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performance of subsequent statistical analyses or machine learning models. Currently, there are numerous effective and
reliable outlier analysis methods, and their effectiveness varies significantly when dealing with different types of data
distributions. Therefore, it is essential to select an appropriate outlier analysis method. In this study, we conducted outlier
detection on sample data from five continuous probability distributions (including Normal, Chi-square, Exponential, Gamma,
and T distributions) and four discrete probability distributions (including Binomial, Poisson, Geometric, and Hypergeometric
distributions). This paper employs five outlier detection methods, namely Z-Score, IQR, DBScan, Isolation Forest, and
Random Forest, and evaluates the detection effectiveness of these methods. Through comparison and analysis, this paper
summarizes the characteristics of various outlier detection methods when dealing with sample data from different types of
distributions. These findings will assist us in making more rational method selections when facing different outlier detection
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1 Introduction

Outlier detection [1] is a statistical method used to
identify and handle outliers in a dataset. Outliers, also
known as anomalies, refer to one or several values in the
data that significantly differ from other values. These
outliers may be due to variability in measurements or could
represent experimental errors. Currently, outlier detection
has a wide range of applications in various fields such as
network performance optimization, pre-processing of
machine learning data, healthcare, and more.

Especially in recent years, the importance of outlier
analysis in the field of machine learning has been widely
recognized by scholars, and it has been proven to have a
positive effect on the research of machine learning. In the
field of machine learning, the purpose of outlier analysis is
to improve the quality of data, which in turn affects further
statistical models and machine learning models. For
example, outliers may distort the model, leading to extended
training time, reduced accuracy, and degraded performance.

Currently, there are a variety of proven effective and
reliable methods for outlier analysis, such as Z-score, 1QR,
DBScan clustering, Isolation Forest, Random Forest, and
other different methods. The effectiveness of each different
outlier detection method varies significantly in datasets with

different distribution types, so it is necessary to choose an
outlier analysis method that meets the needs according to
different data types.

This paper will evaluate the effectiveness of five
outlier analysis methods, namely Z-score, IQR, DBScan
clustering, Isolation Forest, and Random Forest, in datasets
of different continuous probability distributions and
different discrete probability distributions. Based on the
results, this paper will analyze and summarize the
characteristics of different outlier detection methods, and
generalize the applicable scenarios of each outlier analysis
method.

2 Outlier Detection Method

In the field of statistics, widely used and proven
effective outlier analysis methods include histogram
analysis, box plot analysis, Z-score, IQR, DBScan
clustering, Isolation Forest, and Random Forest. Since the
principle of the box plot analysis method is the same as the
IQR method, this paper does not directly discuss the box
plot analysis method. Furthermore, as histogram analysis
relies on human visual interpretation, this method is also not
within the scope of this paper.
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2.1 Z-Score (Standard Score)

The Z-Score is a statistical concept [2], which
describes the distance of a raw score from the mean in units
of standard deviation. The calculation formula for Z-Score is
z =% Here, x is the raw score, u is the population mean,
and ois the population standard deviation. The value of the
Z-Score tells you how many standard deviations away from
the mean. If the Z-Score is equal to O, then it is on the mean.
A positive Z-Score indicates that the raw score is above the
mean, while a negative Z-Score indicates that the raw score
is below the mean.

2.2 1QR (Interquartile Range)

The Interquartile Range (IQR) is a concept that
measures statistical dispersion and data variability [3],
which is achieved by dividing the dataset into quartiles. The
IQR is the difference between the third quartile and the first
quartile (IQR = Q3 - Q1). In this case, outliers are defined as
observations that are below (Q1 - 1.5x IQR) or above (Q3 +
1.5x IQR).

2.3 DBScan Clustering

DBScan is a clustering algorithm that groups data [4].
It can also serve as a density-based anomaly detection
method, applicable to both unidimensional and
multidimensional data. DBScan has three important
concepts: core points, boundary points, and noise points.
Core points and boundary points are in the same cluster,
while noise points are data points that do not belong to any
cluster. They could be anomalous or non-anomalous,
requiring further investigation.

