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1. 515

SVAIHE AN 4 BR A S5 TR WA, et 1.5 {2 A, IF ELAE4obE R ik 3 0 (Labaka et all, R01&;
Moreira et all, 2019) . (HFEERAR, MO BRI S A EEEZ FIVR 200 B BB, TIRLEM R, X4
TMEKOTGE T (B0, MR RE . AaERL. IR, S8, WA ET . SEn. E
71) (Yang et all, 202%; Su et all, 2023) . #4005, BEEATHIGIOE Lt T, 7= FAAREE (PPD ) 22—
L T BB TR P Hok it (Falana & Carrington, 2019) .

FEH, PPD BRI L R DR, REAE R AR, SR AT A B P B O
sese (Abadigd, R019) . FATHCIRE R, 2BRIG4EA 10% B 15% (R3] ppD (930 (Fatima et all,
R01d; Liu et all, R02d) . A, EARABETR, FUH 20% w Rt Hisias7 (Mazumder & Baruall, 2021)
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A OGBBRIOE , MO I EIR R S OB W B A LG RS Y K B TE 3% % & (Slomian et all, 201,
Rogers et all, 2020; Andersson et all, 2021) .

PRt Bkl prD B A6 R IR 20 T Bl & R T A T e s, LBt 1
Fiyiad (Wang et all, R019) . R, SETHIMIAEHH T PPD (LTI (Nurbaeti et all, 2021)
o KT, FT AR A A H SR RS IUR# , PINE BT Bl KA (Dergaa et all, 024) . &
T, AR TR AT 1 B AR H7 (Cameron et all, 2019; Duvvuri et all, 2022) .

(EAERER, AP Y HHARA TS, PrD A YA LB A MR TR R BT (i, %
TR FAARE S - BPDS | HH R IIE-2/9 - PHQ -2/9) , 0By IIT A= B30 IS 1G £ T4
(BI, TWECE) . REMR, J§FOrEm0LR i TR ERE . S, MEALIAEZE (Moreira
et all, 2019; Stewart & Vigod, 2019) BIA2HY PP 7 BER AL A, S0 A AP 2 IR DA B 40k
HAb 3% (Gabrieli et all, 2020) 74 {2 .

M2 T, ML) (M) At (R A RFAE (FI40, JEERE0AM TR - pir )
B SRS AT, I BT AL B E e R A A KR O SR . A, ML S35 T DU 20
IEFER A AR, B B T T A M4 W7 0 o U R G v B . S0 b, ML 75
PEALEEST (e P G RO BT, T R AR DB BRI, 14500 ML R (BIMEEGR . R, Tl
Bat) WOARETF B (HB) sifede (WAbER). HAOHEA SE i SRRl oI 25 R i A 1K 6
TR, M, JEHIORA TSI R, T B0 . UL, FRATRRBIET prD
e

AL, ML RTRAM E AT AL (Nep ) BORHRRS, DAFSA R AT S, BRI - 2 A
AT, AL B Iy S A R AL AT AR A (Bim et all, R023) . REmR, SR AL,
TERBRESHA (Lim ) i, BARAEB TSR TR RAL I prD . SATH, Lo FLARIES I RAE
JHEI, AEBESTSE T LA ) (Jethani et all, 2023; Andargoli et all, 2024) .

G, WERENR, HEHT peo Rk 80 R AR E L AT A M B R
RS R G5 R T T B 2 BRI 5 A BURIIS A& T P S R 3 TE L7 R AT R
W, BERSAE I IFRYT (Agbavor & Liang, 029) . TARMX— A, BF50 RAE AT REA UL HEd 7T R
FEROBIT (P, SETHI B BEHLAA - Re ), S i A FTARRRR A T4 (xa1) (Barredo Arrietd
bt all, Ro2d) Sefl % I THOBIHIUBIL IR, BT By AT B 438, T R BRATS T 1 phesfe i B T A
RELEHE, I HAFTAEARST (Agbavor & Liang, 2022; Gondécs & Dorfler, 2024)

L, A HLER R R AR BT e R I BURGCE BTk, L, FRATH TR M A R E S g e
NLP . ML Al LLM FOETBE PPD SRR RGO T IR, MRGLI T AL, S HARR AN,
BESL, M T A, DR BN S e TR [ SR AR
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R HATSALINT . 45 0Bk T 4o 6555 prD MR, BT RSt 5
g, mss | ik T smsdnge . Semmues, DRSHETHSEE. B, S H
EEIFIRIE CRANARAR T A

2. MR TAE

T AL IIEEST RARENS SIS E . TR LB G 5 (Yu et all, R018; Aminizadeh et all,
R024) . FAIIBIFL LB PR LM BT T R, LM R T RIE S A (N )
FERES M (~xou ) i (Agbavor & Liang, 2029) | #rBeyyscik il A d 0 (Jethani et all
R02d) .

