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AN anorexia nervosa

ANOVA: analysis of variance

ANCOVA: analysis of covariate

AP: antipsychotics

AUC: area under curve

AUD: alcohol use disorder

BAI: Beck Anxiety Inventory

BHS: Beck hopelessness scale

BIS: Barratt Impulsiveness Scale—11
BMI: body mass index

BN: bulimia nervosa

BP: bipolar disorder

BSS: beck’ s suicide ideation scale

BW: bandwidth

B—H test: Benjamini—Hochberg test
HDRS: Hamilton Depression Rating Scale
C: closed phased

CD: current depression group

CP: closing phase

DHSR: depression with high suicidal risk
DLSR: depression with low suicidal risk
DSM—V: Diagnostic and Statistical Manual of Mental Disorders,
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Fifth Edition

F: female

GAD: generalized anxiety disorder

GNB: Gaussian Nafive Bayes

HC: healthy control

ICD—10: International Classification of Diseases and Related Health
Problems, 10th Edition

IQ: intelligence quotient

J—T: Jonckheere—Terpstra

LR: logistic regression

M: male

MANCOVA: Multivariate analysis of covariance
MDD: major depressive disorder

MDE: major depressive episode

MINI: Mini International Neuropsychiatric Interview
MLP: multi—layer perceptron

m: magnitude

mDE: minor depressive episode

N: number

ND: not depressed

OCD: obsessive—compulsive disorder

OECD: Organisation for Economic Co—operation and Development
OP: opening phase

OZP: olanzapine

PHQ: Patient Health Questionnaire—9 . _
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PTSD: post—traumatic stress disorder
p: pitch

RFL: reason for leaving scale

ROC: receiver operating characteristic
SD: Standard deviation

SE: Standard error

SES: social economic status

Sq: squared

Stdev: standard deviated

SVM: support vector machine

ZCR: zero crossing rate
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Hpglslo] d&=0H(81,82). AF #AlH IA®IA(glottal closure instance,

GCD7F WA Axte 5 o ™S 8 vgd vZoz ALY 1
o GCI¢ m& 9

Ferskst F, v Al 7EA mivieSgE, S AR @A (0P), ¥ @AI(CP) %

23 GA(O) 7 FEH AT
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ANHE S
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 sge o A

J B OAAMR O F2 AEEHE 5%
EA o= '"Librosa"gl+ 29y AHz EA
A7) sl AlEShe Al B 7HA 9 dolE YEeR= A 5A 3

Alzbe] F714E g "SxE gAEY B2 39 AHEY T4,

ol
-

ATt

=214 49 ABF sxole A7 Hdd At ZCR(Zero

S
il

Crossing Rate), =4 HF°o] &&HATH(R5). ZCR 4ol 4wy

At HEdEAE el S4 FE2 drid A5 UdeueAE

vebdth 574 @ste] tig ZCRE Bde AAE - ZCRO] HHHUh v
Zeds Feo® Aoshlth i Axss FET A= ofdiel 2k

y, sr = librosa.load (excerpt)
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pitches, magnitudes = librosa.piptrack (y=y, sr=sr)
D = np.abs (librosa.stft(y)) **2

ss, phase = librosa.magphase (librosa.stft(y))

S1 = librosa.feature.melspectrogram (S=D)

S2

librosa.feature.melspectrogram (y=y,sr=sr,n_mels=128,fmax=8000)

https://librosa.github.io/librosa/feature.html#spectral—features

time = librosa.get_duration(y=y,sr=sr)

cent = librosa.feature.spectral_centroid(y=y,sr=sr)
cent = cent.mean()

band = librosa.feature.spectral_bandwidth(y=y,sr=sr)
band = band.mean()

roll = librosa.feature.spectral_rolloff(y=y,sr=sr)

roll = roll.mean()

rmse = librosa.feature.rms(y=y)

rmse = —np.log(rmse).mean()

onset = librosa.onset.onset_strength (y, sr=sr)

tempo = librosa.beat.tempo (onset, sr=sr)

https://www.mathworks.com/help/signal/ug/formant—estimation—
with—Ipc—-coefficients.html

Ipc = librosa.core.lpc (y,order=16)

17 i’—-! -‘i - 1_'.]i [+],



roots_ = np.roots (Ipc)
reals_ = np.real (roots_)

imags_ = np.imag (roots_)

angle = np.arctan (np.asarray (imags)/np.asarray (reals))

freqs = [(sr/(2*np.pi))*z for z in angle]

bands = [—0.5%(sr/(2*np.pi)) *np.log (np.abs(z)) for z in roots]

# formant features

import matplotlib.pyplot as plt

import librosa.display

plt.figure (figsize= (10, 4))

librosa.display.specshow (librosa.power_to_db (S1,ref=np.max),
y_axis='mel', fmax=8000, x_axis='time")

plt.colorbar (format='%+2.0f dB")

plt.title 'Mel spectrogram')

plt.tight_layout ()

# Glottal features

sys.path.append ('DisVoice/phonation')

from glottal_feature import GF_extract

def get_glottal (excerpt):

cycle, glottal_flow, glottal_flow_d=GF_extract

res = [z.mean() for z in np.transpose (cycle)]

18 ] 2



# Pitch, Magnitude, Voice portion features

def get_pitmag(y,sr,zero_cross):

pitches, magnitudes = librosa.piptrack (y=y, sr=sr)
pitches = np.transpose (pitches)

magnitudes = np.transpose (magnitudes)

pit_seq = pip_to_pitch(pitches)

mag_seq = pip_to_pitch (magnitudes)

delay_p, mag_index, real_z = find_delay (zero_cross)
mean_z = np.average (real_z)

mean_p, error_p, change_p = effective_analysis (pit_seq, mag_index)

mean_m, error_m, change_m = effective_analysis (mag_seq,
mag_index)
return [mean_p, error_p, change_p, mean_m, error_m, change_m,

mean_z, delay_p]

o1
of
X
I
1%
o2
rE

ATEATH BA4% Q4d 54 F PFY W5T dols Aol AF

A7 (Pearson's chi—squared test) S ©]g3lo] Hlmw ®BASF O A%

AR vy A AA (Fisher s exact test)S o]&3dto] S35t}
ALy WEo A9 Holelrt AFEIE wEslH] 49| o] v RS
el 37 A7 galA AA (Kruskal-Wallis test) & AFg38lo] A 18&
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Hlpgdlom AtE Aoz wl— 3 ELY U A4 (Mann—Whitney U test) S
AFESEE T TS 2 Ao ME HAaEe kst EHES FE5Y ts

MEE Sy WiEel, A 1E 9RE WAss] skl Wy

L
FOI'
2
=z
[«

A4 (Benjamini—Hochberg test)S ©o|&3td A% HAS 3 ¥ ¢

JEAE 3TOR BRE AW, & 2o ABAF 3030 WA i ol
A7) wEel AFAE AR FRSA Goh AR S49 542

Egel] £4E Hark ok wEbd 2 ATelM s &
oM dim=el Arigte]l 2 ofstolAd, HE Auigke]l 7 olskd
F At Bdva Pl wkek g 28 Edehe A 2
HES ota, vt -28u A2 Afede AuAYE s AAE
BAsHAT(82). A JF WeES Aol wSehA dvete W

