[1,1]}. Correspondingly, {71, y2ly,2€ [1,/]}
represent the origination and culmination points of delivery
vehicles, integral to the round-trip requisites of delivery tasks.
Distances from logistic centers to turnaround points,
specifically from 7% to 7,1 and from 7>, to T}, are expressed
as U151 and Uz, respectively. A set of DP options is defined,
represented by O={0jj=1,2,....J}, where O; denotes the
turnaround point information for the j-th DP. The ensemble of
delivery vehicle grouping schemes is symbolized by
Y={Y|l=1,2,..,L}, with Y; illustrating a specific vehicle
grouping scheme. Building on these definitions, the number of
delivery vehicles added to DP O; under grouping Y is
quantified by W(E;). E={E;ljeJ, leL} encapsulates the
combination of wvehicle types across various tasks and
groupings, with the temporary increment in delivery numbers
for these vehicles represented by V(E)={/(E;))ljeJ, [eL}.

Feasible solution samples

198
Sururer],
Psu
onjaIpald
Psu
onepreA

Data preprocessing

Data training ¢
Organizational operational
decision model

Regularization

Unconstrained optimization

Problem solving

Figure 1. Schematic diagram of the organizational operational efficiency optimization process

The scheme for operational organization within the e-
commerce domain is influenced by the intersecting interests of
the e-commerce platform and consumers. The constructed
model for optimizing the operational organizational structure
swiftly formulates adjustment schemes, accommodating the
delivery capacity requirements projected for future periods.
These schemes prioritize the mutual interests of both the e-
commerce platform, which aims to maximize profits while
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upholding order processing efficiency and delivery speed, and
the consumers, whose enhanced service expectations
necessitate faster delivery services from the e-commerce
platform, directly impacting the enterprise's operational costs.
Thus, the model converges the analysis by selecting the
required adjustments in delivery resources within the e-
commerce network, predicated upon the desired delivery
timeliness and package density parameters. Consequently, an



operational organizational optimization model is formulated,
which meticulously considers both consumer service
satisfaction and the e-commerce operational organization's
costs, striving to balance consumer service levels with
organizational operational costs.

In this study, a statistical approach is employed to assess e-
commerce distribution capabilities, focusing on the spatial
interrelations among various logistics nodes and distribution
routes within the network. It is initially determined how many
orders each logistics node within diverse distribution route
plans currently processes. For each route plan, the maximum
number of orders processed by any node is selected to
represent the current maximum processed order number for
that plan. This figure is then compared to the maximum order
number that the logistics node is capable of processing within
the analyzed period. A route plan is considered to be in a
normal demand state if this maximum processed order number
is less than the node's capacity; otherwise, it is categorized as
being in a high demand state.

For a given distribution plan, represented as O;, its set of
distribution sections is denoted by {SEi, SE>,...,.SE};, and the
minimum departure interval for delivery vehicles is indicated
by duv. Concurrently, the number of delivery vehicles in each
distribution section during a specific period S is calculated as
{vi,va,...,vi}, based on the processing capacity data within
these sections. A distribution network's maximum number vo;
of delivery vehicles is deemed to be in a normal demand state
if it satisfies a specified equation; if not, the section is
identified as a high demand segment.

S

Vo, = MAX ViV Vi ) < (1)

dMIN

Subsequent to the evaluation of actual operational
conditions in e-commerce and the integration of distribution
adjustment plans within the corresponding period, the
distribution organization plan for that period is ascertained.
The processing capacity data of the delivery vehicles within
their respective distribution sections are then derived. This
data considers the effective utilization area of the cargo space
of various types of delivery vehicles and the number of
delivery batches. The distribution sections for these vehicles
are determined based on the starting and ending points of their
delivery routes. A matrix is then constructed to assess the
relationships between distribution routes and logistics nodes
for both high demand and normal demand sections. Each
column of this matrix is aligned with a distribution plan, while
each row correlates with different logistics nodes in the
distribution network. Elements within the matrix indicate the
involvement of specific distribution plans with particular
logistics nodes, thereby facilitating the statistical analysis of
node processing capability changes post plan adjustment. This
matrix is instrumental in comprehending the impact of each
adjustment plan on e-commerce distribution capability,
leading to the establishment of an optimization model. The
model is designed to identify and adjust the distribution of
resources, ensuring the augmentation of delivery batches or
the enhancement of existing distribution routes during peak
demand periods. This is done while maintaining a balance
between cost control and service level. Additionally, the
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optimization model is integral in supporting decision-making
processes to address order volume fluctuations.

