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Abstract

The recommendation systems tailored for online health communities necessitate suggesting in-
terventions that align with users’ interests while also enhancing their health outcomes. In this re-
gard, this paper proposes an integrated online health intervention recommendation model, which
amalgamates utility and interest considerations. Initially, an attention mechanism is employed to
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discern user interests, concurrently computing the anticipated therapeutic effects of candidate
interventions for their participants. Subsequently, the utility of intervention plans for target users
is evaluated, culminating in the fusion of scheme utility and user interest to derive recommenda-
tion outcomes. Experimental findings corroborate that compared to alternative recommendation
models, the proposed model yields superior recommendation results and enhances the utility of
recommended schemes for users.
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KF, T UEOLE L. CCPM [15]F1 FGCNN [16]U1:K CNN S FH 7E A% 45 1 45 K4k B T AT 55
W, A CNN 22 IR A Bl BLER HE VR BE DS 48 (DIN) [17], it T — A= i B o R B0 A
KR FAT N, HRMGE RGeS AP DGR A EN TR, PUERARE &5, o &
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Figure 1. Health intervention recommendation model structure
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SR HE C R, FR ARG AR 1) TEHUgRT-H0 R515%, SREGAMERE T £ &
G URL: 2) MRABMERETIUTRAIR, RETENE, O @RTHTE ID, HEMIRE, TR
MEA, TREHEREANESNE, TROEAE, TEOFEHIA, 77 RNRENE, HTERNSS
N2 5% URL #13R;: 3) BArA @ RT 107 £ RER NS 5 URL &3 BMAH -~ URL 4
s 4) WRYEH T URL 1R, RECREEEEMREFHANANGE, . B/ 1D, APmEs, HA
OGRS RS, s, P ik EAR L 5) XBEAMERT L RS 5#HYIE, 15
BN P25 E R0 %, SEIH P TIEATRFAIFIER: 6) TS 15 R H (g BT 107 235
WEGH P HIEE . mA—ILIRTT 7606 AME T 1177 £ 124,269 MH ', 3L 204,978 4~ 2 517 N #E
WLZE 1, BB RN 99.98%. HH, 118,523 M P S 5 HME RS 5 7 EAECNEIE 5 1, 2947 95.38%;
H6TITL A AT T HEWAM NS R, Hdh 29,763 AMEEFEL T, HATEEAE 43.92%.

Table 1. Experimental data set

F 1 LHRBES

it Wi Gt M #¥H Ji 4 H 5 EE ATHER A
FELAE ST 6 99.98% 124,269 7606 204,978 67,771
Table 2. Statistics of input features of the data set
2. BREMANFES T
25 A e R AR B N A e A AL
user_id H A id 0~124269 one-hot
user_posts R H LB H one-hot
user_following FVESL ShrH one-hot
user_followers VI RA SEBREH one-hot
user_registration_time EMHBEA) SEEREUE one-hot
F P RHIE user_start_weight T A ShrEE one-hot
user_current_weight H A E SRR EUE one-hot
user_goal_weight [SRANENGES FhrEUE one-hot
user_challenge_number NI SehRE H one-hot
user_last_effect B — IR T TT E IR 0, 1 one-hot
user_history_challenges iS4 N5 BN multi-hot
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item_id EAD 0~7606 one-hot
creator_id KA id S hrEUE one-hot
item_create_data HisHMEHR H) SEBREUE one-hot
item_end_data iR AWI(EAR H) SERR U one-hot
item_participant_number Z5 \H SEBREUE one-hot

T7 RAHE
item_reporting_periods 25387 3 LR S hrEE one-hot
item_reporting_times Z 53897 3 EIRIRE bRk B one-hot
item_mini_challenge_number H Bl 44 SehRg H one-hot
item_active_user_percentage TE R HA) SERREUE one-hot
item_good_efficacy percentage J7 U B P A SRR one-hot

