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a1, current rescarch

and lack of structure in textu
gles to accurately detect offensive language.
ach. although 1t requires further study. The use

online soctal medi
However, nser-level ol-

of foul and abusive

1 major role this

Due to the frequent misspellings, informality, al content ol

on message-level offensive language recognition strug
fensiveness detection appears to be a more practical appro _
language has significantly increased in the era of social media and networking, with young people playmg
trend. Over halfl of young ndividuals who use social media for communication Gall victim to c)-'lwrhullying.
networking websites can result in negative network interactions. The presence of disrespectiul comments Of
tributes 1o a toxic atmosphere. Unfortunately, most tools and algorithms designed 1o anderstand and mitigate Ihls_ Ssue are nol
effective. Moreover, insult detection systems that utihize m and natural language processing sullgr from Iw.w
recall rates. In order to address this problem, the article aims to identify mstances of bullving m text by conducting analysis
with various approaches. The goal 15 10 develop pruclicul methods for chi ne such comments. AS

ion, SVM, Random Forest, and Gradient Boost, W¢ cmployed
le comments. We considered Tram Accuracy,
s, we were able to determine therr accuracy

lative comparison ol the modcels’ per-
(o remember that rankings alone might not provide i

ndeed. conducting additional analysis and
L selecting a model. 1n the

employed to ana-
Jaging in AUUTCSSIVE behavior. The develop-

qimed at detecting eyberbullymg on socal
1w in real-nme or

Insults on soctal
the internet con-

achine learning

racteriz)
a difterent method for evalu-

and experimenting
Test Accuracy, AUC

an alternative to Logistic Regress
ating the effectiveness of detecting bullying and hosti
Score. and Cross Validation as evaluation paramelers. By
and propose an effective method for detecting such comments.
formances based on the chosen evaluation criteria. However, it's crucial
comprehensive understanding of the models' specific strengths and weaknesses.
considering specific metrics and requirements arc essential for making informed decisions whe
context of identifying cyberbullying on <ocial media, NLP and machine learming echmques are commonly
lyze social media comments and determine whether individuals or groups et

ment of an efhcient € a final prototype system

lassifier is a crucial component of
media. This classifier would play a central role in accurately identifyme and Nagueing instances of bullyi
retrospectively.

Keywords: NLP, machine leaming, EDAS appro

assessing these remark
The rankings oflerare

ach

Introduction
a greater level of interesl in the popul
ange ideas inreal tme has been made possible by microblog-
ont. Rescarchers were able to ook into distnct
1e 1o Agarwal (2013). CXLFCINISE 2roups are mis-
be, blogs, and discussion forums 1o spread
online virtual communi-

People have recently shown 1 osocial network activities. The abihity tor
people all over the world to freely express and exch
ging programs, which has facilitated the spread of hostile cont
events' online social feelings because 10 this expression. Accordi
using various social media websites like Twitter, Facebook, Youlu
their ideologies and promote cadicalization while also enlisting recruits and establishing
ties. The automatic detection of online hate speech. bullymg, ageression, abusive fanguage, and misogynistic
remarks, particularly in social nedia. has been an active arca of rescarch for many rescarchers. They have pro-
posed several Artificial Intelligence (Al) models using a variety ol Machine Learning (ML) techniques. Accord-
ing to Schmidt and Wiegand's definition of "hate speech™ trom 2017, the phrasc refers to @ varicty of otfensinve
user-generated content. Cyberbullying and cyber ageression are ‘
[nternet users face (Sahay et al., 2018). The most vulnerable soci
Facebook (Sahay et al., 2018).
[Languagce translation software like Google Translate makes extensive use of NLPUNLEP s mdecd utihized
processors such as Microsoft Word and Grammar to check the grammar of documents [ 2] Sy iy
NLP was employed to assess the tone of Bengali text. This allowed tor the dentification ol sentences *
expressions indicative of bullying. By leveraging NLP techniques. 1t becomes possible o anaivze L

(eatures and context of the text to detec potential instances ol bullying and assess the overall tone ot
b6

two other severe problems that the najority ol
Al media sites 1o such attacks are Twitter and
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nication 1o threaten or mtinndate md;-
" .