In this study, the evaluation of order processing times within
various e-commerce delivery areas, as envisaged by operators,
is initially undertaken. The actual versus expected values of
order processing times across the entire e-commerce network
are utilized to reflect the delivery service level, with smaller
discrepancies indicating higher levels of service. The analysis
categorizes delivery areas into high demand segments (akin to
saturated rail segments) and normal demand segments
(analogous to unsaturated segments). The delivery capacity
contributed by respective adjustment plans in these areas is
calculated. For e-commerce operational organizations, the
processing and delivery of orders within timeframes
anticipated by customers are paramount indicators of service
quality. The objective is to optimize the distribution network
and resource allocation, ensuring that actual order processing
times align closely with or surpass the set targets, thus
enhancing customer satisfaction and competitive edge in the
market. E-commerce platforms are tasked with monitoring and
analyzing the processing times of orders in different delivery
areas, assessing deviations from the expected benchmarks.
Through such analysis, areas exhibiting lower service levels
are identified, and appropriate improvement measures are
formulated. Additionally, based on the distinction between
high and normal demand areas, detailed statistics regarding the
delivery capability of each area are compiled, enabling precise
resource allocation. In high demand areas, an increase in
delivery resources or optimization of delivery routes might be
necessary to boost capacity, whereas in normal demand areas,
it is crucial to avoid overinvestment in resources to curb
unnecessary operational expenses. This segmentation
facilitates more refined management of logistics networks,
ensuring efficient utilization of resources while maintaining or
elevating service levels.

The desired parcel density in each delivery segment, as
defined by the railway operator, is denoted by wy. The set of
delivery segments within the e-commerce distribution network,
identified as requiring and capable of adjustment, is
represented by K, with the corresponding length of the analysis
period indicated by S. The frequency of delivery tasks in the
segment from # to t+1 during period S is labeled W51, and
the current processing capability of the segment is termed
Z5k+1. The set of normal demand segment DP is represented
by J, with V(E;;) depicting the number Y; of round trips for
delivery vehicles under additional DP O; in these segments.
An element within the judgment matrix for normal demand
segments, V" 41, assesses whether the addition of delivery
vehicles under plan O; enhances processing capability in the
current delivery segment, taking a value of 1 for affirmative
and 0 for negative.

The set of delivery vehicles with adjustable groupings under
the current DP is denoted by H, with V4441 in the judgment
matrix indicating whether the A-th delivery vehicle traverses
the segment from # to #-1. The adjusted and current grouping
numbers for the /-th vehicle executing the delivery task are
represented by Y% and Y%, respectively. The effective
utilization area of the vehicle's carriage is symbolized by T.
Consequently, for the analysis period S, an objective model is
established for optimizing consumer service levels in the e-
commerce distribution network, as presented in Eq. (2).
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Figure 2. Relationship diagram between e-commerce
consumer service level and business operational cost

Figure 2 illustrates the relationship diagram between e-
commerce consumer service level and business operational
cost. In e-commerce operations, business operational costs are
bifurcated into fixed and variable components. Fixed costs,
comprising elements like warehouse rent and equipment
depreciation, generally remain constant and exhibit minimal
correlation with modifications in e-commerce operational
organization plans, thus are not factored into the optimization
process. The primary focus of this study is on the alterations
in variable costs triggered by changes in operational
organization plans. The model for e-commerce operational
costs is predicated on these variable cost changes. Distinct e-
commerce operational organization plans are predominantly
discernible in their associated delivery mileages. An empirical
analysis of actual e-commerce delivery operations reveals that
the driving mileage of each delivery vehicle comprises three
components: the mileage incurred on the delivery route, the
distance traversed from the warehouse to the delivery route's
starting point, and the journey from the delivery route's
endpoint back to the warehouse. An objective function is thus
established to quantify the driving mileage of vehicles under
respective operational organization plans during the
operational period. This function enables the e-commerce
operational cost model to represent the driving mileage of
delivery vehicles, catering to variations in delivery batches and
vehicle types. Through this model, e-commerce operational
organizations can quantify the total operational mileage under
different DPs and convert it into cost implications. This
conversion facilitates the evaluation of various delivery
strategies’ impacts on variable costs, including choices in
delivery routes, vehicle types and quantities, and delivery
frequencies. The model aids in optimizing DPs, ensuring the