AR B AR L0 2 s P Sl — kB 32 T 105 RN BCRAS IR P fE 3652 1
AT R BT T SR e R B AR L, 1A E T R IRy 7 20 HUE 1, SR 7R TT A, HUE 0,
R B3 S2AT AP 50 7 2 55 i A e e -0 610 id 5103 o g e T3 SR IR R 7 LE RS il
AR R AR BT U S5 BT R T NBUE 2 5 NBURI LB, 7 R B B R P o R
IR L], XA AEIE R 1 T T007 S8 e AT R AIE

ARSCRH T SCHR A2 4G B B IR [25] [26RVEALHERRICR, BUAL BOJ1 24T 0 gl 4
Rl — RS 5 R RETT07 ZAE N IEREAS, RN B A 50 H AR REAI D1 AT 8 P SIS AE ;- [RII
ASCEENUEER 1 =5 P B S B T7 SAE N TOREAS, I [R] I 27 5] IEREAS 5 SRR AR SR BE 4 1R R LA
JORS T RT3 SR 75K 5 %

4.2, NEESMXE

AR B R BE SR AT R R AR B U BEATBEALFT AL, KR SR 4y R A
HFHT4, M 80%HIBHE M AIIZREE, 20% 08 1y i .
4.3. TEIEHR

AR AUC 1 Recall 3 FpPAR F A7 S A 56 A3 AR

AUC (Area Under Curve)’y ROC ik~ 5 A8 bl FE B AR, RIIEAGIHEAE 57 mi i i E %, 72 CTR
T ATI, AUC s —Fh) Z AR 4abR . B (A TR CTR XS ATA T 5 (BLHE FH P 93T SR 7 1)
IR BT HE R R BT IR S . AUC IARA:

Mx(M +1
z ins; e positiveclass r‘ankins- - M
i € P! i

AUC = 2 (6)
M x N

WA R ins, Fon 3 T MEA, rank,, FRER TAMPEAE I 70 A TS B LR HE P 10 5
positiveclass F R IEFEA, M FoRIEFEANE, N R AAEARAN KL, did e xd =R dE 47 47, SRt
IEREATHE T 75 A0, 98025 5 T 4000, SeaBR A M x NG
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741152 (Recall) 7 ) KA o 10 TEAIS 2 BB TEA 7, AT T 9 e A O i E i, 79
EIH AR N

Recall = _TP @)
TP+FN

Wns @) s, TP R IERG I R B 2, PN SRR AR R R A A2 SR S8 B A 151 ) 2
AL
4.4. RKEH

ARSI E AP, 73 5052 T AFHERS B R T 7007 280 P2 A B T RO P 2 R 2

S MERET B R, R 1, AR 0, P FIEER 4K, BAC I A Y
HA[25]1F M52 bR SO TR ROATAS B . — T2 U A 008

m%=—%§hrmﬁpwdﬁirvdkw@—MMD ®)

WMARE@FR, yR-IIHRZES L, p(y) 2bfET y M.
5. KRS

TE IR A 7E 2R A B AL X I HEE RGBT T b, AR SCBIAS NN 7 g BT T30 J7 8 107 288 T Sk w45 7
NS P TR . TR RGN B R T PR E W R, R AR B St 3
CLH P o i 3O HERE B AR AT 0T, RIS SRt ot 1 SB35 B 97 G AT b . S 45 R 3R B AR SOR Y

08 75 12 25 B8 AR 7 97 A R B s P i R

51. XBEH

AR S I6 i FH AR LI, SEB6PA 958 Windows11 #:1F 245, RS ALHEEY, T python3.9, i Jupyter
Notebook J & T, SEIG¥fH A Keras fii4s 2.6.0 S,
5.2. {RAVEIRM S HTSoIE

ASCAEAE 2 A& BT 6 E0 s 5 _H 0T 78 il 250 -5 R PR {8 B TUHE BT 5 P A e R T (1 BE 7
T I PR RS T07 MY SR Z S EORAE, SO P R S TN 2 i S0k, R4 10 Mk
(epoch), HEXRVIZRHL & (batch size)y 32, {HH] Adam AL &y, %>R & E N 0.001. ASZIGHE 7EAS [H] ik
NJZ KN A B 43842 WX 48 v AN [ 2 550 B 2 S R 8 R s . 25 SR e 3 Rk 4 7R

