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Abstract. China's logistics sector is dominated by micro, small, and medium-
sized enterprises, the vast majority of which struggle to access financing due to
their asset-light structures. Traditional logistics finance, constrained by infor-
mation asymmetry and reliance on manual review, has been unable to meet the
sector's financing needs, making artificial intelligence an increasingly critical
pathway for addressing these structural difficulties. Drawing on digital value cre-
ation theory, information asymmetry theory, and the theory of industrial organi-
sation and the division of labour, this study focuses on the internal mechanism
through which Al, via data and algorithms, generates quantifiable economic
value. It traces a four-stage closed-loop transmission logic — data collection,
algorithmic processing, business transformation, and value increment — and
constructs a unified, hierarchically structured quantitative model across three di-
mensions: financing service optimisation, risk control enhancement, and process
efficiency improvement, with the operational linkages between sub-models clar-
ified. An empirical test on 100 logistics enterprises, employing correlation anal-
ysis, regression analysis, and model error testing, reveals that Al algorithm accu-
racy and big data quality are the core drivers of value creation, significantly rais-
ing value increments while lowering default probabilities. The proposed layered
big data model substantially outperforms traditional models in both goodness of
fit and predictive accuracy, effectively estimates value output across enterprises
of different sizes, and achieves an overall accuracy of 88.9%, demonstrating
strong feasibility and practical applicability.

Keywords: Artificial Intelligence; Logistics Finance; Big Data Model; Regres-
sion Analysis Model

1 Introduction

In 2024, China's total social logistics value exceeded 350 trillion yuan. Among the more
than four million logistics enterprises operating in the country, over 96% are small and
medium-sized enterprises, most of which face the persistent difficulties of asset-light
operations, insufficient collateral, limited financing channels, and elevated financing
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costs. Traditional logistics finance, reliant on paper-based documentation and manual
due diligence, suffers from data fragmentation, information asymmetry, lagging risk
control, and lengthy approval cycles[1]. These weaknesses leave it poorly matched to
SME financing patterns: small amounts, high frequency, and short duration. Artificial
intelligence and big data technologies have therefore become a central means of ad-
dressing the sector's financing constraints. Focusing on the proposition that Al gener-
ates quantifiable economic value through data and algorithms, this study sets three re-
search objectives: to construct an integrated theoretical framework tailored to logistics
finance and to map the transmission mechanism of value creation; to build a unified,
hierarchically structured big data model capable of measuring value increments across
the three dimensions of financing services, risk control, and process efficiency; and to
empirically estimate the influence coefficients of four categories of factors, namely
technological, enterprise-level, financial, and environmental, in order to identify the
core driving variables. At the theoretical level, this study addresses the absence of a
dedicated value creation theory for logistics finance and the fragmented nature of ex-
isting quantitative models. At the practical level, it provides measurement tools appli-
cable to intelligent risk control systems for financial institutions, digital financing so-
lutions for enterprises, and policy formulation for government bodies.

2 Value Creation Mechanism of AI-Enabled Logistics Finance

2.1  Core Logic

This study rests on three theoretical foundations: digital value creation theory, infor-
mation asymmetry theory, and the theory of industrial organisation and the division of
labour. Digital value creation theory treats data as a factor of production; through Al,
data is capitalised and becomes the basis for value quantification[2]. Information asym-
metry theory accounts for the data barriers inherent in traditional logistics finance; Al-
driven multi-source data fusion can help mitigate credit risk[3]. The theory of industrial
organisation and the division of labour explains how Al enables a digital division of
labour between logistics and finance, restructures business processes, and optimises
resource allocation[4].

Building on these foundations, Al-enabled logistics finance generates value with big
data at its core. Algorithms overcome the constraints of traditional business models to
establish a closed loop: data collection, algorithmic processing, business transfor-
mation, and value increment. This mechanism operates through four layers: data fusion
that closes information gaps; algorithmic optimisation spanning the full chain of financ-
ing and risk control; reductions in transaction, risk, and operational costs alongside im-
proved capital efficiency; and the aggregation of incremental value into multi-party
gains across the supply chain. The core value creation formula is expressed as follows:

V=a-E-B-C.—y-C,—6 C; €))

V-total value creation of logistics finance (ten thousand yuan); E- efficiency en-
hancement value from Al empowerment (ten thousand yuan), including value
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increments from improvements in financing approval efficiency and capital turnover
efficiency; C,-risk cost (ten thousand yuan), including losses from credit risk and oper-
ational risk; C,-operational cost (ten thousand yuan), including labour cost and process
cost; C;- transaction cost (ten thousand yuan), including information search cost and
negotiation cost; a, 8, v, 6- value coefficients, respectively representing the influence
weights of efficiency enhancement, risk cost, operational cost, and transaction cost on
value creation (a,B,y,6 > 0) .

