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Abstract

Small and medium-sized enterprises (SMEs) are considered a significant aspect of the
national economic system that improves employment opportunities, enhances the standard of
living, and paves the way for economic and sustainable development with technological
innovation. In today’s business environment concerning big data and deep learning, it remains
paramount for SMEs to utilise big data services in a more compatible manner. Therefore, it has
adopted the inception. With the era of big data in China, the swift evolution of information has
affected the economic environment. As for SMEs, precise market research has based on marketing
must. Therefore, the concerned party must provide, which necessitates screening enormous market
information to obtain both parties’ helpful information. To address this aspect, in this work, a
method called Linear Scaling Tau and Temporal-aware Long Short Term Memory-based (LST-
TLSTM) Financial Predictive analysis is proposed to predict the financial assistance of an
organisation in an accurate and timely manner, therefore, minimising the errors in prediction for
SME:s. First, using a Linear Scaling-based Preprocessing model has pre-processed the company’s
data or features. Second, the Kendall Tau Correlation Coefficient-based feature selection model
has selected the relevant features of the processed data for further processing. Finally, utilising
Temporal-aware Long Short Term, memory-based Financial Predictive analysis model has made
the predictive financial analysis. Experimental results on the Chinese financial dataset have
demonstrated higher prediction accuracy with a better time and error rate of the LST-TLSTM
method than that of the other two state-of-the-art methods.

Keywords: Small and Medium-sized Enterprises, Big Data, Deep Learning, Linear Scaling,
Kendall Tau, Correlation Coefficient, Long Short Term Memory
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1. Introduction

Financial credit reporting refers to a set of data sequenced in a sequential order that into
uni-variate financial credit has to split typically and multivariate financial credit following the
attribute's dimension. Hence, financial credit is one of the moderately complicated data types in
data analysis that is extensively appertained in finance, economics, industrial engineering, etc. The
financial credit not only possesses high dimensional features like long time dimension factor, huge
attribute variables, and enormous voluminous data, but circumstances like uncertainty, dynamics,
and conceptual drift have completed also. These features make it unfeasible to straightly and
efficiently apply the conventional materials and methods to data mining and analysis of financial
aspects. Specifically, the tremendous data model in the era of big data has underscored the

significance of deep learning methods.

Knowledge discovery was made properly with the obtained patterns has obtained a
Multidimensional Attribute Sparse Large Data (MASLD) proposed in [1] based on big data to
perform clustering analysis wherein the patterns. Here, clustering utilised the holistic distance
between financial credit via sparse extensive data and multidimensional attribute large data. The
clustering was performed based on the overall distance matrix and component approximate
distance matrix. The proposed MASLD method reflected the overall data features significantly
and enhanced the clustering effect via correlation relationship between essential elements. As a

result, to be satisfactory, find the clustering accuracy involved in financial credit reporting.

Big data bestows extensive research prospects for in-depth research and apprehending
market behaviour on the financial aspect. However, the issues addressed for high-frequency data
or big data are comparatively less than the issues concerning low-frequency or traditional data.
Hence, volatility remains a significant aspect or index of market risk and is, therefore, more
important to investors, government regulators and capital markets. To this end, a support vector
machine was introduced in [2] to enhance the business's short term and long term volatility. With
this linear non-separable function employed with SVM, the short- and medium-term prediction
accuracy for range volatility improved.

Motivated by the above two works and the state-of-the-art works presented in the literature

sections, this work improves prediction accuracy, prediction time and error rate involved in
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financial Big Data predictive analysis, Linear Scaling Tau and Temporal-aware Long Short Term

Memory-based (LST-TLSTM) method proposed.

