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A PRIMER ON ROUGH SETS:                                  
AA  NNEEWW  AAPPPPRROOAACCHH  TTOO  DDRRAAWWIINNGG  

CCOONNCCLLUUSSIIOONNSS  FFRROOMM  DDAATTAA 

Zdzisław Pawlak∗ 

ABSTRACT 
Rough set theory is a new mathematical approach to vague 

and uncertain data analysis.  This Article explains basic concepts 
of the theory through a simple tutorial example and briefly 
outlines the application of the method to drawing conclusions from 
factual data.  The presented approach can be used in some kind of 
legal reasoning. 

INTRODUCTION 
TThhee  pprroobblleemm  ooff  iimmppeerrffeecctt  kknnoowwlleeddggee  hhaass  bbeeeenn  ttaacckklleedd  ffoorr  aa  

lloonngg  ttiimmee  bbyy  pphhiilloossoopphheerrss,,  llooggiicciiaannss,,  aanndd  mmaatthheemmaattiicciiaannss..    
RReecceennttllyy,,  tthhee  pprroobblleemm  aallssoo  bbeeccaammee  aa  ccrruucciiaall  iissssuuee  ffoorr  ccoommppuutteerr  
sscciieennttiissttss,,  ppaarrttiiccuullaarrllyy  iinn  tthhee  aarreeaa  ooff  aarrttiiffiicciiaall  iinntteelllliiggeennccee..    TThheerree  
aarree  mmaannyy  aapppprrooaacchheess  ttoo  uunnddeerrssttaannddiinngg  aanndd  mmaanniippuullaattiinngg  

 
 ∗ ZZddzziissłaaww  PPaawwllaakk  oobbttaaiinneedd  hhiiss  PPhh..DD..  iinn  11995588  aanndd  DD..SScc..  iinn  11996633  iinn  tthhee  TThheeoorryy  ooff  
CCoommppuuttaattiioonn  ffrroomm  tthhee  PPoolliisshh  AAccaaddeemmyy  ooff  SScciieenncceess..    HHee  iiss  aa  mmeemmbbeerr  ooff  tthhee  PPoolliisshh  
AAccaaddeemmyy  ooff  SScciieenncceess.. 
    HHiiss  rreesseeaarrcchh  iinntteerreessttss  iinncclluuddee  ccooggnniittiivvee  sscciieenncceess,,  ddeecciissiioonn  ssuuppppoorrtt  ssyysstteemmss,,  iinndduuccttiivvee  
rreeaassoonniinngg,,  vvaagguueenneessss,,  uunncceerrttaaiinnttyy,,  ccoonnfflliicctt  aannaallyyssiiss,,  llooggiicc,,  aanndd  pphhiilloossoopphhyy  ooff  sscciieennccee..    HHiiss  
pprreevviioouuss  iinntteerreessttss  wweerree  ddiiggiittaall  ccoommppuutteerrss  oorrggaanniizzaattiioonn,,  iinnffoorrmmaattiioonn  rreettrriieevvaall,,  aanndd  
mmaatthheemmaattiiccaall  ffoouunnddaattiioonnss  ooff  ccoommppuutteerr  sscciieennccee..    IInn  tthhee  eeaarrllyy  11995500ss  hhee  ddeessiiggnneedd  aanndd  
ssuuppeerrvviisseedd  tthhee  ccoonnssttrruuccttiioonn  ooff  oonnee  ooff  tthhee  ffiirrsstt  ddiiggiittaall  ccoommppuutteerrss  iinn  PPoollaanndd  aanndd  EEuurrooppee.. 
    PPrrooffeessssoorr  PPaawwllaakk  hhaass  aallssoo  eeaarrnneedd  mmaannyy  aawwaarrddss,,  aammoonngg  tthheemm  tthhee  SSttaattee  AAwwaarrdd  iinn  
CCoommppuutteerr  SScciieennccee  iinn  11997788  aanndd  tthhee  HHuuggoo  SStteeiinnhhaauuss  aawwaarrdd  ffoorr  aacchhiieevveemmeennttss  iinn  aapppplliieedd  
mmaatthheemmaattiiccss  iinn  11998899..    HHee  iiss  aa  mmeemmbbeerr  ooff  sseevveerraall  nnaattiioonnaall  aanndd  iinntteerrnnaattiioonnaall  ssoocciieettiieess  aanndd  
oorrggaanniizzaattiioonnss,,  hhoollddss  ppoossiittiioonnss  oonn  tthhee  eeddiittoorriiaall  bbooaarrddss  ooff  sseevveerraall  ddoozzeenn  iinntteerrnnaattiioonnaall  
jjoouurrnnaallss,,  aanndd  iiss  aa  pprrooggrraamm  ccoommmmiitttteeee  mmeemmbbeerr  ooff  mmaannyy  nnaattiioonnaall  ccoonnffeerreenncceess  oonn  ccoommppuutteerr  
sscciieenncceess.. 
    PPrrooffeessssoorr  PPaawwllaakk  hhaass  hheelldd  oovveerr  ffoorrttyy  vviissiittiinngg  uunniivveerrssiittyy  aappppooiinnttmmeennttss  iinn  EEuurrooppee,,  tthhee  
UUnniitteedd  SSttaatteess,,  aanndd  CCaannaaddaa,,  aanndd  hhaass  ppaarrttiicciippaatteedd  iinn  nnuummeerroouuss  ccoonnffeerreenncceess  aanndd  sseemmiinnaarrss  
iinntteerrnnaattiioonnaallllyy..    HHee  hhaass  aallssoo  ppuubblliisshheedd  aarrttiicclleess  iinn  iinntteerrnnaattiioonnaall  jjoouurrnnaallss  aanndd  sseevveerraall  bbooookkss  
oonn  vvaarriioouuss  aassppeeccttss  ooff  ccoommppuutteerr  sscciieennccee  aanndd  aapppplliiccaattiioonn  ooff  mmaatthheemmaattiiccss..    PPrrooffeessssoorr  PPaawwllaakk  
ccaann  bbee  ccoonnttaacctteedd  aatt  tthhee  IInnssttiittuuttee  ffoorr  TThheeoorreettiiccaall  aanndd  AApppplliieedd  IInnffoorrmmaattiiccss  aatt  tthhee  PPoolliisshh  
AAccaaddeemmyy  ooff  SScciieenncceess..     
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iimmppeerrffeecctt  kknnoowwlleeddggee..    TThhee  mmoosstt  ssuucccceessssffuull  aapppprrooaacchh  iiss,,  nnoo  ddoouubbtt,,  
ZZaaddeehh’’ss  ffuuzzzzyy  sseett  tthheeoorryy..1 