2.2 Core Dimensions and Mechanism Pathways

The three core dimensions — V; (financing optimisation value), V, (risk control sav-
ings value), and V5 (process efficiency value) — serve as constituent sub-modules of
total value V, where V = V; + V, + V5. These three dimensions follow a sequential op-
erational logic. The process begins with Al-driven financing demand matching, which
generates V;. The risk assessment model then estimates default loss savings, yielding
V,. Finally, process automation savings in operational costs and capital occupation
costs are calculated, producing V5. Summing the value increments across the three lay-
ers gives the total value.

Financing Service Optimisation Dimension. Through big data models, Al accurately
identifies the financing needs of logistics enterprises, optimises the credit approval pro-
cess, lowers financing thresholds, and achieves precise matching of demand and prod-
uct[5]. The value creation mechanism manifests primarily in three respects. First,
through multi-source data integration, a credit evaluation system for logistics enter-
prises is constructed, replacing traditional manual review and enhancing credit approval
efficiency[6]. Second, based on real-time operational data, credit limits and interest
rates are dynamically adjusted to accommodate the financing needs of logistics enter-
prises characterised by small amounts, urgent timing, and dispersed entities. Third, lo-
gistics finance products are innovated — such as intelligent warehouse receipt pledge
financing and digital accounts receivable financing — thereby expanding financing
channels[7].
The quantitative formula for value creation in this dimension is:

V=Y (Li-(o—1)—T) @)

Where: V; -value increment from financing service optimisation (ten thousand yuan);
n-number of sample logistics enterprises; L;-financing amount of the i-th logistics en-
terprise (ten thousand yuan); ry-financing interest rate under the traditional model (%);
r;-financing interest rate under the Al-enabled model (%); T;-transaction cost saving
for the i-th logistics enterprise (ten thousand yuan), corresponding to the C; component
in Formula (1).

Risk Control Optimisation Dimension. Al constructs a dynamic risk early-warning
and assessment model through machine learning algorithms, capturing logistics finance
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risk points in real time and reducing risk losses[8]. The mechanism operates through
three channels: building a multi-dimensional risk assessment indicator system that com-
bines logistics operational data with financial data to improve risk identification accu-
racy; monitoring operational fluctuations of logistics enterprises in real time, setting
risk thresholds, and issuing timely early-warning signals; and optimising risk disposal
processes to reduce risk disposal costs.

The core formula of the risk assessment model, taking logistic regression as an ex-
ample:

In () = B0 + 0:Xy +0,X; + - + O X + £ 3)

P -default probability of the logistics enterprise (0<P<1) ; 6, -intercept term;
64,0,, ..., 0, -regression coefficients of each risk indicator; X; X,... X -risk assessment
indicators (asset-liability ratio, order fulfilment rate, etc.); e- random error term (& ~
N(0,0?).

The risk cost saving value formula:

Vy=Cro—Cry = 2 (Li- Py —Li - ) )

Where: V,-value increment from risk control optimisation (ten thousand yuan); Co-
risk cost under the traditional model (ten thousand yuan); C,;-risk cost under the Al-
enabled model (ten thousand yuan), corresponding to the C,. component in Formula (1);
P,-default probability under the traditional model (%); P;-default probability under the
Al-enabled model (%).

Process Efficiency Optimisation Dimension. Al replaces traditional manual opera-
tions through process automation and intelligent transformation, enhancing logistics
finance process efficiency and lowering operational costs[9]. The mechanism includes:
automating financing application, review, and disbursement processes to shorten ser-
vice cycles; using big data analysis to optimise the allocation of logistics and financial
resources, reducing empty-load rates and idle capital rates; and building an intelligent
customer service system to improve the service experience.
The process efficiency gain value formula:

Vo= 20 (Toi = Tii) - M + Coo — Cos (5)

Where: V;-value increment from process efficiency optimisation (ten thousand
yuan); Ty;-financing process cycle of the i-th enterprise under the traditional model
(days); Ty;-financing process cycle of the i-th enterprise under the Al-enabled model
(days); M;-daily capital occupation cost of the i-th enterprise (ten thousand yuan/day);
C,o-operational cost under the traditional model (ten thousand yuan); C,,-operational
cost under the Al-enabled model (ten thousand yuan), corresponding to the €, compo-
nent in the main formula



