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ABSTRACT 
Digital auditing has become the key to the transformation and upgrading of the auditing field. Financial 
audit data anomaly detection needs to combine multiple aspects of information, and it is of great 
practical significance to utilize the existing technical means to discover financial anomalies in the 
limited content. In this paper, based on the limitations of the weighted KNN deep neural network 
algorithm, a multi-branch deep neural network is proposed and a cost-sensitive loss function is 
designed. Combining the qualitative and quantitative methods of risk assessment, the enterprise audit 
risk assessment index system is constructed, the indexes are standardized, and the results of 
enterprise audit risk assessment are analyzed. The specific application effect of the assessment model 
is analyzed from the aspects of industry status and key financial performance, and the relevant 
strategies for corporate audit risk response are proposed. In the 1st risk assessment, 8 of the 20 
enterprises are above higher risk, 6 are medium risk, and 6 are below lower risk. The results of the 
2nd audit risk assessment have varying degrees of reduction between -0.3663 and -0.0119. From 2017, 
the overall net profit growth rate of enterprises is decreasing year by year, especially in the period 
from 2019 to 2020, and the net profit growth rate of the industry in 2020 is -24.87%, which predicts 
that the future development of the industry is not optimistic. 

Keywords: Weighted KNN, Multi-branch deep neural network, Cost-sensitive loss function, Audit data 
anomaly detection, Audit risk assessment 
 

1. Introduction 

At present, strengthening enterprise supervision and ϐinancial auditing is becoming a new normal. In 
the face of increasing audit objectivity, scientific requirements and growing audit tasks, manual 
auditing based on specialized knowledge and experience gradually fails to meet the needs of audit 
work. The realization of manual audit based on the auditor's professional knowledge, expertise and 
experience, to data mining and artiϐicial intelligence to assist the transformation of the wisdom of the 
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audit, and constantly improve the efϐiciency and quality of the audit is becoming an imperative trend 
[1-4]. Financial voucher data is one of the most important data in the auditing process, the audited 
unit generally needs to provide ϐinancial voucher data in advance to carry out the audit, based on the 
ϐinancial voucher data combined with vouchers related to contracts, invoices and other information to 
carry out the audit [5-6]. The audit process involves more ϐinancial voucher data, and only through the 
auditor to verify all the ϐinancial voucher data is a large workload. Therefore, it is necessary to study a 
data anomaly detection method to help auditors narrow the scope of veriϐication from a large number 
of ϐinancial vouchers and to get the ϐinancial vouchers with auditing doubtful expenditures [7-8]. On 
the other hand, in the face of the problem of multiple types of data (involving text data, category data, 
and numerical data) and a serious imbalance in the proportion of positive and negative samples in the 
ϐinancial vouchers, it is necessary to propose an effective detection method to narrow down the scope 
of the veriϐication more effectively and to cover as many auditing issues as possible in the ϐinancial 
vouchers of the auditing doubtful expenditures, so as to realize the use of big data without the need of 
auditing expertise through the use of intelligent technology. The big data can be used without auditing 
expertise through intelligent technology [9-11]. Moreover, with the continuous enrichment of the 
negative sample data set, the anomaly detection method is optimized to better assist auditors in 
discovering potential errors, frauds and other auditing issues, and to improve the trust and reliability 
of the data [12-13]. 

With the continuous expansion of the enterprise scale and the increasing complexity of the 
operating environment, the role of auditing in enterprise management is becoming more and more 
prominent. Audit plays a vital role in helping enterprises to identify, assess, and manage risks, it can 
provide independent and objective assessment for enterprises, thus targeting the reduction of 
enterprise risks, helping to improve internal control, and ensuring that enterprises meet the 
established goals [14-17]. At the same time, risk assessment is a very important part of the audit 
process. By assessing potential risks, it can ensure that the auditor can identify risks that may lead to 
inaccurate ϐinancial reporting, thereby protecting the public interest, and the auditor can formulate 
appropriate strategies and measures to ensure the accuracy and effectiveness of the audit, thereby 
improving audit compliance [18-21]. 

In this paper, Word2vec is used to construct word vectors for ϐinancial “voucher summary” content 
segmentation, and a multi-branch deep neural network is proposed to transform this information into 
input data that can be recognized by the neural network. We choose the binary cross-entropy function 
as the loss function, design the cost-sensitive loss function, and test the classiϐication performance of 
the proposed method through evaluation indexes. Combining qualitative and quantitative assessment 
methods, the enterprise audit risk assessment index system is constructed, and the indexes are 
standardized quantitatively and qualitatively respectively, and 20 enterprises are selected as research 
objects to carry out audit risk evaluation using the audit risk assessment model designed in this paper. 
Speciϐic applications of the model assessment are made in terms of both industry conditions and key 
ϐinancial performance, and the future operating conditions of the enterprises are predicted. Based on 
the results of enterprise audit risk assessment analysis, corresponding countermeasures are proposed. 

