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Abstract – The core aim of this study is to determine the most effective outlier detection methodologies for multivariate psychological 
datasets, particularly those derived from Omani students. Due to their complex nature, such datasets demand robust analytical 
methods. To this end, we employed three sophisticated algorithms: local outlier factor (LOF), one-class support vector machine 
(OCSVM), and isolation forest (IF). Our initial findings showed 155 outliers by both LOF and IF and 147 by OCSVM. A deeper analysis 
revealed that LOF detected 55 unique outliers based on differences in local density, OCSVM isolated 44 unique outliers utilizing its 
transformed feature space, and IF identified 76 unique outliers leveraging its tree-based mechanics. Despite these varying results, 
all methods had a consensus for just 44 outliers. Employing ensemble techniques, both averaging and voting methods identified 
155 outliers, whereas the weighted method highlighted 151, with a consensus of 150 outliers across the board. In conclusion, while 
individual algorithms provide distinct perspectives, ensemble techniques enhance the accuracy and consistency of outlier detection. 
This underscores the necessity of using multiple algorithms with ensemble techniques in analyzing psychological datasets, facilitating 
a richer comprehension of inherent data structures.

Keywords: Outlier Detection, psychological dataset, machine learning techniques, ensemble methods

1.		 INTRODUCTION

Outliers are data points that differ substantially from 
the overall pattern of a dataset [1] and have long been 
a topic of interest in various scientific fields, including 
psychology. In questionnaire-based psychological re-
search, outliers pose unique challenges [2]. Consider-
ing the inherent variability in human responses and 
psychological traits, the presence of outliers can se-
verely affect the accuracy and consistency of the find-
ings. This is mainly because outliers can skew statistical 
measures and lead to biased or misleading conclusions. 
Consequently, detecting and managing outliers is criti-
cal in ensuring the integrity and credibility of research 
in psychology [3].

Identifying outliers in datasets presents significant 
challenges, especially in the context of multivariate 
datasets [4]. Our research is specifically designed for 
detecting outliers in observational data. The driving 
force behind our approach is to enhance its robustness, 

preparing our dataset for deeper, more precise subse-
quent analyses [5 , 6]. 

However, traditional techniques encounter substan-
tial limitations when applied to multivariate datasets, 
especially those that lack predetermined labels for 
outlier identification. These constraints expose a sig-
nificant gap in our methodological framework, empha-
sizing the immediate need for the design and imple-
mentation of advanced techniques [7]. Ideally, such 
techniques would be capable of effectively addressing 
the complex characteristics inherent in multivariate 
psychological datasets.

With advancements in machine learning, several 
cutting-edge algorithms have emerged as promis-
ing alternatives for outlier detection. In this study, we 
examine three algorithms: LOF, OCSVM, and IF, which 
have demonstrated effectiveness in various models for 
outlier detection [8, 9, 10]. The LOF algorithm measures 
how isolated a data point is from its neighbors, allowing 
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us to identify outliers that have a significantly different 
density from their neighbors [8]. The OCSVM algorithm 
effectively determines the decision boundary that dis-
tinguishes outliers from the remaining data points [10]. 
The IF algorithm employs a unique approach based on 
randomly partitioning the dataset and isolating outliers 
based on the number of partitions [9]. We use an integra-
tive approach by combining these algorithms using en-
semble methods such as averaging, voting, and weight-
ed combining approaches. This ensures the results are 
more reliable and stable. Ensemble methods have the 
advantage of mitigating the weaknesses of individual 
algorithms while harnessing their strengths [11].

Outlier detection in psychological datasets has at-
tracted significant attention due to its crucial impact on 
the accuracy of findings. However, there is a noticeable 
gap in research on unlabeled multivariate datasets [4]. 
Most of the existing methods focus on outlier detec-
tion in numerical data, predominantly using proximity-
based techniques [7]. In their research, "Ahmad A. A. 
Alkhatib" and "Qusai Abed-Al" explored the use of en-
semble methods for outlier detection in multivariate a 
forest fire environment dataset. Their findings empha-
sized the advantages of leveraging multiple algorithms 
to enhance accuracy and robustness.

The main contribution of our research is the detailed 
analysis of a unique dataset derived from Omani students, 
consequently bridging a significant geographical and cul-
tural gap in the literature. By utilizing three advanced out-
lier detection algorithms—specifically LOF, OCSVM, and 
IF—our study highlights the data-driven aspects of iden-
tifying fabricated responses in psychological datasets. 
To further enhance our methodological robustness, we 
have integrated ensemble techniques, achieving height-
ened accuracy in outlier detection. This multi-layered ap-
proach, when combined with a comparative analysis of 
algorithmic outputs, demonstrates our work's position 
at the intersection of psychology and machine learning. 
It effectively addresses critical methodological challenges 
and provides a robust framework to detect anomalies in 
multivariate psychological datasets.

