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This study focuses on the quantitative classification of the degree of
transformation of enterprise business finance integration, and proposes a classification
framework based on improved machine learning algorithms, aiming to provide an objective
and comparable quantitative analysis method for this field. In terms of model selection, this
study systematically evaluated various mainstream classification models including
XGBoost, Random Forest, SVM, and BP Neural Network. The experimental results show
that in the quantitative classification task of the degree of transformation of business finance
integration, the random forest model performs the best in the comparative model, with a
classification accuracy of 93.8%, and also leads other comparative models in key
performance indicators such as precision, recall, and F1 score. It is worth noting that the
improved model proposed in this study further improved the classification performance,
with an accuracy 1.4 percentage points higher than the optimal random forest model,
reaching 95.2%. At the same time, the improved model also comprehensively surpassed the
random forest model in accuracy, recall, and F1 score. These results fully demonstrate that
the improved model proposed in this study has significant advantages in the quantitative
classification analysis of the degree of transformation of business finance integration, and
can provide higher accuracy classification results. Therefore, this model provides a powerful
quantitative tool support for scientific evaluation and effective promotion of the process of
enterprise financial integration transformation.

The degree of integration and transformation of business and finance,
quantitative classification, machine learning, quantitative tool support

The wave of big data has profoundly reshaped the operational logic and management paradigm of
enterprises, driving the transformation of management accounting from traditional accounting
supervision to strategic value creation through deep business integration [1]. Massive, high-speed,
and diverse data provide unprecedented insights for management accounting, but also expose pain
points such as information lag, high financial barriers, and weak decision support under traditional
models [2]. The intensification of market competition, accelerated technological iteration, and
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stricter regulatory requirements collectively constitute the core external driving force for promoting
the integration of management accounting and finance. Related studies have pointed out that
enterprises urgently need to rely on data resources to connect business flow, capital flow, and
information flow, and achieve real-time dynamic value insights and risk warnings. This is the key
path to enhancing core competitiveness [3]. The "14th Five Year Plan for Accounting Reform and
Development" issued by the Ministry of Finance also emphasizes the need to "promote the internal
expansion of accounting functions", and the integration of business and finance has become the core
proposition of modernizing management accounting.

Scientific and quantitative classification of the transformation stage of business finance
integration has significant practical guidance and evaluation optimization value. It provides a clear
"transformation positioning instrument" for enterprises, enabling them to accurately identify their
own stage and formulate matching resource allocation and promotion strategies, avoiding blind
investment in a "one size fits all" approach [4]. This classification constructs an objective evaluation
scale, enabling enterprises to horizontally benchmark industry benchmarks, vertically track their
own progress, scientifically evaluate the effectiveness of integration, and identify bottleneck links.
At the same time, the classification framework reveals key features, technical requirements, and
capability gaps at different stages, providing clear guidance for targeted capacity building and
resource allocation, greatly improving the efficiency and success rate of transformation. Quantitative
classification concretizes and standardizes the process of abstract transformation, and is a key bridge
driving the integration of industry and finance from concept to implementation [5].

Machine learning algorithms play a core role as intelligent engines in the classification of
business and finance integration stages. Faced with massive amounts of heterogeneous financial and
business data, machine learning can efficiently mine the hidden patterns and correlations within
them. Unsupervised learning can automatically identify the similarity of enterprise groups in
indicators such as data integration, analysis dimension richness, and prediction accuracy, achieving
natural grouping; Supervised learning models can train high-precision classifiers based on expert
annotated stage samples, automatically making stage judgments on new enterprise data. Algorithms
not only provide static classification, but also dynamically monitor indicator changes, warn of stage
transitions or stagnation risks, provide real-time basis for management intervention, upgrade stage
classification from "snapshot" to "dynamic dashboard", and endow the process of business finance
integration with continuous intelligent navigation capabilities. This article quantitatively classifies
the degree of business finance integration transformation based on improved machine learning
algorithms, providing a quantitative comparison method for business finance integration
transformation [6].

In the quantitative classification research of business finance integration transformation, this article
selects indicators from four dimensions: technology application, organizational capability,
management support, and resource investment, and determines evaluation indicators such as big
data, cloud computing, automation level, data quality, talent structure, cross departmental
collaboration, management support, process standardization, and IT infrastructure investment for the
quantitative classification research of business finance integration transformation.

