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Abstract: Many researches have been done on annual reports to 

detect whether it is fraud or not by the analytical and empirical 
part of the report. Annual reports provide information on a 
company’s activities throughout a year. By analyzing the annual 

report, we can identify the condition of the company whether it is 
in crisis or operating perfectly. This research deals with the data 
that can be obtained from the reports’ text to determine the 

probability of being a fraudulent annual report. The verbal 
content of the report which determines the linguistic features are 
being analyzed using natural language processing tools to 
distinguish fraud financial reports from non-fraud financial 
reports. A set of 60 annual reports were taken for the study. Out of 
which 30 annual reports are labelled as fraud and the other 30 is 
labelled as non-fraud. The set of fraudulent companies were 
selected on the basis of a reporting case of fraudulency of another 
company or the same company in any other year of non-reporting 
of cases. The features are selected using a wrapper method search 
algorithm. A neural network model of MLP (Multi-Layer 
Perceptron) algorithm is used to classify the data with an accuracy 
of 85.1%. Classifiers like SVM (Support Vector Machines), 
Logistic Regression, Naïve Bayes and Random Forest algorithms 
were also used to identify the best classifier out of all the 
algorithms. Performance of all the techniques used in this paper 
are being analyzed and presented in terms of accuracy, precision, 
recall, F1 score, TN rate and FN rate.  

 Keywords: fraud detection, MLP classifier, linguistic features, 
neural network model  

I. INTRODUCTION 

Frauds in financial reporting and manipulation of earnings 
have recently attracted high profile attention [19]. Over the 
past decade, a number of big-name frauds have been 
followed by litigation against auditors because of their 
alleged incompetence in not identifying the fraud in financial 
statements. As a result, auditors have suffered loss of revenue 
and the destruction of their reputations, which is much more 
important. Identifying the symptoms which caused it be 
fraudulent is the one of most difficult job if it is on the basis 
of the nature of financial statements [22]. The symptoms 
might sometimes occur even if there is no fraudulent data. 
Generally Accepted Accounting Principles (GAAP) breaches 
do not automatically mean the existence of fraud, because 
GAAP departures may be relevant to the business situation 
and those departures may have been appropriate and recorded 
(by Policy Board). It is likely that only a small number of 
signs can occur when fraud occurs.  
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As fraud symptoms may be attributed to valid causes, the 
mere existence of symptoms can not automatically lead to 
fraud inference. The signs of fraud, however, cannot be easily 
measured. In this study, we analyze the text data of the annual 
reports and by identifying the linguistic features the 
fraudulent and non-fraudulent annual reports are being 
differentiated.  

II. LITREATURE REVIEW 

In a paper [2] , they have used notes to the financial 
statements of firms have used the text mining method in R 
statistical system as the notes used contain quantitative as 
well as qualitative free format information to analyze the 
extent would be the required details that will be necessary for 
proper balance sheet and income statement analysis. The 
result shows that the companies consider themselves to 
disclose the information more about their capital structure 
than their asset structure as the companies are afraid to 
dispose of the risk which are related to liabilities and asset 
related ones. And it can be stated that the information 
provided by companies differ by type of company.  
In a paper [3] the novel approach used on financial statements 
are the text mining tools. The result obtained from this are 
used by the auditors to take decisions to access the risk of 
fraud taking place with current and future clients. The 
annually submitted 10-K public company filings from SEC is 
used to detect the deception and fraud by identifying the 
linguistic differences in the filings. This paper mainly 
combines deception theory and to verify the classification 
accuracy different classification algorithms were used. And 
the best result was shown by Naïve Bayes and C4.5 with an 
accuracy of 67.3% The result shows that by Natural 
Language Processing it helps in determining the veracity by 
defining and identifying the textual signs which indicate that 
the flings are fraud or not. They conclude it to be useful by 
expanding the deception models in detecting the fraud and 
protecting the public’s investments.  
In a paper  [4], they have used the fraudulent financial 
reporting instances that are being reported by the SEC in the 
AAER,.The input variables include the size of the firm, 
reputation of the corporate, ratios of profitability, activity, 
asset, leverage and market value and business situation of this 
firms. The classification is being done by the classification 
methods such as Logistic Regression, Bayesian Classifiers, 
BBN, Decision Table/Naïve Bayes classifier, SVM, simple 
CART, JRip, and logistic model trees, Neural networks 
(MLP and voted perceptron) and ensemble methods 
(Bagging, Random Forests, and AdaboostM1). Using 
different classification measures and other statistical 
techniques the performance of the methods is being analyzed 
and evaluated. A sensitivity analysis is being done on the 
results with the presence of 
linguistic variables. 
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 As a result of the classification accuracy, the best result was 
shown by BBN and DTNB that were considered to be white 
box classifiers representing relationships within the dataset to 
be complex. From the result it is clear that with the prediction 
performance of BBN later on suggests that the variables can 
help in predicting the non-fraudulent firms in particular.  
The result obtained from this research study can be used in 
need for government and regulatory bodies that can develop a 
target to interventions directed to firms which are more prone 
to financial statements fraud. In a paper [5] , they used the 
financial statements, notes to financial statements and 
financial news as a source of data and also searched for 
financial data including names, specific times, account names 
and money or percentage of validation for business. Three 
different experiments for each data source. The first 
experiment was done on annual reports of the financial 
statements which were issued by the listed companies of 
2006. The second experiment was done on notes to financial 
statements in annual reports and the third experiment was 
done on the financial e-news derived from the China Times 
web site. They mainly used recall and precision rates. The 
research model used mainly focus on the extraction technique 
in business evaluation and it achieves the best performance in 
extraction techniques from different data sources.  
In a paper [6], the study uses text mining methods to detect 
high fraud risk in companies. The research sample included 
companies which have the two main features mainly the pdf 
converted to Microsoft word format of the board’s report for 

