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Abstract

This study explores the use of emotional patterns on social media platforms as a means of
identifying people with anorexia. By analyzing posts and interactions, researchers aim to detect
early signs of mental illness and provide timely intervention and support . We used two ongoing
public datasets for two major mental illnesses: depression and anorexia nervosa. The results suggest
that the presence and variability of emotions captured through the proposed representations allows
for vital information to be shed about social media users with depression or anorexia. Furthermore,
the combination of the two representations may help the exhibit, as it best matches the detailed
approach to sadness and is only 1% lower than the main anorexia animation. Additionally, these
representations provide the opportunity to add some interpretability to the findings.

Keywords : Mental Disorders, Passionate Patterns, Machine to Learn We are everyone conditions
user in this archives.

l. Introduction

The affected person's behavior changes in many ways[1]. These impairments can range from mild to severe and can
lead to loss of control over daily life schedules and Traditional Orders [2] Many the people everywhere the world We
are affected common Mental illnesses such as Such as depression and anorexia. They may be linked to a single traumatic
event that causes a person to gain weight, or they may be linked to a series of traumatic events. It is also worth noting
that when a country experiences large-scale atrocities or a series of tragic disasters, psychological problems are likely
to increase. For example, a 2018 study of mental health problems in Mexico found that 17% of the population had at
least one mental health condition, and that one in four people will experience a mental disorder at some point. At some
point in their lives [3]. Likewise, we reduce the possibility of public action in the modern world, whether in the real
world or in the virtual world created by online entertainment platforms such as Facebook, twitter, Reddit, or Similar
platforms. This reality Displays there We are to few Challenges, but there are There are also some amazing opportunities
that, if properly exploited, could improve our understanding of what we communicate and how we communicate. As a
result, the aim of this research is to segment, and use Programmed recognition of examples close to home, online
entertainment files 1, to recognize the presence of signs From misery or anorexia in the number of people in that area
[4]-[6]. Previous research has tended to focus on the differences and tones of online entertainment customers’ emotions.
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They have primarily used this test to predict customers’ age and orientation, as well as a variety of sensitive personality
traits such as sexual orientation, religion, political orientation [7], [8], salary [9], and personality traits [10], [11].
According to these studies, research on emotions in online entertainment allows for the collection of substantial data
about customers. This information gives us the opportunity to expand the use of emotions in the recognition of frustration
and anorexia in virtual entertainment. Previous studies that have focused on the recognition of sadness and anorexia
have been classified as semantic and emotional tests [12]-[14]. It is worth noting that the use of ideas, such as extremism,
served as a precursor to the use of emations later on in a similar task [15]. This approach to thinking revealed the ability
to use emotions as salient points rather than derivative aspects, such as “anger,” “shock,” or “happiness,” or general
views such as optimism and pessimism. In previous work [16], we presented an innovative description that was creature
He wears Data extractor to feelings Dictionaries throughout with word size like to strategy to

We worked with data from customer reports. Then, using a clustering algorithm, we created useful subsets of emotions
that we called subemotions. These revealed subemotions allowed for a more accurate and adaptive representation of
customers, as well as a better description of the source of their pain. Simply put, the idea behind this representation was
to capture the presence of subemotions in customer posts. Our methodology assumes that customers who are feeling
down will express their emotions differently than those who are in a good mood. We provide a more complete discussion
of the approach in this study, convinced of the calming implications of the representation in light of the subemotions.
We propose a new representation that not only captures the presence of subemotions, but also predicts their evolution
over time. The natural instinct is to represent the fluctuations that mentally ill customers may experience on a regular
basis. These temporal data are then combined to improve the initial process. That is, we have created a combination of
the two representations that ultimately produces very serious effects, roughly equivalent to those approaching the state
of the art. Finally, we consider how to do this These two representations can be used to distinguish other serious mental
illnesses, such as anorexia, in addition to sadness. We compare close examples of the two disorders of interest using this
new description, which may reveal what might be described as their deep “schema.” Two hypotheses are presented for
the proposed static and dynamic representations, referred to as BoSE and -BoSE , respectively. The first is that words
for difficult emotions in dictionaries are unable to capture simple, close contrasts, any in to make extend he most
important Information on Emotional well-being of the client state. For example, the lexicon for feeling angry includes
terms such as angry, annoyed, and upset. Angry and annoyed are terms that refer to different levels of anger, but they
are all characterized by Same tendency. In this way, we propose that each client be treated with a graph of sub-emotions,
which are discovered by aggregating word embeddings into coarse emotions. The next hypothesis is that people with
depression and anorexia will often discover more significant proximal fluctuations than healthy people. In this case, the
idea is to treat each client with a set of realistic features that show recurring variations in sub-emotions over time. In
light of these hypotheses, the following are the commitments of this work to identify individuals with depression or
anorexia:

1. Related Work

In this section, we provide an overview of previous research on screening for depression and anorexia using online
entertainment data; we describe its benefits and interesting opportunities, and compare and contrast the methodologies
used in our proposal.

A.Sadness:A Statement

Sadness is an emotional health disorder characterized by a persistent lack of interest in exercise, which can lead to
serious difficulties in daily life [1], [17]. Efforts to pinpoint the exact location of this condition have relied on public
support as the primary technique for collecting data from clients who clearly stated that they had been diagnosed with
clinical depression [18], [19]. The most popular algorithm considers words and n-grams as elements and uses traditional
classification calculations [13], [20], [21]. The main idea is to record the most frequently used terms by people with
depression and compare them with the most frequently used terms.
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Frequently used by voice customers. Since there is a lot of overlap in the language of frustrated and non-frustrated
customers, this strategy has continued. Another body of work has used a LIWC-based representation [22], aiming to
process customer posts across a variety of cognitively meaningful categories, such as social connections, thinking styles,
or individual differences [18], [23]. However, these works have provided a better representation of psychological
problem conditions. Using only words has become decently better, yielding better results than using only words.
Ongoing research has focused on upsampling methods, which combine word-based representations and LIWC with deep
brain models such as LSTM networks and CNNs [24], [25]. For example, in [25], [26], combining these models with
features such as word frequencies, user-level linguistic metadata, and neural word embedding produced the best results
in eRisk2018. subscriber challenge in sadness discovery [27]. these studies Suggests who Evaluate Data can He is Found
In online entertainment texts, they are used to determine whether a person is unhappy, although the results may be
difficult to interpret in other circumstances. This is a major drawback because these devices are typically designed to
assist healthcare professionals rather than make final decisions. Developers [28][29] are conducting studies to address
this problem. They model clients with mental illness and teach data visualization strategies to provide analysts with
useful information. Finally, objections have been addressed in light of opinion screening methodologies in some
materials [14], [30], [31]. These studies have resulted in Impressive results, reveal it Dark comments are additional
Common among people from they are sad who In people who are not affected by the problem. Creative people have
been effectively advised to think about feelings and emotions to identify unhappiness in Twitter users in a recent report
[15]. The purpose of this study was to test a conceptual hypothesis [32] that links the expression of feelings and emotions
to frustration. In a previous article [16], we proposed using a more precise concept called sub-emotions, which is It
showed good results in identifying depression. This is where the study continues to investigate this matter. In a way,
we propose another representation based on sub-emotions , this time focusing on changes in the immediate environment
over time, as well as extending the potential use of this representation to identify anorexia.

