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Abstract Recent years have witnessed the accumulation of electronic medical records (EMR) , as well
as the rapid development of data analytics techniques, which highly support the intelligent medical
services, e. g., automatic diagnosis and medicine recommendation. Unfortunately, due to the
simplicity of general EMR, the diagnosis model could be easily disturbed by common diseases or
symptoms, thus fine-grained prescription with personalized focalization will hardly be achieved. At the
same time, we realize that some related context information, e.g., personalized information like age
and sexuality, treatment records like examinations, and external information like weather and
temperature, could all benefit the diagnosis and medicine recommendation task. However, these
information could not be effectively extracted and integrated by current techniques, which constrains
the performance of medicine recommendation. To that end, in this paper, we propose a comprehensive
framework based on the collaborative awareness of multi-source context information. Specifically, we
first utilize the bag-of-words model to process the EMR and related context records. Along this line, a
LDA-based contextual collaborative model called Medicine-LDA has been designed to integrate the
multi-source information, while at the same time, alleviate the problem of combination explosion of
context information. Extensive experiments on the real-world data set from a first-rate hospital

demonstrate the effectiveness of our solution.
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Table 1 Context Information and Segmentation Method

*x1 BREEESHEHSBRAE

Context .
) Segmentation Method
Information

Gender male, female
0~ 3 years old as infant, 4 ~ 12 as early youth,
Age 13~45 as youth, 46 ~59 as middle age, 60+ as
agedness
Insurance high quality,low quality,self-paying, unknown
Operation yes.no
Anesthesia  general,local,no
Season spring, summer,autumn, winter

Temperature less than 10 degree centigrade, more than 10

Difference degree centigrade
less than 0,0~10,10~20,20~30,more than 30

Temperature degree centigrade

Average

Weather cloudy,rainy,snowy,others
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Fig. 1  Graphical representation of LDA
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Fig. 2 Graphical representation of MLDA
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Table 2 Basic Symbols Description
F2 BEAFSHR
Symbol Symbol Description
a Dirichlet prior of 0
B Dirichlet prior of ¢ and ¢?
A Beta prior of «
7 Dirichlet prior of f
O Topic distribution of the n-th context document
Ca n-th context topic
0. Disease topic distribution of cth context topic
B Word distribution of £-th disease topic
b Background word distribution
Fid Bernoulli distribution
feue Medicine distribution of disease topic = and context topic ¢
Zn Disease topic of n-th illness document
Woom m-th word in n-th illness document
Voum Sign of m-th word in n-th illness document
m-th medicine of n-th illness document
Number of disease topics
Number of context topics
Number of patients
Nom Word number of n-th illness document
N, .4 Medicine number of n-th illness document
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FESCASFREBE 30 ] HEFE RS [ 32 139 HLAS T 1 .
NTM K A8 4 Hi e %o 3= A5 0 30 47 R f# L -1
TR B 2 ) H R X A8 o3 4 W ot B AT 400 AT B2
o TR () I 2 R 5 o A R AS SCR SOk [ 33
R 5 A FH A 4 3 K7 SR e MILDA A5 1Y, -t FH et 22
W 28 R AT I S5 (8 A9 7 B A9 S MDA A5 AU o (1) 17
55 U B0 ¥k AT B A NTM B AL, [ I 4 ] 5
MLP #5784 [F] (9 56 5 SCRS 1 SR i A

WA 3R AT T A X AR ST G AR S A A e LA, g
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10) MLDA-pure. & S SCEE AR, R % JB 1
S5 A IR 5 L AN 5 0 155 SCRY HEA T HE AR

11) MLDA-z A& SOA SCHE H 1 B0 RL R 25 J8
B E e X T2y AT S R ALE I8 ¢ X TR
R T 2 BRI,

12) MLDA-c. & BUA SC ) By B AL T8 5 7

S AR Ty v AR B A S HEAT Bk Ak T
Ji 4 B4 45 SCRY Hh Y TR B AR A B I SR
B I 54658 5 % BT SCAR R E AR [R]
JH T34 535 00 SCARFRAE.
44 ZTWHER

R 3 T RFIT R F R R L,
TR ZE R 5 Pr A8 R % i th LLDA
R 32 SR S5 36 1% 0.01; Tag-LDA 32 5 %%
WHR 505 E M-SR RN 0.01, CF o ja) it 4k B %
30, AL SCAY B Ry 405 CTM Hp i) 12 4 B 1
30,58 a MSHb 4351 1 F 0.5, IEMfb 2%k
R 2; MLDT i & M7 s b /M S A% H
H 30 7EA CHE Y MLDA fEAl iR 28 K =
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.

