
International Journal for Housing Science and Its Applications 
Publish August 6, 2025. Volume 46, Issue 3 Pages 4809-4818 

4809 

 
https://doi.org/10.70517/ijhsa463411 
 
 

Analyze and assess audit data anomalies using data 
visualization techniques 
Xia Li1,* 

1 Yunnan Technology and Business University, Kunming, Yunnan, 650000, China 

Corresponding authors: (e-mail: yueyuemiguo@126.com). 
 
 

Abstract The purpose of this paper is to analyze the use of big data visualization technology in the audit project, 
combined with the importance of visual analysis technology in the audit project to explore and the advantages of 
visual analysis technology in the audit project. By drawing on the application of visual analytics in government 
auditing, the TF-IDF algorithm is used and improved to a keyword classification method based on the TF-IDF-MP 
algorithm, which extracts the core vocabulary in the text to be audited, clarifies the focus of the audit, and achieves 
the purpose of improving the efficiency of the auditor's work. Compare the classification accuracy of the improved 
method with the common text classification methods in the public dataset. Take the internal audit of enterprises as 
an example to analyze the application of big data technology in the company's sales business audit and expense 
audit. The purchasing volume of Z products in each month from January 2023 to September 2023 was screened 
using SQL statements. Predict the value of the company's purchasing expenses expenditure for the following three 
quarters. Comparing the predicted values with the true values, the rate of difference is less than 4%, which 
concludes that there is no anomaly in the company's expense spending. 
 
Index Terms visual analytics, TF-IDF algorithm, text categorization, internal audit 

I. Introduction 
Auditing, as a method of comprehensively assessing and verifying the financial status of an enterprise, is a key part 
of enterprise operation [1]. In the context of the digital era, the form of audit vouchers has gradually changed from 
paper to electronic, resulting in a geometric growth trend in the amount of data in the auditing field, and the traditional 
auditing methods have been unable to meet the demand [2]-[4]. Digital auditing, has become the key to the 
transformation and upgrading of the audit field [5]. Financial audit data anomaly detection, the need to combine 
various aspects of information, the use of existing technical means in the limited content of the financial anomalies 
found in the important practical significance [6], [7]. 

Financial audit data anomaly detection needs to be through the audit evidence collection, calculation and financial 
analysis, after multi-party review, the final results [8]. Traditional financial analysis methods are not only labor-
intensive, but also may have human assessment bias [9]. Currently, the widely used classification regression 
methods and shallow machine learning algorithms do not fit well when dealing with complex financial data [10], [11]. 
Data visualization techniques can fully explore and exploit the potential value of complex data by using deep model 
structures and a large number of parameters [12]. However, this technique is less applied in the auditing process, 
and it is still in the primary stage of data visualization techniques for auditing processing, and the characteristics of 
the training sample data have not yet been studied in depth [13], [14]. 

This paper proposes big data auditing technology and points out that big data visualization technology, as one of 
the methods of big data auditing technology, often presents audit data visually with the help of charts and other 
forms. Analyze the use of visualization technology in auditing projects. Propose to analyze the audit data by 
extracting keywords using TF-IDF algorithm. Aiming at the shortcomings of the TF-IDF algorithm, the Sigmoid 
function is improved, and the keyword classification method based on the TF-IDF-MP algorithm is proposed. 
Compare with common text classification methods and analyze the advantages of the improved algorithm. The 
sample group is selected, and the group is audited for sales operations and expenses respectively. Compare the 
rate of difference between the audited predicted value and the real value, and analyze whether there is any 
abnormality in the expense data of the group. 

II. Big data auditing techniques and visualization and analysis techniques 
Big data auditing is built on the basis of audit informatization, and with the changes in the internal and external 
environments, the objects, methods and technologies of audit informatization have evolved and gradually evolved 
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into big data auditing. When introducing the concept and content of big data auditing, it is necessary to expand on 
the basis of audit informatization [15]-[17]. 
 
