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Abstract: With the emergence of various online trading technologies, fraudulent cases begin to
occur frequently. The problem of fraud in public trading companies is a hot topic in financial
field. This paper proposes a fraud detection model for public trading companies using datasets
collected from SEC’s Accounting and Auditing Enforcement Releases (AAERs). At the same time, this
computational finance model is solved with a nonlinear activated Beetle Antennae Search (NABAS)
algorithm, which is a variant of the meta-heuristic optimization algorithm named Beetle Antennae
Search (BAS) algorithm. Firstly, the fraud detection model is transformed into an optimization
problem of minimizing loss function and using the NABAS algorithm to find the optimal solution.
NABAS has only one search particle and explores the space under a given gradient estimation until
it is less than an “Activated Threshold” and the algorithm is efficient in computation. Then, the
random under-sampling with AdaBoost (RUSBoost) algorithm is employed to comprehensively
evaluate the performance of NABAS. In addition, to reflect the superiority of NABAS in the fraud
detection problem, it is compared with some popular methods in recent years, such as the logistic
regression model and Support Vector Machine with Financial Kernel (SVM-FK) algorithm. Finally,
the experimental results show that the NABAS algorithm has higher accuracy and efficiency than
other methods in the fraud detection of public datasets.

Keywords: fraud detection; nonlinear activated beetle antennae search; unbalanced dataset;
computational finance

MSC: 91G40; 90C26

1. Introduction

In recent years, people rely more on the Internet for the development of modern
technologies, which not only brings great convenience to people’s lives but also brings
great risks. In the financial field, it has led to a lot of fraudulent financial activities [1], such
as mobile payment fraud [2], telecom fraud [3] and credit card fraud [4]. The detection of
fraudulent financial activities is thus necessary. In [5], Ngai et al. proposed that financial
fraud detection (FFD) distinguishes false financial information from real data and reveals
financial fraud activities, which plays an important role in preventing the serious conse-
quences of financial fraud. In particular, the fraud detection [6] of public trading companies
is a hot issue in FDD. In [7], Reurink pointed out that company managers may provide false
financial statements due to insider trading, performance pressure, or financial difficulties.
The fraudulent behavior will not only directly harm the interests of investors, but also
affect fair competition with other non-fraudulent companies. However, due to the wide
gap between fraudulent companies and non-fraudulent companies, and the complexity
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and diversity of fraudulent activities, it is difficult to judge fraudulent companies in a
short time.

In order to achieve the correct classification of the specified type, huge datasets are
used for training. In general, the datasets used for classification are divided into the labeled
and unlabeled dataset. Machine learning (ML) is a method that learns from training datasets
to complete prediction tasks. It is an effective solution for fraud detection and prevention,
and is now increasingly used in the fraud detection of the financial industry. Based on
unlabeled datasets, an unsupervised machine learning method named autoencoder was
used to accurately detect fraudulent events [8]. Meanwhile, other ML methods include
decision tree, random forest, and XGBoost algorithm, which based on labeled datasets were
also used in fraud detection [9]. According to the efficient classification and prediction
of machine learning, in this paper, a model based on ML methods is proposed, and the
confusion matrix in machine learning and its related evaluation indicators are used to
evaluate the performance of the model.

It is worth noting because of the difficulty for technicians to gather enough useful
information from the real environment, learning and analysis based on unbalanced datasets
are ubiquitous [10]. Meanwhile, in [11], various ML methods were used for the classification
and prediction of unbalanced datasets. The results showed that no matter which method
is used, the impact of unbalanced datasets on prediction accuracy cannot be eliminated.
Therefore, it is necessary to formulate specific strategies for special unbalanced datasets.
This paper employs an over-sampling technique to deal with unbalanced datasets and sets
an appropriate threshold to adjust for the bias between fraudulent and non-fraudulent
companies. In this way, the number of samples of fraudulent and non-fraudulent companies
can be balanced as much as possible, thereby reducing the impact of unbalanced datasets
on the classification and prediction results of ML methods.