2. Overview 

In recent years, audit data anomaly detection has been developed in technological advances.In 2019, 
literature [22] designed a prediction model for audit fraud detection to reduce cost, suppress fraud, 
and improve audit efϐiciency based on audit principal agent theory in the context of rule-based and 
classiϐication. In 2020, literature [23] referred to generalized auditing software with controlled 
automated auditing techniques that can assist the auditor to quickly analyze the data and identify 
frauds in the audited data. In 2021, literature [24] states that unsupervised anomaly detection in 
auditing can not only detect anomalies in the data that can be expected by the auditor, but also detect 
audit process deviations and new frauds. However, this type of detection is mostly speciϐic to a 
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particular dataset and lacks general applicability. In addition, literature [25] achieved data anomaly 
detection with Gauss-Beinoulli bidirectional restricted Cauchy machine neural network model for 
auditing with high accuracy, high speed, no dataset size limitation, real data, and heterogeneous 
associative memory function.2022, literature [26] detected auditing data anomalies with an algorithm 
based on the double-biased stochastic wandering property, and after optimally updating this 
algorithm, it can quickly, at 80% correctness rate, to detecting potential anomalies. Machine learning 
is a well-known tool for predictive analytics, and it is no exception in anomaly detection of audit data. 
In 2024, literature [27] designed an intelligent audit data anomaly detection method by combining the 
advantages and properties of bidirectional long and short-term memory, improved back-propagation 
neural network, attention mechanism, nonlinear prediction, long time series feature extraction, 
important information focusing ability, and correlation analysis algorithm, which still performs well 
in huge datasets. Literature [28] compared and analyzed supervised machine learning methods, and 
the K nearest neighbor algorithm performed the best in terms of audit data fraud detection, risk 
assessment, and efϐiciency. Literature [29] analyzed that artiϐicial intelligence can assess audit datasets 
in order to identify anomalous data such as transactions, ϐinancial statement inconsistencies, and 
customer or supplier behavior in them, ensuring multifaceted and reliable data detection, while also 
predicting potential risks. 

In terms of audit risk assessment, literature [30] ϐirst categorizes the key risks of public sector 
auditing, then develops a list of issues in the risks for auditors and departmental insiders, and designs 
a calculation of audit risk components to form a standard audit risk assessment methodology. 
Literature [31] used fuzzy theory to experiment with the inconsistency of the experience level of the 
audit team leader on the correctness of the prediction and assessment of risks in auditing. In order to 
avoid the audit efϐiciency and accuracy gap caused by manual auditing, seeking technological help is 
the way to go. Literature [32] describes risk assessment techniques based on risk matrices and 
questionnaires to analyze and assess risks by considering the probability of occurrence, importance, 
and degree of risk factors for a comprehensive audit understanding. Literature [33] intends to 
systematize the auditing behavior by using that inductive, deductive, cluster analysis and synthesis 
methods to detect the audit risk, and designed an audit risk assessment model based on analogy, fuzzy 
theory, and expert survey to solve the uncertainty brought by the auditor. Literature [34] optimizes 
the audit risk assessment model constructed by regression algorithm through back propagation neural 
network-machine learning technique, which not only guarantees the compliance of the audit process, 
but also solves the problems of resource allocation and ϐinancial discrepancies in the audit process. 
The difference is that literature [35] uses hierarchical analysis to design an audit risk assessment 
model, which analyzes the audit risk at multiple levels in the enterprise's business model, information 
system, and ϐinancial management, while the article also proposes a standardized audit process and 
risk prevention measures. 

3. Audit data anomaly detection 

3.1. Deep neural network algorithm based on weighted KNN 

1) Divide the content of the financial "voucher summary" and use Word2vec to construct the word 
vector 1 2{ , ,..., }nv v v  , and at the same time, in order to facilitate the calculation, and the voucher 
described by some "keywords" is more likely to have audit problems according to experience, so the 
weight iw  is different, so the weighted sentence vector of Word2vec based on prior knowledge is 
constructed to represent the content of "voucher summary", and the calculation formula is [36]: 

 1
_

m
wi

i
i

en vec

v e
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m


  (1) 
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where: m  denotes the number of words in each voucher. The weight iw  of each word vector is: 

 i iv abnormal v
i

i abnormal i

n n
w

v a v
 


 (2) 

where: iv  represents the total number of word vectors containing duplicate counts obtained after 

word segmentation of the "Voucher Summary" content of all vouchers, 
iv

n   represents the total 

number of occurrences of the specific word vectors containing duplicate counts iv  , abnormal ia v  

represents the total number of word vectors containing duplicate counts obtained after the 
segmentation of the "Voucher Summary" content of all historical accumulated abnormal vouchers, and 

iabnormal vn   represents the total number of occurrences of the specific word vectors iv  of the obtained 

abnormal vouchers containing duplicate counts. 
2) Sentence vector _en vecs , which is the result of subwording the content of “Voucher Summary”, and 

the vectors obtained by One-Hot coding of “Audited Unit, Debit Issuance Cost Category, and Expense 
Detail” constitute the feature vector X  of the vouchers. 
3) In each subcluster iC  , calculate the weighted distance between the feature vector X   of each 

voucher and the feature vectors Y  of its k  nearest neighbors: 

 2

1

( , ) ( )
n

i
i i

i

w
d X Y x y

W

   (3) 

where: iw   is the weights, i ix y
iw e    , W   are the normalization factors, iW w   is the 

moderating factor, which is taken as 1   in this paper. 

