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UNANEBAIWIDINE

Mental health problems are a serious problem and should be urgently addressed.
According to statistics from the World Health Organization (WHO), the number of people suffering
from depression is approximately 5% of adults, or more than 280 million people in 2023. The
rapid growth of advanced technology has made people access the internet more easily and
quickly. As a result, the number of internet users globally is over 5.18 billion and approximately
there are 4.8 billion social media users in 2023. The purposes of this study are to extract factors
to identify social media users with depression, develop models to predict the chance of
depression from users’ data on social media, and evaluate the performance of the prediction
models. Our study found that user-generated data from social media can be used to find
differentiating factors between users suffering from depression and general users. Possible factors
used to differentiate between the two groups of users are the use of words in social media

messages and time spent on the social media platform.
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Developer Docs v Community v Updates v Support :
Portal

MentalHealthResearch
Dashboard Settings Keys and tokens

Projects & Apps

APP ICON

Overview App details
D Authentication

NDALONE AP docs

MentalHealthResearch

NAME
MentalHealthResearch

Authentication

Products CED methods
Twitter APIv2 & v2 endpoints
APP ID available with
OAuth 2.0

Account

Billing

DESCRIPTION

This infoermation will be visible to peapla who've

authorized your App

This app was created to use the Twitter API.
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1. MsAumYerunAne #depression

2. mifsteyadernuiuauulusindvesgldnungnssyinyainisdulseduas

3. nsiedeyatennuiauauulysingvedldauily

def gettimelines(userid, max_results=100):
print(userid)
pagination_token = ""
timeline = []

while pagination_token != None:
try:
if pagination_token == "":
tweets = api.get_timelines(user_id=userid, max_results=max_results,
tweet_fields=('created_at', 'attachments', 'author_id', 'context_annotations',
'conversation_id', 'geo', 'in_reply_to_user_id', 'referenced_tweets',
'public_metrics', 'possibly_sensitive', 'source','lang'),
)
else:
tweets = api.get_timelines(user_id=userid, max_results=max_results,
tweet_fields=('created_at', 'attachments', 'author_id', 'context_annotations',
'conversation_id', 'geo', 'in_reply_to_user_id', 'referenced_tweets',
'public_metrics', 'possibly_sensitive', ‘'source', 'lang'),
pagination_token=pagination_token
)
except Exception as e:
print(eval(str(e)))

timeline += tweets.data

pagination_token = tweets.meta.next_token

if not tweets or pagination_token == None:
break

time.sleep(10)

return timeline

U 3 Aasmsifiudeyadonnuanlusinagldasuaie Python
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Aumagnszuldudseny “demnafeaiulsaduasn” uwavanunsafadayauuluslng
£ 5’1 ¥ 1 “@ 4 (= = L) v ! o/

Yo LAty Ia diw “§lavszanluidulsaduas)” agldunannisduiumany

GU'NLamﬁﬁmumL.Lﬁg;ﬁﬁé’f@ﬁuﬂuﬁulaja@ﬂuﬂizmmﬂﬁmuﬁtﬂu‘[iﬂ%u LAS

3. mim%ﬂu%'aga (Data Preprocessing)

va o

dievhnsiiudeyaainlustiadldauusazUssinnieusosuds §3delaldiniaailo Regex

Y

a

A o 1% aM 1o & v oA 3 s A a &1 o
ievinisaudeyailidndusenaindeniny wu Feveaiuledviedsdnieg (URL) ausnaseiiy
71199 (2.-V@$%) Flauiee) wazn13aumngaeieg (Stop words) Ludu nsaudearunwiniesn
I v al 1y o v Ly v [y o
wszidutennuilideauming waghlilsendanatlunisusyiianateya ¥aRInvinIsay

9 AM 1o & Y v ° 9] & ¢ v ] Y v Y]
GUEJ%@V]"LNQWLﬂULiEJUi@f‘JLLa'J 7\]31/]'1ﬂ'ﬁi’J@J‘U@ﬂ')'uJVNMlIWUUIﬂ{LV\IaGU@Q@%QWULL@@%@UWWW’JUﬂu