2.4 Isolation Forest

Isolation Forest is an unsupervised learning algorithm
[5], belonging to the ensemble decision tree family. This
method is different from all previous methods. All previous
methods tried to find the normal region of the data, and then
identify any outliers or anomalies outside this defined
region. Isolation Forest explicitly isolates outliers, rather

than analyzing and constructing normal points and regions
by assigning scores to each data point. It takes advantage of
a fact that anomalies are minority data points, and their
attribute values are significantly different from the attribute
values of normal instances.

2.5 Random Forest

This method involves training a Random Forest model
and using this model to predict the original data, then
identifying the data point corresponding to the maximum
value in the prediction results, thereby achieving outlier
detection. This is a common unsupervised learning method
used for detecting anomalies or outliers in data. The
advantage of this method is that it can handle high-
dimensional data, and it can process both real-time
streaming data and offline data.

3 Common Data Distribution
Types

Data distribution types are generally divided into two
categories: continuous probability distribution and discrete
probability distribution. The subject of this paper is outlier
analysis. Theoretically, the Z-Score and IQR outlier analysis
methods have better analysis effects only on samples of
continuous probability distribution. However, DBScan
clustering, Isolation Forest, and Random Forest have better
analysis effects on both samples of discrete probability
distribution and continuous probability distribution.
Therefore, this paper will categorize and study these two
types of samples.

3.1 Continuous Probability Distribution

This study will select five types of continuous
probability distributions: the normal distribution, chi-square
distribution, exponential distribution, gamma distribution,
and T-distribution, to evaluate the effectiveness of outlier
detection. The histogram samples of data from these five
continuous probability distributions are shown in Figure 1.

Continuous Data Distribution
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Figure 1 Five continuous distribution data histograms

3.1.1 normal distribution

The normal distribution, also known as the Gaussian
distribution [7], is a probability distribution that is extremely
important in fields such as mathematics, physics, and
engineering. In its graphical representation, the middle part

is high, the two ends are low, and it presents a bell-shaped
curve. As shown in Figure 2, these are the histogram
samples of data from the normal distribution under different
parameters.
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Normal Distribution
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Figure 2 Histogram of normally distributed data under
different parameters

The normal distribution can be described by two
parameters: the mean (pn) and the standard deviation (o). Its
probability density function is shown in formula (1).

Where X is the value we are interested in.
3.1.2 Chi-Square Distribution

If k independent random variables all follow a standard
normal distribution, then the sum of the squares of these k
random variables forms a new variable. This new variable
follows a chi-square distribution [8]. As shown in Figure 3,
these are the histogram samples of data from the chi-square
distribution under different parameters.
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Figure 3 Histogram of chi-square distributed data under
different parameters

df =1

The probability density function of the chi-square
distribution is shown in formula (2).

k/2-1,-x/2

1
f(x, k) = mx e (2)
Where: x is the value we are interested in, k is the
degrees of freedom of the distribution, and I'(k/2) is the

gamma function.
3.1.3 Exponential Distribution

In probability theory and statistics, the exponential
distribution is a continuous probability distribution used to
represent the time interval between independent random
events [9, 10]. If a random variable X follows an
exponential distribution with parameter A, we usually write
it as X~Exp()). As shown in Figure 4, these are the
histogram samples of data from the exponential distribution
under different parameters.
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Figure 4 Histogram of exponentially distributed data
under different parameters

The probability density function of the exponential
distribution is shown in formula (3).

)
f(x,/‘{) — {/160 x X 2 Or

x < 0.

(3)

Where: x is the value we are interested in, A is the
parameter of the distribution, also known as the rate
parameter, which is the reciprocal of the mean of the
distribution.

3.1.4 Gamma Distribution

The gamma distribution is a two-parameter continuous
probability distribution [11, 12], widely used in engineering,
physics, statistics, and other fields. If a random variable X
follows a gamma distribution with parameters (k, 0), we
usually write it as X~Gamma (k, ). As shown in Figure 5,
these are the histogram samples of data from the gamma
distribution under different parameters.
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Figure 5 Histogram of gamma distributed data under
different parameters
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The probability density function of the gamma
distribution is shown in formula (4).
k=17

okr(k)

f(x;k,0) = (4)

Where: x is the value we are interested in, k is the
shape parameter, 0 is the scale parameter, and T'(k) is the
gamma function.

