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Abstract. In view of the problems of dimension separation and insufficient dy-
namics in supplier evaluation in military material procurement, this paper pro-
poses an intelligent evaluation framework that integrates multi-dimensional
model adaptation and optimization. Build a multi-dimensional tag system by in-
tegrating relevant data, preprocessing and coding standardization, multi-modal
feature extraction technology is used to process the data, extract key features,
integrate multiple regression algorithms and semi-supervised models, select the
optimal model in each dimension according to "Dimension —Model — Indica-
tor", and visually display the supplier's corporate portrait through a radar chart.
The results show that the accuracy of predicting high-risk suppliers in each di-
mension of this method is significantly improved, and it can provide scientific
support for military material procurement decisions.

Keywords: Military Material Supplier, Multi-dimensional Evaluation, Machine
Learning, Feature Extraction, Model Adaptation

1 Introduction

Efficient and accurate management of military supplies procurement is crucial for en-
hancing combat effectiveness. At present, there is a lack of dynamic ability assessment,
and it relies on static qualification review. However, the model based on fixed indica-
tors is difficult to adapt to actual changes, technological progress and risks. To be in
line with modern military demands, the shift towards multi-dimensional assessment,
dynamic analysis and proactive service is crucial for precise material support in combat
situations.

Existing research provides an important foundation for military procurement man-
agement and supplier evaluation. Li Jing et al.(2021)!"! constructed an evaluation frame-
work for suppliers of military industrial enterprises from the aspects of product quality,
technical level, supply capacity, price level and credit rating. The evaluation system of
Lin Yuan et al.(2021)?! covers aspects such as combat technical performance, tender
offer, delivery period, after-sales service and reputation. Wong, R. S.(2024)51 provided
empirical evidence for the correction of cognitive biases in multi-dimensional supplier
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evaluation., the research on enterprise credit evaluation in references™, all provide
useful references for the selection and evaluation of military suppliers.

This article breaks through the limitations of traditional evaluation by constructing
a six-dimensional label system that includes enterprise qualifications, business capabil-
ities, product competitiveness, credit ratings, innovation capabilities, and cooperation
effectiveness. The research adopts multimodal feature extraction technology to process
data and innovatively applies a dimensional model adaptation and optimization strategy
to independently screen the optimal machine learning model for each dimension, in
order to achieve precise dynamic profiling. Finally, the effectiveness of the method was
verified through case analysis.

2 Supplier Evaluation System Construction

2.1  Constructing a Multi-dimensional Labeling System for Military
Suppliers

Based on the core concerns such as product quality, price and after-sales service quality
in military procurement tasks, and considering the demands of the management depart-
ment and the procurement department for the qualifications, capabilities, credit, inno-
vation and cooperation degree of suppliers, a six-dimensional evaluation framework
and a two-level hierarchical system composed of 39 labels were constructed to achieve
multi-angle analysis of the characteristics of suppliers. Each evaluation dimension is
defined as an assessment domain, decoupled from other dimensions during the model-
ing process but integrated in the decision-making process. This structure allows for
independent model optimization in each field while maintaining an overall assessment
of suppliers. The label system for military material suppliers is shown in Figure 1.

Company name

Corporate credit report Unified social credit code

Corporate credit rating legal representative
Administrative penalty information Business period

Arbitration or litigation corporate credit

A ' Basic information of Registered capital
judicial case —

the enterprise

R — Business type
Escape bank debt problems

Industry
User credit related

evaluation information Business license business scope

Innovation investment tax credit rating

Innovation manpower Corporate geographical location
Enterprise innovation . )
capability Military material

Proportion of invention patents |- — supplier labeling Number and frequency of participation
T | in military material procurement
system

intellectual property Enterprise size

Number of citations
Bnskiasidhiiinch Complete the category, quantity and amount
of military material procurement

Number of corporate patent awards Cooperation status

After-sales service and
Professional qualifications communication evaluation

Industry certification contract performance rate

Received famous brand net asset value

roduct/quality award -
prodvctfavalyaverd | product competitiveness net assets ratio
Counterfeit and shoddy products — [-—— ftobility level
investigated and punished Business operations proftebiity feve

ot return on total assets
customer satisfaction Ikttt

cash flow situation

Product return rate

Liability structure

Fig. 1. Military material supplier labeling system.
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2.2 Data Collection and Preprocessing

Based on the multi-dimensional requirements for constructing a label system, the re-
search takes the unified social credit code as the key identifier, systematically integrates
the internal material procurement information of the military with the public data of the
"Aiqicha" website, and forms the foundation of multi-source data fusion. During the
data preprocessing stage, the collected internal and external information was screened,
merged and transformed. Particularly for the overlapping parts of the information, the
principle of "giving priority to internal procurement information and taking the latest
information for other parts" was established, effectively ensuring the authority and
timeliness of the data. Through standardized processing, data heterogeneity was elimi-
nated, providing high-quality and standardized data support for subsequent feature ex-
traction and model training. The complete process is shown in Figure 2.