- Or online harassment, refers 1o the use of intcmﬂ comt * P prcvnlcncc il e ol
2 o through the cending of frightening or compromising message

- stworkime Such remarks
' sy C"‘C' nt..lx"l'rk“’}-» - <
rl‘n' ' ﬂ“*j"i‘_ﬂ[" hﬂ‘- ﬁipni'i(‘;"""- 1IN 'f"i‘ﬁf‘l' '" "‘C cra ”r ({!fl," ﬂl(‘('l.l i""li' m'h"”y'nt' Wiy n”' t“IC'llL”C|y |"I"
dr w\” ety dmv"‘” Hul Amosphere i online spaces [5] In the past, €Y - v nf{::n cited as a Tactor. with
cssed o ofien Enored. Poor neer engagement on social networking platforms Wi

My 1dual - | : etved harassing comments Flow.-
AS Iy R - : . . . rcceive
Ve, th ‘ i i o S S S Ilr “";;y | 2”'0 Urvey 70 of the 100 women
Sk Accordimg to i | "4

wwament and defamation account for
bunal i the nation 6]

who exn ) nm?-ﬁn‘i ~.:.1.m,,mnn has undergone stgnificant changes.
1§ PENEnce cyber harassment are between the ages of 15 and 25. Har | -
|‘;m;,::,11]::]']””:"'“““ and mstances nl‘lmr.w:_.mcnl brought hpl‘urc the only lt‘}'ll"fl';‘-::r:'f””m AN e

| £ gar and insulting language when it occurs on online forums i ey ‘ 1 oroblems in the
“""gLﬂhwh oorder to track out the real-world perpetrators of such behavior are two nnpnrl.m. pnﬂ | 'L s .
hgh agams CYberbullying. A framework to naturally and brilliantly separate hostility and mal.mu.-j. r;r _“n'mrf
PTOVOCation 15 nor ntegrated into any current online network or internet-based social networks (such as | -lL'L‘hw'k
Md Twitter): This important problem wasn't considered to be worth exploring in the past becausce it wasn't real.
DUt 1t 18 now 1 4 dangerous stave This impact on the digital stage cannot be ignored. wlflcll s why 1t has Lll-i'..'l‘.l
CENICT stage in studies looking At effective solutions. To control this movement against “"'f"c h:|r.|~.snfcnl. e
and cybererime ALENCICS Must give it serious thought [5). Therefore, the aim of this work 1s to dentity objection-
able terms and phrases used m‘l!cngnli that are deemed to be online harassment on social networking sites.