II. A. Analysis of auditing methods based on big data visualization techniques 
Common big data auditing techniques generally include big data multi-data source comprehensive analysis 
techniques, big data visualization analysis techniques, and big data intelligent analysis techniques. Among them, 
big data visualization and analysis technology is the more popular technology at present. Commonly used big data 
visualization and analysis techniques include bubble charts, bar charts, line graphs, pie charts, scatter plots, heat 
maps, label clouds (text visualization and analysis), and so on. 

Big data visualization technology brings opportunities for information system application control auditing. In the 
big data environment, in order to better audit the application control risk of the information system, relevant data 
can be collected from the information management department of the audited unit. By analyzing these data, the 
current application control risk of the relevant application system of the audited unit can be grasped. 

The principle of the information system application control audit method based on big data visualization 
technology can be simply described as follows: collect relevant data from the audited information system, model 
and visualize and analyze the relevant data using big data visualization technology. By analyzing and observing the 
graphs and images of the visualization results, the risks in the application control of the audited information system 
are found. On this basis, by doing further extended auditing and audit fact confirmation of these risks found above, 
audit evidence is finally obtained, thus laying the foundation for preventing and resolving information system risks. 
In summary, the principle of the information system application control audit method based on big data visualization 
technology is shown in Figure 1. 
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Figure 1: Audit method based on data visualization technology 

II. B. Visualization techniques in audit projects 
Big data visualization and analysis techniques are an important class of big data auditing techniques. In this section, 
it is developed by introducing the importance of visual analytics for auditing, principles, implementation and effects 
of various visualization techniques, and analysis of the advantages of visualization techniques. 
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II. B. 1) Importance of visual analytics technology 
Humans are good at acquiring information visually, and based on this ability, graphical presentation of data has 
become an important way of modern data analysis. Although traditional methods of auditing data analysis are 
effective in handling electronic data, their presentation of mainly figures and analysis results often makes the 
auditing process boring, affecting auditing efficiency and the motivation of auditors. 

In contrast, visual analysis tools can present a large amount of audit information intuitively and concisely, which 
helps to locate important data quickly. In addition, these tools provide multi-window, interactive, visual graphical 
interfaces, which enable auditors to analyze and process intuitively, comprehensively, and flexibly, thus obtaining 
more accurate evaluation results. Therefore, the application of visualization analysis tools to audit data analysis can 
effectively reduce the workload of auditors and improve audit efficiency, which has important theoretical and 
application value. 

 
II. B. 2) Principles of visual analytics techniques 
The principle of visual analytics is to convert data into a visual form and present it in an intuitive way, such as graphs 
and charts, so that users can understand and analyze the data more easily. 

Its basic principles include the following aspects: 
Data acquisition and preparation, acquiring raw data and cleaning, converting and organizing it for subsequent 

visualization and analysis. 
Data mapping, mapping various attributes in the data to different visual attributes of the visualization elements, 

such as color, size, shape, etc. for visual presentation. 
Visual coding, selecting appropriate visual coding methods to represent different attributes of the data, e.g., using 

bar charts, line charts, scatter plots, etc., to represent the distribution, trends, and correlations of the data. 
Interaction design, designing interactive features that enable users to interact with the visualization results, e.g., 

exploring the data and gaining a deeper understanding through operations such as zooming, filtering, and sifting. 
Results presentation, presenting processed and coded data to users in the form of graphs, charts, etc., so that 

they can visualize and understand the meaning and trends of the data. 
 

II. B. 3) Advantages of Visual Analytics Technology 
Compared to SQL, visual analytics makes up for the shortcomings of SQL queries in terms of result display. Although 
SQL is powerful in data query as a structured query language, its results are presented in a two-dimensional table, 
which is monotonous and lacks visualization when the amount of data is large. In contrast, visual analytics provides 
rich 2D and 3D charts to present results in a more vivid and graphical way. The human brain processes images 
much faster than textual information, so data visualization is more in line with human information acquisition habits, 
and can more intuitively discover the laws and values of data. Through visualization and analysis, auditors can more 
easily find clues in the data, such as outliers and abnormal fluctuations. 