A ksk=dl, 9 AR Hess WEskA HJW FeE T BUkske

N
N
o

43 pagoA BAH 9% BT wskets) mEeld,

=]

TAHEA (analysis of variance, ANOVA)E &3l Al & W wskad 1,

T

Al el Zpol7b Sl 9, BMI 9 7lEF k& AREel i)

ok
>

FEAFEA (analysis  of  covariance, ANCOVA)E o] &3ty pit
B3tk Windows€ IBM SPSS  Statistics % 25.0(SPSS  Inc.,
Chicago, IL, USA) & AFg-dto] #A1& #3333t

ZIAEES] W olle 2A2E 3] A (logistic regression, LR), 7H¢-AI<F
yolB  wo]=  FA](Gaussian Naive Bayes, GNB), A¥XE WF¥

M 4l (support vector machine, SVM), t% H A EE (multilayer perceptron,
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dlolE 9] 70%9 80%E ¥ dolHZE AMEEHA, YA 30%2 20%+=
T AU e g oS dolHE ARSI Ed 2 A

FA4% HRE BASE] Sstel  AFY wolxgE  Friete EELR
T%3 3, o] Rdo H9 “augmented model” & W EI =
wAAREE ARt Aee 2y, Al delx: §

A xRS FESF] FES ndo] F9- “selected model”

=
st H7tE s G = (accuracy), AF 73 95% 2

u|J
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o
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rH

A (area under the curve, AUC), A% (precision),

A S (recal) I F1 A+

il

FZE39 k. LR, GNB % SVM<< Scikit—
learn®| 2= Python IH7]AE T3] FdHI S MLPE= Kerass &3

T AT (89,90).
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E 42 gspectral centroid, spectral roll—off, sq mean pitch, standard
deviation pitch, mean magnitude, ZCR¥} voice portion ©]%t}. mDE

2§ MDE 1§ 2els BANCE fovid OB Baee ARt

?

standard deviation pitch 3F7F Qth A=, AAFEFA] S (BMD), k=
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LHEFS T spectral centroid (p = 0.008), spectral roll—off (p = 0.012),
formant BW2 (p = 0.040), sq mean pitch (p = 0.027), standard deviation
pitch (p = 0.020), ZCR (p < 0.001), voice portion (p = 0.020) (& 1-3).
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et HH(FW), 5 7:3 9 8:2 £ hs) Z7 33 9 53 &
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ARRE T @RS FA AN
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fTesve Hlusidls W
spectral_band, ZCR, pause portion, total count_log & 47}#] &
AFANM SAHCE FTE AolE A 5 AT AN AL Q1S4
AR oA F T A7k A wel, SES, BMISH t& ofAl 54§
75 MANCOVAE &3 HAS FHel= time_log, spectral_band,
mean_pitch, change_pitch_log, ZCR, pause portion, total count_log %
THe] AFM FAAOR {FFE zolE Rl 4 Stk sHARE &<l
A% H49 BAIS) AE §) MANCOVA Edlo] gRiozA 37 2gS
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Hage] ARES 7ATEY] e Bl s AR, 7S] AT
[olA] 283k w LR, GNB, SVM, MLP %< A¥= F1 27} 0.514 ¢4

0.777 7VF Ae& HeoH, 11 FoA= GNBE F3t 7[AgE o]
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3 1-1. Comparison of demographics according to depressive episodes

ND ! mDE MDE  pValue ostHoc
Test
N 33 26 34
cex M 8 (24.2%) 8 (30.8%) 7 (20.6%) 0.689
F 25(75.8%)  18(69.2%) 27 (79.4%)
Mean 28.12 34.58 29.68 1<2*
* 1]
Age +SD + 4,827 + 11,497 +9.914 0.022 2> 3%
Very low 0 (0%) 2 (7.7%) 1 (2.9%) 0.397
Low 10 (30.3%) 5 (19.2%) 7 (20.6%)
SES Middle 18 (54.5%)  15(57.7%) 18 (52.9%)
High 5 (15.2%) 3 (11.5%) 4 (11.8%)
Very high 0 (0%) 1 (3.8%) 4 (11.8%)
Mean 21.356 23.470 25.620
*kk **
BMI + SD +1.861 + 4575 + 5306 <0001 1<3
drugs taken for non- Yes 2 (6.1%) 8 (30.8%) 4 (11.8%) 0.025 1#£2*
psychiatric disorders * No 31 (93.9%) 18 (69.2%) 30 (88.2%)
ves 0 (0%) 23 (88.5%) 29 (85.3%) <0001 72 o
Antipsychotics *** ' ' ' 1 #3 ***
No 33 (100%) 3 (11.5%) 5 (14.7%)
. . Mean 5.142 8.254
Antipsychotics dose +SD + 4589 + 7893 0.100
No psychiatric o 0 0
dicorder 26 (78.8%) 0 (0%) 0 (0%) 0.000
H H *kx Ma.lor
diagnosis by MINI depressive 5 (15.2%) 9 (34.6%) 1 (2.9%)
disorder
Bipolar disorder 2 (6.1%) 17 (65.4%) 33 (97.1%)
78
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Anxiety

0, 0, 0
disorders 2 (6.1%) 2 (7.7%) 13 (38.2%)
Obsessive
compulsive 1 (3.0%) 1 (3.8%) 3 (8.8%)
disorder
Alcohol use o . .
disorder 2(6.1%) 1 (3.8%) 3(8.8%)

* p value < 0.05, ** p value < 0.01, *** p value < 0.001.

+ Combined all types of anxiety disorders, including panic disorder, generalized anxiety disorder, and social anxiety disorder.

i Currently, there are no symptoms of depression, but past major episodes of depression are included.
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3 1—2. Clinical characteristics by depressive

episode

ND mDE MDE p Value Post Hoc Test
N 33 26 34
HRDS *** mean 3.879 13.346 18.706 <0001 1<2<3***
SD 2.902 4127 4.414 '
PHQ *** mean 1.576 11.615 16.294 <0001 1<2,3%** 2<3*
SD 2.332 5.947 6.279 '
BAI *** mean 1.394 20.385 25.206 <0.001 1< 2 %%
SD 2.609 16.346 17.562 ' 1< 3 **=*
BIS mean 60.909 65.615 62.088 0127
SD 5.598 8.750 8.155 '

*p value < 0.05, ** p value < 0.01, *** p value < 0.001.
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3 1-3. Difference of voice features by depressive episode

