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Abstract

The identification of anomalous data objects within massive datasets is a critical technique
in financial auditing. Most existing methods, however, focus on global outlier anomalies
detection with less effective in contexts such as Chinese financial budget auditing, where
local outliers are often more prevalent and meaningful. To overcome this limitation, a
unified outlier detection framework is proposed that integrates both global and local
detection mechanisms using k-nearest neighbors (KNN) and kernel density estimation
(KDE) methodologies. The global outlier score is redefined as the sum of the distances
to the k-nearest neighbors, while the local outlier score is computed as the ratio of the
average cluster density to the kernel density—replacing the cutoff distance employed
in Density Peak Clustering (DPC). Furthermore, an adaptive adjustment coefficient is
further incorporated to balance the contributions of global and local scores, and outliers
are identified as the top-ranked objects based on the combined outlier scores. Extensive
experiments on synthetic datasets and benchmarks from Python Outlier Detection (PyOD)
demonstrate that the proposed method achieves superior detection accuracy for both global
and local outliers compared to existing techniques. When applied to real-world Chinese
financial budget data, the approach yields a substantial improvement in detection precision-
with 38.6% enhancement over conventional methods in practical auditing scenarios.

Keywords: outlier detection; K-means; peak density; clustering; auditing

1. Introduction
Outlier detection is a commonly used approach for the identification of data instances

that exhibit significant deviation from the predominant patterns in a dataset [1]. These
outliers often possess substantial analytical value, helping researchers discover potential
anomalies or underlying issues within the data source [2]. In recent years, outlier detection
has expanded significantly across diverse fields, such as financial fraud monitoring, intelli-
gent medical systems, cyber intrusion identification, and industrial fault analysis [3,4]. In
particular, clustering-based outlier detection methods exhibit satisfactory detection perfor-
mance and efficiency compared with other approaches [5,6]. However, the rapid detection
of anomalies (or outliers) in large-scale datasets is still challenging in auditing because the
outlier definition is often subjective and context-dependent [7,8]. As an illustration, the H
Provincial Department of Finance in China received close to forty-three million individual
records every month in 2025, encompassing declarations, payments, medical treatments,
and related documentation, and some of the data objects may not be outliers from a global
perspective. Still, from a local analysis perspective, they are anomalies [9,10]. In this way,
heterogeneous massive data poses a significant challenge for auditors to quickly identify
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suspicious clues in auditing. This is because most clustering-based outlier detection meth-
ods are designed from a global perspective, which limits their effectiveness in detecting
local outliers [11]. Ramaswamy et al. proposed a distance-based outlier measure derived
from the separation between a point and its kth nearest neighbor (KNN) [12]. Subsequently,
Breunig developed the local outlier factor (LOF), a metric designed to quantify an object’s
relative isolation within its local context [13]. Nonetheless, the precision of these approaches
is highly sensitive to the parameter k, and their performance decreases significantly as
the number of local outliers increases. As a result, they cannot be directly applied to
Chinese finance budget auditing, and the reasons can be ascribed to different criteria for
abnormal data in different contexts. For example, the proportion of individual’s payment
often fluctuates in finance budget funds. Additionally, only a few studies have focused on
local outlier detection in data auditing, yet these problems have not been comprehensively
solved [14,15]. There is a pressing need to detect localized anomalies by leveraging the
distinctive attributes of auditing datasets.

Based on the above analysis, this study intends to develop a combined outlier detection
method from both global and local perspectives. The key idea of our approach is to first
compute the local density of data objects using KNN and KDE methods, thereby replacing
the local density measure used in the traditional DPC algorithm. Subsequently, the sum of
the k-nearest neighbor distances for each data object is utilized as its global outlier factor.
Then, a clustering algorithm is employed to determine the cluster densities and identify
local outliers. Thereafter, the global and local outlier factors are integrated to generate a
comprehensive anomaly score for each data object. Finally, the proposed framework is
implemented on a Chinese financial auditing dataset, with its feasibility and effectiveness
in identifying anomalous data verified through three metrics: false positive rate, false
negative rate, and recommendation quality.

The main contributions of this paper can be summarized as follows:

• Two novel anomaly metrics for each data object are introduced: local exception score
(Les) based on kernel density estimation and global exception score (Ges) based on
k-nearest neighbor distances, which measure the deviation in a data object from local
and global perspectives, respectively.

• A comprehensive anomaly score is defined by combining Ges and Les using an ad-
justment coefficient α, which adaptively balances the importance of local and global
outliers for final detection.

• Extensive comparison with baseline outlier detectors using artificially generated and
PyOD benchmark datasets are conducted, and the results demonstrate the effectiveness
and feasibility of the proposed method.

• The proposed method is applied to Chinese financial budget auditing datasets, and the
results exhibit a notable increase in detection auditing clues in large-scale databases.

The paper is structured as follows. Section 2 surveys existing outlier detection tech-
niques in the literature. Section 3 introduces fundamental concepts and summarizes key
prior findings. The core framework and methodology for detecting outliers from both local
and global viewpoints are developed in Section 4. Section 5 demonstrates an application of
the proposed approach to a Chinese auditing dataset. Finally, Section 6 offers concluding
remarks and outlines promising avenues for further investigation.

2. Literature Review
As an entry point for further investigation in auditing, abnormal data (e.g., rare events,

deviations from the majority, or exceptional cases) may be more interesting and valuable
than the common cases for auditors. Consequently, outlier detection is designed to identify
these anomalous instances based on their significant deviations in attributes. In recent years,
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significant research has been conducted on outlier detection, and great achievements have
been made until now. In practical applications of knowledge discovery and data mining
(KDD), the limited availability of annotated anomaly instances has led to the widespread
adoption of unsupervised techniques as the primary methodology. As a result, existing
outlier detection techniques can be broadly categorized into three types: distance-based,
density-based, and clustering-based methods.

As a classical distance-based technique, KNN assesses outlier likelihood by measuring
the separation between each point and its nearest neighbor. Points are subsequently
ranked according to these distances, with the top n candidates identified as outliers [12].
Nevertheless, KNN’s performance tends to be limited when applied to heterogeneous real-
world datasets, where implicit data structures and parameter sensitivity pose significant
challenges. To address these limitations, Zhang et al. developed the local distance-based
outlier factor (LDOF), which quantifies deviation in scattered datasets by evaluating each
object’s positional relationship relative to its surrounding neighbors [15]. Separately, Jiawei
et al. introduced a mean-shift-based outlier detector (MOD) that reduces outlier-induced
bias through data modification [14]. This method substitutes each instance with the average
of its k-nearest neighbors, effectively mitigating outlier influence during clustering without
requiring prior anomaly knowledge. While the above methods demonstrate excellent
performance in detecting global outliers, there are still some limitations, such as poor
detection efficacy for local outliers, difficulty in adapting to data of different densities, and
significant performance sensitivity to parameter k value.