1.1 Contributions

To summarise, the contributions of this work are listed below.

e To design an efficient method for financial Big Data predictive analysis involving huge
samples.

e To handle class imbalance between features using Linear Scaling-based Preprocessing
model.

e Kendall Tau Correlation Coefficient-based selection model is applied to the raw sample
Chinese finance data instances to find the relevant features.

e To get better prediction accuracy with minimum time and error rate by selecting the
computationally efficient and relevant features using Temporal-aware Long Short Term
Memory-based Financial Predictive analysis algorithm.

e The performance of the proposed LST-TLSTM based soil quality prediction method
compared with the state-of-the-art methods.

e Finally, using the Chinese Development Finance Dataset with different performance
metrics for a series of experiments. The metric assessment results like prediction accuracy,
prediction time, and identifying the LST-TLSTM method’s performance improvement

over the existing works have utilised error rate.

1.2 The organisation of the work

The remainder of our paper is structured as follows. Section 2 reviews the literature on
financial predictive analysis for SMEs using optimisation, machine and deep learning. Section 3
explains the construction and theory of the proposed method, Linear Scaling Tau and Temporal-
aware Long Short Term Memory-based (LST-TLSTM) Financial Predictive analysis. Section 4
discusses the results of the experiment. Section 5 has provided implications of the study. Finally,

Section 6 gives conclusions.
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2. Related works

Small and medium-sized enterprises (SMEs) are a significant aspect globally. In China,
SMEs are the basics of economic evolution and have become paramount drivers of social progress.
The Chinese government has developed several policies to aid the evolution of private companies,

consisting of both credit increases and minimisation concerning taxes and fees.

In [3], proposed a systematic literature review on designing enterprise data strategy for
influencing data science strategy. However, business model transformation proposed another
business model transformation for small and medium enterprises for business analytics in [4]. In
[5], time-series-based stock prices were proposed based on the investment portfolio and
predictions. A long-short-term-memory-based deep neural network designed a new regression
model with this objective. To construct an investment portfolio using an optimisation model,

reducing the error significant utilised the resultant prediction.

Financial ratios were utilised via an accounting model and constructed several bankruptcy
prediction methods for SMEs. In addition, a bankruptcy prediction method for SMEs utilising
transactional data and payment network—based variables was utilised [6]. Moreover, offline and
online tests were also performed for predictive potentiality and economic benefit of transactional
data—based variables, improving accuracy. However, with high data disparity, the error rate was
also increased. The multitask feature extraction model was designed in [7] to select highly
significant and relevant user features effectively and precisely from an incredibly immense number

of user feature fields.

With the increasing evolution of the Internet of Things (IoT) technology, many fields
designed several loT-based applications. Some fields are finance, [oT-based healthcare, managing
resources, and industrial financing. As far as banks and financial organisations are concerned, IoT
solutions assist in gaining real-time data, resulting in a more efficient evaluation algorithm of

financial risk management.

In [8], Particle Swarm Optimization (PSO) based Backpropagation (BP) neural network
was proposed for financial risk management in banks with the aid of IoT. Here, a nonlinear parallel

optimisation method using Hadoop Distributed File System (HDFS) techniques was proposed both
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for on-balance sheet items and off-balance sheet items. This design of Big Data clusters, in a

significant manner, find to reduce processing time.

As the probability has referred to the credit risk of SMEs in Supply Chain Finance (SCF),
the SME would not collect the amounts given for loans that are said to be derived from financing as far as
the SCF platform is concerned. However, said to be overlooked the behavioural data. Therefore, a novel
method called, DeepRisk was proposed in [9] to fuse enterprise demographic data and finance behavioural
data for predicting the credit risk of SMEs in SCF. With this, precision and, to a greater extent, improved
recall. However, another method to identify legal judgments [10] efficiently predicts credit risk and obtains

relevant features within efficient legal judgments.

FinTech, combining the integration of finance and technology, has become the business
catchword in recent years. However, though technology and coexists have said finance, only in the
recent few years it has been fully realised, narrating the connection of modern, specifically the

internet analogous in the financial services industry.

In [11], the antecedents of the utilisation of FinTech finance by businesses with the specific
purpose of concentrating on the ownership and governance and propose the business executions
that may alter the association with traditional stimulations for external finance. A detailed study
identified weak and robust credit rationing via innovation channels and proposed inferring the
negative influence in [12]. To further alleviate the problems of the prevailing methods in
trafficking with the non-stationary and nonlinear characteristics of financial time series data, an
ensemble method based on data denoising and wavelet transform (WT) was presented in [13] to

construct a data prediction method.