J L
= Wksk+1+ZZV(E )Vk k+1YT+ZZVITk+1(
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h=11=1

selection of the most cost-effective operational scheme while
adhering to customer service level requisites. Assuming M5,
represents the total kilometers traveled by the combination of
delivery vehicles under the current operational organization
plan during period S, M; denotes the kilometers traveled by
vehicles under additional DP O; in normal demand segments,
and M), indicates the length of the DP for the /-th vehicle, the
e-commerce business operational cost model is expressed as
follows:

MINU, =M +iZL:L(E” JY,M
. j=L 1=1 3)
+ZZ((Y|“ —Yoh)Mh)

h=11=1

In the e-commerce distribution network, the operational
organization is stratified into high demand and normal demand
areas, for which specific adjustment plan sets are established,
thereby forming model solution sets. The model, predicated on
the supply and demand dynamics at each distribution node
within the e-commerce network, dynamically and
expeditiously formulates schemes for increasing delivery
batches and adjusting resources, exhibiting the potential to
optimize the distribution network's operational organization.
To ascertain the applicability of the final distribution
operational organization scheme to actual e-commerce
operations, the model incorporates constraints reflective of the
real operational processes of e-commerce, thereby ensuring
the feasibility of the optimization scheme under practical
conditions. The model, by integrating the delivery task
demands within the distribution segments, resolves to
determine the optimal number of additional trips for various
types of delivery vehicles in normal demand segments and the
adjustments in the grouping numbers of delivery vehicles
within existing DP. These are respectively denoted as
{NE;)jed, lIeL} and {Y'|heH, leL}. Grounded in the
processing capability statistics of the delivery segments, the
quantity of delivery vehicles capable of executing DP is
expressed as [Vi2,V23,...,Vkk+1,...], With k belonging to the
range [1,K]. Consequently, the following constraints are
delineated within the model:

MAX iiV(E i [k e[1,3]

N A @)
s
<
dMIN
J L H L
22V (B Y+ 23 (YY) < e )
N =111

In scenarios where the residual maximum available number
of delivery vehicles is indicated by auuy, the required number
of delivery vehicles for the optimization scheme of the
operational organization must comply with specific conditions:



Y=Y,V (E;,)=0, and are integers (6)

0;eC (7)

3. AI-DRIVEN DECISION MODEL DEVELOPMENT
FOR E-COMMERCE OPERATIONS

The capability of Al to process extensive datasets and
complex algorithms facilitates the provision of decision
support that is both more rapid and accurate compared to
conventional methodologies. Such an attribute is crucial for e-
commerce entities that necessitate swift adaptation to market
dynamics. Additionally, Al models are adept at forecasting
market demand, optimizing inventory levels, and adjusting

Deviation Q -
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distribution resources. The application of Al in these domains
leads to reductions in inventory costs and enhancements in
delivery efficiencies, thereby contributing to an elevation in
overall operational efficiency. The emphasis of this study
subsequently shifts towards the formulation of an Al-based
decision model for organizational operations, examining its
influence on the efficiency of e-commerce operations. The
Extreme Learning Machine (ELM) model is selected for the
development of the organizational operation decision model,
primarily for its rapid learning capabilities. ELM distinguishes
itself by its ability to ascertain output weights in a singular
learning iteration, thereby circumventing the need for
repetitive adjustments. This feature holds particular
significance for the dynamic environment of e-commerce
operations, where prompt responses to market changes are
imperative. Figure 3 delineates the structural design of the
ELM model.
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Figure 3. Structure of the ELM model
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In the methodology section of the research focused on e-
commerce operational organizations, the foundation of any
predictive model is established by the input data for the ELM
model. This input data encompasses a range of critical
components, including historical sales data, customer behavior
patterns, inventory levels, logistics information, market data,

user feedback, operational cost data, and time-related variables.