ND mDE MDE  pValue B-HTest Adiustedp
Value
N 33 26 34
. mean  0.890 0.846 0.925 0.037 0.051
log_glottal_OP sD 0.105 0.096 0.137
log_glottal_CP mean  0.710 0.692 0.759 0.094 0.097
_glottal_ SD 0.124 0.110 0.132
log_glottal_C mean  —0.675 ~0.694 0627 0094 0.097
_glottal_ SD 0.124 0.110 0.132
log_ spectral time mean  2.345 2583 2.457 0.191 0.461
- - SD 0.463 0.529 0.497
cpectral_centroid ~+x _Mean 7471 7.375 7398 <0001 1>2** 0008 %
- SD 0.058 0.075 0.105 1> 3%
cpecral bandwigth e 7444 7.422 7.430 0.343 0.968
- SD 0.050 0.057 0.069
cpectral roll-off x~« _Mean 8118 7.994 8.026 <0001 1>2%  0012¢
- SD 0.082 0.110 0.132 1> 3%
<pectral rmss mean  4.358 4.058 4329 0.180 0.468
- SD 0.540 0.668 0.760
log_spectral_tempo mean 4771 4779 4772 0.093 0.327
- - SD 0.012 0.019 0.012
formantl mean  6.230 6.239 6.218 0.552 0.553
SD 0.062 0.069 0.082
formant2 mean 7.374 7.349 7.349 0.490 0.304
SD 0.085 0.095 0.101
formanta mean  8.043 8.022 8.026 0.526 0.919
SD 0.080 0.068 0.079
formant_BW1 mean 42.083 39.681 44.119 0.331 0.159
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SD 10.233 8.399 14.107
. mean  180.213  201.080  198.655  0.200 ,
formant_BW2 SD 53.886 50.843 45.060 0.040
mean  50622.267 52003.024 44566.728  0.133
sq_formant_BW3 SD  13671.136 18982.013 14031.728 0.094
< mean oiigh++ _Mean 87561420 73835557 81997.509 0002  1>2*% 0027
d_mean_p SD  12409.867 15014.241 15820.365 :
o mean  0.287 0.344 0.300 0003 1<2** ,
stdev_pitch SD 0.057 0.065 0.067 2> 3% 0.020
. mean  69.894 61.002 65060 0009 1>2*
mean_magnitude SD 11.454 11.292 9.902 0.059
. mean  0.787 0.748 0.852 0.140
sg_stdev_magnitude sD 0.146 0.252 0.215 0.237
o mean  0.055 0.044 0.047  <0.001 1 > 2% ”
ZCR SD 0.007 0.006 0.010 1<gees <0001
. . mean  0.665 0.695 0.681 0001 1<2** ,
voice portion sD 0.023 0.031 0.033 0.020

* p value < 0.05, ** p value < 0.01, *** p value < 0.001.

# Adjusted for BMI, age, non-psychiatric medication.

1 adjusted p value < 0.05, {1 adjusted p value < 0.01, {11 adjusted p value < 0.001

82

s - w k)



3 1—4. Jonckheere—Terpstra test result of voice features by depressive episode

ND mDE MDE J-T Test
N 33 26 34
D — ——
ey DS D00 OB o
oggonc M 0SS 0w ewl g
log_spectral_time g\;an 5222 (2)223 (2)15); 0.343
spectral_centroid *** g\;an gg;; (7)8;2 Z)igg <0.001
spectral_bandwidth  —Ze2" oo g e 0.384
spectral_roll-off ** g\;an géég g?ig g(l)gg 0.001
RS - T E— R
- W— 00ls 0012 0286
O ——_
- L™
"
et R
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formant BW2 mean 180.213 201.080 198.655
- SD 53.886 50.843 45.060 0.094
sq_formant_BW3 mean 50622.267 52003.924 44566.728
SD 13671.136 18982.013 14031.728 0.292
sq_mean_pitch mean 87561.420 73835.557 81997.509
SD 12409.867 15014.241 15820.365 0.149
stdev_pitch mean 0.287 0.344 0.300
- SD 0.057 0.065 0.067 0.520
. mean 69.894 61.002 65
mean_magnitude 060
SD 11.454 11.292 9.902 0.110
sq_stdev_magnitude* mean 0.787 0.748 0.852
—mag SD 0.146 0.252 0.215 0.045
ZCR *** mean 0.055 0.044 0.047
SD 0.007 0.006 0.010 <0.001
. . mean 0.665 0.695 0.6
voice portion * 081
SD 0.023 0.031 0.033 0.021
* p value < 0.05, ** p value < 0.01, *** p value < 0.001.
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3 1-5. Machine learning model performance through voice features

7:3 8:2
Model LR GNB SVM MLP LR GNB SVM MLP
45.2 48.8 46.4 51.2 43.2 43.2 453 60

augmented
Accuracy (53.6) (57.1) (50) (53.6) (57.9) (57.9) (52.6) (68.4)
Mean (max) selected- 47.6 48.8 40.5 51.2 43.2 43.2 35.8 51.6

augmented  (57.1) (57.1) (53.6) (57.1) (63.2) (57.9) (42.1) (57.9

augmented 63.4 64.7 60.3 59.7 64.5 64.5 61.1 65.9
AUC (68) (70.2) (61) (65.1) (72.1) (73.9) (70.6) (72.1)
Mean (max) selected- 63.6 63.6 58.8 62.9 62 60.3 56.8 62.6

augmented  (75.7) (72) (66.5) (70.7) (746) (67.5) (64.9) (69.9)
Precision augmented 45.1 49.1 47.3 51.4 46.6 41.6 48.7 65.6
(sensitivity) (55.6) (58) (55) (71.5)  (70.9) (60) (68.7) (76.7)
Mean (max) selected- 57.2 54 36.3 60 44 42.3 34.6 62.6

augmented (64.6) (66.7) (56.3) (62.6) (61.3) (58.9) (42.1) (72.2)
Recall augmented 44.8 49.6 45.1 48.5 43.3 42.6 45.6 66.2
(specificity) (55.1) (60.2) (48.6) (55.8) (61.7) (64.2) (52.5) (69.7)
Mean (max) selected- 46.1 48.1 48.4 54.8 43.8 43 37.7 93.3

augmented  (55.8) (56.7) (64.6) (62.5) (64.6) (58.1) (44.2) (100)

augmented 43.1 46.4 43.5 44.3 42.1 39.6 43.4 58.9
F1 (50.8) (55.5) (49.4) (52.3) (58.2) (55.6) (49.2) (69.7)
Mean (max) selected- 45.4 47.8 40.7 49.3 41 42.1 33.1 58.7

augmented  (56.8) (57.5) (64.6) (57.9) (62.1) (58.3) (35.7) (71.4)

Bold: mean or max is greater than or equal to 60
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3 1-6. Comparison of demographics between healthy control and major depressive disorder and

bipolar disorder

Major depressive Bipolar Post
Healthy Control ! disor%er dislta)rder P value hoc
N 26 15 52
sex M 8 (30.8%) 3 (20.0%) 12 (23.1%) 0.682
F 18 (69.2%) 12 (80.0%) 40 (76.9%)
age Mean 28.54 31.13 31.29 0.694
+SD +5.140 +9.164 +10.811 '
SES 1 0.000 0.000 3 (5.8%) 0.380
2 8 (30.8%) 5 (33.3%) 9 (40.9%)
3 14 (53.8%) 8 (53.3%) 29 (55.8%)
4 4 (15.4%) 2 (13.3%) 6 (11.5%)
5 0.000 0.000 5 (9.6%)
Medication  for  non- Yes 2 (7.7%) 3 (20.0%) 9 (17.3%) 0.450
psychiatric disorders ' ' ' '
no 24 (92.3%) 12 (80.0%) 43 (82.7%)
BMI Mean 21.291 22.230 24.981 0.490
+SD +1.735 + 3.046 + 5,294 '
antipsychotics dose’ N 0 8 44 0.135
Mean
+ SD 0 3.577 +£1.605 7.478 £ 7.171
ﬁ{ﬁ;’;‘s’i’i psychiatric  Yes 0 (0%) 10 (66.7%) 48 (92.3%) 0001  243*
no 26 (100%) 5 (33.3%) 4 (7.7%)