The financial market consists explicitly of stocks, futures, and bonds. Several research
persons dig into the financial field by constructing and designing different deep learning methods
to predict volatility, trends, and cost. For example, to propose a review of the artificial intelligence
method applied to stock tracing in [14]. However, another literature review and classification in
finance investigate banking in [15]. Finally, to ensure better assistance for the investors in the

financial data evaluation and decision-making process, a well found and proposed efficient data
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prediction method in [16] based on the financial data analysis integrated deep learning for further

analysing financial data based on deep learning.

In [17], blockchain was integrated with a fuzzy neural network to investigate the credit risk
of SMEs from the angle of supply chain finance. Also, via blockchain technology constructed, the
supply chain financial system and fused supply chain financial information into blocks. Moreover,
the fuzzy neural network was utilised in financial data processing and risk assessment, efficiently
addressing and enhancing the risk processing level of the supply chain. Finally, in [18], a machine

learning approach was designed to predict the performance of rural bank structures in Ghana.

Financial supervision plays an essential role in constructing a market economy, but
financial data is a non-stationary, nonlinear, and low signal-to-noise ratio, so an effective financial
detection method is needed. In [19], two machine learning techniques, namely, decision tree and
random forest, are utilised to detect the company’s financial data. In addition, ensure a systematic
literature review on SMEs using modern analytical techniques to provide enhanced predictive

results [20].

Based on the materials above and methods in this work, Linear Scaling Tau and to predict
financial assistance using the Chinese Development Finance Dataset proposed Temporal-aware
Long Short Term Memory-based (LST-TLSTM) Financial Predictive analysis. The following
sections provide a detailed description of the LST-TLSTM method.

3. Methodology

Improving access to financing for small and mid-size enterprises (SMEs) is a topic of much
interest to policymakers and academics. Moreover, upon comparison with the larger firms, the
SME sector is exceedingly sensitive owing to the availability and accessibility of big data. Also,
with the Big Data available in the market, SMEs are pushed in screening enormous market
information to obtain helpful information. In this work, a method called Linear Scaling Tau
provides timely proposed Temporal-aware Long Short Term Memory-based (LST-TLSTM)
Financial Predictive analysis accurate inputs with minimum error to the concerned parties. Below

has shown the block diagram of LST-TLSTM.
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Figure 1 Block diagram of Linear Scaling Tau and Temporal-aware Long Short Term

Memory-based Financial Predictive analysis

The above figure has split into three sections of the proposed LST-TLSTM method. They

are pre-processing using Linear Scaling, feature selection using Kendall Tau Correlation

Coefficient, and predictive financial analysis by utilising Temporal-aware Long Short Term

Memory. The following sections have given a detailed description of the LST-TLSTM method.

Linear Scaling-based Preprocessing model

The tremendous heightening in the scale of data has been noticed in recent years as a crucial

element as far as Big Data for SMEs is concerned. Hence, big data addressing is challenging and

time-consuming and necessitates a substantial computational framework to make specific

successful predictive analyses. Moreover, the imbalanced class nature of the raw dataset creates

massive havoc compromising the entire predictive model involving financial Big Data for SME:s.
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In this work, a Linear Scaling-based Preprocessing model is applied to the raw financial big data

to handle a class imbalance effectively. Figure 2 shows the block diagram of the Linear Scaling-

based Preprocessing model.
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Figure 2 Block diagram of Linear Scaling-based Preprocessing model

As shown in the above figure, the Linear Scaling-based Preprocessing model is presented,
consisting of the raw data, the shift from relational data into SME network, and the handling of
class imbalance among the model features or variables. For example, in the real world financial
dataset, most of the credit samples are creditworthy or negative class, and the remaining credit
samples are non-creditworthy or default cases or positive class. In other words, the financial

dataset involving both temporal and geographic coverage reveals a class imbalance distribution.