TEX T, GPT-3.5 . GPT-4 il GPT-4 BITAERNMATH Chat Gp Wy I AOBER, 5 5E AR o)
NLG Al NLU BEIMIEG, BATEE THEE, MR err-3 ARSI . St b E 2T e i I i
BhF R R T, BT DAL UG R 290 (Cascella et all, 2023) 4R HEEE2£ A (Ayers et all, 2023) . %
T, 4 LM s BT XEST, BIHRAO NLe BE ST, PR, 45 ML G5 A (T DAk HCR A
AT DABE— 5 BRI SE BT, e R IR II T, SR BRI, RN S IR LR e th SR B 2 (Liad
et all, 2023) .

RERL, LM AR AR A4S peD I (Liv et all, 023) . — MU ELEAT R 2ebERO 61
Y12 Bezgin et all (2023) #9 TAF. fEHIEAR T ePT-4 (SR Chat GPT ) Al La MDA (i Bard) 7E[H% 5
PPD G HE TR BIN A I it R BEIITAS T M TR0 PRYER 1, , T Chat ap IS T fitbEgs

RUE R Z R ik Lo B RO TGS, (B ML $EAT PPD Ry T B A SLSE BT, Hrh—
RS R T SO A K. Moreira et all (2019) I FIGH . A 11 £ R0 e 00 46 R0 75 1 1 1 4
) PPD K. [FIBE, Andersson et all (2021) Al Zhang et all (2021) 76 Mr B 6 FE I PRATA FIERAE HE
17 PPD KWl AT ARV TR BB, ATIAESC R 420 T MR E. MUZ, Prabhashwaree &
Wagarachchi (2022) AT i f M 551 15 5B RIRE 21 961 PPD KR . FEIX A4 L,
(2023) Fue T ORI ML B, AR R Lo AT LR B A TR A B
T A, DUMFENS PPD Z IO X4, A2 T, Yang et all (2022) 3% 7 —FEtF I KAl
NOHIRETTE, TGS 0ty peo 5525, A EW T ) SR T HI% % PP R0 2L
V. i, Nakamura et all (2024) AR A CHEEBRIEWFIGE ML KIF PPD |

ST ML AHTSCA PPD A TAE, Wang et all (2019); Hochman et all (2021); Zhang et al| (2021)
T EHR B9, T Fatima et al] (2019) #1117 A Reddit b33z B, T b SRIGTE S 4. 5%
iR 7 B2 i Shatte et all (2020) SR, fEiX AT, [Trifan et all (2020) ## 7—4% [ Reddit
) PPD M TRITRIEE , FRR M TR EET ML IR R
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JE5h, Bhin et all (202d) #ih T MEARL. FEXABICT, HH B THEMPRHERE PHo-2 FHX
T 2 B AR A D BES , ST A 1 7 2RI S A T AR R PPD o BEAE,
(2021) M ML BT PPD | ERI TAESSRHETHEAR, HEA— T AR BAR A 0 3H
5 1 1 [ M A K

JHT ppD AR FIAEAE, (HA NP ThAE. X2 Nurbaeti et all (2021) foff8h, MMIFF% T—sk%
BRI, EIETEAAART PPD [ EIER .

R TAER BT PP BRSSO, M5 HATH % &4 70 B ARH %002 Duvvuri et all (2022) 1
TAHE, fiBEH M Discord HlSEIIBUIETF & T —F AT ML (RPL T R MM, [#:, Dergaa et all
(2024) S3H7 THERFRE M EEREA 5 (B4, SEEFRVIMIERIAE) B Chat GPT A7 HEUIE 21, (035
PPD . R, EHURT P Chat GPT R BT %l A BUHME T H AW J7, I LI A i n TN
FUPEREHEITIRE . A, BORCEO I XAT HTARRE.

Z3d 0 PPD BT BRI ZEIT, BlIR R B Mok B 2 55 (0 BEAR BT AMIT PPD IR
R FIRRIE T bk R SRR T, ARG A e TARN AR 4, DR A ik T
(de Arriba-Pérez et all, 2023) . 45 (Ehsan et all, 2019) AWLHEMHRE (Spinner et all, 2019) Hef#dk a1
Y 1 4 575 8 P D

7 T PPD [ XAT BRI AN Amit et all (2021) . Liu et all (2023) . Qi et al| (2025) il Zhang et all
(025) $EATHOBESE, E1HEHI AT SHapley Additive exPlanations ( SHAP ), ¥4¢, [Amit et al] (2021) 42
T REET ML IR R, o RS BuR PET T IS, BRI AT, (2023) Bl T FhET
ML ) PPD KRR, SRT, AT00Y B T2 B 10 o bE, T ELYS BOORRAE 0 A 1 S e
IR, 5 T AR S R A SR RS, IEFERTI T St TR AT BRI BE, (Qf
(2025) ¥ T2 Mo BERURF peD HUAIFERE . PEH 0 T AR 900 Bk SR . K
(2023 AT BVR HRINGRFY ML 45558,