at least four years. CV and LASSO are the methods used for 
data mining. In this study, they have used many words that 
explains the fraud risk index in the reports. The LASSO and 
CVX methods used in this paper described 277 words as 
terms with the power to clarify the fraud risk index. As stated 
earlier, in LASSO regressions the dependent variables are in 
binary mode(0and1), while in CVX they are not discrete and 
are continuous instead. LASSO regressions are more 
accurate It suggests that methods which use dependent 
variables in binary mode are more useful in identifying the 
fraud risk. For this they used board’s reports rather than the 

information gained from financial statements. 
 In a paper [7] , the key objective is to guide those who are 
responsible for choosing the different type of fraud detection 
techniques within by assessing the tools which are based on 
financial, language-based, and non-financial. This study is 
also based on to provide the correlation value between 
different methods for fraud detection so that they could 
choose the right method as well as eliminate those which 
would due an unnecessary cost or duplicate effort. The 
sample used is of quarterly and annual reports under 
Accounting and Auditing Enforcement Release (AAER) at 
least once. These are used since there are no previous 
assumptions that define which is fraud and which is not. 
From these releases, the paper uses a decision tree approach 
in order to distinguish between the fraudulent and 
nonfraudulent reports. Based on the 200 words thus selected 
from the list using SVM and Humphreys, Moffit, Burns, 
Burgoon, and Felix the status of each report is being 
identified and assigned as the probability value of that report 
being fraud. This approach doesn’t require a pre knowledge 
about which are the suspicious words and can be easily 
updated in case if new words are found out from other 
reports. The accuracy rate of the classification technique used 
is found out to be 82 percent. By examining the eight 
different alternatives the F-score value by each method 

defines the extent of which is an effective method to identify 
it as fraud. Financial indicators can be useful in helping to 
detect suspicious firms but instead fail to determine the exact 
timing of any fraudulent activity within this collection.  
In a paper [8], for expressing an opinion by the auditor to 
identify whether the financial statements are prepared in the 
applicable financial reporting framework. In this study, they 
present a context-based machine learning system 
recommender toolbox that assists the auditor with the tasks of 
ensuring that the financial statements are accurate. Their key 
objective was to provide solutions which improve the speed 
and efficiency of the audit process. The recommender system 
will have to specify the basic requirement set which the 
document needs to ensure in it and the document under audit. 
A logistic regression classifier is used to minimize the 
logistic loss. A feed-forward neural network model is used to 
train and minimize the binary cross-entropy. The evaluation 
metrics for each recommender system is based on the 
precision and recall value. The system thus created is generic 
and can easily be tuned and adapted to their checklists ad 
applications.   
 In a paper [9], they aim to reveal the bank risk factors from 
the qualitative textual risk disclosures which are reported in 
the financial statements. They have used naïve collision 
algorithm to classify the textual risk disclosures. The textual 
risk disclosures always contained a summary heading and 
detailed explanation regarding the risk. Naïve collision 
algorithm is a rule-based system which has the input obtained 
by Vector Space Model (VSM) as feature vectors. Using this 
bank factors, they were able to find the risk condition. The 
limitation of this particular approach is that it can only 
consider the text data and not the bank risk factors that 
contribute it to be a fraud dataset  
In a paper [10], the main objective was to find the financial 
statement outliers deviate from the industries’ common 