The output data of the model, crucial in shaping decision-
making, encompasses various aspects such as DP, human
resources dispatch (HRD), promotion strategy (PS), and price
adjustment (PA). Figure 4 in the study delineates the
hierarchical structure of the organizational operation decision
model. The process of formulating the ELM model, aimed at
optimizing decision-making within e-commerce operations,
commences with the systematic collection and purification of
the aforementioned input data. This step is followed by the
meticulous selection of relevant features, serving as input
variables for the model. The ensuing phase involves the
training of the ELM model. This training process includes the
random initialization of parameters for the nodes in the hidden
layer, the computation of output weights, and the fine-tuning
of model parameters. Methods like cross-validation are
employed to prevent the overfitting of the model, ensuring the
model's robustness and accuracy in prediction.

In the realm of e-commerce decision support, the ELM
model plays a pivotal role, particularly in handling ¥ distinct
training samples, denoted as {(ax,sx)}"x=1. Here, ax belongs to
a vector space E", and s; to EY, with v representing the
dimensionality of input data and m signifying the
dimensionality of output data along with the number of output
nodes. The model employs an activation function #(a),
alongside a weight vector g, =[ttu1,ttu2,....ttw]® for each hidden
node. The bias of the u-th hidden node is indicated by y., while
the output weight vector is designated as o, =[tu1,0u2,...,0um]".
The inner product between , and a, is denoted ju,* au, forming
a critical part of the model's computation. The output of the
ELM model, equipped with / hidden nodes, is articulated
through the following expression:

bk = Zauhu (a‘k)
u=1

| ®)
=Y o, (ma +Y,)=s.k=12..V

u=1

Under the assumption of an infinitely differentiable set £
and V distinct samples represented as (a,,s,) € E'<E', the actual
output value b of the ELM model is derived. For any given
activation function #:E—FE, and for randomly generated pairs
{(uisx)}'s=1 from E'XE, the model's output adheres to the
condition ||Gyxporx-Sy=|[=0, leading to the deduction of the
subsequent formula:

\
> Ib =s =0 ©)
k=1

These expressions are further refined as follows:

gauhu(ak)

| (10)
=Y ah (13 +Y,)=s.k=12..V
u=1

In this context, the output matrix of the hidden layer,
denoted as G, allows for an advanced transformation of the
expression:

Ga=B (11)

where,

h(lula1+ yl) h(:ulav +y1)
G-= : - :

h(za,+y,) - h(ma, +y,) v (12)

az[al,az,...,a,]s ,B=[sl,sz,...,sm]S

The ELM model, integral to e-commerce operational
decision optimization, exhibits a distinctive characteristic
where the weights and biases of its hidden layer are generated
randomly and remain unchanged throughout the training phase.
This initialization process is pivotal for the model's setup,
involving the selection of an appropriate random distribution
for initializing weights between the input and hidden layers.
The dimensionality of these weights is determined by the
number of input data features and the quantity of neurons
within the hidden layer. The neuron count in the hidden layer,
a crucial hyperparameter, is pre-determined, balancing the
model's complexity against training efficiency. In scenarios
where the M-P generalized inverse of the hidden layer output
matrix G is represented as G*, the computation of output
weights follows the formula:

a=G"B (13)

Transforming the regularized ELM model into a quadratic
programming problem with equality constraints simplifies into
an unconstrained optimization challenge by constructing a
Lagrangian function. This transformation leverages existing
optimization theories and algorithms, offering a robust
strategy for navigating complex issues in e-commerce
operational decision-making, thus enhancing both decision-
making efficiency and model performance. Consequently, the
study incorporates a penalty term into the ELM model for
organizational operation decision optimization, aiming to
moderate the model's complexity. Let x>0 and x,>0, with o
and w selected from the set {0,1/2,1,2,..., +o0}. The norms of a
matrix vector, M, and M,, are represented by |||, and ||'||w,
respectively. The degree of these norms is indicated by x; and
x2. For a given sample ay, the training error value is denoted
by ¢i=[ck1,Ci2,....cui]>. The regularization term in the model is
represented by ||a|[%., and the overall training error for the
sample is expressed as |g|[f%. A critical component in the
model's construction is the adjustment parameter of the
regularization parameter, denoted by £2> 0.