Different from the existing ML methods mentioned above, this paper presents an
improved Beetle Antennae Search (BAS) algorithm to solve the optimization problem. The
Beetle Antennae Search algorithm is a meta-heuristic algorithm, which was proposed by
Jiang et al. [12]. It simulates the behavior of the beetles using antennae to search for food in
nature and only has one particle for global search. Thus, this algorithm has the advantage
of quick convergence properties and simple implementation compared to other swarm
optimization algorithms [13]. In recent years, in the financial field, the BAS algorithm
has been applied to the portfolio insurance problem [14-19]. However, the research on
public trade audit companies is limited and few studies use the BAS algorithm for fraud
detection [20]. Additionally, the original BAS algorithm has shortcomings like premature
convergence and easy falling into local minima. In this paper, a variant of BAS named
nonlinear activated Beetle Antennae Search (NABAS) is presented to solve the fraud
detection problem of public trading companies. The NABAS algorithm introduces a
nonlinear “Activated Threshold” based on the step size update rule of BAS. When the
gradient value is less than the threshold, the algorithm is allowed to update the search step
size. This improvement helps NABAS avoid a fast convergence rate and be immune to
local minima.

Over the years, many studies have proposed solutions to the problem of fraud de-
tection in public trading companies. Dechow et al. created a dataset from 1982 to 2005
about fraudulent companies, which was collected from Accounting and Auditing Enforce-
ment Releases (AAERs) issued by the Securities and Exchange Commission (SEC) [21].
The dataset summarized the characteristics that could best distinguish fraudulent compa-
nies from non-fraudulent companies, and these characteristics were used as variables in
the logistic regression model based on financial ratios. After that, a financial kernel was
created by Cecchini in [22], which could implicitly map relevant financial attributes to
ratios. Then, the constructed kernel function was used as part of a support vector machine
(SVM-FK) to detect fraud. Moreover, a new ensemble learning method named Random
Under-Sampling with AdaBoost (RUSBoost) was adopted in [23], and it is a boosting-based
sampling algorithm for dealing with unbalanced data in class tag datasets. According to the
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fraud detection in public trading companies in this paper, the three methods including the
logistic regression model, SVM-FK, and RUSBoost are used as the benchmark to compare
with NABAS.

The rest of this paper is organized as follows: Section 2 introduces the efficient way
to handle an unbalanced dataset and formulate a model for this fraud detection problem.
Section 3 introduces the original BAS algorithm and further presents the NABAS algorithm.
Section 4 applies the NABAS algorithm to the fraud detection model and compared it
with RUSBoost, logistic regression model, and SVM-FK. Section 5 summarizes the work of
this paper.

2. Unbalanced Dataset and Model Establishment

In this section, firstly, the nature and processing method of the highly unbalanced
dataset are given. Moreover, combined with the confusion matrix, the performance evalu-
ation indicators of the model are analyzed. Finally, a loss function is designed to get the
optimal solution to this fraud detection problem.

2.1. Highly Unbalanced Dataset

In this paper, we use a typical unbalanced dataset, which is collected from SEC’s
AAERs [23]. It contains a total of 206,026 public trading USA companies, with 204,855 non-
fraudulent companies but only 1171 fraudulent companies from 1979 to 2014. The dataset
is shown in Table 1. Particularly, the dataset contains 28 raw financial variables and
14 financial ratios.

Table 1. Distribution of fraudulent companies by year from 1979-2014 [23].