3.1.5 T-Distribution

In statistics, the t-distribution is a continuous
probability distribution commonly used in experiments with
small sample sizes where the population standard deviation
is unknown [13-15].

If a random variable T follows a t-distribution with
degrees of freedom v, we usually write it as T~t(v). As
shown in Figure 6, these are the histogram samples of data

0.04
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from the t-distribution under different parameters.

T Distribution
df=1 df =10 df =100
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Figure 6 Histogram of T-distributed data under different
parameters

The probability density function of the t-distribution is
shown in formula (5).
1_,(v+1) v+

ftv) = ()( +—)__ (©)

Where: t is the value we are interested in, v is the
degrees of freedom of the distribution, and I" is the gamma
function.

3.2 Discrete Probability Distributions

This study will select four types of discrete probability
distributions: the binomial distribution, Poisson distribution,
geometric distribution, and hypergeometric distribution, to
evaluate the effectiveness of outlier detection. The
histogram samples of data from these four discrete
probability distributions are shown in Figure 7.

Discrete Data Distribution
 Binomial Distribution Poisson Distribution Geometric Distribution Hypergeometric Distribution
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Flgure 7 Data dlstrlbutlon hlstograms of four dlscrete
probability distributions

3.2.1 Binomial Distribution

The binomial distribution is a discrete probability
distribution that describes the number of successes in a
series of independent yes/no experiments, where the
probability of success for each experiment is fixed [16].

If a random variable X follows a binomial distribution
with parameters (n, p), we usually write it as X~B(n,p). As
shown in Figure 8, these are the histogram samples of data
from the binomial distribution under different parameters.

Binomial Distribution
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Figure 8 Histogram of binomially distributed data under
different parameters
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The probability mass function of the binomial
distribution is shown in formula (6).

P(X = k) =Cip*(1—p)" ™" (6)

Where: k is the number of successes we are interested
in, n is the number of experiments, p is the probability of
success in each experiment, and C¥ is the combination
number, representing the number of ways to select k
elements from n different elements.

3.2.2 Poisson Distribution

The Poisson distribution is a discrete probability
distribution that describes the average rate of events
occurring in a fixed time or space [17]. If a random variable
X follows a Poisson distribution with parameter A, we
usually write it as X~Poisson()\). As shown in Figure 9,
these are the histogram samples of data from the Poisson
distribution under different parameters.
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Figure 9 Histogram of poisson distributed data under
different parameters

The probability mass function of the Poisson
distribution is shown in formula (7).

-1

A
P(X =k)=""— (7)
Where: K is the number of events we are interested in,
A is the average rate of events per unit time (or unit space),
and k! is the factorial of k.

3.2.3 Geometric Distribution

The geometric distribution is a discrete probability
distribution that describes the number of independent
Bernoulli trials required before the first success [18]. If a
random variable X follows a geometric distribution with
parameter p, we usually write it as X~Geo(p). As shown in
Figure 10, these are the histogram samples of data from the
geometric distribution under different parameters.
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Figure 10 Histogram of geometrically distributed data
under different parameters

The probability mass function of the geometric
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distribution is shown in formula (8).
PX=k=QQ-p)*'p ®)

Where: Kk is the number of trials we are interested in, p
is the probability of success in each trial.

3.2.4 Hypergeometric Distribution

The hypergeometric distribution is a discrete
probability distribution that describes the number of
successes when drawing samples from a finite population
[19-21]. If a random variable X follows a hypergeometric
distribution with parameters (N, K, n), we usually write it as
X~Hypergeometric (N, K, n). As shown in Figure 10, these
are the histogram samples of data from the hypergeometric
distribution under different parameters.

