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Abstract

Small, medium and micro enterprises started late in China, with poor transparency of
financial information and relatively weak stability of profitability and asset strength, which
makes commercial banks need to bear more risks when providing loans to small, medium
and micro enterprises than large enterprises. When there is no credit record of some small
and medium-sized micro enterprises in commercial banks, it will increase the risk that banks
need to bear when they lend to these small and medium-sized micro enterprises without
credit record, and it will also increase the difficulty of small and medium-sized micro
enterprises’ credit loans in commercial banks. Itis a big problem that how to accurately predict
and evaluate the small and medium-sized micro enterprises with unknown reputation, and
then reduce the risk pressure of banks to provide loan services to these small and medium-
sized micro enterprises with unknown reputation. The purpose of this project is to predict
and evaluate the credit risk of enterprises with unknown reputation, and then evaluate the
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comprehensive strength of small, medium and micro enterprises that need loans according
to the TOPSIS comprehensive evaluation model, so as to calculate the interest rate of bank
loans to each type of enterprises, and provide a credit strategy for commercial banks when
the total amount of bank credit is 100 million yuan. We use DNN intensive neural network
algorithm to list the important parameters of enterprise capability, train a large number of
raw data covered by these parameters, so as to evaluate the credit rating of enterprises, and
then use TOPSIS comprehensive evaluation model to evaluate the strength of enterprises.
Finally, we use k-means clustering algorithm to classify these 203 enterprises and make the
best credit decision.

Subject Classification: 93E03, 93A14, 93C15, 49]15.
Keywords: AHP, TOPSIS model, DNN algorithm, K-means clustering algorithm.

1. Introduction

Small and medium-sized micro enterprises, as an indispensable part
of China’s real economy, play an important role in economic growth,
improving the employment rate and scientific and technological
development, although the asset scale and operation scale of small and
medium-sized micro enterprises are relatively small in the market [1]. In
the case of capital problems in small and medium-sized micro enterprises,
the person in charge of the company generally tends to borrow money
from the bank [2-3]. In the aspect of banks, in the process of bank lending,
there is a risk that the recovery of loan funds is hindered [4-5]. In order to
avoid this kind of risk, banks usually evaluate all kinds of companies
according to credit policy, transaction bill information of enterprises and
influence of upstream and downstream enterprises [6-7]. Banks will be
more inclined to provide loans to enterprises with strong strength and
stable supply and demand relationship. Secondly, according to the
enterprise’s strength, reputation and credit risk assessment to determine
whether to lend and loan line, interest rate and term of credit strategy [8].

2. Problem analysis

In fact, due to the large number of small and medium-sized micro
enterprises, banks do not have complete credit rating data of all related
enterprises. This also requires us to train the existing data, and then
predict the credit rating of unknown enterprises, and then give the lowest
risk credit strategy on this basis. In the case of total bank credit of 100
million yuan, we give the lowest risk credit strategy for SMEs with
unknown credit rating. First of all, the data of known enterprises’ credit
rating is used as training data. Then, according to the training results, the



USING A HYBRID DEEP NEURAL NETWORK AND TOPSIS MODEL 2073

data of small and medium-sized micro enterprises without credit rating is
preprocessed. Then, the data of small and medium-sized micro enterprises
without credit rating is processed and predicted by using DNN dense link
neural network algorithm, and then the risk credit rating of 203 enterprises
is predicted and evaluated. Finally, we use TOPSIS comprehensive
evaluation model to evaluate the comprehensive strength of enterprises,
calculate the interest rates of different enterprises, then use k-means
clustering algorithm to classify the 203 enterprises, and finally make the
credit decision.

3. Model hypothesis

Due to the limitations of TOPSIS comprehensive scoring model, the
assumed positive and negative ideal solutions are too ideal, and DNN
cannot deal with the changes in time series, the following conditions need
to be assumed to meet the calculation requirements of TOPSIS
comprehensive scoring model and DNN neural network algorithm

1. Suppose the data given by the title is true and reliable.

2. It is assumed that the enterprise will not close down in the short
term.

3. The hypothesis does not consider the influence of internal factors.

4. It is assumed that every economic activity of the enterprise is
reasonable and real.

5. Suppose that all enterprises with unknown reputation apply for
credit loans to commercial banks at the same time.

4. Data preprocessing
4.1 AHP (Analytic Hierarchy Process)

First of all, because we need to normalize the data of enterprises, we
need to convert the ABCD of credit rating into a number. Therefore, we
use AHP to calculate the most suitable score proportion for ABCD, reduce
the comprehensive ranking error after normalization, and make the results
more scientific.