Y . Fraudulent Percentage of Fraudulent
ear Total Companies . . (o
Companies Companies (%)

1979 3782 4 0.11
1980 4010 10 0.25
1981 4501 12 0.27
1982 4718 19 0.40
1983 5056 14 0.28
1984 5100 16 0.31
1985 5087 10 0.20
1986 5234 21 0.40
1987 5406 16 0.30
1988 5129 19 0.37
1989 4977 23 0.46
1990 4893 18 0.37
1991 4981 28 0.56
1992 5209 28 0.54
1993 5644 31 0.55
1994 5966 24 0.40
1995 6561 22 0.34
1996 7095 34 0.48
1997 7138 45 0.63
1998 7042 56 0.80
1999 7230 79 1.09
2000 7153 92 1.29
2001 6780 87 1.28
2002 6475 81 1.25
2003 6285 69 1.10
2004 6218 60 0.96
2005 6119 47 0.77
2006 6130 35 0.57
2007 6073 30 0.49

2008 5817 27 0.46
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Table 1. Cont.

Y. . Fraudulent Percentage of Fraudulent
ear Total Companies . . o
Companies Companies (%)

2009 5618 30 0.53

2010 5585 26 0.47

2011 5583 22 0.39

2012 5814 21 0.36

2013 5831 11 0.19

2014 5786 4 0.07

Total 206,026 1171 0.57

In [23], the financial ratios applied to the fraud prediction model are more powerful
than the raw financial variables. However, the ratios were identified by experts; it thus
lacks lots of useful information. In order to ensure the integrity of the dataset, these 28 raw
financial variables are used as the dataset for the fraud detection of public trading compa-
nies. This means we have to handle a 28-dimensional dataset which is complex to show
each component of it. To display the data information more clearly, a technique called
principal component analysis (PCA) is used to visualize this dataset [24]. The characteristic
of PCA is to extract the main feature components of data from complex high-dimensional
information, which contains most of the useful information in the dataset. After processing
by PCA, two of the principal components were extracted from the 28-dimensional dataset,
and the results are displayed in Figure 1a. From the picture, one can find that the infor-
mation among the samples overlaps, and the number of two categories has a huge gap;
it is difficult to deal with them directly. Thus, formulating a targeted sample processing
strategy for the specific issue is necessary.
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Figure 1. Visualization of the unbalanced dataset, the red plus signs represent non-fraudulent
companies and the blue points represent fraudulent companies. (a) Visualization of 28-dimensional
samples in the original dataset; (b) visualization of the dataset after the samples are processed by a
SMOTE technique.

Here are several sampling techniques of processing to deal with the unbalanced
dataset, e.g., under-sampling techniques, over-sampling techniques, and another over-
sampling technique named Synthetic Minority Over-sampling Technique (SMOTE) [25].
The simple introductions of these techniques are as follows:

2.1.1. Under-Sampling Technique

For majority classes in unbalanced datasets, the under-sampling technique randomly
reduces the number of majority classes until it was consistent with the minority class. In this
dataset, we should use the under-sampling technique to reduce 204,855 non-fraudulent
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companies to 1171, which is equivalent to fraudulent companies. This technique is easy to
implement, but a large amount of useful data will be lost in the under-sampling process.

2.1.2. Over-Sampling Technique

The process of this technique is oppositive to under-sampling, which aims at increasing
the number of the minority classes, by directly repeating the relevant information until the
number is equal to the majority classes. This is an efficient way to balance the numbers of
these two categories. However, after over-sampling dealing with the unbalanced dataset,
the class obtained from the minority class is highly repetitive, and the prediction result is
easy to over-fit.

2.1.3. Over-Sample Data with SMOTE Technique

At present, the over-sampling technique is used frequently in various fields. However,
blindly adding new samples may be ineffective or produce noise to the dataset. In this
problem, the SMOTE technique is used to oversample the minority class. Firstly, for each
minority class sample, SMOTE takes the Euclidean distance as the standard and selects
another sample from its nearest neighbor. In addition, it then randomly generates a point
on the connection line between the two as the new composite sample. Finally, iterating
continuously, until the few classes are sampled to most classes. Compared with the
conventional over-sampling technique, SMOTE helps the classification models obtain
higher prediction accuracy. It combines the characteristics of different samples to provide a
diversity of data better. After tackling with SMOTE, the new dataset is shown in Figure 1b.
It can be seen that the number of fraud companies has increased and the overlap between
new samples has decreased.