Compared to distance-based outlier detection methods, density-based approaches
exhibit superior performance in identifying local anomalies because neighborhood density
can describe the data distribution characteristics. Tang et al. developed a connectivity-
based outlier factor (COF) approach, which enhances the performance of conventional
LOF method in scenarios where outlier regions exhibit density characteristics similar to
those of normal patterns [16]. Nevertheless, neighbor-based outlier detection methods in
handling low-density and local density-varying data exhibit poor accuracy and robustness
and are overly dependent on parameter settings. Consequently, Zhongping et al. leveraged
local density ratios to characterize regional density variations, establishing a novel outlier
metric known as the Relative Density Ratio Outlier Factor [17]. Although it can enhance
local outlier detection performance with low-density data, the performance will severely
decrease when the number of local outliers increases.

Significant progress in cluster-based outlier detection has made it a vibrant and ac-
tive research field. In reference [18], the cluster-based local outlier factor (CBLOF) was
formulated to quantify the substantive significance of anomalies, with an accompanying
algorithm designed to enhance the identification of meaningful outliers. Another approach
leveraging fuzzy clustering techniques begins by applying the Fuzzy C-Means (FCM) algo-
rithm, after which potential outliers are assessed by monitoring variations in the objective
function upon temporary removal of individual data points [19]. A recognized limitation
of this methodology, however, is its diminished capacity to detect local outliers within
datasets featuring clusters of heterogeneous densities. To overcome this challenge, Zhou
et al. introduced the FCM Objective Function-based LOF (FOLOF), which incorporates
the elbow criterion to automatically identify the optimal cluster count prior to outlier
analysis [20]. The dataset is pruned by the objective function of FCM to obtain the outlier
candidate set, and the weighted local outlier factor detection algorithm is used to calculate
the outlier degree of each point finally. Yet the above methods are limited by clustering
algorithms and have low performance in detecting outliers in datasets of arbitrary shapes.
Introduced by Rodriguez in 2014, Density Peaks Clustering (DPC) identifies cluster centers
as local density peaks that maintain considerable separation from all data points possessing
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higher density [21]. Compared to traditional clustering algorithms, the DPC algorithm
offers several advantages: it can rapidly identify cluster centers without iterative opti-
mization, adapt to arbitrary cluster shapes, and handle large-scale datasets. Despite these
strengths, however, the DPC algorithm still suffers from two main limitations: its depen-
dence on manual parameter setting and its high computational complexity. To address this
limitation, reference [22] presented an outlier detection method utilizing a density peak
clustering-based outlier factor. This approach employs k-nearest neighbors for density
estimation instead of conventional density peaks, incorporates a KD-Tree index for efficient
neighbor search, and automatically identifies cluster centers through the product of density
and distance metrics [23,24]. This method analyzes the features of each cluster through
clustering and detects outliers based on the size of the outlier factors, while avoiding the
impact of clustering with different densities on outlier detection. However, it is difficult to
determine cluster centers with lower cluster densities using traditional DPC algorithms
when data points form clusters with different densities.

Despite the significant achievements in unsupervised outlier detection, existing meth-
ods still exhibit several limitations when confronted with the complex demands of real-
world applications such as financial auditing [25,26]. (1) There exists a notable disconnect
between global and local outlier perspectives. Distance-based methods (e.g., KNN, LDOF)
are generally effective at identifying global outliers but perform poorly in detecting lo-
cal anomalies within scattered or multi-density datasets. While density-based methods
(e.g., LOF, COF) excel at finding local outliers, their performance is highly sensitive to
parameter settings and deteriorates significantly as the number of local outliers increases.
(2) Secondly, the performance of many state-of-the-art detectors remains heavily dependent
on and sensitive to specific parameters (particularly the neighborhood size k). This sensitiv-
ity poses a substantial challenge in practical scenarios like auditing, where data distribution
is often heterogeneous and prior knowledge is scarce, making optimal parameter selection
difficult. (3) Thirdly, although clustering-based approaches like DPC and its variants of-
fer advantages in handling arbitrary cluster shapes, they struggle to effectively identify
cluster centers and detect local outliers in datasets with complex, varying densities. The
inherent limitations of the underlying clustering algorithms directly impact the accuracy of
subsequent outlier detection, especially when local outliers reside in low-density regions
adjacent to high-density clusters.

As a result, this study proposes a combined global and local outlier detection method
based on an improved fast search and discovery density peak clustering algorithm, utilizing
KNN and KDE methods, to evaluate the outliers from both global and local perspectives.
After that, we apply the proposed method in Chinese audit dataset analysis, validating its
effectiveness and feasibility.

3. Preliminaries
KNN is one of the most popular nonparametric clustering techniques using the k-

nearest neighbor classification rule (k-NNR) [12]. Following this principle, an unclassified
instance is categorized into the class most frequently represented among its k-nearest
neighbors within the training dataset. Cover and Hart [27] demonstrated that as both the
number of data objects N and the neighborhood size k approach infinity under the condition
k/N→0, the classification error of the k-NNR method converges to the theoretically optimal
Bayes error rate. And the pairwise Euclidean distances between points in the dataset can
be described as in Equation (1).

d(xi, xj) =

√
∑d

m=1

(
xim − xjm

)2, (1)
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where xi, xj∈N, xim is the mth attribute of data object xi; xjm is the mth attribute of data
object xj; d is the number of data point’s attributes. Obviously, the smaller the distance
between two data points, the closer they are. To describe the relationship between the sum
of distances from a data point to all its k-nearest neighbors and their spatial distribution,
two-dimensional data were randomly generated, as shown in Figure 1. Points xi (black) and
xj (red) represent two selected data points, for which k-nearest neighbors were computed
with k = 4 as an example. As observed in Figure 1, the data points around xi are more
dispersed compared to those around xj, resulting in larger distances between xi and its
k-nearest neighbors. The k-nearest neighbor distances can thus be regarded as an indicator
of data point distribution and facilitate the analysis of local density characteristics.

Figure 1. Example of KNN neighborhood distribution (k = 4).

The DPC algorithm assumes that cluster centers are surrounded by neighbors with
lower local density and that they are at a relatively large distance from any point with a
higher local density. In this way, two attributes are defined for each data point xi: local
density ρi and relative distance δi.

Definition 1 ([21]). Local density ρi. The local density ρi of a data point xi is defined as follows:

ρi = ∑N
j=1 χ

(
d
(
xi, xj

)
− dc

)
, (2)

whered
(

xi, xj
)

is the Euclidean distance between two data points xi and xj defined in Formula (1);
the function χ(adopting the notation from [21]) is defined as χ(x) = 1 if x < 0 and χ(x) = 0 otherwise;
and dc is a cutoff distance.

Basically, ρi is equal to the number of points that are closer than dc to data point xi. As
a general guideline, the cutoff distance dc may be selected such that the mean number of
neighbors falls within approximately 1–2% of the total dataset size.

Definition 2 ([21]). Relative distance. The relative distance of data point xi is defined as the
minimum distance between the point xi and any other point with higher density, described as

δi = minj:ρj>ρi (d(xi, xj)), (3)

For the data point possessing the maximum density δi, it is conventionally assigned
the value of maxj(d

(
xi, xj

)
). It is noteworthy that δi substantially exceeds typical nearest-

neighbor distances only when the point corresponds to a local or global density peak.
Consequently, cluster centers are identified as instances exhibiting anomalously high δi

values, this principle constitutes the foundational basis of the DPC methodology. Taking
the values of ρi as the horizontal axis (X-axis) and values of δi as the vertical axis (Y-axis),
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the two-dimensional decision graph can be drawn, and those points with higher ρi and
lower δi can be identified as cluster centers.

