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THE IMPACT OF GREEN FINANCE DEVELOPMENT
ON ECOLOGICAL PROTECTION
BASED ON MACHINE LEARNING

Abstract: In the context of today’'s green development, ithis core task of the financial sector at all leviel
enhance the utilisation of resources and to guidehtgh-quality development of industries, espécial channel
funds originally gathered in high-pollution and msmeintensive industries to sectors with green and
high-technology, to achieve the harmonious devetgnof the economy and the resources and enviradnmen
This paper proposes a green financial text clasgiin model based on machine learning. The maniists of
four modules: the input module, the data analysidute, the data category module, and the clastditanodule.
Among them, the data analysis module and the dattegery module extract the data information of itimut
information and the green financial category infatibn respectively, and the two types of informatéwe finally
fused by the attention mechanism to achieve thesifieation of green financial data in financiatalaExtensive
experiments are conducted on financial text dadasatected from the Internet to demonstrate theesarity of

the proposed green financial text classificationhoe.
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I ntroduction

With the growing problem of environmental pollutiamd the gradual depletion of
resources for production, directing the focus obrexmic development towards green
high-tech industries is an inevitable choice fostainable economic development [1].
In this process, the government'’s various finandegdartments at all levels play the role of
the helmsman, and they need to formulate reasonadlieies according to the actual
situation of the market, so that the capital omldyn gathered in the high-pollution,
energy-intensive sunset industries will flow inteetindustries with green and high-tech.
Before formulating these financial policies, stdfbm various government financial
departments at all levels need to analyse thearasunt of textual data containing various
financial sectors to filter out the green high-téntiustries with potential for development.
However, it is a complex and time-consuming taskitbthrough such a large amount of
financial text data to identify green and high-téafustries with potential for development,
and it is difficult to guarantee that there will b0 % error-free sifting of financial data
over a long period, which inevitably affects théestific and rational nature of the final
policy. Therefore, it is of great value to studywht® make use of the rapidly developing
natural language processing technology to managndial text data efficiently and to
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provide government staff at all levels and in atlahcial departments with the accurate
content of green financial texts from the huge amati financial data.

Natural language processing is the use of computenalyse incoming linguistic
data and mine it for useful text data for human-gsoter interaction. One of the basic tasks
is financial text classification, where pre-taggédancial text data is trained to
automatically classify the required green finandiext data from a large amount of
financial text. The initial text classification tasvas performed manually, which is
a simple method but requires a high level of expelin the text to be classified and limited
accuracy in processing large amounts of data mnualter, due to the rapid development
of machine learning, there emerged decision trealetsosuch as classification by
restricting rules [2], plain Bayesian [3] classdimn methods that obtain classification
results by finding probabilities, support vector animes [4], and K-nearest neighbour
models [5] that calculate distances between dattdiistical means.

Recent research using deep learning on financidl deta has avoided the various
problems that exist in machine learning. Netwonkshsas Convolutional Neural Network
(CNN) [6], Recurrent Neural Network (RNN) [7], ardtention mechanisms [8] in deep
learning avoid the complex manual work of extragtieatures and greatly improve the
performance of financial text classification by@uttically learning features.

To further improve the accuracy of green finantgadt classification in financial text
data, and to ensure that governments and finaimsttutions at all levels can formulate
appropriate economic policies based on the classifin results so that the economy can
develop in a green and healthy way. This paperqeep a parallel BERT green financial
text classification model with an attention meclsami which can well identify the green
financial text data in the financial text data.

Related wor k

The classification of financial text data contamimgreen financial text data is
an important area of research. In the governmeanfial sector, deep learning techniques
can help staff to filter green financial text d&tam financial data and reduce the workload
of staff in the face of large amounts of finanaakta, and more and more researchers are
using natural language processing techniques ssi€jefinancial text data.