3.2. Token-sensitive multi-branch deep neural network algorithm 

3.2.1. Limitations of unsupervised algorithms based on weighted KNN and others. The idea of 
unsupervised algorithms based on weighted KNN and others is easy to understand and can effectively 
reduce the workload of financial data verification within a certain range, but in this experiment, it is 
found that if the unsupervised algorithm wants to include audit problem data records in the audit 
suspicious data records as much as possible, the amount of audit suspicious data records is at least 
1/10 of the total amount of original audit data records, and the suspicious points sometimes cannot 
completely cover the real anomalies [37]. 

3.2.2. Multi-branch deep neural network structure. Audit data belongs to multiple types of data, that 
is, it contains textual information, numerical information, and category information. In order to 
effectively find audit doubts, this paper proposes a multi-branch deep neural network, and the 
network structure is shown in Figure 1. The text representation information corresponding to the "Slip 
Summary" in a financial voucher is recorded as x , then 1 2[ , ,..., ]nx x x x , where ix  represents the i
th word in the text message, the "Account Category" information in the financial voucher is recorded 
as c , and the "Amount" numerical information in the financial voucher is recorded as n . Translate 
this information into input data that can be recognized by the neural network. 
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Fig. 1. Multi-branch deep neural network structure 

Financial documents belong to various types of data, among which the "summary information" in 
the financial documents belongs to text-based data, "account name" belongs to category data, and 
"debit amount" belongs to numerical data. This raw data needs to go through some preprocessing 
operations before it can be fed into the neural network. 

For categorical data, such as “account name” in ϐinancial vouchers, One Hot coding is performed. For 
continuous data, such as the “debit amount” in the ϐinancial voucher, it is generally necessary to carry 
out standardization before inputting into the neural network, such as min-max standardization, Z-
score standardization and so on. In order to avoid the inϐluence of extreme value to the greatest extent, 
Z-score method is chosen for standardization, and its formula is shown in Equation (4), where: x  is 
the mean value of the original data, and   is the standard deviation of the original data. 

 * x x
x




  (4) 

3.2.3. Branch Network Connections. For the category information and numerical information, a 
simple fully connected neural network is established for feature extraction. On this basis, the 
branching network for text-based data is connected to the fully connected branching network, and a 
fully connected layer is added, taking the number of nodes as 4. 

Since the recognition of abnormal credentials is a binary classification problem, the number of 
nodes in the output layer is set to 1 and the activation function is selected as sigmoid function. Also 
considering that Adam optimization algorithm has the advantages of high computational efficiency 
and low memory requirement, the model in this paper is trained using Adam algorithm [38]. 

3.2.4. Cost-sensitive loss function design. Determine whether there is an audit suspicion of financial 
documents belongs to the binary classification, the binary classification problem usually choose the 
binary cross entropy function as the loss function, as shown in equation (5): 
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 ˆ ˆ ˆ( , ) [ log( ) (1 ) log(1 )]i i i i i iL y y y y y y      (5) 

where: iy  represents the true category of sample i , and ˆiy  represents the probability that sample 
i  is predicted to be an abnormal ϐinancial voucher. 

The cost of mispredicting abnormal ϐinancial vouchers as normal ϐinancial vouchers is much greater 
than the cost of judging normal ϐinancial vouchers as abnormal ϐinancial vouchers. This is similar to 
the application scenario of fraud detection, where the number of fraudulent transactions is much 
smaller than the number of normal transactions, but the cost of misjudging each fraudulent 
transaction is extremely severe. The two-classiϐied cross-entropy function does not have the above 
cost sensitivity, can not well support the unbalanced data, so this paper has improved it, the improved 
loss function is as follows: 

 ˆ ˆ ˆ( , ) [(1 ) log( ) (1 ) (1 ) log(1 )]i i neg i i pos i iL y y t y y t y y          (6) 

where: negt  represents the cost of misclassifying an abnormal ϐinancial voucher as a normal ϐinancial 

voucher, and post  represents the cost of misclassifying a normal ϐinancial voucher as an abnormal 

ϐinancial voucher. ncgt  and post  are speciϐically calculated as: 

 neg
neg

T
t

d
  (7) 

 pos
pos

T
t

d
  (8) 

where: T   is the hyperparameter, negd   is the total number of abnormal ϐinancial vouchers in the 

training set, and posd  is the total number of normal ϐinancial vouchers in the training set. It can be 

seen that the misclassiϐication cost is inversely proportional to the total number of ϐinancial vouchers 
under the corresponding category. On the dataset with unbalanced data distribution, the difference 
between the number of samples of majority and minority categories is large, and through cost-
sensitive learning, the inϐluence of minority categories on model parameters can be strengthened, so 
that the neural network can be more sensitive to the minority categories, and thus obtain better 
classiϐication results. 