Data Collection and Preprocessing Process

Data Sources Data Collection

Basic Enterprise Info Historical Data of Military Material Suppliers

Data Label Conversion
Enterprise Operation
Data Cleaning Data Encoding

Product Competitiveness Processing Missing Values, Outliers, Duplicate Data

Data Consistency Check
Enterprise Credit

Innovation Capability Feature Engineering Feature Extraction

Cooperation Ability Feature Selection, Evaluation Index System Structural Feature Opt.

Dynamic Feature Sel.
Data Standardization
Data Normalization, Value Standardization

Fig. 2. Data collection and preprocessing process.

2.3  Data Label Conversion and Encoding

In the process of supplier data tagging, the core task is to extract features from unstruc-
tured text information, converting multi-source heterogeneous data into quantifiable
and interpretable business tags, and forming a tag system that can be classified and
analyzed!®. This process strictly adheres to the principles of consistency, interpretabil-
ity and scalability of coding, ensuring that it can accurately reflect current features
while also adapting to the introduction of new labels in the future.

To achieve the conversion of qualitative features into quantitative values and en-
hance the objectivity of the model and the efficiency of machine learning!”, four types
of rules, namely ordered coding, unordered coding, binary coding, and qualitative de-
scription coding, were designed and studied. Each type was customized based on fea-
ture attributes and business logic. For instance, for suppliers without purchase records,
their after-sales service, communication evaluation, contract performance rate are all
set at a medium level by default (code 3), and will be dynamically adjusted based on
performance after actual cooperation. The detailed rules are shown in Table 1.
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Table 1. Label Extraction and Encoding Rules

163

First-level la- Encoding Label and coding rules (The higher the
Secondary label Sorting relationship
bel type level, the better the features)
Enterprise types are sorted by capital
Type of enterprise, term of operation, reg-
Ordered coding Classified by scale/term/quota (1-5 levels) structure, while the rest are sorted in as-
istered capital
Basic infor- cending order of numerical value

mation of the en-

terprise

Business opera-

tion situation

Product competi-

tiveness

Enterprise credit

Enterprise inno-

vation ability

Enterprise inno-

vation ability evaluation, and fulfillment rate

Industry, business scope, geographical lo-
cation

Tax credit rating

gross profit margin/net profit margin/re-

turn rate

Net asset value and return on total assets

Cash flow status

Professional qualifications and quality

system certifications

Industry certification, investigation and
handling of counterfeit and shoddy prod-
ucts

Famous brand products, customer satis-
faction, return rate

Credit report, credit evaluation report,

user credit evaluation

PRI

penalties,
gation, and debt evasion
Innovation investment, innovation human
resources, and the proportion of invention
patentss
Intellectual property rights, number of ci-
tations, and number of patent awards won

category, quantity, amount, after-sales

Unordered  en-
coding

Ordered  cod-
ing

Ordered  cod-
ing

Ordered  cod-
ing

Ordered  cod-

ing

Ordered coding

Binary encoding

Ordered  cod-
ing
Ordered  cod-

ing

Binary encoding

Ordered  cod-
ing
Ordered  cod-
ing
Ordered  cod-

ing

Multi-category attributes (such as industry
classification)
None: 0, Grade D: 1, Grade C: 2, Grade

B: 3, Grade A: 4

Graded by scale/ratio (1-5 levels)

Below average -2:1, below average -16:2,
average value: 3, above average +10:4, above

average +26:5

Very tight: 1— Very good: 5

Classified by qualification level (0-4 levels,

where 0 indicates none,)

If there is: 1; if not: 0

Single-heat coding

Sort by rating from low to high

Profit indicators are sorted by ratio from

high to low

Ranking relative to the industry average

Sort from worst to best according to the
situation

According to the gradient of profes-
sional qualification certification — mili-

tary industry three certificates

Are there any relevant certifications and

investigations

Oualifications’s

Classify by n rate

from low to

(level 0-3 or level 1-3)