B. Loss of Appetite: A Statement

Anorexia nervosa is a well-known eating disorder that is associated with mental health. It manifests itself in weight loss,
difficulty maintaining a healthy body weight, and, in general, a distorted perception of oneself. Anorexics often have
unusual attitudes toward food and bizarre eating habits. They also tend to exercise zealously, purge themselves through
regurgitation and laxatives, and gorge themselves. Virtual entertainment content has been used to focus on anorexia
symptoms in some work. Designers presented an approach in [33] to group people who identified as naturally chaotic
eaters into their Twitter profile representations. They examined their social relationships and found that this type of
client had distinct mixed designs in terms of tweet preferences, language use, death fears, and moods. In terms of
programmed anorexia Detection in Virtual entertainment, Some works have user Grammar and indicative Faces to
Represents The creation and significance of positions [25], [34], [35], but these techniques involve a Sentiment analysis
has been used in several studies to focus on the language used by patients with and without anorexia. Deep traits in
customer correspondence [12], [36]. They primarily represent the general sentiments (i.e., good, pessimistic, and neutral)
that customers express in their posts, and look for a link between these sentiments and symptoms of anorexia, similar to
depression. Although similar strategies have been used in the past, they have been successful in only a few cases.
Although the results are interesting, they are likely to fail. he classification to Individuals without Loss of appetite that
regularly clear for him Feelings in In a negative way. Some recent studies have also looked at the use of deep learning
algorithms and found promising results. [26], [37]. In [38], for example, the developer presented a solution based on
brain architecture, multi-task learning, spatial transformation, and Markov models. This project is still in its early stages,
and one of the challenges is determining how to grow emotional well-being data assets. In a subsequent paper [39], the
authors presented a novel brain organization (NN) architecture consisting of eight distinct brain sub-models, followed
by a composite part that connects the salient points and predicts anorexia in a web-based entertainment client. They
hypothesized that combining multiple models works better than using them separately and that each part improves the
representation by providing information relevant to the location of anorexia. In accordance with these goals, he Cyber
Risks 2018 appreciation job describes [27] sample who to methodology who collects Client level indicative
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Metadata , word frequency, word embedding in the brain , and convolutional brain organization produced the best
results. Regardless of how these methods are presented, their complex planning and preparation procedures make their
interpretation difficult to determine how severe the problems are likely to be. The problem or support the initial decision
with new evidence. [40] He says : Innovators develop a powerful learning workbook. who collects based on text and
visual characteristics to Helps in he a statement Energy support Information that ignores local area rules. They used a
million Tumblr giveaways to search for corrupt material on it. However, it is worth mentioning. Taking the example of
[41], he The authors found that while predicting a client with a psychological problem using their online entertainment
data provided strong internal validity, it lacked external validity when tested on emotionally healthy patients, suggesting
that there is still work to be done in this area.

I11.  Models and methodology

To Texts to Beautiful Grain

Emotions are inevitable in people and have been widely studied in fields such as brain and brain sciences. neurology
[42]. he The relationship between feelings and mental affairs He has state Scheduled outside in brain The research and
how they are represented in language through words is an area of ongoing study [14]. The method we used to assess
emotions, or more precisely, sub-emotions , as a means of successfully addressing the recognition of misery and anorexia
in Reddit users, is based on this data. The proposed technique for detecting misery and anorexia takes into account how
files are represented in light of the subtle emotionsthey convey . To produce these representations, we first created
fine-grained emaotion sets (referred to as sub-emotions hereafter) for each general emotion in the EmoLEX lexicon [43].
This lexical resource shows how words are associated with eight emotions: anger, fear, anticipation, trust, surprise,
sadness, joy, and grief. disgust, like Good like two Viewpoints: negative and Positive3. he words Owns state Physically
He explained It can be read in 40 different dialects. Then, instead of using the first few words, we block out the message
and address each record using sub-tags. Each step of this procedure is detailed in detail in the accompanying sections.

Evolution of sub-emotionsE=E1, E2 ..., E10 is the traditional way to process the behavior of emotions within EmoLex
, While Ei = t1,..., tn is the traditional way to process the behavior of emotions within EmoLex. Using pre-trained sub-
word embeddings of size 300 from FastText [44], we create a vector for each word in the lexical resource. We carefully
considered the size of the vector, considering options such as 100, 300, and 500, as well as the word2vec [45] and glove
[46] embeddings . After processing the vectors for each word (from each coarse slope), we use the affinity propagation
(AP) calculation to aggregate them, It is a graph-based clustering computation that is implicitly similar to k., A. However
, it is not necessary to pre-assign the number of clusters. This computation finds individuals in the dataset that represent
clusters [47]. After clustering, each centroid handles a different sub-sense. That is, each sentiment is now represented
as a set of sub-sentiments, Ei = S1,..., Sk, where each Sj represents a subset of words in Ei . With all sub-sentiments
represented, this cycle creates a set S. The complete cycle leading to sub-sentiments is illustrated in Figure 1. To get the
sum of how terms transfer between sentiments, as well as the size of the creation.
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Figure 1. Procedure for generating sub-emotions for each emotion from the specified lexical resource.
Aggregation table (sub-emotions) | show you something Statistics obtained after implementation AP method. It is
worth noting that who he middle amount to words by pool (for me) He is fixed Ir everyone Emotions, secretive

who AFP
He could discover similar pool Distributions until to Emotions with vast Vocabulary. we also calculated
Mean and standard deviation of internal coherence ( Coh and Coh ) for each emotion for future research. Internal
coherence is a statistic that measures how similar an object is to objects in its own set. This value was calculated by
comparing the cosine similarity of each word to other words in the set. Same group. We can see that some groups have
some coherence based on this measure, perhaps because the lexicon contains terms with similar contexts and problems.