3.3. Experimental design and analysis 

3.3.1. Data sets. For a company, an experimental dataset is extracted from an SAP ERP instance 
containing all journal entries for a single fiscal year. Based on strict data privacy regulations, all the 
attributes of the journal entries are anonymized using an irreversible one-way hash function during 
the extraction process. The extracted data is also checked against the trial balance of the SAP ERP 
system to ensure the integrity of the dataset. A subset of the six most distinguishable attributes was 
extracted from the BKPF and BSEG forms. 

Most of the attributes in the ERP system, for example, correspond to categorical (discrete) variables, 
such as bookkeeping date, account, bookkeeping type, currency, etc. When training the KNN neural 
network, the category entry attributes are preprocessed to obtain a binary representation of each 
entry encoded in solo heat, resulting in an experimental dataset with a coding dimension of 385 
dimensions. Referring to the realistic auditing scenario, a small number of global and local anomalies 
are injected into the dataset to obtain highly unbalanced class distribution data. In the injected data, 
global anomalies contain attribute values that are not similar to the original dataset, while local 
anomalies contain combinations of attribute values that do not appear in the original data. True labels 
were added to the dataset to label each bookkeeping entry as a global anomaly, local anomaly, or 
normal entry. This resulted in an experimental dataset of 312,281 journal line items for six attribute 
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categories, which contained 90 abnormal entries, with 50 and 40 global and local abnormal entries, 
respectively. The experimental dataset is divided into training and test sets by 8:2. 

3.3.2. KNN network training. In the training of each architecture, the learning rate is set to 410 , the 
number of small batches is 128 transcripts, adaptive momentum estimation is used, and each network 
layer weight is initialized. Standard backpropagation is used in training and the maximum number of 
training generations is 2000. Fig. 2 shows the training performance of different depth architectures 
with 100% recall is given for different KNN architectures. It can be found that increasing the number 
of hidden units can speed up the error convergence and reduce the number of detected anomalies. The 
results show that network depth is positively correlated with anomaly detection performance. Under 
the premise of ensuring 100% recall, the KNN5 architecture containing 17 hidden layers detects the 
lowest number of anomalous entry details in the total number of line items, which accounts for less 
than 0.02%, i.e., minimizing the false alarm rate. 

 

Fig. 2. Training performance of different depth architectures 

After training convergence, the reconstruction error for each journal entry is obtained using the 
trained KNN5 model. Fig. 3 shows the reconstruction error of journal entry details with 100 
generations of training in Fig. (a) and 400 generations of training in Fig. (b). The reconstruction error 
of 312,281 journal entries details for the experimental dataset, where black color indicates the original 
accounting entries, and red and blue colors indicate the global and local anomalies detected by KNN5, 
respectively. Set the anomaly detection threshold to   =0.01 and if the entry attribute is not 
reconstructed correctly or is extremely uncommon, it will be flagged as an anomaly. The number of 
local anomalies with a reconstruction error of 1-4 was around 6 to 12 for the 100-generation training 
condition. 
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(a)100 generation training 

 

(b)400 generation training 

Fig. 3. Journal entry reconstruction error 

3.3.3. Assessment of indicators. To evaluate the classiϐication performance of the proposed method, 
precision (P), F1 score ( 1F  ) and top-k accuracy are used as performance metrics and precision is 
calculated as: 

 
TP

P
TP FP




 (9) 

The F1 score is the reconciled mean of recall R and precision P, approximately close to 1 representing 
better performance, and is calculated as: 

 1 2
P R

F
P R


 


 (10) 

 
TP

R
TP FN




 (11) 

where TP denotes the number of samples that are actually abnormal entries and are correctly 
subdivided into abnormal entries, FP denotes the number of samples that are actually normal entries 
but are incorrectly subdivided into abnormal entries, and FN is the number of samples that actually 
belong to the category of being an abnormal entry but are incorrectly subdivided into normal entries. 
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Due to the large size of the data in the accounting entries, the top-k precision index is invoked, and 
the k labels with the largest probability are selected in the abnormality detection, and the prediction 
is regarded as correct if there is a true label value among them. In this paper, the top-k accuracy is 
calculated by setting k=90, which corresponds to the number of manually injected anomalous entries 
in the experimental dataset. 

