
IJCSNS International Journal of Computer Science and Network Security, VOL.26 No.8, August 2026 

 

55 

Manuscript received August 5, 2026 
Manuscript revised August 20, 2026 
https://doi.org/10.22937/IJCSNS.2026.26.8.6 

 

Deep Insight into Diabetic Data with the Help of Association 
Rule Mining 

 

Adil Aziz 1, Miss Asma Sajid 2 , Shahbaz Ahmad 3  
 

1 Department of Computer Science, Govt. College University, Faisalabad, Pakistan  
2 Department of Computer Science, Govt. College University, Faisalabad, Pakistan  

3Department of Computer Science, National Textile University, Faisalabad, Pakistan  
 
 

 
Abstract 
Diabet es  i s  mo st  emerg ing  ch roni c di sease  i n  
Paki s t an as  wel l  a s  a round the  g lobe .  I t  may be  i n  
form of  i n su l i n  or  glyco gen  but  bo th  fo rms  ar e 
haz ardous fo r  pa t i en t s .  A decades  befo re  di abet i c  
pat ien t s  wer e no rm al ly  matu re  p erson  who se age 
range  was  f or ty  f iv e  to  onward .  But  now d ay 
youngsters  a re  a l so  indulg ing  in  i t .  Diabet es  i s  
associ a ted  wi th  men ta l  s i ckness  and s t r ain  wh i l e  
these  a t t r ibu t es  v ari es  f ro m cu l tu re  to  cu l tu re  and 
race  t o  race through the wo r ld .  Develop ing count r ie s  
a re  nor mal ly  f ac ing  majo r  i s sue s  l ike  h e al th  and 
pover ty a long  wi th  l e ss  f i nanci al  sou rces .  Wh er eas  
mos t  o f  t he  p eople  are  l iv ing  nonstandard l i fe  and 
a lways fac ing  t roub le  and  tension  to  run  the i r  da i l y  
l ives .  Pover ty ,  ten s ion ,  s t ress  and  s t ra in  are  hom e 
hub for  di abet es .  Data min ing techn ique  is  very 
usefu l  f or  r e t r i ev ing  the  asso ci a t ion  of  mu l t ip l e  
a t t r ibut es  i n  a  given  mass ive  da t abase .  In  th i s  w ay 
we can  ident i fy  the major  a t t r i bu te  a mong  the 
mil l ion s  of  r ecord s  wh ich  cause  th e  occu rren ce  of  
d iabet ic .  
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1. Introduction 
 

Diabetes is  curren tly  posi t ioned at  the  6 th  
driv ing  reason for  death by  s ickness in  the U.S 
(Nat ional  d iabetes rea l i ty sheet ,  Atlan ta2004).  
I ts  t r ea tmen t and in  add it ion the adminis trat ion  
of  d iabetes  related  inconveniences remains a top 
need  for  governments  a round the world ,  s ince 
the mone tary weight  in  2007 a lone surpassed  
$174 b il l ion[1] .  

Diabet ic  pa t ien ts  a re increasing  gradual ly  
in  Pak istan  as wel l  a l l  over  the  globe.  Th is i s a  
chronic d isease which  doesn’ t  have a permanent  
remedy.  Patien ts can  jus t  have some 
precau tionary  measures so  tha t  he  can  s tand  his  
sugar  level  in  the  s ta ted l imi t .  I f  the level  of  

sugar  i s  h igher  in  the pat ien t  then i t  can  have  
some harmful  e ffect  on patien t’s  hea l th.  I  have  
taken data se t  of  almost  one lake  p lus pa tien t s  
from the  UCI repository.  This  da ta carr ie s  
mult ip le  at tr ibu tes  concern  to  d iabe tes.  
At t r ibutes comprised  of  d ifferen t  te s t  r ela ted  to  
sugar  l ike serum test  A1C,  me tformin ,  
ch lorpropamide ,  g lyburide,  repaginate,  
nategl in ide ,  p iogl i t azone te st  and many more.  
Pat ien t s are grouped with  respect  to  the ir  age i t s  
range i s  f rom one yea r  to  hundred  year s as  
Caucasian  nat ions’  da ta se t .  