4. A Unified Outlier Detection Method from Global and
Local Perspectives

In this part, we will present a unified outlier detection framework, which considers
not only the local anomalous points but also global anomalous data objects.

4.1. Local Density with Gaussian Function

In the traditional DPC algorithm, the cutoff distance dc is set to 2% of the total number
of points in the dataset. However, in datasets with significant differences in cluster density,
cluster centers with low density are difficult to select. To solve this problem, the k-nearest
neighbor distance of the data points is first calculated, then kernel density estimation on the
local density of the data points is performed, so that each data point can have a relatively
stable local density, thereby enabling more accurate clustering. In this way, the Gaussian
Function is employed as the kernel function to estimate the local density of data points.

The procedure for estimating the local density of data point xi is as follows. First, the
proximity distance between xi and a neighboring point xj is computed using Equation (1).
This value is then used as input to the Gaussian kernel function in Equation (4) to compute
a local density contribution. Finally, the overall local density for data point xi is defined as
the mean of the density contributions from its k-nearest neighbors.

KGaussian(xi, xj) =
1

(2π)d e(−
d(xi ,xj)

2

2 ), (4)

where d(xi, xj) is the Euclidean distance between data point xi and another data point xj; d
is the number of dimensions.

According to Equations (1) and (4), the average distance of point xi can be described
as shown in Equation (5).

ρ′i =
1
k ∑xj∈KNN(xi)

1

(2π)d e(−
d(xi ,xj)

2

2 ), (5)

where KNN(xi) refers to the set of k-nearest neighbors of a data point xi, which is obtained
by calculating the Euclidean distances between xi and all other points in the dataset using
Equation (1), sorting these distances in ascending order and selecting the k points with
the smallest distances. As can be seen from Equations (4) and (5), the function e−x is a
monotonic decreasing function, and local density will be smaller if the k-nearest distance of
xi is larger, therefore the data points will be sparser.

4.2. Global Exception Score

In dense regions of a dataset, the distance to a point’s k-nearest neighbors is small,
whereas it becomes large in sparse regions. Since outliers typically reside in sparse regions,
they exhibit significantly larger k-NN distances than any normal point (a data object that is
not an outlier). Consequently, the k-NN distance serves as an effective metric for global
outlier detection.

Definition 3. Global exception score (Ges). The global exception score of a data object xi is the sum of
the distance between data object xi and its k-nearest neighbors, described as shown in Equation (6).

Ges(xi) = ∑dj∈Nk(di)
d
(
xi, xj

)
, (6)
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where Ges(xi) is the global exception score of data object xi, d(xi, xj) is the distance between data
object xi and its k-nearest neighbor xj.

Essentially, the larger the value of Ges, the sparser the density between two data
objects, indicating that the data object is more likely to be an outlier. When data objects
form clusters with large density differences, this method can only detect outliers around
clusters with low density, resulting in a decrease in local outlier detection performance in
the overall dataset.

Intuitively, outliers are far away from the normal data points, with a small number
and sparse distribution. In this way, the following inequality can be drawn, as can be seen
in Theorem 1.

Theorem 1. Let Xoutlier be a set of data outliers, Xnormal be a set of normal data, then for any data
object xi ∈ Xoutlie, xj ∈ Xnormal, the distance between xi and its kth nearest neighbor is greater than

that of the kth nearest neighbor of data object xj, that is, Ges(xi)

Ges(xj)
> 1.

Proof. According to Definition 3, the k-nearest neighbor of xi ∈ Xoutlier is greater than the
k-nearest neighbor of xj ∈ Xnormal, that is, d(xi, xk) > dk(xj, xk), xi ∈ Xoutlie, xj ∈ Xnormal. In this
way, the following inequality can be concluded:

∑xi∈Xoutlie
d(xi, xk)> ∑xj∈Xnormal

dk
(
xj, xk

)
,

that is,
Ges(xi)

Ges
(
xj
)= ∑xi∈Xoutlie

dk(xi, xk)

∑xj∈Xnormal
dk
(

xj, xk
) > 1. (7)

End.□

From Theorem 1, we can conclude that the global exception score of any outlier is
greater than that of any normal data point. Therefore, outliers can be identified by the
value of the global exception score.

4.3. Local Exception Score

The local outlier refers to an anomaly data object that is significantly different from
its surrounding data points. The local outlier can help us identify anomaly data more
accurately. To identify local outliers among data objects, cluster analysis is first performed
to partition the data into several clusters. The average density of each cluster is then
calculated. This approach allows clustering-based methods to efficiently detect local
outliers for individual data points while significantly reducing computational complexity.
In this way, the value of k is calculated using Equation (1), then the local density of xi can
be obtained using Equations (4) and (5). After that, the relative distance can be obtained
using Equation (2), and the DPC algorithm is conducted for data clustering. The average
density of each cluster can be calculated with Equation (8).

ρ(l) =
1

k·|N(l)|∑
|N(l)|
i=1 ∑xj∈KNN(xi)

1
2πd e−

d(xi ,xj)
2

2 (8)

where ρ(l) is the average density of the lth cluster, |N(l)| is the number of the lth cluster,
and xi is the ith data object in the lth cluster. In this way, the local exception score can be
defined as follows.
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Definition 4. Local exception score (Les). The local exception score of a data object xi is defined
as the ratio of the average density of the cluster to which xi belongs and the kernel density of xi,
described as

Les(xi) =
ρ(l)

ρ(xi)

=
∑
|N(l)|
i=1 ∑xj∈KNN(xi)

e−
d(xi ,xj)

2

2

|N(l)|×∑xj∈KNN(xi)
e−

d(xi ,xj)
2

2

,
(9)

where Les(xi) is the local exception score of data point xi, ρ(l) is the average density of the lth cluster.

Theorem 2. Let Xoutlier be a set of data outliers and Xnormal be a set of normal data; then for any
data object xi ∈ Xoutlie, xj ∈ Xnormal, the following inequality holds: Les(xi)

Les(xj)
> 1.

Proof. It is obvious that for any xi ∈ Xoutlie, xj ∈ Xnormal, we can conclude that
dk(xi, xm) > dk(xj, xm). Let dk(xi, xm) = αk × dk(xj, xm) where αk is a real number greater
than 1. In this way, the following inequity can be drawn using Equation (4).

KGaussian(xi, xm )k
KGaussian(xj ,xm)k

=
1

(2π)d
e(−

d(xi ,xm)2

2 )

1
(2π)d

e(−
(xj−xm)2

2 )

= e(
dk(xi−xm)2

2 (a2
k−1)).