+ Two groups of major depressive disorder and bipolar disorder were compared by the Mann-Whitney method

* p value < 0.05, ** p value < 0.01, *** p value < 0.001
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3% 1—7. Comparison of clinical characteristics between healthy control and major depressive disorder

and bipolar disorder

Healthy control deg/:?s(;irve Bipolar disorder P value post hoc
disorder
N 26 15 52
HDRS** Mean 2,208 10.400 16.712 <0001 13
SD 2.205 6.468 4.904
PHQ***  Mean 1.154 6.800 14.923 <0.001 1<2<3***
SD 2.073 5.722 6.419
BAI™ Mean 0.500 12.000 23.846 <0001 o
SD 0.949 14.962 16.950
BIS Mean 60.500 62.267 63.846 0.191
SD 4.693 8.868 8.405

* p value < 0.05, ** p value < 0.01, *** p value < 0.001
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3 1-—8. Voice and speech features between healthy control and major depressive disorder and bipolar

disorder
Major .
':gﬁ::g}l depressive (ﬁégcr)cliirr p value Post hoc
disorder
N 26 15 52
glottal OP Mean 2.477 2.328 2.480 0.211
SD 0.297 0.165 0.344
glottal_CP Mean 2.069 2.000 2.102 0.427
SD 0.282 0.214 0.279
glottal_C Mean 0.518 0.500 0.526 0.427
SD 0.071 0.054 0.070
spectral_time Mean 12.246 17.837 12.956 0.202
SD 11.857 14.269 7.290
spectral_centroid***  Mean 7.480 7.409 7.389 <0.001 1>2%** 1>3*
SD 0.056 0.083 0.093
spectral_bandwidth Mean 7.450 7.430 7.425 0.075
SD 0.051 0.054 0.064
spectral_rolloff*** Mean 8.131 8.034 8.013 <0.001  1>2*** 1>3*
SD 0.075 0.116 0.124
spectral_rmse Mean 4.349 4.000 4.297 0.228
SD 0.589 0.574 0.721
spectral_tempo Mean 118.092 119.172 118.259 0.128
SD 1.560 2.771 1.342
formantl Mean 6.226 6.231 6.229 0.791
SD 0.056 0.074 0.078
formant2 Mean 7.382 7.353 7.347 0.562
SD 0.084 0.110 0.093
formant3 Mean 8.048 8.036 8.022 0.175
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SD 0.079 0.073 0.076

formant BW1 Mean 42.129 41.821 42.266 0.926
SD 10.774 10.038 12.253

formant BW?2 Mean 179.890 194.088 198.864 0.290
SD 53.065 64.302 43.874

formant BW3 Mean 221.704 228.024 212.505 0.499
SD 33.144 34.371 41.485

mean_pitch** Mean 299.709 272.529 280.279 0.002  1>2**
SD 19.406 34.976 26.624

stdev_pitch** Mean 0.275 0.340 0.314 0.004 1<2*
SD 0.055 0.069 0.066

mean_magnitude Mean 70.441 63.680 63.806 0.044  1>2**
SD 12.109 11.169 10.427

stdev_magnitude Mean 0.882 0.870 0.891 0.925
SD 0.086 0.172 0.135

ZCR*** Mean 0.056 0.049 0.046 <0.001 1>2%** 1>3*
SD 0.007 0.010 0.009

voice portion** Mean 0.665 0.682 0.686 0.002  1<2***
SD 0.023 0.032 0.032

* p value < 0.05, ** p value < 0.01, *** p value < 0.001
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3 2—1 Descriptive statistics of voice and speech features

Standard

Minimum Maximum Mean " Skewness Kurtosis
deviation
Time 5.155 110.115 14.885 12.640 4.088 22.625
Time_log 0.712 2.042 1.093 0.236 1.162 1.895
Spectral_centroid 7.119 7.603 7.381 0.110 -0.212 -0.650
Spectral_band 7.144 7.576 7.403 0.082 -0.478 -0.146
Spectral_roll 7.607 8.278 7.997 0.150 -0.335 -0.615
Spectral_rmse 2.805 5.678 4.027 0.686 -0.001 -1.104
FormantO 5.809 6.417 6.230 0.085 -1.094 3.651
Formantl 6.967 7.633 7.327 0.118 -0.337 0.601
Formant2 7.789 8.329 8.018 0.082 0.196 0.673
Formant_bwO 16.412 78.831 41.069 11.653 0.569 0.044
Formant_bwl 105.766 323.104 202.755 47.935 0.095 -0.705
Formant_bw?2 81.274 305.971 219.537 38.583 -0.682 0.585
mean_p 177.710 340.239 278.612 29.312 -0.487 0.199
error_p 0.145 0.488 0.327 0.070 0.155 -0.510
change_p 7.877 216.424 38.863 30.063 3.229 12.821
change_p_log 0.896 2.335 1.513 0.239 0.804 1.309
mean_m 39.103 94.833 63.709 11.136 0.494 -0.135
error_m 0.305 1.123 0.859 0.139 -0.893 1.065
change_m 10.630 475.788 73.262 64.099 3.407 14.351
change_m_log 1.027 2.677 1.772 0.262 0.790 1.355
ZCR 0.030 0.073 0.048 0.009 0.306 -0.502
Pause portion 0.611 0.743 0.681 0.028 -0.097 -0.470
Total_count 3.000 190.000 41.601 26.913 2.762 11.402
Total_count_log 0.477 2.279 1.548 0.253 -0.441 2.325
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3% 2—2. The results of applying the diagnostic algorithm from Study I to the newly recruited test set
from Study II

Logistic Regression F1 score 0.292
Accuracy 0.682
Gaussian Naive Bayes F1 score 0.406
Accuracy 0.671
Support Vector Machine F1 score 0.275
Accuracy 0.706
Multi-layer Perceptron F1 score 0.335
Accuracy 0.671

Bold: Best value among four models
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3% 2—3. Demographics comparison between healthy control group and current depression group

HC CD P value

N 83 83

Age** mean 37.072 30.916 <0.001
SD 11.421 10.820

Sex F 69 (83.1%) 64 (77.1%) 0.331
M 14 (16.9%) 19 (22.9%)

SES * Low 30 (36.1%) 19 (22.9%) 0.015
Middle 45 (54.2%) 43 (51.8%)
High 8 (9.6%) 21 (25.3%)

BMI*** mean 22.364 24.809 <0.001
SD 2.902 4.810

r’;']ggigszgzﬂ”c Yes 2 (2.4%) 15 (18.1%) 0.001
no 81 (97.6%) 68 (81.9%)

* p<0.05, ** p<0.01, *** p<0.001
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3% 2—4. Clinical characteristics between HC and CD

HC CD P value

N 83 83

PHQ*** M 0.892 15.205 <0.001
SD 1.440 6.636

HDRS*** M 4.000 16.638 <0.001
SD 3.008 4,805

BAI*** M 1.542 24.217 <0.001
SD 2.923 16.659

BIS M 61.470 63.530 0.058
SD 5.840 7.922

BSS*** M 1.108 18.145 <0.001
SD 1.815 9.531

* p<0.05, ** p<0.01, *** p<0.001
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3% 2—5. Voice and speech features comparison between healthy control and current depression