1 % 82 X
MIN — —

Sl + el "
tsge =sf —g(a)ak=12-L

Addressing unconstrained problems often proves more
straightforward than their constrained counterparts, allowing
the application of numerical methods like gradient descent for
computational ease. Transforming the problem into an
unconstrained optimization scenario is achieved as follows:
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The vector of Lagrange multipliers, f=[B1,52,....6,]°, and

Bi=[BrBr,....Bu]5, facilitates the determination of the
regularized ELM's output weight matrix, outlined below:

(6°G+£U) G B<L

a’\:

(16)

G®(GG°+sU) B B>L

4. EXPERIMENTAL RESULTS AND DISCUSSION
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Figure 5. Decision accuracy of various outputs of the
organizational operation decision model at different iteration
counts

Table 1. Decision accuracy of various outputs of the
organizational operation decision model after 20 iterations

Model DP HRD PS PA
Decision Decision Decision Decision
RNN 43.5% 71.5% 47.8% 54.8%
GRU 31.8% 71.4% 51.3% 52.1%
LSTM 32.9% 57.8% 62.3% 51.3%
BRNN 63.5% 88.9% 91.7% 82.3%
SRN 71.5% 94.% 88.7% 84.5%
ngi/[ 71.6% 94.7% 91.2% 86.3%
The
proposed 74.3% 96.3% 93.6% 87.9%
model

The data derived from Figure 5 and Tables 1 and 2
undergoes thorough examination to ascertain the performance
and enhancement in decision-making efficiency of e-
commerce operational decision models across varying
iteration counts. It is observed that at an initial 20 iterations,
all models tend to exhibit lower levels of decision accuracy.
Particularly, conventional models like Recurrent Neural
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Network (RNN), Gated Recurrent Unit (GRU), and Long
Short-Term Memory (LSTM) display suboptimal accuracy in
both DP and PS decisions, with GRU and LSTM scarcely
exceeding a 30% accuracy threshold in DP. In contrast,
advanced models such as Bidirectional Recurrent Neural
Network (BRNN), Simple Recurrent Network (SRN), and
PHC-LSTM show a marked improvement in accuracy, notably
in PS decisions where they surpass 88%. Remarkably, the
study's proposed model attains the highest accuracy in all
categories at this iteration level, demonstrating its robust
adaptability to diverse decision-making scenarios. Upon
increasing iteration counts to 100, a noticeable uptrend in
accuracy is evident across all models, underscoring the critical
role of iterative learning in honing model precision. The
study's model continues to exhibit superior accuracy post-100
iterations, especially in PS decisions where accuracy escalates
from 93.6% to 96.6%. These findings underscore the model’s
exceptional performance in the iterative learning process,
highlighting its potential for precise and effective operational
decision-making in e-commerce settings. The model’s
enhanced adaptability and predictive capability with
increasing iterations significantly contribute to elevated
operational efficiency and competitive advantage.

Table 2. Decision accuracy of various outputs of the
organizational operation decision model after 100 iterations

Model DP HRD PS PA
Decision Decision Decision Decision
RNN 53.5% 81.2% 57.3% 64.8%
GRU 35.3% 81.1% 61.3% 58.1%
LSTM 48.5% 82.8% 62.3% 64.3%
BRNN 73.5% 96.9% 92.7% 87.3%
SRN 74.5% 96.3% 92.7% 87.5%
LS];AP/;C_ 78.6% 96.7% 94.2% 91.3%
The
proposed 84.3% 97.3% 96.6% 92.9%
model

Figure 6-a presents a scatter plot with the regularized
ELM’s DP predictions on the horizontal axis against the
ANOVA’s DP predictions on the vertical axis, alongside a y=x
line representing identical predictions by both models. The
proximity of most data points to this line indicates a high
degree of similarity in both models' DP predictions, suggesting
minimal impact on decision stability irrespective of the chosen
model. In Figure 6-b, the regularized ELM’s HRD predictions
are plotted against ANOVA’s HRD predictions, with the
majority of data points closely aligned with the y=x line. This
alignment implies that both models yield highly similar HRD
predictions, ensuring stable and reliable outputs for HRD
decisions. Such consistency is beneficial for organizations, as
it aids in effective workforce planning and accurate human
resource demand forecasting. Reliance on these model outputs
enables more efficient employee scheduling, reducing
resource wastage and enhancing satisfaction levels while
fulfilling customer requirements.