220 M. Shi and X. Jia

Aggregation of Total Value Creation. These three dimensions follow a sequential
operational logic. Al is first applied to financing demand matching, producing the V;
model. The risk assessment model then estimates the default loss savings captured by
V,. Finally, the operational and capital occupation savings generated through process
automation are calculated, yielding V5. The value increments across the three layers are
summed to give the total value. The total value creation of Al-enabled logistics finance
is the aggregate of the three dimensional value increments, expressed as:

V=V1+V2+V3 (6)
A value creation efficiency indicator is also introduced to measure the value creation
capacity of Al empowerment:

(7

v
n=ry

n-value creation efficiency (%); I- Al technology investment cost (ten thousand
yuan).

2.3  Influencing Factors and Mechanism of Action

The factors influencing the value creation of Al-enabled logistics finance can be
grouped into four categories: technological factors (Al algorithm accuracy, big data
quality), enterprise factors (logistics enterprise scale, credit level), financial factors (fi-
nancial institution service capability, product innovation), and environmental factors
(industry policy, market environment)[10]. These factors affect value creation through
their influence on the three core dimensions. Technological factors serve as the core
driver, improving efficiency and reducing risk; enterprise factors are foundational, de-
termining financing demand and credit level; financial factors are supportive, providing
products and service guarantees; and environmental factors are enabling, creating a fa-
vourable development context.

The correlation formula between influencing factors and value creation (multiple
linear regression model):

V= }\0 + )\1Xt1 + 7\2Xt2 + )\3Xe1 + }\4X82 + )\5Xf1 + }\6Xb1 + 0 (8)

Ag-intercept term; A4, A, ..., A¢- regression coefficients of each influencing factor;
X¢1- Al algorithm accuracy (%); X;,-big data quality (%); X, - industry policy support
intensity (1=strong, 2=medium, 3=weak); X,,- market environment prosperity (%);
Xp1- financial institution service capability (score, 0-100 points); X,-logistics enter-
prise credit level (score, 0-100 points); y-random error term.
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3 Construction of the Big Data Model for AI-Enabled Logistics
Finance Value Creation

3.1  Core Principles and Objectives

Core Principles. The model construction adheres to five principles. The data-driven
principle uses massive multi-source data as the foundation to ensure model accuracy
and reliability. The value-oriented principle focuses on the core of value creation, high-
lighting the role of Al in enhancing value increments. The operability principle requires
the model to be realisable through computer programming, facilitating empirical testing
and practical application. The comprehensiveness principle covers the three core di-
mensions of value creation, balancing risk and efficiency considerations. The compli-
ance principle strictly follows data privacy protection laws and regulations, ensuring
data security[11].

Core Objectives. A unified, hierarchically structured big data quantitative model was
constructed to achieve three specific objectives: (1) estimate dynamic default probabil-
ities and financing demand intensity for enterprises using multi-source data; (2) quan-
tify, by dimension, the value increments contributed by financing optimisation, risk
control, and process efficiency; and (3) measure the influence coefficients of techno-
logical, enterprise-level, financial, and environmental factors on total value creation.
Taken together, the model provides a standardised value measurement tool for financial
institutions and logistics enterprises.

3.2 Overall Framework of the Big Data Model

The big data model constructed in this study comprises four layers that support and
operate synergistically with one another, forming a comprehensive process system of
"data collection — technology processing — model computation — value output”. Com-
bined with multiple computer-aided analytical formulas, the model enables quantitative
analysis and empirical testing of value creation. The overall architecture is illustrated
in Figure 1.

¥

d

ag
Technology Layer
Integra ica
P
Model Layer

Model Operation and

Analysis

Fig. 1. Architecture Diagram of Big Data Model for Logistics Finance Empowered by Artificial
Intelligence
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Data Layer: Multi-Source Data Collection and Preprocessing. The data layer serves
as the foundation of the model, responsible for collecting, cleaning, standardising, and
storing multi-source data to provide high-quality data support for model computation.

(1) Data collection covers three categories:

(1D Logistics operational data: order data (order volume, fulfilment rate X5, order
volume growth rate Xg), transport data (on-time delivery rate X,, empty-load rate),
warehousing data (inventory volume, warehouse turnover efficiency Xg);

(2) Financial data: credit data (credit limit, repayment records, overdue repayment
rate Xs), financial data (asset-liability ratio X;, current ratio X,, gross sales margin X,
return on equity X);

(3) External data: third-party credit investigation data, industry policy data (X,,),
market environment data (X,,) , technology investment data (1) .