This paper is structured as follows: Section II intro-
duces the materials and methodology, explaining the 
algorithms and ensemble strategies employed for out-
lier detection. Section III details the results, present-
ing a comparative analysis of the algorithms and their 
performance alongside ensemble techniques. Section 
IV offers a discussion, focusing on the integration be-
tween individual algorithmic strengths and their com-
bined capabilities. Finally, Section V concludes the 
study by highlighting insights from the examination 
of outlier detection algorithms and emphasizing the 
complex nature of anomalies in datasets.

2.	 MATERIALS AND METHOD

This research utilized a dataset obtained from tenth-
grade students in Oman over four months, with the 

assistance of the Ministry of Education and career ex-
perts. The dataset comprises 1004 observations, each 
corresponding to a unique student. Within the dataset, 
there are 142 features, encompassing both psycho-
logical measures and demographic attributes. This re-
search primarily focused on detecting outliers in the 
observations and did not delve into feature extraction 
or selection. Fig.1 displays a selected subset of the un-
labeled multivariate psychological dataset.

Fig. 1. A subset of unlabeled psychological

2.1.	 Multifaceted Approaches: Three 
	 Algorithms in Outlier Detection

This research aims to identify outliers using LOF, OC-
SVM, and IF. These different algorithms were chosen 
because they are known to be flexible and successful in 
detecting outliers in high-dimensional datasets. These 
algorithms also exhibit excellent outlier sensitivity, in-
dicating a strong capacity to distinguish between outli-
ers and inliers. 

Parameters play a pivotal role in determining the 
efficacy of an algorithm's outlier detection capability. 
For this specific dataset and outlier detection task, the 
techniques were optimized by adjusting these param-
eters [12]. Specific adjustments include the number of 
neighbors and contamination level for the LOF algo-
rithm, the “Nu” value and kernel type for the OCSVM, 
and the number of estimators and contamination for 
the IF algorithm. Such parameters can significantly in-
fluence the sensitivity of outlier detection. Table 1 pro-
vides a detailed breakdown of these algorithm param-
eters. In this section, we detail the methodologies and 
experimental setups for both the selected algorithms 
and ensemble techniques. 

A.	 Local outlier factor

Within the scope of this study, the LOF algorithm is 
configured with two primary parameters. The first pa-
rameter, "n_neighbors," is adjusted to 20. This defines 
the number of neighboring data points that the algo-
rithm considers when computing local density, thereby 
allowing each data point to be understood about its 20 
closest neighbors in the dataset. In our visual analyses, 
n_neighbors=20 showed an optimal balance, offering 
a clear distinction between outliers and inliers, and en-
suring consistent outlier identification across the data-
set [13].
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As illustrated in Fig. 2, the choice of the number of 
neighbors, n_neighbors, significantly impacts the LOF 
scores. Observing the visual patterns, it becomes evi-
dent that setting n_neighbors to 20 provides a clear 
boundary between inliers and outliers. This decision 

was largely driven by visual analyses, ensuring a bal-
ance between detection accuracy and specificity while 
minimizing overlaps and potential over-sensitivity. The 
visuals effectively validate our selection, emphasizing 
its capability to accurately identify genuine outliers.

Fig. 2. Comparison of LOF Scores for Various Numbers of Neighbors

The second parameter, "contamination," is utilized to 
determine the threshold for outlier identification. By 
setting the "contamination" parameter to 0.15%, we 
define the acceptable ratio of observations that can be 
classified as outliers without raising false positives.

In the LOF algorithm, a key computation is the "reach-
ability distance" (RD) between two data points, repre-
sented as y1 and y2 [14]. The RD incorporates both the 
local density around y2 and the Euclidean distance sepa-
rating y1 and y2. Mathematically, RD is the greater of two 
distances: the distance from y2 to its k-th closest data 
point and the direct distance between y1 and y2.This is 
formally captured in equation (1) as:

(1)

Here, " k-dist (y2)" represents the distance from y2 to 
its k-th nearest neighbor, and " dist (y1, y2)" denotes the 
Euclidean distance between y1 and y2 [8].