practices. A graph is created in similarity metric to calculate 
the similarity of the financial statements. The technique of 
clustering is an exploratory device that allows researchers to 
visually analyse correlations dependent on several variables. 
Based on the training data collection, a more detailed rule for 
statistical classification can be established.  They affirm the 
observation that the graph similarity metric is immune to 
systemic shifts in the balance sheet, and can be used to 
identify fundamental trends in financial disclosure. This 
method can induce a class of algorithms developed in text 
mining and computational biology RNA and DNA 
sequencing to be applied to the detection of outliers in 
financial statements. It lays the foundations for finding more 
significant trends in currency movement expressed in 
financial statements. 
In a paper [11], they have used a text mining approach for 
identifying the characteristics of the fraudulent reports by 
analysing the qualitative information. The fraudulent 
companies are being identified by various sources of 
information, such as Lexis-Nexis, SEC's Accounting and 
Auditing Compliance Reports, magazines, the Wall Street 
Journal etc. the collected textual data of the identified 
fraudulent companies and fraud detection algorithm such as 
decision tree algorithm, Help Vector Machines, Naïve Bayes 
on text information removed. 
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 A performance evaluation measures like precision and recall 
is done on the algorithm. 
In a paper [12], they aim to use text mining to analyse the 
internal audit role of weapons, in particular the functions of 
planning and reporting accurate financial statements. They 
reviewed Greek public corporations' financial reports listed 
on the Athens stock exchange.  
Text Mining techniques, are used to create the 
term-document matrix containing the TF-IDF values for the 
terms chosen. After the final dataset was designed, they 
created the model for assessing the internal audit feature. The 
Linear Regression model is used for this purpose. The 
findings show that there is a close connection between the 
content of the internal audit and the keywords picked. In this 
study unigrams are used. If by changing it into N grams more 
continuous sequence of words could be captured to yield a 
much more improved result. Such keywords could 
re-evaluate certain specifications and conditions arising from 
regulatory regimes, such as the US SOX.  
In a paper [13] they offer a new standard technique for 
deviation detection which has a standard CG implemented 
with embedded synonyms and a set-based dissimilarity 
function. This method shows comparable results, provided 
the same sentences, with expert rating. They have followed a 
hybrid approach that incorporates the rule-based method. 
This method avoids the rigidity of matching exact phrases, so 
it is ideal for matching sentences with different terms that has 
similar meanings. It is considered highly suitable for massive 
text repositories.  
In a paper [14], Conceptual graphs are being used on a 
Islamic Bank dataset. The sentences obtained are parse and 
transformed into CGIF. The goal of the experiment is to 
assess the effectiveness of the proposed algorithm. The result 
was a line graph. While the resulting external sentences were 
recorded in a tabular form and showed why they were 
classified as external.  In addition to using a graph, they also 
measured the effectiveness of their system and CG-dice, 
associated with human judgements using correlation 
coefficients. One of the most important contribution of the 
work is that the synonym specifically incorporated in 
conceptual graphs. This allows for verbal sentence matching.  
In a paper [15],they examine text analytics and information 
retrieval literature as important for the accounting domain. 
Current work focuses on a limited range of linguistic 
computational characteristics. The Internet is also a 
significant source of electronic computerized analytical 
papers. In addition to the annual report, IPO prospectus, and 
press releases, each big organization maintains a web site that 
includes other documents. These documents can also be used 
to extract information of value for economic decision-making 
process. Information economy researchers may apply text 
analytics and information retrieval techniques to prediction 
studies of earnings and returns, as well as studies of economic 
events such as fraud, bankruptcy, and mergers and 
acquisitions.  
In a paper [16], they have highlighted the six areas as the 
Hinton’s paper on Deep Learning which seek to learn 
representations of words that closely reflect their syntactic 
and sematic nature. They can be found in language models, 
retrieval of information, machine translation document 
classification, and sentiment analysis., Blei’s survey on 