(2) Data preprocessing uses Python's Pandas library for cleaning, standardisation,
and feature extraction to eliminate dimensional effects and outlier interference. The
specific steps are as follows:

(D) Outlier handling: the 3o criterion is applied to remove outliers. The formula is:

|x —X| > 30 )

X is data mean; o is standard deviation.
(2) Missing value handling: the interpolation method supplements missing values.
The linear interpolation formula is:
Xj = Xj_q + % (ti — ti-1) (10)
i+17 -1
(3) Standardisation: Z-score standardisation converts data to a standardised form
with mean0 and standard deviation 1. The formula is:

x|

P XX

X' = o (11

X is original data; X is mean of the original data; oy is standard deviation of the orig-
inal data.

Technology Layer: Integration of AI and Big Data. The technology layer is the core
empowerment layer of the model, integrating Al and big data technologies to provide
technical support for model computation. The core technologies and formulas are as
follows:

(1) Big data technologies: employing data mining and data visualisation techniques
to achieve in-depth analysis of multi-source data. The core formulas include:

(1) Association rule mining (Apriori algorithm): support formula Support(A =
__ Count(AnB) Count(ANB)

Count(U) ’ Count(A) ~
(@) Cluster analysis (K-means algorithm): cluster centre update formula uj =

B) confidence formula Confidence(A = B) =

inec]— x, where (; is the j-th cluster and n; is the number of samples in the cluster.
j
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(2) AI technologies: three core machine learning algorithms are introduced, each
applied to different aspects of value creation:

(D Logistic regression algorithm: used for risk assessment and financing demand
prediction. The core formula is shown in Formula (3).

(2) Random forest algorithm: used for calculating the weights of value creation in-
fluencing factors. The core formula is:

"1 K
y =Y, fk@® (12)
X is number of decision trees; fj, (x) is prediction result of the t-th decision tree.
(3) Neural network algorithm: used for predicting total value creation. The core for-
mulas are:
Input layer: x; (each influencing factor);
Hidden layer: h; = a( Z:L w;;x; + b;), where wj; is the weight, b; is the bias, and

"),

1+e™*
Output layer: V = Z; 1 Wk jhj + by, where V is the predicted value of total value

o is the activation function (Sigmoid function: a(x) =

creation.

Model Layer: Construction of Core Value Creation Models. The logical flow pro-
ceeds as follows. (1)The credit risk assessment sub-model, driven by the random forest
algorithm, outputs the enterprise default probability P. (2)The financing demand
matching sub-model, which uses logistic regression to determine the matched financing
amount L;. (3)The value creation quantification sub-model, built on a neural network,
then takes both P and L; as inputs and computes the three dimensional value incre-

ments V;, V, and V3, which are aggregated to produce the predicted total value V.

(1) Credit risk assessment sub-model (random forest algorithm): twelve core risk
indicators (Xi-Xi2) are selected to construct the credit risk assessment model, which
outputs credit scores and default probabilities. The core formulas are as follows:

S =100— 100 - —— (13)

1+e™Y

Where y is the predicted value of the random forest model and S is the credit score
(0-100 points).
Default probability prediction formula:

1

P= (14)

12
1+4e” Zi=1 wiXj

Where w; is the weight of each indicator (calculated through the random forest al-
gorithm).
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(2) Financing demand matching sub-model (logistic regression algorithm): based on
the operational and financial data of logistics enterprises, this sub-model predicts fi-
nancing demand intensity and matches corresponding financial products. The core for-
mulas are as follows:

Financing demand intensity prediction formula:

In (%) =0 + 0,X; + 09Xy + 05X + 013X;3 (5)

Y is financing demand intensity (high=1, medium=0.5, low=0); X;3 is enterprise
scale (large=3, medium=2, small=1).
Financing amount prediction formula:

L=a- (X100 + Xg - 50 — X, - 30) (16)

a is adjustment coefficient (determined as 0.8 based on industry averages).

(3) Value creation quantification sub-model (neural network algorithm). This sub-
model integrates the three dimensional value increments to construct a unified quanti-
fication model. The core formulas are as follows.:

Total value creation prediction formula:

A 1 m
V=o() w- G(Z w;iX; + b)) + by (17)
j=1 i=1
Value creation efficiency formula:
v
I

n="Yx100% (18)

Model error testing formulas are as follows:
Mean squared error (MSE):

n
MSE = - E V; — V,)? (19)
i=1

Coefficient of determination (R?):
n A
z (Vi=Vi)?
i=1

n —
> Vi
i=1

V; is actual value creation quantity; ¥; is predicted value creation quantity; V; is
mean of actual value creation quantity.