This dataset contains the management accounting and financial integration transformation of 692
enterprises under the background of big data, including 10 key independent variables and 1
categorical predictor variable. The independent variables cover four dimensions: technological
applications (big data, cloud computing, automation level), organizational capabilities (data quality,
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talent structure, cross departmental collaboration), management support (management support,
process standardization), and resource investment (IT infrastructure investment), while considering
historical transformation success rates as reference indicators. The predictive variable
'transformation stage of business finance integration' divides the process of enterprise transformation
into three categories: the initial stage, the implementation stage, and the mature stage [7]. The
dataset reflects the complex relationship between the key driving factors and transformation stages
of enterprise digital transformation, and is suitable for machine learning classification model
training and analysis of transformation key factors. Select some data for display, as shown in Table
1.

Table 1. Selected partial dataset

Past Process

Analytics  Automatio  Big data Data . ft Management S Integration
talent ratio n level application qualit mnvestm support success  standardizatio stage
PP q y ent PP rate n &
10.42 4 4 80.69 5.5 1 45.44 2 Mature stage
10.74 1 5 80.89 22.2 5 49.71 3 Mature stage
17.21 1 3 5833 22.6 4 81.19 4 Implementatio
n phase
21.90 2 5 8339 128 5 57.97 3 Implementatio
n phase
18.56 4 5 98.76 22.9 4 84.13 2 Mature stage
3. Method

3.1. Time Convolutional Network

The core principle of Time Convolutional Networks (TCNs) is to modify standard one-dimensional
Convolutional Neural Networks (CNNs) specifically for the characteristics of time series data,
enabling them to efficiently capture long-term dependencies while overcoming the limitations of
traditional Recurrent Neural Networks (RNNs) in terms of training efficiency and gradient
propagation. Traditional CNN performs well in image processing, but faces two major challenges
when directly applied to sequential data: first, standard convolution utilizes both past and future
contextual information, which is unacceptable in many scenarios that require strict temporal
prediction; Secondly, as the sequence length increases, effectively capturing long-range
dependencies requires extremely deep networks or huge convolution kernels, leading to parameter
explosion and optimization difficulties. TCN addresses these issues by introducing two key
techniques, causal convolution and dilated convolution, to construct an architecture that can handle
sequences of arbitrary length, maintain temporal causality, and efficiently model long-term
dependencies [8]. The network structure of the time convolutional network is shown in Figure 1.
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Figure 1. The network structure of the time convolutional network

The core principle of TCN 1is to ensure strict causality in temporal prediction through causal
convolution; Using dilated convolution to exponentially expand the receptive field and efficiently
capture long-range dependencies; Stable training of deep networks using residual connections. This
architecture endows TCN with the ability to rival or even surpass RNN in sequence modeling tasks,
while possessing higher training efficiency, more stable gradient propagation, and -clearer
interpretability [9].

3.2. Long Short Term Memory network

Recurrent neural networks (RNNs) face core challenges in processing time-series data, making it
difficult to effectively learn long-term dependencies. Traditional RNNs transmit historical
information through hidden states, but they are prone to gradient vanishing or exploding during the
training process. The disappearance of gradients makes it difficult for the network to adjust the
weights of early time steps, making it unable to "remember" key information from a long time ago,
resulting in a "short-term memory" bottleneck. Gradient explosion makes training unstable. Long
Short Term Memory (LSTM) networks are designed to overcome this fundamental flaw, with the
core being the introduction of a sophisticated "gating mechanism" and a unique "cellular state"
structure, significantly enhancing the network's ability to capture and utilize long-range dependency
information [10]. The network structure of the long short-term memory network model is shown in
Figure 2.
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Figure 2. The network structure of the long short-term memory network model

The core of LSTM unit is the cellular state, which is like a "highway" that runs through time,
mainly responsible for carrying and transmitting long-term memory information. LSTM regulates
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cell state through three precise "gate" structures: the forget gate determines which old information in
the cell state needs to be discarded. It reads the current input and the hidden state of the previous
moment, outputs a vector between 0 and 1 through the Sigmoid function, and applies it to the cell
state. The input gate determines which new information needs to be stored in the cell state at the
current moment. It consists of two parts, one Sigmoid layer determines which values to update; A
Tanh layer generates candidate new information vectors. The product of the two is added to the
cellular state. The output gate determines what hidden state to output based on the current cell state.
A Sigmoid layer determines which parts of the cell state will output, and then the cell state is
activated by Tanh and multiplied with the Sigmoid output to obtain the final current hidden state.