The comparative analysis between the ANOVA and
regularized ELM models, as depicted in Figure 6-c, pertains to
the domain of PS decision-making. It is observed that most
scatter points in the graphical representation fall below the y=x
line, indicating a tendency of the ANOVA model to yield
lower predictive values for PS compared to the regularized
ELM model. This disparity suggests a divergence in the



models' predictions regarding promotional strategies.
However, despite this deviation, a linear trend is discernible
among the scatter points, implying a certain level of
correlation. The existence of this trend, albeit with some
inconsistencies, points to the comparative proximity of the
model outputs, which is expected to contribute positively to
the operational efficiency of the organization. If the
predictions of these models are utilized in optimizing the
timing and intensity of promotions or in more precisely
targeting customer segments, the derived strategies could
potentially enhance organizational revenue and optimize
resource allocation for improved market efficiency.

In Figure 6-d, the analysis shifts to the comparison of PA
predictions between the regularized ELM and ANOVA
models. The majority of the data points cluster near the y=x
line, suggesting a high degree of similarity in PA predictions
between the two models. This pronounced consistency in
prediction is indicative of the decision models' accuracy and
stability in forecasting price adjustments, with a consequent
positive effect on the organization's operational efficiency. By
leveraging these models, organizations can make well-
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informed decisions about timing and methodology of PA,
thereby reducing inventory costs and boosting sales.
Furthermore, the notable alignment in predictions allows for a
choice between models based on computational complexity,
user-friendliness, and interpretability. Nevertheless, the
presence of certain data points deviating from the y=x line
warrants additional investigation into specific scenarios where
the models' predictions diverge. This calls for a deeper
exploration of these deviations to uncover their underlying
causes, followed by necessary model modifications to enhance
prediction precision and stability.

The analysis suggests that employing these models in
organizational operations is likely to yield beneficial outcomes,
owing to their consistency in providing decision support. The
alignment of predictions reveals the models' successful
adaptation to the data structure of DP, enabling accurate
forecasting of delivery demands. This congruence in model
outputs reduces uncertainty, aids in resource planning, and
facilitates the optimization of human and material resources.
It also minimizes waste while augmenting both efficiency and
customer satisfaction.
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Figure 6. Comparison of organizational operation decision effects between the ANOVA model and the regularized ELM
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Figure 7. Comparison of organizational operation decision effects between ELM and regularized ELM simulations

The analysis of Figure 7-a demonstrates a comparative
evaluation of the predictions made by the ELM and
regularized ELM models in the context of DP. The scatter plot
illustrates data points closely congregating around the y=x line,
signifying a high degree of similarity in the predictions of both
models for DP. This observation implies that the application
of regularization techniques has not introduced substantive
discrepancies in the model's predictive outcomes for this
specific dataset. Such consistency is advantageous for the
construction of decision models, as it mitigates the risk of
outcome instability that might arise from the selection of
unsuitable models. The uniformity in predictions from both
models suggests that the employed data and the chosen model
structure are aptly suited for addressing DP challenges within
the organizational context.

In the case of Figure 7-b, the performance of the ELM and
regularized ELM models in predicting HRD is compared. The
proximity of the majority of data points to the y=x line within
the chart indicates remarkably similar predictions from both
models concerning HRD. This finding suggests that the
regularization process has not markedly altered the predictive
information relative to the original ELM model. This level of
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consistency is beneficial for organizational decision-making,
as it indicates that dependable and stable predictions can be
achieved irrespective of the specific model algorithm utilized.

Figure 7-c presents a comparative analysis between the
ELM and regularized ELM models regarding PS predictions.
The chart's data point distribution, primarily aligning closely
with the y=x line, reveals that both regularized ELM and ELM
models typically yield analogous predictions for PS. The
observed consistency indicates that the additional
regularization has not significantly modified the predictive
outcomes or that such modifications are not sufficiently
impactful for this dataset.

The comparison of ELM and regularized ELM models in
PA predictions is depicted in Figure 7-d. The scatter plot
demonstrates data points closely arrayed around the y=x line,
signifying a consistent alignment in PA predictions between
the ELM and regularized ELM models. This consistency
suggests that in this instance, regularization has not
significantly influenced the model's predictive capability. The
high level of consistency is positively conducive to
organizational decision-making processes, particularly by
enhancing confidence in the model's predictions and offering



decision-makers a reliable foundation for making informed
choices. The uniformity of outputs streamlines the decision-
making process by reducing the resources and time required to
analyze divergent model results. Accurate predictions of PA
enable organizations to manage inventory more effectively,
reduce surpluses, and optimize supply-demand alignment.

