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Psychological counseling human-machine dialogue dataset
construction for dialogue generation and mental disorder

detection
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Abstract: To address the problem of the lack of publicly available data for modeling effective dialogs in psychological
counseling human-machine dialogue, a psychomedical counseling dialog dataset for dialogue generation and mental disorder detection
was constructed. First, the dataset containing 3,268 multi-round conversations between doctors and patients were obtained, with a wide
range of relevant metadata, including the hospitals visited, departments, types of disorders, and patients' self-representations, acquired
through online medical consultation platforms. Then, a knowledge-enhanced dialog model, Empathy Bidirectional and Auto-Regressive
Transformers (EmBART), was proposed to enhance the empathic capability of the dialog model. Finally, an experimental evaluation of
the dataset usability was conducted through psychomedical response generation and mental illness detection. In psychomedical
response generation, EnBART trained on this dataset performed excellently on all metrics in both automatic and human evaluations,
with Perplexity reduced by 2.31 compared to baseline model. In mental illness detection, CPT (Chinese Pre-trained Unbalanced
Transformer) and RoBERTa (Robustly optimized Bidirectional Encoder Representations from Transformers approach) trained on this
dataset demonstrated outstanding mental illness prediction capabilities. Experimental results demonstrated the strong utility of this
dataset in generating empathic dialogues and predicting mental illnesses, and provided a data base for future research on counseling
human-machine dialogues.
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Fig.1 Diagram illustrating the construction and annotation process of PsychDialog
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Fig.2 Distribution of various types of mental disorders
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Tab.2 Statistics of PsychDialog (- represents none)

e~ ISt Bk S

X g 5 3268 B _
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Xof 1S3 1 ) 4 5.8 28 29
PIRriR SRRV 4 250.7 117.0 134.0
)P 2 B A 43.6 20.3 23.3
B AR RS | 2721 - -
Lo BRI 11 - _
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IR HE
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BERT ( Bidirectional
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Encoder Representations from

4 ARIEIEFNE B B

AT BT HE R RN U] [ (Bl R, S R F
HEdfEd, BEEASEmREE CrRES, X
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BRADR ] E EAREEL, S0 BRI W S AR BT 1T
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3 EmBART HURREILEH
Fig.3 Model architecture of EmBART
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AL R R BN N O B R T X AR R A R I A 20 224
'BfE PsychDialog FZES. T HEHELE R, NARIBEALALEL
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5 SRS
5.1 IREFIRAE R

5.1.1 £k E

N T YN Zo BRI 25X W S A RO, o B £ 4 8:1:1
BB = AT WIGREE,. IUFSERIINRE . FELR A
{35 Transformer. CDial-GPT. BERT-GPT Al BART. *}F
EmBART, KX a 4 it 45 70 E B RS2 #C B N 6 )=, JF
B RN I R YL B BN 768 AR G AR AR 55 H
F U R AE TR bR PNERSE (Perplexity) #5848l & (1115
&, BLEU-n® (Hrfn 38 2) 4% T n-gram JTAD
A R [ 2 M T S R 52 2 [B] (AR ALLRE . Entropy-4 il
Dist-nP? (FoAt n B4 1R 20 FF 9P 28 i [l 2 T 2 4
£, METEOR HI-F VAl 25 AT 2 52 2 2 IR A DA RE
FEo IR AR, T LN 0T 15 A T R A [ TR AR
UM REHEAT AT VPAS A LL 8L
5.1.2 A )it

F 3 FIH 7RI A R A A B T 0 A R
SHABMAIA L, EmBART &5k EHEIL A, 7
TIR461 BART B!, H N ACRERIRI BRI T 2.31. X
FIIMANIE B BXHEm AR S HEEAE EEAG E
KM, Ak CDial-GPT £E BLEU Al METEOR #5 45 J7 Tt
KO T MRS, R T 5 A PR A L,
18 F KRB AL 2 SR 138 B S 5o 2 A AT O BT SR8 1)
ot KEMTAEH, FATHE—5KE EmBART A
SRR, BTG % T B FEFR (20