Materials and Method

In_lhc arca of natural Iunguagc processing, significant work has been done to introduce various mﬁullmds tor han-
dling text data. In several works of literature, the polarity of text data was calculated [7]. Accordingly. they sep-
arated sentiment analysis into three sections: document level. phrase level, and entity and aspect level, f*\ SCOre
was determined using the positive and negative dictionary after data cleaning, preprocessing, and stemming. We
can d:_:lcrminc from the end result whether the input sentence was favorable, negative, or neutral. They wes
clicctive n giving the sentences provided as input positive, negative, or zero values, which led to a fimal review
of the article. Based on the focal sentence and context, a better baseline algorithm for sentiment analysis was
proposed [8]. We can determine from the end result whether the input sentence was favorable, negative, or neutral,
Thf-'}' were effective in giving the sentences provided as input positive, negative, or zero values, which led to a
Hnal review of the article. Based on the focal sentence and context, a better bascline algorithm tor sentiment
an'al)'.v.i:s was proposed [8]. The key element of their final prototype system that aids in the detection ot cyberbul-
lving on social media is an cflicient classifier. In this example, Support Vector Machine and Gradient Boosting
Machine outperformed Logistic Regression and Random Forest Classifier trained on the feature stack. Due to
their widespread usage in a variety of contexts and languages. many offensive terms and phrases are left out of
dictionaries. In the literature, two new hypotheses for feature extraction were presented that may be helptul in
differentiating cyberbullying [10]. They put together a model that anticipated comments classiticd s bullyimg or
not. Normalization, feature extraction from baseline data, feature extraction trom additional data. teature sclec-
ton, and classification are the associated steps. They build feature vectors for standard feature extraction using
Ngram, counting, and TF-1DF score. The final result is the hkchihood that the comment is disparaging avainst the
members. Results indicate that their hypothesis increases precision by 4% and can be used to separate comments
directed at peers. Several strategies are used by popular online social networking services to tilier IapPropriate
information. For instance, if set, YouTube's safety mode can prevent users trom seeing any comments that contam
abusive language. But if users choose 1o "Texl Comments,” pre-screened content will still be displaved with the
derogatory words substituted by asterisks. Users on Facebook have the opuion o adding comma-separated hey-
words to the "Moderation Blacklist." Blacklisted keywords will automatically dentify posts and or commients on
a page as spam and be filtered out if they are used in them. "Tweetie 1.3." a Twitter chient, was rejected by the
Apple Company because it let users to use profanity in their tweets. Twitter does not currently pl‘t."su't.:cn sers)
posted content, arguing that users can easily block and unfollow users who publish inappropriate sttt it they
come across it. In general, popular social media plattorms filter mtlammatory information using a strarehttorward
lexicon-based method. They either have predetermined lexicons (like Youtube) or ones that the users have created
themselves (hike Facebook). Addinonally, individuals reporting objectionable intormation are how Most websites
take action. These systems have low accuracy and may produce a lot of false positive alarms since they use o
rudimentary lexicon-based automatic filtering strategy 1o block the objectionable words and sentences. Further-
more, these systems frequently fail to respond quickly when users and administrators are rehed upon o tind and
reportamappropnale contents.
since they frequently lack

hese methods are barely successtul in shielding teenagers from oftensine content
> cognitive awareness of risks. In order 1o cticcuvely detect oftensive content and
shicld thesr cildren from £xposure to vulgar, pornographic, and divisive language, parents need more sophisty-
cated tools and approachs. Because the textual content in such an environment is sometmes ad hoe, casual, and
cven misspelfedt idgniAlying offensive language in social media is challenging. While the Present social medi
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looked into ¢lever techniques to recogn
g Steps must be taken before applying text i
ACquisition, feature extraction, and classification are the
,wi“ be discussed In more detail in the next sections. presents the
dentify offensive items,

EDAS Method

the tog). Such as the neyty

Hrophophic gers were
S through this fre
S. the Propose

0Sopic set's independent subgroups To take use of the
added for the first time as an extension to the EDAS
cdom Provides more ndependence for professionals. Com-
N | d neurotrophic EDAS approach includes all the advantages of neu-
Y mentione. EDAS Cashovers were introduced by Korabe et al. Thus, the sug-
CCreated fron, Serateh. The Corabe method. created by several others including

Of this dpproach. Bagie concepts of EDAS method the use of two distance mcas-
€ evaluation of options. distance

SIVen vy
. - 0O , SO il
rOSOpjic 1. ' S qu.y Sel lype

Was alrey,
Said g |,

o | . and negative distance from the
) ‘ e i . . . : : o3
tCChmquc 'llt:d ' “;"Cf V.sl!lll..h of NDA. higher PDA values. Procedure for calculating the m criterion,
1€ Origing| EDA 9‘:’5‘[ 1C Ollnmng can be given for g

choice problem with n alternatives: is a component of
. accommodate the new extension.
O rank g , -

problem based on a number of criteria. Negative distances
Huate alternatjves positive and from the mean solution. Finding the arith-

etic mean is oy, } al ues ot various options mz}kcs (_:allculatin the average answer fair!.
MCDM ISSUCS Wi " “_‘f'ﬂl‘ln stochastic systems, Because of this, usmg the EDAS approach to St0C|1QHT
- f‘:itcctwc. We provide g stochastic expansion of the EDAS approach in this sect!
We conte normal distribution compaubility. and performance ratings of the options for cach crite:
c 4 hormal distribution. We use a different approach if the criteria are real.