3.3.4. Analysis of test results. After determining the optimal parameters of the model through 
training, the proposed method is quantitatively evaluated through experiments and compared with 
other methods. First, the quantitative test is conducted to analyze whether the proposed method is 
able to detect abnormal terms by training with normal entry data. Accuracy, F1 score and top-k 
accuracy are used as evaluation metrics in the quantitative evaluation, and the percentage of the 
number of detected anomalous transcription line items is given. 

Table 1 shows the experimental results of different depth KNN structures, which are consistent with 
the training performance, and the increase in the number of hidden layers can effectively reduce the 
number of detected anomalies. Ensuring that the recall rate is 100%, the anomaly percentage of KNN1 
is 5.9425, which proves that the shallow KNN generates a large number of false alarms, which in 
practice will result in an excessive amount of in-depth analysis data and reduce the efficiency of 
financial auditing.The anomaly percentage of KNN5 is only 0.5436%, which proves that the depth of 
the KNN has a significant impact on the performance of the anomalous data capturing. 

Table 1. Experimental results of KNN structures at different depths 

Model Accuracy/% F1/% Top-k/% Abnormal/% 

KNN1 0.4896 1.1345 0.5169 5.9425 

KNN2 0.5299 1.2978 0.6248 4.8163 

KNN3 0.9946 2.0348 56.3485 3.5796 

KNN4 3.1649 5.8978 71.3646 1.1348 

KNN5 5.9765 13.4973 55.1348 0.5436 

4. Enterprise audit risk assessment model design 

4.1. Risk assessment methods and techniques 

Risk assessment occupies a central place in the audit process and involves the use of a variety of 
methods and techniques to identify and assess risks that may affect the outcome of the audit. These 
methods and techniques not only require auditors to have specialized knowledge, but also require 
them to have access to the latest technological tools to improve the accuracy and efϐiciency of risk 
assessment. 

4.1.1. Qualitative assessment. Qualitative assessment focuses on understanding and analyzing the 
essential characteristics of risks. This includes an assessment of the likelihood of the risk occurring 
and its potential impact on the audit outcome. The auditor needs to analyze the client's business 
environment in depth to identify those key factors that may affect the accuracy of the ϐinancial 
statements. For example, the auditor may consider the industry in which the business operates, the 
competitive market conditions, the business strategy, and even the experience and competence of 
management. All of these factors may increase the risk of material errors in the ϐinancial statements. 

Qualitative assessment also involves the evaluation of a business's internal control system. By 
analyzing the design and implementation of internal controls, the auditor can identify risk points that 
could lead to ϐinancial errors or fraud. In addition, the auditor considers historical audit ϐindings, prior 
errors and adjustments, and management's treatment of these issues and corrective actions. 
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4.1.2. Quantitative assessment. Unlike qualitative assessments, quantitative assessments are more 
concerned with the use of data and statistical methods to quantify risk. This includes calculating the 
probability of a particular risk occurring and the expected impact. An auditor may analyze historical 
ϐinancial data for patterns of anomalies or inconsistencies that may signal potential risks. For example, 
by comparing ϐinancial data from consecutive ϐiscal years, an auditor may identify ϐluctuations in 
proϐits or costs that are inconsistent with growth in the size of the business. 

Quantitative assessments also include estimates of the impact of potential risks, such as the 
probable margin of error for ϐinancial statement items. Using statistical models and algorithms, 
auditors can predict ϐinancial results under different scenarios, resulting in a more accurate 
assessment of audit risk. 

4.2. Construction of enterprise audit risk assessment index system 

Since the impact of different risk assessment indicators on the risk assessment results varies, and even 
some indicators not only do not contribute to the assessment results, but also have a negative impact 
on the risk assessment results. In order to select the indicators that contribute more to the risk 
assessment results, it is necessary to compare the assessment indicators through the weight value to 
obtain the impact on the enterprise audit risk assessment. Hierarchical analysis is used to construct 
the judgment matrix B  of risk assessment indicators, as in equation (12): 

 

1,1 1,2 1,3 1,4 1,

2,1 2,2 2,3 2,4 2,

3,1 3,2 3,3 3,4 3,

,1 ,2 ,3 ,4 ,

m

m

m

n n n n n m

x x x x x

x x x x x

x x x x xB

x x x x x

 
 
 
 
 
 
  







     



 (12) 

where ,i jx  is the degree of criticality of the two indicators jx  to ix . 

The product iL  of the elements of each row of the indicator judgment matrix B  is calculated as 
in equation (13): 

 
1

n

i ij
j

L b


  (13) 

where ijb   represents the i  rd element of row j  . Determining the n  th power root of iL   can be 

done using equation (14): 

 n
i iw L  (14) 

Normalize to process Eq. (14) and obtain Eq. (15): 

 

1

i
i n

i
i

w
w

w




  (15) 

Calculation of the maximum eigenvalue of the judgment matrix of risk assessment indicators B  
can be done using equation (16): 

 
 

max
1

n
i

i i

Bw

nw

   (16) 

Finally obtain the weights of the indicators in layer i : 1 2 3( , , )i i i iC c c c , where ic  is the weight of 
the i th indicator. 
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Set the indicator weight threshold, and select the indicators whose weights are greater than the 
threshold to construct the enterprise audit risk assessment indicator system, as shown in Table 2. 