Classify by evaluation level (1-4)

If there is:1; if not:0

Very low: 1— Very high: 5

Classify by order of magnitude (0-4)

None: 0, below average -20:1— above aver-

age +26:5

high, return rate from high to low

The credit report contains a gradient
from excellent to poor

Is there any relevant information on the

investigation and handling

Sort by input/proportion from low to
high

Sort by order of magnitude

Relative mean ranking, the higher the

level, the better the performance

Coding rules ensure the consistency and comparability of data while retaining the
semantic information of the data. Through tagging and assignment, qualitative features
are transformed into quantitative data, and the data is preprocessed to provide faster
and more accurate input for subsequent feature extraction and model training.
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3 Multimodal Feature Extraction

In order to transform heterogeneous data into a unified feature space and mine highly
differentiated and business-relevant features from structured data (transaction records,
qualification documents), unstructured text (public opinion reports, acceptance reports)
and temporal data (delivery cycle, quality fluctuations), a multi-modal extraction
framework that integrates text mining, statistical analysis and dynamic feature engi-
neering is designed. The specific method is as follows:

(1) Text feature extraction based on TF-IDF. In supplier data tagging, the features
of unstructured text information are extracted and key features of the original data are
quantified. For each supplier record, count the frequency of occurrence of the target tag
in its tag set: (in this study, it is simplified to a binary process of 0 or 1, that is, if the
tag exists, TF=1/total number of tags, and if it does not exist, TF=0).

TF(t.d) = Number of times tag (t) appears in supplier record (d) 0
’ The total number of times all tags in supplier record (d)

For each tag, count the number of supplier records containing the tag, combine it
with the total number of records N, and calculate its IDF value according to the formula:

IDF (1, D) = log( Total num.ber of supplier récc?rds N ) ®
Number of supplier records containing tag (t) + 1

Calculate the TF-IDF value for each tag of each supplier one by one to form a "sup-
plier-tag-TF-IDF" three-dimensional matrix:

TF — IDF(t,d, D) = TF (t,d) x IDF (t, D) 3)

Screen out key tags describing supplier characteristics from many tags, eliminate
tags with low importance, and achieve dimensionality reduction and feature extraction
of supplier data.

(2) Temporal feature extraction. Time series data such as supplier supply cycles and
quality fluctuations are non-stationary. Traditional statistics cannot capture the dy-
namic evolution rules. A sliding window mechanism is introduced to deal with outliers
in time series data.

(3) Structural feature optimization. In view of the problems of multicollinearity and
distribution deviation in structured data such as financial indicators and qualification
levels, an improved VIF collinearity control method is adopted, and Box-Cox transfor-
mation is used to solve the characteristic skewed distribution:

VIF(x,)=

4
1-R’ @

]
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Rj2 is the coefficient X, of determination of linear regression of features on all other

features. The method to improve VIF collinearity control is dynamic threshold adjust-
ment, that is, when the feature importance ranks in the top 20%, the VIF threshold is
relaxed to 7.0.

We further propose feature combination optimization based on XGBoost, and per-

form importance pre-screening before generating interactive features.
y)

Perform Box-Cox transformation ( ) on skewed features (skewness >1.5),

Perform quantile normalization after transformation:

rank(x)

=

) &)

After adopting the above method, the amount of collinear feature elimination will be
greatly reduced (key interaction features will be retained), and the model training con-
vergence speed will also be accelerated.

(4) Dynamic feature selection. First, adopt a hard retention rule, retaining 1-2 core
features for each evaluation dimension. For instance, "Operating capacity” retains "net
asset value" and "cash flow status", while "cooperative efficiency" retains "contract
performance rate" and "emergency response speed". Then, apply correlation analysis
to calculate the Pearson correlation coefficient between features, and eliminate redun-
dant features with a correlation coefficient greater than 0.8, such as the high correlation
between "return on net assets" and "return on total assets", while retaining the former.

Through the above operations, a set of key features that can accurately reflect the
essential characteristics of suppliers are extracted from the labeled data. These key fea-
tures will be used as input data to provide a solid foundation for subsequent multi-
dimensional analysis.

4 Machine Learning Model Building

In response to the dynamic assessment needs of military material suppliers, a multi-
stage collaborative forecasting framework is adopted to achieve multi-dimensional dy-
namic forecasting of supplier capabilities by integrating supervised learning and semi-
supervised learning technologies.