2.2. Model Evaluation

In machine learning, it is crucial to choose an evaluation method that matches the
problem, which helps to quickly find the key in the model selection or training process.
For the binary confusion matrix, true positive (TP) is the number of fraudulent companies
that are correctly classified as fraudulent companies, true negative (TN) is the number
of non-fraudulent companies that are classified as non-fraudulent companies, false posi-
tive (FP) is the number of non-fraudulent companies that are misclassified as fraudulent
companies, and false negative (FN) is the number of fraudulent companies that are mis-
classified as non-fraudulent companies [26]. This paper chooses four evaluation indicators
that are closely related to the binary confusion matrix to evaluate the performance of the
model. (1) Accuracy: Accuracy refers to the proportion of correctly classified samples to
the total number of samples. It is the most basic index of all model evaluation indicators.
However, when the sample proportion in different categories is extremely unbalanced,
the category with a large proportion tends to be the most important factor affecting the
accuracy. (2) Precision and Sensitivity: Precision refers to the proportion of the number of
positive samples that are correctly classified to the number of positive samples determined
by the classifier. Sensitivity refers to the ratio of the number of positive samples which
are correctly predicted to the number of samples labeled as positive. Precision requires
the detection of positive samples as accurately as possible, and sensitivity is expected to
test the positive samples more comprehensively. The higher the value of both, the better
the performance of the model. Precision and sensitivity are negatively correlated, so we
need to find a balance to make them as high as possible at the same time. (3) NDCG:
NDCG is a normalization of the Discounted Cumulative Gain (DCG) measure; it is usually

used to measure and evaluate search results [27]. The DCG at the position k is defined as
DCG@k = ZZ 1 ﬁ where r(i) represents the correlation score of each item in the list
and k is the number of top item in the list. Then, the NDCG at the position k is calculated

by NDCG@k = %, where rank DCG@k is the DCG value when all the correctly

predicted positive samples are ranked at the top of the ranking list.
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2.3. Optimization Problem

Since this problem is only necessary to judge whether the type of a public trading
company is a fraudulent company, it is a labeled binary classification problem.

2.3.1. Binary Classification

In a binary classification problem of dimension 7, the feature sample p € R"*! and its
corresponding label y € R"*!. In general, a linear decision function is used to tackle the
binary classification problem, which is presented as

fp)=a'p+b, 1)

where a € R"*! is the decision variables and b is a bias. Substituting (1) into the sigmoid
function g(p) = 1/(1 + ¢~ *), we obtain

T 1
ga(p) = g(a P +b) T e @)’
which maps the decision function (1) to (0,1).

Because of the special characteristics of the unbalanced dataset, even though the
dataset is handled by SMOTE, there is still a great difference between the number of
fraudulent companies and non-fraudulent companies. Therefore, a threshold g € (0,1) is
introduced to help classify the two categories. Here, we can obtain a new decision rule as

_ 1r8a(P) > B
ha(p) = { 0,ga(p) < B’

where l1,(p) = 0 expresses non-fraudulent companies and 1, (p) = 1 expresses fraudulent
companies. Generally, when 8 = 0.5, the probability of judging two categories is equal.
However, in this dataset, it is known that there exist characteristics like nonlinear and
highly overlapping between each variable. To make the whole decision rule more inclined
towards the category determination of fraudulent companies, § will be set smaller than 0.5.
The impact of the unbalanced dataset can thus be reduced.

2.3.2. Loss Function

In general, for classification and regression problems, the loss function is defined as

n

By = 5 L Oa(p) —vi)

which is used to minimize to get the optimal value for each parameter of the model. In
this problem, the loss function on the results of two different classes needs to be calculated
at the same time. Then, we improve the function to a convex function, to help obtain the
global optimal solution. The loss function is finally determined as

Fly i) = — | Y- yilogha(pi) + (1~ ) log(1 ~ log a(p) |. @
i=1

In addition, we consider true positive rate (TPR) and false positive rate (FPR) as

TP
TPR = ———~
TP + EN’
FP
FPR FP +TN

For this problem, TPR shows that the model correctly predicts the number of fraudulent
companies in the dataset, while FPR is the opposite of TPR.
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Then, the accuracy ACC is used for this model; it is aimed at correctly predicting the
number of positive class (fraud) and negative class (non-fraud) as much as possible at the
same time, which is defined as

TPR + (1 — FPR)

ACC = 5 .

