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ABSTRACT

Insomnia is a chronic disease in modern society, with the number of new patients increasing by more than 20% in the
last 5 years. Insomnia is a serious disease that requires diagnosis and treatment because the individual and social problems
that occur when there is a lack of sleep are serious and the triggers of insomnia are complex. This study collected 5,699
data from ‘insomnia’, a community on Reddit, a social media that freely expresses opinions. Based on the International
Classification of Sleep Disorders ICSD-3 standard and the guidelines with the help of experts, the insomnia corpus was
constructed by tagging them as insomnia tendency documents and non-insomnia tendency documents. Five deep learning
language models (BERT, RoBERTa, ALBERT, ELECTRA, XLNet) were trained using the constructed insomnia corpus as
training data. As a result of performance evaluation, RoBERTa showed the highest performance with an accuracy of 81.33%.
In order to in-depth analysis of insomnia social data, topic modeling was performed using the newly emerged BERTopic
method by supplementing the weaknesses of LDA, which is widely used in the past. As a result of the analysis, 8 subject
groups (Negative emotions’, ‘Advice and help and gratitude, Tnsomnia-related diseases, ‘Sleeping pills’, Exercise and eating
habits’, Physical characteristics, ‘Activity characteristics, Environmental characteristics) could be confirmed. Users expressed
negative emotions and sought help and advice from the Reddit insomnia community. In addition, they mentioned diseases
related to insomnia, shared discourse on the use of sleeping pills, and expressed interest in exercise and eating habits.
As insomnia-related characteristics, we found physical characteristics such as breathing, pregnancy, and heart, active
characteristics such as zombies, hypnic jerk, and groggy, and environmental characteristics such as sunlight, blankets,
temperature, and naps.
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4 3 178 0.6% seroquel prescribed dose mg
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9 8 91 0.3% quarantine schedule quarantined started
10 9 86 0.3% hygiene sleep good tried
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HE ZF (42,55,56,39,40)

=9 =20} 24} (50,38,53,37,47,7,57)

=SHE 2 TH (31,16,49,2,12)

=& ME58(10,14,23)

=M (29,3,17,36,18,6,5,45) |

MM EX! (43,46,52,24,20,48,9,4,13)

EL=X EX (32,30,44,54,28,34,22,26)

=HEH EF (1,19,11,21,8,15,25,35,41,27,33)

(32l 3) BERTopic AlEH SHAHZY ZIM(E3 W A= FH HF)
(H 4 B3 4y E Holet tix 2%
TF TF TF
= = 1= 1= ok
EHTZ‘H Tzﬂ \_.011 _IDF \_.012 _IDF \_.013 _IDF
42 strange 0.76 weird 0.61 weirdo 0.20
55 hey 1.10 guys 0.74 folkskind 0.29
56 yetand 2.10 moment 0.96 thats 0.62
39 sucks 2.25 fucking 0.22 blows 0.20
- 40 hate 2.19 fucking 0.17 ugh 0.16
e FAE UE B3
0o 12 “Its the strangest thing.”
55 “Hey folks.Kind of an odd one here.”
56 “Never in my life.”
39 “ Absolutely sucks”
40 “I hate this!”
U ogAEe] 22 Bl B BUE ) B9 o) Uer otk ol 54 o
BAA 748 717k glo] BEEky glon ) A= reddit®] insomnia AFHEE F3l
408 AR NS $AA AYOR 45 WEI BAH Rgol 2AL TT U
% 4 9 % 4 9k
FHA FAE 2, =25 AU Tl A FAE EHS Y ddE Aol
e A9 BRE Aol dE Bolsh Yl (E 6)2 Fa 12 982 AT 5 9)
E T (R 5% At 2 Agtou, ofo] gE 3% doE T8l 7 = (epileptic
Hol 3 =f, 29& 7eks et w3 3 seizure), F=78 "ol (bipolar disorder), 1%