Long Short Term Memory (LSTM) networks have shown significant advantages in capturing long-
range dependencies of time series due to their precise gating mechanism. However, when faced with
ultra long sequences, LSTM still faces two core challenges: first, the gradient propagation dilemma.
Although LSTM alleviates the gradient explosion/disappearance problem of ordinary RNNs through
gate structures, when dealing with extremely long sequences, information still needs to be
transmitted layer by layer through long time steps.

To address the above bottlenecks, a Time Convolutional Network (TCN) is introduced to
optimize LSTM, forming a TCN-LSTM hybrid architecture. Its core principle lies in the synergistic
effect of hierarchical feature extraction and deep dependency modeling. This architecture typically
places TCN at the front end: TCN utilizes causal convolution to ensure that the output only depends
on current and historical inputs, strictly maintaining temporal causality; Its unique dilated
convolution structure exponentially increases the hole rate, allowing high-level features to cover an
extremely wide historical window, thereby efficiently capturing deep dependency patterns spanning
ultra long distances. At the same time, the hierarchical stacking structure of TCN naturally possesses
strong local feature extraction capabilities, which can effectively identify local morphology, trends,
and periods in sequences. The sequence processed by TCN is transformed into optimized feature
vectors containing rich long and short range information, and then input into the LSTM layer. At this
point, LSTM no longer needs to struggle to directly learn all dependencies from raw data, but
instead focuses on higher-level temporal dynamic modeling and final prediction based on the
"refined" features provided by TCN.

The hardware adopts NVIDIA RTX 3090, 128GB memory, and NVMe SSD; The software
environment is Matlab R2024a; The input sequence length of the model is T=128, the feature D=64,
the TCN part contains 3 layers of dilated convolutions, and the LSTM part has a hidden layer of 128
units/2 layers dropout=0.3, The classification header is a double fully connected layer; Train using
AdamW optimizer, batch size 64, maximum 100 rounds, with a loss function of cross entropy; The
dataset is divided into training and testing sets in a 7:3 ratio, and the performance of the model is
evaluated using accuracy, precision, recall, and F1 score.

In terms of comparison models, this article uses XGBoost, Random Forest, SVM, and BP neural
network. Firstly, the classification results of each model compared to the model proposed in this
article are output, as shown in Table 2. The comparison results of the indicators of each model are
shown in Figure 3.
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Table 2. The classification results of each model compared to the model

Model Accuracy Recall Precision F1
XGBoost 0.911 0.911 0.912 0.907
Random forest 0.938 0.938 0.941 0.934
SVM 0.676 0.676 0.744 0.678
BP neural network 0.726 0.726 0.685 0.694
Our model 0.952 0.952 0.955 0.948

According to the classification results, it can be seen that in the quantitative classification
experiment of the transformation of business finance integration, the random forest model has the
highest classification accuracy on the comparison model, reaching 93.8%. The Precision, Recall,
and F1 scores of this model are also the highest. Our proposed model has a 1.4% higher accuracy
than random forests, and its Precision, Recall, and F1 scores are all higher than random forests.
Prove that the model proposed in this article can be used for quantitative classification analysis of
business finance integration transformation, and has good classification accuracy.
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Figure 3. The comparison results of the indicators of each model
5. Conclusion

This study focuses on the quantitative classification of the degree of transformation of enterprise
business finance integration, innovatively introducing and improving machine learning algorithms,
aiming to provide an objective and comparable quantitative analysis framework for this complex
management change process. In the process of model construction and validation, we systematically
selected current mainstream classification models as benchmark comparison objects, including
gradient boosting trees, random forests, support vector machines, and BP Neural Networks. The
empirical analysis results clearly show that in the quantitative classification task of business finance
integration transformation, the random forest model performs the most outstandingly in the
benchmark model, with a classification accuracy of 93.8%. At the same time, it leads other
comparative models in precision, recall, and comprehensive evaluation index F1 score. However,
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the improved model proposed in this study achieved further significant improvements in
performance: its classification accuracy surpassed the best performing random forest model by 1.4
percentage points, reaching 95.2%, and achieved comprehensive surpassing in key performance
indicators such as accuracy, recall, and F1 score. The superior results of this series of comparative
experiments fully demonstrate that the improved machine learning model proposed in this paper has
excellent classification performance, and can stably, efficiently, and accurately complete the
quantitative identification and classification analysis tasks of the degree of transformation of
business finance integration.

This study not only successfully verified the high-precision applicability of the proposed
improved model in the quantitative classification of business finance integration, but its deeper
significance lies in providing a powerful quantitative tool and methodological support for
enterprises to evaluate and manage the process of business finance integration.
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