Normally  diabet ic  d isease  emerges  when  
an  ind iv idual  fee l  stress  and  s tra in and  age  i s  
above for ty-f ive may  be  some o ther  causes that  
may be associa ted wi th th i s di sease  . I t  i s  
t roubles  and  bor ing to  def ine  assoc ia t ion o f  
at tr ibu tes from th is da ta set  which are ma in  
sources  of  thi s d i sease .  Associat ion  of  ma jor  
at tr ibu tes  from th i s data  se t  tha t  causes  d iabe tic  
then  i t  wil l  be he lpfu l  f or  hea l th  ca re  agencies  
to  use thi s informat ion for  future p lann ing and  
decision  mak ing.  (Wang  et  al . ,  2012).  Se lect ion  
of  the  specif ied  a t t r ibutes that  need  to dr ive  the  
require in formation  is  made. Then a l located  the  
data  set  wi th re spec t  to  Caucasian na tions so  
that  each pa tient  can be  observed  indiv idual ly .  
I t  i s  poss ib le  to f ind resu l t  that  var ies  from 
nation to  nat ion  or  may have the same as derived  
from sing le nat ion.  Most  of  the  t ime i t  i s  
observed tha t  ma ture  age  group  l ike  forty  plus  
are ta rge t  of  thi s chronic d isease .  But on the  
o ther  hand  th is chron ic  i s  a lso  sca t te r ing among  
youngsters .  The DATASET is  taken  f rom UCI  
Repository  of  nearly  75000 pat ien ts  and  to  mine 
these at tr ibu tes  to  carry  out  our  r esearch.  Da ta  
Set  contains  many a t tr ibutes of  each pat ien t .  
Differen t  types of  ca tegories  are made on the  
bas is of  the i r  Gender,  Their  Age Group,  Glucose  
Test  Repor t  Value and A1C Tes t  re sul t .  



IJCSNS International Journal of Computer Science and Network Security, VOL.26 No.8, August 2026 
 

 

56

 

Associat ion  Rule  Mining  Algor i thms are used  
here for  analysi s  of  th is diabetes  data.   
 
Race 
Race as  a soc ia l  bu i ld,  i s  a  gather ing tha t  have  
comparable physica l  qual i t i es  and  d is t inc t ive 
individuals .  In i t ia l ly ,  i t  is  ut i l ized  to  a l lude  to  
a  typ ical  di alect  o f  the genera l  popula tion,  then  
express  a l l iance  nation ,  began  his vocat ion  in  
the seventeenth  century to the physical  qua li t ie s 
( ie  phenotypes) .  The  te rm is more of ten than  not 
in  the feel ing of  a  general  sc ien tif ic  
classif ica t ion of  ut i l iza t ion,  from the  n ine teenth  
century ;  the dis t inc t ive gather ings spoke  to  by 
the phenotypes charac te r ized. Soc ial  st ate s of  
mind and  profession bunch change af ter  some 
t ime ,  as the  premise  for  open cooperat ion 
taxonomy meaning  of  fami l ia r i ty  wi th  the key  
sort s  of  people .  Resea rchers considered  o ld 
organic  nature ,  are  for  the most  part  not  
supported in  physio logica l  and behav iora l  
at tr ibu tes of  aggrega te rac ia l  separa tion  
clar if icat ion.  
 
 
2. Material and Method  
 
A1C Test   
A1C test  i s  a b lood  tes t ;  the  normal  blood  
g lucose level  gives dat a about the ind iv idual ,  
l ikewise ca lled  g lucose ,  the  da ta  in  the most  
recen t three  mon ths .  The  A1C test  depends  on 
g lucose hemoglob in ,  oxygen-conveying protein  
connect ion .  
 