Subsequently, we calculate the Local Reachability 
Density (LRD) for each data point, specifically y1 [15]. 
LRD is essentially the inverse of the average RD of y1 
based on its k nearest neighbors. It involves summing 
the RD to each of y1's k neighbors and computing the 
inverse of the average. LRD provides a quantitative 
measure of the density of data points in the vicinity of 
y1. LRD is determined using the equation (2):

(2)

LOF evaluates the local density of y₁ in comparison to 
that of its neighbors. Data points with densities com-
parable to their neighbors possess LOF values around 
1, while outliers with significantly lower local densities 
have LOF values much higher [8]. The equation (3) rep-
resents the LOF:

(3)

Utilizing the LOF algorithm in this manner isolates 
outliers by analyzing variations in local density relative 
to neighboring data points. This ensures a robust and 
accurate distinction between outliers and inliers based 
on their surrounding data context.

B.	 One class support vector machine

The OCSVM algorithm was utilized with a specific con-
figuration comprising a Radial Basis Function (RBF) ker-
nel, a 'nu' parameter set at 15%, and a 'gamma' param-
eter defined as 'auto', which corresponds to 1 divided 
by the number of observations. The core functionality 
of OCSVM involves the identification of a hyperplane 
within a transformed feature space, which effectively 
segregates the dataset from the origin [16]. The funda-
mental objective is to ascertain the optimal hyperplane 
by minimizing the function using equation (4):

(4)

subject to the constraints using equation 5:

(5)

The weight vector, represented by 'w', is fundamental 
in defining the decision hyperplane. This vector directly 
impacts the alignment of the hyperplane in the feature 
space. In contrast, φ represents the feature mapping 
function responsible for transforming input data into 
a different space. This transformation is driven by the 
selected kernel, which in our setup is the Radial Basis 
Function (RBF). The parameter 'ρ' is vital since it sets the 
decision boundary and is determined based on the da-
taset. Meanwhile, 'ξ' denotes the slack variables which 
grant the model some tolerance by allowing certain 
data points to reside on the undesirable side of the de-
cision boundary. This flexibility is essential to strike a 
balance between optimizing the margin and manag-
ing outliers in the training set. The decision function is 
formulated in equation 6 as follows:
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(6)

Data points adhering to the criterion wT φ(y)- ρ > 0 
are located within the decision boundary and are con-
sequently classified as inliers. Alternatively, instances 
for which wT φ(y)- ρ < 0 are designated as outliers.

Moreover, the decision hyperplane is typified by the 
collection of points x in the feature space that satisfies 
the equation (7):

(7)

This hyperplane acts as the decision boundary in the 
transformed feature space, with the points lying on 
one side classified as inliers and those on the opposite 
side classified as outliers [16].

C.	 Isolation forest

In this study, the IF algorithm is employed with a spe-
cific configuration that includes 100 trees (estimators) 
and a contamination level of 0.15%. The algorithm cal-
culates an anomaly score, S(y, x), for each data point y. 
This score is calculated using the equation (8):

(8)

where E(h(y)) represents the average path length from 
the root to the terminal node for instance x across all 
trees, and c(x) is the anticipated average path distance 
of a failed search in a Binary Search Tree [17]. To sepa-
rate outliers from inliers, a threshold T is calculated 
based on the contamination level. This is done using 
the equation (9):

T = quantile (S, contamination_Level ) (9)

Data points with an anomaly score less than 0 are 
marked as outliers in equation (10), while those with an 
anomaly score equal to or greater than 0 are marked as 
inliers in equation (11). In mathematical terms:

x is an outlier if S(x, n) < 0

x is an inlier if S(x, n) >= 0

(10)

(11)

This method enables the algorithm to distinguish be-
tween inliers and outliers’ data points effectively by isolat-
ing the points that have shorter paths in the trees, which 
usually signifies that they are less like the other data [18].

2.2.	 Synergy in Detection:  
	 An Exploration of Ensemble  
	 Methods

The objective of ensemble methods in outlier detec-
tion is to harness the strengths of multiple algorithms and 
enhance the overall performance and reliability of the 
outlier detection process. Rather than depending on a 
singular or single algorithm, ensemble methods combine 
predictions or outlier scores from multiple algorithms to 
make more robust decisions about the outlier status of 
data points. Ensemble methods in outlier detection em-
ploy different techniques to integrate the predictions or 
outlier scores from multiple algorithms [19].