R2=1- (20)

Application Layer: Model Output and Application Scenarios. The application layer
serves as the implementation vehicle of the model, applying the model computation
results to actual logistics finance business. Core outputs include: credit score reports,
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default probability predictions, financing demand matching recommendations, total
value creation and efficiency figures, and risk early-warning signals. These outputs pro-
vide precise decision-making support for logistics enterprises, financial institutions,
and government bodies.

4 Empirical Testing of Logistics Finance Value Creation

4.1 Preparation for Computer-Based Empirical Testing

Sample Selection. The sample comprises 100 logistics enterprises, including 20 large-
scale, 30 medium-scale, and 50 small-scale firms, primarily located in the economically
developed eastern regions of China, covering express logistics, warechousing logistics,
cross-border logistics, and other fields to ensure representativeness and diversity. Data
sources include logistics industry reports, financial institution credit databases, publicly
available corporate financial statements, and third-party data platforms, collected over
the period 2023-2024. A total of 1,200 valid data records were obtained (12 core indi-
cators per enterprise across 12 months), ensuring data authenticity and reliability.

Tools and Algorithm Selection. The model was programmed and executed in Python,
with four core libraries handling different stages of the workflow: Pandas for data pre-
processing, Scikit-learn for implementing machine learning algorithms, Matplotlib for
data visualisation, and TensorFlow for constructing the neural network. Three algo-
rithms — logistic regression, random forest, and neural networks — were assigned re-
spectively to financing demand prediction, credit risk assessment, and value creation
quantification. Their performance was then compared to verify the model's overall ef-
fectiveness. Data preprocessing with Python and model construction based on Tensor-
Flow are illustrated in Figure 2.

main.py model_building. py

#Data preprocessing workflow
import pandas as pd
import numpy as np
from sklearn.model_selection import train_test_split
fron sklearn_preprocessing inport StandardScaler
import tensofflow as tf
from tensorflow.keras inport layers
# Load dataset
data = pd. read_csv( "dataset_css" )
# Handle missing values
data = data. dropna()
# Feature and label separation
X = data.il
y = data.ilo(1; -1]
# Feature standardization

# TensorFlow model building workflow
import tensorflow as tf
from tensorflow.keras import layers, models
# Define model architecture
model = models.ing a tf
model = models. Sequential()
model. add(layers. Dense(64, activation="relu’, input_shape=(X_train.shape[1],))
model.add(layers.Dropout(0.3))
model.add(Layers. Dense(32, activation="relu’))
#nodel.add(layers.Dense(1, activation= signoid’))
# Compile model
# model.compile(optimizer="'adam’, loss='binary_crossentropy’, metrics=['accuracy']}
# Train model
# Train model

scaler = Standardscaler() # history = model. fit(X_train, y_train, epochs=50, batch_size=32, validation_split=0.2)
X_Scaled = scaler.fit_transforn(X) # Evaluate model
# Split train and test set ? Evaluate model
X_train, X_test, y_train, y_test = train_test_split(X scaled, y, test_size=0.2, randon_state=42) ~-05%, accuracy = model_evaluate(X test, y_test)
print( “Data prepocessing rentiattsed(" ) print("Modet: building and training fenishhed(?))
print ( print(“prirt(loss’, Loss)
print( “Train set shape:", X_train. shape) ploss( "poss)
print(“Test set shape: ", X_test. shape) print( "Test accuracy: ", accuracy)

}

Fig. 2. Python Data Preprocessing and TensorFlow Construction Process

Variable Specification. Dependent variables, independent variables, and control vari-
ables were specified for model training and validation, as follows:
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Dependent variables:

(1) Total value creation V (ten thousand yuan), calculated through Formula (1) in
Chapter 2;

(2) Value creation efficiency 1 (%), calculated through Formula (18) in Chapter 3;

(3) Default probability P (%), calculated through Formula (14) in Chapter 3;

() Financing demand intensity ¥ (high = 1, medium = 0.5, low = 0).

Independent variables:

(1) Technological factors: algorithm accuracy X, (%), big data quality X,, (%);

(2) Enterprise factors: credit level X,; (score, 0~100 points), enterprise scale (large
=3, medium = 2, small = 1);

(3) Financial factor: financial institution service capability X 1 (score, 0-100
points);

Environmental factors: policy support intensity X,; (1 = strong, 2 = medium, 3

= weak), market prosperity X., (%).