In small business financial predictive analysis data modelling, misclassification of non-
creditworthy projects is extensively higher than misclassifying creditworthy projects as non-

creditworthy. Therefore, we removed samples from both the features and the data space during the
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data pre-processing by obtaining new negative class samples via linear function normalisation.
This class imbalance update finally in the minority samples improves the prediction accuracy even

with big data.

The first step here remains in constructing a feature evaluation matrix. Based on the input
data object set ‘F’, the dataset consists of ‘n’ data. All the data comprises ‘m’ features, then the
expression form or the feature matrix ‘FM’ (i.e., raw financial data) of the class object is

mathematically stated below.

F11 F12 Fln
FM — F21 F22 " FZTL (1)
le sz an

In practical applications, the dimension of each feature in the Global Chinese Development
Finance dataset is distinct. Therefore, to eliminate the corresponding grouping influence, discarded
the influence of dimension on distinct features. The data of target objects or projects for
sanctioning by the institutions should be analogous to estimate each feature's contribution to the
overall grouping. Hence, the above feature evaluation matrix is normalised based on the dimension
of the feature. Our work performs this by employing Linear Function Normalization (i.e., relational

data in an SME network).

Fij—Min [Fy;]

FMNorm;; = —— [Fij]- Min [Fyj]

2

From the above equation (2), ‘FMNorm,;’ represents the feature matrix evaluated after
normalisation for the corresponding features, ‘F;;” from the feature matrix before normalisation.
‘Fy;°, ‘Min [Fi j] >, ‘Max [Fl- j] > representing the minimum and maximum values of distinct features

2

in the original dataset. Finally, the feature matrix after normalisation. ‘FMNorm;;’ is further

modelled as an optimal feature matrix (i.e., class imbalance handling) by employing the Weighted

Scalar function, ‘FMNorm;;,0 < FMNorm;; < 1°.
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_ ymn __PMNormy
WS = Zi,j=1 SUM (FMNOTmij) (3)

From the above equation (3), the weighted scalar function ‘WS’ is obtained based on the
feature matrix evaluated after normalisation. ‘FMNorm;;’ and the sum of its respective values
‘SUM (FMNormij)’. If the resultant value of the optimal feature matrix is ‘1°, then it is

considered the optimal feature evaluation model for handling class imbalance issues. Given below
has been formulated mathematically. Finally, given below is the optimal class balanced pre-

processed data.

11 .. 1
PD = FMNormg, = 1 1 = 1 4)
11 .. 1

With the above results as in (4), the noise reduced pre-processed data or processed is

obtained. Given below is the pseudo-code representation of Linear Scaling-based Preprocessing.

Input: Financial Dataset ‘DS’, Features ‘F = F;, F,, ..., E,’

Output: noise-reduced optimal class balanced pre-processed data ‘PD’

1: Initialise data ‘“‘n’’, features ‘m’

: Begin

: For each Financial Dataset ‘DS’ with Features ‘F’

: Obtain feature matrix ‘FM’ of the class object as in (1)

: Convert relational data into SME network using Linear Function as in (2)
: Evaluate Weighted Scalar function for each feature as in (3)

: Return optimal class balanced pre-processed data ‘PD’ as in (4)

: End for

: End

O 0 3 O W»n B~ WD

Algorithm 1 Linear Scaling-based Preprocessing

As given in the Linear Scaling-based Preprocessing, the objective remains to pre-process
the data by handling class imbalance so that a more significant extent reduces the predictive error.
With this objective, two distinct functions, linear and weighted scalar functions, are applied to the

raw feature matrix data. By applying these two functions, the class imbalanced learning
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performance is investigated separately for each class or feature, improving the prediction error

rate.
3.1 Kendall Tau Correlation Coefficient-based feature selection model

Upon successful pre-processing of raw data performed using linear scaling function, the
next step in predictive Big Data analysis for SME is the feature selection. Selecting pertinent
features is paramount for enhancing prediction accuracy and minimising computation time.
Feature selection is considered the dimensionality reduction model that minimises dataset
dimensionality by eliminating irrelevant and redundant features. Moreover, it enhances the
predictive model’s interpretability specificity and minimises its cost. Based on mutual information,
the correlation between labels and features is measured to identify the redundant features and
discard the same from further processing using Kendall Tau Correlation Coefficient. Figure 3

shows the block diagram of the Kendall Tau Correlation Coefficient-based feature selection model.
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Figure 3 Block diagram of Kendall Tau Correlation Coefficient-based feature selection

