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DMDA = DSM-5-TR CtE &2 TITH 2 2|F (DSM-5-TR Multi-Source
Diagnostic Algorithm)

DMDA — 4-Tier Progressive Ct& &2 X
TR T A LH
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‘GPS-screen-on A|Zh), 19%'d & & | THgEEG), & H

&l 571 (evidence)E 187l DSM-5-TR R EHO]| CHSE 2 & (likelihood) 2 &5t
1, HO|X|¢t CtE B=& &% (Bayesian Multi-Module Fusion)2 Soll AtZ =t
= (posterior probability)S 4=5t0, 0|8 7t&¢ HIO|E 420 5=0f W2} 4-
Tier Progressive 22| = (Tier 1: @28 — 60-75%, Tier 2: + qEEG — 75-88%,
Tier 3: + HRV/E=/2d — 88-95%, Tier 4: + ERP/S L — 95-98%)= Thx

S7ots tH =8S 480t dRE 7ol g JALEO| 23k AOo[L.,
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e DSM-5-TR Diagnostics: 0| =78 412[<l2|(APA) TIEF Of 7 & 58 HIAE JiH

e Bayesian Inference: ® =-AHH-At= 2HE A4 Ot

o Digital Phenotyping: 20IEZ =5 MA| 7|dt of
Torous et al. 2018)

e QEEG / ERP: EZZ|I}b + ArARHEAT Q| 4k TIEF E& (Kropotov 2009,
Thatcher 2012)

e HRV: X124 A X|H, RDoC AHAX "7} (Thayer & Lane 2007)

e RDoC Framework: NIMH Research Domain Criteria CHAFE HAMZAZ HIL (Insel

2014)

03 HiE 7|=

o FEE Xp7|1R 1 O|FH: PHQ-9, GAD-7, ADHD-RS 2| HE=
10| ol=otet. Ate| N 7o He, ZHA|E|D|of, 7tEH S S0| TES 2=t

— [ -y
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Ct.
o THA HJOJE| A A: ZH A HIO| 2O (qEEG, HRV, ERP)= = HIto| X1, X}
7209 EBL|X| Q=L OHE HEE AT} 2 2H0| o =8 THAtst= HIE—’.._‘—

sf 2Hg.
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2o 2 AAO|AM ADHD, 225, =222 o| XItk UX|E (inter-rater

=230 &
reliability)= k = 0.40-0.60 =&0 {211 A2 (Lieblich et al. 2015), O|= 2|<t2|
CHE =200l HIS X3S =Lt

Of

3.2 C|X|E #9 A (Digital Phenotyping)2| %



2016 Thomas Insel(F NIMH 2Zh0| “digital phenotyping” 7{ &g | Qtat 0|&
AOFEEO| 4= M M(passive sensors)?t S5 O 0| E{(active data: EFO|Z-24)7} M
MUY JEjel X X722 &8 7ts=20| LS EIRULH (Insel 2017; Torous et
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SHCF
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05 WUH Qof

1. M1: 82 BF (90 &5)

2. M2: Efo|E AE FE7|
3.M3: £ 8 HM 247

4. M4: qEEG HIO| 207 F&7|
5. M5: HRV £47|

6. M6: €= & T FE7|
7.M7: 88 28 47|

8. M8: ERP M& F&7|
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9. BMF: H|O|X|Qt C}F =

5.2 & XHEH (Inventive Step)
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4-Tier Progressive 12| &: H[O|E =7t Al THE F7F 60-75-88—95%

e 18 DSM-5-TR ZICt SA| A2 2HE: ZtE TGt S&= TITHO| S A0 A= E
o Tier YAZO|E XI& HIL: "qEEG =71 Al ME[E +13%p &5" &2 & #H1

94% Xl ™H&te HAZ: Boston Neuromind A+ H|O|E{ Al 7| &k
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Source

HiolE |
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F qit

x9 £%

S1: Survey

S2: Typing

S3: Phone

Passive

S4: qEEG

S$5: HRV

S6: Face

S7: Voice

S8: ERP

O|AF (90 &
=)

AAE

AAE

19X EEG

e AAIE

X7\ 23 0-4

6.2 18 DSM-5-TR Xlct SgjA

=3 D =(d_1,d2 ., d_18}, Z d_i= Ct=3 187 ZIEt

e d1: ADHD — Inattentive

e d2: ADHD — Hyperactive/Impulsive

e d3: ADHD — Combined

PHQ-9, GAD-7, ASRS, PCL-
5 5%

>

E gy 258 83
L

=

rc |

7t =, GPS, screen-on,
St I H

TBR, FAA, PAP. COH, PAF

RMSSD, SDNN, LF/HF,
pNN50

17 i AU

s

4 E (FACS)

FO, jitter, shimmer, energy,
prosody

P300, N200, MMN, ERN

% SfLf:

e d4: Major Depressive Disorder

e d5: Persistent Depressive Disorder

e d6: Generalized Anxiety Disorder



e d7: Panic Disorder e d13: Cyclothymic Disorder

e d8: Social Anxiety Disorder e d14: Insomnia Disorder

e d9: PTSD e d15: Substance Use Disorder

e d10: OCD e d16: Autism Spectrum Disorder
e d11: Bipolar | o d17: S5 ZOH

e d12: Bipolar || e d18: TICHO[SHT (4

6.3 H|O|X|2t C}F 2 & 8% (Bayesian Multi-Module Fusion)

_

2} 28 mO| ZEhd_iof Lol t=dt= @& Lm(d.i | data_m)E Z&otLt:

=4 1: HO|X|Q AtF 2HE

P(d_i | D_1, D_2, ..., D k) o P(d_i) - T_{m=1}"{k} L_m(d_i |
data_m)~(w_m) where: P(d_i) = prior probability for diagnosis d_i
(from epidemiology or population base rates) L m(...) = likelihood
from module m (m € {1..8}) w_m = module reliability weight (validated
on Boston Neuromind dataset) k = number of available modules (varies
by Tier) normalize: P(d_i | data) = numerator / X_j numerator_j for i

=1..18

6.4 4-Tier Progressive ME| & &

A A3¢g]
Tier 1 — Remote S1 +S2 +S3 60-75% 15-30& g
o
AY =,
Tier 2 — Clinical + S4 (QEEG) 75-88% + 152 s
T. 3 — x E g!l
er + S5, 56, S7 88-95%  + 20% £

Comprehensive =



i + S8 + + 30& + FDA 510(k),
Tier 4 — Research o 95-98% — e
longitudinal St Egul

A 2: 5tz 37} He

1

H(D | Tier _n+1) < H(D | Tier_n) where: H(D | Tier_n) = Shannon entropy
of diagnostic distribution at Tier n &, Tier/t &% Mj XIE 2EO| =
MG (UEZLDH)2 23 JIISHA| %=Lt This means uncertainty (entropy)
of the diagnostic distribution never increases as Tier rises.

Confidence(Tier_n) = 1 - H(D|Tier_n) / H_max, where H_max = log 2(18)

Of ttxd HE0| & HHO| dHplo|ct — A&7H0|A "HOIHE O g5 2t
ME|=7F A3 BOX|X| Eet's 98 285 MSet
6.6 Tier 10| = FH7| (TUR)
AKX TierO| M ChZ Tier2 H0|= Al Ofl&f M2 &HE5S AFE LHE0H0
ProjectedGain(Tier_n -» Tier_n+l) = E[Confidence(Tier_n+l1)] -

Confidence(Tier_n) » "Adding qEEG (Tier 2) is projected to raise
confidence from 68% to 81% (+13pp). Recommended."



5. %F EM - ZIEh + ME|Z + §O|8 228 7|0 Z(transparency)

07 = M

8 Data Sources — Bayesian Fusion — 18 DSM-5-TR Diagnoses

S1 Survey S2 Typing S3 Phone S4 qEEG S5 HRV S6 Face S7 Voice S8 ERP
90 items behavior passive 19-ch RMSSD 17 AUs prosody P300/N200

Bayesian Multi-Module Fusion (BMF)
P(d_i | data) o P(d_i) - 1 LLm(d_i | data_m)~w_m

module reliability weights - normalized over 18 diagnoses

Output: 18 DSM-5-TR Diagnoses (posterior probabilities)

{ } [ d4-d5: Depr. ] [ d6-d8: Anxiety ] { d9: PTSD J [ d10: OCD ] [ d11-13: Bipolar ]
{ d14: Insomnia } [ d15: SUD ] [ d16: ASD ] { d17: SLD J [ d18: No Diagnosis (Normal) ]

Progressive Confidence (monotonic guarantee)

d1-d3: ADHD

T1: 60-75% T2: 75-88% T3: 88-95% T4: 95-98%

H(D|Tier_n+1) < H(D|Tier_n) — entropy never increases as Tier rises

= 1. DMDA A2 B FAX| S 5. 87} LJOJE £ — H|O|X|ot OFE 2= 88 — 1874

DSM-5-TR ZIEF 4-TierZ F2[ =7} EFE ST}



Tier Upgrade Recommender (TUR) — Example Workflow

Tier 1 Result

d4 MDD: 68%
d6 GAD: 22%
others: 10%

After qEEG Add

d4 MDD: 81% _>

d6 GAD: 11%
t confidence

TUR Calculation
AConfidence(T1—T2)

= E[H(D|T2)] — H(D|T1)

based on case profile

Why qEEG?