Compared to spreadsheet software, visualization techniques are more suitable for handling large-scale data. 
Although spreadsheet software such as Microsoft Excel performs very effectively and conveniently in dealing with 
general electronic data, there are limitations in dealing with massive data as well as semi-structured data. In addition, 
spreadsheet software has limited functionality in visualization and analysis. As we enter the era of big data, the 
volume of data continues to grow, and data types and structures have become more complex, which leads to 
spreadsheet software can not meet the needs of big data auditing. The underlying logical design of visual analysis 
technology determines its ability to handle large samples of data, which is more suitable for meeting the needs of 
future big data auditing. 

Visualization technology performs well in several ways. It outperforms SQL- or spreadsheet-based software in 
terms of comprehensibility of results, handling large amounts of data, and identifying complex issues. However, 
using big data visualization techniques requires a higher level of expertise from auditors. Nonetheless, this 
challenge can be remedied through staff training or the development of easier visualization tools. 

 
II. C. Application of visual analytics to audit data 
For the application of visual analysis technology, the application in government auditing is more mature than civil 
auditing, this paper uses visual analysis technology to find the audit focus matters, in which the main idea is to use 
TF-IDF algorithm to extract the core vocabulary in the document, and draw these vocabulary into the word cloud 
map, to determine the audit focus, which in turn improves the auditor's work efficiency. 
 
II. C. 1) Traditional TF-IDF algorithm 
Word frequency (TF) refers to the number of times a word appears in a document. This is because the number of 
words in each document in the corpus is mostly different. In order to reduce the error caused by the difference in 
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the number of words in the documents on the results, the word frequency is normalized by normalizing the word 
frequency (i.e., dividing the word frequency by the total number of words in the article). The formula is as follows: 
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where iTF  denotes the value of the word i  after normalization, ,i dN  denotes the total number of times the word 

i  appears in the document d , and the denominator denotes the total number of all words in the document d . 
Inverse Document Frequency (IDF), if the documents containing the word i  are relatively few in the corpus, it 

indicates that the word i  can work well in distinguishing document categories. To calculate the IDF of a word, the 
total number of documents in the corpus can be used to divide it by the number of all documents containing the 
word, and then the result is logarithmized with the following formula: 
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where iIDF  denotes the inverse document frequency value of the word i  after normalization, | |D  is the total 

number of documents in the corpus, and | { : |i jj t d   denotes the number of documents (i.e., number of 

documents in , 0i dN  ) containing the word, and if the word is not in the corpus , it results in a zero denominator, 

so in general the denominator is | : } | 1i jj t d  . 

If a word is more effective in distinguishing categories, the word should be given a larger weight, and vice versa, 
a smaller weight is given therefore the TF-IDF value of a word is: 

 *TF IDF TF IDF   (3) 

The method of text features, by calculating the word frequency and inverse text frequency of words, calculates 
the weight of feature words, which is beneficial for the subsequent computational research. The traditional TFIDF 
algorithm can be used by the following equation: 
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where ,d xtf  is the number of times the feature word x  appears in the text d , which is used to determine the 

ability of the feature word to describe the text. xidf  is denoted as the frequency of occurrence of the feature word 

x  in the whole text set. 
The IDF algorithm is to increase the weight value of the feature word appearing in a small amount of text, that is, 

the less text containing the feature word x , the higher the weight value of the feature word x , the better the 
classification effect. N  is the total number of texts, ( )n x  is the number of texts containing x . 

Traditional TD-IDF algorithm workflow: firstly, preprocessing operations such as deletion of deactivated words, 
special symbols, word splitting, etc. are carried out on the dataset. Then the weight values of the feature words are 
obtained by calculating the word frequency TF and inverse text frequency IDF of the feature words. After that, their 
weight values are sorted and screened according to the predetermined conditions to realize feature dimensionality 
reduction. 

In the process of practical application research, in order to avoid the influence of different lengths of text on the 
calculation of feature word frequency, the traditional TF-IDF algorithm is usually normalized, and the normalization 
formula is as follows: 
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II. C. 2) Keyword extraction based on TF-IDF-MP algorithm 
Document keywords can reflect the document theme and content, is the smallest unit of the document content. 
Document keyword extraction refers to the text from the text to extract the meaning of the text expressed in the 
most relevant words or phrases. 