S NBAFHR, AT PPD FERATAES P[4, (BEM RE AT 3R (B3, LM , xa1, 7628
4b3%) (Andersson et all, 2021; Raisa et all, 2022) B, 4% Ti%— L BHFARACRAAE D, FHIL, X5 T
Ve STEB I BB AR R I 2 AT, DASETSE I e Ry P . 3, Jef i TAESTICT:
—AVEHE PPD RS, RALEA T NLP L ML A LLM |, SCEURTEIGHHTE AR . ST ELAE A
Bro BOOb, ARG T AN, MG LM GATARR vr B (IR TGO ) 45 6 A
BRI, R PR T BN, B, BTN e KA H RN, T K
R 24 1 O 1 2 T
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2.1. WAk

AR E 32 ] bR 5 SR e X 1 T ARG b, eIt iy 2 0 Uk ke T IR 1 4k PPD 8
JAT Lom PARARME TR — P TE s F o RSB TR SOR, FRMTHE AR D 2R 8 X — T AR i
QITTHR. BEAL, FRMIMIBFFA RS E W] B O B R R I & T B BB, SR AE I R EAE P s R e & P R A
FEACHE B A IR SR e B
Table 1 HA A X prD BN S, FIEMNGUR (Qa + M%), FrRMEIE. SRl (B4,
TEZR) . Bl AR (s o HRiES, Demogr.: NHZEF). VARFTEREMERES) (Ex., FI: FHIESZE,

NL : HRIES).

Authorship Domain Approach Processing Data Ex.
Amit et all (2021) PPD ML Offline EHRS + EPDS SHAP
Andersson et al] (2021 PPD ML Offline Clinical 4+ demographic FI
Duvvuri et _all (2022) Depression ML Offline FS X
Liu et al) (2023 PPD ML Offline Demographic SHAP
Sezgin et ﬂm PPD-QA ChatGgpT - FS X
Qi et al nm PPD ML Offline Biopsychosocial SHAP
Zhang et al| ( ) PPD ML Offline EMR SHAP
Proposed PPD ChatGPT+ML Online FS FI,NL

3. RGN

e [ o T . NI AR (2 B ) I S % P g
B DA MR TR (R TR B . 525 (0 R S s AL B P B, %
B S AE TR (2 B ) R srbr Svese (2 B, JRdinsta ik (3 BA) BT,
B, O RO E J 20 P4 T ARG | AR 2 i (229 B ).

3.1 MPRMEARR 6 FIERI

BINKAEE NI KR —ADZFE AT (R, 3% Android 1 10S (1 FA HUIFIE BETAL, PAKGE
T macOS I Windows [0 AR ), BERSHEAT H AN B ARAXE . BT DA 5 R LAR SR A A [a) 1§
U PPD I T B, 755 40 RS T, ORI BRI B W DA A (1) 5%
JURYTEIRRIR AR 0, (i) JERh AR, (i) BEEGEES W, (v) WK, (v) XL
A g R, (vi) SERVEETAIR, (vil) BARITHR, PAK (viil) HEHREE.

WRAE AT B ARAAAE =R ddon () UL, (i) MRS AT R SCAE A, DA (i) $2 1P 3R YT
Tr%. R, ZRIEHE AR TN, %38 R R R DA A . BeAh, A Lom Y
temperature SR LIV H A . HBBOCLHRE BOCARI BRI i B

2Temperature = 1 FER5EAMML, 1 0 R FHIEL:.
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Stream-based classification /
Stream-based data processing
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Incremental
prediction

Prequential |
evaluation

Feature
analysis &

Fgatur.e +

/ (englneerlng selection
TS & :
Figure 1 1 (1) WIRHLER AR HART & FRALPRI, (i1 ) GERHE TRAMFHE ST & PRt
H,o(i) Jwarde, M (v ) TR B R

3.2. HAETAE

AN AR R R TR IATRY . 5 2 i R P P [ 7 9 BL R DA R 260 wa L B yes
sometimes . often . no ., unwilling to disclose . JRJ5, A FMNMREHSS— 0BG XE, It
Ab, WERBLES N AR P 2k H P AR RS .

WER, M TR NGTFENR, “(AMINEEE G TRIE TR, B ) 38 WA FAE B
7. semm il .

3.9. BAESHT 6 ki

ML AR A B SRR R B . R HEV B B T, BB A & AR kI
TR, b, ARSI B LRI R, M SRR T ARG T T . PR, 7%
TG 2 P RFAE AT AR R AR P

TEIBRITH, RARNE 2 M AR, PRI, 7250 T A B AR 2 e 97,
R4 0T, BT 1 T S0 M s R 8 T4 R i 7 25— W R B T 4 R (0L
wafl).