4. MsannAManYMzanie (Features Extraction)

(%
o

A [9%% A o 1% Av 1o & a 1Y) 9 [ o Y
LN@VLG]SUEIQ'JWZJ‘VWHﬂqiaUﬂ@%aﬂlﬂﬂqLﬂu@@ﬂiﬂLﬁUUiaﬂLLa’J QgLﬂWQmum@uﬂqiaﬂ@@maﬂﬂmg

lane lngaziaIedida Count Vectorizer Wag TF-IDF Vectorizer 910 Scikit learn! Tunisafndaya

L https://scikit-learn.org/stable/modules/generated/sklearn.feature_extraction.text.TfidfVectorizer.html
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5. n1snaulama (Model Construction)

aNInwseudeyannieudmiunsaeulunanisiseuimersedseuTasuwad §ivelavin
n1sasulananisiseus aaeiaseslaeidaanidlaunansil Support Vector Machine (SVM), Logistic

. = vy o & v a s 1 a v
Regression Wag Ada Boost lngnsaeulunanisseuimeinsasillaldmsilinesansusiu (Default)
Tunsimuaafiegeulung sauvsidnismuuaadnaiulszian (Class Weight) Wiievinliluing

Seuiveyalasgvauna

6. nisUszliuUszanSnwvasluma (Model Evaluation)

vYa o

dievinisaeulinanisieuimenIeassuiosud f3delavinimeaeudszdniamiuiea

U

nsiseumesadlagldrrignies (Accuracy) AMmuusiugl (Precision) A1sean (Recall) uazen

a

ANNANAR (F-Measure) LilatUTouiguUseansninsenindlunanisiseusnieniamiidenty log

[

;ﬁf\]alﬁﬂ%ﬁmﬂmﬁayjaaamﬁu Train 70% wieldlun1sas1aluina way Test 30% ialgbunnsg

Naaaulung
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2. nmsuszdiudszAnsmnlunanisifeuialeiasas

wasandRdeldvinnisiiusiusudeyavesldnuilonadulsadumsaidiuau 73 au waz
Adnuilidulsadaiaiidnduiu 1,360 au BeviesldtiduliinnisaisdunanisSouimonies
iieldlunmsviunedldeuilemadulsaduaiwasdldnuilidulsaduad fenseuviunsaiis
Tuwnagldauldvinnsaudoveaiuludviedsd (URD dnasefitay (2.-V@$%) fiauuazmmgasis

ganaNTeAUUsartanINYDNldIY

Weaudeyanlidnduseuiosuds didulduldoyaseniuaesdiuliun Training set 70%
wieldayaludiuilunisasnaluna uaz Test set 30% i oldlunisnaasuuszdnsainluina

waantwinsainfuanvazan1eae3sn1s Count Vectorizer uag TF-IDF Vectorizer ety
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Ya o

Tayatunisasulumanisiseuiaieeies 3ntudIdelavinsaiisleanisseuinienieday

Y

w@onlddanaiiu (Algorithm) Support Vector Machine (SVM), Logistic Regression way AdaBoost

v

FalanaansmaUseiulssansnnlunansiteuiiieinsenall

lnan1siseuinleiATaIndeunlenIsannAManyaz Uy Count Vectorizer Uag danas3iiu

=

SVM lamaugneaas (Accuracy) 61% waglamiainuuaug1aananil 95% A1sedn 61% wazA1AIy
829987 72% fauanslunnsned 1 lngluna SYM 404 Scikit learn a1u1safinuaAInisdimesiite
fupaNuaunavestayals §ITeduihmsusuAmsiwes class weight="balanced' ilasandeyad

Tlunsasrsluaiimnulilauna (Imbalanced data) daunisnfiwesaus liladusunisen

Class Precision Recall Fl-score
Non-depression 0.99 0.59 0.74
Depression 0.09 0.89 0.16
Weighted average 0.95 0.61 0.72

#1399 1 sanIsyiIegltanigeasaueaulaindlemaiiulsaduas daeluna SYM ussariadeya

92835 Count Vectorizer

M13199 2 wanaUseangnmlunanisiseusnigaTesiaaunlensaiatayaniels Count
Vectorizer wazdanaifiyl Logistic Regression @lar1Augnaas 93% uazA1Auusiug Asedn
agAIANNANRaN 93% winiu Ine3TeduimausuAmnsiwes class_weight="balanced' \iialv