(10)

Since ak is greater than 1 and the function ex is a monotonically increasing function, then

KGaussian(xi, xm)k
KGaussian

(
xj, xm

)
k

= e(
dk(xi)

2

2 (a2
k−1))> e0 = 1. (11)

As a result, we can conclude that the kernel density estimation of the kth nearest
neighbor of a normal data point is greater than that of the kth nearest neighbor of an outlier,
that is,

ρ′(xi)

ρ′
(
xj
)= 1

k ∑xi∈KNN KGaussian(xi, xm)k
1
k ∑xi∈KNN KGaussian

(
xj, xm

)
k

> 1. (12)

As can be seen, the local density of normal data points is greater than that of outliers.
Also, the number of outliers is substantially smaller than the number of normal data points.
After clustering is completed, the density of the lth cluster is approximately equal to the
average density of normal data points, that is,

ρ(l) =
1

k·|N(l)|∑
|N(l)|
i=1 ∑xj∈KNN(xi)

1
2π

e−
dk(xi ,xj)

2

2 (13)

≈ 1
k·|N(xi)|∑

|N(xi)|
i=1 ∑xj∈KNN(xi)

1
2π

e−
dk(xi ,xj)

2

2 (14)

≈ 1
|N(xi)|∑

|N(xi)|
i=1 ρ(xi). (15)

Combining Equations (12) and (15), the following equities can be drawn.

Les(xi)=

1
|N(xi)|∑

|N(xi)|
i=1 ρ′(xi)

ρ(xi)
; (16)
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Les
(

xj
)
=

1
|N(xj)|∑

|N(xj)|
j=1 ρ′

(
xj
)

ρ
(
xj
) . (17)

Then,
Les(xi)

Les
(
xj
)= ρ′

(
xj
)

ρ′(xi)
> 1. (18)

End.□

According to Equation (18), the local exception score of an outlier is greater than that
of normal data points. As a result, the local outliers can be identified according to the value
of the local exception score of data objects.

4.4. Comprehensive Exception Score

By combining the global and local exception evaluations, the comprehensive exception
score of a data object can be defined as in Definition 5.

Definition 5. Comprehensive exception score (CGLes). The comprehensive exception score CGLes

of a data point xi is the sum of the global exception score Ges(xi) and local exception Les(xi) with a
proportional parameter α, as described in Equation (19).

CGLes(xi) = α × Ges(xi) + (1 − α) × Les(xi), (19)

where α is a proportional parameter used to balance the importance of global exception degree Ges(xi)
and Les(xi). If they are equally important, the value of α will be set to 0.5. Furthermore, to identify
as many local outliers as possible, α should be set to a value close to 0; conversely, to detect as many
global outliers as possible, α should be assigned a value close to 1. In extreme cases, when α equals 0,
the result reflects the evaluation from a local outlier perspective; when α equals 1, it corresponds to
the evaluation from a global outlier perspective.

Using Equation (19), top-ranked data objects with the highest comprehensive exception
scores can be identified as outliers in the dataset. Moreover, we will present the different
detection results between the comprehensive exception score evaluation and the global
exception score evaluation.

Suppose there are two clusters in the dataset, whose samples are evenly distributed.
And the density of normal samples in cluster c1 is higher than that of samples in cluster c2,
that is, dk(x1n) = βdk(x2n) where β > 1 and x1n and x2n are normal samples in cluster c1 and
cluster c2, respectively. There is a local outlier x1o in cluster c1, whose kth nearest neighbor
distance is δ times that of a normal data point x1n, that is, dk(x1o) = δ × dk(x1n), δ > 1. The
global exception value of a normal data point x2n in cluster c2 can be described as

Ges(x2n) = ∑x2n∈KNN dk(x2n)

= β∑x1n∈KNN dk(x1n)

= βGes(x1i).
(20)

Similarly,
Ges(xo) = δ × Ges(x1n). (21)

In this way, the following equation holds true according to Equations (20) and (21).

Ges(x2n)

Ges(xo)
=

β

δ
. (22)
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Corollary 1. To detect local outliers in cluster c1 with a higher sample distribution density,
then β

δ < 1, δ > β.

Furthermore, the local exception value can be obtained according to Equation (18),
and the inequity holds, Les(xo)

Les(xn)
> 1. Let Les(xo) = λLes(xn) and λ > 1. Also, the local density

of normal data objects is approximately equal to that of outliers in an evenly distributed
cluster, that is,

Les(xi) = λLes
(

xj
)
≈ λLes

(
xj
)
, xi ∈ Xoutlie, xj ∈ Xnormal . (23)

In this way, the following equation holds true using the above Equations (22) and (23).

FES(x2i)

FES(xo)
=

Ges(x2i)× Les(x2i)

Ges(xo)× Les(xo)
=

β

λδ
. (24)

Corollary 2. To detect local outliers in a cluster with a higher density of data point distribution,
then δ > β/λ.

As shown in Table 1, δ1 > δ2, indicating that a greater δ is required to detect local out-
liers from the perspective of global exception detection. Obviously, it is necessary to lower
the value of δ to improve the accuracy of outlier detection. In summary, the comprehensive
exception evaluation method can detect both global outliers and local outliers.

Table 1. Comparison of the outlier detection results with different cluster densities.

δ Ges CGLes

Range of δ δ1 > β δ2 > β/λ

4.5. Algorithms for Outlier Detection from Global and Local Perspectives

Based on the analysis above, the core procedure of the proposed outlier detection
algorithm, termed outlier detection based on global and local exception scores (GLES),
can be summarized as follows. First, the k-nearest neighbor method is employed to
analyze global data structures and compute global exception scores. Next, the Gaussian
kernel function is applied to estimate the local density of each data point and derive its
relative distance. These local density and relative distance measures are then used to
perform clustering and assign local exception scores. Finally, the global and local scores
are integrated to detect outliers, and a global–local outlier decision graph is constructed
to visualize and interpret the results. The entire process for computing the combined
exception scores is detailed in Algorithm 1.

In Algorithm 1, Sort(x) is a sorting function; min(x) returns the minimum value of x.
The time complexity of Algorithm 1 can be analyzed as follows:

(1) The time complexity of k-nearest neighbors searching using KD tree is O(NlogN),
where N is the number of data samples from line 4 to line 7.

(2) The time complexity of the average density of each sub-cluster in local exception score
computation is O(N3) from line 29 to line 33.

(3) The time complexity of global exception scores computation and the local density is
O(N2) from line 10 to 13.

(4) The time complexity of Sort(x) function using Shell Sort Algorithm is O(NlogN) in
line 11.
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Algorithm 1: Comprehensive exception scores computation algorithm

Input: Dataset D, cutoff distance p; number of nearest neighbors k;
Output: Comprehensive exception scores CGLes[N].