BERTopice €438 245 24 vy 3 249 3 295 4F £8 Hod Asiw 2d 75 121
(HE b ‘=2, =30 Cst ZAF tHE Ho{ g =28
geA |54 | well o Tol2 o w3 o
50 ideas 2.07 suggestions 1.66 idk 0.24
38 help 131 btw 0.19 thank 0.14
7777777 53 advice 1.59 advices 0.81 redditors 0.38
37 advance 1.85 thanks 0.80 thank 0.58
47 friends 1.80 thanks 1.63 0.00
7 thanks 1.63 thank 1.24 cheers 0.14
o 57 hey 2.06 thanks 0.81 symphathize 0.70
iﬂ;ﬂfﬁ* FAE OE 27
50 “Any suggestions?”
38 “Someone please please help me.”
53 “Any advice?”
37 “Thanks in advance”
47 “Thanks for hearing me out, I appreciate any responses.”
7 “Thank you!”
57 “Hey all, I symphathize with all of you”
(E 6) EHZE & 2% oE Hto{ef thE 28
WA | FA oll op wol2 e | B o
31 seizure 0.26 seizures 0.13 focal 0.09
16 bipolar 0.27 manic 0.14 mania 0.10
49 adhd 0.68 aspergers 0.16 autism 0.16
2 meditation 0.12 tried 0.04 exercise 0.03
. 12 hallucinations 0.26 hallucinating 0.09 auditory 0.08
%%" FAYE g8 B
A 31 “A week alter walking the dogs I get an aura for an epileptic seizure”
16 “One of the practitioners asked me if I had ever heard of bipolar disorder”
49 “With ADHD, I have access to some, but I feel modafinil would be more applicable”
2 “But you have to make sure you are susceptible to hypnosis”
1 “They were mostly visual but had a few later that were auditory. What do I do now?
I can't cope with insomnia and hallucinations!”

A9 F9Ys=A4(ADHD), o}Aw 7 Z53 ek g AW WEeE F3E

(aspergers), AFi1=(autism), 2H hallucination), UA) FAle EWTy ddE Aol
2 (auditory) 59 W&ol XgE AL & (¥ 7)& 3| seroquel, benzos, amitriptyline,
AU Solgt Ho = A (meditation) ©] ©] F trazodone, temazepam 5¢] SHA|7} -Zri T
A= 7 AT ol B $hto] H] Zska ¥ e (vitamin) 22 BEAE &
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CE 7) 'FHAH tHE ol tHE 2%
YA |54 Bl o Bol2 o w3 o
29 migraines 0.35 migraine 0.29 september 0.06
3 seroquel 0.24 prescribed 0.02 dose 0.02
17 benzos 0.32 benzo 0.14 addicted 0.03
36 amitriptyline 0.46 pain 0.06 prescribed 0.06
18 supplements 0.19 vitamin 0.15 supplement 0.10
6 mg 0.18 5mg 0.06 dose 0.05
5 trazodone 0.23 trazadone 0.13 prescribed 0.04
45 temazepam 0.35 gave 0.05 15mg 0.04
FAE oE 23
FHA|
29 “I now get migraines and I return to school in 2 weeks and I'm afraid”
3 “Wish I was less worried about my weight so I could try seroquel.”
17 “I have yet to try a Benzo, but have obvious reservations.PleAse help”
36 “Last night I began the Amitriptyline and got about 3 hours of sleep”
18 “You doctor shop and try supplements and they might work for a little while”
6 “He increased it to 2 mg”
5 “Been on trazodone for years, unfortunately”
55 “Right now I take temazepam,' but it’s starting to feel like my body is just adjusting to it
and it's less effective than it used to be”
e AL ¢+ U HOHOR URE o (E8)E 54 258 54 BUIL AN
(migraine) ©] F74sh=H] o] F7de] Yepd o stele SRS BHSo] AFdel 93 PIA
FTHAE A &3t JofA A 7 A = WEsol X3HY dZ & F Aok
o 2w} AAIA FAE A 54 B gl
KA FAE 5, Asd 3 Jéol o} (E 98 AHEH FA| 437 46 A
(H 8) 25 ¥ AT HE Holet tiE 25
gaA | FA | vl op woly op wol3 op
10 exercise 0.18 miles 0.06 weights 0.05
14 eat 0.11 hungry 0.09 eating 0.09
23 weight 0.18 pounds 0.12 lost 0.11
o= m _ FAE U 3
Nz 10 1 do daily exercise classes.”
u “I'm getting fatter and fatter because my sleep is terrible so I crave junk food but then
when I try to eat healthy my sleep is even worse at night etc.”
93 “I had no idea what I was doing at the time but I started with eating 1200 calories and
exercising like crazy, the weight dropped like crazy and I thought this was normal.”
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(2 9 MUHH S U=E tolef the =8