As shown in the above figure, with the pre-processed data provided as input, the Kendall
Tau Correlation Coefficient measures the correlation between two feature vectors and ‘z’ (tau)
represent. Here, by employing the Kendall Tau correlation coefficient, the correlation between

labels and features is first measured, identifying the redundancy between features for the pre-
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processed data evaluated followed the highest correlation. Therefore, the total number of projects

below has based on the sample rank correlation and total financial value.

Table-1 Sample rank correlation based on the total number of projects and total financial

(total financial

value)

value
Pre-processed S1 S, S3 S Ss Ranking
data
Rank R; by| 152 | 224 | 303 425 250 $,>85>5>5,>5
(total number
of projects)
Rank R; by | 25000 | 3850 | 3125 | 51455 | 38325 S4>85:>5,>5,>8;

Let us consider two different features (i.e., the total number of projects ‘F;’ and total

financial value, ‘F;”) from the input data set with the pre-processed data to perform correlation.

Given below, stated mathematically.

F

1
Al_ m

_E i—

i—Fj

t= v (A43-41)(A3-43)

1 X (X — 1)

Az = %21]'21 E(Yj - 1)

Ay = %5(5 -1

)
(6)
(7
(®)

From the above equations (5), (6), (7) and (8), ‘A;’ is obtained by combining the similar

features in ‘F’ into a small set represented by ‘m’ and ‘X;’ represents the number of features in

the ‘i — th’ set. In a similar manner, ‘A,’ is evaluated based on the set ‘Y’. The smaller set has

combined the similar features in ‘Y”, represented by ‘n” and ‘Y;” denotes the number of features in

the ‘j — th’ set. With the presence of multiple features in the Chinese development finance data

set, and the feature ‘F;” with the highest correlation is mathematically formulated as given below.
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Res(t) = KCC(F; — F;) = MAX [1] 9)

The above Kendall Correlation Coefficient ranges from ‘—1’ to ‘1’. When ‘Res(t)’ is

equal to ‘1’ (i.e., relevant features), which means that the resultant value possesses consistent rank

3

correlation; on the other hand, when ‘Res(t)’ is ‘—1’ (i.e., irrelevant features). Below is the

pseudo-code representation of Kendall Tau Correlation Coefficient-based feature selection.

Input: Financial Dataset ‘DS’, Features ‘F = F;, F,, ..., E,’

Output: Computationally relevant feature selection

1: Begin

: For each financial Dataset ‘DS’ with Features ‘F’ and pre-processed data ‘PD’
: Measure correlation between labels and features as in (6)

: Estimate Kendall Correlation Coefficient between features as in (7)

:If ‘Res(t) = 17

: Ensures consistent rank correlation

: Features are relevant ‘RF’

: End if

:If ‘Res(t) = -1°

O 0 3 N n A~ WD

10: Ensures inconsistent rank correlation
11: Features are irrelevant ‘/IRF’

12: End if

13: End for

14: End

Algorithm 2 Kendall Tau Correlation Coefficient-based feature selection (project ID,
recipient, implementing agency, implementation start and completion time, geographical
location, recommendation for aggregates, funding agency, receiving agency, project

implementation score, loan detail score)
As given in the above Kendall Tau Correlation Coefficient-based feature selection

algorithm, the objective remains to select the relevant features computationally efficiently. With

this objective, first, the features in consideration are obtained for which the Kendall Correlation
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Coefticient is applied and evaluated. Next, with the highest correlated features remain the features
of highly relevant and selected features, whereas the lesser correlated features remain of less
relevance and hence discarded from further processing. Therefore by selecting the highly

correlated features, computationally efficient relevant features are selected.