4.1.1 building hierarchical structure model

According to their relationship, the goal, the factor (decision criterion)
and the object of important decision-making are the middle level and the
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lowest level, divided into the highest level, and the hierarchy diagram is
drawn. In this project, the decision objective is set as the best score
proportion of ABCD, the consideration factors are set as the replacement
indexes of a, B, C and D, and the decision objects are set as different
replacement indexes of ABCD.

4.1.2 construction of judgment matrix

We should compare factors in pairs rather than comparing all factors
together. Meanwhile, the use of relative scale can reduce the difficulty of
comparing various important factors with different properties and
increase accuracy. For instances, under a certain criterion, we can compare
and classify each option based on its importance.The matrix formed by
pairwise comparison results is called judgment matrix, and the elements
of judgment matrix[9].The judgment matrix has the following properties

1
b, =5 1)

4.1.3 hierarchical single sort and its consistency test

Based on the findings of matrix theory, when the consistency of the
judgment matrix cannot be guaranteed, the corresponding eigenvalues of
the judgement matrix will also change. As a result, the alteration in
eigenvalues of the judgment matrix can be utilized to examine the
consistency of the judgments, and the consistency index of the judgment
matrix is introduced into AHP. To verify the consistency of human thought
during judgment, the consistency index can be recorded as Ci.

CI = Amax-n 3)

n-1

When the CI value of a judgment matrix is high, it indicates a
significant deviation from complete consistency. In contrast, a low CI
value indicates that the judgment matrix is closer to complete consistency.

4.1.4 solution of AHP analytic hierarchy process model

Through the exhaustive method to list a variety of schemes, and
through the consistency test, the best scheme layer is shown in Table 2, its
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calculation weight vector is: 0.1172, 0.1775, 0.2806, 0.4247, the scheme layer
consistency experience CI = 0.000734439514301262 = 0, has satisfactory
consistency. In other words, the best substitution index of credit rating is a
=100, B=88.28, C =70.53, d = 42.47.

4.2 problem data processing

The data in Appendix 2 is preprocessed in two aspects. After the
invoice is summarized, the data in Appendix 2 is predicted by DNN neural
network algorithm based on the training data of enterprises with existing
reputation level in Appendix 1.0n the one hand, it preprocesses the data
of interest rate, obtains its weight according to AHDP, replaces the index
value, normalizes the data, calculates the weight of each factor of TOPSIS
comprehensive evaluation model according to entropy weight method,
and finally establishes TOPSIS comprehensive evaluation model to
calculate the corresponding interest rate of different enterprises. On the
other hand, we preprocess the data for the calculation of the quota. After
summarizing the invoice, we transform it into array, and then reduce the
dimension of the data. We use elbow method and contour counting
method to find out the best cluster number, and then cluster analysis to
find out the corresponding quota of different enterprises.

5. Model establishment and solution
5.1 Establish TOPSIS Model

By assuming the negative and positive ideal solutions, the positive
and negative ideal solutions and the distance between each sample is
calculated, and the relative closeness between the sample and the ideal
solutions are obtained, so as to rank the evaluation objects. In other words,
the larger the positive ideal solutions are, the higher the cost the bank
needs to pay and the lower the bank’s profit; the larger the negative ideal
solution is, the lower the cost the bank needs to pay and the higher the
bank’s profit. Then we make a comprehensive score. We calculate the
weight according to the credit rating, default, income, supply and demand
stability index, void invoice rate, negative invoice rate, positive ideal
solution and negative ideal solution, and the weight is calculated according
to the entropy weight method [10]. The relevant symbols are shown in
Table 1.
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Table 1
Symbol description

R Raw data matrix

m Sample size

n Total index

p Standardization matrix

A\ Weight vector

V4 Weighted normalized matrix

DS The distance of rational thinking
D/ The distance of negative ideal solution
Ci Closeness

o(z) Activation function

a’a, a; Output value of the second layer
a’ Output value of the third layer

The specific steps are as follows:

The indicators are in the same direction, standardized and weighted.
In order to avoid the influence of subjective factors, the standardized
matrix P and weight vector w are obtained.

Z=(Z,),n =(p; *w)) (4)

(2) The weighted normalized matrix Z is obtained. The positive and
negative ideal solutions of Z are obtained by multiplying P and W.
The whole ideal solutions mean that each index reaches the best
points in these samples, and the negative ideal solution means that
each indexs are the worst values in the samples.