(3) Control variables: years since establishment of the logistics enterprise X;; , num-
ber of employees X;4, included to exclude interference from extraneous factors.

4.2  Empirical Test Results and Analysis

The model was run through Python to complete data preprocessing, model training,
validation, and testing. Results of correlation analysis, regression analysis, model ac-
curacy verification, and value creation quantification were output in tabular form. The
validity of the results was analysed in conjunction with the formulas, as follows:

Correlation Analysis Results. Correlation analysis was used to test the degree of as-
sociation between independent and dependent variables, employing the Pearson corre-
lation coefficient. The core formula is:

Y D) ¥i-Y)

r= 21
o e[S, o9
Table 1 presents the results for the selected core variables.
Table 1. Correlation Analysis Results
DV v r P-value Association
Algorithm Accuracy X, | 0.826 <0.01 Strong Positive
. Big Data Quality X, 0.798 <0.01 Strong Positive
Value Cre;“"“ Total ™ | erprise Credit X,, | 0.765 <0.01 | Strong Positive
Financial Service Xrq 0.712 <0.01 Strong Positive
Policy Support X1 0.689 <0.01 Moderate Positive
- Algorithm Accuracy X;; | -0.835 <0.01 Strong Negative
Default Probability P Enterprise Credit X}; -0.852 <0.01 Strong Negative

The core independent variables and dependent variables all exhibit significant cor-
relations (P<0.01). Among them, algorithm accuracy, big data quality, and enterprise
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credit level show strong positive correlations with total value creation and strong neg-
ative correlations with default probability, consistent with theoretical expectations and
verifying the reasonableness of the value creation mechanism. These variables can be
used for model training.

Regression Analysis Results. To examine how strongly the independent variables in-
fluence each dependent variable, multiple linear regression was applied separately to
total value creation, value creation efficiency, and default probability. The results are
shown in Table 2.

Table 2. Regression Analysis Results

Model R? | AdjR? F P(F) | Core Coefficients (Signif.)

. Xi1 (0.321%%%) X,n
Value Creation Total V' |0.902| 0.891 72.58 | <0.001 (0.278%%%), X, (0.215%*%)

Xeq (0.356%%%), Xpq
(0.243***)

X1 (0.387%%%) Xp,
(=0.324**%*)
Note: *** indicates P<0.001, an extremely high level of significance; R? indicates model fit, with
values closer to 1 indicating better fit. Analysis conclusion: the three regression models all have
R? values above 0.87, and the F-test P-values are all below 0.001, indicating good model fit. The
core independent variables significantly influence the dependent variables. Among them, algo-
rithm accuracy X;; has the greatest influence weight on total value creation, value creation effi-
ciency, and default probability, verifying that Al technology is the core driving factor of logistics

finance value creation.

Value Creation Efficiency 1 [0.876| 0.863 | 65.32 | <0.001

Default Probability P [0.889] 0.877 | 68.95 | <0.001

Model Accuracy and Error Testing Results. The sample was split into a training set
(70%) and a test set (30%). Three metrics — accuracy, mean squared error (MSE), and
the coefficient of determination (R?) — were used to evaluate model performance, fol-
lowing the core formulas in (12) and (13) of this chapter. Table 3 reports the verification
results.

Table 3. Model Accuracy and Error Testing Results

Model Type Accuracy (%) | MSE R? Trad. Accuracy (%)
Credit Risk (Random Forest) 89.7 0.021 0.893 65.8
Financing Matching (Logistic Reg.) 84.2 0.032 0.827 63.1
Value Quantification (Neural Net.) 92.8 0.015 0.915 66.2
Overall Comprehensive 88.9 0.023 0.898 65.7

The accuracy of all three sub-models exceeds 84%, with the overall model achieving
a comprehensive accuracy of 88.9%, substantially higher than that of the traditional
logistics finance model (65.7%). The MSE of the value creation quantification model
is only 0.015, and R? reaches 0.915, indicating high predictive accuracy and small error
margins, enabling precise quantification of the value creation of Al-enabled logistics
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finance. The accuracy of the credit risk assessment model and the financing demand
matching model also both exceed 80%, verifying the feasibility and effectiveness of the
models.

Ilustrative Value Creation Quantification Results. Three enterprises of different
scales — large, medium, and small — were put through the model. The resulting break-
down of value creation, calculated with reference to the formulas in Chapter 3, is shown
in Table 4.