Hypergeometric Distribution
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4 Qutlier Detection Effectiveness
Evaluation

In this section, we will use five different outlier
detection methods to perform outlier detection on samples
that include both continuous probability distribution and
discrete probability distribution. For the parameters in these
five outlier detection methods, we choose values that are
often selected in actual use. In the Z-Score method, we set
the Z-Score threshold to 2; in the IQR method, we set the
first quartile to 0.25 and the third quartile to 0.75; in the
DBScan method, we set the distance threshold (eps) to 0.5
and the minimum number of neighbors (minPts) to 5; in the
Isolation Forest and Random Forest methods, we set the
number of individual decision trees in the forest (ntree) to
100.

4.1 Effectiveness of Outlier Detection Methods
in Samples from Continuous Probability
Distributions

This section will evaluate the performance of various
outlier detection methods on samples from five continuous
probability distributions. In order to more accurately obtain
the characteristics of each outlier detection method, we will

020 020 generate two sets of data with different parameters for
2015 2015 different continuous data distributions. The specific
§o0- Eo.10- distribution parameters are shown in Table 1.

o e Table 1 Distribution Parameters of Samples from

0.00 0.00 . . - . . .

] : - - P : " - Different Continuous Probability Distributions
Value Value
Figure 11 Histogram of hypergeometrically distributed Distribution  Distribution Distribution
data under different parameters Type Parameter A Parameter B
Normal Standard Standard
The probability mass function of the hypergeometric Distribution Deviation = 1 Deviation = 5
distribution is shown in formula (9) Chi_square Degrees Of Degrees of
ckenk Distribution Freedom = 10 Freedom =50
P(X =k)="-2—" 9 i
F=b="g" © Exponential = oo = 1 Rate = 0.1
) ) Distribution
Where: k is the number of successes we are interested Gamma Shape = 2, Shape = 20,
in, N is the size of the population, K is the number of Distribution Scale = 0.5 Scale=05
successful states in the population, n is the number of T- Degrees of Degrees of
sampling times, and C is the combination number, Distribution Freedom = 10 Freedom = 50
representing the number of ways to select k elements from n
different elements.
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4.1.1 Effectiveness of different outlier detection methods on normally distributed sample

Normal Distribution: Standard Deviation = 1
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Figure 12 Effectiveness of different outlier detection methods on normally distributed sample under different
parameters

In the data samples of the normal distribution under
two different parameters, it can be observed that, except for
DBScan, the five outlier detection methods are not sensitive
to the parameters of the normal distribution of the data
samples. DBScan, due to the constant distance threshold

(eps) parameter of 0.5 in this experiment, will have more
points determined as outliers when the span between data is
larger. In addition, the Z-Score method with a threshold
parameter set to 2 has a higher sensitivity for outlier
detection.

4.1.2 Effectiveness of different outlier detection methods on Chi-square distributed sample

Chi-Squared Distribution: Degrees of Freedom = 10
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Figure 13 Effectiveness of different outlier detection methods on Chi-square distributed sample under different

parameters

Under the two chi-square distribution samples with
degrees of freedom of 10 and 50, we can observe that the
detection effect of the Z-Score method is relatively stable.
The IQR method has a higher sensitivity for data with a
smaller numerical span between data. However, DBScan has
an overly high sensitivity under the condition of eps=0.5.

It is worth noting that when the random forest outlier
detection method is applied to the chi-square distribution
sample with a degree of freedom of 10, a phenomenon
occurs where the second largest value is determined as an
outlier, but the maximum value is not determined as an
outlier.
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4.1.3 Effectiveness of different outlier detection methods on exponentially distributed sample
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Figure 14 Effectiveness of different outlier detection methods on exponentially distributed sample under different

Under the two exponential distribution samples with
rate parameters of 1 and 0.1, we can observe that the
detection effects of the Z-Score, Isolation Forest, and IQR
methods are relatively stable. In the sample with a rate
parameter of 1, DBScan did not detect any outliers under the

condition of eps=0.5.

parameters

4.1.4 Effectiveness of different outlier detection methods on gamma distributed samples

Gamma Distribution: shape = 2, scale = 0.5
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Similar to the phenomenon in section 4.1.2, the
random forest outlier detection method in both samples
showed the phenomenon where the second largest value was
determined as an outlier, but the maximum value was not
determined as an outlier.
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Figure 15 Effectiveness of different outlier detection methods on gamma distributed samples under different

parameters

The sample characteristics of the gamma distribution

under different parameters are inconsistent, so all outlier
detection methods have certain differences in the detection
effects for the two samples. In the gamma distribution
samples, the DBScan outlier detection method is relatively
stable at eps=0.5 compared to samples of other types of

distributions.