Table 3. Experimental results of different embedding layer sizes

3. NEHRABXR/NHSEEEER

TRNJZ RN AUC Recall
8 0.9208 0.8746

32 0.9298 0.8876

64 0.9307 0.8886

128 0.9282 0.8834
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Table 4. Experimental results of different layers of hidden layers
=4 TREIREEBBHKELEER

st 2 = AUC Recall
1 0.9145 0.8815
2 0.9307 0.8886
3 0.9256 0.8824
4 0.9198 0.8834

e 3 i, AN R RN KBS /N2 S BUERPERERI T, IR JE RN 64 I, B HERE
BORITAT . W 4 s, AFGERZEEOY 2 I, SRR HOR Icls, ARSI NS0 2 8U% M 2 A
RUMERFROR T RE . BIE, A SCR G RO 5 2 ) BT IHER R A IR N R KN E Dy 64, T iR
PRI /2 H B R R B BN 2.

5.3. JHRASCIE

AR R ST 56: 23 S VP A AT R 2 DR T AN 55 AL e P P o 2 M0 P R

ARHTER AR R BR T AR RO 5 DR AR T TR A P i AT RN =, R IR AR S
E R 5 DGR I T TR BEAT HERR MR RR A LU AL, B8 AN SRR 4 ) 50 T 7 SR 597 A & RAEZ
(K] SENet V5% Sy ML A 22 BEAL MR R AL J2 (9 R U LA RIS 25 B 7 /N LR, X =
7390 55 R R 5 R P i R T PR A R R AT HE A PR RE A L . S5 2RIk 5 MR 6 BT

Table 5. Results of prediction layer ablation experiments
F 5. FNEHMKIEER

AUC FEJCES
AMETT R E 0.9290 0.8907
ARSI 0.9307 0.8886

Table 6. Results of attention ablation experiments
= 6. EBIHEIHER ISR

AUC FENCIE

BN AL 0.9163 0.8441

-7 R 59T GG RALZ 0.9244 0.8691
-ZRGBRAE)E 0.9284 0.8752
AR 0.9307 0.8886

e 5 i, KB TR AANZR 5, AUC HRTERAR, A BT frid e, BAHEREa R ZEZRAKR,
AU AT RN 2 X 5 97 RORAT B E, 23t RS 5 BT R 5 S T
BEARIH P 2 5 1 B EYT RO P RO TT ROTNME, SBCHE BIRA —E e, Tl T e s R 707
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SR S (0 R DUIE S N E& 7 5 ARV T MY R = Ja P g e wa SR 7
JIRASE] 7 AT N 2], BRI AMAST R Z 6 AUC A Tk .

2 6 PR, ARAT—ANER I E BRJE5 SERER HER OR W2 T, R 2539 P NE R L
5 R AR, IXRMIANE R HLEIEA & B R EENE M. TR 577 A& R AEZ H) SENet Vi)
AU % S o i BT U7 S A0 A 7 (R AEEAT W B AR AE S L, % A P AR R 75 oK DA S A HE R 7
RN RRAT Xt H bR P R B DU S B R BEAT /AL, KRR R Sk MR T U R
HEMAE, PILE IR 597 & R AR AT DUR B SR R O HERE AUR . RO R AL Z FVEE
U3 27 53 P I 2 R i F A T 7 SRR SR L i R B AR MR, X e g AT it T RE L
AR TH7 % EB WGP A F R RE T R SRR T A LB 152 R 7 52 1%
B, ARENS 0 R m AR HEEE ORI REIR MR A R I 2 AR