SAGEM ,
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Algorithm 1 [ Y g A5 .
Require: dataset
1: for topic in dataset.columns do
2:  unique_values = set(dataset.get__column(topic))
3 for option in unique_values do
4 column_ name = topic + “_ " + option
5: dataset[column_name].rows =0
6
7
8
9

end for
for index in dataset.get_ column(topic) do
value = dataset]index][topic]
column_name = topic + *“_ " + value
10 dataset[index][column_name] = 1
11:  end for
12:  dataset.remove__column(topic)
13: end for
14: return dataset

Algorithm 2 F2ZE{HITHE.

Require: dataset , percentile

. list_variances = |]

: for column in dataset.columns do
variance = dataset|[column].var()
list_variances.add(variance)

end for

variance__threshold = get__percentile(percentile,list_variances)

return wvariance threshold

A - e
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3.4. AT Rk
FATETFR /3 K8 H AR B2 pep BB EATE. ik, BEAIDAT ML A%

o FRWTENE DI (aNB ) ([Tieppo et all, 2021) . HIEUEET (R BERANE DU FEE . AMHT PR 40
fii, AR T, RIS,

o 4R (LR ) (Montiel et all, R021)) . ZEI A S B B T AEAS B 45 2 B T etk .
TN IR B R A e R —, RAS LM MRS 2 W B P AT REAT B, FL B BRIl A BT IR

o PERIKIARGEYE (ALMA ) (Silva & Villeld, R021)) . T S AL R IR A . B i
TSR IR (8 p > 2 ) R e AT A0 B 2 BIATR

o Hoeffding H &N HH4r2E88 (HATC ) (|Mrabet et alJ }z019|) BWHATRASZ, FHP R 55
43 SCPERETEASAIL ] o

o HIERBEHLAMA 88 (arFC ) (Fatlawi & Kiss, 2020) o B2 5% ) 7 42 0w ik 2 5%
SRR, R T4 HATC BYERE.

HERER, M FTERL (AUC ). KW, A F IR iR . RS HER IA SRLHI  f
Bt (3 IE T ELSSIE G ) , (L7 Tl DR T2 A7 1 S e (R 9 LS5
HEHATEFLEEI A (Rainio et all, 2024) . B, KBS EERBICE, 76 -WEF135)
SALE, N B R T A B (Ho et all, Ro20) . st R, HHRFE, 1
RIS AT 0. ORI 2 A R, ATDAD K, (LB AT A2 PRt B, M T A
W, LRIV, (MR A SR BRSO UL ORI UL 2 BB MTATT, T RES IR 1 R e
UL (I, RANETAR) RGSHA. MR, RO AR IS AT SR oL SR R % g
(B8, 5 ARSI 347 - SOk PR B TR T4 WP R B S, 047 T i o
T Mm% (Lindsay et all, 2024) .

3.5. AT Ral T A

] RO B A AR U A AT SRR A (R R DACEAE TN 2 F 5 775 v oy 28 s ) 3 (HA (LA AL
ffo N T PEHOXEAEE, AT T — PP S SRR ROR . EVEARHE R /NS, X s T
M. FENFS, XEHESITE Mo B Pk AR R R T AR S (B, BRI R TT AN T )
TSI BRI BE . R BB MU MR T . 0% B ik T I e smmen
g BIEAE T, RS2 R R R MO B E .

www.xueshuxiangzi.com



Algorithm 3 [ LR A,
Require: model , x , predicted_label | Niterations
1: x_new = ||
2: relevant__features
3: for i =1 to nyerations do
4: for each feature in x do
5 if predicted_label = 0 then
6: new_value = random__choice__No()
7 else if predicted_label = 1 then
8
9

new_ value = random__choice_Yes()
end if
10: x_new|feature] = new_value
11:  end for
12:  pred_new = model.predict__one(x__new)
13:  pred_proba_new = model.predict__proba__one(x_new)
14: if pred_new! = predicted_label and pred_proba_new > 0.5 then

15: features__modified = instance__distance(z,z_new)

16: if len(features modified) < len(relevant_features) then
17: relevant__features = features__modified

18: pred_proba__final = pred__proba_ new

19: z_ final = x_new

20: end if

21:  end if

22: end for

23: return relevant__features, pred_proba__final, x__final

4. VERE SRR

P SERSfE B A DA IS IS kAT

PAE RS Ubuntu 18.04.2 LTS 64 {if

AbFRLE : IntelCore 19-10900K 2.80 GHz

M77: 96 GB DDR4

o W#k: 480 GB NVME + 500 GB SSD

4.1, EIFIEE
T AR B () A gosarge B 200 40 P 55 B i e R 5 i A AL
I 15 1 PR TR 5CE, HE T A 230 B s Gi) A AT e | b g 1491 PR

IRPIRAWRALSHE . WL, AHEEEHFH.

SH[YE https://doi.org/10.5281/zenodo. 14049633 4b#HL, 2025 4F 5 H.

St LRI 5 ik

"HTE https://www.kaggle.com/datasets/parvezalmuqtadir2348/postpartum-depression $KHL, 2025 4E 5 .