Table 3 Comparison of Different Methods

®3 TREAEMERESLL
Metric Freq LLDA TaglLDA KNN MLDT CF MLP W&D NTM MLDA MLDA-pure MLDA-z MLDA-c
NDCG@20 0.4116 0.2113 0.4030 0.6060 0.6206 0.5668 0.6283 0.6329 0.5733 0.6333 0.6070 0.6144  0.6155
NDCG@30 0.4492 0.2432 0.4412 0.6675 0.6790 0.6248 0.6890 0.6951 0.6335 0.6961 0.6679 0.6757  0.6771
NDCG@40 0.4779 0.2631 0.4696 0.7046 0.7125 0.6609 0.7250 0.7333 0.6713 0.7334 0.7057 0.7135  0.7149
P@20 0.3137 0.1524 0.3087 0.4956 0.5084 0.4630 0.5110 0.5180 0.4703 0.5182 0.4925 0.5022  0.5103
P@30 0.2484 0.1252 0.2396 0.4049 0.4121 0.3745 0.4147 0.4202 0.3856 0.4215 0.4006 0.4079  0.4156
P @40 0.2075 0.1032 0.1982 0.3426 0.3469 0.3144 0.3481 0.3525 0.3273 0.3545 0.3369 0.3426  0.3486
R@20 0.3374 0.1661 0.3302 0.5529 0.5670 0.5113 0.5777 0.5810 0.5195 0.5829 0.5539 0.5616  0.5624
R@30 0.3962 0.2213 0.3945 0.6564 0.6635 0.6086 0.6788 0.6878 0.6210 0.6878 0.656 0 0.6647  0.6654
R@40 0.4521 0.2587 0.4461 0.7247 0.7239 0.6757 0.7444 0.7537 0.6905 0.7559 0.7259 0.7341 0.7354
F@20 0.2978 0.1432 0.2835 0.4812 0.4933 0.4452 0.4982 0.5043 0.4548 0.5050 0.4797 0.4893  0.4910
F@30 0.2837 0.1398 0.2786 0.4637 0.4710 0.4320 0.4760 0.4824 0.4410 0.4840 0.4595 0.4680  0.4723
F@40 0.2663 0.1276 0.2596 0.4334 0.4374 0.4005 0.4412 0.4468 0.4141 0.4494 0.426 8 0.4341 0.4398

Note: Our results are in bold and they are better than other methods.
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(a) Influence of context topic numbers
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Fig. 5 Influence of context topic numbers and disease topic numbers to results
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Table 4 Results of Disease Topic Mining
R4 RRFRITBEZEER

Disease Topic

High Frequency Words

Meaning

creatinine-high, urea nitrogen-high, total number of erythrocytes-low, hematocrit-low,

36
# Urine occult bloos-positive
%108
plate volume distribution width-low
#150
’ blood sugar-high, dorsum of foot
%161

tenderness

alc of glycosylated hemoglobin-high, D of 25 hydroxyvitamin-low, thyroid, artery, mean

Kidney disease

hearing loss, tympanic membrane, fibrinogen ca7000-low, external auditory canal, tinnitus,

Ear disease

Diabetes mellitus and

its complications

limited activity, lymphocyte percentage-low, endings, blood supply, trauma, sensation,

Traumatic diseases

dis ARFR 2 A i BTGB B85 9 s 5 il 32 S Bk 1 AN
[Fi] 175 552 2 X0 17 114 o £ 95 g R T 1 241 A 114 Ot 22
JEE R 5 e B R AR B A T )
PN ) R T B R E SO B A ¢ X T 24 g Y S )
BS.,:

S. :%Zdis(u.,k ;/Z;v,,) 21)

k=1

Hor o, ARS8 T ¢ 5000 2080 & 45 R4 24 i
ORI L dis RS 2 A R A R B B 24 A B T
JE B T AR TR T AR B T 2y o A Y R
W 245 ity 5 W BE R, AR TXCG BE 32 0 T AR 1 2
sty [ FH A 52 Wi R

PRI W JEE e KA 2 A1 B8 AN 5 Fow.
AU B, KAV BTN R R R R S R
PR E RN R AF R A A R R T — & /5w
5025 52 i JBE e R 2 /I B8 2 AN 6 .
A DU B RO AT % DR BGA O0 L 7 TOR 5 R A5
PR B 52 M I A f 1 A8 A 2 A B R LB
EEURA T HIESE T A SCAE 4.3 9 PR H R (R

Table 5 Two Context Topics With the Greatest

Disease Impact

£S5 EKREEZWMERAN 2 MEREERE

Context Topic Main Context Word

sy weather-cloudy, temperature difference-less than

10 degree centigrade, age-middle age

average temperature-0~10, season-winter,

57

weather-others

Table 6 Two Context Topics With the Greatest
Medicine Impact

xo6 HREFMERKHN 2 NMERER

Context Topic Main Context Word

%6 age-youth, gender-female, insurance-self-paying

#0 Weather-rainy, anesthesia-no, operation-no

5 J 0] 17 58 S UXE T 2 4 A 1 R e A T

HAAII W 5 L2 d (e M e TRRTHE 1., -

I...=rank . —rank, ,. 22)
Horlr s rank .o ARFREY il d 782 TR b i i B
A srank, AR d TR BT TR ¢ F N A LS
HhHE BUBR B HE AL A B, DU BT 2 = 9 O AT
JER R THI TEE EM #9 B E R, K 8
iR TSR R £ 9 X R AY 4R T BE AR KA JL R 2y
ai. AT DA B A 85 2 = 9 AR 1 ARE 32 BN R AT
TFARMEHE I AT T 2 S pkme UK B T hE
BB R 8 45 T BT A # 9 0N B T A
B JLAN 24 fi S FEE 20, T WL 4 2636 97 b 83 L 22 i Ak
I RIAE T T8 2% 25 W) 25 3 T RE o R, 3 5 1 5 A
#9 AU M EE 2 B H 1S 2L

Table 7 Main Context Word of Context Topic# 9
®7 BREIEHINEERFRR

Context Topic Main Context Word

#9 operation-yes, anesthesia-general, weather-others

Table 8 Medicines With the Greatest Promotion Degree
and Their Efficacy
*8 RABRAMSHARREDIH

Medicine

Efficacy

Theohydramin relieves dizziness and nausea

Shengishiyiwei promote the growth of leukocytes and

Granules alleviate the side effects of chemotherapy

Diyushengbai
Tablet

Recombinant

promoting leukocyte growth

HumanlInterleukin-2  biotherapy of tumor
Injection

Prednisone antiphlogistic

AL G881 3 A7 B4 A8 56 0 IE ] T 7 SCAR Y A A6
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