Tuwavhanulaaugaiudeyauiniu drunsdwesdus Tduuuansudu (Defaults)
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Class Precision Recall Fl-score
Non-depression 0.96 0.96 0.96
Depression 0.15 0.17 0.16
Weighted average 0.93 0.93 0.93

151991 2 Wan19viuIeElTeaednueaulaiidleniaiiulsadues dagluma Logistic Regression

uazannveyaniegds Count Vectorizer

HaUspluUsEaninmnsaislinanisiseusewnIeInle AdaBoost wazainteyasniels
Count Vectorizer lafA1AMUQNABY 97% ANAINNWIUET 97% A5EAN 97% warAIANEnaT

97% fananslumn3199 3 lanmunAl n_estimators=300 @uAaue loa1sudy

Class Precision Recall Fl-score
Non-depression 0.98 0.99 0.98
Depression 0.62 0.56 0.59
Weighted average 0.97 0.97 0.97

M759971 3 Wan IiIeglTededinueoulaunidlonistulsaduas dagluma AdaBoost

Classifier msﬁn”m?’a%/aﬁw?? Count Vectorizer

msasdananisvihnenagldaudednuesulaundloniadulseduiesidiedsnis TF-IDF
Vectorizer uaz SVM Midsgdnsamlunisviunenasnieninugniod 92% ArAnuwlugn 93% A1
SYAN 92% WArAIAIIUANAAT 93% AINAA NS LUA15197 4 lagyn1sUTUAINISITnes

class weight="balanced' wazA1du loAsusu
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Class Precision Recall Fl-score
Non-depression 0.97 0.95 0.96
Depression 0.17 0.22 0.19
Weighted average 0.93 0.92 0.93

#1999 4 sanIsiuggladedsaueaulaiidlemadulsaduas maeluna SYM uasanadeaya

#2835 TF-IDF Vectorizer

= % = 5% cs' a o o = I
M1397 5 uanawanisasslimanisiseuimigiasesieldlunisiuegldnuilonadulse
Fuieswazldnunldidulsaduesiie3gnis Logistic Regression uaranndoyasie3s TF-IDF
Vectorizer loiAAImNkIug1geani 95% warlar1nugnaesil 87% lagvinn1susuAmisidivmes

class_weight="balanced' wazA1due) loASusU

Class Precision Recall Fl-score
Non-depression 0.98 0.88 0.93
Depression 0.19 0.67 0.30
Weighted average 0.95 0.87 0.90

m151991 5 Wamviegliededinueoulaiiidlenistlsadues dagluna Logistic Regression

Amsﬂn"’m’)’ayaﬁ?y%’ TF-IDF Vectorizer

va

AIdglavinsussdiudssaninisiuenalumanisnisaeuluinasie AdaBoost Classifier
wazanntouaneds TF-IDF Vectorizer lafaugneiasil 97% saufiafiainuaiugn msedn waza
ANNENART 97% Winiu Asmaanslunisen 6 lnalanvuaan n_estimators=300 d@ur1due) 19en

SUAU

Class Precision Recall F1-score
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Non-depression 0.98 0.99 0.98

Depression 0.62 0.56 0.59

Weighted average 0.97 0.97 0.97

#1599 6 KanIsYuIeElTe e Aueeulaudlomalulsaduas daelune AdaBoost

Classifier Amsﬁn‘”@ﬁayaé’w?ﬁ TF-IDF Vectorizer

A

wanandIdelavinisusaidudseanganluea nisvineldanudedinuseulanilonia
< =2 Y o % Y vaw VYo P Y o= o a a Ao Y
Julsafuainseuiosuds fiduldinnisifendanesiiuvedunaniuszdnsamnangaainnisadin
AANBAENYIINTTAUINAT Receiver operating characteristic curves (ROC) @alaaaiignasusieg
9ana3#iu AdaBoost Classifier warn1sanatayan1835 Count Vectorizer leirin ROC 11y 97%
daunisadilumanisyiune tdaudedsauesulainileontadulsaduaiiaaeis AdaBoost
Classifier Wagn1sanindeyanieds TF-IDF Vectorizer anansalvinagns ROC gafianinfiu 96% fagy

1 6 waz3uN 7 auadu
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0.0 4 — AdaBoostClassifier (AUC = 0.97)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (Positive label: 1)