Glucose  Serum 
If  you have a fas t ing  blood g lucose  t es ts:  
horizontal  100~125 mg /  dL means you  have  
impai red fast ing  glucose ,  a  type  of  pre-d iabetes.  
This increases  your  r isk of  type  2  diabetes .  126  
mg /  dL and  above A level  usual ly  means that  
you  have d iabetes .  
 
Age 
This a t t r ibu te  represents  the  age  of  the pa t ients  
both male and female .  The  database  comprised  
of  pat ien ts  wi th al l  ages  ranging  from one  year  
to  n inety year s.  For  s impl if ica t ion and  ef f ic ien t  
resu l ts  we deve lop  groups of  pat ien ts  wi th  
respect  to  the i r  age. in  this research s tudy age 
may help us for  recogni t ion  of  f actors  tha t  
coord inate  wi th d iabet ic  to  a t tack  the  pa ti en t .  
Normally i t  i s  seen  that  pat ient s  with d iabet ic  
has low immuni ty in  their  gene tic  system. And 
the pa t ient  wi th  age  over  f if ty  natu ral ly  have  

low immune system.so  age  factor  can prove  
more signi f icant  for  novel  resu lts .  
 
Gender 
Thi s at t r ibu te ref lec t  the information about the 
sex specif ica tion  of  pa tient s.  Just  ma le and  
female are included  in  the database .  
  
Step-1 
The step  one inc ludes the data  selec t ion . Data i s  
se lec ted from the  UCI  repos itory  prov ided l i s t  
o f  pat ien t  examined in  d if feren t  hospital s.  
Dataset  include  data of  d ifferent  nat ions so  sort  
the data  accord ing to the i r  nat ion  charac ter i st i c.   
Thi s r esearch  study  based on  Caucas ian  nat ion  
datase t  so the  remaining  data is  excluded  from 
the da taset .   Different  tables are developed  
accord ing to  the  va lue o f  the ir  d iabetes  re la ted  
te sts  and  the ir  Gender and  age.  Male and  Female 
tables  are represen ted separately.   
 
Step-2 
Assoc ia t ion analysis is  performed to  ca lculate  
confidence and  suppor t .  These  bo th factors  help  
to  ex trac t  the  more  associa ted  at tr ibu tes  among 
the tables .  
 
The Graphical  Analysis Resul t  examinat ion  was 
performed by  using R language as  a  dialect s too l .  
R is  a  programming  normal ly use for  data 
analysis  in  proficient  way.  Di fferen t  types  of  
queries are used to perform graphical  ope rat ion  
by R language.   
R tool  i s  a  s tat is t ica l  analysis too l  used here  for  
analysis of  the  dataset .  
 
 
3. Literature Review  
 

In  opera t ion ,  the quick  ca lculat ion for  
mining  aff i l ia t ion  rules  in  vast  da tabase [2] ,  the  
crea tors p ropose  a  ca lculat ion known from the 
earl ier ,  to  be found  in  huge sca le,  e ssent ia l ly  
value-based,  dea l s af f i l ia t ion ru les database.  
The  calcu lat ion i s found in al ready known 
ar rangement of  calcu la t ions  and  Mining  
Deve lopmen t Associat ion  Law. Wel lbe ing da ta,  
a  grea t  deal  of  work as  of  now ut i l ize 
information mining  a lready ju st  bus iness  
appl icat ions.  The pr inc ip le motiva t ion behind  
which  has  been  snared in  a grea t  dea l  of  matches  
wi th the  s ide  effect s of  pa tient s based learning  
frameworks conclus ion.  I t  i s  hard to in s t iga te  
from among  an ar rangemen t of  so lid  
demons tra t ive tene ts manifestat ions might  be 
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o rganized in  an unending,  on  the grounds tha t  
the subsequen t theory  may have unaccep tabl e 
forecast  exactness[3] .   
 