4.1 Multi-dimensional Prediction Model Construction

The current supplier multi-dimensional labeling system has large differences in differ-
ent indicator types and values in each dimension. Six-dimensional evaluation indicators
are used as independent prediction targets, and exclusive feature sets are constructed
for each dimension. Independent prediction sub-models are constructed for different
core dimensions of suppliers. The dimensional features of each dimension are isolated.
An exclusive feature set is defined for each dimension. The code is as follows:
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def multi dimension predict (X):
predictions = {}
for dim in ["Enterprise Foundation", "Operational Ca-
pability", "Product Competitiveness", "Credit Rating",
"Innovation Level", "Cooperation Status"]:
# Extract dimensional features
X dim = X[dim features[dim]]
# Perform clustering-model matching
cluster labels = cluster analysis (X dim)
# Dimension-specific model prediction
pred = dimension_ specific models[dim].pre-
dict (X dim)
predictions[dim] =
return predictions

(cluster labels, pred)

The six different evaluation dimensions have significant differences in data distribu-
tion, and the optimal prediction algorithm needs to be adapted. For predictive analysis
in different dimensions, the supervised learning models selected in this paper are shown

in Table 2.

Table 2. Comparative analysis of supervised models.

Model name

Core features

Logistic Regres-

sion
Random Forest

SVC (SVM)

K-Nearest
Neighbors

Gradient Boost-
ing
XGBoost

LightGBM
AdaBoost

CatBoost

Extra Trees

Strong interpretability and support for feature importance analysis; Suitable for linearly
separable scenarios (such as basic qualification indicators in the enterprise's basic dimen-
sion)

Strong anti-noise ability and support for high-dimensional data; It can output the importance
of features (such as multiple quality indicators in product competitiveness)

Suitable for small samples, high-dimensional sparse data (such as historical transaction rec-
ords in cooperation situations)

No training process required, suitable for dynamic data update, but sensitive to noise, dis-

tance calculation fails in high-dimensional data

Strong ability to model timing dependencies and nonlinear relationships; prone to overfit-
ting and requires fine tuning of parameters

The integrated tree model can capture nonlinear relationships and feature interactions, and
is suitable for dimensions such as business capabilities (including complex financial indi-
cators) and credit ratings (including high-dimensional sparse data).

Sensitive to outliers, suitable for low-noise scenarios; The model is simple but vulnerable
to noise interference

No need for manual coding of categorical features, strong anti-overfitting ability; stable
performance in predicting innovation level

Compared with random forests, it is more resistant to overfitting and has a higher compu-
tational efficiency. It is suitable for dimensions such as product competitiveness that require

noise resistance
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On the basis of the prediction of the supervised model, a semi-supervised model
needs to be used for the insufficiently marked dimensions of innovation level and co-
operation situation. The semi-supervised model selected for experimental comparative
analysis is shown in Table 3.

Table 3. Comparative analysis of semi-supervised models.

Model name Core features

Label Propa- Propagate labels based on graph structure, suitable for scenarios where the

gation local structure of data is clear (such as implicit associations in cooperation
situations)

Label Spread- It is more robust than Label Propagation and is suitable for labeling dimen-

ing sions where data is scarce (such as cooperation).

Self-Training  Iteratively select high-confidence "pseudo-labels" to expand training sets
and adapt to any base model (e.g., combining XGBoost to predict innovation
levels).

4.2 Multi-dimensional Evaluation Model Selection

Construction of the model pool:Based on the machine learning model provided earlier,
an algorithm model pool is constructed, integrating over ten mainstream regression al-
gorithms (linear models, tree models, and neural networks). The hyperparameter opti-
mization space is preset (learning rate 0.1, iteration number 50), and the dynamic ex-
pansion of model types is supported through a dictionary structure. The code is as fol-
lows:

models = {

'Linear Regression': LinearRegression(),

'Ridge Regression': Ridge (alpha=1.0),

'LGBMRegressor': LGBMRegressor (n_estimators=50,
learning rate=0.1, random state=42, verbose=-1),

'HistGradientBoostingRegressor': HistGradientBoost-
ingRegressor (max_iter=50, learning rate=0.1, ran-
dom_state=42, verbose=0),

'CatBoost': CatBoostRegressor (iterations=50, learn-
ing rate=0.1, random state=42, verbose=0),

'XGBRegressor': XGBRegressor (n_estimators=50, learn-
ing rate=0.1, random state=42),