A.	 Averaging Approach

This method calculates the average outlier scores 
provided by different algorithms for each data point. 
By taking the means of these scores, this approach 
seeks to provide a more consistent and balanced out-
lier score that reduces the individual biases inherent in 
any single algorithm [19]. Let SLOF, SOCSVM, and SIF repre-
sent the outlier scores from LOF, OCSVM, and IF algo-
rithms respectively for a particular data point [20]. The 
combined score SAverage for that data point using the av-
eraging approach is given by Equation 12.

SAverage=(S_LOF+S_OCSVM+S_IF)/3 (12)
B.	 Voting Approach

The voting approach in outlier detection determines 
the status of a data point based on a majority vote 
from multiple algorithms. Each of these algorithms 
produces a binary vote, classifying the data point as ei-
ther an outlier (1) or an inlier (0) using a predetermined 
threshold [21]. SLOF, SOCSVM, and SIF represent the binary 
classifications from the LOF, OCSVM, and IF algorithms, 
respectively, for a particular data point.

A data point is classified as an outlier if the sum of 
these classifications is 2 or 3, yielding an overall score of 
vote is 1. Conversely, if the sum is 0 or 1, the data point is 
deemed an inlier, giving the vote's score a value of 0. For-
mally, the voting can be represented in equation 13 as:

(13)

C.	 Weighted Sum Approach

The weighted sum approach assigns variable weights 
to the outlier scores based on criteria such as the per-
formance or reliability of each algorithm. By assigning 
different weights, it allows for giving more importance 
to the outlier scores from algorithms that have demon-
strated better performance [22]. They Sweighted are com-
puted by multiplying the outlier scores SLOF, SOCSVM, and 
SIF from LOF, OCSVM, and IF by their respective weights 
(Wlof , WOVSVM, WIF), and then summing them as shown 
in equation 14.

Sweighted = (SLOF x Wlof +  
SOCSVM x WOVSVM + SIF x WIF) (14)

3.	 RESULTS

In the results framework of our research, we investi-
gate a methodical assessment of algorithmic bench-
marks in outlier detection, comparing singular meth-
odologies with the robustness of ensemble techniques. 
Our objective is to provide an analytical perspective on 
the effectiveness of individual algorithms and the syn-
ergistic capabilities of aggregated ensemble systems in 
detecting outliers (fabricated responses).

3.1.	 Algorithm Performance in Outlier 
	 Detection

Upon examining the outcomes from the LOF, OC-
SVM, and IF algorithms, we identified several critical 
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insights related to their effectiveness in detecting out-
liers. Firstly, the LOF algorithm demonstrated its capa-
bility by successfully identifying a total of 151 outliers 
from the dataset. Significantly, these outliers displayed 
an average outlier score of 0.6992, emphasizing their 
distinct characteristics when compared to the remain-
ing data points. Furthermore, the standard deviation of 
the outlier scores was determined to be 0.7149, indi-
cating a moderate level of variability in the identified 
outliers' scores. 

In the provided scatter plot (Fig. 3), the Local Outlier 
Factor (LOF) scores depict data point anomalies based 
on local density. Most data points, represented as yellow 
dots, fall within the LOF score range for inliers: (0.9797, 
1.2154), signifying they are inliers in compact regions. 
Conversely, the purple dots, scattered higher on the 
chart with scores ranging from 1.2161 to 1.3629, denote 
outliers in sparser areas. This distinction highlights the 
core concept of LOF: measuring data point deviation 
from a typical distribution. Thus, the plot provides a clear 
visual contrast between the inliers and the outliers.

Fig. 3. Outlier detection for LOF algorithm

Subsequently, the OCSVM algorithm identified 147 
outliers, which is slightly lower than anticipated. These 
outliers are depicted as red points in Fig. 4 and have 
an impressive average score of 1.840. The significant 
standard deviation of 2.271 for these scores indicates 
a broad range, bearing witness to OCSVM's sensitiv-
ity. Specifically, the OCSVM score range for inliers was 
(0.0000, 22.8469), and for outliers was (-9.8256, -0.0000).

Fig. 4 visually presents the difference between inli-
ers and outliers. The dense cluster of blue points rep-
resents inliers, but they don't congregate close to zero. 
Some blue inliers, especially those around the 15 mark, 
illustrate the unique nature of the data. Despite their 
distance from the main group, they're still categorized 
as normal. On the other hand, the scattered red points 
show the outliers' positions, demonstrating OCSVM's 
ability to detect points that deviate significantly from 
standard patterns.