Result and Discussion

TABLE 1. Accuracy score of train and (e

st dataset

Train Accuracy Test Accuracy | AUC Score

_0.900 0537 0.577

0.766 0.523 0.578

Random Foregt 0.205 0.545 0.579

Gradient Boost | 0.774 0.532 0.537
AN 083625 | 0.5342% 0.56775 0.64475

The table presents the aceuracy scores ol different models on both the ram and test datasets, along with additional
metrics such as AUC score and cross-validation. The first model hsted 1s Logistic Regression, which achieved A
lrain accuracy ol 0.900 and a test accuracy ol 0.337, The AUC score [or this model is 0.377. indicating its ability
to classity positive and hegative instances. The cross-validation score 15 0.639, which suggests that the model's
performance is consistent across different subscets of the data, The sccond model is SVM (Support Vector Ma-
chine), with a train accuracy ol 0.766 and a test accuracy of0.523. The AUC score for this model 18 0578, similar
to Logistic Reeression. The cross-validation score 1s 0.620). indicating decent stability in performance across dif-
ferent data subsets. Next, we have Random Forest, which achieved a train accuracy ot 0.905 and a test aceuracy
of 0.345. The AUC score for this model is 0.579. shghtly higher than the previous two models. The cross-valid
tion score is 0,653, mdicating reasonable consistency in performance across dilferent

model is Gradient Boost, with a train accuracy ot 0.774 and a test aceuracy of 0.532. The AUC score for this
model 1s 0.537, the lowest among the models listed. The cross-validation score 15 0.647, suggesting mudcmlu‘
stability In pertormance across difterent data subscts. Finally, we have AV, which illﬁith\'Cll.iI tram accuru(:j:r ol
().8362?5 and a test accuracy of 0.53423. The AUC score for this model 1s 0.36775. shehtly higher than Gradient
Boost. The cross-validation score is 0.64473. indicating reasonable consistency in performa
data subscts. In stmmary, the models’ performances vary across the different evalu
ston and Random Forest show higher accuracy and AUC scores com
However, it's important to note that accuracy and f\l-_:(‘ Scnrcsinlnnc
model's performance, and other Lactors like cumputulmmﬁnl
stderations should also be taken into account when select

0~
data subsets. The tourth

nce across difterent
ation metries. Logistic Regres-
pared to SVM. Gradient Boost, and AV),
may not pr
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FIGURE 1. Accuracy score of cran and test datasel

E ot - a- SR Gpe AUC scores ¢ ared
Figure 1 show that the Logistic Regression and Random Forest show higher accuracy and AUC scores comp

to SVM, Gradient Boost, and AVj.

TABLE 2. Positive Distance from the average R
m Tramn Accuracy Test Accuracy m
-E_-ﬂ_-_
| SWM 0.00 — o0 | o002 | 000
o081 o |_om | oor
 GradiemtBoo | 000 | o000 | 000 | 000