With the widespread use of CNNs in computer visioany researchers have started to
try to apply CNN methods to text classificationx#@\N [9] model improves the original
CNN input layer suitable for image data to oneahl# for text data, but the convolutional
kernel size in TextCNN is fixed, which can only rext local features in text of fixed
length, and cannot focus on the key informatiorteixt with a longer interval. The key
information at longer intervals cannot be focusadFor the model to focus on the global
information of the text, the long short term mem@c$pTM) [10] mimics the human state
when remembering, using three gates with a spstiatture that allows the network to
control the information flowing through, improvirthe classifier's ability to capture the
global information. Such methods show excellenssification performance when the text
length is short, however, if the length of the tegta is very long, the spacing of key
information in the text data will be large, weakenithe LSTM’s memory for the key
information and causing the LSTM's performance topdsharply when faced with long
text. Therefore, some researchers have considembining the CNN'’s ability to extract
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local information from text with the LSTM’s abilitio extract global temporal information
to improve the model’s performance in the tasklaésifying long English papers [11].

However, both the CNN model, which extracts loagafloimation, and the LSTM
model, which collects global temporal informatialg not take into account the overall
structured features of long text, and there i$ gibm to explore the performance of text
classification. At the same time, the input datathef above models are all obtained by
direct coding, which poses a significant burden texms of hardware overhead.
The proposed attention mechanism allows the mad&dus on meaningful words in the
text data to extract information from them thatnigortant for the classification task, and
the Self-Attention mechanism [12] is used to achiparallelised and accelerated training.
BERT [13] was inspired by Bi-LSTM [14] and usesiallvectional Transformer to extract
key information in the network. Some researchengeharoposed hierarchical attentional
hybrid sparse networks in long text classificatimodels [15]. Combining RNN with
a self-attention mechanism applied at the word samtence level, not only does the long
text structure as a text semantic feature incotpdranto the classification model but also
the RNN model used is sparse and the self-attemtiechanism is used to focus on the key
words and sentences to build the text classifiedehfil6].

Green finance text classification modé

The double BERT green financial text classificatinodel proposed in this paper is
mainly composed of input module, data analysis reyddata category module and
classification module. After inputting green fin@ictexts to the input module, the data
features of green financial texts are obtainedhim data analysis module, the category
features in green financial texts are extractetthéndata category module, and then the two
features are input to the classification modulej éinally the categories of input green
financial texts are predicted by linking the datatfires with the categories. The data
analysis module and the data category module ipttyeosed model use the same structure
to extract different features, and both modulestaiona BERT-based word embedding
layer and coding layer. The classification modutm the other hand, contains
a transformation layer, a fusion layer, and a diassion layer.

Input module

For both the data analysis module and the datgagtenodule, the input sequence
entered by the input module is a sequence of sessdn a batch of data set denote®4s
andN denotes the batch size. One of the sentencesecdertoted as:

SN = (Wit, Wiz, ...\Wii ... \in)

wherej is thej-th sentence in this batch of green finance temtesiesw; is thei-th word
in thej-th sentence, amd is the sentence length.

Word embedding layer

To obtain data features and category features @ergfinance text, Our dual BERT
uses a BERT pre-training model to map words intéixé from a low-dimensional space to
a multi-dimensional space one by one, providingrgdr model of language understanding
that can yield better information about the datathis paper, the two BERT pre-training
models are trained with the category features aatd teatures of the green finance text
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respectively, so that the model can fully obtaia #arious word embeddings in the green
finance text. The input of the BERT pre-trainingdabis the original word vector of the
green finance text S after the random initialisatmd word separation process.

Coding layer

The task of the coding layer is to encode the emlingdvector transformed by the
word embedding layer into a sequence vector contimich contextual semantic
information. The encoding layer uses a three-layaural network to encode the word
embedding vector. The input dimension of the irpyer is the embedding dimension of
the word embedding layer, the hidden layer dimen&@db12, and the output dimension of
the output layer is 3. The training objectives loé tdata category module and the data
analysis module are different, but the others heedame. The training objectives of the
data category module are Op})), 2(p,q), p, q are two entities in the green financial text,
and the training objectives of the data analysisluf® are 0, 1, and 2. The three-layer
neural network uses the ReLU activation functienemhance the nonlinearity of the neural
network model, and the ReLU activation function caccelerate the training speed
compared with other activation functions.

Conversion layer

The conversion layer mainly uses a linear transédion to calculate the variable
length of data features and category features.