5.4. AI{L4L

N S AR A 35N F oy AE AR RS B B SE PR R, AR SZI0H Rl 45 RO 5 M8 1 i R T T 77
PR AT PR 3T . ASEIREETAE LR o S 2 gk, A t-SNE XA N AR A [ B EAT P 4E, JF
MRYEREARSL R RE G SR PG R) — 2 Fii be il 2 s, B —A s —A4 (S, @R
Jig) X, WORRERREN DRSS SRET U R A, AR RGRREN 0)FRRH 5
R R A S H 18] 2(a)~(d) 3 BN R, FPBREFSRRALR, R @R
T2 e PR > SRR

Figure 2. Classification renderings of different layers in the model
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M 2(@) AT A BRI BRHIE R IR AL TR BEAT 70 A SR A IR, PSRREAR & 72— A 2(b)
A 2(c)rr T LA, FEZR ™ il BE 7 SR RAEZ A H 7 2 R R 2R AE 2000 FH P 1) 7 SR AT M R AT 42
BOFMBUS, FSERIFEAR SO RE, AEFRRMPEA TR 2L A 2(d)TEVE S, Sl =282
FHCRP BTN ZHE R Z, PR ARCEU R 208k, s s, #—2uEm 7oA
ST ) R 5 28O 45 MR PR it T T F  R E f RRET T0UT SR e T T A R AP PR HE R 28R

5.5. XFELSCLE

N T WIEE RN S, AR SO RS O 5 R 0@ BT IR 5 LA ALY FiBINET,
DeepFM, NFM, WDL F1 DCN #ATHE: . Xf Lhseib i R LR (i 5 F S B4, S EE T ENSHE
Mt W 2 i B AAH R, YIIZR 10 &, % >1% 0.001, ¥MEH AUC A [BIZAE NPT HR bR

1) DeepFM [5]: T FM BUHEFEEE, WHIRES ]S FM M4 G, @it FM 22 KR E4 &, @
TR FE 2 2] 2 S B R IR A

2) WDL [2]: 256 TAEGIRHIE TAEFIURBE 2% 2], AR OV Il 55 SR I 22 50 26 T3l AT 22 Xk
PAMRIRHEA &, @RS ) % S e A

3) NFM [27]: 7E FM [ZERE LI NPRE M4, TEMRNZEZ N T Bi-Interaction AKX — &
REAE AT R A5

4) DCN [1]: %fEE WDL, AN ZRAE TR IR =B (038 SURFE . X EE FM R4 #EAL, DCN 6
B R AT SRR I HL AR 05 B BB B B 158 SURFAE

5) FiBiNET [13]: 7EAEGIH#R AN MLP #8558 NN T SENet 7 & AL, 0] LABhZASH 2 S RRAE I
TR, TR E BEREIE, B o MR IOAE, I BN TR A BRI R, RN 4SS T AR
FNAMASRRTAE SURFAEHEAT A 380

SRS EE RN 7 BN, RGO 5 R B T THE R Y AUC AE BT R AR L, 3
R SCHE HA ) R e R U s e O MR

Table 7. Comparison between different models
7. TNEMREL Z [EHIEEER

i) AUC A [H] 2
DeepFM 0.9177 0.8637
WDL 0.9186 0.8771
NFM 0.8711 0.8453
DCN 0.9218 0.8754
FiBINET 0.9240 0.8796
ARSI 0.9307 0.8886
SEOG S AT R .

1) WDL 75 ZALGE IR AE TRERPRAEHEAT A 0773 L2 SUIRBRAE AL A, HAR ) R T IR L 0 4%
AT, IR R BEATRAE TAR AT D0 T AR A
2) DeepFM 5 NFM 735145 FM R4 22 263067 1 RIS BB G, T NFM A HERE ROR 5 oAt A
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RO LG IR AS S, U BHAE AR FH P REAE A A B T 1007 SRR HEAT X 23 1T B AT — IR EAS S BUE B
PR, MELLRECE RS IR A, K NFM I RCR A

3) DCN HEMS [|] I} 78 R 27 SR AERFAE 52 SR T 4 Al 26 MR RFAE (R PEAR TR, (EAS RERS IR BRRAE (1 58 4,
D] S T 22 1 R PRI A BR