RRoouugghh  sseett  tthheeoorryy  iiss  aannootthheerr  aapppprrooaacchh  ttoo  tthhiiss  pprroobblleemm..    FFrroomm  
aa  pphhiilloossoopphhiiccaall  ppooiinntt  ooff  vviieeww,,  rroouugghh  sseett  tthheeoorryy  iiss  aa  nneeww  aapppprrooaacchh  
ttoo  vvaagguueenneessss  aanndd  uunncceerrttaaiinnttyy,,  aanndd  ffrroomm  aa  pprraaccttiiccaall  ppooiinntt  ooff  vviieeww,,  iitt  
iiss  aa  nneeww  mmeetthhoodd  ooff  ddaattaa  aannaallyyssiiss..2 

TThhee  pprrooppoosseedd  mmeetthhoodd  hhaass  tthhee  ffoolllloowwiinngg  iimmppoorrttaanntt  
aaddvvaannttaaggeess::  

• it provides efficient algorithms for finding hidden 
patterns in data; 

• it finds reduced sets of data (data reduction); 
• it evaluates significance of data; 
• it generates minimal sets of decision rules from data; 
• it is easy to understand; 
• it offers straightforward interpretation of results; 
• it can be used in both qualitative and quantitative data 

analysis; and 
• it identifies relationships that would not be found using 

statistical methods. 
RRoouugghh  sseett  tthheeoorryy  oovveerrllaappss  wwiitthh  mmaannyy  ootthheerr  tthheeoorriieess,,  ssuucchh  aass  

ffuuzzzzyy  sseettss,,  eevviiddeennccee  tthheeoorryy,,  aanndd  ssttaattiissttiiccss..    NNeevveerrtthheelleessss,,  iitt  ccaann  bbee  
vviieewweedd  iinn  iittss  oowwnn  rriigghhtt  aass  aann  iinnddeeppeennddeenntt,,  ccoommpplleemmeennttaarryy,,  aanndd  
nnoonnccoommppeettiinngg  ddiisscciipplliinnee.. 