table 1: Measuring to he Vocabulary to all Passion foot in he dictionary resources, and number From the created

groups (Cls)

Coarse Emotion Stais Discovered Sub-Emotions Stats
Emobton  Vocabulary | Cls pW oW pleh  oCoh
anger 635 44 1360 1653 02932 L1588
anticip 3837 393 14.77 20053 02910 01549
disgust S5 67 44 2129 02812 01600
fear TITR 88 4.7 2336 02983 (L1455
oy 4357 ilg 1370 2135 (02928 OLlGds
sadness RHLET) 395 1478 2048 02911 01549
SUTPHSE 3711 274 1354 2HA6E 0287 01626
trusi 5451 R3O 1431 2159 0293 o169
pesilive 11021 40 1489 2453 02967 D 1466
negative 125048 #l8 152 2375 (02867 01417

he It is necessary that only Few groups available easy to understand and Interpretation. Cattle Subsets of words allow
each approximate meaning to be isolated in different places, where it is possible to identify them . These factors help to
identify and capture the more subtle sentiments that customers express or are expressing in their articles. Figure 2 shows
some examples of subset sentiment words that have been acquired as a result of using this process. It is easy to understand
how words with a comparative structure are frequently grouped together. We can also see that, in order to In the same
vein, each group of words represents different things. For example, one group conveys the emotion of surprise. Other
groups have words related to disaster and misfortune, as well as magic and deception independently. In another model,
the emotion anger is divided into two groups, one associated with themes of fighting and combat , and the other with
points simply associated with screaming or growling.
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Appearance 2 : Instances to Words Crowd in Numerous Sub- emotions

b. Change the entire text to sub-sentiment groups To follow this approach, we concatenate all individual customer posts
and create a single report for each customer.

So, we Mask everything Users replace documents for him Words with to Brand who Titles he Sub-feeling The closest
to To do this, we record typical sub-emotion vectors by averaging (section by section) the word embeddings in each
cluster after summing the word vectors for each coarse slope. These models are used to represent each word in the
message as an event of a specific sub-emotion . Going back to Figure 2, the natural direction of the word vectors: Action,
for example, addresses the surprise of sub-emotion 2. Showroom, Crafts, Display, and Visuals are presented, section by
section. Once we have these vectors, we evaluate the comparability of the cosine of each word t in a text test with all
sub-emotion vectors S, and replace it with the sign (t) of its closest sub-emotion 5. In other words, (t) = Sj : max SjS
sim('t, Sj ) (1) Consider the following two examples to illustrate this process: 1) The most important thing is to try to
move people. 2) You are not qualified for the job.

these expressions Willpower He is Convincing like:

1) enthusiasm27 Joy27 Positive5 negative

62 Positive20 Negative20 Expect 10 Expect 10 Expect 10 Expect 10 Expect 10 Expect 10 Expect 10 Expect 10
anticipation 10 anticipation

2) Positive91 negative 80 Trust23 Joyl6

43 positive anticipation 35 negative anticipation 62 negative anticipation 27 anticipation 19 80 anticipation 27
anticipation 19 of these patterns, is this possible To see he He deserves in How to configure different settings Trapped
in different sub-feelings. It is necessary. to to set who we replacing he complete Terminology to everyone Clients to
merge Empty words with he The closest

Subconscious feeling everyone this turn He is It depicts in appearance 3.

Conwent Text 10 Sub Emotons
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appearance 3 : road to It changes he Texts to Sub-feelings The Caliphate .
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Sense Based on Representations: kiss and A- Boss

A.BoSE for the sub-sentiment package We collect the BoSE representation using the sub-sentiment histograms once
the reports are hidden. Each report d is treated as a vector of loads associated with the sub-items, d = hw1, wmi, where
m is the total number of sub-items generated and 0 wi 1 is the relevance of the sub-item. Yes to he register Dr. this
weight He is Registered He wears he tf-idf appearance: Wisconsin = repetition ( Yes D ) where Register |d | #d(yes) (2)
The iteration ( Si,d ) handles the capacity meaning that #D(Si) is the capacity indicating the number of records containing
the subset Si, |D| is the number of records in the entire sorting process and |D| is the number of records in the entire set.
As can be seen, this representation only focuses on the presence of specific subsets in the records; therefore, we refer to
them as BoSE -unigrams. We call them BoSE-ngrams because they also take into account the presence From the
alternative groups.