Topic Models it defines the main objective of text mining is 
to understand the framework that is behind a collection of 
documents. This structure is used in subject models as a 

collection of topics depending on the language.. It is an 
unsupervised process which doesn’t define the number and 
nature of the topics. It has to do more with clustering of 
document than the categorization of documents. The Latent 
Dirichlet Allocation (LDA) is the central algorithm in subject 
modelling. This is better understood as a method of 
generativity: topics reflect a word distribution. To produce 
the words in a text, one selects a topic first according to the 
distribution, then a word from that topic. Aggarwal’s 

Introduction to graphical methods which is a graphical way to 
capture the hidden structure in document classification. The 
graphical representation of documents has words as their 
nodes and the connection between them define the words 
ordering.Deep learning approaches are used to evaluate 
sentiments, and mostly work with unlabelled data. The 
overall trend is towards using richer representations 
integrating more structure and context of the mined texts. The 
reason for this was that both NLP methods and Text Mining 
methods did not scale and were unable to handle real-world 
data. Another field emerging is the integration of text mining 
into complex structures involving multimodal data.  
In a paper [17], the analysis was to evaluate the CSR report 
with the keyword extraction algorithm by text mining. The. 
The CSR reports released in PDF format were converted to 
text file for decoding it according to the requirements. Using 
the correspondence analysis, the variability of concepts and 
variables to find the hidden terms that contribute towards 
decision making. The result shows that for CSR study, 
violence terms are chosen for sampling companies to display 
their success in the environmental context rather than 
constructive ones. Perhaps the motivating terms are a 
hypothetical interpretation, variant or expectation without a 
specific purpose, the distinctive teams are linked to each 
other and with certain topics, concentrating on the 
environmental aspect of the CSR survey. In fact, the concept 
layout is combined with the hierarchical network and occurs 
alongside deeper connection. They physically detect the 
distinctive words of a particular motif from the built layout, 
and the resemblance to the pattern. It provided essential proof 
of follow-up while carrying out similar activities.  
In a paper [18], , an imprint such as deceit was found to be 
detectable using extractable linguistic structures using natural 
language processing methodsThe best performing classifiers 
are being identified by the metrices such as Kappa which 
compares the observed accuracy with expected accuracy, 
Accuracy which gives the number of correct predictions, 
Sensitivity, Specificity, No information rate, P value, Pos 
Pred value which is the percent of positive fraud values, Neg 
Pred Value which is the percent of non-fraud values, and 
Balanced Accuracy which is the arithmetic mean of 
sensitivity and specificity values. SVM and SGB 
demonstrate the highest overall to reveal the fraudulent 
dataset out of the whole.. SVMs are usually best at 
classifying text because it is characterized by high 
dimensional space. This is because of their ability to isolate 
the details from specific boundaries. The worst performing 
classifier was logistic regression, suggesting that the results 
are not linearly separable. Further usage should be made of 
natural language processing methods that identify more 
nuanced variations in narrative sentiments.  
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III. METHODOLOGY 