Similar to the phenomena that occurred in sections
4.1.2 and 4.1.3, the random forest outlier detection method
in both samples showed the phenomenon where the second
largest value was determined as an outlier, but the maximum
value was not determined as an outlier.

Published By SOUTHERN UNITED ACADEMY OF SCIENCES PRESS

19



Journal of Computer Technology and Applied Mathematics
Vol. 1, No. 1, 2024

4.1.5 Effectiveness of different outlier detection methods on T-distributed samples

T Distribution: Degrees of Freedom = 10

Z-Score (threshold_z = 2) IQR (g1 = 0.25, 3 = 0.75)

Value
N )
Coon a0
Value
.h. m o N

Value

O )
[

0 25 50 75 100 0 25 50 75
Index Index

DBSCAN (eps = 0.5, minPts = 5)

enaka

Isolation Forest (ntrees = 100) Random Forest (ntree = 100)

Index Index

Value
Value
.u. m o N

.b.mom

T Distribution: Degrees of Freedom = 50

Z-Score (threshold_z = 2) IQR (q1 = 0.25, q3 = 0.75)

Value
Value

b LYo o now
P ST

Value

N Lo 2 now
P SR

Index Index

DBSCAN (eps = 0.5, minPts = 5)

3-
2-
1-
0-
-1-
-2-

0 25 50 75 100 0 25 50 75 5

Isolation Forest (ntrees = 100) Random Forest (ntree = 100)

3- 3-
2- 2-
1- 1=
0- 0-
-1- -1-
-2- -2-

75 100 25 50 75 100 25 50 7
Index Index

Value
Value

Figure 16 Effectiveness of different outlier detection methods on T-distributed samples under different parameters

In the experiments with T-distribution samples under
different parameters, because the numerical span of the data
is relatively small, the detection effect of DBScan is
superior to its effect on samples from other continuous data
distributions.

In this section, we can observe that in the Z-Score,
IQR, and DBScan outlier detection methods, both upper and
lower outliers can be detected simultaneously, while the
Isolation Forest and Random Forest can only detect one of
the upper and lower outliers at the same time.

4.2 Effectiveness of Outlier Detection Methods
in Samples from Discrete Probability
Distributions

This section will evaluate the performance of various
outlier detection methods on samples from four discrete
probability distributions. Similar to section 4.1, in order to
more accurately obtain the characteristics of each outlier
detection method, we will generate two sets of data with
different parameters for different discrete probability
distributions. The specific distribution parameters are shown
in Table 2.

Table 2 Distribution Parameters of Samples from
Different Discrete Probability Distributions

Distribution Distribution Distribution
Type Parameter A Parameter B
Binomial Size=5 Size = 20,
Distribution Prob=0.5 Prob=0.5
Poisson _ _
Distribution Lambda=5 Lambda = 20
Geometric _ _
Distribution Prob=0.5 Prob=0.1
Hypergeometric m =50, m =75,
Distribution n=50, k=30 n =100, k=15

Because the data points of a discrete probability
distribution are discrete, this means that the distances
between data points may not be uniform. Therefore, using
methods like IQR or Z-Score may lead to false positives or
false negatives in outlier detection. Also, in discrete data,
quartiles may not be unique, which makes the application of
the IQR method in discrete data complex.

Hence, in the conclusions of the outlier detection
method effectiveness evaluation experiment in discrete
probability distribution data, we mark the Z-Score and IQR
detection methods as gray.
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4.2.1 Effectiveness of different outlier detection methods on binomially distributed samples

Binomial Distribution: size = 5, prob = 0.5

DBSCAN (eps = 0.5, minPts = 5) Random Forest (ntree = 100)
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Figure 17 Effectiveness of different outlier detection methods on binomially distributed samples under different
parameters

the Isolation Forest and Random Forest methods in the
binomial distribution samples only detect one of the upper
and lower outliers at the same time.