The higher the accuracy, the better the model performance. While the loss function needs
to obtain the minimization of the solution, we should make ACC to be reciprocal, and it is
finally given as

— 2
T(ACC) = pr+ (1—FPR)’ ®)

where I'(-) represents the reciprocal of ACC. Giving different weights A; to formulas (2)
and (3), and adding them together, one can obtain a new loss function:

W(y, h, ACC) = A1F(y, h) + AT (ACC). 4)
The loss function (4) is transformed into an optimization problem with a constraint

meinW(y, h, ACC),
Subject to : ®)
0<a;<1,i=1,2,...,n.

where the g; is the ith element of vector a. Finally, the fraud detection problem of public
trading companies is converted to the above optimization problem.

Remark 1. In machine learning, some algorithms such as back-propagation need to calculate the
derivative of the loss function to update the weights and then obtain the minimum error. Different
from back-propagation, the meta-heuristic algorithms like PSO, BAS and ABC et al. have the
advantage of obtaining the optimal or feasible solution to a problem based on intuition or experience.
The meta-heuristic algorithms are effective for a function whether it is differentiable or not. They
only need to compare the loss value obtained by each iteration with the minimum value. Finally,
they can reach convergence and obtain the global minimum.

3. Nonlinear Activated Beetle Antennae Search (NABAS)

In this section, we will introduce the original BAS algorithm and further give the
NABAS algorithm.

3.1. BAS

In the nature, beetles use two antennaes on their head (i.e., the right antennae and
left antennae) to receive scents. By comparing the concentration of scent received by the
two antennaes, the beetle determines the direction of the next movement, and finally finds
the location of the food. The searching behaviors of both right-hand and left-hand are
presented as

Pr=Pm+lmXWp=pm—(mxu,

where p;; denotes the position of the particle, p, denotes a position lying in the searching
area of the right-hand side, and p; denotes a position lying in the searching area of the
left-hand side, {;, is the sensing length of antennae, and u is a random directional vector.

In the optimization problem (5), the position of the particle p is denoted to be W(p),
i.e.,, the loss function (4). After getting the scent concentration of p, and p;, the position of
the particle needed to change. The updated criteria of BAS depends on gradient estimate
measure, which is presented as

AW = W(pr) — W(p1),
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where AW is the difference between the two sides of the scents, which determines the next
step of the particle. The next position of the particle is

Pm+1 = Pm £ O X sign[AW] X u, (6)

where sign(-) represents a sign function, and d,, is the step size of searching, which accounts
for the speed of particle convergence. After each iteration, {;, and J,;, need to be updated,
so that the particle can reach the source of the scent at the final. The symbol takes “+”
when the algorithm is used for maximization problems and uses “—" for minimization
problems. Because the optimization problem of this paper is finding the minimum value,
here we use “—" in (6). Lastly, the updated rules of {,; and J;, are as follows:

Tms1 = 0.950, + 0.01, 8,41 = 0.955,,.

3.2. NABAS

BAS is a non-deterministic algorithm with the random factor u; this factor helps BAS
avoid falling into the local minimum in a certain direction, and thus obtains the ability of
global searching. However, the search step size J,, updates quickly, that is to say, the BAS
algorithm may fall into the local minimum due to converging prematurely. To solve this
problem, an activation factor ¢y, is introduced. It enables the BAS algorithm to search larger
space in the original step search rule and avoid falling into the local minimum prematurely
at the same time. For readers’ convenience, we introduce a unified vector C(cy, {m, 6m, AW),
which is used to control the searching update rule. The formula is defined as follows:

C1 (Cm, AW)
C(Cm/ éTI’ll (SWl/ AW) = CZ(gmr AW) 4 (7)

C3(6m, AW)

thereinto,
. Cerl — SCm lf |AW| < Cm
Ci(em, AW) = { Cmy1 =Cm  otherwise, ®
| Tms1 =095, +0.01 if [AW] < ¢
Co(Gm, AW) = { Tms1 = Cm otherwise, ©)
[ g1 =0956, if [AW| < ¢y

C3(0m, AW) = { Sl = Om otherwise. (10

Remark 2. The gradient estimate measure AW is used to compare with the activated threshold
cm to update Cy, and 6y, The larger the deviation between the particle and the target, the greater
the value of AW. Thus, the search rule is updated when the value of AW is less than that of ¢y,
to explore the search area in large steps before finding the right divection. Thus, particles can fully
explore the entire search area and find the global minimum value.

Finally, the procedure of the NABAS algorithm is shown in Algorithm 1.

Remark 3. At present, BAS and its variants have been deeply studied, and have practical ap-
plications in a wide range of fields. In [28], BAS was used to optimize the parameters of the
combined motor in the power plant, which can effectively generate the optimal electric energy output.
Zheng et al., discovered that BAS has good real-time performance, which provides a good solution
for performance optimization control (PSC) to find the best engine performance for a specific flight
mission [29]. Meanwhile, compared with commonly used machine learning methods, BAS and its
variants have very good performance when applied to prediction [30,31]. Therefore, as an improved
BAS, NABAS also can be applied in the same field.
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Algorithm 1: Nonlinear Activated Beetle Antennae Search (NABAS).

Loss Function: Define loss function (4)
Initialization :{ < 1,0 < 2,¢ <+ 3,e < 0.95, k < 150

1 Generate random position p ;
2 po< P

3 Wy« W(p);

4 Pbest < Po

5 Whest < Wo ;

6 form < 1tokdo

7 u < random vector;

8 | Pr< PmtimXxXu;

9 P < Pm—Qm X u;

W, < W(ps);

11 W, < W(p));

12 AW «— W(p:) —W(p:);

1B | Pmel & Pm— Om X Sign[AW] X u;
14 Wint1 < W(pmt1) 5

15 if W11 < Wiest then

=
o

16 Whest <= Wiit1 5

17 Pbest < Pm+1

18 end

19 if AW < ¢, then

20 Crmal ¢ €Cm ;

21 Cm+1 < 0950, +0.01;
22 Sm+1 < 0956, ;

23 end

24 end

4. Experiments and Verifications

Firstly, preparations of the dataset and hyperparameters are done for this problem,
and the NABAS algorithm is used to solve the optimization problem (5). Then, the NABAS
algorithm is compared with the other three methods, i.e., RUSBoost, logistics regression
model, and SVM-FK.

4.1. Preparation
4.1.1. Preparation for Dataset

In Table 1, we enumerate the annual distribution of fraudulent companies in the
dataset from 1979 to 2014. It can be seen that, compared with other years, the number of
fraudulent companies accounted for a large proportion from 1991 to 2008. Considering the
following four reasons, we choose the dataset from 1991 to 2008.

(1) Before 1991, not only was the number of fraudulent companies relatively low,
but also some of the fraud activities were covered up. Since 1991, the nature of fraud had a
significant shift in the United States. Then, the power and the law enforcement of the SEC
were weakened [32].

(2) After 2008, the regulatory authorities began to reduce the law enforcement of
accounting fraudulent companies, and the public resources used to detect fraudulent com-
panies were greatly reduced. Therefore, fewer fraudulent companies were detected [32].

(3) Other technologies and relevant data we compared to our algorithm were quoted
from the existing literature of other researchers, the dataset from 1991 to 2008 were used in
their experiments. To increase the comparability of experiments, we used the data of the
same year with them.