TF TF TF
= = =3 =3 =3
EHTZ‘H 'I"X'ﬂ \_0'11 ‘IDF \_0'12 ‘IDF \_0'13 _IDF
43 unisom 0.48 otc 0.07 pregnancy 0.06
46 hormonal 0.18 menopause 0.15 hormones 0.14
52 snores 0.45 snoring 0.17 roommate 0.11
24 breathing 0.24 breath 0.24 shortness 0.13
20 apnea 0.27 study 0.05 snore 0.04
48 nose 0.39 nasal 0.17 plastic 0.13
9 hygiene 0.21 sleep 0.03 good 0.03
4 heart 0.25 rate 0.12 palpitations 0.08
13 music 0.13 listen 0.09 podcasts 0.09
NEES FAY UE %
£4 43 “I managed it by taking Unisom, which is safe to take during pregnancy”
16 “T kept telling doctors that I thought the problem might be hormonal but kept getting shooed
off.”
52 “He also snored, which is something I can never sleep through”
24 “you notice how unusually shallow your breaths are”
20 “I've had a sleep apnea test and I've had bloodwork done”
48 “just makes my nose stuffy!”
9 “T've also done sleep hygiene and everything according to the rules”
4 “There are several things that I have noticed speed up my heart rate”
13 “I listened to sleep music for an hour, still up.”
A FHAA(OTC) & A7) 222 ZAE 549 A7k & 53k wink &F A 289 &
A=t Stk A1 52, 24, 20, 482 2F5AIE H 73" (hypnic jerk) ©] WERdTh vk A
HHOZ FFo|, 7 F5F HH U do] X 309] lockdown A1) #HHE 5E81aL e
g=lo] ek A4 9= 5 S FHE Y] Eﬂ o]+ lockdown Z}iﬂﬂ AR g o
g1 Sigolek= gl AAH 543} A7 9olA] o] TEOT Rl HOE FEHT
w7] w2l A {9 Ao E Ktk FA 4 UP‘W}Z]E A 444 ”01 remeron < -2
© Aoy AAIER HE dojE Hot A2 2ro|= oFE o]gelt] o] ‘stopped ¢}
443 B8 Zo% Balr T4 139 2o owA 254 540 158E 40w Bl
A FA7F o] gl &3HA HA=H Tisten’ o} A 229] SFI(Sporadic Fatal Insomnia)
olgl= o7l AN A EAo T AdE Ao 9} FFI(Fatal Familial Insomnia) & 44 &
FSHEth NS Lol Tolld] scared9F FolHA] ©]
AT WA FAE 254 547 Bedol 1 Leel EE o wan
ol (3 10yel] B =4 32, 345 F3) &1} oAH WA FAl= B EJCoR Helh
J27] s Jeilie W&ol Holal FA) (G 1ol Yepd doje} #3845 AvEA F
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(HE 10y ‘&3 S&' & thofet thE =&
gFA | 3 il op ol op dol3 oF
32 zombie 0.43 mode 0.05 like 0.05
30 lockdown 0.36 lock 0.08 uk 0.05
44 remeron 0.53 stopped 0.07 sleepint 0.05
54 wink 0.69 didnt 0.20 night 0.09
28 hypnic 0.42 jerks 0.33 jerk 0.31
34 groggy 0.52 little 0.06 grogginess 0.06
22 sfi 0.38 ffi 0.07 scared 0.05
26 vent 0.53 venting 0.22 needed 0.14
53 FAdE dE 3
57 32 “I'm afraid I will take them not sleep and be a zombie”
30 “My states super locked down and I don't have a PC anyway but I can't do this sleepless night shit
anymore.
44 “Usually I just take Remeron, but lately that hasn’t been working”
54 “I couldn’t sleep a wink and it was definitely related to anxiety”
28 “I know, hypnic jerk”
34 “4 hours at most and [ have a good day more then 4 and I'm groggy and can't function”
22 “I say this cuz I hear stories about sfi in other parts of the world”
26 “Just a little venting”
CE 1D 288 E3' hE Hho{<t tHE &%
gEA | A woll e Tl e wol3 s
1 dreams 0.12 dream 0.10 nightmares 0.10
19 alarm 0.33 alarms 0.14 set 0.11
11 nap 0.24 naps 0.24 napping 0.05
21 pee 0.29 bladder 0.10 urinate 0.08
8 quarantine 0.29 schedule 0.05 quarantined 0.04
15 covid 0.16 pandemic 0.13 virus 0.09
25 sun 0.40 comes 0.09 rise 0.08
35 blanket 0.35 weighted 0.29 blankets 0.17
41 room 0.23 degrees 0.14 temp 0.13
27 driving 0.20 wheel 0.11 drive 0.11
33 toss 0.39 turn 0.28 tossing 0.26
#7434 FAYE gE 3
=7 1 “These are extremely vivid and completely lucid”
19 “T also don't get out of bed right away when the alarm rings”
11 “Naps don't seem to work and I'm fed up”
21 “Also my bladder wakes me up a lot, so that's fun too”
8 “So the past few weeks I've been trying to fix my sleep schedule because it went a little haywire when
quarantine began”
15 “Like so many others, this whole pandemic thing has me spiraling”
25 “T really, really want to be awake when the sun rises”
35 “"Add a blanket for weight”
41 “The temperature in my room is 65F (said to be the perfect temperature for sleeping)”
27 “T fell asleep 10+ times while driving”
33 “I see people here saying they toss and turn but I don't have that problem”