If h_, andb,_, represent the data features and category feahafese entering the
conversion layer\V, andW, represent the conversion parameteysandb, represent the
bias, andh, andb, represent the data features and category feadfitrsconversion, then
the calculation formula of the conversion layer is:

ht = W:Lht—l + b1 (1)
b, =W,b,_, +b, (2)

Fusion layer

The task of this layer is to fuse the data featwned category features of the same
length obtained from the transformation layer tepare for the classification in the
classification layer. This model mainly uses theergtton mechanism to fuse the data
feature vectoh and the category feature vectoiof the text and calculates the attention
scorea for both. The attention mechanism originates fithe fact that humans selectively
focus on the key parts of all information while dgimg other visible information.
The attention mechanism used in our proposed ddBBRT is a modified scaled feature
attention.

The attention mechanism is calculated by first iplying the data featurl and the
category featurd, then dividing the length of the data featbreand the category featube
by the scaling operation, and the result can besamovhether to perform the mask
operation or not and then performing the softmdgutation. Finally, the attention scoee
of data featurén and category feature is obtained by dotting the result with category
featureb. This process is calculated by the following fotaau

a(h,b) = softm %]b ©)
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The model treats the attention score as the fieatufe link between the different
categories of features identified in the greenrfagatext domain, maps it to the resulting
space required by the task through a linear netwankl uses softmax to calculate the
probability that the relationship between the défg data categoriesys

y = soft max(Wa(h b) +1) (4)
whereW is the matrix that maps the vector to the out@auwamil is the bias.
The LOSS used by the model is:
LOSS = —(gi,Iny +(1-g)In(-y)) (5)

whereg; is the vector representation of the labgls, the true sample label.

Experiment

Experimental hardware: CPU is i7-10700k, memoryac#y is 16 GB, the graphics
card is RTX2080, video memory capacity is 8 GB, d@mhRlow2.0 deep learning
framework.

To verify the validity of the proposed model, a @mefinance dataset containing
361,744 green finance text data was crawled framAftnd financial database in this paper,
and the specific composition is shown in Table 1.

Table 1
Green finance text dataset
Green Credit Major banking institutions green areduation table 2013-2019
Green Credit Breakdown of green predlt !nvestment by major bagki 2013-2019
institutions
Green Credit Green Credit Fact Sheet (by Bank)Jyea 2008-2019
Green Credit Green Credit Support Project Environmental Bendfitble (by 2007-2019

Bank) [year]
Green Credit Details of green credit investmentHlbyk) [year] 2008-2019
Breakdown of loans to the two high and one leftamdustries

Green Credit (by Bank) [year] 2007-2019
Green Credit Green Credit Card Business Statiatde (by Bank) [year] 2009-2019
Green Bonds Table of information on green bondseidslomestically [day] 2016-2019
Green Bonds Information Table of Green_ Bonds Issued Oversed3digestic 2015-2019
Entities [day]
Green Operation Table of Green Affair OperationsBank) [year] 2005-2019
Carbon Finance China Carbon Emissions Trading rimédion Sheet [day] 2013-2019

Comparison experiment

In order to verify the superiority of the modeltext classification, TextCNN, BERT,
BERT+RNN, BERT+CNN, BERT+Bi-LSTM, BERT+Transformexnd models in this
paper are compared for different evaluation metiihile comparing the classification
ability of different models on the green financettdataset crawled in this paper, three
Chinese datasets RCV1-V2, simplify _ 4 _moods (abated as s4m), online_shopping_
10_cats (referred to as 0s10c) to test the perfocmaf the model in handling different text
classification tasks [14]. To prevent chance resuit a single experiment, the various
models were run 10 times to find the mean valued,the classification results obtained on
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Accuracy, Precision, Recall, and F1 measure valaduation metrics are shown in Tables

2-5.
Table 2
Classification accuracy
Network hame RCV1-V2 4m 0s10c ours

TextCNN 0.63 0.61 0.56 0.58
BERT 0.70 0.63 0.58 0.60
BERT+RNN 0.82 0.73 0.72 0.71
BERT+CNN 0.86 0.83 0.86 0.78
BERT+BILSTM 0.87 0.83 0.87 0.79
BERT+Transformer 0.89 0.87 0.83 0.83
Ours moudle 0.89 0.92 0.91 0.96

From the comparison of Accuracy rates in the Tahléhe TextCNN model has the
lowest accuracy on each dataset, followed by BERTis is because these two methods
cannot fully extract various features in the dathe downstream task can capture some
structural information by CNN or BIiLST, but the eadtion ability is limited. The accuracy
of our model is the highest in all datasets, andisiton par with BERT+CNN,
BERT+BILSTM, and BERT+Transformer models in the RIGV2 dataset, and reaches
0.92 in the s4m dataset, which is higher than #& BERT+Transfer model (0.87) in the
0s10 dataset. The accuracy on the 0s10c datasgtester than that of the best
BERT+BIiLSTM model (0.87), and the accuracy on thmslataset is 0.92, which is higher
than that of the best BERT+Transformer model (Q.&nd the accuracy on the 0s10c
dataset is 0.96, which is much higher than thabefother models.