D" = /ﬁl(z,_]_—z;)z , D = /i(ZU,—Z].‘)Z,(z‘:l ....... n) (5)
= =

(3) Thees distances between samples and negative and positive ideal
solutions is calculated.
D~

= 6
" D+D; ©)
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5.2 Establishment of DNN dense link neural network prediction model

Suppose that the activation function of selection iso(z) The output
values of hidden layer and output layer are 0, For the three-layer DNN in
the figure below, the output of the next layer is calculated by using the
output of the previous layer. For the output of the second layer a,’, a,%, a,’,
we have

2 2 2 2 2 2

a"=0(z,")=0o(w,"x, +w, x, +w,"x, +b") (7)
2 2 2 2 2 2

a,” =0(z,") =0(w, x, +Ww,,"x, +W,,"x, +b,") (8)
2 2y 2 2 2 2

a,”=0(z,")=0(w, " x, + W, X, +W,,"x, +b,") 9)

For the output of the third layerWe have:

3 3 3 3 3 3
a; = G(Zl )= G(wll X T W, X, T W5 Xy +bl ) (10)

If there are m neurons in the L-1 layer, the output of the j-th neuron in
the L layer will be reduced ,We have:

a].l = O'(Z].l) =" w,'a™" + b],’) (11)

k=1"""jk "k

5.3 Problem solving
5.3.1 Quantitative analysis of problem data

After preprocessing the data in Appendix 2 and summarizing the
invoice statistics, read the credit rating data of question 1, mark it well, and
then merge the enterprises in Appendix 1 and Appendix 2. According to
the principal component analysis, as shown in Figure 1, we can determine
that the best dimensionality reduction is 8. After training all the enterprises
in Annex I, we can get the training accuracy and get the reputation
prediction a index. Then we can establish the DNN dense link neural
network model and train the first 100 enterprises with DNN.As shown in
Figure 2, it is the error of the last 23 tests, and the error of the training
model is within the allowable range. After the training model is built,
DNN will predict the data in Appendix II, as shown in Figure 3. It is to
detect the accuracy of the results of DNN prediction model. The detection
results are close to 1. If the model can be established, then the reputation
prediction index B can be obtained. Through statistical calculation, the
credit evaluation of other enterprises is predicted.
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Principal Component Analysis
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Figure 4
result 3 data (part)

After the data of the enterprises whose credit rating has been
evaluated is processed twice by TOPSIS model, the brand new data is
obtained, as shown in Figure 4. We deal with the results of the data and
then there is a detailed analysis.At the same time, according to PCA
principal component analysis and PCA difference retention drawing
analysis, we can get the result as shown in Figure 8.From figure 5, we can
see that when dimension is 6, 91% of the difference can be retained, which
is more suitable for the next dimension reduction.
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To reduce the dimension of the preprocessed data, we need to use
k-means clustering algorithm to classify the data of result3, and the best
number of classification can be obtained by elbow method and contour
analysis method. As shown in Figure 6, it is the test of elbow method on
the number of classification of all data in result3.As can be seen from
Figure 3, when k is from 1 to 10, the decrease of the sum of squares of
deviations is quite obvious, while after K is from 10 to 10, the decrease of
the sum of squares of deviations is very limited, so the best value of K
should be 10 [11].That is to say, the best number tested by elbow method

is 10.
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ow rule to calculate the best cluster number

As shown in Figure 7, it is the test of classification number of all data
in result3 by contour coefficient method. The standard of contour
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Silhouette Coefficient
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coefficient method to test the number of classification is that the closer the
curvature of K value is to 1, the higher the accuracy of K value is. As can
be seen from Figure 7, for the number of data classification of rusult3, the
curvature of K from 1 to 9 is less than 0. When k = 10, the curvature is close
to 1. When k is from 11 to 11, the curvature is less than 1, so the best
clustering number should be 10 [12].As a single test method is accidental,
we adopt two different test methods, namely elbow method and contour
coefficient method, to test the best number of clusters for the same data at
the same time, and the best number of clusters is 10.As shown in Figure 8,
it is the number of corresponding enterprises that are divided into 10
categories by K-means clustering algorithm.As shown in Figure 9, it is the
data result result4 after the algorithm processing, and there is a detailed
analysis later.