Finally, the Isolation Forest (IF) algorithm identified 
an equivalent number of outliers as the LOF algorithm. 
The IF algorithm, however, displayed a lower average 
outlier score of 0.0263, signifying a notable deviation 

from the mean score. Furthermore, the standard de-
viation for these scores was significantly reduced, in-
dicating a more concentrated distribution of anomaly 
scores among the detected outliers, suggesting that 
the IF algorithm can identify outliers that closely con-
form to the standard deviation, differentiating it from 
the LOF and OCSVM algorithms. 

Fig. 5 presents the results obtained from the IF al-
gorithm. The blue points represent inliers, clustering 
mostly around the higher regions of the graph. Specifi-
cally, the score range for inliers was between (0.0000, 
and 0.0946). Conversely, the red points, dispersed 
mostly in the lower part, highlight the outliers. The 
score range for these outliers was between (-0.0883, 
-0.0000). 

This distinction emphasizes the efficiency of the IF al-
gorithm in distinguishing between regular data points 
and those that deviate from the norm. The concentra-
tion of red points near the -0.000 to -0.040 range fur-
ther highlights the close alignment of detected outliers 
with the mentioned standard deviation. IF algorithm 
demonstrates a precise and efficient approach to out-
lier detection.

Fig. 4. Outlier detection of OCSVM algorithm

Fig. 5. Outlier detection for IF

LOF OCSVM IF Common

Total Outliers 155 147 155 46

Unique Outliers 55 44 76

Table. 1. Outlier Detection Overview
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Table 1 provides a comparative analysis of outliers 
detected using the three algorithms: LOF, OCSVM, and 
IF. Both the LOF and IF algorithms pinpointed the same 
number of outliers, amounting to 155, while the OC-
SVM identified a slightly fewer number, 147. On initial 
observation, this similarity in count might indicate con-
sistent and standardized results across the three mod-
els. However, a deeper investigation of the data reveals 
nuanced variations.

When examining the unique outliers detected by 
each algorithm, we observe variations that suggest 
different underlying algorithms and sensitivities in 
anomaly detection. LOF, which utilizes the method 
of measuring local deviation of density relative to its 
neighbors, identified 55 unique outliers. OCSVM, us-
ing the SVM technique to separate normal and outlier 
data points in a transformed feature space, detected 
44 unique outliers. The IF algorithm, employing tree-
based partitioning strategies, identified 76 unique out-
liers. This difference in the unique anomalies found by 
each algorithm highlights the variations in their detec-
tion mechanisms.

Furthermore, even with the proximity in the overall 
outlier counts, the actual number common across all 
three algorithms is only limited to 41 outliers. This sig-
nifies that while the models have some overlapping 
observations, they also bring their unique perspectives 
in anomaly detection.

In essence, while the three algorithms display simi-
lar overall counts of outliers, their observations diverge 
considerably. Such variations underline the impor-
tance of employing multiple algorithms in anomaly 
detection tasks to capture a broader and more varied 
understanding of the underlying data.

3.2.	 Outlier Detection Through 
 	 Ensemble Technique

The Averaging algorithm consistently detected 155 
outliers across various iterations. This consistency in 
identifying outliers illustrates both the robustness of 
the method and the effective coordination among the 
integrated algorithms. Fig. 6 provides an in-depth vi-
sualization of the Averaging approach. On the x-axis, 
data points range from 0 to 1000, while the y-axis pres-
ents combined scores, which extend from -1 to 1. The 
continuous blue line signifies the averaged combined 
scores for each data point. The distribution of these 
scores appears quite consistent, indicating a steady 
data trend. 

The red dots concentrated mainly in the lower sec-
tion of the graph represent the detected outliers. Their 
position suggests that these points deviate from the 
average scores by a significant margin. The clustering 
of the outliers around specific score values emphasizes 
the effectiveness of the Averaging approach in detect-
ing anomalous data points that deviate from the stan-
dard.

Similarly, the Voting method consistently detected 
155 outliers across multiple iterations. The coherence 
in output illustrates the compatibility among the in-
volved algorithms and confirms the efficiency of the 
Voting technique. In Fig. 7, we observe the Voting 
method in detail. As in the previous graph, the horizon-
tal axis plots the data points, while the vertical axis il-
lustrates voting scores, which range between -3 and 3. 

Fig. 6. Averaging approach

Blue dots indicate the inliers, providing a visualiza-
tion of how each data point was interpreted across the 
ensemble. Most of these scores are clustered within a 
narrow range, demonstrating a consensus among the 
involved algorithms. In contrast, the red dots, which rep-
resent the outliers, differ significantly from most of the 
blue dots. This points out the consistent identification of 
these points as anomalies across multiple iterations.