Notwi thstand ing,  dif f erent  scient is t s  
have been  u t i l iz ing  a ff i l ia t ion  s tandards to  
enhance  the  level  e st imate  at  90 for  every  penny 
guaranteed  to  concoct  further  r ef inements  [4]  by  
i t s  mix wi th regulated  learning techn ique.  The 
sc ient ist s  connec ted  the i r  work on  malignancy,  
yet  they guarantee thi s could be s t retched ou t to  
the f ind ing  of  d i fferent  sicknesses.  Aff i l ia t ion  
examinat ion , i t  i s  addi t ionally  known not been 
u ti l ized to  l ike lihood  explana tions ,  for  example ,  
" if  the  pat ien t  i s  accep ting  trea tmen t A,  there  is  
a  l ike l ihood of  0 .35,  they wil l  ind ica te  s ide  
ef fects  Z" [5] .  Bui lding up  connect ions 
inf luence  the u ti l i ty  of  a  spec if ic  pat ien t  
trea tment  arrangement,  which might  be va luabl e.   
Class aff i l i a t ion rules (CARs) are 
fundamental ly used to  a ssemble  presc ien t  order  
model ;  they  can l ikewise  be  ut i l ized to por tray  
the connection  be tween thing  se ts and classes  
between  the  impr ints .  The las t  i s  ex tremely  
famous in  r es tora t ive in format ion min ing.   

For  in stance ,  di sease t ransmiss ion 
spec ia l ist s  frequent ly seen  as  conf irmation  tha t  
danger componen ts  ( th ing  se t) ,  and  the  
re la t ionship  between  the te st  ou tcomes  
DIBATES guidel ine  (c lass name)  be tween.  In  
any  case ,  a  subset  of  th is  present  r ea l i ty ,  the  end  
cl ien t  i s  normal ly int r igued  by  the re la ted  c lass 
ru les.  Spec if ica lly ,  they may cons ider  just  
conta in  th ings premise set  f rom an arrangement 
of  c l ien t  charac ter ized pr inc ip les of  no  less than  
one  thing  guide line  se t .  Fo r  instance ,  when 
h igh-hazard bunches  in which  HIV 
contamina tion grouping,  the s tudy of  d isease  
transmission  tends to  concentra te  on 
incorpora te  demographic da ta,  for  example ,  
sexua l  or ien ta t ion,  age ,  and  con jugal  s ta tus 
standard  in  the guidel ine premise  [6] .   
Afte r  two innocent  procedures i s  se t  by  apply ing 
the te rm l imita t ion  to  pretrea tment  or  preparing  
ventures  to de termine this is sue.  In  any  case ,  
th is str ategy is  t ime-concentra ted .  Thusly,  th i s 
paper  presen ts  requirement in to the c lass 
af f i l ia t ion  s tandard  mining process  powerful  
way.  Explora tory  resul ts  demonstra te  that  
min ing t ime and  memory  u ti l i za t ion of  the  
ca lcula t ion  is  bet te r  than two fundamenta l  
techn iques .  The genu ine advantage of  our  
techn ique by genuine  DIBATES area of  u se  
showing.  

In  2015 assoc ia te  rule  (CTFI) ,  was 
p lanned tha t  remodel  or igina l  deal ing  
knowledge into new smaller  dea l ing know ledge  
wi th al l  dat a of  frequent  i tem se ts .  By thi s omi t  
the informat ion wi th  g iven  t ransac tions ,  got  a  
replacemen t merge t ransac tions and so the  
frequent th ing  set s a re  often obta ined from 
building  count  Table  of  al l  i tem s in new merge 
transact ions,  (CTFI)  u ses In ter sec tion  opera tion  
to  come up wi th f requent i tem se ts suppor ted  
Count  Table that  compresses  the  th ings.  The  
Bi twise-And operat ion is  way  quicker  than  the  
normal i tem examinat ion methodology u t i l ized  
in  severa l  Apr ior i - l ike rule .  CTFI ru le  is  tha t  
the ex tension of  enhancemen ts un l imited in  
ARM. Affi l ia t ion rules decided  Present  in  l igh t  
of  a  legi t imate  concern for  the  ut i l iza t ion of  a  
few measures in tense  social  da tabase ( typica l ly  
taking  in to account leas t  back ing  and  least  
cer tain ty) .  