5.3.2 credit strategy

According to the cluster analysis in 5.3.1, we divide enterprises into
10 categories according to the credit risk from small to large. The specific
categories and relative lending strategies are shown in Table 2[13].
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Table 2

Divides enterprises into ten categories according to the degree of risk

category Enterprise code

0 X136 X168 X297 X329 X336 X343 X349 X355 X356 X357 X359 X360
X366 X370 X374 X375 X376 X382 X383 X387 X389 X391 X400 X402
X404 X408 X413 X414 X415 X416 X417 X421 X422 X423 X425

X166 X199 X358 X380

6 X192 X210 X215 X226 X230 X231 X232 X233 X236 X237 X240 X241
X243 X244 X245 X247 X249 X254 X255 X263 X266 X267 X268 X269
X270 X274 X277 X279 X291 X292 X293 X296 X303 X305 X307 X313
X314 X316 X318 X320 X321 X322 X324 X326 X327 X328 X331 X332
X333 X334 X335 X338 X340 X341 X342 X351 X354 X361 X362 X365
X367 X368 X369 X371 X372 X373 X377 X378 X381 X384 X386 X388
X390 X393 X394 X396 X398 X399 X403 X406 X407 X409 X410 X412
X418 X419 X424

7 X128 X130 X133 X135 X138 X139 X140 X141 X142 X143 X144 X149
X151 X152 X153 X156 X157 X15 X161 X163 X170 X171 X172 X176 X183
X185 X186 X190 X193 X194 X202 X203 X205 X207 X216 X220 X225
X229 X238 X273

1 X134 X148 X179 X184 X187 X189 X198 X200 X201 X211 X212 X213
X214 X218 X219 X221 X223 X227 X228 X234 X235 X239 X246 X248
X250 X251 X252 X253 X256 X257 X258 X259 X260 X261 X262 X265
X271 X272 X275 X276 X278 X280 X281 X283 X284 X285 X286 X287
X288 X289 X290 X294 X295 X298 X299 X300 X301 X302 X304 X306
X308 X309 X310 X311 X315 X317 X319 X323 X325 X330 X337 X339
X344 X345 X346 X347 X348 X350

X352 X353 X363 X364 X379 X392 X395 X411 X420
3 X124 X125

2 X131 X132 X137 X145 X146 X147 X150 X154 X155 X159 X160 X162
X164 X165 X167 X169 X173 X174 X175 X177 X178 X180 X181 X182
X188 X191 X195 X196 X197 X204 X206 X208 X209 X222 X224 X312

9 X139 X141 X171 X185 X193 X194 X225 X238 X273
5 X217 X242 X264 X282 X385 X397 X401 X405
4 X126 X127 X129

According to the degree of risk, it is divided into ten categories. Banks
should give priority to the ten categories and gradually reduce the amount
of loans. When the total amount of loans is 100 million yuan, the enterprises
in the front of the ladder give priority to the amount of loans. When the
total amount of loans of all the enterprises in front exceeds 100 million, the
enterprises in the back step will not be able to obtain loans. The loan
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Table 3
Loan scheme
Types (from low risk to | Enterprise loan amount | Proportion of bank loan
high risk) (million) amount (%)
0 [0,100] 100
8 [0,90] 95
6 [0,80] 90
7 [0,70] 85
1 [0,60] 80
3 [0,50] 75
2 [0,40] 70
9 [0,30] 65
5 [0,20] 60
4 [0,10] 55

amount and proportion of different types of enterprises are different, and
the specific loan scheme is shown in Table 3.The interest rate of each
enterprise has been calculated, as shown in the appendix material result3
data.

6. Conclusions and suggestions
6.1 Model Evaluation

The model established by qualitative and quantitative analysis of
corporate credit risks is more rigorous and comprehensive in scope. The
model avoids the subjectivity of data, does not rely on objective functions
or test results, and accurately describes the overall impact of influencing
indicators. In addition, there are no strict limitations on sample size, data
distribution, and number of indicators, making it suitable for small sample
data and large-scale systems with multiple units evaluation and indicators,
and more convenient and flexible.

6.2 Future improvement

The solutions and methodologies are extensively applied in various
field [14-17] with effectiveness and beneficial. This solution will be
considered by the following items: (1) DNN dense link NN algorithm is
easy to over fit and fall into optimum local points. (2) It is difficult to select
the corresponding quantitative indicators for the data of each indicator. (3)
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It is impossible to predict the credit rating of enterprises in different
periods.
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