The traditional TF-IDF algorithm calculates the weights based on the product of the feature word frequency and 
the inverse document frequency of the feature word, and it is simple to think that feature words with high word 
frequency should be given higher weights, but some daily used words, such as “the”, “although”, “some”, etc., 
appear more often in the document, but the classification will have a negative effect, it is unreasonable to assign a 
larger value. 

First of all, according to the number of times a feature word appears in a single document is compared with the 
average number of times the feature word appears in all documents of the corpus, if the number of times a feature 
word appears in a single document is greater than the average number of times it appears in the documents of the 
corpus, then it means that the feature word is more important to this document than other documents, and it should 
be given a greater weight, and the opposite is given a smaller weight. The difference between the two is then 
processed using the improved Sigmoid function. The image of Sigmoid function is a monotonically increasing 
smooth curve, easy to derive, the value domain is between 0 and 1, it can be used for binary classification, and the 
result is better when the difference of features is not very big.The formula of Sigmoid function is as follows: 
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This algorithm improves the Sigmoid function and the modified formula is as follows: 
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In this algorithm, the numerator of the Sigmoid function is changed to 2, which can effectively reduce the 
difference between the word frequencies of feature words and make the keyword extraction algorithm more accurate. 
For this purpose, the homogenized word frequency (M) formula is as follows: 
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where ,i dN  is the number of times the feature word i  occurs in the document d , and iN  is the average number 

of times the feature word i  occurs in the corpus document. 
In this paper, we adopt jieba segmentation with lexical annotation, and set the positional weight factor of nouns 

appearing in the first and last paragraphs of the article as Pi, and the positional weight factor of the rest of the 
feature words as 1. The positional weight factor Pi  is defined as follows: 
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In this paper, on the basis of TF-IDF algorithm, considering the degree of correlation between the positional 
information of feature words in the document and the topic as well as the differences on the sample unbalanced 
dataset, parameters such as the meanized word frequency and the positional information of the feature words are 
added, and the final TF-IDF-MP formula for the calculation of the feature word weight is as follows: 

 , * * *i dW TF IDF M Pi  (10) 

Substituting Eqs. (1), (2), (8), and (9) into Eq. (10) yields: 
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III. Application of data visualization techniques to audit data 
III. A. Audit keyword classification based on improved algorithm 
III. A. 1) Experimental data and data pre-processing 
In this paper, we select the THUCNews dataset, which is a public dataset. Due to the large amount of data in this 
dataset, this paper selects a subset of it as the experimental data, including six categories: sports, entertainment, 
home, real estate, education, and fashion. A total of 12,000 data are selected for this experiment, where each 
category contains 2,000 data, and 1,200 data are selected as the training set, 300 data as the validation set, and 
500 data as the test set. 

In this experiment, the training set and the test set are firstly segmented using the exact mode of jieba 
segmentation, and then the data after segmentation are de-segmented using the commonly used deactivation word 
list. After removing the deactivated words, the Word2Vec model in the gensim module is used to obtain the 
corresponding word vector and index for each word in the training set. Finally, each word in each document is 
replaced with the corresponding index to construct the word vector index matrix corresponding to each document, 
which is convenient for the subsequent construction of the word vector matrix as the input of the model. 

In this paper, we use python programming language to complete the experiments by utilizing modules such as 
pandas, numpy, seaborn, jieba, gensim, matplotlib, keras, scikit-learn, etc., and the specific experimental 
environment is Windows 10(64), AMD Ryzen 7 5800H, Python3.9.13, Spyder. 
III. A. 2) Evaluation indicators 
In this paper, four metrics are used to evaluate the experimental results, which are Accuracy, Precision, Recall and 
F1. Accuracy, Precision, Recall and Fl-score formulas are shown below: 
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III. A. 3) Comparative experimental analysis 
In order to verify the classification performance of the model proposed in this paper in the Chinese text classification 
problem, this section compares the model proposed in this paper with the commonly used text classification models, 
and the specific experimental settings are as follows. 