(1) Begin
(2) #Distance matrix between two data points
(3) Dist[N][N]←0; # initial value
(4) For each data point xi in D do
(5) For each data point xj in D do
(6) #Compute the distance of each pair of data points using Equation (3);
(7) Dist[i][j] = dk(xi,yj);
(8) #Compute the global exception score Ges(xi) of xi

(9) Ges(xi)←0; # initial value
(10) For each data point xi in D do
(11) Sort(Dist[i][]); # sort in an ascending order
(12) For s = 1 to k do
(13) Ges[xi]←Ges[xi]+ Dist[i][s];
(14) #Compute the local density of xi using Equation
(15) rho[xi]←0;
(16) For each data point xi in D do
(17) Sort(Dist[i][]); # sort in an ascending order
(18) For s = 1 to k
(19) rho[xi]← rho[xi] + exp(-Dist[i][s]);
(20) #Compute the relative distance of xi in D
(21) delta[xi]←0;
(22) For each data point xi in D do
(23) delta[xi] = min(Dist[i][]);
(24) #Choose centers of clusters c_centers
(25) c_centers[] = select_cluster_centers(rho, delta, threshold)
(26) sub_clusters[]= Call k-NN(c_centers[], D);
(27) #Compute the average density of each sub_cluster crho[]
(28) srho[]←0;
(29) For each sub_cluster sc do
(30) For each data point xi∈sc do
(31) For each point xi∈kNN(xi) do
(32) srho[sc]= srho[sc]+ exp(-Dist[i][j]);
(33) srho[sc]= crho[sc]/(2π)d;
(34) #Compute the local exception score Les(xi)
(35) For each cluster sc do
(36) For each data point xi in cluster sc do
(37) Les(xi)←srho[sc]/rho[xi];
(38) #Compute the comprehensive exception score using Equation (19)
(39) For each data point xi in D do
(40) CGLes(xi)←α × Ges(xi) + (1 − α) × Les(xi);
(41) Return CGLes[N];
(42) End.

In this way, the total time complexity of Algorithm 1 is the sum of O(NlogN), O(N3),
and O(N2). That is, O(NlogN) + O(N3) + O(N2) + O(NlogN) ≈ O(N3). Although this
algorithm is not better than the KNN and LOF algorithm in average time complexity, the
outliers are identified from the global and local perspectives simultaneously.
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Using the algorithm of comprehensive exception score computation, the outlier detec-
tion result can be obtained as in Algorithm 2.

Algorithm 2: Outlier detection based on global and local exceptions

Input: CGLes[N], top size n;
Output: Set of outlier O[k]

(1) Begin
(2) Sort(CGLes[N]); //sorting the comprehensive exception scores
(3) For i = 1 to n do
(4) O[i]←mark D[i] with outlie;
(5) Return O[k];
(6) End.

In Algorithm 2, the Sort() function sorts the comprehensive exception scores first.
Then, the top-n data points will be marked as outliers. Moreover, the value of n is typically
determined based on expert experience in practice. A larger value of n yields a greater
number of suspicious outliers but results in a lower missed detection rate; conversely, a
smaller value of n identifies fewer suspicious outliers but is associated with a higher missed
detection rate. The primary time consumption is the sorting procedure, whose optimal
time complexity is O(N3).

4.6. Performance Evaluation of Proposed Outlier Detection Algorithms

In this subsection, the performance evaluation of the proposed method is conducted
and compared with other approaches. The simulation environment settings are as follows:
Intel Core i7 CPU @1.6GHz, AMD HD8600, 16.0G RAM, Python 3.9. The outlier detection
is typically regarded as a binary classification problem with four potential classification
outcomes: true positive (TP), false negative (FN), true negative (TN), and false positive
(FP). To thoroughly evaluate the performance of the proposed method, we compare it
against several established algorithms using precision, recall, F-measure, and AUC as
performance metrics.

4.6.1. Data Description

In this study, ten benchmark datasets were employed to assess the detection capability
and computational efficiency of the proposed outlier identification algorithm, including
four randomly generated datasets, and six existing datasets from the PyOD toolkit, which
is an easy-to-use Python library for detecting anomalies in multivariate data. Moreover, it
integrates many traditional anomaly detection algorithm models, making it easy to verify
the performance superiority of existing algorithms.

In the multidimensional dataset, each column represents a feature (i.e., dimension) or a
label (i.e., y-values) of the data objects. And the number of rows in the dataset represents the
sample count. In outlier detection, the model takes X as the multidimensional data input,
and the required labels (y-values) 1 represent outliers and 0 represent normal values. Table 2
provides specific distribution for each dataset, and Figure 2 describes the distribution of
the two-dimensional artificial datasets.
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Table 2. Dataset description for simulation.

Dataset Source Samples Dimensions Outliers%

Data1 Artificial 8120 2 12.2456
Data2 Artificial 2893 2 9.45722
Data3 Artificial 8679 2 6.58791
Data4 Artificial 9894 2 9.14257
cardio PyOD 1831 21 9.6122

satimage-2 PyOD 5803 36 9.2069
wbc PyOD 378 30 5.5556

musk PyOD 3062 166 3.1679
optdigits PyOD 5216 64 2.8758
pendigits PyOD 6870 16 2.2707
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Figure 2. Distribution of two-dimensional artificial datasets.

4.6.2. Results and Analysis

In the simulation, each dataset was partitioned according to an 80-20 ratio for testing
the classification results, with the larger subset allocated for training and the remainder
reserved for evaluating classification performance. Afterwards, these datasets are input
into the models for classification and validation, respectively. After calculating the global
and local outliers of datasets Data1 to Data4 separately, decision graphs can be drawn with
each data object’s local exception score (Les) as the X-axis and global exception score (Ges)
as the Y-axis, as shown in Figure 3. In Figure 3, the dense samples located in the lower left
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part of the decision graph can be considered as normal samples, while those samples in the
middle are relatively scattered and can be considered as local outliers; and the samples in
the upper right corner with the largest global and local exception scores, can be regarded
as global outliers.
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Figure 3. Ges-Les relation graph of artificial data.

Table 3 presents the performance metrics of the outlier detection method proposed in
this study on different datasets. From Table 3, it can be seen that the proposed GLES outlier
detection algorithm has high detection performance in all datasets. At the same time, the
AUC value also demonstrates good performance. And the average detection precision of
GLES has improved by 70.1% on experimental datasets over conventional methods.

Table 3. Performance indicators of the proposed outlier detection with different datasets.

Dataset Top-n Precision Recall F1-Score AUC

Data1 20 0.9103 0.9674 0.9546 0.9989
Data2 20 0.9074 0.957 0.8754 0.9876
Data3 30 0.9536 0.9364 0.9024 0.9983
Data4 50 0.9978 0.9368 0.9862 0.9387
cardio 45 0.9854 0.9546 0.9364 0.9993

satimage-2 50 0.9996 0.9165 0.9655 0.9998
wbc 60 0.9746 0.9709 0.9574 0.9876

musk 50 0.9479 0.9567 0.9687 0.9678
optdigits 60 0.9533 0.9378 0.8762 0.9869
pendigits 80 0.9748 0.9654 0.9754 0.9997
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Furthermore, comparative experiments were conducted using the proposed model
and other outlier detection methods, including KDPC [28], KNN [12], DPC [29], LOF [13],
MOD [14], LDF [30], and FCM [19]. The AUC of the GLES model was compared with other
baseline methods, and the results are shown in Table 4.

Table 4. Comparisons of AUC values of different outlier detection methods with different datasets.