Adjusted
Adjusted age, age, SES,
HC CD P value® SES, BMI, BMI,
suffering? suffering
and BAI*
N 83 83
Time_log M 1.070 1.113 0.243 0.045 0.943
SD 0.249 0.224
Spectral_centroid* M 7.383 7.381 0.917 0.053 0.045
SD 0.115 0.105
Spectral_band M 7.384 7.424 0.002 0.019 0.498
SD 0.090 0.069
Spectral_roll M 7.997 8.000 0.881 0.087 0.055
SD 0.155 0.144
Spectral_rmse M 3.952 4,101 0.165 0.611 0.411
SD 0.586 0.776
FormantO M 6.237 6.221 0.208 0.935 0.432
SD 0.093 0.076
Formantl M 7.312 7.343 0.093 0.383 0.507
SD 0.129 0.107
Formant2 M 8.010 8.028 0.161 0.568 0.689
SD 0.088 0.076
Formant _bw0 M 39.728 42.628 0.110 0.278 0.906
SD 10.152 12.929
Formant _bw1 M 203.690 202.296 0.853 0.822 0.395
SD 48.165 48.438
Formant _bw?2 M 222.962 216.600 0.284 0.292 0.348
SD 34.137 41.780
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Mean_p M 279.720 277.538 0.631 0.017 0.060
SD 28.696 29.659

Error_p M 0.329 0.324 0.637 0.210 0.422
SD 0.070 0.070

Change_p_log M 1.501 1.523 0.564 0.049 0.814
SD 0.254 0.227

Mean_m M 64.293 63.055 0.477 0.126 0.213
SD 11.340 11.043

Error_m M 0.850 0.872 0.300 0.306 0.433
SD 0.122 0.152

Change_m_log M 1.759 1.784 0.548 0.412 0.350
SD 0.260 0.265

ZCR*** M 0.050 0.046 0.000 <0.001 <0.001
SD 0.008 0.009

Pause_portion** M 0.676 0.687 0.013 0.001 0.003
SD 0.025 0.030

Total count_log** M 1.444 1.643 0.000 <0.001 0.003
SD 0.213 0.243

T student T test

Imultivariate analysis of covariance (MANCOVA)

*p<0.05, ** p<0.01, *** p<0.001
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3% 2—6. Classification results by voice and speech features between HC and CD

Depression (binary)

Depression (binary,
selected features)

Logistic Regression F1 score 0.582 0.624
Accuracy 0.618 0.647
Sensitivity 0.664 0.672
Specificity 0.572 0.639
Gaussian Naive Bayes F1 score 0.777 0.722
Accuracy 0.776 0.741
Sensitivity 0.743 0.759
Specificity 0.823 0.736
AdaBoost F1 score 0.798 0.789
Accuracy 0.794 0.782
Sensitivity 0.732 0.700
Specificity 0.863 0.873
Quadratic Discriminant Analysis F1 score 0.820 0.799
Accuracy 0.824 0.806
Sensitivity 0.806 0.801
Specificity 0.846 0.819
Support Vector Machine F1 score 0.514 0.374
Accuracy 0.529 0.400
Sensitivity 0.538 0.394
Specificity 0.531 0.499
Multi-layer Perceptron F1 score 0.527 0.499
Accuracy 0.512 0.471
Sensitivity 0.449 0.230
Specificity 0.585 0.771

Bold: mean or max is greater than or equal to 0.800
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3% 2—7. Classification results by text between HC and CD

Demographic Text Ensemble
Accuracy 0.681 0.831 0.831
Sensitivity 0.671 0.699 0.762
Specificity 0.692 0.964 0.951
AUC 0.761 0.905 0.907

Bold: mean or max is greater than or equal to 0.800
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3% 2-8. Correlation analysis between voice and speech features and clinical characteristics in healthy

control group

HDRS BAI BSS
HDRS Pearson linear correlation coefficient 1 .338** 112
P value .002 315
BAI Pearson linear correlation coefficient .338** 1 .239*
P value .002 .029
BSS Pearson linear correlation coefficient 112 .239* 1
P value 315 .029
Time_log Pearson linear correlation coefficient -.047 .264* 012
P value .674 .016 916
Spectral_centroid Pearson linear correlation coefficient -191 -.201 .009
P value .084 .069 .938
Spectral_band Pearson linear correlation coefficient -.215 -.226* .056
P value .051 .040 .614
Spectral_roll Pearson linear correlation coefficient -177 -.202 .007
P value 109 .067 .953
Spectral_rmse Pearson linear correlation coefficient -.001 -.205 -.124
P value .995 .063 .265
FormantO Pearson linear correlation coefficient 135 -.265* -.278*
P value 224 .016 .011
Formantl Pearson linear correlation coefficient -.210 .104 A71
P value .057 351 123
Formant2 Pearson linear correlation coefficient -.208 .108 .319**
P value .060 331 .003
Formant_bwO0 Pearson linear correlation coefficient -.001 -.039 -.012
P value .993 729 911
Formant_bw1 Pearson linear correlation coefficient .022 .094 -114
P value .845 400 .305
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Formant_bw2 Pearson linear correlation coefficient -.075 -074 .209

P value 499 .505 .058
Mmean_p Pearson linear correlation coefficient - 247* -.119 .000
P value .025 .283 .997
Error_p Pearson linear correlation coefficient 271% 132 .015
P value .013 234 .895
Change_p_log Pearson linear correlation coefficient .023 .292** .017
P value .834 .007 .878
Mean_m Pearson linear correlation coefficient -122 -.157 -.074
P value 273 .156 .506
Error_m Pearson linear correlation coefficient -.147 -.060 .043
P value .185 .590 .703
Change_m_log Pearson linear correlation coefficient -.089 224* .034
P value 421 .042 .761
ZCR Pearson linear correlation coefficient -.202 -.123 .003
P value .067 270 .981
Pause portion Pearson linear correlation coefficient .229* .093 -.022
P value .037 404 847
Total_count_log Pearson linear correlation coefficient .229* .097 .079
P value .037 .381 480

* p<0.05, ** p<0.01, *** p<0.001
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3% 2-9. Correlation analysis between voice and speech features and clinical characteristics in current

depression group

HDRS BAI BSS
HDRS Pearson linear correlation coefficient 1 539" 458"
P value <.001 <.001
BAI Pearson linear correlation coefficient 539" 1 528"
P value <.001 <.001
BSS Pearson linear correlation coefficient 458" 528" 1
P value <.001 <.001
Time_log Pearson linear correlation coefficient 161 .255" 151
P value 146 .020 173
Spectral_centroid Pearson linear correlation coefficient .036 .149 239"
P value 748 .180 .030
Spectral_band Pearson linear correlation coefficient .058 139 .300™
P value .599 211 .006
Spectral_roll Pearson linear correlation coefficient .043 159 251"
P value .702 .150 .022
Spectral_rmse Pearson linear correlation coefficient 341 .205 130
P value .002 .064 243
FormantO Pearson linear correlation coefficient 120 .183 -.075
P value .282 .097 499
Formantl Pearson linear correlation coefficient .026 -.026 .037
P value .815 .816 739
Formant2 Pearson linear correlation coefficient 117 -.013 139
P value .292 .905 210
Formant_bwO Pearson linear correlation coefficient 132 .169 199
P value .235 127 .071
Formant_bw1 Pearson linear correlation coefficient 251" 178 .288™
P value .022 107 .008
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Formant_bw2 Pearson linear correlation coefficient -.129 .048 114