9
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https://doi.org/10.5281/zenodo.14049633
https://www.kaggle.com/datasets/parvezalmuqtadir2348/postpartum-depression

LRI (HE ~a 2590 B 03 T IR IR RTERE. 55— AR R AT PR Y N
fE7. MR, SR S T7E R TETRI prp 4.

TEH— AR, AT MR S 4, RIS 25 NG, ke, @ B e
T PTES AR BRI . AN, T AR P B I T A G A, BT T
LR s B TR,

6000

4000

2000

Yes No Sometimes Often  Unwilling to disclose

Figure 2 F P AW B 431

40-45
24,2%

35-40
23,2%

Figure 3 55 A nd YAl 7013 -

eJa, F#% 77 BoR T A BRI B R R
XA B AR A2 N TR B A S R O LR B i BRI R 4 b A iy, 8 0l T 5 A
WA R, BRI RUHIE . BT BRI EIM I ™ aihs . G T iR TCA s P 1L
SYEEE, PR Y AR B RE T2 NA , yes , sometimes , often , no , unwilling to disclose .
10
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Table 2 55 —ANSEIRHUIRER T IS 011 -

Category Number of samples
Absence of PPD 523
Presence of PPD 968
Total 1491

RS IR AR BRI ek I, FRMES & TR, — SR A AR, R AT
o KT R AR R BE R R, SRR SEIR A, (B e T e To ik s iR B 9™ fe i
TGS . HRECCREME . 2T, AMBRETREEFRY . Mg, 1E SR S AT 2 Tr
TAFAERR M, 52 W HO 532 AR T4

4.2. MIRAE AR 6 4FIER IR

G AHE BT R Y Fluster SiEHER 010 | o mxcyLas w27 Flask (B4 2.2.2)
SEHA MRS 28R Python (B 3.8) W 44500, R4 284 AN Gunicorn (B 20.1.0) LI
FOMCI A, T Flyer Chat 22 B 9ok o R Gebe (L MR D TRl Flask JR 2548 e 00 FHL S AL F L
R R AT A R S B AT LM % Chat cpT (84 3.5) B st Open a1 rEsT apr M |

WER, BB 10 YOS FT itk DASCBISE e Bt —BO0ais. — EA s MR, S A A
KRN, K0T Firo HekkiR . % B W5 TR IR R

W, B R T AN P AT, Hoh RG] P I ARG . AR AE ]
.

AER B — AN B PR SE AR P B IsE . R GEMERE T SE B T 88.50 % HUMERGR . BLPPAL A TR A R N
i B BT, R, RHRREAIRNY, RAICE 4 AT AR P0E (1, SRR Na
S6) . % M EmIh TP, M RHEREZH 90%

4.3, HiET A

“{EALAFE T Python pandas i B iy get_dunmies BMC. MILAEMUT 53 AM/REHE, Hirt 48
AN RASAERT B 8 AN 6 AN P SRR 5 A aishey et ar 1 . 7 B e, sefraroingss)
HE AT R 40 )P0 431

9T[7E https://flutter.dev 25, 2025 4E 5 H.

107 7F https://www.python.org FRHL, 2025 4E 5 H.,

LA 7E https://gunicorn.org LY, 2025 4F 5 H.

120%F https://flyer.chat £ 2025 4F 5 324k,

I3F[7E https://platform.openai.com/docs/models #rif], 2025 4F 5 H.
147l 7F https://platform.openai.con 3Kf5%, 2025 4E 5 H.

15H7F https://pandas.pydata.org FKH(, 2025 4E 5 H.

1625 %) 50 B Z A 5 4FFH.

11
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https://flutter.dev
https://www.python.org
https://gunicorn.org
https://flyer.chat
https://platform.openai.com/docs/models
https://platform.openai.com
https://pandas.pydata.org

Table 3 /R THE

Prompt ID

Prompt content

Temperature

Analyze the user’s responses in the dialogue
and return per topic one of the following
options: NA, yes, sometimes, often, no,
unwilling to disclose. Topic 1: baby
bonding issues, topic 2: concentration and
decision-making problems, topic 3: feeling sad
or tearful, topic 4: feeling guilty, topic 5: irri-
tability towards the baby or the partner, topic
6: overreacting or loss of appetite, topic 7: sui-
cide behavior, topic 8: trouble sleeping.

The following is a conversation with an A1 as-
sistant. The assistant is dynamic, never re-
peats the same thing twice, and is creative,
intelligent, and kind. The assistant tries to
establish a conversation, and it always asks a
question when he finishes speaking about one
of these topics: topic 1: baby bonding issues,
topic 2: concentration and decision-making
problems, topic 3: feeling sad or tearful, topic
4: feeling guilty, topic 5: irritability towards
the baby or the partner, topic 6: overreacting
or loss of appetite, topic 7: suicide behavior,
topic 8: trouble sleeping. Return an utterance
per topic.