Dataset GLES DPC KDPC KNN LOF LDF MOD FCM

Data1 0.9889 0.9435 0.9756 0.9574 0.9213 0.9737 0.9410 0.9173
Data2 0.9676 0.9687 0.9574 0.9599 0.9471 0.9709 0.9267 0.9473
Data3 0.9883 0.8571 0.9642 0.9061 0.9656 0.9724 0.9055 0.9294
Data4 0.9687 0.9364 0.9538 0.9692 0.9284 0.9492 0.9274 0.9393
cardio 0.9793 0.9592 0.8865 0.9211 0.9739 0.9785 0.9784 0.9653

satimage-2 0.9898 0.9711 0.8567 0.9182 0.8377 0.9738 0.9591 0.9177
wbc 0.9876 0.9333 1.0000 0.9632 0.9579 0.9542 0.9406 0.9091

musk 0.9670 0.9273 0.9777 0.9622 0.9439 0.9389 0.9839 0.9163
optdigits 0.9369 0.8852 0.7697 0.6713 0.8586 0.9048 0.9398 0.8722
pendigits 0.9781 0.9532 0.968 0.9719 0.8567 0.9534 0.9501 0.9572

According to Table 4, the GLES model proposed in this study achieves the optimal
AUC values in five datasets, suboptimal AUC values in two datasets, and ranked third
in the other three datasets, demonstrating good anomaly detection performance. On the
other hand, among the seven unsupervised machine learning methods, the KNN method
exhibits the best performance in the wbc dataset. Still, its ranking in other datasets is
relatively poor.

In addition, the AUC value of FCM in the optdigits dataset (0.8722) was significantly
lower than that of the GLES model (0.9369). In comparison, the AUC values of LOF in
the optdigits and pendigits datasets (AUC values of 0.8586 and 0.8567) were significantly
lower than those of the GLES model (0.9369 and 0.9781), indicating feature dependence on
different datasets. Furthermore, although the KDPC method achieved the optimal AUC
values in the data wbc and mush datasets, and the LDF method achieved optimal results in
one dataset and suboptimal results in three datasets, their AUC values in other datasets
were significantly lower than those of the GLES model. Additionally, semi-supervised
learning requires training on normal data, which has certain limitations in actual data
anomaly detection.

From the above comparative experimental results, it can be concluded that the seven
baseline methods used in this experiment have significant dependence on the dataset and
have poor stability and reliability in anomaly detection on different data. In contrast, the
GLES model has stronger stability and reliability, making it more suitable for practical data
anomaly detection. The improved model not only overcomes the limitations of traditional
methods that require normal data for model training but also has higher AUC values
and model stability in data anomaly detection compared to traditional machine learning
models, demonstrating significant performance advantages.

In addition, Figure 4 shows the ROC curves of various methods with the Data1
dataset. The horizontal axis represents the pseudo-positive class FPR, and the vertical axis
represents the true rate TPR. Different colored curves represent different methods, with the
orange solid line representing the DPC method, the dashed line representing other baseline
methods, and the AUC values of different methods in the lower right corner.
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Figure 4. ROC of Data1 with different outlier detection methods.

Based on the preceding analysis, the main findings can be summarized as follows:
(1) From Data1 to Data4, it can be seen that the outlier detection methods all exhibit better
performances. However, due to the strict requirements of clustering algorithms for dataset
shape, datasets with irregular shapes (Data3, Data4) usually lead to a decrease in the
performance of traditional outlier detection. (2) In cases where the dataset is significantly
imbalanced and there are outlier clusters, the GLES method outperforms other outlier
detection methods.

5. Application in Finance Budget Auditing Data Using the Proposed
Outlier Detection Method

This section evaluates the proposed outlier detection method using financial budget
auditing data derived from China’s Integrated Financial Budget Management System, a
platform designed to facilitate budgetary reform and enable seamless fiscal data sharing.

5.1. Finance Budget Data

Financial budget data are typically organized into multiple standardized two-
dimensional tables, such as budget indicator tables, non-tax revenue tables, treasury
centralized payment records, and financial settlement reports. These tables collectively
encompass key financial information, including budgetary allocations, revenue details,
expenditure records, and accounting data. In practice, auditors extract relevant financial
tables to analyze the data and identify any anomalies or suspicious patterns.

The auditing data mainly includes two tables: the centralized payment data table of
the national treasury and the budget indicator data table. Among them, the centralized
payment data table of the national treasury records the expenditure details of each budget
unit in the execution of the finance budget in the year 2024, including 147,809 payment
records of 180 budget units. There is a total of 36 attribute features, including 11 useful
features for auditing, such as OrganizationID, OrganizationName, etc. Table 5 provides a
detailed list of key field explanations for centralized payment data, with field examples
extracted from real samples. The example indicates that the budget unit “Meteorological
Bureau” was allocated RMB 8579.65 to “A Computer Company” on 18 June 2025, for the
procurement of desktop computers. The funds were sourced from the budget project titled
“Office Equipment Purchase”.
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Table 5. Fields of table state–centralized–payment.

Index Field Name Field Type Description Example

1 OrganizationID Char(7) ID of the organization “O010095”
2 OrganizationName Nchar(20) Name of the organization “A Meteorological Bureau”
3 ProjectID Nchar(12) ID of the project “P22024030985”
4 ProjectName Nchar(28) Name of the project “Procurement of office equipment”
5 DepExpName Nchar(20) Name of department expenditure “Office equipment purchase”
6 GovExpName Nchar(20) Name of government expenditure “Capital expenditure”
7 PayeeName Nchar(20) Name of payee “A Computer Company”
8 PayeeAccount Char(24) Account number of payee “320-22367-65871000001270”
9 PaymentAccount Char(17) Account number of payment “7283-023720-10901”
10 TotalAmount Double(12,2) Total Account of the transaction “8579.65”
11 TransactionDate Datetime Date of transaction “2025-6-18”
12 Purpose Text Description of transaction “Buy a desktop computer.”

In Table 5, “OrganizationID” and “ProjectID” correspond to budget organization and bud-
get projects, respectively. This study uses the combination of “OrganizationID + ProjectID”
as the primary key for data analysis. Additionally, the attributes “DepExpName” and
“GovExpName” are not the same; these two classification systems are independent, and
each attribute focuses on different aspects. The economic classification of government ex-
penditure places greater emphasis on the key aspects of government budget management,
including specific budgetary subjects such as wages of government agencies, expendi-
tures on goods and services, capital expenditures, and other related categories. On the
other hand, the economic classification of departmental expenditure reflects the require-
ments of departmental budget management and includes specific accounts that capture the
characteristics of each department’s budget.

The budget indicator data table provides detailed information on the issuance of
budget project indicators for the year 2024, covering 179 budget units and 3187 budget
projects. It contains a total of 10,380 records related to the issuance, adjustment, and
approval of budget project indicators, with 34 features in total. Among these, seven features
are beneficial for auditing purposes: budget units, budget projects, project categories,
available amounts, issued amounts, and issued dates, as shown in Table 6 below.

Table 6. Fields of the budget allocation table.