'Random Forest': RandomForestRegressor (n_estima-
tors=50, random state=42, verbose=0),

'SVR': SVR (kernel='rbf'),

'Lasso Regression': Lasso (alpha=0.1),

'K-Nearest Neighbors': KNeighborsRegressor(n neigh-
bors=5)
}



168 B.Lietal

The core assessment logic adopts a hierarchical assessment architecture (dimen-
sion—model—indicator), and the core code is as follows:

for target col in target columns:
results = pd.DataFrame (index=models.keys (), col-
umns=['MSE', 'R?', 'Time (s)'])
for name, model in models.items{() :
# Time statistics and silent execution
with redirect stdout (None), redi-
rect stderr (None) :
mse, r2 = evaluate model (model, X scaled,
y_single)
results.loc[name] = [mse, r2, time.time() -
start time]

The sorting and selection mechanism takes the coefficient of determination R? as the
core sorting metric (taking into account MSE), and the time consumption metric is used
for algorithm efficiency comparison. The idxmax method automatically identifies the
best model. The code is as follows:

def evaluate cluster model matching(clusters, predic-
tions) :
# Evaluation of clustering validity
for cluster id in np.unique (clusters):
cluster acc = []
for model name, pred in predictions.items():
acc = accuracy score(y truel[clusters == clus-
ter id],
pred[clusters == clus-
ter id])
cluster acc.append((model name, acc))
print (f"Cluster {cluster id} Best Model:
{max (cluster acc, key=lambda x: x[1])}")

4.3 Comparative Analysis of Prediction Indicators in Each Dimension

According to the multi-dimensional evaluation model selection method, the specific
selection criteria are set as follows:

1. MSE priority principle: When the model performance is similar (MSE difference
<5%), the one with higher R? is preferred;

2. Efficiency threshold control: If the optimal model takes 3 times more time than the
suboptimal model, the significance of its performance gain needs to be verified (R?
increase >1% or MSE decrease >5%);
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3. Comprehensive trade-off strategy: In scenarios with high real-time requirements
(such as credit scoring), a slight performance loss (MSE increase <2%) is allowed
in exchange for a time-consuming reduction of more than 50%.

Based on above requirements, a comparative analysis was conducted on the predic-
tion indicators of each dimension. The performance indicators and operation time of
different algorithms in the prediction analysis of each dimension are shown in Figure
3.
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Fig. 3. Predictive performance and computational efficiency of each algorithm.

Based on the above evaluation criteria, the optimal model of each dimension and its
reflected data characteristics are displayed according to the chart as shown in Table 4.

Table 4. Optimal predictive analysis model in each dimension.

Dimen-
. Optimal model Data characteristics
sion
L . The performance of linear regression and ridge regression converge
Basic situ- Ridge L L .
. . (AMSE=0.000 018), and there is mild multicollinearity between features, but
ation Regression . L i,
it does not significantly affect the stability of the model.
Business . . The MSE of the gradient boosting model is 1.8% lower than that of LGBM,
. HistGradient . . . . . . .
operation Boosti reflecting the implicit nonlinear relationships and feature interaction effects
oostin
situation ¢ in the data.
Product The model reaches 0.934 in R? index, better than the linear method
roduc
; HistGradient (AR>=75.9%), indicating that there are complex decision boundaries in the
competi-
i P Boosting quality evaluation dimension, and high-order feature correlations need to be
iveness

captured through recursive segmentation of the tree model.
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While maintaining a high efficiency (0.426s), XGBoost's MSE was reduced
Credit by 10.2% compared to ridge regression, indicating that the data has significant
XGBRegressor o L . . .
level asymmetric distribution characteristics. The weighted learning mechanism of
the Boosting algorithm needs to be used to handle sample heterogeneity.

The model R? reaches 0.887 7, but the calculation takes a long time (3.682s),

t:z:(:‘t]jl_— HistGradient reflecting that the innovation dimension indicators may have long-tail distri-

. Boosting bution and sparse characteristics, and a histogram acceleration strategy needs
v to be used to balance accuracy and efficiency.

Level of LGBM achieved the highest R? (0.942 0) in 0.257 7s. Its histogram-based fea-

LGBMRegres-  ture binning strategy effectively dealt with the class imbalance problem in

coz[;ira— sor cooperative data, and the Leaf-wise growth method improved the modeling

efficiency of high-dimensional sparse scenes.
The test results show that the data of each dimension has different characteristics
and is suitable for solving with different predictive analysis models.