The table presents the positive distances from the average for different models based on their tram accuracy. test
accuracy, AUC score, and cross-validation. For the Logistic Regression model, the positive distance from the
average is 0.08 for train accuracy, indicating that it performs slightly above average in this metric. However., 1t
has a very low positive distance of 0.01 for test accuracy. suggesting that its performance on the test datascet 13
slightly below average. The AUC score and cross-validation also have positive distances of 0.02 and 0.02, re-
spectively, indicating that the model's performance is slightly above average in these metries. The SVM model.
on the other hand, has a positive distance of 0.00 for all metrics, indicating that its performance 1s at the average
level or equal to the average. Similarly, the Random Forest model has a positive distance of 0.08 for train accu-
racy, indicating slightly above-average performance. and a positive distance of 0.02 tor test accuracy, indicating
slightly below-average performance. The AUC score has a posiuve distance ot 0.02. and the cross-vahidation has
a positive distance ot 0.01, suggesting slightly above-average performance in both metrics. For the Gradient Boost
model. all metrics have a positive distance of (.00, indicating thatits performance 1s at the average level or equal
to the average. It's important 1o note that the positive distance from the average provides a relative measure of
performance within the given sct of models. Howevero it does not give an absolute mdicanon ot the quahity or
efTectiveness of the models. Other factors such as the specilic problem domain, data charactensties, and model
interpretability should also be considered when evaluauing and sclecting models.
TABLE 3. Neeative Distance from Average (NDA)

Train Accuracy | Test Accuracy | AUC Score ~ Cross Validation

1514 ' _ 0.00000 0.00000 0.02210

S [ oosl 00106 0.00000

0.00000 0.00000 0.00000 0 0130
Gradient Boost 0.074-44 0.00421 0.03416 0. 00349

The table presents the negative distances from the average (NDA) tor difterent models based on thew traim aceu-

racy, test accuracy, AUC score, and cross-validation. For the Logistic Regression model, all metnes have a neg-

Ative distance of 0.00000 #hdicating that its performance is exactly at the average level i cach ot these metries,

neither above nor beloyZaverage. However. tor cross-vahdation, the negative distance s 002210, suggesting that
tce in cross-validation is shiehtly below average. The SVM model has a neeanve distance

accuracy, indicating that its pertormance m this metnie 1s below average. The est accuracy
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0.00 L Performance al thia "!J l‘tllmnmnt}'. T\'Iult' the ('l(1%'&-\’3'“'*“”” has I:l p,-'
0000 o1 a1 ey, i TR level Similarly, the Random Forest model has 8 nCsRTE
U, Rous m;h"';d""“""!3 'IW s performance is exactly at the average l(."s't::l 11 C.'MI uf tllll:{':‘:m-m o
M P formance '|t| .‘l 'enegative distance from the average is 0.07444 for train :lctllf‘r'Q;'“ below -average
PEOMmance. The At1e 'Clestaccunacy has a negative distance of 0.00421, suggesting s A < in this
¢ AUC score has o negative distance of 0.054 16, indicating below-average perlormante
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i - ' . : : " " ” 'up - ; :.-!' L ] ﬂra
Vahidation has the highest negative distance of 0.00349, suggesting slightly below-averaze B

un 11AY . . . . 4 _ i . r Ko :
hary. the negative distances from the average provide a measure of how far bele

rent metrics, with some models per-
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negatve distances along with other evaluation metrics and domain-spectic consideratl

nd selecting models.

TABLE 4. Weighted

Train Accuracy Test Accuracy

0.25 0.25

0.;
omForet | 025 | 025
—GuadenBoos | 025 | o35 | 035 B

The table presents the_weighted values for different models based on their train accuracy, test aceuracy. AU

SCO.I‘C. and cross-validation. For all models listed, the weighted values are the same, with cach metric :usmgncd a
werght of 0.25. This means that cach metric is considcrcd;quully important or has equal werght in evaluating the
"PO"_“IS' performance. Assigning equal weights to all metrics implies that no particular metric is considered more
significant than the others in asscssing model performance. It could indicate a preference fora balanced cx':.tlu;um:m
ACTOSS multiple metrics, rather than emphasizing any specific metric. While assigning cqual weights can be usctul
n situations where all metrics are cqually important or have equal relevance, it's worth noting thal different sce-
nanos may require different weighungs based on the specific goals and priorities ot the analysis. In practice. the

choice of weights should be carefully considered based on the context and objectives of the problem being ad-
dressed.