GaussianNB: Based on the 300-dimensional word vectors trained by Word2Vec, the words in each document 
after removing the deactivated words are represented by word vectors, and if there is a word without a word vector, 
it is replaced by a 300-dimensional zero vector. The word vectors of each document in the training set are averaged 
as input to the model to train the model, and the word vectors of each document in the test set are averaged and 
input to the trained model to obtain classification results. 

Multinomial Logistic Regression (Logistic Regression): Based on Word2Vec trained word vectors of 300 
dimensions, the words in each document after removing the deactivated words are represented by word vectors, 
and if there are words without word vectors, they are replaced by zero vectors of 300 dimensions. Where the settings 
are solved using Newton-CG, the penalty parameter is 0.1 and the maximum number of iterations is set to 70. 

The classification results of GaussianNB model are shown in Fig. 2.The classification results of GaussianNB 
model for each category are maintained in the range of 421~431, and the classification accuracies are about 
84.2%~86.2%. 

The classification results of Logistic Regression model are shown in Fig. 3. Logistic Regression model has 
insufficient classification accuracy in education dimension and fashion dimension, but the classification performance 
is good in four dimensions, namely, sports, entertainment, home and real estate. 
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Figure 2: GaussianNB model classification results 

 

Figure 3: Logistic Regression model classification results 

The heat map of confusion matrix for the classification results obtained by this paper's model is shown in Figure 
4. It can be seen that this paper's model can achieve higher classification results in all six categories of sports, 
entertainment, home, real estate, education, and fashion, with the highest classification accuracy of 98.6%. 

 

Figure 4: The confusion matrix of the classification results of this article 

III. B. Enterprise internal audit case studies 
III. B. 1) Application in auditing group sales operations 
Group W's business includes various segments such as e-commerce, offline retail stores, finance, logistics, etc. 
The company's revenue comes from a wide range of sources, which makes auditing difficult. With big data auditing, 
the internal audit team can analyze sales revenue through cluster analysis and SQL query, which can narrow the 
scope of audit analysis and identify potential revenue fraud risks. By analyzing the relationship between items such 
as accounts receivable, accounts payable, etc. and money fund accounts, the authenticity and reasonableness of 
accounts receivable can be examined, and problems such as inter-period recognition and concealment of revenue 
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can be checked. The following will briefly introduce the application of big data technology for reviewing suspicious 
data of sales operations and SQL query in control testing and substantive testing of sales and receipts cycle. 

The auditors obtained all structured sales data from the W Group FSSC platform. Fields such as sales quantity 
and material code were selected using SQL statements, and the collected data of Company C was clustered and 
analyzed using the K-means clustering method in SPSS. 

The clustering results show a better effect of clustering the sales data of Company C in 2023 into 4 categories. 
The clustering effect can be judged by whether the data distribution is uniform or not, and whether the difference 
between the clustered categories is obvious or not. The clustering algorithm model output results are shown in Table 
1. 

Through the clustering analysis, it is found that the sales volume of the product is around 10,000 units, which 
indicates that the price and quantity of the company's products are relatively stable, which coincides with the 
company's normal production operation. At the same time, the sales amount and sales volume have shown a 
straight line increase, which is in line with the company's operating characteristics, and there is no audit doubt. It is 
worth paying attention to the fact that in the process of analyzing, there are still some phenomena that do not match 
with the company's normal sales data and there are anomalies. Once an auditable doubt is found, the sales details 
of the transaction can be checked. If it cannot be ruled out, field verification should be adopted to check whether 
the original documents of these anomalies are accurate, and if necessary, a letter should be sent to the customer 
to verify the authenticity of the transaction records and to determine whether there is any risk of fraud by the 
management and other risks. 