® 3 LB R RRITEE

Tab.3 Comparison of Psychological Response Generation Indicators

LY Perplexity Dist-1 Dist-2 BLEU-2 Entropy-4 METEOR
Transformer 26.45 0.181 0.384 0.014 4.152 0.019
CDial-GPT 25.55 0.116 0.501 0.856 6.213 1.145
BERT-GPT 27.09 0.125 0.571 0.017 5.316 0.075

BART 26.12 0.051 0.268 0.033 7.814 0.074

EmBART (ours) 23.24 0.196 0.601 0.904 7.959 1.215

NT D HBOR SR, [ 4 ROR T BN R R AR A
PPN R s ], b R S AR AR A . (EARER
f&, GERAPEE T B ChatGPT A2 i 142, X L (m] & 2 m it
PIRIAS RS LA AT (1) R 3t as KiE S M iR fs —
BNTIEEE, ik ChatGPT 4ZfRM AT FERINE. (2)

PRALZEENE, DME ChatGPT BEMIEICE 210 L F 05 H,
IXE(E R FVEXT EERE A . X EE AN M1 AN AL 1 [ 25
KF: — 51, IR BORBIR EE R B, CDial-GPT.
BERT-GPT #1 BART Frig it BIB BRIk, AAELXT . &
55 0 J, AH) T 5 BB 3T 280 73— 751, Transformer.
chatGPT 1 EmBART [ [ & F2 4 5 BRI W 1, 5
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Transformer #Htt, EmBART F1 ChatGPT F I H 5 N2 i Al R R ST X T AR RIIBFF, £ PsychDialog il

G THEZ IS WeAh, TR AR R I G B 1 SRS AT DUIE I B 22 0 00 BHL I 235 0 i R 2 5 55 11 17 JK
(B4 , EmBART (¥ 1A b Ad A 2 B B L4 SRR EE — AR i A i ) S o

fe 77, XK EmBART £ 1185 B R 3G x5

4 PRLA A EHRE BRI 0 R A Al 151

Fig4 Two examples of generated responses by different models based on PsychDialog

5.1.3 ALiF4E £ 4 ATIHEER

BR BV A, SERT TN TR, Sl MRS Tab.4 Human evaluation results on PsychDialog
HHEEHLER T 50 ANXFIE, HFEEE HALVEAL RMTRGE  15 R ) A e R
Fo SRR TR P S T TR R AR B AR R B AT T Transformer 2.02 115 511
o VPR G BEEY AR R 1 25 5 B BOW S AR 1] 2 AT CDial-GPT 201 1.22 215
PEBOEFT 4y, SRR N RSP AR il s . BERT-GPT 2.11 1.04 2.07
IR (DFTE, FRoniEmIEmERRSYE: 2) BART 2.07 1.13 2.03
BREEE, HEAUTFHFEEAHERE: Q) FHmE:, EmBART 2.39 2.03 2.27

PHEAE BRSO EIE R A Y. BARTE N 0-3, 430
EACE X NVE RS IT . IR 4 BT, N LIRS R,
EmBART A= i1 B ST ARG B 1 8GR & B AN A) F HERf M
LT H AR X Eegh 5 BT 4 R — 5K
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5.2 DIBRFRTIUN SEIE

5.2.1 £k E

AT T B AR L X Y AR R IR AR
BVVAG 7O ER R R A Rt . N T BRI SRS AR )
ST I EAAL o BRI TR PRI PE R, A Aol o B0 P B A A
AR 51 BRI ISR AR AN AR o R 2R A A ok
BERT. RoBERTa. CPT FRllZiiAy. Rtz S IEREAT i mb
5L, DA N B B IRARAE B O B TR 2 R 1Y)
o, B H RGBS KE 5PN SR SRS
Feak, BABE HRRR OB ZRD FE e A0 T %
1 BN, MR S B RAR I SRR U B R AR A
BTG £ R SCEINAE R B N . FESRIR I R, T
AdamW KR ESH, JR IR E N Se-5. HAb
SRR P R T SR Y R BN I B AT ICE . 9 TIF
ENZREF IR IR, SR T 2 AT I dads, B %
(Accuracy) « FUREHiZ% (Micro-Precision, Micro-P.) « il
HE#E (Micro-Recall, Micro-R.) . i F1 #8457 (Micro-F1).
B #f%  (Weighted-Precision, Weighted-P.) . i 4 [n]

