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TEF-IDF Based Association Rule Analysis System for Medical Data
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ABSTRACT

Because of the recent interest in the u-Health and development of IT technology, a need of utilizing a medical information data has
been increased. Among previous studies that utilize various data mining algorithms for processing medical information data, there are
studies of association rule analysis. In the studies, an association between the symptoms with specified diseases is the target to discover,
however, infrequent terms which can be important information for a disease diagnosis are not considered in most cases. In this paper, we
proposed a new association rule mining system considering the importance of each term using TF-IDF weight to consider infrequent but
important items. In addition, the proposed system can predict candidate diagnoses from medical text records using term similarity analysis

based on medical ontology.
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Fig. 2. Proposed structure for the name of disease reasoning

Table 1. MIMIC2 Example

DATE: [#%2923-3-3#x] 9:16 AM
BABYGRAM
Reason: check heart size, pulmonary markings

History of Present Illness:

Mr. [*#Known patient lastname 3138##] is a 68-year-old male with
worsening symptoms of

dyspnea on exertion and chest tightness, who has been followed
with a known aortic stenosis.

Past Medical History:
Osteoarthritis

Basal Cell Cancer
Right hip replacement

Social History:
Lives with wife. Owns a retail store. Smoked for 25 years
quitting 25 years ago.

Discharge Diagnosis:

[#%3460-5-28+%] - Status post Aortic Valve Replacement (#21
[#+Last Name (un) 163+#x]

[*+Doctor Last Name 164#*] pericardial)
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Table 2. Importance of symptoms corresponding to each weight

Term TF(Rank) IDF TF*IDF(Rank)
Patient 4735 (1) 1.128E-6 0.00534 (9332)
Pain 3069 (2) 1.324E-6 0.00406 (9666)
Year 2528 (3) 0.723E-6 0.00182 (12544)
Left 2523 (4) 1.625E-6 0.00176 (12550)
Day 2413 (5) 0.730E-6 0.00176 (12550)
Status 2269 (6) 1.624E-6 0.00369 (9717)
History 2082 (7) 1.391E-6 0.00289 (11939)
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Table 3. Importance of symptoms of the TF-IDF weight
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Table 4. Transaction DB example

Symptom | TF(Rank) Symptom TF-IDF(Rank) TID Symptom
Patient 4735(1) Hyperlipemia 11.658(1) 1 {f, c, a, m, p}
Pain 3069(2) Abciximah 10.564(2) 2 {c, b, p}
Ve | 2@ | oemen ] 00 j {t C’{ ;’b]? m)
Left 2523(4) Hypomagnesia 9.824(4)
Day 2413(5) Tleocecostomy 9.771(5) Table 42 o] &3] Fig. 33 7+0] FP-Tree2 T4
ok 2 oA Ao HE g8 dnwlor xHI
daE]F 12 B =EolA Atete Wolth WA, Ed o S ¥ FP-Tree2 58 A#dTAE FZdte PHe o
A dolgelA TF-IDF #ks 78t} o5& &3, EAAA + 3 7‘%‘1}. = bel #AH el Header Table?] bel &
dlele|E TF-IDF7F 2 &£A2 Zgdth tse o a5 web Z4zte] FR =g dued "ot a2 23 {(,
TF-IDF #-5 FP-Growth®| sltiglo]&= AR&aiA A%k ac f:1), (b f:1), (b c: D7 AFHOR FEHE

yE 22 delE= AAGE FP-Treews EAAA to]
EE govx Hh A% it & FHES SR
Ede] Aggth

Algorithm 1. Adjust weight for infreqeunt item

INPUT : Pathology data

1 First Scan transaction database. collect the set of items F
2 Calculate TF«IDF weight. and Sort F by TF+IDF weight
3 Create initial header table by TF+IDF weight

4 For each instance in instances length

5 Split it into items

6 Construct header table (Item, Count)

7 Delete items less than 7y

8

9 Second Scan transaction database.

10 create initial FP-Tree and link table

11

12 IF FP-Tree contains a single path P then

13 FOR each combination do generate pattern ﬂ , ¢ with
14 support = minimum support of nodes in ﬂ
15 ELSE

16 FOR each header ai in the header of Tree

17 DO

18 Generate pattern ﬂ = ai (¢ with support = ai.support
19 Construct 6 .s conditional pattern base

20  and B .s conditional FP-tree Tree ﬁ

OUTPUT : Complete set of frequent pattern

DO
~
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Human Disease Ontology

Disease
Disease of Disease of .. Disease of
mental health anatomical entity metabolism
Impulse ... Cognitive Endocrine system Inherited metabolic
control disorder disease disorder
— } +
Nosophobia +es Hyperthyroidism ... Peroxisomal
f/ | disease
. ) v
AIDS phobia Plummers s Zellweger
disease syndrome

Fig. 4. OBO Foundry Ontology
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Table 6. Experimental data

Pathologic Data

small term female omphalocele rule sepsis ampicillin gentamicin
hypoglycemia treated baby girl week female omphalocele born
year old prima gravida history early sabs prenatal screens
antibody negative rubella immune rpr nonreactive gc negative
hepatitis surface antigen negative gbs unknown conceived
clomid hcg pregnancy complicated lupus anticoagulant
diagnosed work sabs treated heparin aspirin aspirin discontinued
chronic hypertension requiring medications pregnancy aldomet
started weeks switched labetalol weeks gestational diabetes
treated

3 7
Intel i7-5930K
CPU
3.50GHz
RAM 16GB
0S Windows7
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Table 7. Association Rules in traditional method

Term Association Rule

glioblastoma

{year old female days pain} — {glioblastoma} (Support: 0.982, Confidence: 0.922, Lift: 2.17)

aortic stenosis

Lift: 0.945)

{old man medical history early white gentleman} — {aortic stenosis} (Support: 0.923, Confidence: 0.897,

lupus

{aspirin sixth cycle complicated twin diabetes left right sided girl sepsis} — {lupus}
(Support: 0.971, Confidence: 0.932, Lift: 1.56)
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{hypercholesterolemia diabetic popliteal neuropathy hypertension} — {hypertension} (Support: 0.936,

{sabs gc clomid aldomet intestines hypospadias omphalocele} — {omphalocele} (Support: 0.988,
Confidence: 0.911, Lift: 0.991)

Confidence: 0.952, Lift: 1.17)
{aldomet intestines omphalocele clomid} — {clomid} (Support: 0.973, Confidence: 0.942, Lift: 1.03)
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