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ABSTRACT

Stroke always comes unexpected and the generakpabiot usually aware of its symptoms. Individual
who have had their first stroke with permanent dgeneould become an economic burden to their family
and a social burden to the society due to theirashgctive nature. Stroke could be prevented andsks
factors have been identified. Through a stroke gméwn information system, the user could be madeem
aware of stroke risks and symptoms. An expert systeuld be able to direct and motivate users tqpkee
themselves healthy therefore preventing first agclimrent strokes. The expert system is built using
inference engine that provides stroke risk levedeloaon information provided by the user. Informatio
collected are self measured blood pressure, cigarebnsumed, amount of physical activity and bodgs
index. Users are presented with suggested preeetasks to reduce their stroke risk.
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1. INTRODUCTION Americans are more prone to stroke than non-African

Americans. Controlled stroke risk factors will regu
Medical stroke is the most common cause of deathoccurrences.

in Indonesia (Sagita, 2013). It amounted to 15.4% o  The (ASA, 2012) noted that by knowledge of
total deaths which roughly calculated to one personpersonal stroke risk is a beginning step in preagnt
among seven. The stroke prevalence in 2007 is 80Gtroke. While there are uncontrollable variableshsas
occurrences every hundred thousand citizens. This iage, gender, race, family medical history and jonevi
comparatively high compared to US at 3.4 every gyoke history, it is important to notice that theare

hundred thousand citizens, Singapore at 55 every.,niroliable variables. These variables could lended

hundred thousand (_:|_t|zens and Thailand at 11 €Vein a database to improve our understanding of strok
hundred thousand citizens.

A stroke is caused by the interruption of the blood studies (Rekeet al., 2005). Even profe.ssiona! thgrapists
supply to the brain, usually because a blood vemssts may not be aware of stroke prevention guidelined an
or is blocked by a clot. This cuts off the suppli o msteaq focuses on personal knowledge of stroke
oxygen and nutrients, causing damage to the bissing. ~ (Schmid et al., 2008). Hankey and Warlow (1999)
Several stroke risk factors have been found suchgas ~ calculated that costs to prevent stroke are sigamtiy
gender, physical activity, hypertension, diabetes,less than to treat one.
smoking and alcohol consumption (Bisweisal., 2009). This research proposed to use artificial intelligen
As an example (Lynclet al., 2001) found that African more specifically expert systems in building an
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information system for stroke prevention based onother hand comorbidities such as hypertension,
known controllable risk factors. diabetes and atrial fibrillation is found to haveedt
e ) impact on recurrent stroke risks. Although fromsthi

11. Artificial Intelligence and Expert Systems  ogearch it might seem that making substantial

in Healthcare changes in lifestyle is not important, it is impart to
note that most of the biologic mechanisms by which
different factors influence risk of a first timerske
are also likely to have effect on risk of recurrent

task of using computers to understand human meeiGe, strokg. However pharmacological therapy_ and life
modifications are recommended for all patients who

b.Ut AI. does not have to confine itself to methautt are have had an ischaemic stroke or transient ischaemic
biologically observ_able (McCarthy, 2007a). attack (Bushnell and Colon-Emeric, 2009).

Duval and Main (1994) stated that expert systeras ar
a branch of Artificial Intelligence (Al). In buildg 1.3. System Development
expert systems a knowledge engineer will interview
known experts in that domain and tries to embogdy th