Data Description 
The list of fraudulent companies use in this study is charged 
with fraudulent financial-social reported between 2017 and 
2019. The companies which were alleged to have violated the 
Foreign Corrupt Practice Act are also taken into the fraud 
labelled dataset. [39] 
The fraudulent companies were identified according to the 
risk-criteria which were internally developed as well 
according to the SEC priorities and these are utilized by the 
experts of the other divisions of SEC to identify the 
fraudulent activities done by the companies. They use a more 
proactive method to identify the activities to conduct 
investigations with improved effectiveness and efficiency. 
A sample of 30 fraud companies from the period between 
2017 and 2019 were selected for analysis. During this 
two-year period 49 companies were identified as fraudulent 
under the FCPA act and of whose 10-K files are taken from 
the SEC filings. Set of 30 non-fraudulent companies were 
selected with the other set to make the predictions. The set of 
fraudulent companies were selected on the basis of a 
reporting case of fraudulency of another company or the 
same company in any other year of non-reporting of cases. 
Feature extraction 
In this study, the fraudulent and non-fraudulent financial 
statements are taken from the U.S. Securities and Exchange 
Commissions (SEC) government site. Distinguished fraud 
financial statements as recorded by the SEC government 
agency is labelled as fraud and the other statements as 
non-fraud. The document extracted from the SEC site is 
downloaded and the text extracted is cleaned, followed by the 
basic pre-processing of the documents including the text is 
done. The study's pre-processing step converts the original 
textual data into a ready-made data mining structure in which 
the most important text-functions are defined to distinguish 
between text-categories. It is the process of inserting a new 
document into an information retrieval framework [23]. The 
purpose behind pre-processing is to view each document as a 
vector of features, that is, to break the text into individual 
words. The methods that used to pre-process the dataset are 
as follows: 
Lower case transformation: Lower casing the text data, while 
often ignored, is one of the easiest and most effective method 
of pre-processing text. It applies to most text mining and NLP 
concerns, which can aid in situations where the dataset is not 
very big which helps greatly with planned performance 
quality [40] 
Punctuation Removal: Punctuations doesn't provide any extra 
details when processing text data [40]. Deleting all instances 
of the punctuations can reduce the training data size 
Stop-word Removal: Some of English's most commonly used 
expressions are obsolete in Information Retrieval (IR) and 
data mining which are functional language-specific phrases, 
regular phrases that do not contain knowledge (i.e., pronouns, 
prepositions, conjunctions) known as Stop-word which is 
removed and proved to be very important [40]. 
By the model of bag of words, the text is being represented as 
the bag of words which disregards grammar and the multiple 
words. It is the form text representation with numbers. A 
sentence can be represented using a string of numbers. The 
vocabulary of the text is being identified and the occurrence 
of each word is being noted [40]. 
 Feature Selection: 

The feature is selected by using the Wrapper method which is 
a greedy search algorithm that possibly combines all the 
features and select that combination which could produce the 
best result for a particular machine learning algorithm [36]. 
The most optimal feature is selected by using the Sequential 
Feature Selector function and the evaluation criteria being 
used is the ROC-AUC criteria. With fit method on the feature 
selector it is passed to the training and test sets. With the 
selected features the classification methods are being carried 
out and worked with.  
Splitting the dataset: training and test split: 
The classification technique/ method is being done in the 
ratio 70:30. As the training set is more the model finds a 
better solution. As the training dataset number gets lower. 
The model will not be able to learn the general principle and 
will have a bad validation set performance. The performance 
is checked up by different ratio sets, and the best performance 
out of the set is finalized to be 70,30 since the output obtained 
out of the ratios seems to be less.  
 Classification 
Natural Language Processing (NLP) techniques are being 
used as the methodology in this paper. NLP deals with the 
study, comprehension and language generation. It involves 
study of syntax, morphology, semantic analysis, and 
phonology. In this study, a fraudulent detection model by 
MLP (Multi-Layer Perceptron) is used in conclusion with 
different techniques like MLP (Multi-Layer Perceptron), 
Naïve Bayes Classifier, SVM (Support Vector Machines), 
Random Forest, Logistic Regression. 
MLP (Multi-Layer Perceptron) 
MLP (Multi-Layer Perceptron) is a supervised learning 
algorithm which utilizes a nonlinear activation or logistic 
function to let it classify the test data [35]. Out of which an 
MLP classifier implements an MLP algorithm that trains 
using the process of Backpropagation. It holds the training 
sample of financial statements to classify it into the known 
class labels of fraud or non-fraud accordingly with the model 
[35]. This method uses neurons as the deciding units and to 
calculate the contribution of each neuron for decision making 
in the previous layer and the underlying result at the current 
neuron. This method is based on pattern recognition Already 
identified fraud and non-fraud labelled companies are fed as 
input to the network, as supervised where the outcome can be 
identified as the expected output is given as result. [41] 
The MLP networks are always composed of multiple layers. 
The equation for the MLP network can be represented as: 

                                     (1) 

                 
And each layer is represented as: 
 
                                                                          (2) 
 
Where f is the activation function, W is the set of parameters, 
or weights in a layer, x is the input vector and b is the bias 
vector. When all the layers are fully connected, the 
parameters of each unit are independent of all the other units 
in each layer. And each unit has a unique set of weight 
assigned to. The input layers used where two and the number 
of hidden layers being of 20 hidden units and 5 hidden layers. 
sklearn.neural_network is being 
used as the package for MLP 
classifier in this model.  
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The activation function by default used is relu, which is the 
rectified linear unit function which returns the function as: 
                                                                           (3) 