10N

Cross Val_idat

AUC Score
0.25

TABLE 5. Wcighted PDA

m Test Accuracy AUC Score Cross Validation SPi

0.00407 0.00533
SVM 0.00000

Random Forest 0.02055 0.00303 0.00403 0.03374

Gradient Boost 0.00000 0.00000 | 0.00000 0 00087 0 00087

The table presents the weighted positive distance from the average (PDA) values for ditterent models bascd on
themr tramn accuracy. test accuracy, AUC score, cross-validation, and an additional metric called SPu For the Lo-
aistic Regression model, the weighted PDA values are as follows: 0.01906 tor traimn accuracy. 0.00129 tor test
accuracy. and 0.00407 for AUC score, 0.00533 for cross-vahdation, and 0.02994 for SPi. The SVN model has o
werghted PDA value of 0.00000 for train accuracy, test accuracy, and cross-validation, indicatme that s perlor-
mance n these metrics 1s exactly at the average level. The AUC score has a weighted PDA value ot 0.00431.
suggesting shghtly above-average performance. The SPi value 1s also 0.00451, Siolarly, the Raundom Forest
model has a weighted PDA value ot 0.02055 tor tramn accuracy, 0.00503 for test accuracy, 0.00495 tfor AUC
score, 0.00320 tor cross-vahdation, and 0.03374 for SPi. These values indicate shightly above-averace pertor-
mance 1 most metries. For the Gradient Boost model, all metries have a weighted PDA value of 0.00000, ¢xeept
for the cross-vahdation metric. which has a value of 0.00087. This suggcests that the model's pertormance m cross-
validation 1s shghtly above average. The weighted PDA values provide a measure of how far above average the
models perform m cach metric, taking mto account the assigned weights. These values can be used 1o compare
and evaluate the models' performances, considermg both the individual metrie values and their respective weights.
However, it's important to interpret these values i conjunction

1th other evaluation metrics and domain-specitic
considerations to make mftormed decisions about model scl

Jurther mprovements.
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TARBLE 6 Weighted NDA

- in" KEH“*? Test Accuracy | AUC Score | Cross Validation SNi
- DW0000 1" ggoo00 | 000000 | 0.00553
; 202100 000526 | 0.00000 000000
——200000 1000000 | 000000 0 00320
2.01861 000105 | 001354 0.00087

ICV . fec gative distance from the average (NDA) values for different models based on
L I?‘CPIL‘ A : LLl'rH{:}-‘ .

SSTON Mool ( AUC score, cross-validation, and an additional metric called SNi. For the
~and SN, il'li_“(_“u'lt “T'gh"i‘d NDA values are as follows: 0.00000 for train accuracy, test accuracy,
e : aung

1S 2 weiol ALUS performance in these metrics is exactly at the average level. The cross-
. \ \ \ .
el has £hied ND;\ v

I A Weiahied N alue of 0.00553. suggesting slightly below-average performance. The
anted | . . : Mt - : —
k‘- Eul dCCuraey has a4 e DA value of 0.02100 for wrain accuracy, indicating below-average performance.

AUC seor onr. L WCighted NDA value

oF 0.00526, suggesting slightly below-average performance. 'l_'hc
E alue of 0.00000, indicating average performance in these metrics.
# S exactly lI\L:\E l'lit_)'dcl has 4 weighted NDA value of 0.00000 for. all metrics, indicating ll:llll Is
NDA Values are Qs m'” ‘__L verage level in eacly of these metrics. For the Gradient Boost model, the weighted
0.00087 tor cmf;q:.\- F ;j\\,“" D.01861 for train accuracy, 0.00105 for test accuracy, and 0.01354 for AUC score,
ACCUr e il ~1‘lmn. and 0.03408 for SNi. These values suggest below-average performance in train
| » Shightly bclow-awcmgc performance in ICSILI.:CCUI'HCY, and shightly above-average per-
the modele '- : .‘?E:O" ““f‘ SNi.' The weighted NDA values provide a measure of how far below average
* te the mmlclst' ;;]‘::;“:::ntlkl ng in‘t_n account the ﬂS?igl_]C}i wei ghts._Thcsc values ca n be uscd'to compare
< i's important A cilion CS, cm'mdenlng bot_h thclnulmdual metric vulgcs and t!u:n' respective wmghts.