(4) The main contribution is to propose a universal model for the fraud detection. This
model is insensitive to datasets.
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In this way, the dataset from the year 1991 to 2008 is divided from Table 1. It contains
28 raw accounting variables for the training and testing of this model. In order to reduce the
influence caused by the unbalanced characteristics on the experimental results, we first use
SMOTE technology to oversample the minority class of fraudulent companies. Furthermore,
to maintain the consistency of dataset distribution, six training sets are divided based on
the year since 2001, and the datasets with an interval of two years are used as the test sets.
The divided result is shown as Table 2.

Table 2. Training data and test data.

Year of Training Data Training Data Size Year of Test Data Test Data Size
1991-2001 67,166 2003 5371
1991-2002 73,233 2004 5292
1991-2003 79,214 2005 5199
1991-2004 85,148 2006 5136
1991-2005 91,011 2007 5056
1991-2006 96,919 2008 4196

4.1.2. Preparation for Hyperparameters

It is significant to select properly hyperparameters, which helps the detection obtain
an efficient result. For this fraud detection problem, 29 variables are used as the decision
variables of NABAS, which contains 28 raw accounting variables and 1 bias b. Afterward,
the setting of the hyperparameters (like 4 = 1) is the same as the original BAS algorithm,
but ¢ is set as 2 to improve the convergence quality of the NABAS algorithm. Particularly,
other hyperparameters of the model are determined by multiple experiments. For example,
B controls the probability of whether a company is fraudulent or not, setting 5 < 0.5 to make
the classification function more inclined to the category of fraud. For choosing a suitable
value of B, we test 5 on the training and validation dataset of six periods. Then, we compute
the average results of six experiments and show them in Table 3. Finally, by comparing the
results, B = 0.1 is chosen as the threshold because of its good performance. In addition, we
try different groups of (A1, Ap) and test the performance of this model. The corresponding
results are displayed in Table 4. It can be seen from Table 4 that, when the group of
(A1, Az) is (1,5), the model achieves the best performance. For readers’ convenience, all the
hyperparameters of this problem are determined and separately shown in Table 5.

Table 3. Selection of hyperparameter f.

B Sensitivity (%) Precision (%) NDCG
0.1 5.411 8.933 0.202
0.2 3.438 5.731 0.128
0.3 2.400 3.850 0.068
0.4 1.858 2.604 0.050
0.5 2.050 3.210 0.023

Table 4. Selection of hyperparameter (A1, Ap).

(A1, A2) Sensitivity (%) Precision (%) NDCG
(10,1) 2941 7.407 0.170
(5,1) 2.941 7.407 0.152
1) 3.677 9.259 0.184
1,1) 1471 3.704 0.090
1,2) 5.147 12.963 0.278
(1,5) 8.088 20.370 0.355

(1,10) 5.882 14.815 0.291
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Table 5. Values of hyperparameters.

NABAS Model
Hyperparameter Value Hyperparameter Value
4 1 B 0.1
o 2 A 1
Cc 3 /\2 5
€ 0.95

4.2. Experiment Results

In this subsection, the performance of the NABAS algorithm is analyzed in detecting
fraudulent companies on the given dataset from two aspects.

4.2.1. Convergence of Lost Function Value

From the above subsection, the entire dataset is divided into six subsets, and the
percentage of fraudulent companies varies in each subset. Then, the NABAS is used for the
six subsets. In order to show the convergence results of the loss function more completely,
the maximum number of iterations k of the NABAS algorithm is set to 150. All convergence
results of the loss function are shown in Figure 2. As can be seen from the figures, the loss
function can achieve convergence to the optimal value at a fast speed, and the number of
convergence iterations is less than 100.