MLP has been used for text classification in a paper[24] they 
have explained about the use of multi-layered perceptron 
used for financial classification problem.  
With improved learning algorithms the financial 
classification became much more improved with their 
improvement on accuracies. 
In a paper  [42]  which is mostly on the topic which deals with 
the models obtained from training on the increasing amount 
of title training data which is compared to the models from 
the training on a constant number of full-texts using MLP, 
CNN and LSTM.  The MLP seems to have benefited the 
modt out of it which outperforms the full-text method.   
Naïve Bayes Classifier 
The probabilistic classifiers which uses probabilities of train 
data with which the test data appears to return a reasonable 
estimate of fraud financial statements. Out of which a 
Multinomial NB classifier classifies a document based on the 
number or relative frequency of the word in a document [22]. 
The Multinomial NB classifier is being used for the particular 
research study. A provided example defined by its feature 
vector is assigned the most probable class by the NB 
classifier [22]. The Naïve Bayes Classification is applied to 
categorize the document. 
Naïve Bayes Classifier is based on the Bayes’ Theorem 
which is stated mathematically as: 

                                
          

    
                                 (4) 

The initial probability of A without data training can be 
referred to as the prior probability P(A) which refers to an 
established assumption about A. Likewise, P(B) refers to the 
prior probability of the training set of data of B. P(B|A) is the 
probability of the appearance of the data B with respect to the 
establishment of A. The aim is to calculate P(A|B) which is 
the posterior probability of the appearance of data A with the 
occurrence of B. 
In a paper [25] a method of linguistic classification is used 
based on positive, negative and neutral sentiments written in 
English and Vietnam. A naïve Bayes classifier in conjunction 
with sentiment lexicon dictionary is used as the information 
mining algorithm to prove viability and data retrieval with an 
accuracy of 98.2%.   
In a paper [26] a Naïve Bayes classifier is used for text 
classification in classifying the documents of online news 
into the predefined classes such as business, sports, 
entertainment, political and health and is being done in 
Visual Basic 2010 in C# language. They have created an 
automatic text classifier rather than a manual one with an 
improved accuracy.  
In a paper [27] a text classification model using  Naïve Bayes 
and KNN is used to highlight the efficiency and accuracy of 
these classifiers using the Student Data Set Rapid Miner. 
SVM  
Support Vector Machines SVM, is a supervised machine 
learning technique which is based on statistical theory of 
learning which classifies objects into predefined categories 
[38].  The SVM is trained to recognize fake transactions by 
reviewing the labelled financial statements for fraud and 
non-fraud. SVMs evaluate a hyperplane that better 
distinguishes positive from negative examples. We extract 
the features required and split them into training and testing 

data. After extracting the features from the labelled test 
dataset, the values are predicted [38]. 
In SVM, a hyperplane is being used to select the points in the 
input variable class either to be 0 or 1. And can be explained 
by the equation:  
 
                                                        (5) 

 
Where the coefficients B1 and B2 determines the slop of the 
line and B0 the intercept being found by the learning 
algorithm and X1 and X2 being the two input variables. The 
classification is being done based on this line, If the equation 
gives a value greater than 0 then the point belongs to the first 
class and if the equation gives a value less than 0 then the 
point belongs to the second class. A point that lies close to the 
line is difficult to classify.  
Since the classification is done in polynomial kernal SVM the 
equation can be defined as: 
                                                                  (6) 
Where x is input and xi being each support vector, the degree 
of the polynomial is specified as d. 
In a paper [43] they used the combined data set of BBC news 
articles and 20 news groups and used SVM classifier to 
classify the content into different categories as Atheism, 
Business, Car, Entertainment, Politics, Space, Sport and 
Technology, The training accuracy obtained was 96.40% and 
the overall accuracy being 89.70%. It also gives the view 
about the factors that mainly affect the classification 
techniques and its implementations. 
In a paper [28] SVM is used to develop a text classification to 
classify the Indonesian textual information on the web. SVM 
performs the best among all the other classifiers being used in 
the paper with an accuracy of 92.5%.   
In a paper [44] an SVM algorithm is being used for document 
classification with the application data set of diabetics, heart, 
shuttle and satellite data. Different kernel functions of SVM 
such as linear, polynomial, sigmoid and RBF is being 
compared in this study. And the best result obtained for is 
with RBF for infinite data and multi class. 
Random Forest  
It is carried out which ensemble learning method for 
classification, regression and other tasks that operate at the 
training time by building a multitude of decision trees on the 
fraudulent and non-fraudulent test data collection and giving 
the fraud or non-fraud class as output which is the mean 
forecast of the individual trees or class mode . During the 
training of datasets, each tree in a random forest learns from a 
random sample set of the given data set points . The 
predictions are made by averaging the predictions made from 
each separate decision tree. [44] 
Random forest method creates many individual decision trees 
during training. The final predictions made from the 
predictions which are pooled together. As they are using the 
combination of all the prediction results of the trees they can 
be known as ensemble technique. Feature importance is 
being measured by calculating the node probability as: 