Table 4. Value Creation Quantification Results

Enternrise Tech Invest- | Financing | Risk Value | Efficiency | Total Value Efficienc
Type (Simlﬁ)a ted) ment I (10k | Value Vi V2 (10k Value Vs V (10k (%) Y
yuan) (10k yuan) yuan) (10k yuan) yuan) nive
Large | ‘A Losistics 800 420 380 350 1150 143.75
Group
Medium | B L‘égo‘“‘cs 300 150 130 120 400 13333
C Logistics
Small Office 80 45 38 32 115 143.75

From the quantification results, it can be seen that Al empowerment significantly
enhances value creation for logistics enterprises of different scales. Large-scale logis-
tics enterprises, owing to their substantial technology investment and rich business sce-
narios, achieved the highest total value creation (11.5 million yuan). Small-scale logis-
tics enterprises, although producing a lower total value creation, attained a value crea-
tion efficiency (143.75%) on a par with large-scale enterprises, indicating that Al em-
powerment can effectively narrow the value creation efficiency gap between enterprises
of different sizes and, in particular, help small-scale enterprises reduce costs and over-
come financing difficulties. The risk value V. and efficiency value Vs were positive
across all three enterprise types, verifying the value contributions of the "risk control
optimisation" and "process efficiency optimisation" dimensions, consistent with the
preceding theoretical analysis.

4.3  Summary of Empirical Testing

Drawing together the correlation analysis, regression analysis, model validation, and
value creation quantification results, the empirical testing yields the following core con-
clusions. First, Al technology — centrally algorithm accuracy and big data quality —
is the core driving factor of logistics finance value creation, exhibiting a strong positive
correlation with total value creation and a strong negative correlation with default prob-
ability, and can significantly enhance value creation efficiency. Second, the constructed
big data value creation model — comprising the credit risk assessment, financing de-
mand matching, and value creation quantification sub-models — demonstrates high fit,
high predictive accuracy, and a comprehensive accuracy of 88.9%, markedly superior
to traditional models, and possesses good feasibility and practical utility. Third, Al-
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enabled logistics finance value creation operates through the three dimensions of fi-
nancing service optimisation, risk control optimisation, and process efficiency optimi-
sation, with all sizes of logistics enterprise standing to benefit; among these, small-scale
enterprises exhibit outstanding value creation efficiency, offering an effective means of
addressing their financing difficulties and high cost burdens. Fourth, enterprise credit
level, financial institution service capability, and industry policy support all exert sig-
nificant positive influences on value creation, jointly underpinning the realisation of
Al-enabled logistics finance value creation.

At the same time, the empirical testing further corroborates the reasonableness of the
previously constructed value creation formulas and model framework, providing solid
empirical support for the subsequent formulation of optimisation recommendations. It
also exposes certain issues: some small-scale logistics enterprises have insufficient
technology investment, resulting in low total value creation; the value creation of sam-
ple enterprises varies considerably across regions, with enterprises in eastern regions
generally showing higher value creation efficiency than those in central and western
regions (which were not fully covered by the current sample). Future work can further
expand the sample coverage and optimise model algorithms.

5 Conclusion

This study has examined the value creation mechanism of Al-enabled logistics finance
through both theoretical analysis and empirical testing. The core findings are as follows.
First, AL, by leveraging big data as a factor of production, reconstructs the closed-loop
system of data, technology, process, and value in logistics finance; grounded in the
three foundational theories, this shifts value creation from experience-driven to data-
driven. Second, value creation follows a fixed hierarchical trajectory in which the three
dimensional increments — financing optimisation V;, risk control savings V,, and pro-
cess efficiency gains V; — aggregate to form total value. Third, Al algorithm accuracy
and big data quality serve as the core driving variables, supported by a multi-layered
structure of enterprise-level, financial, and environmental factors. Fourth, the hierar-
chically structured big data model developed in this study is internally consistent in its
variable framework, logically coherent, and achieves a comprehensive predictive accu-
racy of 88.9%, demonstrating strong practical utility. Fifth, Al empowerment can nar-
row the value creation efficiency gap among large, medium, and small logistics enter-
prises, offering an effective means of alleviating the financing difficulties faced by
SME:s. Based on these findings, optimisation recommendations are proposed for three
stakeholder groups. Logistics enterprises should strengthen data management, increase
technology investment, and improve their credit standing. Financial institutions should
deepen the integration of technology and business, innovate their product offerings, and
expand multi-party collaboration. Government bodies should refine the policy environ-
ment, improve the regulatory framework, and promote cross-sector coordination within
the logistics industry. This study has limitations that point toward future work: expand-
ing sample coverage, optimising model algorithms, investigating dynamic evolutionary
mechanisms, and exploring pathways for constructing a logistics finance ecosystem.