Table 2. Enterprise audit risk assessment index system 

Goal CODE 
Primary 

index 
Code Secondary index Code 

Enterprise 

audit risk 

assessment 

index system 

M 

Material 

error Risk 
M1 

The integrity of relevant laws and regulations M11 

Macroeconomic environment M12 

Relevant policy M13 

Partner selection risk M14 

Management collaboration risk M15 

Key information and core technology outsourcing 

association 
M16 

Moral hazard M17 

Auditor 

risk 
M2 

Auditor business quality M21 

Audit personnel are received to be tempted to influence 

audit 
M22 

The audit personnel operate unregulated or misperformed M23 

Audit 

procedure 

risk 

M3 

The completeness and science of the audit plan M31 

The accuracy of obtaining data in the audit process M32 

The comprehensive and professional results of the design M33 

4.3. Standardization of risk assessment indicators 

Since there are not only qualitative but also quantitative indicators in the enterprise audit risk 
assessment indicator system, the standardization process of different risk assessment indicators can 
make different risk assessment indicators comparable. 

4.3.1. Standardization of quantitative indicators. For the quantitative indicators within the 
enterprise audit risk assessment indicator system, the standardization process is as follows. 

When the target value is in positive proportion to the assessment result, there is equation (17): 

 min

max min

i i
i

i i

x x
D

x x




  (17) 

When the target value is inversely proportional to the assessment result, there is equation (18): 

 min

max min

1 i i
i

i i

x x
D

x x


 

  (18) 

In Eqs. (17) and (18), min,i iD x   and maxix   are the standardized value of the target value ix  , the 
minimum value of the i th indicator set in advance, and the maximum value of the i th indicator set 
in advance, respectively. 

4.3.2. Standardization of qualitative indicators. For the qualitative indicators within the enterprise 
audit risk assessment indicator system, the standardization process is as follows. The quantitative 
processing of the indicators is carried out using the expert scoring method, and the quantitative 
indicators are standardized using the quantitative indicator standardization process to ensure that 
there is comparability between the qualitative and quantitative indicators. 
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4.4. Example analysis 

4.4.1. Data sources. Corporate auditing has a crucial impact on the development of enterprises, and 
ensuring the safety of corporate assets through audit risk assessment not only improves the internal 
management level of enterprises, but also greatly enhances the ability of enterprises to withstand huge 
market risks. Select 20 enterprises as the research object, using the audit risk assessment model 
designed in this paper for audit risk evaluation. With the help of the platform is MATLAB software, in 
which the input layer and intermediate layer connection function of the model is Tansig function, the 
intermediate layer and output layer connection function is Logsig function, and the training error of 
the audit risk assessment model is 410  [39]. 

4.4.2. Results of enterprise audit risk assessment. MATLAB software is used to prepare a program 
to train and learn the audit risk assessment model, and the relationship between the number of 
training times and training error is obtained, and the results are shown in Figure 4. When the number 
of model training in 160 times, its training error to meet the set requirements using the trained model 
to implement the assessment of the selected 20 enterprises audit risk. 

 

Fig. 4. Relationship between training frequency and training error 

Table 3 shows the results of the corporate audit risk assessment, with eight of the 20 companies 
falling into the higher risk category or above, six in the medium risk category, and six in the lower risk 
category or below. 
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Table 3. Enterprise audit risk assessment results 

Enterprise number Network output Audit risk level 

1 0.5066 Medium risk 

2 0.3198 Lower risk 

3 0.4636 Medium risk 

4 0.1679 Low risk 

5 0.2961 Lower risk 

6 0.6615 Higher risk 

7 0.8364 High risk 

8 0.5263 Medium risk 

9 0.7034 Higher risk 

10 0.4965 Medium risk 

11 0.5064 Medium risk 

12 0.6158 Higher risk 

13 0.7168 Higher risk 

14 0.8138 High risk 

15 0.8134 High risk 

16 0.3952 Lower risk 

17 0.4348 Medium risk 

18 0.6425 Higher risk 

19 0.2498 Lower risk 

20 0.3487 Lower risk 

4.4.3. Comparison of audit risk assessment results. Implementing the assessment of enterprise 
audit risk, pinpointing the weaknesses in enterprise auditing, taking targeted measures to deal with 
and solve the weaknesses in the auditing process, and carrying out 2 audit risk assessments and 
comparing them with the results of the first audit risk assessment, the results are shown in Table 4. 