Index Field Name Field Type Description Example

1 OrganizationID Char(7) ID of the organization “O010095”
2 ProjectID Nchar(12) ID of the project “P22024030985”
3 ProjectType Nchar(20) Type of the project “Public spending”
4 TotalAmount Double(12,2) Total Account of the transaction 623,500.00
5 AvailableAmount Double(12,2) Available Account of the transaction 623,500.00
7 PaymentDate Datetime Date of payment “2024-06-01”

Similarly, the combination of “OrganizationID + ProjectID” is regarded as the primary
key for data analysis in the budget allocation table. Table 6 provides an example extracted
from real samples, indicating that the budget unit “O010095” received approval from
the higher-level department on 1 June 2024 and obtained the budget target amount of
“623,500.00 yuan” for the project’s “public funds”.

In addition, the dataset primarily comprises continuous, discrete, and textual attributes.
Among these, continuous attributes represent numerical quantities—such as payment
amounts and budget indicator values—that can be measured on an uninterrupted scale.
The value of the payment amount varies greatly, ranging from a few hundred yuan to
tens of millions of yuan. Discrete attributes include unit code, unit name, project code,
project name, government expenditure economic classification subject name, department
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expenditure economic classification name, collection name, and date, among other classified
attributes. These textual attributes are primarily used to describe the purpose of payment.

5.2. Finance Budget Data Auditing with the Proposed Approach

Financial budget auditing refers to the process by which auditors at various levels
conduct supervision and inspection of local government budget execution as well as exam-
ine the authenticity, compliance, and effectiveness of other fiscal revenue and expenditure
activities. According to the Chinese Audit Law, government audit agencies are required
to conduct budget execution audits every year. The main audit contents include budget
preparation and adjustment additions, budget project income and expenditure, asset pro-
curement management and utilization, etc. Auditors will conduct audits according to
carefully designed audit procedures to obtain audit results and issue audit reports based
on them, providing a basis for the adjustment and formulation of the following year’s
finance budget. In the implementation stage of budget auditing, traditional audit methods
are conducted through checking, interviews, and other means. We present an auditing
clues identification-based anomaly data detection method. To evaluate the detection capa-
bility of the proposed method when applied to the financial budget auditing data, three
performance metrics are adopted: the false positive rate, the false negative rate, and the
recommendation quality of identified anomalies.

5.2.1. Performance Evaluation of the False Positive Rate with Auditing Data

It is necessary to evaluate the proposed model’s ability to reduce false positives,
ensuring the detection of all suspicious points at the start. The false positive rate of outliers
at different top-n values can be regarded as the percentage of data points with the top n%
of outlier scores defined as outlier data, where non-outlier data accounts for the entire data.
This indicator can reflect the proportion of outlier data that is not suspicious, and the value
of the false positive rate is FP/(TP + FP). In the experiment, a total of 4301 data points were
labeled as abnormal data points, with a total of 147,809 data objects. Table 7 summarizes
the corresponding experimental outcomes.

Table 7. Performance of the false positive rate with the proposed method on budget allocation table.

n TP FP TN FN Precision Recall F1-Score False Positive Rate (%)

1% 1475 3 143,505 2826 0.9980 0.3429 0.5105 0.2030
2% 2879 77 143,431 1422 0.9740 0.6694 0.7934 2.6049
3% 4300 134 143,374 1 0.9698 0.9998 0.9845 3.0221
4% 2881 3031 140,477 1420 0.4873 0.6698 0.5642 51.2686
5% 2890 4500 139,008 1411 0.3911 0.6719 0.4944 60.8931
6% 2895 5974 137,534 1406 0.3264 0.6731 0.4396 67.3582

Based on the experimental outcomes presented in Table 7, it is evident that the GLES
model exhibits certain advantages in evaluating the two leading performance indicators of
precision and F1-score. Specifically, when considering different top-n as outlier abnormal
data, the values of recall always remain high. At the same time, when n = 1%, the false
positive rate is low, reporting three data outliers; when the value of n is set to 2%, the false
positive rate is 2.6049%; when the value of n is set to 6%, the false positive rate is significantly
improved. In order to detect all suspicious points, in the combination of GLES and standard
deviation, only the top 2% of budget items contain nearly 97% of suspicious points. This
result means that the GLES model has the ability to accurately identify suspicious points
while maintaining a low false alarm rate. This result also indicates that GLES has better
generalization ability in processing data from different scenarios.
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5.2.2. Performance Evaluation of the False Negative Rate with Auditing Data

Subsequently, the model’s effectiveness in minimizing false negatives is assessed with
actual auditing data. Ideally, all suspicious data points with high anomaly scores should be
included in the top-n set. The simulation experiment was conducted using data from the
budget allocation table, where a total of 321 data objects were labeled as suspicious data
points. The experiment calculated the rate of missed suspicious data points at different n
values. The simulation results are shown in Table 8.

Table 8. Performance of the false negative rate with the proposed method on budget allocation table.

n TP FP TN FN Precision Recall F1-Score False Negative Rate (%)

1% 104 0 10,059 217 1 0.3240 0.4894 67.6012
2% 205 3 10,056 116 0.9856 0.6386 0.775 36.1371
3% 307 4 10,055 14 0.9871 0.9564 0.9715 4.3614
4% 321 94 9965 0 0.7735 1 0.8723 0
5% 321 198 9861 0 0.6185 1 0.7643 0
6% 321 302 9757 0 0.5152 1 0.6801 0

From Table 8, it can be seen that the false positive rate is at a high level when n is set
to a small value, and the reason can be ascribed to an underrepresentation of anomalous
instances in the dataset relative to the actual occurrence of abnormalities. Furthermore, the
precision value is high at this time and there are more data points that are missed. Overall,
when the parameter n was configured to represent 3% of the total dataset, the false positive
rate of the model is only 4.3614%, which means that almost all suspicious points in the
data have been detected. As the value of n increases, the false positive rate decreases to 0,
indicating that all suspicious points in the data have been successfully detected.

The results demonstrate the potential of the proposed model in improving audit
efficiency and reducing omission rates, which is particularly important for audit practice,
as high omission rates may lead to significant financial anomalies being overlooked, thereby
increasing the risk of inaccurate financial statements.

5.2.3. Performance Evaluation of the Ranking Quality with Auditing Data

In practice, auditors pay more attention to the ranking quality of top n suspicious data
points, that is, whether suspicious data objects at most risk are ranked higher, meaning
that those data points are evaluated with high exception scores. Based on this, to assess
the ranking quality of the model’s detection outcomes, this study adopts the normalized
discounted cumulative gain (NDCG) as an evaluation metric. NDCG is widely utilized
in information retrieval and recommendation systems to quantify the effectiveness of
ranked results.

NDCG can help us evaluate the relevance of the returned results, especially in evalu-
ating whether the top-ranked results are more relevant to user interests. Its value is the
discounted cumulative gain (DCG) divided by the ideal cumulative discount gain (IDCG),
and the corresponding value needs to be determined based on the value of n; values
approaching 1 indicate stronger recommendation performance. Specifically, cumulative
gain (CG) is the sum of the gains of all results to obtain the overall ranking gain value.
In other words, if the result is highly relevant, its gain is high; otherwise, its gain is very
low if not relevant. DCG considers rank position, indicating that the gain brought by the
result in a lower ranking position will decrease, as seen in Equation (25). That is, the lower
the ranking of the results, the less gain value is considered because users usually focus
more on the top-ranked results. Discount values are usually set with a decreasing function,
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such as applying a decay factor to results ranked lower. IDCG stands for ideal discounted
cumulative gain (the expected results). The value of NDCG can be seen in Equation (26).