B. - BoSE : A vivid representation of sub-emotions One hypothesis behind this research is that clients with low mood
and anorexia communicate their emotions in different ways. We introduce another representation based on this instinct
to capture transient deep examples; this representation is called -BoSE . To create the -BoSE representation , we divide
each client’s posting history into n parts or chunks6. We then compute a BoSE representation for each component, as
described in Section IV-A. That is, we consider the chunks as individual but sequential reports. After this cycle, each of
the m sub-emotions is processed through a vector of n values, Si = hwi ,1 ,,wi,ni, where wi,j denotes the weight of the
sub-emotion Si in the non-constant part For formula 2.

we Looks in ten Blocks, This is amazing like he Cyber Risks Competition.

We choose to deal with each sub-emotion through a vector of the eight real qualities that accompany it and through
which its changes are captured. n-chunkssequence:mean (),sum(P),max-value(max),min-
value(min),Standarddefence(),variance(2),Average(x),andMedian(x) if our motivation is to show transient fluctuations
in sentiment. This creates a new vector, Si =, P, max ,min,,2, X ...

appearance 4. development to he A- pose representation. in he Firstly place, kiss He is Achieve to all piece to

Applied BoSE 1o each chunk
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Chuns
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Computed Suisscal

Values
Final Vector Representation
A-BoSE Sub-ematcn 1 ' S Crmcnon

The report; then the real characteristics of each one of them are determined.
last Carriers representation to to Subconscious feeling
IV.  Examsand for him results

to. Information groups about us He wears Media indicators Cyber Risks 2018 Evaluation procedures [27], [48] a Fully
Evaluates kiss And - pose . he Publications to to few Clients to he Reddit scene We are Included in these Useful

Groups . there We are two youths to Clients to all message: positive Clients, from We are affected by loss of appetite also
ain



In a way , the reference group is people who are not affected by any mental illness. The undeniably positive people
create the positive class. One clinical expert mentioned that they had clients who used ambiguous expressions such as
“I think I have anorexia/depression” during the data collection process. The control class consists of random clients of
the Reddit platform7. It is worth noting that to create the positive group, the eRisk coordinators first collected clients
using the specific appearance mentioned above. They elicited self-expression of depression or anorexia outcomes
through these questions.

table 2 mental Disorders Data Groups user to Experimentation. (p = positive, He does = Controls

Data set Training Test
P C P C
Users dep eRisk™18 135 Tal N iEy|
AVE, num, posis 671 64007 | 5147 | 6809

avg num, words per post 214 218 276 237
avg. aclivity period (days) | 386,43 | 6250 | 7869 | 7025

Users anor eHisk'18 20 132 41 Pl
avg. num. posts 376 5872 | 4249 | 5425

avg num. words per post 41.2 20.% 357 2049
ave. activity period (days) | 8053 6415 | 7989 | 6706

They then personally reviewed the corresponding posts to ensure they were correct. This self-expression of unhappiness
or anorexia increases the likelihood of chaos in both the control and positive groups. This chaos may also lead to some
informational biases in clients, with certain informational cues being treated more strongly than others. Table Il shows
how categories are distributed within these informational groups, as well as some general information about the
categorization processes. We show some examples of posts to Different types of Clients for extend fast Take a look at
he Useful Indexes. we Willpower most possible Displays Clients who suffer from the negative effects of psychological
maladjustment, as well as control clients, have similar individual reactions and feelings toward them. They can be both
positive and negative, so identifying them is a difficult task. Depression 1) When | come home from an outing with a
group of friends to celebrate my birthday. 2) From time to time, I can’t help but think that they would be better off
without me, and they will understand that they would be happier without me. Anorexia 1) I'm glad you’re comfortable
with the fact that you’re going to be on antidepressants for the rest of your life. 2) My teacher looked at me and muttered,
“It’s a shame.” If she wasn’t so big, | would have considered her a member of the group. Control 1) Good job; fog is
usually not easy to deal with. I really like the colors of those rivers against the frozen rubble. That’s a beautiful picture.
2) It was uncomfortable,

