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Cyber-bullying and suicide are one of the most serious issues on the SNS-based communication. Mastodon is a
destributed SNS and it doesn’t have own protecting system for these issues. We use self-evaluation to measure that
our approach is working or not. In this paper, we propose preliminary idea of a recommending algorithm to prevent
decreasing of self-evaluation and give a simulation-based comparison with another recommending algorithm which

has been used on a major microblogging service.
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172> T3 [Gilbert 12]. Gilbert 5 DETILTIE, BAD
DT LTIAIa=r—YaryizEiloTwWaA I TF-IDF
12 & BREIGE DBLLE, NG E KT 2 HEER Y 5B
DIRE & RDT WD, SNS 1B 5 ERME DX I3 b~
7 Ta—F TFHObNTWS. [Abboute 14] Tl Twitter O
Bz 8L, BROGME BEINICRINT S Z & 2f7ko
THEH, [Won 13] Tl& Twitter TD FRR & Z DR % S
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1% Friend-of-Friend, Content Matching, Content-plus-Link,
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T3 Friend-of-Friend, EWHRIZBWTEDND 2R T 2
DO THNIX Content Matching ZHHETE2REZL LTS
[Daly 10]. &7z Friend-of-Friend Tid’rich getting richer’ &
BEEND, HEETFIECE-T, EFT22 V2L Foa—
PIFEELL DAV 2ER/RTLII LhbroTED, 2V b
7 — 2 OAfifEAME F$ % LR TWS. Twitter TiE Who-to-
Follow ¥ 27 AL DH#FEF & U T Friend-of-Friend A3M#H &
h T3 [Su 16].
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Liu 5OETILTIEY =¥y b2y b7 —2 G = (V,E,w)
DV % agent, E2#T—Yx  NEOBENRY L TEZ LTI
ND & SIZHKET 5 [Liu 17].
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HKEDA VAR VAL BERFEATNES VARV ADIKRTH
D, EEIZIZZSIZE LK DA VARV ADSEEINT WS &%
Z 5N 5. Mastodon (ZIESCFHIRAY 500 XF L 7m>THD,
240 XFTH 5 Twitter L IFRKEL B D, 2 —F ORI
FRDOIENENEEZOND., £y YT 1 TRNEICIE,
TANZRY)VITRRITENTEY, BRTEINE D »pIFERT
Liza—HiIzEhond. EBEFIRLE DA VR — MERED
9, AEMRATOEND LD E VR =%y b ETOEND
NLEWIZ ERTHINS.
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3.

x1  https://github.com/tootsuite/mastodon
x2  http://www.gnu.org/software/social/
*3  https://instances.social
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AEFET BFIHEIIDOVTIE Gilbert H5IZ X > TREINTSH
Y [Gilbert 12], ZDFHEFEIZL 5T Mastodon LTOHT
FHG DR NEBTRE L 72 5. TS DOEREIZE D S IEHED B
B LTHMALADD LS, MFDT1 77V &HRMENED
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PIRWZENEELWEEZOSND., KRN TEE G4 LT
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TWAHELHD, b UBBREERZIT- 72561213, ik
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STHEEMED D B, T D &S A EN: A o MERE I IX
WEL T D ST BRETH S, TDDH, T T TR
BHEFREE2YIal—Y 3 iz k- THET 5. Mastodon
BT 22y M7 —ZREIRHELTOWRWED, TUR L
FYRNT =D AT =V T ) =32y b7 =228 FBYIa
L=y a v, £0 ECHBEFEEZBEAL, Bz
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W FiED 1 D TH 5 Friend-of-Friend (21 rich get
richer” 2 IEIEN DS, £ D7 r07 —%2FH ->TW\WHa1—H
NZDWETIEICE->T, £vE D747 —%% G
THLWSER DD D, Twitter IXZ DMEANIZH LT, 741
T =DV AE ZOHETIEIZ L > T 7407 —2 5L T
W3 ERARTWS [Su 16].
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Algorithm 1 Week Helper
min < 0
for (u,v) € V2, u=v do
for (v,s) € V? v =s do
Save s, if s’s self-evaluation < min

min < s’s self-evaluation
end for
end for
Add directed edge (u, s) with probability
Add directed edge (s, u) with probability