#  ( Weighted-Recall , Weighted-R. ) 5 i £ F1 #§ &

(Weighted-F1) .
5.22 &R

%5 J87R T T PsychDialog ) = Fh 2 JEBERY (1) 12 R .
EAERNZ, SINEEWBARMRARG, AR
Redf A B E . FE CPT Al RoBERTa 7 & Mg 5 b #S
fF BERT, iXuegh Fsmi] TN EH A RBERELE O
RAEEMT) T mAER N E. R, OFLRR
TRMAT S L5 R %, X R HVMEET S FRIE R, B
B TR AR RN @RS W OB A B
P DL BT VS 5 RORSRITE . IR A A MERRAG I ok T B
KPR AR T2 RN 2 T4 1HI At e 5 O BRI M DR AN
e MR 2 P ), [ B0 2% B )5 Fofr O B 095 A IR
R 0, FIHIE R R R AR RS IR S AL )
SRR DT A, e AT Z A DX A AR T 3 i
BIATAY 2 B RIRE R TRITE, 3K L el 2 55 AT e 2 388 i s Tl
FRI A FEE o

x5 DBERRIMNER, * REEABEERREANTFHNLER

Tab.5 Performance of mental disorder detection, * Indicates categorization results after the use of patient self-reported content

LY Accracy Micro-P. Micro-R. Micro-F1 Weighted-P. Weighted-R. Weighted-F1
BERT 0.414 0.404 0.395 0.394 0.411 0.414 0.409
RoBERTa 0.454 0.443 0.374 0.386 0.451 0.454 0.442
CPT 0.431 0.397 0.402 0.457 0.441 0.457 0.445
BERT* 0.503 0.489 0.489 0.484 0.498 0.503 0.499
RoBERTa* 0.536 0.507 0.472 0.473 0.520 0.526 0.517
CPT* 0.564 0.531 0.528 0.501 0.511 0.524 0.515

523 £ %t

SEIG 45 A JiE B T PsychDialog $4iE S 76 O H 557
Wi 7 A ol R BS99 LN 7 T [ S PR P o O B R e R A
BAE S, A SCHR 9 EmBART 458 78 5 ol 470 HG 26 T
AR EERE . B 4 AR AER RG] EmBART 7E 4 &
TR EEEFEFEWREHHNGES, R T BRI
IESCRET T AEE RE 70, X P SRR T 0 HE S AR
R N\ 5 B AR 2 18] ) B SR T B0 o 6 3K 2 T 5 o B i 1 ST 4
A DA AL B AR R R AARAR S IR, A By T4 o 58 e
KL, A AT BRI R RS R A . % TS B e
S0 B XHE [ BE R R OR R T T B R, R
AIREBE T AR S FE AL S (R AY, A i BE AL 5 4 M
7% S A TR S (1 O BRI T L PN 25

RO IR AL, CPT A1 RoBERTa B! {6 B4R T+
BERT. #R1M, REARSCHERARM T ORERANZ T, H45L
PRAETE BN 16 PN R0 T 5 B0 1 7 TR AR 4 KA 2

M. XPPEE R E R T RO B A . %
HARE M QBB R E L, HHA R T H AL LR R T 17
FOXHiE, SRR TR RN T MR RS, RS
ORAENERNRSZ, Rk, BoHs S vT 4R g O BRI IO AT R
SR FAMERERIRE, ENE SR ERCE TGN E
Fe P 5E 2 1R O R T B R SR T ER AR I S
6 e

KA T L BRETT X B 45 5E--PsychDialog, — 4N A
B LR R MR TR, BRI T = ANMEL BT M2
T& . EHREAE 11 A BERORRERE, RS T %
Mo, GREERHL. BIEMEE . b, K
YHEH T EmBART, 5754415 B4R 2 ORI 5 A s
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