Table 3
Classification precision
Network hame RCV1-V2 4m 0s10c ours
TextCNN 0.65 0.65 0.62 0.54
BERT 0.75 0.67 0.60 0.64
BERT+RNN 0.80 0.79 0.71 0.69
BERT+CNN 0.83 0.89 0.85 0.75
BERT+BILSTM 0.86 0.83 0.83 0.77
BERT+Transformer 0.88 0.86 0.83 0.81
Ours moudle 0.88 0.93 0.90 0.95
Table 4
Classification recall
Network hame RCV1-V2 4m 0s10c ours

TextCNN 0.72 0.63 0.69 0.63
BERT 0.75 0.61 0.61 0.70
BERT+RNN 0.83 0.76 0.75 0.75
BERT+CNN 0.89 0.82 0.85 0.81
BERT+BILSTM 0.90 0.86 0.83 0.82
BERT+Transformer 0.86 0.87 0.82 0.83
Ours moudle 0.90 0.91 0.89 0.94

From the comparison of Precision rates in the aliabke, the proposed model gets the
same Precision on the RCV1-V2 dataset as the BERInsformer model, slightly higher
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than the BERT+CNN and BERT+BILSTM models, and higthen the TextCNN, BERT
model, and BERT+RNN model. The highest Precisiomhtained on the datasets s4m,
0s10c, and this paper, which are higher than tese®8&6, 0.83, and 0.81 of the comparison
models, respectively, reflecting the effectivenedsthis paper's model for the text
classification problem.

From the comparison of Recall in the above talile, model in this paper achieves
optimality on all datasets and is on par with tHeRE' +BiLSTM model on the RCV1-V2
dataset. In the s4m dataset, the recall of thisaihadd the BERT+Transformer model is
0.91 and 0.87 respectively, which is better thanabmparative experimental model. In the
0s10c dataset, the recall of this model is 0.89ickwhis higher than that of the best
BERT+CNN model (0.85), and in the green financaskt;, the recall of this model is 0.94,
which is much higher than that of the best BERTH&farmer model (0.83). The model
has been effectively improved.

Table 5
Classification F1 measure
Network hame RCV1-V2 Am 0s10c ours
TextCNN 0.68 0.64 0.65 0.67
BERT 0.75 0.64 0.60 0.72
BERT+RNN 0.81 0.77 0.73 0.77
BERT+CNN 0.86 0.87 0.85 0.81
BERT+BILSTM 0.88 0.84 0.83 0.80
BERT+Transformer 0.87 0.86 0.85 0.82
Ours moudle 0.89 0.92 0.90 0.93

From the comparison of F1 measure in the above taibls model achieves the same
value as the BERT+BILSTM model on RCV1-V2 datage9?2 on the s4m dataset, 0.87
and 0.86 for the BERT+CNN model, and BERT+Transtarmmodel respectively,
TextCNN model and BERT model have the lowest valilee F1 measure of this model
reaches 0.90 in the 0s10c dataset, which is higter the best BERT+Transfer model
(0.85), and the highest F1 value of this model meac0.93 in the green finance dataset,
which is higher than all the models compared.

The above comparative experiments show that thepgsexd dual BERT Green
Financial text classification model based on therdion mechanism performs well in all
aspects. Compared with the comparative experimemadel, the classification
performance has been improved to varying degregkit@an complete the accurate task of
green financial text data classification.

Conclusion

In this paper, a dual BERT green finance text digaasion model with an attention
mechanism is designed. The overall design of thalehdncludes an input module,
a data analysis module, a data classification nmdaihd a classification module.
The experimental results show that the classificediccuracy of the model proposed in this
paper reaches 96 % for the collected green findat® which can effectively improve the
efficiency of personnel at all levels in the grdgmance sector and achieve the coordinated
development of the economy, resources, and envieahm
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