3.2 Temporal-aware Long Short Term Memory-based Financial Predictive analysis

model

Finally, with the pre-processed data and relevant features selected, predictive analysis for
financial assistance to SMEs are performed by employing LSTMs are a type of network that
preserve the memory of previous prediction (i.e., financial pre-processed data of the selected
features) and are potential enough for learning long term dependencies (i.e., performing future
prediction). In our work, the selected relevant features applied Temporal-aware Lon Short Term,

the Memory-based Financial Predictive analysis model.

The advantage of Temporal-aware LSTM remains in initially predicting the value and then
storing it to be utilised in addition to the next value of input for further processing based on the
temporal factors. Therefore, the training process of the Temporal-aware Long Short Term,
Memory-based Financial Predictive analysis model can better learn the temporal relationship
between financial data and also maintain stronger robustness. Figure 4 shows the structure of the

Temporal-aware Long Short Term, Memory-based Financial Predictive analysis model.

\ 4
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Figure 4 Block diagram of Temporal-aware Long Short Term Memory-based Financial

Predictive analysis model

As illustrated in the above figure, Temporal-aware Long Short Term Memory-based
Financial Predictive analysis performs the entire function by utilising 4 distinct stages initial
prediction ‘Inpﬁi’, ignoring, forgetting ‘For,,fi’ obtaining cell state ,?i’ and output ‘O}Ei’
respectively. Given a project ‘F;” The temporal value is mathematically formulated as given below

to be allocated for financial assistance by the institution.
Tempf, = @ (RFf, ef,r,) (10)

From the above equation (10), the temporal value ‘Temp’ for the corresponding feature
(i.e., project) ‘F;’ at the time ‘t’ is measured based on the relevant features ‘RF,Ei’ at the time ‘t’

and the edges or features ‘e};ii'Fj’ at the time ‘t’ respectively.

Inpi, = 0 (Wonp [HE", Tempy,|) (1D
Forf, = o (Wyror[HE ", Temp},]) (12)
Ck = Forf, © CE* + Inpf, O tanh (Wyc[HE ", Tempf.]) (13)
Of, = 0 (WyolHE ", Tempt,]) (14)
Hf. = 0f O tanh(Cf) (15)

From the above equations (11), (12), (13), (14) and (15), ‘©®’ represent the element-wise

<

multiplication, ‘Wymp’, ‘Werer’, ‘Wyc” and ‘W,° denoting the weight of the input gate, forget

gate, cell state and output gate for the previous temporal ‘Hﬁi_l’ and the current temporal ‘H ﬁi’
value respectively. Finally, output in the output unit ‘OEL. > provide the predicted results. Below is

the pseudo-code representation of Temporal-aware Long Short Term Memory-based Financial

Predictive analysis.
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Input: Financial Dataset ‘DS’, Features ‘F = F;, F,, ..., E,’

Output: Accurate and precise financial predictive analysis

1: Begin
: For each Financial Dataset ‘DS’ with pre-processed data ‘PD’ and relevant features ‘RF’
: Obtain temporal value as in equation (10)
: For each temporal values

: Estimate input gate as in equation (11)

2
3
4
5
6: Estimate forget gate and cell state as in equations (12) and (13)
7: Estimate the output gate as in equation (14)

8: Return predicted results

9: End for

10: End for

11: End

Algorithm 3 Temporal-aware Long Short Term Memory-based Financial Predictive

analysis

As given in the above algorithm, the objective remains in obtaining accurate financial
prediction for assistance provided for various projects from the funding agencies. As the disbursal
of finance differs from time to time for various projects from the funding agencies, it initially
obtained a temporal value. Then, with the obtained temporal value and relevant features as input
provided in the input unit, a more fine-grained processing unit is utilised to store in the
corresponding cell state, update the pre-processed context data transferred between hidden layers,
and control the flow of pre-processed financial data information utilised a gate control unit.
Finally, in the output layer, with the relevant features, the conditionality checking for features,
project implementation score and loan detail score is made and accordingly provided as output,

ensuring accurate and precise financial predictive analysis.
4. Results and Discussion