                
                                     

                       
                       (7) 

For each of the decision tree the Scikit-learn package 
calculates the node importance by using Gini importance 
factor which is illustrated by the 
equation: 
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                                                         (8) 
Where     is the importance of node k,    is the weighted 
number of samples reaching node k,    is the impurity value 
of node k, left(k) is the child node from left split on node k 
and right(k) is the child node from right split on node k. And 
the importance for each of the feature on the decision tree is 
calculated by: 
    

                     
                                

                
                       (9) 

 
Where     is the importance of feature i ,     is the 
importance of node k. This equation can be normalized to a 
value between 0 and 1 by the equation:  
 

                                  
   

                  
                       (10) 

 
Random forest level is being done by taking te average over 
all the trees which is calculated by the equation:  
 

                                
                    

 
                       (11) 

 
Where      is the importance of feature I which is 
calculated from all the trees in the Random  
Forest model,          is the normalized feature 
importance of I in the tree k and T is the tital number of trees. 
In a paper [45] uses Random Forest techniques using N-gram 
textual feature and visual feature from representative image 
to examines the problem of classifying news articles. The text 
is related to news articles which falls under the categories of 
Business-Finance, Lifestyle-Leisure, Science- Technology 
and Sports extracted from the news websites of BBC, 
Reuters, and TheGuardian. The use of both N-gram textual 
features as well as visual features has led to the accuracy level 
of 84.4%. Its uses a late fusion strategy rather than the single 
feature method. 
In a paper [31] the random forest algorithm is used for 
ordering the value of the function and reducing the 
dimensions. Then, with the random forest algorithm, the 
selected features are used, and the F-measure values are 
calculated as weights for each decision tree to build the 
employee turnover prediction model. The dataset consisting 
of the employee information of a communication company in 
China. And the identified key factors are monthly income, 
overtime, age, distance from home, years at the company and 
percent of salary increase. And the most important out of it is 
the monthly income and overtime. This study can be used as 
an analytical method to identify the employee’s turnover. 
In a paper [46] it demonstrates the use of text mining with the 
combination of Random Forest algorithm for the extraction 
of the critical indicators and news articles related to the stock 
market movements. It achieved the best accuracy with 
respect to other classifiers by the news article classification 
on the basis of bigram features. 
Logistic Regression 
This method is used when the target to be obtained or the 
target obtained is categorical. In this study the dependent 
variable (target) appears to be the identification of fraud and 
non-fraud financial statements . To predict which class the 
data set belongs to, a threshold can be set and based on the 
threshold a probability is estimated and classified into the 
labelled classes of fraud or non-fraud  

The logistic regression is represented by an example 
equation: 

                                    
          

              
                             (12) 

Where y is the predicted output, b0 is the intercept and b1 is 
the coefficient which is for a single input value of x. Every 
column in the input data has a coefficient b that needs to be 
learned from the training data.  
In a paper [32] a web-based application to classify twitter 
tweets to the four topics of health, music, sport, and 
technology using the classification model of Logistic 
Regression. The trained set was created by using 1800 tweets 
with 450 each for each topic. An accuracy of 92 % is acquired 
by using this classification method. 
In a paper [33] uses a unigram model and coordinate wise 
gradient ascent technique with the introduction of logistic 
regression approach in which the learning can be done with 
automatic tokenization. A movie genre classification by 
using the IMDB dataset, book review classification by genre 
using AMAZON dataset and topic detection for Chinese text 
using Chinese dataset is being done using this model. 
Logistic Regression occurred to have the highest accuracy 
compared to the other classifiers used. 
In a paper [34] a logistic regression model is being used to 
categories Arabic text. This model is being used on Aljazeera 
Arabic News dataset. For feature selection chi-square is used 
and a local policy is undergone for building the logistic 
regression classifier. The news document is being split 
according to the five classes of Art, Economics, Politics, 
Science and Sports. When the other classifiers’ such as SVM, 