In the two binomial distribution samples, we can
observe that the Z-Score method also achieves good results.
Similar to the phenomenon that occurred in section 4.1.5,

4.2.2 Effectiveness of different outlier detection methods on Poisson distributed samples

Poisson Distribution: Lambda = 5 (seed = 123155)

IQR (g1 = 0.25, q3 = 0.75) DBSCAN (eps = 0.5, minPts = 5) Isolation Forest (ntrees = 100) Random Forest (ntree = 100)

2Z-Score (threshold_z = 2)
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Figure 18 Effectiveness of different outlier detection methods on poisson distributed samples under different
parameters

In the Poisson distribution sample with Lambda=5, a
special phenomenon was observed with the DBScan outlier
detection method. We found that the maximum value and
the third to maximum value have been determined as
outliers, however, the second to maximum value was not

can observe that the Z-Score method also achieves good
results. The Isolation Forest and Random Forest methods in
the Poisson distribution samples only detect one of the upper
and lower outliers at the same time. The Random Forest
outlier detection method in the Poisson distribution sample

with Lambda=20 showed the phenomenon where the
maximum value was determined as an outlier, but the
maximum value was not determined as an outlier.

confirmed as an outlier.

Similarly, in the two Poisson distribution samples, we
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4.2.3 Effectiveness of different outlier detection methods on geometrically distributed samples

Geometric Distribution: prob = 0.5

2Z-Score (threshold_z =2) IQR (g1 =0.25, 3 = 0.75)
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Figure 19 Effectiveness of different outlier detection methods on geometrically distributed samples under different
parameters

In the two geometric distribution data samples, due to
the large difference in numerical span between the data, the
effect of the DBScan outlier detection method varies greatly.

Similarly, in the two geometric distribution samples,
we can observe that the Z-Score method also achieves good

results. The Random Forest outlier detection method in both
geometric distribution samples showed the phenomenon
where the second to maximum value was determined as an
outlier, but the maximum value was not determined as an
outlier.

4.2.4 Effectiveness of different outlier detection methods on hypergeometrically distributed samples

Hypergeometric Distribution: m = 50, n = 50, k = 30

Z-Score (threshold_z = 2) IQR (q1 =0.25, q3 = 0.75)
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Figure 20 Effectiveness of different outlier detection methods on hypergeometrically distributed samples under
different parameters

In the two hypergeometric distribution samples, we
can observe that the effect of the DBScan outlier detection
method is superior to its effect in other discrete probability
distribution samples.

The Isolation Forest and Random Forest outlier
detection methods applied to the hypergeometric
distribution samples only detect one of the upper and lower
outliers at the same time. The Random Forest outlier
detection method in the hypergeometric distribution sample
with m=50, n=50, k=30 showed the phenomenon where the
second to maximum value was determined as an outlier, but
the maximum value was not determined as an outlier.

5 Effectiveness Analysis

Through the evaluation of the effects of different
outlier detection methods on samples from different
distributions, we can find that the DBScan method is quite
sensitive to the numerical span between data in the samples.
It needs to adjust the eps parameter according to the
numerical span to achieve better results. The Z-Score, IQR,
and DBScan outlier detection methods can usually detect
both upper and lower outliers simultaneously. The Z-Score
and IQR outlier detection methods perform stably and
excellently when applied to samples from continuous data
distributions.
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e Phenomenon A: The DBScan method may exhibit a
phenomenon where the maximum value and the third to
maximum value have already been determined as outliers,
however, the second to maximum value has not been
confirmed as an outlier. This phenomenon occurred in one
out of nine sets of experimental data.

e Phenomenon B: The Z-Score method performs well
in most of the discrete probability distribution samples.

e Phenomenon C: The IQR outlier detection method
usually cannot achieve ideal results when applied to discrete
probability distribution samples.

e Phenomenon D: The Isolation Forest and Random
Forest outlier detection methods usually can only identify
one of the groups of upper outliers and lower outliers. This
phenomenon occurred in five out of nine sets of
experimental data.

e Phenomenon E: The Random Forest outlier
detection method may exhibit a phenomenon where the
second to maximum value is determined as an outlier, but
the maximum value is not determined as an outlier. This
phenomenon occurred in seven out of nine sets of
experimental data.