TULES I 2B 272017, HETFEE LTHITMOK
WADHCIHMEA M ET 2L REDTHBEZENEE L.
Mastodon Tl&1 Y AR VY ARIZWSBETDI—H% API 2
FoTHBETAZ LIXTET, HOTIAMEWNAZE KD )
SEBUHTZ2IETERY. ATV D 7 rn T —%
Wo CTHEE - 2IEEITS. BARIZIX Friend-of-Friend
TUT) AL 52—V OEEHFEIZH Ol Z 5T
52T, MLE17S. Friend-of-Friend (22 A5y 7D F >~
LT F—2%FN, 7307 —D7 307 =P o5NLE%
BRTINVTYZALATHS. ZITERETILIV AL, 740
T—=D7 487 =5 HAFHAAMEWAEES, HEBEETS.
RETNVITY X LDVHCFHAEZ AL TWB DI, “rich get
richer” IZR LT, 7407 =230\ —H DA% HEENR
IR EDH Sl OBLE» S ERENZ R 5 NB7-DTH
L. HIZIET7 A0 T =% TE 7407 — DB Y A
<, HEFHMliDMEWL—Y 2 HET L TIOL S Ra—Y
PWENRIZTEIENTES. UFIZT7TAVIT) AL%ERT.
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9, A7 =) 7Y—%v b7 —2TdHs Barabasi-Albert
EF)V [Albert-La sz216 16] &, IV XLy kT —2Th
% Erdos-Renyi € 7 )V [Watts 98] &2\, #m27 Z 7 & LRk
T5. AT =TV =2y NT—UTIE, NEEMM- 7
G NI = DBERE N, VI DERDRN ) — RPKEIC
ERENDED, VoI E2LLFDED% ) — RO Tz ARK
IND. FURLFY NT=2T, BTV UDHZ LA
23y N7 —=IDERIN, FLAED ) = RFBEUEDY
VO ERRFEL, BRODDOBMPKRELR ) — NPMFEAEERS N
R, ZOEIBEWERD2ODR Y NU—=295, Liu 5
DTNT) ZLEANTHENWSZ S 7% EK U7 [Lin 17]. 0
%, ERENGMT 7 7125 LT, Friend-of-Friend & #28%
T3 XL TH 5 Week Helper Z M L, HEET7%2 77,
Friend-of-Friend Tl%, %/ —RIZ{ L CHapr>TWA T Y
VE 2N o TG L, — NE T VX LICHTEFT 5. Week
Helper Tl¥, Friend-of-Friend ® & 512 2 [a[i#ll > THfF L 7=
J—Rho, BEfHEirHHEW ) — FE2#INT 5. 20k
WEIRE N2 — NIt LT, Ty VaERT . ZORTY
VOEML0.5 L LT,

#1, 2icvIalb—yvaritkoTHEoNk, FFHEOM
%o AFiEOFYE, 58k, B L TRuMEERT. K
® FoF 1% Friend-of-Friend 7V 31 AL KB HEBEIZ L > T
izl Dk LUIZEDTH D, WH X Friend-of-Friend
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W/ —FEFRL2bDTH D, FHERERIE 10 FERTLE
LEDOEFEHLUZEDTH S, FIHEIZBVWTIEES 5D BA,

#1: p=10&ED Erdos-Renyi model IZH1F5¥Ial—

Ta UEER

Friend-of-Friend | Week Helper

rh A 0.031592551 0.031534616

¥ 0.031586206 0.031566056

B/ 0.03020614 0.030151507

ISUN 0.033002222 0.035785367

FEYE (R A4 0.000479481 0.000593782
VANt 2.30E-07 3.53E-07

# 2: p=1D& XD Barabasi-Albert model IZH1}5> I 2

L— g UEER

Friend-of-Friend | Week Helper

rh g 0.015172684 0.015458042
SEYAH 0.01945937 0.019557755
B/ 0.004880366 0.006467888
ISUN 0.351715418 0.372655329
R e {72 0.019872288 0.020100777
Vaniid 0.000394908 0.000404041
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AN 5.
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WAL L, WD KE VAT Y THENZ & A
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