Propose three care treatments for a user with
pPpPD taking into consideration its responses
into the following dialogue.

Table 4 J Ui R AR 2 2R «

Class

Accuracy Precision Recall

F-measure

Overall
Yes
Sometimes
Often

No

88.50 92.13 88.50
- 100.00 75.00
- 76.92 100.00
- 83.72 90.00
- 100.00 82.50

Unwilling to disclose - 100.00 95.00

89.45
85.71
86.96
86.75
90.41
97.44

12
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True label

Figure 4

NA

Yes
Sometimes
Often

No

Unwilling to disclose

Message

Hello Maria. Tell me how you feel today.

I don' sleep at night

I'm sorry to hear that you're having trouble
sleeping at night Sleep issues can be really
challenging and can affect our overall well-being
Have you tried any strategies to help improve
your sleep?

No and | feel so tired

I'm sorry to hear that you're feeling tired Feeling
tired can often contribute to feeling sad or tearful
Is there anything that's been on your mind lately
that might be affecting your mood?

Yes... sometimes | feel sad, but | don't know

It's difficult when we can't pinpoint the exact
reason behind our sadness It might be helpful to
try some self-reflection or talking to someone you
trust about how you've been feeling Sometimes,
simply acknowledging our emotions can be a
step towards feeling better Is there anything
specific that you think might be causing your
sadness?

FLXE R B o

N

NA

Yes
Sometimes
Often

Predicted label

Unwilling to disclose

Figure 5 F e B AR Ak A TR WA LR
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Figure 7 4G/ R )7 20 PR Y

LTW7E https://riverml.xyz/0.11.1/api/feature-selection/VarianceThreshold $kf%, 2025 4F 5 H.
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1.5 AT Rmg %
ET s T T vo ki o LR B apva B marc BY g oarec B gl LB
Al H PEGIA T FOAL R SR , Hp T LR . ALMA . HATC Al ARFC BYE, 451 B

Listing 1 LR hyperparameter configuration.

12 = [0.0, 0.1, 1.0]

interceptlr = [ 0.001, 0.01, 0.1]

Listing 2 ALMA hyperparameter configuration.

alpha = [0.5, 0.7, 0.9]

B [0.6, 1.0, 1.4]

C [1.0, 1.4, 1.8]

Listing 3 HATC hyperparameter configuration.

depth = [None, 50, 200]
tiethreshold = [0.5, 0.05, 0.005]

maxsize = [50, 100, 200]

Listing 4 ARFC hyperparameter configuration.

models = [10, 50, 100]
features = [sqrt, 5, 50]

lambda = [10, 50, 100]

% B Wi T AL . ATDAERE], aNB 7E 0% B 80 % R PTG HE AT B i — SO
ALMA J32E287E 80 % £ 90 % YUl MR TRIGFH AR . EATRUEMEZ R H Lr P05 (H140, ppD Gk
WA 3 P i), JEE UGN T HATC o B, ARFC 2 IRIRELASRIOBAL, Bt T 90% HifH.

I8TH[YE https://riverml.xyz/dev/api/naive-bayes/GaussianNB K%, 2025 4F 5 H .

94 https://riverml.xyz/0.11.1/api/linear-model/LogisticRegression FKHt, 2025 4F 5 H.

20T #E https://riverml.xyz/0.11.1/api/linear-model/ALMAClassifier I, 2025 4FE 5 H.,

21H[¥E https://riverml.xyz/0.13.0/api/tree/HoeffdingAdaptiveTreeClassifier 3KHL, 2025 4E 5 H.
227T[7E https://riverml.xyz/0.11.1/api/ensemble/AdaptiveRandomForestClassifier , 2025 4E 5 H3ki5.
BEER, EEES S AE T EL onB Hk.
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Table 5 TERLJF—AMHAZ FHTIES IR (# 0 F # 1 5 B35 PPD I RAFLERIIEALE)

Model Acc. AUC Precision Recall F-measure Time (s)
Macro # 0 #1 Macro # 0 # 1 Macro # 0 # 1
GNB 80.05 77.26 78.32 73.35 83.28 77.26 67.88 86.65 T7.72 70.51 84.93 0.26
LR 78.52 70.94 81.88 87.18 76.58 70.94 45.51 96.38 72.57 59.80 85.35 0.15
ALMA 86.85 85.70 85.51 80.91 90.11 85.70 81.84 89.56 85.60 81.37 89.83 0.10
HATC 75.35 70.00 73.65 70.10 77.20 70.00 52.01 87.99 70.98 59.71 82.24 0.49