For Phenomenon A, it may be because the density of
data points near the second to maximum value does not
reach the density threshold of DBSCAN, so it is not
recognized as a cluster. That is, the number of points in the
neighborhood of the second to maximum value reaches
MinPts, so the algorithm considers it as a core object, not an
outlier.

For Phenomenon B, because the Z-Score method
identifies outliers based on the mean and standard deviation
of the data. If the number of trials in the binomial
distribution data is large enough, and the probability of
success is close to 0.5, then the distribution of these data
may be close to the normal distribution, so the Z-Score
method may have a better effect.

For Phenomenon C, because the IQR method identifies
outliers based on the quartiles of the data. If there are a large
number of duplicate values in your data, these duplicate
values may affect the calculation of the quartiles, making
the IQR method not sensitive enough when identifying
outliers. But if the dispersion of the data sample is not high,
that is, the difference between data points is not large, then
the IQR method may still effectively identify outliers.

For Phenomenon D, both the Isolation Forest and
Random Forest algorithms are designed to handle high-
dimensional, continuous data. Therefore, they may not be
able to identify all outliers well when dealing with discrete
data or low-dimensional data. Also, if the distribution of
upper and lower outliers in the data is uneven, or if the
outliers on one side are more extreme, then the algorithm
may only be able to detect outliers on one side.

For Phenomenon E, because the Random Forest is

based on the distribution of training data to identify outliers.
If the maximum value in the training data is similar to the
distribution of other data points, and the second to
maximum value has a large difference from the distribution
of other data points, then during the model training process,
the second to maximum value may be identified as an
outlier, while the maximum value is considered as a normal
value.

6 Discussion

This paper evaluates different outlier detection
methods for samples of different distribution types,
summarizing the effects of different outlier detection
methods in various types of samples. However, it is worth
noting that the samples in this paper are all randomly
generated sample data using R language, which do not have
missing values or error values. The distribution of real data
may not fully comply with these theories, but is influenced
by many complex factors. Therefore, when different outlier
detection methods are applied to real data, they usually
cannot completely coincide with the phenomena and
conclusions described in this paper. When actually choosing
an outlier detection method, one should first compare which
distribution type the real data is closer to, and then refer to
the conclusions of this paper for selection.

In addition, this paper only selected one parameter for
each different outlier detection method to evaluate its
effectiveness, which may lead to the phenomena and
conclusions drawn in this paper being one-sided and
incomplete. The selection of outlier detection methods is a
topic worth exploring in depth. Summarizing the
characteristics and phenomena of various outlier detection
methods under different parameters can better help us
choose the appropriate outlier detection method.

7 Conclusion

In this study, we conducted outlier detection on sample
data from five continuous probability distributions (Normal,
Chi-square, Exponential, Gamma, and T distributions) and
four discrete probability distributions (Binomial, Poisson,
Geometric, and Hypergeometric distributions). We
employed five outlier detection methods, namely Z-Score,
IQR, DBScan, Isolation Forest, and Random Forest, and
evaluated their characteristics. Through comparison and
analysis, we summarized the characteristics of various
outlier detection methods in samples of different distribution
types. These findings will assist us in making more rational
method choices when facing different outlier detection
scenarios.

The focus of this paper’s further research is to
summarize the characteristics and phenomena of various
outlier detection methods under different parameters for
specific types of data. When performing outlier detection on
real data samples, the outlier detection methods under fixed
parameters may not achieve the results we want. Therefore,
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we need to delve into the methods of obtaining the
characteristics of various outlier detection methods under
different parameters, including but not limited to using
accuracy, recall, F1 score and other indicators for
performance evaluation [22, 23], and using sensitivity
analysis techniques [24, 25], etc.
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