M‘qum\&m:% @@3@@%% m@ﬁw@ N@ M‘qusm\w
Inductive %@:@@%

chﬁm m.cw::g:
\4@:\\@&- \QQQ»SQ\ Q@&w

\bw&%&mm\ wm %@% .mwca.@:o\a

@@5@@%% %ﬁmﬁm

Machine Learning
h(Xo, Xi, Xo... Xn) - Y
Statistical relationship changes over time
h(Xo, Xi, Xo ... Xn)t- Y
h(Xo. Xi, Xo ... Xn)t+1 - Vet
h(Xo. Xi, Xo ... Xn)t=m - Yem

@@:mm\u% %ﬁ%m

Q\Q& @&Q&i&:

KA\%&&& A Q:&wg? oceur :\&\_ tume nvauant

symptoms
.W:?\Q& MNV&Q&:NS: - N\Eﬁsg\ n \Qm%ﬁ

Subelass distributions n\ﬁsmm

m.&»\m QQ:%\& mvéﬁ

\yhgn maii 3%53\3 \33:3\\ ?:*\Z oy Hmo - wb\m:\:\r

%mm@ @am%%%ﬁm%@; %m%\‘

Time discretized into Q\@m
4 \WS%E Q\@&@\&&S: V &mf
\Qmimﬁ \QQ\S

Q:@ use 8\0 100 :\og\m \S gq» q\@

I5:- Q\\cﬁzg\ ,mvﬁc@g:.c:
om%m %:\S:Sm.o: QE.:




#ﬂ%.ﬁg@ Vigual \NNN:m@%mﬁM

g ! Wi
| t ,_._ LR
_; _.__ / 1l ! i B | i 77

Category GCAT Amo<o=5~o§ & moo:: issues, uoc\ov” 729 top predictive words

avm\u@%m& Nx&:m%%m %%m: ¢

Use learned models \mci the past
\Q:msai with P ?.:%@ \%&5&

What would P past models predict for today?
Recurience elation broken in this paper

Q:\Q use m&&ﬁ\@ s model (which S&S&S@ uses

.\4@:8 c:\m one P value AQL v

&Q@%& M:&:&?m @Nq%m: ¢

Time today -

>

T=100 daily training cases

UT&»:% classifier

any additional labeled
cases from hindsight

L

ﬂ today’s cases to classify

P=2 additional features for each case

Figure 2. Temporal Inductive Transfer (TIX) Model
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