ARFC 91.40 88.82 92.32 94.58 90.06 88.82 80.11 97.52 90.19 86.75 93.64 34.28

WM 7T PR, TESEIREEE T, BT HRAL, B B R RN . S T AT TR S R S
T2 e B ERHE AR PSR R T, % [ SRR TR s T A . i,
TR DRI T T OREEBRAR R IIMG E R B (B 523 ASEFIRCA PP (GG . HIIALE R, 751
B TS . A2 oNB Fl mare BRI T, FURRINE] peo pOREREZ BN, WX LR, N2
HEFEZFP0 . HLZ T, ava BEURG THEREMEE. K0, arrc FEIPARIR EARBIEL,
UERHFARR AR B FL et . a2, TN S AR AT A M E R — B0 . Wik, BT RER
IS 22 BB R ARAT T (S B, FRATIA Jy Gl G T VAR I 1 4 17 A

Table; 6  FEMAIE T, Ba—MEARGIPERCE PR BIIEER (3 0 F # 1 251308 pPD AAELER
FPAE) o

Model Acc. AUC Precision Recall F-measure Time (s)
Macro # 0 #1 Macro #0 #1 Macro #0 #1
GNB 78.64 78.64 79.09 82.71 75.47 78.64 72.41 84.87 78.56 77.22 79.89 0.18
LR 78.66 78.65 79.23 83.30 75.17 78.65 71.65 85.66 78.55 77.03 80.07 0.11
ALMA 84.59 84.59 84.59 84.51 84.67 84.59 84.67 84.51 84.59 84.59 84.59 0.07
HATC 75.10 75.10 77.29 85.03 69.55 75.10 60.92 89.27 74.59 70.98 78.19 0.34
ARFC 90.13 90.13 90.18 91.49 88.87 90.13 88.51 91.76 90.13 89.97 90.29 21.79

B, e ] s s g st B S 35 T AR T IR . SEBEVEREM 2, Bezgin et all (2023)
MFTE 2R ML BF5E, I HICH R K405 . B RBIZ piit 2Pt 2R (B0, WA T L3
B A RE S IR R ) . AT BUR S — AN Lo F1 ML, 6 diE S AR T peD
i) 7 %

HERR TR RO 22 56T Andersson et alf (2021) i TAE, + 17.90% 4. 1E AuC $5F5 (+ 21.68% A LL
F Duvvuri et al| (2022) ). B (+ 26.02% 43HHELT Duvvuri et al| (2022) ) ST (+ 28.77 % 434
Fo T Andersson et al| (2021) ) |, PEREPEF TR MAE F -D&E FAHET Liu et al| (2023) Huig T K942
FF (+ 40.19% 4. R, BMAZERAET S Amit et all (2021) F Zhang et all (2025) 26T auc $8FRIAHF
58, BRXT T ROE—ITAE, W2 T 10% 4, ARTERNTSE. *T Qi et al] (2025) HHF
g8, KEWEE. HIEERA F - R B + 14.52% 4F. + 9.07% 401 + 18.69% 43
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Table 7 SHI XML R LI

Authorship Accuracy AUC  Precision Recall F-measure
Amit et all (2021) - 84.40 - 78.00 -
Andersson et al) (2021)) 73.50 80.95 63.55 73.50 -
Duvvuri et,_al) (2022) 88.21 67.14 - 62.80 -

Liu et all (2023) 74.20 - - 73.10 50.00
Qi et all (2025) - 85.80 77.80 79.75 71.50
Zhang et al] (2025) 81.30 84.90 78.65 79.00 -
Proposed 91.40 88.82 92.32 88.82 90.19

4.6. T Ray VT A

N TR S SRR, FRATIH BB LE E ) Predict_Proba_One PRI Z, AR LT 80 % AUFEA, X LLFEAR
W FERFNVERE F 5 AR AT B, BRI HEE Rk A hHEE 50 % o BbAk, X EHES ik 0T,

DATE -5 M2 2 BEATOF A Y AE 4K

51 B SR T S SR T A AR L . ) TR T PP A IE BT R
FAERT R M, S8 AU TR R DL o S B AR AE AR LE 6 23 AR TR i 50 % BUfH
RORHIE TALIARSRIR) o T AR RR A 6 £ P S 060 T DAZZ AN

Listing 5 Counterfactual explanations examples.

Presence of PPD (84.26

Age : 30-35 -> 35-40

Baby bonding issues : Sometimes -> No

Concentration and decision-making problems: No

Feeling sad or tearful: Sometimes

Feeling guilty: No

Irritable towards the baby or the partner :

Yes -> No

Overeating or loss of appetite : Yes -> Sometimes

Suicide behavior: Unwilling to disclose

Trouble sleeping : Sometimes -> No

Absence of PPD (83.75
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Age: 30-35

Baby bonding issues : No -> Yes

Concentration and decision-making problems : No -> Yes
Feeling sad or tearful: Yes

Feeling guilty : Yes -> Sometimes

Irritable towards the baby or the partner: Sometimes
Overeating or loss of appetite: Yes

Suicide behavior : No -> Yes

Trouble sleeping: Often

B JRR T A S PSR AT LA B AT R . TR, RGRAE T X T
SRR AT AR 15 RRERELS SRR 1 — B A, R B2 B e = Aom 2 Ui
PATERSI Y PPD HFBEARHE S 7K P

Nightmares can be difficult to
deal with, Maria Have you
spoken to anyone about your
feelings or sought any
professional help?