* | rpret lh_cs_c values in conjunction with other evaluation metrics and domain-specific
decisions about model selection or further improvements.

TABLE 7. NSPi, NSNi and_ASi

NSPi_ | NSNi
0.88758 | 0.83785

0.13379 | 0.22918
1.00000 | 0.90612

0.02586 | 0.00000

ASi
0.86272
0.18149
0.95306
0.01293

SVM
Random Forest
Gradient Boost

The table presents the v

ahive Indicatorg), Lo ul'ues lor NSPi (Normalized Sum of Positive Indicators
>). Ad AS1 (Average Score Indicator) for different models. For

NSPi valye ; b8, indi

‘alue is | | 1t

R | U.SX??&, mdwm!ng a high sum of positive indicators across the
© 027000 suggesting a relatjve

overall good avergee score
lower sum of positive indic

SUM of negative indicators

). NSN1 (Normalized Sum of Neg-
the Logistic Regression model, the

metrics evaluated. The NSNi value )
ly lower sum of negative indicators. The ASi value is 0.86272, indicating an
across the metrics. The SVM model has a lower NSP; value 0of 0.13379. sui.;gcsti;g 0
m-?:.s c?\l’:'pm'cd o Logistic Regression. The NSN; value 1s 0.22918, indicatine a hicher ‘

Random Forest model has o llzl';'urcll ;\;llll; I‘:Tu(l}l.ul:gfk:??!(;8858“lill%d?t:']ll:iw:r1?\?1'.:}5;: 'S‘mrc “C"?SS ﬂjc' ntc'lrtT's:'Th?
dmong the models cvaluated. The NSN; value is 0.‘)061"’ t;uuu’cqtinut'l l}l-T'ui]:*II}T 1:5‘ *:aum Df p::nm .111:.1?:110?
The ASi value is 0.95300. rellecting a hioh avertae come, oo i L : O_VCI SUT”? e o T
vt \'*lluir 4 1) 1:.1 ‘u__lmg.: 1 11?..__‘1 a\ut}:u Score ACTOSS the lzu.uu,r,. Fgl the Gradient Boost model. the

Value s 0, 2380, suggesung a low sum ot posttve idicators. The NSNi value is 0.00000, indicatine no
hegabive indicators were observed. The AS1 value is 0.01293. reflecting a low average score across the metrics.
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FIGURE 2. NSEY NS and AS
Viowre S
. - “C < ”‘C’\C A} ) " e 1 ' ncﬂ‘tll%"'
Indicatory deomprehenave evaluation of the models based on the sum of positive and negative
AVERAEE score. A higher NSPyvalue and o lower NSNivalue indicate better performance.
alue suggests higher overall average score across the metries [U's important to consider

Side other evaluation metrics to make informed decistons about model selection or further

1 \l_il.l'. 8. Rankine

| Rank
i Logistic Regression 1
| SVM :

|

Random Forest }

Giradient Boost

The table -
. U DIoese * g ’ g 1 ¥ ) . y
Presents the l.lnklllgs ol ditferent models based on therr perlormance.