P value 244 .663 .303
Mmean_p Pearson linear correlation coefficient .026 .039 132
P value .816 727 .233
Error_p Pearson linear correlation coefficient -.057 .000 -.154
P value .608 .999 .164
Change_p_log Pearson linear correlation coefficient 129 .266" 129
P value 244 .015 244
Mean_m Pearson linear correlation coefficient .036 .041 .078
P value 749 712 485
Error_m Pearson linear correlation coefficient .060 .016 .049
P value 591 .887 .661
Change_m_log Pearson linear correlation coefficient .158 247" .180
P value 153 .024 104
ZCR Pearson linear correlation coefficient .053 .149 219"
P value .634 .180 .046
Pause portion Pearson linear correlation coefficient -.083 -112 -.267"
P value 458 312 .015
Total_count_log Pearson linear correlation coefficient .067 .048 .035
P value .546 .665 757

* p<0.05, ** p<0.01, *** p<0.001
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3% 2—10. Mediation analysis between voice and speech features and clinical characteristics in healthy

control group

Direct effect of X on 'Y

Effect se t p LLCI ULCI

-.0048 .0034 -1.4022 .1648 -.0116 .0020
Indirect effect(s) of X on Y:

Effect BootSE  BootLLCI  BootULCI
TOTAL -.0016 .0015 -.0043 .0015
Ind1 -.0020 .0012 -.0045 .0004
Ind2 .0001 .0009 -.0011 .0027
Ind3 .0003 .0004 -.0006 .0010
Indirect effect key:
Ind1 HDRS -> BAI -> band
Ind2 HDRS -> BSS -> band
Ind3 HDRS -> BAI -> BSS -> band
* p<0.05, ** p<0.01, *** p<0.001
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3% 2—11. Mediation analysis between voice and speech features and clinical characteristics in current
depression group

Direct effect of X on'Y
Effect se t p LLCI ULCI
-.0015 .0019 -.8125 4190 -.0052 .0022

Indirect effect(s) of X on Y:
Effect BootSE  BootLLCI  BootULCI

TOTAL .0024 .0013 -.0001 .0052
Ind1 .0001 .0011 -.0021 .0024

Ind2* .0012 .0008 .0000 .0031
Ind3* .0010 .0006 .0002 .0024

Indirect effect key:

Ind1 HDRS -> BAI -> band
Ind2 HDRS -> BSS -> band
Ind3 HDRS -> BAI -> BSS -> band

* p<0.05, ** p<0.01, *** p<0.001
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3% 3—1. Demographics between depression with low suicidal risk and depression with high suicidal

risk (suicidal risk : BSS)

DLSR DHSR P value
N 33 50
age* mean 33.788 29.020 0.049
SD 11.376 10.109
BMI mean 24.447 25.048 0.581
SD 4.602 4.973
sex M 8 (24.4%) 11 (22.0%) 0.812
F 25 (75.8%) 39 (78.0%)
SES low 8 (24.2%) 11 (22.0%) 0.885
med 16 (48.5%) 27 (54.0%)
high 9 (27.3%) 12 (24.0%)
Non-psychiatric medication Yes 7 (21.2%) 8 (16.0%) 0.546
no 26 (78.8%) 42 (84.0%)
Subjective suffering due to non- mean 0.210 0.340 0.372
psychiatric disease
SD 0.545 0.668
AP_OZP N 33 50 0.071
mean 4.361 7.026
SD 4.627 7.471
MINI MDD 6 (18.2%) 5 (10.0%) 0.332
BP 27 (81.8%) 45 (90.0%)
panic disorder* 1 (3.0%) 9 (18.0%) 0.040
social anxiety 2 (6.1%) 3 (6.0%) >0.999
disorder
OCD 2 (6.1%) 5 (10.0%) 0.527
PTSD 1 (3.0%) 2 (4.0%) 0.817
AUD 2 (6.1%) 9 (18.0%) 0.116
BN 1 (3.0%) 4 (8.0%) 0.352
GAD 4 (12.1%) 8 (16.0%) 0.623
* p<0.05, ** p<0.01, *** p<0.001
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3 3—2. Clinical characteristics between depression with low suicidal risk and depression with high
suicidal risk (suicidal risk : BSS)

DLSR DHSR P value
N 33 50

PHQ*** mean 11.455 17.680 <0.001
SD 5.900 5.937

HDRS** mean 14.424 18.100 <0.001
SD 4.430 4.509

BAI*** mean 15.939 29.680 <0.001
SD 13.122 16.595

BIS mean 63.000 63.880 0.623

SD 7.850 8.030

BSS*** mean 8.576 24.460 <0.001
SD 5.728 5.312

*p<0.05, ** p<0.01, *** p<0.001
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3 3-3. Voice and Speech features between DLSR and DHSR (suicidal risk : BSS)

Adjusted  Adjusted

DLSR DHSR P valuef age! age, BAI!

N 33 50

Time_log mean 1.081 1.134 0.293 0.136 0.568
SD 0.200 0.238

Spectral_centroid mean 7.367 7.390 0.330 0.618 0.995
SD 0.091 0.113

Spectral_band mean 7.408 7.435 0.081 0.189 0.357
SD 0.064 0.070

Spectral_roll mean 7.982 8.012 0.367 0.698 0.863
SD 0.125 0.156

Spectral_rmse mean 4.078 4.117 0.823 0.808 0.287
SD 0.746 0.803

Formant0* mean 6.233 6.213 0.256 0.109 0.012
SD 0.066 0.081

Formantl mean 7.344 7.342 0.946 0.852 0.929
SD 0.092 0.116

Formant2 mean 8.020 8.033 0.467 0.659 0.527
SD 0.078 0.075

Formant _bw0 mean 39.049 44.990 0.040 0.100 0.246
SD 10.559 13.878

Formant _bw1* mean 184.473 214.059 0.006 0.006 0.021
SD 42.094 49.133

Formant _bw2* mean 204.699 224.455 0.034 0.016 0.016
SD 48.080 35.401

Mean_p mean 276.871 277.979 0.869 0.809 0.707
SD 24.839 32.691

Error_p mean 0.327 0.322 0.770 0.894 0.922
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SD 0.064 0.075
Change_p_log mean 1.494 1.542 0.350 0.126 0.592
SD 0.221 0.232
Mean_m mean 62.450 63.454 0.688 0.836 0.933
SD 9.636 11.959
Error_m mean 0.883 0.865 0.591 0.503 0.437
SD 0.127 0.167
Change_m_log mean 1.753 1.804 0.398 0.264 0.832
SD 0.222 0.291
ZCR mean 0.044 0.047 0.219 0.333 0.620
SD 0.007 0.010
Pause_portion mean 0.691 0.684 0.318 0.440 0.673
SD 0.023 0.034
Total count_log mean 1.661 1.630 0.573 0.473 0.339
SD 0.171 0.282
student T test
Imultivariate analysis of covariance (MANCOVA)
* p<0.05, ** p<0.01, *** p<0.001
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3 3—4. Classification results by voice and speech features between DLSR and DHSR (suicidal risk;