For the 20 enterprises selected, except for enterprise 17, the results of the 2nd audit risk assessment 
have different degrees of reduction between -0.3663 and -0.0119. It can be seen that enterprises take 
more targeted measures to deal with and control audit weaknesses to help reduce audit risk, which is 
of practical value to ensure the financial security of enterprises and enhance their market 
competitiveness. 
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Table 4. Results and comparison of two audit evaluations of enterprises 

Enterprise number Before After Audit risk level Result variation 

1 0.5066 0.4864 Medium risk -0.0202 

2 0.3198 0.1864 Low risk -0.1334 

3 0.4636 0.3915 Lower risk -0.0721 

4 0.1679 0.1526 Low risk -0.0153 

5 0.2961 0.2348 Lower risk -0.0613 

6 0.6615 0.5158 Medium risk -0.1457 

7 0.8364 0.8245 High risk -0.0119 

8 0.5263 0.4597 Medium risk -0.0666 

9 0.7034 0.5245 Medium risk -0.1789 

10 0.4965 0.4364 Medium risk -0.0601 

11 0.5064 0.3485 Lower risk -0.1579 

12 0.6158 0.2495 Lower risk -0.3663 

13 0.7168 0.5482 Medium risk -0.1686 

14 0.8138 0.5421 Medium risk -0.2717 

15 0.8134 0.6415 Higher risk -0.1719 

16 0.3952 0.2485 Lower risk -0.1467 

17 0.4348 0.5431 Medium risk 0.1083 

18 0.6425 0.5154 Medium risk -0.1271 

19 0.2498 0.1648 Low risk -0.085 

20 0.3487 0.2484 Lower risk -0.1003 

4.5. Analysis of specific applications in the model risk assessment procedure 

In the implementation of risk assessment procedures, the model provides auditors with a module for 
analyzing industry conditions and key financial indicators, which assists auditors in understanding 
the situation of the audited entity and enabling them to identify unusual transactions or events in a 
timely manner, thus improving audit efficiency. This section introduces the convenience for auditors 
in implementing risk assessment from the perspectives of industry condition analysis and key 
financial performance analysis in the company's implementation of risk assessment procedures. 

4.5.1. Analysis of the state of the industry. First of all, from the point of view of the revenue growth 
rate of the industry in which the audited unit is located, the auditor's model provides an analysis of 
the industry's revenue growth rate chart, which can clearly understand the revenue growth rate of the 
industry in which the company is located in comparison with the overall level of the country's 
enterprises above the national scale for the same period, as shown in Figure 5. 

During the period from 2019 to 2020, the revenue situation of the industry in which the subject 
company is located is not optimistic, and the industry's revenue growth rate in both years is lower 
than the overall level of enterprises above the national scale in the same period, and the revenue 
growth rate in these two years is 18.79% and 16.48%, respectively. Further analysis, the industry in 
the past two years, the decline in revenue growth rate, mainly due to the national policy of regulating 
product prices. As a result, it can also be predicted that the company's operating income will be 
adversely affected. 
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Fig. 5. Comparative analysis of industry revenue growth rate 

Then, from the point of view of the changes in the net profit of the industry in which the audited unit 
is located, the auditor can understand the net profit growth rate of the industry in which the company 
under test is located in comparison with the overall level of enterprises above the national scale in the 
same period through the industry net profit growth rate analysis chart provided by the model, as 
shown in Figure 6. 

From 2017, the overall net profit growth rate of enterprises is decreasing year by year. Through the 
industry revenue growth rate and the industry net profit growth rate, it can be learned that from 2017 
the industry development trend is slowing down. Especially in the period from 2019 to 2020, the net 
profit growth rate of the industry in 2020 is negative (-24.87%), and the industry situation is not 
optimistic. 

 

Fig. 6. Comparative analysis of industry net profit growth rate 

4.5.2. Analysis of key ϐinancial performance. Figure 7 shows a comparative analysis of the net sales 
margin of the subject company, which ranges from 15% to 16.5% during the period from 2017 to 2020, 
which is much higher than that of its competitors in the same industry and higher than the industry 
average. The net sales margin of the subject company has been high and is five to six times higher than 
that of its industry competitors. The chart shows that the test company's ability to generate sales 
revenue is strong. 
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Fig. 7. Comparative analysis of corporate sales net profit rate 

Figure 8 shows a comparative analysis of the company's gross sales margin, from the perspective of 
profit, the gross sales margin of the subject company from 2016 onwards is much higher than that of 
its competitors in the same industry, and higher than the average level of the industry in which it 
operates, in particular, between 2016 and 2017, the gross sales margin has achieved an increase of 
31.06%. The level of gross profit margin on sales is not in line with the conventional value of 
companies in this industry in general, and is two to three times higher than that of competitors in the 
same industry. The high gross sales margin resulted in a surprisingly high net sales margin for the 
subject company as well. The gross sales margin of the test company appeared to be clearly abnormal, 
and therefore, the auditors believed that there might be the possibility of inflating operating income 
and underestimating operating costs in order to maintain profitability levels. This affects the 
determination of the occurrence of operating income and the determination of the completeness of 
operating costs of the test company. The auditors should implement further audit procedures to obtain 
sufficient audit evidence. 