4.4  Case Analysis

The experiment adopted the historical supplier data provided by a certain military ma-
terial procurement department, including detailed information of 500 suppliers. By
adopting a multi-dimensional label system, the scattered indicator data in the enterprise
profile is integrated, and the standardized scoring range is limited to 0 to 5 points. After
predictive analysis of the multi-dimensional data of 500 units based on the optimal
models of each dimension, the basic situation, business operation and other six dimen-
sions of scores of 500 units are obtained. From this, the information of 5 units is ran-
domly selected. The score information of the five enterprises in each dimension is
shown in Table 5.

Table 5. 5 enterprise rating tables in different dimensions.

Basic situ- Innova-
. . Business op- . credit i Coopera-

Enterprise ID ation scor- A quality score tion . 3

. eration score score tion rating

ing score
Enterprise 341 2.84 5 2.8 4.27 3.49 3.52
Enterprise 100 2.95 5 1.8 3.59 3.81 3.41
Enterprise 68 2.12 4.58 2.2 1.27 4.09 3.94
Enterprise 254 297 4.84 3.15 3.16 2.46 3.25
Enterprise 346 291 4.8 2.75 441 4.6 3.5

To have an intuitive understanding of the situation of each enterprise, a radar chart
was made to uniformly map these indicators onto the radius axis, quickly identifying
the strong and weak points. By using the polygon closure feature, the comprehensive
capabilities of the enterprise were clearly displayed through the area, serving as a quan-
titative basis for the strategic decision-making of the material purchasing party. The
enterprise portrait radar chart is shown in Figure 4.
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Cooperation rating Business performance score
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Fig. 4. Enterprise multi-dimensional scoring radar chart.

As can be seen from Figure 4, Enterprise 341 has outstanding operational capabili-
ties, but its quality and basic qualifications are weak. It has good credit and belongs to
the type of efficient operation but quality needs to be optimized. Enterprise 100 has
outstanding business capabilities, average innovation, but serious quality defects.
Credit risks need to be vigilant. It is a high-growth, high-risk control demand type.
Enterprise 68 has relatively outstanding innovation capabilities and good cooperation,
but it has a high credit risk and a weak foundation. It is an innovation-driven but finan-
cially risky start-up enterprise. Enterprise 254 has outstanding business capabilities, but
its quality is average. Its innovation capacity is relatively weak, and its cooperation
level is average. It is a traditional enterprise with cooperation risks. Enterprise 316 leads
in both innovation and credit dimensions, but the competitiveness of its products needs
to be enhanced. It is a technological leader but requires optimization in quality control.

Comprehensive analysis shows that among the five companies, the double-optimal
leaders are Enterprise 316 (innovation + credit) and Enterprise 341 (operation + credit),
the single-dimensional breakthroughs are Enterprise 100 (operation), Enterprise 68 (in-
novation) and Enterprise 254 (operation), and the risk warning ones are Enterprise 100
(quality) and Enterprise 68 (credit).

This experiment has verified that the proposed military material supplier evaluation
model and multi-dimensional model adaptation optimization evaluation have high ac-
curacy, stability and practicability.

5 Conclusion

This article focuses on the label generation method for military suppliers, and builds a
scientific, reasonable, and objective multi-dimensional label system through multi-di-
mensional feature extraction and labeling systems. Through multi-modal feature
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extraction, TF-IDF is used to process text, sliding windows capture time series dynam-
ics, and realize dynamic evaluation, which improves objectivity and quantitative sup-
port. Optimize structured data through improved methods, improve data utilization ef-
ficiency, solve the problem of multi-source heterogeneous data fusion, and improve
feature recognition. At the same time, in the process of machine learning, the principles
of coding consistency, interpretability and scalability are always followed to adapt to
the addition of new tags in the future. For prediction tasks in different dimensions, a
sub-dimensional model optimization mechanism is established to match the optimal
algorithm for each dimension to ensure the isolation of features in each dimension and
the pertinence of the model. The prediction R? has reached more than 90%, and the
accuracy of identifying high-risk suppliers has been significantly improved. Construct-
ing a corporate portrait through radar charts clearly demonstrates the differences in ca-
pabilities of military material suppliers, thereby assisting material procurement manag-
ers in making decisions and providing decision-makers with accurate information sup-
port, thereby optimizing supply chain management and improving the efficiency and
safety of material procurement.
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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/

	Research on Multi-dimensional Model Adaptation andOptimization Evaluation of Military Material Suppliers