FAA biomarker is
highly informative for
depression vs anxiety

Recommendation
Add qEEG
68% — 81%
+13pp

Decision

Diagnosis: MDD
Confidence: 81%
— Treatment plan

TUR turns "more data is better" into a quantified, evidence-based clinical recommendation

& 2. Tier 2 120|E FHZ|(TUR) Zt& OIAL Tier 10(A 2£2F 68% AE[E — qFEG

ZF A — Tier 20|A1 81% = E

2tXL0| CH$t DSM-5-TR EAl1 IS CHE H0|EH AAZEE MESHE, AR
B 73 ghtHo 2 A
= — X}7|20 A2, EfO|E E O

(a) A2 R H 52| O|2H H|O[H &2
OlF, AOLEE & A HIOIE, 198 2 ZZ x| THEEG), & #O[Z(HRV),

OE*% SA HR[(FAU), 28 28 W A2 ETHRI(ERP) & MO 47 — E =

(b) 4 E1I0IE1 AAO| CHSH H7Ho| BES X310 187f DSM-5-TR Xt 22}
A ZH2Hof| Cfist 2 Z(likelihood)E AtEdHE THA;
: SE| ASE SES HOX|Q OHE 25 ¥ AT ool

T 1
A =ED 258 A2 e bS[0 7ot A= =ES 1871 TT Ses 4
=ot=



N M2Z| = HQ] — Tier 1: 60% 0|4 75% 0|3}, Tier 2: 75% 0|4 88% 0|3,

Tier 3: 88% 0|4 95% 0|5}, Tier 4: 95% O|AF 98% O|SF — = L0 &£8l=

THA,

(e) =71 IO A& St Al O &&= A

7L Al CHS Tier22| Y13 0|E HD
C

7 10 AN, EHA (o2 A= =HE2 Chg Mo 23 MEE= AS
EZXOE st W P(d_i | data) o« P(d_i) - [_{m=1}*k} L_m(d_i |

data_m)~(w_m), B 7| A P(d_i)= &It d_iC =
Ewm2 2 mo MEE 75X, ke B 2=
S 20 cHol dt=bE C

B3 3 (338

BT 10 AN, EHA (d)Q| £ITH ME[E= O|O|H AATF T4 Of T
Z H|Z 7t (monotonic non-increase)= PIESH= At2 2EO| AjH
.|

2l
20| HD)0ll 7|8tstH, & H(D | Tier_n+1) < H(D | Tier_n) 2| =3t& =%

= 2= As EY2=2 o= & E.

7 10] AN, EHA (a)2] 187 DSM-5-TR TEH 22 = ADHD 5
oY, ADHD YA 5/ 5Y, ADHD =&Y, FR22T0l, AIHY2=28
Of, =0l SO, At2lZQHE0l, eFAE AT 0N, BEFO,
I, F=ENTH, =2Hd T, =TT, =ZAETOH, Am~H
EY, S8t & UL O[3iE = 2eddtes As SE2& o=
HiH

o dJ.
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B+ 10 (SETY — OHH)

HFREHO oo 22 I 7 1 LK 8 T 0]= o YO YHS +ASIESR

Stz ™ E M= HILAH dFH &= 7t HE OfA.

= AL
09 M¥ 7|= Hl

¥ 7= HI gy cHA| = ZHate| Xto
PHQ-9 / GAD-7
/ ASRS Chel Xp7[En 48t Hio| 047 O|F 8 OO &~ &
(self-report A2 g e
scales)

Mindstrong / AOEE 5 qEEG/HRV/Z 2/ 8 nE ST +
Ginger.io O Of E{ Tt O|ALE DSM-5-TR &It
EEGuide /

oz my  IRA/EE/SE QEEG + 7 F7t &

gEEGPro qQEEG Tf= =5 n| =2 A g3t
(QEEG software)
Affectiva / HY + MM & DSM-5-TR ZIGH O] Ak 18 DSM-5-TR %!
iMotions ot £ CHAIZ &HE
IBM Watson

Health A R7| & oot Ex1 21, Cf ol Eot + 8
(general clinical NLP =N 2E 8¢
Al)

O| & K A|Z o|glo| ot

RDoC Framework xf._i—' S| ornalE Ts Hy RDoC ._-IEl—l 2t
(NIMH 2014) 4 g7t o2 125 7+



22 (1) 87 O|EH HO|E ~AF HO[X|2 CHE 2
A T AJAEI0|H, (2) 1870 DSM-5-TR FICH
=, 3) HIOIY =7t Al M2|& Thx F7tO| =3t B ZE(H(D|Tier_n+1)
H(D|Tier_n)), (4) Tier Y 12{0|E2| A A1 HIO|2ts 47tX| A S 4
3

2
=Ch O] 22 A 7|=0 EXoHA| e, Filat &

| -
10 A 0|8 715
10.1 M8 A%
o UM XITHHZX. A S|4, MAneu Z2|Y, Me[X|24 — Boston
Neuromind 1X} M &

o C|X|® X|2H| (DTx): FDA 510(k) Class Il 2|27|7| == De Novo DTx A2

o A HMAZ: Tier 1 CHEC 2 947 I} 75 (Talkspace, BetterHelp S)

10.2 Ml 42

FDA 510(k) Class Il 2|2 7|7|292| X7} 7ts5tH, =7+ & Al S &3t
PMA(Premarket Approval) & Tt BEX 52 Y4 AHE 7hs. EUOA= MDR
Class lla 2|27|7|2 &7 7ts.

10.3 BCN+PhD SX M

Board Certified in Neurofeedback

= T80 2= Rk ot HEE VS K
34 |IHE Zedet S HIZO|0, 28 A/ML AKX L 0f7F &2

(BCN) + PhD +
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