4.2.2. Yearly Comparison with RUSBoost Algorithm

The RUSBoost algorithm has been compared with Logistics and SVM-FK in [23],
and the results show that RUSBoost has the best performance. Therefore, we only compare
NABAS with RUSBoost by year in four evaluation indicators: accuracy, sensitivity, precision,
and NDCG. The corresponding results are presented in Table 6. As shown in Table 6,
for sensitivity, although NABAS is slightly inferior in the test set 2003 and the test set
2004, with the increased number of training sets and test sets, the sensitivity of NABAS is
higher than RUSBoost. For other indicators, the NABAS algorithm not only has obvious
advantages in accuracy, precision, and NDCG but also remains in a relatively stable range
of values. The NABAS algorithm shows better and more stable prediction ability than
RUSBoost. In addition, the time indicator also plays a key role in the fraud detection
problem. For the same test set, the time consumed by NABAS is much less than that spent
by RUSBoost. As a consequence, the NABAS algorithm has better computational efficiency
than RUSBoost.

Table 6. Comparison of NABAS and RUSBoost.

Training Set Test Set Method ACC(? racy Sensol tivity Precolswn NDCG (s) t
(%) (%) (%)
1991-2001 2003 NABAS 0.861 5.882 14.815 0.281 61.9
RUSBoost [23] 0.737 10.14 11.67 0.130 130.7
1991-2002 2004 NABAS 0.853 6.250 13.208 0.271 70.0
RUSBoost [23] 0.772 8.62 8.47 0.079 149.5
1991-2003 2005 NABAS 0.850 4.494 7.692 0.193 73.8
RUSBoost [23] 0.736 4.440 3.390 0.039 221.2
1991-2004 2006 NABAS 0.854 4.546 5.882 0.149 79.3
RUSBoost [23] 0.762 3.030 1.690 0.019 256.5
1991-2005 2007 NABAS 0.850 5.172 5.882 0.150 91.0
RUSBoost [23] 0.708 3.330 2.690 0.019 233.2
1991-2006 2008 NABAS 0.858 6.122 6.122 0.168 93.0

RUSBoost [23] 0.641 0.000 0.000 0.000 2359
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Figure 2. The convergence of loss function (W) equipped with NABAS on six subsets of training
and validation datasets from 1991-2006. (a) Convergence of NABAS on training dataset 1991-2001.
(b) Convergence of NABAS on training dataset 1991-2002. (c) Convergence of NABAS on training
dataset 1991-2003. (d) Convergence of NABAS on training dataset 1991-2004. (e) Convergence of
NABAS on training dataset 1991-2005. (f) Convergence of NABAS on training dataset 1991-2006.

4.2.3. Comparison with Other Public Algorithms

To further verify the performance of NABAS, logistic regression model [21] and SVM-
FK [22], which proposed for fraud detection in recent years, are also used to be compared
with NABAS. These methods are applied to datasets from 2003 to 2008, and the average
results of all indicators are depicted in Table 7. From Table 7, one can learn that the NABAS
algorithm is superior to the other three methods in all indicators.
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Table 7. Comparison with other algorithms.

Variables of Method Accuracy (%) Sensitivity (%) Precision (%) NDCG (s) t
Dataset
14 Financial Logistic [21] 0.672 3.990 2.630 0.028 -
Ratios
Logistic [21] 0.690 0.730 0.850 0.006 -
. SVM-FK [22] 0.626 2.530 1.920 0.020 -
28 Raw Variables - pjspoost [23] 0.725 4.880 4.480 0.049 2045
NABAS 0.854 5.411 8.933 0.202 78.2
5. Conclusions
This paper tackles the fraud detection problem of the American publicly traded
companies, and uses a dataset that was collected from SEC’s AAERs. For this problem,
a fraud detection model has been proposed and transformed into an optimization problem
of minimizing loss function. Meanwhile, the NABAS algorithm has been presented and
employed to solve this optimization problem. Furthermore, three methods have also been
used to compare with the NABAS algorithm. The experiment results show that the NABAS
algorithm has better performance than other methods in all indicators. The advantage
of this paper lies in the introduction of NABAS to solve the fraud detection problem and
obtain higher accuracy and efficiency. However, in this study, the parameter selection is
manual, which depends on repeated experiments and will incur a huge time cost. Therefore,
developing an algorithm for parameter selection is a future research direction of the work.
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