BERTopics &4 £95 44 dojH EF Y

Al 1,19, 11, 21, 27, 332 &3 ##so] &

(dream), ¥€H(alarm), % (nap), 29 (pee),

$UZ 4% 29 WYY AFEF 2Y 7F

125

NSP loss& A #3F3. Dynamic Masking=
Agsfe] Adso] o =kl Aoz sRidnt Bt

FAH A (toss), S (drive) o W&ol 3 W, ALBERT+ A8, A9k, AdE, F1 &
Uehhes A0 ERIATE 4 83 15% = oA B 7P @ Aee @itk ol
uheh s o] A7hA el (quarantine), A =, BERTHD 2d9] 7|5 93 tiekst b
(pandemic), BlolEi(virus) 59 ©ol7t VRt Oo[EI7} APAEHEA] 37] Wil E BRIt
o} A 25, 35, 41+ ¥ (sun), HE(blanket), °]5 %3] %% RoBERTa 49 o]% U¥
o] 2% (room degree) 5 FHY HHE T 9 EUS ATE Ndeke O 2 EHT B
W 734 8AEo] YERAL Sl H Tds TRk A BEHT AR A7
AN AR 7FsE Ao ® dvhETh
42 E2id 2F 24
EWT A £ 03E 2 ERE T 5 4 &
3 75 TSR E AR dEd s
T RYS 75 9 vt s A (& 2 AT do ARlel] wkdal e AXd
12)9} 72tk RoBERTa9} XLNet= A% EAT ASAA FAE wetetal g A
081302 ofgl dojrdrt}; $-43 A5 T B 752 78 A 22 e 9 A
Hol&= Z1e 2 ZRIHUTE o|F RoBERTax 5o B85 F7] f3l &= o)& Sl
AUE, APE, Fl ApddA 27 7P =2 AHEA ds 34 de 24 P
35S Btk RoBERTa7F BERT9F XLNet telEE Fyst B RdEgo 2 7&
2o} o Holurhs =#(Liu et al, 2019)°l <l BERTopics AH-3te] 415 FA1E atotst
2™, o= RoBERTa Edo| 7|23 o2 Aok Eeh #7E volHE ICSD-3 7IE#
-§-2(160GB) ] o] 2k BOOKCORPUS, Aw7H] Eis vige R Bus 738 wdd
English WIKIPEDIA, OpenWebText %< H|AE Fdo 2 F/sle gspHlolHE e
Tt tolH=E shad A3l Zo=w g1l AL 571¢] Hed AARDE B SFAIR]
Hr}, ®3k BERTOA NSPE A AT ZA T zhzpel Bdl Aes HlaL BAEIT
(E 12 Held XAsE2F 22 4= Hln
Model A3 AL A& & Fl A
BERT 0.810 0.784 0.801 0.792
RoBERTa 0.813 0.809 0.811 0.810
ELECTRA 0.806 0.768 0.792 0.780
ALBERT 0.795 0.771 0.766 0.768
XLNet 0.813 0.799 0.805 0.802
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