Subsequently, the Weighted approach, demonstrat-
ing performance metrics comparable to the Averaging 
and Voting methods, detected 151 outliers across mul-
tiple iterations. This uniformity strengthens the reliabil-
ity and precision of the Weighted system. Fig. 8 pres-
ents the results of the Weighted approach. The graph's 
design aligns with Fig. 6 and 7, featuring data points on 
the horizontal axis and weighted combined scores on 
the vertical, varying from -1 to 5. 

Blue dots represent the weighted scores, indicat-
ing the variations in weights allocated to various data 
points. A large portion of these points have scores cen-
tered around the middle, implying a consistent distri-
bution of weights from different algorithms. Converse-
ly, the red dots, which denote outliers, are more spread 

Fig. 7. Voting approach
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out compared to the Averaging and Voting methods, 
suggesting that the Weighted method provides a more 
detailed identification of outliers based on the ensem-
ble algorithms' weighted scores.

Fig. 8. Weighted approach

After a comprehensive evaluation of the three algo-
rithms, it became evident that 150 outliers, interpreted 
as fabricated responses or imprecisions, were consis-
tently identified, highlighting a robust consistency 
across the combined approaches. 

4.	 DISCUSSION

In the domain of current algorithmic research, the 
synergy between the capabilities of individual algo-
rithms and their combined implementations in outlier 
detection is crucial and remains a focal point in contem-
porary technology research. The findings presented in 
this study highlight the deep complexities embedded 
in these integrations.

From an individual algorithm perspective, LOF, OC-
SVM, and IF each demonstrated unique strengths in 
detecting outliers, with their underlying principles and 
methodologies varying significantly. While there was a 
similarity in the overall counts, the number of outliers 
identified consistently by all three algorithms was rela-
tively few, pointing to the distinct observation patterns 
intrinsic to each method. Such diversity indicates the no-
tion that relying on a single detection technique might 
not capture all facets of outliers present in a dataset.

The table on outlier detection provides an insightful 
overview of the strengths and weaknesses of various 
algorithms. While the overall data indicates consisten-
cy in their results, a detailed analysis shows that each 
algorithm identifies distinct data points that might be 
missed by others. It's crucial to observe that even an al-
gorithm with a high success rate might sometimes fail 
to detect certain outliers that other algorithms capture. 
This element emphasizes the significance of compre-
hending the functionality of each algorithm, especially 
when there's a requirement to optimize or adjust them 
for specific datasets.

A core finding from our research highlights the ad-
vantages of using integrated methods for outlier de-
tection. The consistent results from techniques such 

as Averaging, Voting, and Weighted methods demon-
strate the benefits of combining the capabilities of dif-
ferent algorithms. Each of these combined approaches 
identified outliers in the range of 151-155, showcasing 
their stable performance. Moreover, the identification 
of 150 common outliers among these methods shows 
a significant overlap, strengthening confidence in the 
accuracy of these aggregated results.

It's crucial to emphasize that the effectiveness of us-
ing combined methods is not only evident in their re-
sults but also in their ability to detect outliers potentially 
overlooked by individual algorithms. Striking a balance 
between comprehensive analysis and detailed outlier 
identification becomes essential for developers and re-
searchers in determining the best detection method.

5.	 CONCLUSION

From the comprehensive exploration of outlier detec-
tion algorithms, it's evident that individual algorithms 
offer specific strengths in the field of data analysis. Their 
diverse observational patterns and the distinct outliers 
they detect illustrate the multifaceted nature of anoma-
lies in datasets. In this study, the use of a combined ap-
proach proves invaluable. Techniques like averaging, 
weighted sum, and voting have been more consistent 
and trustworthy. When compared, single algorithms 
offer insights into some aspects of the data, but when 
combined, they present a more comprehensive view.

Thus, while individual algorithms provide unique 
perspectives on outlier detection, combined methods 
offer a holistic view. However, as with all computational 
methods, tailoring the approach to the specific needs 
of the dataset and research question is paramount. The 
results of this study pave the way for more in-depth dis-
cussions and research in the realm of outlier detection 
in computer science.

Given the complexity of contemporary datasets, it's 
essential for data analysts to continually refine and ex-
plore these combined methods. By doing so, they can 
more effectively interpret intricate data, thereby facili-
tating the identification of anomalous patterns. This, in 
turn, assists various industries in making informed de-
cisions. Future studies should concentrate on optimiz-
ing the amalgamation of these techniques to ensure 
that data analysis remains robust and precise.
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