The  evaluat ion s tage enables  the 
compari son  o f  models and result s  from any  da ta  
mining  model  by using  a common  yardst ick,  
such as  l if t  char ts,  prof i t  char ts ,  o r  d iagnost ic  
classif ica t ion char ts .  Final ly ,  deployment  
re la tes  to  the ac tua l  implementat ion  and  
operat iona lizat ion of  the  data mining  models.  
Data mining  techniques can be  broadly  
classif ied  based on  what they can do,  namely  
descript ion  and  v isual iza t ion;  a ssociat ion  and  
cluster ing;  and  c lassif i cat ion  and es t imat ion,  
which  i s  pred ic t ive  modeling [8] .   
 
 
4. Discussion  
 
Let  consider  the given tables.  
 
Table 3  Caucasian (7,300) Male 

Race  
A1C 

resu lt  
Max_glu_s

erum 
Age  

Gende
r 

Caucasian  >7 >200 
[80-
90)  

Male  

Caucasian  >7 >200 
[40-
50)  

Male  

Caucasian  >7 >200 
[50-
60)  

Male  

      
This Tab le  contains  da ta  of  Caucas ian  

race  accomplished  of  Male  gender whose  both  
te sts  l ike  A1C Resu lt  >  7  and  Max_glu_serum >  
200.  So  th is  tab le  ind ica tes  tha t  major i ty  o f  
male  pa t ien ts  whose  age  is  40-60 and 80-90  
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carr ies  diabetes .  This data has  176 associat ion  
ru les.  

 
Figure 1  Caucasian Femaile  for 176 Rules 
 
 
Let  consider  another  table   
 
 
Table 4  Caucasian (7,300) Female 

       
This Table contains  da ta  of  Caucas ian  

race accompli shed  of  Female gender whose both  
te sts  l ike  A1C Resul t  > 7 and  Max_glu_serum > 
300. So  thi s  tab le  ind ica tes tha t  major i ty  of  
Female  pa t ient s whose  age is  70-80  have more 

chances that  they  car r ies diabetes .  While  from 
age  40-60 have some chances to  car ry d iabe tes.  
Thi s da ta has  224  associat ion  ru les .  
Graph  for  thi s tab le is  a s under .  

 
Figure 2  Caucasian Femaile  for 224 Rules 
 
Another  Tab le  is  under  discuss ion.  
 
Table 5  Caucasian (Normal) Female 
 

Race 
A1C 
Result 

Max_Glu_Serum Age Gender 

Caucasian Norm Norm [80-90) Female 

Caucasian Norm Norm [60-70) Female 

Caucasian Norm Norm [80-90) Female 

Caucasian Norm Norm [80-90) Female 

Caucasian Norm Norm [70-80) Female 

Caucasian Norm Norm [70-80) Female 

Caucasian Norm Norm [50-60) Female 

Caucasian Norm Norm [40-50) Female 

Caucasian Norm Norm [80-90) Female 

Race  
A1C 

resu lt  
Max_glu_

serum 
Age  Gender  

Caucasian  >7 >300 [40-50)  Female  
Caucasian  >7 >300 [50-60)  Female  
Caucasian  >7 >300 [70-80)  Female  
Caucasian  >7 >300 [60-70)  Female  
Caucasian  >7 >300 [70-80)  Female  
Caucasian  >7 >300 [70-80)  Female  
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Caucasian Norm Norm [80-90) Female 

Caucasian Norm Norm [80-90) Female 

Caucasian Norm Norm [70-80) Female 

Caucasian Norm Norm [30-40) Female 

  
 

This Table contains  da ta  of  Caucas ian  
race  accompl ished  of  Female  gender  who’s  both  
te sts  l ike A1C Resul t  and Max_glu_serum are in  
Normal form.  So  th is  tab le  ind ica tes  tha t  
major i ty  of  Female pat ients  whose  age  i s  40-90 
have no  d iabetes un t i l  they carr ies  Normal  te s ts .  
This da ta  has  320 associat ion  ru les .  The  Graph 
of  thi s table is  shown as  under.  
 