DCGk = ∑k
i=1

2reli − 1
log2(i + 1)

; (25)

NDCGk =
DCGk
IDCGk

. (26)

where reli is set to 1 if the recommended outlier is a suspicious point of interest to auditors,
otherwise it is 0. Table 9 shows the values of NDCGs of the proposed method.

Table 9. NDCGs of the proposed method.

n State-Centralized-Payment Table Budget Allocation Table Average

1% 0.7892 0.8869 0.8381
2% 0.8695 0.9205 0.8950
3% 0.9461 0.9574 0.9518
4% 0.8543 0.9108 0.8826
5% 0.8471 0.8671 0.8571
6% 0.7068 0.8527 0.7798

The experimental results show that the GLES model has a good effect on ranking
quality evaluation, which means that auditors are more interested in the detection results
of this model. Furthermore, when the n value is set to 3%, NDCGs achieve higher values,
indicating that the sorting results reflect the suspicious points of data that auditors are
concerned about, thus verifying the effectiveness of outlier detection in audit suspicious
point mining. Moreover, the detection precision has improved by 38.6% on real auditing
data over conventional methods.

In summary, the outlier detection model designed in this article has a significant posi-
tive impact on the mining of audit clues, proving the effectiveness of outlier detection in the
audit business. In addition, the proposed model is capable of handling large-scale and com-
plex datasets and has demonstrated excellent performance in various dispersion metrics.

5.3. Results and Discussion
5.3.1. Practical Implementation of the Integrated Outlier Detection Framework in Financial
Auditing Systems

The proposed outlier detection algorithm offers a systematic approach for enhancing
auditing efficiency in financial systems through the following implementation framework:

(1) Data preparation and parameter configuration. Auditors initially compile comprehen-
sive financial datasets encompassing budget execution records, fund allocation flows,
procurement transactions, and project expenditure details. Following data cleaning
and normalization procedures, critical parameters including the number of nearest
neighbors (k) and the adaptive coefficient (α) are calibrated based on historical audit
findings and domain expertise to optimize detection performance.

(2) Dual-mode anomaly detection. The algorithm operates through complementary de-
tection mechanisms. The global outlier component identifies conspicuous anomalies
through k-nearest neighbor distance summation, effectively flagging extreme bud-
getary deviations and substantial unauthorized transfers. Concurrently, the local
outlier module employs kernel density estimation to detect subtle contextual anoma-
lies, such as departmental expenditure patterns that deviate significantly from peer
groups or temporal financial flows that contradict established operational norms.
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The adaptive coefficient dynamically balances these complementary perspectives,
ensuring comprehensive coverage of diverse anomaly types.

(3) Prioritized audit investigation. The system generates comprehensive exception scores
that facilitate risk-based resource allocation. Auditors focus investigative efforts on
the top-ranked outliers (typically the highest 5–10% scores), which represent the most
promising candidates for fraudulent activities, compliance violations, or operational
irregularities. This targeted approach demonstrably enhances detection precision by
38.6% compared to conventional methods, substantially reducing false positives and
investigation latency.

This implementation transforms traditional auditing practices from labor-intensive
comprehensive reviews to intelligent, risk-driven examination. By leveraging computa-
tional efficiency to identify critical audit targets within massive financial datasets, the
framework significantly improves both audit quality and operational effectiveness while
maintaining comprehensive regulatory oversight.

5.3.2. Discussion

Because the DPC algorithm has not involved the local scene of the data when cal-
culating local density, it cannot identify the centers of sparse clusters when they have
different densities between clusters. Therefore, we proposed an improved DPC algorithm
for anomaly detection in the field of auditing, and the following aspects can be discussed.

(1) k-nearest neighbor method and kernel density estimation methods are employed to
calculate the local density of data points in this study, replacing the local density
calculated based on truncation distance in the traditional DPC algorithm. The im-
proved method can enhance the clustering performance of DPC algorithm in data
objects with different density distributions and improve the accuracy of cluster center
selection [31].

(2) The combined global and local outliers of data objects can be obtained based on k-
nearest neighbors and clustering methods, which improves the detection accuracy of
outliers by combining global and local outliers [32,33]. Thus, global and local outliers
can be effectively identified in big data auditing.

(3) The common outlier detection methods are greatly affected by n, but the DPC-based
outlier detection approach developed in this work is less affected by n and is conve-
nient for auditors to apply [34,35].

6. Conclusions and Future Works
The detection of anomalous instances in large-scale datasets represents a crucial ca-

pability in financial auditing. Aiming to solve DPC algorithm’s limited attention to local
data characteristics, particularly its difficulty in identifying cluster centers within sparsely
distributed regions, this work introduces GLES, a hybrid outlier detection method that
integrates global and local perspectives. The proposed approach proceeds through several
computational stages: the k-nearest neighbor distances are computed for each point, with
their summation defining a global outlier measure; local density is then estimated via kernel
density estimation, enabling the derivation of relative distances used for clustering. Subse-
quently, the ratio of cluster density to local density yields a local outlier score. These global
and local components are combined to generate a composite anomaly score, from which
top-ranking instances are identified as outliers. Furthermore, the proposed methodology
has been successfully implemented in the H Provincial Department of Finance in China,
demonstrating significant practical utility. Its application has substantially reduced the
time required for identifying audit clues, leading to marked gains in operational efficiency.
More importantly, this systematic approach provides a reliable guarantee for enhancing the
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overall quality and effectiveness of audit processes. This real-world case underscores the
method’s robust potential for practical deployment within governmental audit institutions,
offering a tangible pathway for translating analytical advancements into improved super-
visory outcomes. Future works can further improve the clustering performance of the DPC
algorithm and provide an adaptive method for selecting the nearest neighbor parameter n.
Also, we will apply it to the budget data of other economies to validate the reliability and
effectiveness of the detection algorithm.

Funding: This research was funded by the Humanities and Social Sciences Foundation, Ministry of
Education of China, grant number 22YJAZH113.

Data Availability Statement: The used dataset is available upon request from the authors.

Conflicts of Interest: The author declares no conflicts of interest.

References
1. Hodge, V.J.; Austin, J. A survey of outlier detection methodologies. Artif. Intell. Rev. 2004, 22, 85–126. [CrossRef]
2. Cribeiro-Ramallo, J.; Arzamasov, V.; Bhm, K. Efficient generation of hidden outliers for improved outlier detection. ACM Trans.

Knowl. Discov. Data 2024, 18, 234. [CrossRef]
3. Zhang, Z.; Hou, Y.; Jia, Y.; Zhang, R. An outlier detection algorithm based on local density feedback. Knowl. Inf. Syst. 2025, 67,

3599–3629. [CrossRef]
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