BSS)
SSI for depression
Logistic Regression F1 score 0.789
Accuracy 0.718
Sensitivity 0.495
Specificity 0.824
Gaussian Naive Bayes F1 score 0.649
Accuracy 0.576
Sensitivity 0.503
Specificity 0.620
AdaBoost F1 score 0.580
Accuracy 0.482
Sensitivity 0.438
Specificity 0.558
Quadratic Discriminant Analysis F1 score 0.771
Accuracy 0.647
Sensitivity 0.167
Specificity 0.912
Support Vector Machine F1 score 0.789
Accuracy 0.718
Sensitivity 0.462
Specificity 0.840
Multi-layer Perceptron F1 score 0.673
Accuracy 0.624
Sensitivity 0.535
Specificity 0.649

Bold: mean or max is greater than or equal to 0.800
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3 3-5. Classification results by voice and speech features between DLSR and DHSR (suicidal risk :

BSS)
Demographic-only Text-only  Ensemble
AUC 0.511 0.626 0.874
Accuracy 0.578 0.602 0.795
Sensitivity 0.444 0.489 0.703
Specificity 0.643 0.750 0.870
p-value (Delong test) 0.308 0.012*
Bold: mean or max is greater than or equal to 0.800
* p<0.05, ** p<0.01, *** p<0.001
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3% 3—6. Demographics between depression with low suicidal risk and depression with high suicidal

risk (suicidal risk : MINI)

DLSR DHSR P value
N 52 31
Age* mean 32.865 27.645 0.033
SD 11.381 9.065
BMI mean 24.366 25.551 0.280
SD 4.049 5.870
sex M 12 (23.1%) 7 (22.6%) 0.958
F 40 (76.9%) 24 (77.4%)
SES low 14 (26.9%) 5 (16.1%) 0.209
med 28 (53.8%) 15 (48.4%)
high 10 (19.2%) 11 (35.5%)
Non-psychiatric medication Yes 12 (23.1%) 3(9.7%) 0.125
no 40 (76.9%) 28 (90.3%)
Subjective suffering due to non- mean 0.230 0.390 0.281
psychiatric disease
SD 0.581 0.715
AP_OZP* N 52 31 0.023
mean 4.705 8.082
SD 4.872 8.424
MINI MDD 7 (13.5%) 4 (12.9%) 0.942
BP 45 (86.5%) 27 (87.1%)
panic disorder** 2 (3.8%) 8 (25.8%) 0.003
social anxiety disorder* 1 (1.9%) 4 (12.9%) 0.040
oCcD 4 (7.7%) 3(9.7%) 0.753
PTSD 1(1.9%) 2 (6.5%) 0.285
AUD 7 (13.5%) 4 (12.9%) 0.942
BN 3 (5.8%) 2 (6.5%) 0.899
GAD 5 (9.6%) 7 (22.6%) 0.104
* p<0.05, ** p<0.01, *** p<0.001
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3 3—7. Clinical characteristics between low suicidal risk

(suicidal risk : MIND)

and depression with high suicidal risk

DLSR DHSR P value
N 52 31
PHQ** mean 13.462 18.129 0.002
SD 5.782 7.032
HDRS** mean 15.500 18.548 0.005
SD 4,734 4.358
BAI** mean 20.577 30.323 0.009
SD 15.301 17.294
BIS mean 63.981 62.774 0.505
SD 7.229 9.043
BSS*** mean 13.692 25.613 <0.001
SD 7.935 7.017

*p<0.05, ** p<0.01, *** p<0.001
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3 3-8. Voice and Speech features between DLSR and DHSR (suicidal risk : MINI)

Adjusted Adjusted
DLSR DHSR P valuef age, age,
AP_QOZpt AP_OZP
- and BAI*
N 52 31
Time_log mean 1.109 1.120 0.910 0.381 0.807
SD 0.210 0.249
Spectral_centroid mean 7.368 7.403 0.094 0.356 0.515
SD 0.091 0.122
Spectral_band mean 7.416 7.437 0.132 0.417 0.580
SD 0.064 0.075
Spectral_roll mean 7.982 8.030 0.078 0.395 0.583
SD 0.129 0.165
Spectral_rmse mean 4.084 4.131 0.693 0.509 0.288
SD 0.794 0.757
FormantO mean 6.228 6.209 0.217 0.229 0.073
SD 0.070 0.085
Formantl mean 7.340 7.349 0.895 0.656 0.627
SD 0.099 0.119
Formant2 mean 8.028 8.028 1.000 0.853 0.863
SD 0.075 0.079
Formant _bw0 mean 42.455 42.918 0.778 0.972 0.622
SD 12.783 13.377
Formant _bw1* mean 194.014 216.188 0.058 0.021 0.052
SD 43.338 53.868
Formant _bw?2 mean 213.884 221.156 0.624 0.274 0.323
SD 44.841 36.315
Mean_p mean 276.507 279.268 0.413 0.912 0.873
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SD 25.465 36.015

Error_p mean 0.332 0.310 0.221 0.392 0.353
SD 0.068 0.073

Change_p_log mean 1.523 1.523 0.851 0.405 0.882
SD 0.222 0.240

Mean_m mean 63.875 61.679 0.498 0.267 0.219
SD 10.622 11.765

Error_m mean 0.875 0.867 0.829 0.552 0.554
SD 0.137 0.176

Change_m_log mean 1.778 1.794 0.865 0.508 0.940
SD 0.237 0.311

ZCR mean 0.044 0.047 0.247 0.456 0.615
SD 0.008 0.011

Pause_portion mean 0.693 0.676 0.020 0.058 0.075
SD 0.026 0.035

Total count_log mean 1.643 1.641 0.959 0.920 0.821
SD 0.178 0.327

* p<0.05, ** p<0.01, *** p<0.001
113



3% 3-9. Classification results by voice and speech features between DLSR and DHSR (suicidal risk;

MIND
MINI for depression
Logistic Regression F1 score 0.310
Accuracy 0.565
Sensitivity 0.24
Specificity 0.864
Gaussian Naive Bayes F1 score 0.444
Accuracy 0.529
Sensitivity 0.441
Specificity 0.646
AdaBoost F1 score 0.499
Accuracy 0.576
Sensitivity 0.490
Specificity 0.703
Quadratic Discriminant Analysis ~ F1 score 0.044
Accuracy 0.541
Sensitivity 0.025
Specificity 0.983
Support Vector Machine F1 score 0.180
Accuracy 0.541
Sensitivity 0.177
Specificity 0.913
Multi-layer Perceptron F1 score 0.294
Accuracy 0.565
Sensitivity 0.219
Specificity 0.852

Bold: mean or max is greater than or equal to 0.800
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3 3-10. Classification results by voice and speech features between DLSR and DHSR (suicidal risk :

MIND
Demographic Text Ensemble
Accuracy 0.542 0.602 0.747
Sensitivity 0.625 0.744 0.816
Specificity 0.370 0.477 0.647
AUC 0.499 0.632 0.800
Bold: mean or max is greater than or equal to 0.800
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19 1-1. Difference of voice features by depressive episode

@)

magnitude
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(2) Spectral_centroid between three groups; (b) spectral_rolloff between three groups; (c) sq_mean_pitch between
three groups; (d) stdev_pitch between three groups; (¢) mean_magnitude between three groups; (f) zero-crossing-
rate between three groups; (g) voice portion between three groups.