In conclusion, the development of structural optimization
strategies and decision models is directly linked to
organizational operational efficiency. The congruence
observed between the ELM and regularized ELM models in
the examples above suggests that the selection of the model
exerts minimal influence on their predictive performance.
Thus, organizations can base their model choice on other
factors without undue concern for variations in predictive
outcomes. In practical application, organizations are
encouraged to integrate additional data, including market
trends and competitor insights, to enhance the accuracy of
predictions. Continuous monitoring and model adjustment in
response to market shifts are vital to maintaining long-term
decision-making efficacy and organizational effectiveness.

Table 3. Maximum and minimum values of organizational
operation decision effects

Organizational . ..
Method gperation Maximum Minimum
. . Value Value
Decision Item
DP 0.03 -0.97
HRD 25.36 13.58
ANOVA PS 412.52 224.87
PA 725.36 246.98
DP 0.06 -0.92
HRD 28.69 1351
ELM PS 415.23 248.68
PA 723.69 246.39
DpP 0.05 -0.97
Regularized HRD 23.54 13.74
ELM PS 421.25 246.85
PA 726.39 246.38

The data in Table 3 facilitates an assessment of the
maximum and minimum values associated with the effects of
organizational operation decisions. The analysis highlights
that the regularized ELM model closely mirrors the ANOVA
model in terms of the minimum values across all decision
categories. Although variances are noted in the maximum
values, there exists a comparative consistency between the two
models. This observation underscores the regularized ELM
model's proficiency in maintaining model stability and
ensuring consistent results. In comparison to ANOVA, the
regularized ELM yields outputs that are smoother and more
robust, signifying an improvement in the model's reliability. It
can be inferred that the regularized ELM, by moderating the
model's complexity and averting overfitting, aligns its
outcomes with those of ANOVA. This regularization
technique enhances the model's generalization capability,
contributing positively to the overall operational efficiency of
the organization. The structural optimization strategies and
decision models proposed, especially those incorporating
regularization techniques, have been found to significantly
augment the stability and precision of decision-making.
Consequently, these advancements offer substantial benefits
in addressing the uncertainties and evolving dynamics within
the e-commerce sector. They empower organizations to
swiftly adapt to market fluctuations, optimize resource
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distribution, elevate customer satisfaction, and amplify
competitive strength in the marketplace.

5. CONCLUSION

This study has centered on the enhancement of decision-
making efficiency and accuracy within e-commerce
operational organizations. An investigation into the structural
optimization of these organizations was initiated, establishing
clear objectives and constraints for optimization. The research
aimed at improving both the efficiency of decision-making
and the flexibility of organizational operations through
structural refinement. An innovative Al-based organizational
operation decision model was developed, integrating the
traditional TOPSIS decision-making technique with Al
algorithms. This integration was targeted at optimizing
variables impacting organizational operational efficiency,
leading to an overall improvement in organizational outcomes.

The effectiveness of various Al algorithms in e-commerce
organizational operation decisions was critically assessed.
Model performance was evaluated based on accuracy rates
post 20 and 100 iterations, with results indicating that iterative
learning plays a vital role in enhancing model performance, as
evidenced by improved accuracy rates across all models with
increasing iteration counts. The model proposed in this
research surpassed other algorithms in decision-making
accuracy for DP, HRD, PS, and PA after multiple iterations,
thereby showcasing its superior performance. Further analysis
was conducted on the extreme values of organizational
operation decision effects. Here, the regularized ELM model
demonstrated a close alignment with ANOVA in terms of
model stability, underscoring the value of regularization
techniques in augmenting the model's generalizability. In-
depth examination of the predictive performance of the ELM,
regularized ELM, and ANOVA models across four pivotal
operational decision variables revealed that regularization did
not significantly alter the models' predictive capabilities for
the dataset analyzed.

In conclusion, the structural optimization strategies and
decision models proposed in this study are shown to have a
positive influence on the overall operational efficiency of e-
commerce organizations. Across various domains, such as DP,
HRD, PS, and PA, the models provide precise predictions that
assist organizations in making informed decisions, thereby
elevating operational efficiency. The findings of this research
contribute significantly to the understanding of Al's role in
operational decision-making within the dynamic e-commerce
sector, offering valuable insights for future applications in
similar organizational contexts.
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