You no | am waiting he to He is Good receive here, but yet to Yes one person Results he useful, sick He goes forward and
He does he.

b. Preprocessing of test conditions. The texts were normalized by writing all words in lower case and removing special
characters such as urls, emojis, and #; stop words were preserved . The preprocessed texts were then masked with the
generated sub-emotions. Classification. The primary goal was to classify the clients into one of two groups:
depressed/controlling or anorexic/controlling. The most prominent sub-groups of items were selected using the term
frequency - inverse archive frequency representation ( tf-idf ) and chi2 X2 k dispersion

[49] After constructing the BoSE representation , we use a support vector machine (SVM) with a direct spline for the
selected highlights. , C = 1, L2 standardization and class inconsistency weighting, we carefully select the most
appropriate number of highlights for each project; for example, we select 3000 for depression and 1500 for anorexia.
For BoSE and -BoSE , we use a similar number of highlights. The ultimate goal is to take advantage of each to publish
Customer history, We command client Very true yes he SVM finds out that The model is closer To this category.
Baselines. We use a slightly innovative methodology, which was introduced in [15]. That is, while the first approach
counts the exact presence of each sentiment term in each post, we use a methodology similar to BoSE in our case, where
we cover the words with the most comparable sentiments. Finally, the first methodology takes into account the difficult
matching of vocabulary terms, while our approach takes into account Fine-grained pairing system. This method is called
Bag-of-Emotions (BoE). The results are also compared to a standard Bag-of-Words representation. Unigrams and word
n-grams were used to create the two representations; they are common calibration methods for text classification. In the
case of both approaches, BoSE and - Bose , He wears tf-idf representation and Chi2 Credits x2 I, we to choose to
similar number to Highlights,




3000 for misery and 1500 for anorexia. We incorporate a description based on LIWC that includes the ratings like
purposes, similar to former He works in sadness and loss of appetite location. we also He wears to CNN and Bi-LSTM
to add a few baselines with deep learning approaches. The brain networks used 100 neurons, Adam optimizer , and 300
elements of Word2vec and Glove . We use 100 random filters with sizes 1, 2, and 3 for the CNN. In addition, the results
obtained were compared with the three major eRisk 2018 benchmarks (these Made overall feeling in Sub-section for
me). he F1 Score on the positive The class was chosen as a major criterion by the organizers of eRisk 2018 [27] for this
test.

BoSE Representation Evaluation In this review, we comprehensively evaluate BoSE- based representations and compare
them to BoE and BoW schemes (using both unigrams and bigrams) as well as deep learning models (using Glove and
word2vec) for the detection of depression ( eRisk '18) and anorexia ( eRisk '18). For this first evaluation, Table 111 shows
the F1 score in the positive class. We can conclude from this correlation that BoSE outperforms all benchmark results,
sometimes by a large margin (think about it). For example, the case of anorexia). The number of advanced learning
models presented is very large. Surprisingly modest ; b . This may be due to the small size of the data sets used. Certainly
the majority of eRisk 2018 participants who used these types of models combined them with traditional methods. To
influence your results. We represent clients at a level using BoW and BoSE representations to evaluate the results . We
use t-SNE to generate these representations.

Bow BoSE

«

Depression
"y 'f‘..‘:‘n‘ y > " A
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appearance 5. T-SNE an offer to bracket and kiss representation in both of them Tasks.




table 3 F1 results on he positive season: kiss and a base Ways

Methosd Dep'ls | Anor 1R
BoYW-unigrams (.54 0.69
BoE-unigrams (i) 0.5

EosE-unigrams (Ll K2
Hu'ﬁ'-'-ngmnm (.54 .64
BoE-ngrams (.58 .58

BoSE-ngrams 63 0.81
LW (.3K .54
Bil.5ThM-Clove (A6 (.46
Bil.5TM-wornd 2vec (AR (.56
CHNMN-Glove 0.5] (.54
CNM-word 2vec (.48 0.57