 

Fig. 8. Comparative analysis of company sales gross profit margin 

5. Recommendations for addressing enterprise audit risks 

5.1. Recommendations for addressing the risk of material misstatement 

5.1.1. Recommendations for addressing the risk of material misstatement at the ϐinancial statement 
level. Auditors need to maintain a high degree of professional skepticism in the audit of such 
operations, to maintain prudence in obtaining audit information, and to reduce dependence on audit 
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evidence that has an important impact on the audit opinion, and to be able to issue objective and fair 
audit opinions. The person in charge of the audit should strengthen supervision in the whole audit 
process on the one hand, and on the other hand, should also carry out more process guidance to 
strengthen the scientiϐic rationality of the audit process, thus reducing the inspection risk. 

5.1.2. Recommendations for addressing the risk of material misstatement at the determination level. 
Matters involving revenue and cost recognition are high-risk matters, and therefore the overall audit 
risk should be addressed by setting up substantive procedures to match these high-risk items in 
particular when developing the audit plan. 

5.2. Inspection Risk Response Recommendations 

5.2.1. Strengthening management and risk control in the conduct of audits. The transactions of the 
company under test are characterized by the real-time nature of the process, so its data may be 
changing at any time, so in order to improve the efficiency of the auditor's work to reduce the process 
of the auditor to go to the field for data acquisition, as well as to increase the unpredictability of the 
audit and reduce the risk of tampering with the audit information, so that the auditor can access the 
audit information at any time, and the data acquisition is also synchronized with the enterprise to 
reduce the mismatch. Among them, there are four processes in the auditing process that can be 
unfolded through networked auditing: 

1) Audit data collection. Auditors need to use the specific data of the audited unit in determining 
whether to undertake the audit case and in formulating the audit plan after undertaking the case, so 
auditors can use the networked audit system in data collection to collect the synchronized dynamic 
data of the enterprise instead of static data through the same network environment to supervise the 
real-time situation of the enterprise. 

2) Audit data transmission. After the audit data collection is completed, the audit data need to be 
transmitted to the accounting firm through the transmission channel. Through the networked audit, 
the auditor can select the most suitable transmission method from the many transmission methods 
for the transmission of data. 

3) Audit data storage. After the collected audit data is transmitted to the accounting firm's system, the 
storage of a large amount of audit information is not affordable by ordinary software, so the cloud data 
storage technology of networked auditing plays an important role. 

4) Audit data analysis. When analyzing the received audit data, the financial information needs to be 
calculated, and the networked audit can analyze the data with the help of cloud computing and other 
tools, which not only improves the accuracy of calculation but also saves labor. 

5.2.2. Increased investment in audit software development. Problems in the audit process include 
not only the lack of auditing standards and guidance, but also the lack of auditing software at the 
technical level, as most of the more mature auditing software available today is for auditing traditional 
industries. Therefore, the proposal to address the inspection risk suggests increasing the research and 
development costs for audit software. This initiative is not only an effective suggestion for one 
accounting firm, but also a progressive initiative for the entire auditing industry, so we can call for the 
Chinese Institute of Certified Public Accountants to take the lead and the accounting firms to 
implement it, and to work hand in hand to develop auditing software suitable for the emerging Internet 
enterprises. This can be used to reduce the risk of inspection due to mistakes made by inexperienced 
auditors. 
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6. Conclusion 

This paper proposes a weighted KNN deep neural network algorithm and introduces a multi-branch 
deep neural network structure on this basis to improve the cost sensitivity of audit data anomaly 
detection. The audit risk assessment index system is designed to assess the risk assessment results of 
the test company from the industry status and key financial performance in various aspects. 

1) The model KNN model is trained to converge, and the reconstruction error of each entry is 
obtained using the trained KNN5 model. Under 100 generations of training conditions, the 
reconstruction error of the model for the detection of data anomalies is 1-4 the number of local 
anomalies in the range of 6 to 12. 

2) Selected 20 companies before and after two audit risk assessment, compared with the 1st risk 
assessment, the 2nd audit risk assessment results have different degrees of reduction between -
0.3663~-0.0119. This shows that the intervention of weighted KNN deep neural network model helps 
to reduce the audit risk. 

3) From the perspective of the revenue growth rate of the industry in which the audited unit is 
located, the revenue growth rate of the audited company is 18.79% and 16.48% during 2019-2020, 
and the industry revenue growth rate in both years is lower than the overall level of the national 
enterprises above the scale in the same period, so it is predicted that the future operating income of 
the audited company will be adversely affected. 
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