' rankings provided:
*  RandomF

According (o 1)

orest achieved the highest ranking with a rank ot 1 indicating that it performed the best among
the models evaluated

. i ' ¥ . . . ' ol _,' . . * i " ; . . .
Logistic Regression obtained rank ol 2, suggesting it performed the second best among the models.
- \/ arigmrtrsacd o o : . . r : N . .
SVM receved a rank of 3, mdicatimg it performed third best among the models
®

Gradient Boost obtained the lowest rank with a rank ot 4, sugeestine it pertormed the least favorably
dmong the models evaluated

Rank

q

3 i

2 i

1t

0 VA - : _ . 5
Logisti SV Random Crradient
RL‘:.:.'.I'L‘MIIHI l-t}l'uﬁl Hmnl

FIGURE 3. Rankine
Figure Sshow thut the Random Forestachiey ed the highest rankig with avank ot 1. Logistue Reeression obtamed
avank ot 28V recenved a rank o 3 and Gradient Boost obtamed the lowest rank with a ik of-
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N TRy . . techniques has
e M coned Conclusion schine Learning ng
Onelusion e o e (NLP) and Mac " ites, By leveraging
Provey, o 1y '”\‘l uppllvnlmn ol Natural Language Processing vk qnci’ll "C[wnrklllg S "h. i”l-f it with
Cettectve midentito: Py il comments 0N U | combin
e muicc | Camadentitying and mitigating harmiul con _ aapaue, and € E
POWCE 0 NLP. Wiy N enals | d erstanding of humar langua s < fying harmful com-
advanee VIl enables the analysis and understa ¢ | o and classiyme
aneed Machine learming ' ’ ate the process ol detecting d , on large labeled
Nents - nmg algorithms, we can automate the | ” - Ch,qq,ﬁcrq & ’
Y W high aecnmey The | - - models allows us (o trai trom non-harmful
datasele iy ACYhe use of machine learmmg models S harmful comments fro -
w oy animg the models 1o learm o terns and features that distinguish harrmil e ful content. helping
ONes ]I - Cdlin 'hl' crns and Ide " .-tt“lrm l
o LESe models can the lye - - atically flag and moderate It | s (Fvaluate,
10 Creata o vairthen be deployed i real-time to automatically | - f the EDAS (Evaltk
Cale a sater and - T - ' ; «the mtegration O nts
Detect, Analvze an. LIre positive online environment. Furthermore. k for addressing harmful comments.
" ’ ;\',L‘l' . YR A " 1‘rl‘f “r:l paiie —
i method ‘l‘"‘l Suppress) method provides a comprehensive framewor Aibrsppant Content throtigh NLP
) ln‘.*] NG ant e . ' ‘ X . . "CI- d P
ANd manki PIVEs evaluating the severity and impact of harmful content. dele  anplying appropriate
achine lcaming techniques : Jvi auacs and context, and appiyiis o U
Measures 1o B RIYRY S SACGEIYIN SRS hat NLP and machine learming ap
" ; S "y - o - : . SN i % “ N F - : ai :
Droachee 8 “pp'"?" or mitigate the harmful efTects. IUis important to noie _I al i — cultural nu-
e ot without limitations. Challenees mav arice due to the evolving naturc 0F TdHZHEE:
Mo .. ltations. Challenges may arise duce gEn i and refinement
sreasmeand context-dependent interpretations. Continual model evaluation. retratiniiis. €
e e At=dependent mterpretations. Contimti O 1 leveraging NLP and
{ 'L*C\,w.;ll'\., 1(] % B4 b bore 2T T S . o e se S verall, 1c = -
elivine fa ensure the effectiveness and adaptability of the deployed system. : ¢ iy 1pprnﬂt‘h to ad-
‘ ¢lean Miiatiec . : . - e - NISINE &
._ " techniques, along with the EDAS method. provides a powerful and prof _ e
dress the complex issue of harmtul * o sites. By combining automated detection an
~ ISUC O harmtul comments on social networking sites. By col BT e 2 : d
Moderation wh hum - e - otes positive mteraclions an
e ‘ anoversight, we can create a safer online space that promoices po.
\ iy ll'\ ; " » 7% RS ¥ B . . - .
v from the harmful effects of abusive or offensive content.
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