4) FiBINET 5| A\ 1 SENet y & UbLH],  RERE IR F P REAEFOEE B T Tl 77 SRR A B 220, (RO LUK
I 24T NP AT 21, B TGVEIR I P 2 S5 R T 1007 R R LF, PR AE TH 7] 78 2 e A X
MHEEE R AFAE— B A R 2 A

5) AR SCHE I Rl G 280 5 M ) fe B T TOUHE B AR T AN AN BE S IRAS F P O TR HEE IR R T T T &
(R i, T EL R %3 I B P R AR AN T P BRI A L, R R T I S0 P T Rk, B
IR T R

5.6. FERMSHASHBHNERRTIHEFEENETH

BT SEARVPAY T AT HEFAAE 2L 7 32 5 FH P PR R 20 7 T 10 R, b TR 2RI Ak X, fi
FREF-T7 ERT AR B, ik, ASCEERERE —NAFE R B bs: P B2 R+ 107 &5 197
R, Rt — DRI T Rl U 5 DS I R T TR R AR A S A R T T ST RO T PR RE . AR DCAE
TR T PR R ik PR RO R e, B E T PR T R e AT RERT AL T T ELA )
B FiBINET, DeepFM, NFM, WDL A1 DCN PL A Zsfi AT 24 0l J2 i il & 25 F -5 6 4 e T il
HEFERAY, T I Ee AR A rh I35 A5 0 F P A3 S2 A BT 1007 25 v Re 7 RO AT VH B, DRI AR SR 6 4
T FE S RTT ROR AT SRR HERE 7 0T FH P BRI BE T 285

Table 8. Efficacy as recommendation goal

8. LUTHIERHEE BT

A FH PP A BT %
DeepFM 0.4254
WDL 0.4342
NFM 0.4216
DCN 0.4364
FiBINET 0.4505
AT R 0.4820
AR 0.5426

W1 8 Fiom, ST HoAb s TR L K 25 VA 28 TR 2 0l 2 0 P 5 SR A i T PR v
TR 50 P P (097 2008 5 S o S5 4 v 0 P P SRIE B T 26 43,0203, 177 A S 4 Hh A e AE 2 s A
HetE BAR T B B PE RS, STBL T 54.26%H0° T35 P URIRER . I ub s g, FRATAOHER B AL AT b
2 B PR E AP, T LT LA 525 Bl A0 ST A I
6. &t

AHFFAR T Rl Eh & RO 5 B E L P R T PR Y, a2 B e 2 P R, 9
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FURBLRE R A RAFT RO BT T 1505 . AR D, AR R T 107 ZMRJHIEN
HEFE ARz —, ] SENet v UM A 7 AIRFHERE (8 e T 007 SR MR AE 4R 5 mh 3R S H AR (i B
B R R ERAL,  DAESRAE A P R R OR, IR IE L 22 2] O FUT SRR SRS T ST BORAE,
FRZE G AR R T 1007 S RO o IR, ARSI T 53— NER U], THRARHER (@ BT 07 &
5 BAR I D SLAT R S RS RN 1 T T3 58 TR AR SR, I 9 P D SEAT D9 RN R B T AL
CLZE ST P R RAL . iRZS, AL G SRMRALA ] 7 % BERAL, 15 T 45 2R

AT FEAMLBEIE I B B (R 5 SR 22 A ) D Al e AT (i BT T0007 SRR, IR RE SR e HERE 10
TR, KM MR T I sof 7w WREERE, F58 TR RGP
WHR . FES G I A SR THEE R JIWLHI A ZAT55 2 T AR RN, 856 5 2 AR 4 M 4,
It — LU P S RER DL AT S, AR S SR v 317 1 45 2R DA R HERE 7 S I 280H

EHEWH

HE NSO SR BT — AR H (23YICZH28123YICZH281), i 1 3 2 k£ Bl 2 H R
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