Table 1: Clustering algorithm model output 

Group category Group 1 Group 2 Group 3 Group 4 Total 

Sample number 4526 17883 3254 21053 46716 

The sample number is more than (the amount of the sample). 9.69 38.28 6.97 45.07 100 

Cluster center (quantity of sales) 701 6598 -354 3611 10556 

Cluster center (sales amount) 10816 787945 -19024 1041831 1821568 

III. B. 2) Application to the audit of group cost expenditures 
Taking the audit of Group W in terms of expenses as an example, Group W in terms of expenses includes operating 
expenses, raw material procurement expenses, fixed asset construction expenses, and expenses for various types 
of expenses for its branches and subsidiaries, etc. All the expenses of Company C are accomplished through the 
expense reimbursement system on the FSSC platform. The employees of the headquarter and subordinate 
branches complete all the expense declaration work in the expense reimbursement system, and then upload them 
to the financial sharing center through the IOP system. The staff of the Sharing Center reviews the expense 
reimbursement process, and then the FMS system makes the settlement. When analyzing various expenses and 
expenditures using big data statistical analysis techniques, the focus includes analyzing the reasonableness of 
various expenditures, abnormalities of funds, checking the procurement information of major suppliers, and the 
relationship between various expenses and cost expenditures. 

When auditing the various expenditures of Company C, the time series analysis method can be used to analyze 
the seasonal trend of the company's historical procurement data. At the same time, a time series forecast of current 
procurement transactions is made, which is compared with the actual data to study the difference between the 
forecast results and the actual situation. Using the time series analysis method, a comprehensive evaluation of the 
company's procurement activities can be conducted, providing a basis for the company to conduct an audit of the 
procurement process. 

In this paper, the time series analysis of the procurement volume of Z products of W Group C from January 2023 
to September 2023, and then the procurement volume from October-December 2023 and January-June 2024 are 
predicted, so as to find out the possible auditing doubts. 

In the data collection stage, the information of the company's procurement business from January 2023 to 
September 2023 is obtained through the financial sharing platform system of Group W. The data of Company C's 
procurement business is shown in Table 2. 

Based on the above data, the purchasing volume of Class Z products in each month from January 2023 to 
September 2023 was filtered from the above information using SQL statements. Using the time series analysis 
model in SPSS software, the results of statistics and forecasts of the purchasing volume of class Z products are 
shown in Figure 5. 

The analyzed results show that the difference between the predicted value and the actual value is not large, the 
maximum difference rate is not more than 4%, and it is consistent with the trend of the purchasing volume of product 
Z in previous years, which indicates that the company's actual purchasing data is more credible. 
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Table 2: C company purchasing business data 

Numbering Field name Data type Length Allow for empty 

1 Purchase order flow number char 5 No 

2 Purchase date date 7 No 

3 Purchase type nvarchar 11 No 

4 Supplier coding char 14 No 

5 Supplier name nvarchar 55 No 

6 Material coding char 12 No 

7 Material name nvarchar 42 No 

8 Material unit nvarchar 6 No 

9 Purchase quantity numeric 12 Yes 

10 Purchase amount numeric 10 No 

11 Procurement door nvarchar 20 No 

12 Purchase number char 10 Yes 

 

 

Figure 5: The results of statistical and prediction of product procurement 

IV. Conclusion 
This paper analyzes the auditing method based on big data visualization technology, and proposes the keyword 
classification method based on TF-IDF-MP algorithm by improving TF-IDF algorithm, and uses charts to reflect the 
anomalies in the audited data. 

(1) The keyword classification method based on the TF-IDF-MP algorithm is able to effectively categorize six 
categories of data: sports, entertainment, home, real estate, education, and fashion. The classification results are 
best reflected in the three dimensions of entertainment, education, and fashion, and the classification accuracy is 
98.6%.The GaussianNB model and Logistic Regression model have the problem of insufficient classification 
accuracy, and comparing the classification effect, the TF-IDF-MP algorithm classification method in this paper is 
more advantageous. 

(2) Using big data technology to get, W Group C company's sales data is mainly clustered into 4 categories, and 
the product sales volume is about 10000 units. In the expense audit, the discrepancy rate between the predicted 
value and the real value is generally no more than 4%, which indicates that the company's actual procurement data 
is more credible, and there is no anomaly in the expense. 
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