The proposed Linear Scaling Tau and Temporal-aware Long Short Term Memory-based
(LST-TLSTM) Financial Predictive analysis is implemented in the Python environment using
Global Chinese Development Finance Dataset. The proposed method is related to the existing

predictive models, Multidimensional Attribute Sparse Large Data (MASLD) [1], and support
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vector machine [2] for predictive financial analysis. The methods are validated using the Global
Chinese Development Finance Dataset for a fair comparison. This analysis made the best classifier
for predictive financial analysis. The entire dataset is split into training and test data for each
validation to improve accuracy. This process is repeated ‘n’ times or ‘n’ simulation runs. In this

work, ‘n = 10’ simulation runs are used to analyse the developed method.
4.1 Performance metrics

Different performance metrics are utilised in the proposed method to predict financial
analysis using a Chinese dataset for SMEs. In addition, prediction accuracy had carried out in an

experimental evaluation, prediction time, and error rate concerning the number of data points.

Prediction accuracy: The first and foremost parameter involved in predictive financial analysis
with big data concern is the financial prediction accuracy or simply prediction accuracy. It has
assessed the analysis of prediction accuracy deduces how far the financial aspect for the related
parties (i.e., individual or financial distributing agency). Given below has been formulated

mathematically.
s
Facc = Z?:lsiip * 100 (16)

From the above equation (16), the prediction accuracy, ‘P,..’ is evaluated based on the
samples ‘S;’ involved in the simulation and the number of samples accurately predicted, ‘S,p’. In

terms of percentage measured.

Prediction time: The second predominant metric involved in the predictive financial analysis
concerning big data is the prediction time. The prediction time refers to the time consumed in

predicting the financial aspects for SMEs and is given below mathematically formulated.
Ptime = Z?:lsi * Time [FPA] (17)

From the above equation (17), the prediction time, ‘P,  is measured based on the
samples involved in simulation, ‘S;’ and the time consumed in financial predictive analysis

‘Time [FPA]’. In terms of milliseconds (ms) measured.
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Error rate: While predicting financial analysis for individuals or a project, a significant error
occurs by wrongly predicting the project implementation score or loan detail score. Given below,
mathematically expressed the error rate in our work.

Err =222 4100 (18)

c

From the above equation (18), error ‘Err’ is measured based on the samples wrongly
predicted with the score, ‘Sy,p’ to the sample's actual scores. ‘S¢’. In terms of percentage (%)

measured.
4.2 Performance analysis

The proposed Linear Scaling Tau and the Chinese financial dataset have implemented the
Temporal-aware Long Short Term Memory-based (LST-TLSTM) Financial Predictive analysis
method. First, the proposed method performs financial prediction according to the projection
implementation and loan detail scores. Next, using Linear Scaling-based pre-processing to address
class balancing performed the financial data pre-processing for different projects by several
funding agencies. Followed by which, Kendall Tau Correlation Coefficient-based feature selection
algorithm is applied to the processed data, therefore selecting computationally efficient relevant
features. Then the selected features are provided as input to the Temporal-aware Long Short Term
Memory-based Financial Predictive analysis algorithm to predict financial assistance provided to
the public for the specific project. Finally, evaluate the different performance metrics. The
proposed LST-TLSTM method provides comparatively better outcomes in performance metrics
for the Chinese financial dataset than the existing methods of MASLD [1] and supports vector

machine [4] in terms of prediction accuracy, prediction time and error rate performance results.

4.2.1 Performance results of prediction time

This section provides the performance analysis of prediction time based on the graphical
representation. To illustrate, the graphical representation of prediction time has given below in

Figure-5.
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Figure S Graphical representation of prediction time

As shown in the above figure, increasing the number of samples involved in the Chinese
development financial simulation dataset causes an increase in the predicted samples, increasing
the overall prediction time using all the three methods considered for comparison. However, with
simulations performed using 1300 samples, the prediction time was 318.5ms using the LST-
TLSTM method, 364 ms using [1], and 409.5 ms using [2], respectively. From the results, the
prediction time was comparatively lesser using the LST-TLSTM method compared to three other
methods. The prediction time improvement was due to the Kendall Tau Correlation Coefficient
applied to the processed data for selecting relevant features subject to the highest correlation. As
a result, the prediction time using the LST-TLSTM method was reduced by 18% compared to [1]
and 31% [2].