No, | haven't had time

Maria, based on your positive
responses about being irritable
towards your baby and partner,
problems with concentration,
and experiencing overeating or
loss of appetite, | believe you
may be experiencing
symptoms of postpartum
depression. | suggest that you
consult with your healthcare
provider to further evaluate
your case. In the meantime, |
can offer you a set of possible
relaxation exercises.1. Deep

Figure 8 W[ REIEH B4 A2 SE PR3 35 o

18

www.xueshuxiangzi.com



5. &5k

R S DR Z B ZPRI A W R . BRI, B AT MR oy 4 A prD 7 IHIAAAE 2. 4
NI, RE pprp ZEFRATAAE S P 140, (H4 1] XX — BEM R R D, TR
ALFEARNTE (4, LLM . XAI . 7EZRALFH).

Bk, FATWFFGET S G NP o ML FT LLM s FRR T—F R PPD TRIERSE, RARGAEEM B KK
FHHAGTE L H, St AN SRR T . BhAh, B T SRR, PR 1N 3 e AT R
IRTEFORMRE . 458N, 72 peo K INA B A PR b ARG T U050 90 % , B T ST b i s 4 g
TF. %, RN S Bl R A T8 B B MOl BT R SR e o ) e XU, J 3

FATA AR B R A8 T THD ) B i 1o 2 T R AP SRR, R A 2 BRI A X B Al ) 227 {1
Ho ZARGW AMER RS- G, (B R Ll N SRR U5 IR IDI (R REAZ SE i G . R GERY
HRFE AP S TR, AR A A AR 5SS, (LA R0, 82 A XK P 7€ 19
(R T Tl KRR AGE T TE R S 20, JUHRRTEM S A R B s A IR RS, 3205 7 00 I A
FIHH B R IR . BB AEERE, Pt RS T B . B, @ Frg i se s
. L BORG Bff 14) TEE A 1 B KBS AS I W) A B0 R B I IR T30 AR, 5 R GRS B (BT & o vl RS i x)
PRl S SR . 55 =, TEVEIRAT R 2 AT Hb I JGVA R IUE BHEF= a9 BT, 1% R G0 DA iR i
PR, WA ENZ I, R EH R e IR 28 (9045 3] B i v

TESEER I I b, LA HAS A A RN () 3 5 A REU R B PR . X (R R S H i . B
WS R AT 5, ARG ARG T, AR BE ] P BRIHRLRT AT T RRAL, e bR
AL BT ] 42 A 50 R 5 2 NSO PR A A N AT OIS B ER . S TR, RaueR, i
A RESZ I RIS, R ARZE i AR e L N B TR A% . FEIX 7T, T AR MR FO v Y P A
IR BEA B A A5 R IS B R . )T, ARk B ASIR] ) PR AR R AR M R HEA T VAN N W A TR R
SR, A BT -

R RGN, AR IR B R AN UK T P RS 2= B2, Renl @ T2 4
M e et FEX—Jrm, FATRHRRE BEM RO TRIMA RIS THREZIT. RGNS TR
A NESHE , AT AR FRRL XU o FEAR R Y AR, ATl d o AN 2 i 1 - WS 1) S B B A A ey 5%
HRFLOEE ST . BEAh, AT RIS REME S, WVEEA s, ARG T pr F . AN,
FREBRSLA (B, sk, THRES2E) . FobT S RG24 BIASH KT B RTEGE 73, DA
PRI RMERE . 300 25 B B RS W e 2 MR e Ak o B8, R % GORF I T B0 IE AR ) KA A4
IR, DA RS A AR M T S T g R A
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ez =

P 7 I S AR SN A S JE 58 5 il o

7.
weah
A TAERR 53] T A PE Y B 6 K EUF % B H ED481B-2022-093 il ED481D 2024/014 (9375
8.

THr ¥ STt 1D
Silvia Garcia Méndez https://orcid.org/0000-0003-0533-1303 , Francisco de Arriba Pérez https:

//orcid.org/0000-0002-1140-679X .

Ve vk =

P EFHRE B HME T RLHA B A AA . Silvia Garcia-Méndez: & k. ket &4k, BiE. 1E
Kt WA IR, B EL RS - RUGEA . RS - HRLA MG . T, B3R Francisco de
Arriba-Pérez: M. Jrikss. BfF. Bk, XA, WA BHR. AR B - IR, RS -
CHRINSE LN AN 12 N

10.

BRI AT PRSI
SIS EHE ] DATE https://doi.org/10.5281/zenodo. 14049633 Fl https://wuw.kaggle.com/datasets/
parvezalmuqtadir2348/postpartum-depression AN JF3REL. UAL R PAYE https://github.com/nlpgti/

postpartum_stress A FFFHREL
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