knowledge into the system. Th? usefulnes; of carren knowledge base as a reference for stroke risk facto
expert systems depends on their users having COMMOR s ntrollable variables are measured and standatdize
sense (McCarthy, 2007b). Expert systems are nofnitorm terminology is also important during the
necessarily high cost according to (Stockdale amdd#¥  geyelopment of expert systems (NHBPEP, 2004). The
1992). Kumar and Mishra (2010) highlighted the entr  second stage is building the inference engine witere
trend in using web-based expert systems. will match facts with the knowledge domain of the
There have been numerous developments in usage qdnowledge base to obtain knowledge of stroke risk
expert systems for healthcare. Zaramtlial. (2010) |evels of the user. The third and last stage is the
designed an expert system for asthma diagnosisconclusion which is the output from the expert eyst
Shibataet al. (1998) designed an expert system-basedcontaining prevention information and other
for health promotion of the elderly which is extedd suggestions to decrease stroke risk factors.
by a design from (lliffeet al., 2005). Panniers (2002) o
mentioned of developing an expert system for nednat 1.4. Building Knowledge Bases
intensive care. Martin and Harrison (1993) desigaad Knowledge base data is obtained from literatureystu
expert system for controlling healthcare costs. in stroke prevention. Designed knowledge basesidecl
. . blood pressure, body mass index, cigarette consompt
12 ;r;e\(/lous Researches on Stroke Scoring and and physical activity. These knowledge bases deetsel
IXS due to the ease of gain. Several controllable bkaganot
Scientists in the past have devised several metiwods included are cholesterol levels, blood sugar levels
predict the short-term risk of stroke having had ahomocysteine levels and estrogen levels which data
transient ischaemic attack (Johnstral., 2007). Ebell ~ cannot be easily obtained in daily activity.
(2008) designed a simple scoring system to dete&rmin
prognosis for people who have had acute strokerii®co
systems based on discriminant analysis have alsa be Knowledge base for blood pressure is based on
developed such as the Allen score and the Sirirake systolic blood pressure range (pressure when heart
score (Weiret al., 1994). While these stroke scoring contracts) and diastolic blood pressure range gpres
systems have been useful, it is rather differeantthe ~ When heart is filled with blood). Stroke risk inases
purpose of this research which is to reduce strigle  twice every 20/10 mmHg (Feigin, 2004).
factors based on known variables.
Boysen and Truelsen (2000) researched severafLG' Body Mass Index
factors that are commonly thought as being assediat Body Mass Index (BMI) is a simple index of weight-
with stroke risks. Lifestyle factors such as smagkin for-height that is commonly used to classify undsglut,
alcohol, lack of physical activity, cholesterol &s, overweight and obesity in adults (NHBPEP, 2004)is It
homocysteine levels and estrogen levels are natdou defined as the weight in kilograms divided by thaase of
to be directly related to recurrent stroke risks.the the height in metres (kg .

Artificial intelligence involves using the scieneaad
engineering of making intelligent machines, espigcia
intelligent computer programs. It is related to Hilar

There are three stages in building an expert system
(lliffe et al., 2005). The first stage is building a

1.5. Blood Pressure
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Blood pressure:
Score of -1 to +3

Stroke risk level:
» Total score divided
by 4 and rounded up

Body mass index:
Score of -1 to +3

Cigarette
consumption:
Score of 0 to +4

Prevention advice:
Advice given on
scores =0 and sorted

from high to low

Physical activity:
Score of 0 to +4

Fig. 1. Inference process of the system

Blood pressure:
95/150=+2 ] Stroke risk level:

4 8/4=2.0

Body mass index:

32=+2
o Increase your physical
activity to 1.4 to 2.4
Cigarette hrs/week

» * Decrease vour blood
pressure using agents
prescribed by a doctor

# Decrease vour body

Physical activity: Iiass index }0 reach

e feoaale — g —— the target of 25 to
1 hr/week = +4 29.99

.

consumption: No
Cigarettes =0

Fig. 2. Sample case for designed stroke prevention system
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1.7. Cigar ette Consumption Table 1. Knowledge base for blood pressure (adapted from
(NHBPEP, 2004))
~ On consumption of cigarettes, the pattern is @id 'Code Classification Systolic range Diastolic range
into several categories. While there have been nogy o <90.000 <59.00
references on correlation of the number of cigasetind H2  Normal 90-120 60-80
stroke risk, it is assumed that the target is NnoH3 Prehypertension 121-139 80-89
consumption. Advice is given based on the currenell H4  Stage 1 hypertension 140-159 90-99
of consumption. The next target would be a lowsele H5  Stage 2 hypertension >160.000 >100.00
consumption than before and advice is subsequently
given until no consumption is achieved. Table2. The International Classification of body mass index
adapted from (WHO, 2006)
1.8. Physical Activity Code Classification Cut-off points
Saccoet al. (1998) recommends 3.5 h per week of g; ﬁg?rira‘l’l"f;?ge 1215865204089
21&(?3;?;'{ ;cg.wty to reduce stroke risks. This is B3 Overweight 25 00-29.99
B4 Obese | 30.00-34.99
1.9. Inference Engine BS Obese Il 235.00.00
The inference engine is a process in an expertrable3. The Classification of cigarette consumption
system that matches facts with knowledge containedcode Classification Cigarettes/day
in the knowledge base to obtain a conclusion in theg; No consumption 0.00
domain of the expert system. The inference engine i sS2 Low consumption 1-60
this research is based upon built knowledge bases. S3 Moderate consumption 7-12
score of +1 is given to a stage increase compaved tS4 High consumption 13-24
recommended baseline levels for reducing strokesris S5 Heavy consumption >24.00

and a score of-lis given to a lower stage below

baseline levels. Table 4. The Classification of physical activity

These scores from available knowledge bases aré&°de Classification Hours/week
averaged to obtain a score of stroke risk. Prewenti P1 Recommended >3.5.000
advice is given to the highest score in a knowledgeP? Medium activity 2.4-34
base followed by the next highestigure 1 below Ei ::OW'me_d'_Um >1.4-2.4

. . ow activity >0-1.4.0
describes the inference process of the system. p5 No activity 0.0000