* p value < 0.05, ** p value < 0.01, *** p value < 0.001
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19 1—-2. AUC curve predicting minor and major episodes using MLP
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18 2—1. ROC curve of classification HC and CD by voice and speech features
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719 2—2. Feature importance for classifying HC and CD

2¥/Noun [medication]
28 /Noun [hospital]

284 7| fNoun [climacteric]
2HZ /Noun [repeat]
EE/Noun [Questions]

» 0.107012703
® (.132078291
n 0.140786749

Most important features
in detecting Current Depression (CD) group

6.679549114

6.898550725
= EH/Noun [extreme] 6.984299517
S 2 Verb [If you die] 7.292753623
HEE /Noun [Silly] 75
H?1/Noun [cause] 7653301127
M2 1 fverb [Fighting] 8.157004831
EH/Moun [bed] 8.480676329
2] 1 fverb [Beat] 8.714251208
Tl /Noun [existence] 8.739130435
X| = /Moun [cure] 8.739130435
S2/Noun [emergency room] 8.856618357
PRSI fverh [stop] 9.198067633
S /Noun [Burden] 9.257004831
T 4 /Noun 9263768116
;° EE-E /Noun [Side Effect] 9.292270531
A0k Verb [Sleep] 5.38647343
8 H/Noun [sleeping pills] 0421497585
ErHi /Noun [tobacco] 9 44685590
I 4 fNoun [Internet] 9456521739
Z /Noun [knife] 9.580817874
M T pverb [Severe] 9.645410628
YE 2 /Noun [on 9657971014
)3} fNoun [Harm] 3.831400366
E|&/Noun [Discharge] 10.03381643
£ /Noun [denial] 10.10869565
&= /Verb [perishing] 10.21964573
Z/Noun [insect] 10.71545884
2/Moun [bottom] 10.84057971
2= /Verb [rest] 11.32850242
£ /Noun [Vomit] 1451690821
A5 /Noun 14.7826087
A= /Noun [trial] 16.01294686
Y& /Moun [ i
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19 2-3. Text mining of important features in HC and CD
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19 2—4. Classification results between HC and CD by text
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719 2—-5. Mediation analysis between voice and speech feature and clinical characteristics
in healthy control group

0.141 (SE 0.072)

BAI BSS

0.006 (SE 0.006)

0329 (SE QA02) =

-0:006 (SE 0.004)
0.021 (SE 0.070)

HORS Woice band
-0.005 (SE 0.017)

* p<0.05, ** p<0.01, *** p<0.001
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719 2—6. Mediation analysis between voice and speech feature and clinical characteristics

in current depression group

1.868 (SE

HDRS

* p<0.05, ** p<0.01, *** p<0.001

BAl

0.226 (S5E 0.063)""

P=0.0005

25}***

(SE0.217)" p=0.02786

-0.0015 (SE 00019
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19 3—1. ROC curve of classification DLSR and DHSR by voice and speech features (suicidal

risk : BSS)
Receiver operating characteristic - LR
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1% 3—2. Classification results of

(suicidal risk : BSS)
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19 3—3. ROC curve of classification DLSR and DHSR by voice and speech features (suicidal

risk : MINI)
Receiver operating characteristic - AdaBoost
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19 3—4. Classification results of DLSR and DHSR by text and clinical characteristics
(suicidal risk : MINT)
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Abstract
A study on artificial intelligence —based clinical decision support

system to evaluate depression and suicide risk using voice and text

Daun Shin
Department of Medicine (Psychiatry)
The Graduate School

Seoul National University

Introduction: The incidence of depression and suicide continues to
increase worldwide, and the resulting socio—economic loss is also
enormous. However, in diagnosing depression and suicide, it is
difficult to effectively intervene due to a misdiagnosis in situations
where it is difficult for the patient to report symptoms with reduced
symptoms or conduct an in—depth interview because the diagnosis
must be made through the patient's subjective answer. In addition,
voices and text used by participants in interviews are traditionally
known for their clinical significance in the Department of Psychiatry.
In the past, the voice and the subject's utterance content had to be
used for diagnosis based on the clinical experience accumulated by
clinicians. As technologies for extracting various indicators of voice
and extracting spoken words have been developed recently,
differences in voices and differences in spoken words according to

the risk of depression and suicide are being revealed. In addition, as
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machine learning is applied to the medical field, it has been able to
detect these subtle differences and help make decisions. However,
previous studies have limitations in that the number of subjects is not
yet sufficient and consideration of various clinical situations such as
drugs is insufficient. Therefore, this study aims to overcome the
existing limitations and build an Al—based clinical decision support
system that evaluates depression and suicide risk groups based on
the subject's voice and words used during the interview.

Method: A patient group complaining of depressive symptoms and a
normal control group were recruited, respectively, and a Mini
International Neuropsychiatric Interview was performed on all
subjects and the interview was recorded. After extracting only the
section uttered by the subject from among the recorded interview
files, various indicators of voice and text data were extracted from
each section. In Study I, the initial data were used to compare and
analyze the normal group, the mild depression group, and the major
depression group. In Study II, the final initial evaluation data was used
to identify voice indicators that can distinguish normal and depression,
and a diagnostic algorithm using text was constructed. In Study III,
an algorithm for diagnosing the high—risk group for suicide was
established by defining the high—risk group for depression through
the Beck’s suicide ideation scale and the suicide—related module of
the mini international neuropsychiatric interview.

Results: In Study I, 7 voice and speech indicators that can distinguish
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33 normal group, 26 mild depression group, and 34 major depression
group were extracted. When the accuracy of various models was
confirmed based on the voice and speech features, it was confirmed
that the performance of the multilayer perceptron was the best. In
Study II, the speech features and text data of 83 normal and 83
depressed patients were analyzed, and the area under the curve of
the machine learning algorithm based on each was 0.806 and 0.905.
In Study III, 83 people in the depression group were compared with
both the Beck’s suicide ideation scale and the classification method
through a mini international neuropsychiatric interview. However, in
the case of the algorithm for predicting the suicide high risk group
based on voice, the maximum sensitivity was 0.535, and the best
performance was the average accuracy of 0.495 in the model using
the logistic regression formula. On the other hand, the algorithm for
predicting suicide risk based on text also had an area under the curve
of only 0.632, but the ensemble model built by integrating text data
and sociodemographic information was able to confirm the diagnostic
usefulness with an area under the curve of 0.800.

Conclusion: This study established an algorithm for diagnosing
depression and suicide risk by extracting voice and speech features
and text data from the subject's utterance section in a structured
interview. Both data showed excellent performance in diagnosing
depression, but insufficient for diagnosing suicide risk. In the case of

text data, although there are limitations as data obtained through
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structured interviews, when it was integrated with sociodemographic
information using statistical techniques, it showed better
performance than predicted by sociodemographic information alone,
showing utility value. This study is the first study in South Korea to
prove the objective diagnostic value of voice and text data, and it is
a challenge to a new field of psychiatry as a digital objective
diagnostic tool. In the future, additional research is needed on data

from more diverse regions and environments in the field.

Keywords : depression, suicide risk, voice, text analysis, machine

learning, clinical decision support system
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