[50], a nonlinear dimensionality reduction technique for visualizing high-layer spaces in a low-dimensional space. We
use the vector representation of 3000/1500 elements obtained using tf-idf with chi2 assignment for both BoSE and BowW
in this study (referred to later in Section VB). Figure 5 illustrates the advantage of using BoSE over BoW in allowing
the classifier to develop a better classification model. Classification work. We even checked the edge positions and
found a similar transition in the sub-sentiments , which may be due to the similarity in the points captured by the sub-
sentiments written and shared by customers. For example, we have a customer from He has Next section: "this Nice to
belief It is harmful to the soul health. next to, who It's not a criticism, that's exactly what it is. Gandhi is someone we
shouldn't forget. " When you face a rival, fall in love with him ." Who can convince the Jews that self-destruction is
more courageous than fighting for life? "On the other hand, the Jews should have exposed them... to the butcher's sword
the elves go. They should have thrown themselves completely off the cliffs into the sea.” This agent is in Reference
group, where he client unequivocally refers to self-destruction and brutal but “You’re hinting at a way of thinking that
you might not have in this case. However, these models test the classifier.” eRisk Studio takes your initial predictions
and runs the classification across the entire customer history. We run additional testing to see how the volume of data
impacts our predictions. The eRisk study does this by providing information in the form of clusters (bulbs) and assessing
feasibility in addition to the expected predictions. To see how effective BoSE is at providing early warnings , we expect
Customers on each component and comparison he Results to pattern Like him Delivery date A classification is created
for each group based on the customer data collected at that time. If the probability of them being in that category is
greater than half, the classifier excludes the positive label (despair or anorexia). As a result, we have more tests for each
item and the classifier makes better decisions. Figure 6 shows a graph BoSE results and baselines on each piece of data
BoSE achieves great performance for anorexia Useful group, until with F1 = 0.56 Despite only He wears he Firstly Large
size available, like It is shown in This graph, while the next best methods only reach F1 = 0.34. In the case of depression,
BoSE generally achieves the best results, which becomes even more clear when taking into account the most recent data
sets. We offer the following insights based on the first set of analyses: 1) In both cases, BoSE outperformed Arc
representation .




F1

N
g S
J

)

Chunk
Anorexia 201
|
v.3 T T
08 -
- $ +
07 - ]
06 . - s
> 5( N ¥
. o
1 =
R -~ - -
“ P o o
- e
03| < : §
BoSE —
02} BoE —¥— =
01 M EO‘..'. -
N-grams
{ 1 1
0 2 4 6 8 10

Chunk

c . Instead, they presented the results of four machine learning models and an ensemble model that combined the
assumptions of the previous four models . They used user-level audio metadata, bag-of-word representation, glove brain
word embedding , and a convolutional brain network [25]. The second-place team created a framework based on two
different models: one that takes into account the variability of the transient sentence and The other uses progressive
classification. The first model aims at semantic representation of records based on the explicit data available in each
block, while the second model performs a consistent assessment of the relationship of each customer to each class based
on the data obtained in each block [51] 9 Table V compares our methodology (This means, to mix to kiss and kiss to he
above Positions in he Cyber Risks Evaluation tasks 2018 . In both projects, we can see that our process produces
significant results. Either way, it is essential. Note that the members focused only on winning early and accurate
customer predictions , but our methodology focuses entirely on determining accurate ratings. However, in a previous
study (see Figure 6), BoSE obtained accurate results for F1 in the positive category, ignoring customer posts entirely
(with around 70 Percent to he Data). behind these results, he Proposed Approaching Look He is less difficult, It even
opens up the possibility of adding some level of knowledge or interpretability to what the classification model has
recorded. Figure 7 shows a box plot of the F1 scores, accuracy, and revision for all members of the two tasks to take a
deeper look at these results. The results are marked with a green X .




table 5 F1, Accuracy and Remember results on he positive season: Kkiss fusion Approaching and he Top Artists
on IRISK

Task Depression 1018 Anorzxia 2018
Metric Fl P R F P R
frstplace | 064 | 064 | 065 | 085 | 087 | 083
secomd place | 060 | 053 | .70 | 079 | 091 | 071
third place | 0.58 | 060 | 056 | 076 | 079 | 0.73
Late Fusion | 0.64 | 067 | 061 | 0.84 | 0.87 | 0.80

BoSE strategy of delayed integration is to see that our results were in the top quartile for both tests (except for recall in
the case of depression), demonstrating that accurate representation of the presence and diversity of emotions achieves
competitive results in detecting depression and anorexia.