1.10. Prevention Advice
In the sample case it is shown that the user hds h

Prevention advice given to high blood pressure ispg cigarettes and this is aligned with the goalthe
to reduce blood pressure levels by using medicaiion  system therefore no advice is given.

other recommended treatment from their physicians.
Prevention advice for body mass index is to lower 1.11. User Interface

their body mass index to a stage below currentlleve A normal user would open the system in the morning
Prevention advice for cigarette consumption is dase gpq input data. They would take a blood pressutmtco
on lowering consumption to a stage lower than airre znd measure their height and weigfitgure 3a below
level. Physical activity advice is given to increas gphows the designed input screen for the system.
physical activity amount in the next stage before  Textboxes are filled with values from the previous
current level. input which is meant as a reminder for users. Affter

Table 1 shows the knowledge base for blood user confirms their input, the system would presbat
pressure. Body mass index knowledge base is shown istroke risk levels Kig. 3b). Stroke risk levels are
Table 2. Knowledge base for cigarette consumption is visualized with a bar to indicate progress of redgc
shown inTable 3 and knowledge base for physical stroke risks. Prevention advice is given from the
activity is shown inTable 4. The main target of the highest risk factor identified to the lowest. Plogdi
system is to reach 0 in stroke risk level. A sangalse is  activity data is calculated for 7 days and a dathpke
illustrated inFig. 2. risk log is kept to track progress.
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Stroke prevention system 1 March 2012

Please input your data below for today:

Blood pressure: Systolic: [ 95 | mm Hg
Diastolic: 150 mm Hg
Body mass index: Height: 165 | em
Weight: 87 kg
Cigarettes smoked: 0 ~ Pcs
Physical activity: [ 0 L}j [ 30 |min

Ok | Clear I

(@)

Stroke prevention system 1 March 2012

Your stroke risk level is currently:

0 1 2 3 4

We suggest that:

o Increase your physical activity to 1.4
to 2.4 h/week

o Decrease your blood pressure using
agents prescribed by a doctor

. Decrease your body mass index to
reach the target of 25 to0 29.99

(b)
Fig. 3. (a) System interface, (b) Stroke risk levels soree
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2. CONCLUSION Feigin, V.L., 2004. When Lightning Strikes: An Kinated
Guide to Stroke Prevention and Recovery. Kai Tiaki
We present a simple system to give prevention advic Nursing New Zealand, 10: 23-23.
for users in avoiding stroke. The system is desidioe Hankey, G.J. and C.P. Warlow, 1999. Treatment and
simple users with limited equipment availability,ather secondary prevention of stroke: Evidence, costs and

words not in a medical facility. Equipments needed  effects on individuals and populations. Lancet,:354
would only be blood pressure taker, a height measur 1457-1463PMID: 10543686

and a scale to measure weight. System is web-lm®ed |liffe, S., K. Kharicha, C. Goodman, C. Swift and D
can be applied to mobile phones making it portabies Harari et al., 2005. Smarter working in social and
would be applicable to the majority of users. health care (SWISH): Enhancing the quality of life
Prevention advice could be also shown to their of older people using an ‘expert system. Quality
physicians with further help to reduce stroke risks Ageing Older Adults, 6: 4-11.
Hypertension, for example can be treated. Paciaaodi  johnston, S.C., P.M. Rothwell, M.N. Nguyen-Huynh,
Bogousslavsky (2010) suggested that antihypertensiv. \j F. Giles and J.S. Elkinet al., 2007. Validation
therapy targeted toward the lowest tolerated blood  4nq refinement of scores to predict very earlyksiro
pressure may be beneficial in patients at risktafke. risk after transient ischaemic attack. Lancet, 369:
Preventive advice given by this system has been  5g3.092PMID: 17258668

supported by past researches. The National Strokq<umar' S. and R.B. Mishra, 2010. Web-based expert

Association and the American Heart Association systems and services. Knowl. Eng. Rev., 25: 167-

recommend smoking cessation as a stroke prevention 193 DOJ:10.1017/S0269888910000020

measure (Paciaroni and Bogousslavsky, 2010). Lynch, G.F., S. Leurgans, R. Raman, A. Barboi ar&i P
This system helps common users to reduce their = Gorelick, 2001. A comparison of stroke risk factors

stroke risk, however it should never be recommerated in patients enrolled in stroke prevention trials. J

a replacement for proper medical treatment. Further Nat. Med. Associat., 93: 79-8BMID: 12656439
developments  should also consider calculatingmartin, J.L. and T.P. Harrison, 1993. Design and

uncontrollable variables and unused controllable imp|ementation of an expert system for Controning
variables in order to determine stroke risk levels. health care costs. Operations Res., 41: 819-834.
DOI: 10.1287/opre.41.5.819
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