 
Figure 4  Caucasian Female  for 320 Rules 

 
Here  another  tab le  is  p resen ted for  fur ther  
i l lus tra t ion .  
 
 

 
Table 5  Caucasian (Normal) Male 

 

        
 
 

This Tab le  contains  da ta  of  Caucas ian  
race  accompl i shed  of  Male gender  who’s  both  
te sts  l ike A1C Resul t  and Max_g lu_serum are in  
Normal form.  So  th is  tab le  indica tes  that  
major i ty  of  Male pat ien ts  whose  age i s  40-90  
have no  d iabetes un t i l  they carr ies  Normal  tes t s.  
Thi s da ta  has 320  assoc iat ion rules.The  Graph 
of  thi s table is  shown as under.  
 

Race  
A1C 
resu l t  

Max_glu_seru
m 

Age Gender  

Caucasi a
n 

Norm Norm [70-80)  Male  

Caucasi a
n 

Norm Norm [80-90)  Male  

Caucasi a
n 

Norm Norm [40-50)  Male  

Caucasi a
n 

Norm Norm [80-90)  Male  

Caucasi a
n 

Norm Norm [70-80)  Male  

Caucasi a
n 

Norm Norm [60-70)  Male  

Caucasi a
n 

Norm Norm [60-70)  Male  

Caucasi a
n 

Norm Norm [50-60)  Male  

Caucasi a
n 

Norm Norm [70-80)  Male  

Caucasi a
n 

Norm Norm [80-90)  Male  

Caucasi a
n 

Norm Norm [40-50)  Male  

Caucasi a
n 

Norm Norm [70-80)  Male  



IJCSNS International Journal of Computer Science and Network Security, VOL.26 No.8, August 2026 
 

 

60

 

 
Figure 5  Caucasian Male  for 320 Rules 

 
5. Conclusion  

Likewise  th is  17 tab les has  been  
genera ted f rom the  datase t  accord ing to Tests  
resu l t  combina tion  separated  on  gender base .  
Male and  Female  table are separa tely crea ted.  
All  the tab les  have  been processed  by  using R 
language .  Assoc ia t ion rules are  ca lcu lated by  
using  R language .  Graphs has been  crea ted for  
the analysis  of  our  research . I t  may be  in  form 
of  insu l in or  g lycogen  but bo th  forms are 
hazardous for  pa t ient s.  A decades befo re  
d iabetic  pa tient s were  normal ly ma ture  person 
whose  age range  was for ty f ive to  onward.  But  
now day youngste rs  a re a lso  indulging  in  i t .  
Diabetes  i s  a ssoc ia ted  with  mental  s ickness  and 
str ain  whi le  these  a t tr ibutes varie s  from cu lture 
to  culture and  race to  race  through the world .  
Developing  coun tr ies  a re normally  f acing  major  
is sues l ike  hea lth  and poverty  a long  wi th  l ess  
f inanc ia l  sources.  Whereas most  of  the people  
are l iving nonstandard l i fe and a lways fac ing 
trouble  and tension to  run the ir  dai ly  l ives.  
Pover ty,  tension , str ess and  st ra in  are home hub 
for  d iabetes.  Data mining  technique i s  very  
usefu l  for  r etr iev ing  the associat ion of  mult iple  
at tr ibu tes in  a  g iven massive database.  In  th is  
way we can  ident ify the  major  a t tr ibu te among 
the mil l ions  of  reco rds which cause the  
occurrence  of  d iabetic .  
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