4.2.2 Performance results of prediction accuracy

This section provides the performance analysis of prediction accuracy based on the

graphical representation. Figure-6 shows the graphical representation of prediction accuracy.
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Figure-6 Graphical representation of prediction accuracy

From the above figure, an increase in the number of samples provided as input results in
an increase in the samples involved in pre-processing. It, in turn, minimises the prediction accuracy
results using all three methods. To be more specific, increasing the samples involved in simulation
results minimises the accuracy. However, comparative analysis for 1300 samples shows 1245
samples correctly predicted using LST-TLSTM, 1205 samples using [1] and 1185 samples using
[2], therefore resulting in the accuracy of 95.75%, 92.69% [1] and 91.15% [2] respectively. From
this result, the prediction accuracy using the LST-TLSTM method was comparatively better than
the state of the art methods. The improvement was due to the Linear function and Weighted Scalar
function to address class imbalance for the raw Chinese financial data. With this linear and scalar
function, class balancing ensured obtaining class balanced processed data. As a result, it improves
prediction accuracy using the LST-TLSTM method by 8% compared to [1] and 13% compared to
[2].

4.2.3 Performance results of error rate

Figure-7 below illustrates the error rate results of the proposed LST-TLSTM method and

the existing two state-of-the-art methods using the Chinese Development Finance dataset.
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Figure 7 Graphical representation of error rate

From the above figure, the horizontal axis represents samples provided as input at different
time intervals for distinct project IDS recommended for aggregates according to the funding
agency type. The vertical axis denotes the error rate in terms of percentage. Therefore, the error
rate is directly proportional to the projects or samples provided as inferred input in Figure-7. To
be more specific, increasing the samples involved in financial assistance causes an increase in the
amount of data to be pre-processed, which increases the error rate. However, simulation results
found 1.69% error using LST-TLSTM method, 3.07% using [1] and 4.23% using [2]. From this
result, the error rate was comparatively lesser using the LST-TLSTM method compared with the
state-of-the-art methods. The minimisation of the error rate was due to the application of
Temporal-aware Long Short Term Memory-based Financial Predictive analysis for classification
purposes with the aid of two distinct features project implementation score and loan detail score,
respectively. Moreover, with the temporal factor taken into consideration, the error rate using the
LST-TLSTM method was said to be reduced by 27% compared to [1] and 41% compared to [2],

respectively.
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5. Conclusion

Accurate financial prediction remains the basis for significantly developing the business
environment and economic growth. Hence, early accurate and robust prediction of financial
aspects provided to individuals by funding agencies is a must as improper prediction results in a
severe negative influence on business environments, even resulting in informal credit choice. This
work proposes an effective financial prediction method based on Kendall Tau Correlation
Coefficient-based feature selection algorithm and Temporal-aware Long Short Term Memory-
based Financial Predictive analysis algorithm. The different processes involved in the design are
pre-processing, relevant feature selection and robust classification. First, the pre-processing data
stage is accomplished by handling imbalanced classes, followed by the normalisation process.
Next, the relevant and computationally efficient features are selected using the Kendall Correlation
Coefticient with the processed data. Then, it efficiently selects the computationally efficient and
relevant features from all the features. Finally, input to the Temporal-aware Long Short Term has
provided the selected features, Memory-based Financial Predictive analysis model. Here, a
temporal matrix to classify project implementation utilises the loan detail scores. Using the
Chinese Development Finance dataset in the Python environment has implemented the proposed
LST-TLSTM method. The simulation results validated that the LST-TLSTM method provides
better performance metrics like prediction accuracy, prediction time, and error rate than the

numerous state-of-the-art methods.
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