KNN and GIS precision, recall, and F1 values are compared 
the most prominent one tends to be the logistic regression 
model.  
Performance evaluation equations: 
The performance of a classifier can be calculated using 
different ways to determine each of its sustainability to 
measure the success of the learning algorithm. In this 
research paper Accuracy, FN rate, TN rate. Precision. Recall 
and F1-score is being used.  
Accuracy is expressed as the ratio of the samples correctly 
classified. The equation for Accuracy is:  
 

                               
     

             
                       (13) 

where TP can be defined as the number of fraud companies 
classed as fraud, TN can be defined as the number of 
non-fraudulent companies which is classified as non-fraud. 
TN rate which is also known as specificity is the set of 
companies that are correctly classed as non-fraud which is the 
percentage of all the non-fraud companies listed. 
Equation of TN rate: 

                                   
  

     
                       (14) 

FN rate is the set of companies that are classed as non-fraud 
which is the percentage of all the fraud-companies. Equation 
of False Negative Rate: 

                                    
  

     
                       (15) 
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Precision is the ratio of which shows how the values obtained 
after classification is close to each other. Equation of 
Precision: 

                                        
  

     
                           (16) 

Recall is that measure which defines the actual fraud 
companies that were correctly classified. Equation of Recall: 
 

                                       
  

     
                                (17) 

F1 score is the measure that defines the test’s accuracy and it 

tends to be 1 if the classifier has a perfect precision and recall. 
Equation of F1-Score: 
 

 

                           
                   

                
                   (18)                               

IV. RESULT AND DISCUSSION 

The result of the classifiers’ accuracy, precision, recall, 
f1-score, TN rate and FN rate is being shown in table I. Out of 
which the resultant classifier that is being concluded is Multi- 
Layer Perceptron with an accuracy rate of 85%   
 
 

Table I: Classification results 
Classifier Accuracy Precision Recall F1 Score TN Rate FN Rate 

Random Forest 0.461 0.5 0.43 0.47 0.6 0.2 

Logistic Regression 0.5 0.5 0.4 0.44 0.6 0.6 

Naïve Bayes 0.7 0.66 0.8 0.72 0.6 0.2 

Multi-Layer Perceptron 0.851 0.714 1 0.83 0.8 1.0 

SVM 0.6 0.55 1 0.71 0.2 0.0 

V. CONCLUSION 

Managerial implications and contributions of the study: 
In this research, we presented a methodology for the 
detection of fraud involving linguistic review of annual 
reports' descriptive material. The study reaches to a 
conclusion that the textual data of the annual report that 
provides valuable knowledge for spotting fraud that is not 
properly identified by financial statistics. The linguistic 
discrepancies identified in the fraud and non-fraud annual 
reports are not intended to over-simplify issues related to 
fraud detection, but rather to provide perspective and clarity 
into how companies are portrayed, which warrants further 
inquiry. This study using linguistic analysis has made another 
dimension to make advances in the fraud detection research 
and methodology.  
Limitations of the study: 
This research is often susceptible to several limitations. The 
data set considered to be fraud in this may not be the ideal 
dataset that completely documents the evidence of fraud in a 
financial statement.  Companies which are not being 
identified as fraud are not added to the dataset. And the 
non-fraud dataset as mentioned above may also contain 
unidentified fraudulent statements. A limitation of the feature 
selection method is that it can be computationally be very 
expensive in case if the feature set obtained is very large. The 
key drawback of the MLP algorithm is that it cannot promise 
that, regardless of the way it is trained, the minimum at which 
it stops during training is global zero. The MLP algorithm can 
therefore get stuck inside a local minimum. Another 
limitation of the MLP algorithm is that the user must set the 
number of Hidden Neurons, setting this value too small will 
result in the MLP model being underfitted whilst setting the 
value too high may result in the MLP model being overfitted. 
Future Scope of the study: 
This model can be used further in Indian Financial 
Statements. Further study can be done by applying 

ensembled techniques with MLP to improve the efficiency of 
the model. This could be done with a large dataset rather than 
small to get a more accurate classifier for the study. This 
could further be improved by using gradient boosting 
frameworks to improve the accuracy of the models currently 
being used for identifying fraud. 
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