Results for F1. Mrecsion and Recall
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appearance 7. square plot to he F1 a lot to Frustration (The finest part) and loss of appetite (a base part), Where
the green X indicates the late consolidation approach we followed at BoSE .

And. Is there a design for the anorexia or frustration subscale? Table VI presents a section of the most relevant subscales,
as defined by the chi2 transfer, as well as some examples of sentences that correspond to these subscales in the anorexia
and depression projects. The vast majority of subscales associated with the discovery of unhappiness are associated with
depressive points, for example, the anger subscale is associated with feeling abandoned or disconnected, and the hate
subscale is associated with daydreaming. Insecurity and desolation. These subscales capture the way in which the
frustrated client shares his or her worldview. On the other hand, in the anorexia recognition task, the most relevant
subscales include shame, self-harm and eating points. For example, the anger subscale is associated with exploitation,
death and injury. The disgust subscale is associated with disorders of the body and internal organs associated with it to
eater. he last option clearly Proven who these Sub-feelings Yasser he material to A




For people with anorexia. On the other hand, it is interesting to see how anger manifests itself in sub-emotions that hint
at lying or rejection. To see a possible close-up diagram of Two attempts , we View a chart close to yours Feelings
processed by your 100 other sub-emotions in Figure 8. We can see that the circulation of emotions, as captured by the
sub-emotions, distinguishes anorexia from sadness in some respects. For example, we can observe a benefit in the
tendency to resent; however, when present in both tasks, clients who feel sad express more types of anger in their
messages, as shown in Table V1. Contrary to popular belief, the sub-emotion related to fear is more common in anorexia
patients. There are also some emotions that have similar frequencies in both groups of clients, such as contempt;
however, their precise sub-emotions , as shown in Table VI, cover quite different topics. We can conclude that the sub-
emotions help us to identify subsets of points associated with different mental problems and to identify themes Problems
associated with each message
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appearance 8. feelings to publish to all a task

However, how can BoSE detect these differences? In Figure 9, we compare the events of different sub-emotions. in he
Standard pool (shading in orange) and he Psychological problem pool (shading in (Blue) Over time (i.e. across all 10
pieces) (colored blue). Based on the chi-square of the stimulus for each task, we select a portion of the top sub-emotions.
These symbols represent the common occurrence of the sub-emotions across all customers in each group. We can see
that the reference group has smaller variations or maxima over time than the psychometric group in both problems,
which means that there may be significant variability that can be exploited using sentiment-based representations and
machine learning techniques to differentiate between them.
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Figure 9. Comparison of emotional cues between control and mental disorder groups. The x-axis represents
he to cut (time a period) and Axis Y Represents he middle He deserves to he Sub-emotion in Every piece.




V. conclusion

In this article, we show that accurate emotion-based representations can capture more specific themes and issues
conveyed in social media documents by users experiencing depression or anorexia. That is, the sub-emations that are
automatically extracted provide useful information that helps in their detection. two mental Diseases. In he one
surrenders, he Kiss representation | exceeded Proposed baselines; Furthermore, the proposed baselines outperformed the
ASE Bank representation . It includes several deep learning methodologies, as well as results from employing broad
sentiment as features. The addition of dynamic sub-sentiment analysis, known as BoSE , improved the detection of users
with signs of anorexia and depression, demonstrating the value of considering changes in sub-sentiments over time. The
simplicity and interpretability of both representations should be highlighted before moving on to a more direct analysis
of the results. Finally, the ability to model users’ emotional behavior using social media data Opens up possibilities to
future Promote well-being Devices. This guy Technology can be It is used to create alert systems that provide broad
analysis and information about mental illnesses. Maintain user privacy. This information may include: presence Of the
psychological problems in Specific locations, prompting authorities to create professional help or emotional support that
consumers can choose from. Accept or reject. We believe it is important to note that when analyzing social media
content, we may be concerned about ethical or individual privacy issues. These concerns arise from the use of potentially
sensitive information, which depends on the personal behavior and emotional health of users. The experiments and use
of this data are for study and analysis purposes only, and any misuse or manipulation of the data is strictly prohibited.
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