230 M. Shi and X. Jia
Disclosure of Interests

The authors have no competing interests to declare that are relevant to the content of
this article.

References

1. Zhao P, Wang X, Quan J Y, et al. Practical exploration of logistics finance based on block-
chain technology: A case study of railway document financing at CR Lanzhou Bureau[J].
Management Accounting Research, 2025(04): 6-16. Doi:10.20248/j.cnki.mas.2025.04.002

2. Liukai Wang, Yuting Meng, Yu Tian, et al. Financing decisions and operational risk miti-
gation in digitalized live-streaming e-commerce logistics[J]. Transportation Research Part
E, 2026, 210:104808-104808. D0i:10.1016/J.TRE.2026.104808

3. Juncheng Liao, Xiangfeng Chen, Yaobin Wu. Financing contract design under information
asymmetry in production and logistics: Separated financing or integrated financing[J].
Transportation Research Part E, 2026, 211:104831-104831.
Doi:10.1016/J.TRE.2026.104831

4. Cheng X Y. Research on optimal allocation of logistics resources under the sharing economy
model[J]. Market Modernisation, 2026(08): 54-57. Doi: 10.14013/j.cnki.scxdh.2026.08.054

5. Yangyan Shi, V. G. Venkatesh, Yangfei Gao, et al. Exploring supply chain finance from the
perspective of third-party logistics providers[J]. Production Planning & Control, 2026,
37(7):710-726. Doi:10.1080/09537287.2025.2579769

6. Xu Xiaoya, Jiang Wenxuan, Jiao Ping, et al. The Impact Mechanism of Supply Chain Fi-
nance Enabling Supply Chain Resilience Under the Background of Smart Logistics.
Springer Nature Singapore, 2026, :514-520. Doi:10.1007/978-981-95-8056-9 51

7. Ying Wang. How Supply Chain Finance Innovation Drives High-Quality Development in
E-Commerce Logistics[J]. Journal of Global Economy, Business and Finance, 2026,
8(3):13-18. D0i:10.53469/JGEBF.2026.08(03).04

8. Lan Wang, Yingcheng Zheng, Yudong Yang, et al. Credit Risk Assessment of Green Supply
Chain Finance for Logistics Enterprises: A Comparative Study of Logistic Model and BP
Neural Network[J]. SAGE Open, 2026, 16(1) Doi:10.1177/21582440251403404

9. Yonghong Jiang, Haokai Huang. Financial innovation in the logistics industry, artificial in-
telligence-driven, and corporate financing costs[J]. Finance Research Letters, 2025,
86(PF):108816-108816. Doi:10.1016/J.FRL.2025.108816

10. Yong He, Jiansen Ma. Collaborative development of logistics hubs and free trade zones,
digital finance and economic resilience[J]. Finance Research Letters, 2025, 85(PD):108229-
108229. Doi:10.1016/J.FRL.2025.108229

11. Honglin Peng, Bahao Li. Application of Big Data Technology in Logistics Financial Safety
Supervision in the Internet Era. Academic Journal of Business & Management, 2025, 7(5):
114-123. Doi:10.25236/AJBM.2025.070515.


https://scholar.cnki.net/Detail/doi/GARJ2021_7/SJES0AA3459F9002B69D568244CED765A395
https://scholar.cnki.net/Detail/doi/GARJ2021_7/SJESAFEC47ACB54B46DFA3FEE779D0A009D3
https://scholar.cnki.net/Detail/doi/GARJ2021_7/STJD23CCEB7DC93A4EC20EE2DD7B4AB20A15
https://scholar.cnki.net/Detail/doi/GARBCLAST/SSBD11E4F65D4B36A67AF6B6E6353FC259AD
https://scholar.cnki.net/Detail/doi/GARJ2021_7/SJZN2CB05860DC618DE36C3E1F32D18A90C1
https://scholar.cnki.net/Detail/doi/GARJ2021_7/SJIX3FF348ED7A85BD301A8E0F70C2091223
https://scholar.cnki.net/Detail/doi/GARJ2021_6/SJESE9FE2027B4581A9EEA58D4C388BEB67A

The Value Creation Mechanism of Logistics Finance under ... 231

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	The Value Creation Mechanism of Logistics Finance under Artificial Intelligence Empowerment— Theoretical Analysis and Empirical Test Based on Big Data Models