TThhee  rroouugghh  sseett  mmeetthhooddoollooggyy  hhaass  ffoouunndd  mmaannyy  rreeaall--lliiffee  
aapppplliiccaattiioonnss  iinn  vvaarriioouuss  ddoommaaiinnss..    IItt  sseeeemmss  tthhaatt  tthhee  rroouugghh  sseett  
aapppprrooaacchh  ccaann  aallssoo  bbee  uusseedd  iinn  lleeggaall  rreeaassoonniinngg,,  ppaarrttiiccuullaarrllyy  iinn  
ddrraawwiinngg  ccoonncclluussiioonnss  ffrroomm  ffaaccttuuaall  ddaattaa.. 

The rough set theory is based on sound mathematical 
foundations, but for simplicity’s sake this Article refrains from 
advanced mathematical formalisms and tries to explain rudiments 
of the theory through a very simple example.  The real life 
examples of applications are much more sophisticated and require 
more advanced extension of the theory.3 

 
 1 See Lotti Zadeh, Fuzzy Sets, 8 INFO. & CONTROL 338-53 (1965). 
 2 See generally ZDZISŁAAWW  PPAAWWLLAAKK,,  RROOUUGGHH  SSEETTSS::  TTHHEEOORREETTIICCAALL  AASSPPEECCTTSS  OOFF  

RREEAASSOONNIINNGG  AABBOOUUTT  DDAATTAA  ((11999911));;  Zdzisłaaww  PPaawwllaakk  eett  aall..,,  RRoouugghh  SSeettss,,  3388  CCOOMMMM..  AACCMM  
8888--9955  ((11999955)); Roman Slowinski, Rough Set Approach to Decision Analysis, 10 AI EXPERT 
19 (1995). 
 3 For more information about rough sets and their applications, see TOSHINORI 
MUNAKATA, FUNDAMENTALS OF THE NEW ARTIFICIAL INTELLIGENCE: BEYOND 
TRADITIONAL PARADIGMS (1998); ROUGH FUZZY HYBRIDIZATION: A NEW TREND IN 
DECISION MAKING (S.K. Pal & A. Skowron eds., 1999); ROUGH SETS AND CURRENT 
TRENDS IN COMPUTING (L. Polkowski & A. Skowron eds., 1998); ROUGH SETS IN 
KNOWLEDGE DISCOVERY 1: METHODOLOGY AND APPLICATIONS (L. Polkowski & A. 
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I.     AN EXAMPLE 
TTaabbllee  11  pprreesseennttss  ssiixx  ffaaccttss  ccoonncceerrnniinngg  nniinneettyy--eeiigghhtt  ccaasseess  ooff  

ddrriivviinngg  aa  ccaarr  iinn  vvaarriioouuss  ddrriivviinngg  ccoonnddiittiioonnss..    IInn  tthhee  ttaabbllee,,  ccoolluummnnss  
llaabbeelleedd  wweeaatthheerr,,  rrooaadd,,  aanndd  ttiimmee——ccoolllleeccttiivveellyy  ccaalllleedd  ccoonnddiittiioonn  
aattttrriibbuutteess——rreepprreesseenntt  ddrriivviinngg  ccoonnddiittiioonnss..    TThhee  ccoolluummnn  llaabbeelleedd  
aacccciiddeenntt,,  aallssoo  ccaalllleedd  ddeecciissiioonn  aattttrriibbuuttee,,  ccoonnttaaiinnss  iinnffoorrmmaattiioonn  
rreeggaarrddiinngg  wwhheetthheerr  aann  aacccciiddeenntt  hhaass  ooccccuurrrreedd  iinn  eeaacchh  ccaassee..    NN  
ddeennootteess  tthhee  nnuummbbeerr  ooff  aannaallooggoouuss  ccaasseess.. 

 
Fact 
no. 

ddrriivviinngg  ccoonnddiittiioonnss ccoonnsseeqquueennccee NN 

  wweeaatthheerr rrooaadd ttiimmee aacccciiddeenntt  
11 mmiissttyy iiccyy ddaayy yyeess 88 
22 ffooggggyy iiccyy nniigghhtt yyeess 1100 
33 mmiissttyy nnoott  iiccyy nniigghhtt yyeess 44 
44 ssuunnnnyy iiccyy ddaayy nnoo 5500 
55 ffooggggyy nnoott  iiccyy dduusskk yyeess 66 
66 mmiissttyy nnoott  iiccyy nniigghhtt nnoo 2200 