3‘7]77 6 wan1sUsesiiilannan sviuIeanie Receiver operating characteristic curves 210ls9a

AdaBoost Classifier Aéﬁmﬁ”@‘ﬁayaé’ay?}? Count Vectorizer
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0.0 4 = AdaBoostClassifier (AUC = 0.96)
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False Positive Rate [Positive label: 1)
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a = o A d' ! ! 14 Ls ! 14 J A =
dnuilatadenuraulanauisaldlunmsuiangudldnuseuladseninldnunguiidlonia
Julsefueiuazdldnunlidulsaduai fo n15ldd131 “Hope” anguit 9 dldeunlaiidulse

Fua19eiin1sldaudin “Hope” desnigldaudnnaumnils 8931n0wide [21] seyingniinie

Faedflmnuduiusiuanunidudin Jeildwdrdgyfvilinianilenadulsaduasldm “Hope”

v Y

wnn g ldaumly
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dodanusaulatiunnfiantuyieiat 19.00 w. drulutisiamvauiieshuaudaimi 05.00 u. gldanuns

aosnguazinslinudedinuseulauiesign Fonnneaiuauie [22]

Fuilunisinateanuuulsiadldnusenirldnunilenadulsaduaduwaggldauily
[ ¢ Y & A v o= oA 1 o & | v ovy =
ulse@uasndudnladenidenanunsaldlunmsudengléauiiasinguesnaindule JUa 11 wang
Tiviwidldnunduiuadduulduiissldnudednuesuladlugisiungaians a9 nduinnin
ALl Sderunuiidenndasiuiunuide [23] Tudisiuansorinddldnunilonaduiues
fwwilduasnanuildeny vilgenunguitldeanlunudegau (Social isolation) waldiaanegiudtes

wanldanlumsidudedinusaulatiuinningldawnily [24]
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Twitter Developers

ic APl access stopped working

Hello,

| was using academic API for my project, “Modeling Social Learning as Epidemics Using Twitter Data".
It has stopped working and now | have limited access of version 1.1.

| know you made Twitter AP| commercial but does that also apply to academic API access. My research
is severely affected because of this. Please advise.

Regards,
Shivi Kalra
reph
. 10 501 " 7 6 1 v
el P
According to this link: Twitter API for Academic Research | Products | Twitter Developer Platform 46 we

will be able to get access again. However, | cannot find the link for applying.

2 Replies

JUT 12 N3eyuanin1snarnenganunsdiedayanin Twitter’

2 https://twittercommunity.com/t/academic-api-access-stopped-working/197861/7
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— Hispona1 23d
Hispona\

For now, the only API accesses that are available are the new paid plans. Academic research accesses
and other previous plans have been deprecated. They say that they “are looking for new ways for
serving this community” of researchers, but they haven't placed an alternative for now. Even if academic
research access webpages are still there, they placed several announcements about this:

Academic h

Preparing for the
application

Learn everything there is to know about applying for Academic
Research access =

/

Introduction

U1 13 $199umsivaguuasuleuiy

=

av & v v < v av o Y a
NITeBulilumsuenyszandldeulagldanuiinvesinidedeiaagyilininanuey
Beuwwesoyald (Data biases) Hiignszurduussinngldaunilonadunsidudiuniwes{iivae

& = v ad Y G4 ¥ = v ¢ 1 1 & v I !
Julsafuaingnszylagisnissnwlagunmd wazkldnudssdnusauladdiulnydudoglungy

Y Y

v 1

giunazvauldmalulaglunisfinsedoanssindanisiansersualanuiandiunidlanasulad &

p1vzildnuyaTuandiuEtheduasnguaula [25]

3. @3Uunan1siY

(% (%
a = o ¥

AT uiihiauenisaislunanistoudmeinseaelflunsviuned Adlenadulsa
Fumirandeyadedsrusoulailnsamzdeyanidulssinndenrmaudings dsnszurumsaing
lunausgneunign1siiusiusndeya n13seylssnndl9au mawieudeya n1sannnuanve
foya mawannlunanisiFeudmeeies wazmsuseliudszavsamlunansisouimeiaies 35910

=

NaN1TIATIZRveIUITeTulinandliiiuvindeyandldnudediauseuladadaluunlasanizde
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