 
                                                                                          TTaabbllee  11  

 
TTaabbllee  11  iilllluussttrraatteess  tthhee  pprroobblleemm  ooff  ffiinnddiinngg  tthhee  rreellaattiioonnsshhiipp  

bbeettwweeeenn  aacccciiddeennttss  aanndd  ddrriivviinngg  ccoonnddiittiioonnss,,  ii..ee..,,  ttoo  ddeessccrriibbee  tthhee  sseett  
ooff  ffaaccttss  {{11,,22,,33,,55}}  ((oorr  tthhee  sseett  ooff  ffaaccttss  {{44,,66}}))  iinn  tteerrmmss  ooff  aattttrriibbuutteess  
wweeaatthheerr,,  rrooaadd  aanndd  ttiimmee..    NNoottee  tthhaatt  tthhee  ddaattaa  aarree  iinnccoonnssiisstteenntt  bbeeccaauussee  
ffaaccttss  nnuummbbeerr  33  aanndd  66  aarree  iinnccoonnssiisstteenntt,,  ii..ee..,,  tthheeyy  hhaavvee  tthhee  ssaammee  
ccoonnddiittiioonnss  bbuutt  ddiiffffeerreenntt  ccoonnsseeqquueenncceess,,  tthheerreeffoorree  tthhee  sseett  ooff  aallll  
aacccciiddeennttss  ccaannnnoott  bbee  ddeessccrriibbeedd  iinn  tteerrmmss  ooff  aattttrriibbuutteess  wweeaatthheerr,,  rrooaadd  
aanndd  ttiimmee..    HHoowweevveerr,,  wwee  ccaann  ddeessccrriibbee  tthhee  sseett  ooff  aacccciiddeennttss  
aapppprrooxxiimmaatteellyy..    TToo  tthhiiss  eenndd,,  aann  eexxaammiinnaattiioonn  ooff  tthhee  ddaattaa  rreevveeaallss  tthhee  
ffoolllloowwiinngg:: 

• {1,2,5} is the maximal set of facts that can certainly be 
classified as accidents in terms of the driving conditions; 

• {1,2,3,5,6} is the set of all facts that possibly can be 
classified as accidents in terms of  the driving conditions; 

• {3,6} is the set of facts that can be classified neither as 
accident nor no accidents in terms of the driving 
conditions. 

 
Skowron eds., 1998).  Electronic Bulletin of the Rough Set Community, at 
http://www.cs.uregina.ca/~roughset (last visited Jan. 12, 2001); Grobian – The Rough Set 
Engine, at http://www.infj.ulst.ac.uk/~cccz23/grobian/grobian.html (last visited Jan. 12, 
2001); The Rosetta Homepage, at http://www.idi.ntnu.no/~aleks/rosetta/ (last visited Jan. 
12, 2001). 
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Note that the set {3,6} is the difference between sets {1,2,3,5,6} 
and {1,2,5}. 

A.     Approximations 

TThhee  eexxaammppllee  pprroovviiddeedd  aabboovvee  iilllluussttrraatteess  tthhaatt  ssoommee  ddeecciissiioonnss  
ccaannnnoott  bbee  ddeessccrriibbeedd  bbyy  mmeeaannss  ooff  ccoonnddiittiioonnss..    HHoowweevveerr,,  tthheeyy  ccaann  
bbee  ddeessccrriibbeedd  wwiitthh  ssoommee  aapppprrooxxiimmaattiioonnss..    TThheerreeffoorree,,  iinn  wwhhaatt  
ffoolllloowwss  tthhee  ffoolllloowwiinngg  tteerrmmiinnoollooggyy  iiss  uusseedd::  

• the set {1,2,5} is the lower approximation of the set 
{1,2,3,5}; 

• the set {1,2,3,5,6} is the upper approximation of the set 
{1,2,3,5}; 

• the set {3,6} is the boundary region of the set {1,2,3,5}. 
  AApppprrooxxiimmaattiioonnss  aarree  bbaassiicc  ccoonncceeppttss  ooff  rroouugghh  sseett  tthheeoorryy  aanndd  
aarree  uusseedd  ttoo  ddrraaww  ccoonncclluussiioonnss  ffrroomm  ddaattaa..4    IInnffoorrmmaall  ddeeffiinniittiioonnss  ooff  
aapppprrooxxiimmaattiioonnss  aarree  tthhee  ffoolllloowwiinngg::  

• the lower approximation of a set X with respect to data 
D is the set of all facts that can be for certain classified 
as X (are certainly X ) in view of the data D; 

• the upper approximation of a set X with respect to data 
D is the set of all facts that can be possibly classified as 
X (are possibly X ) in view of the data D; 

• the boundary region of a set X with respect to data D is 
the set of all facts that can be classified as neither X nor 
non-X in view of the data D. 

Now we are able to say what rough sets are.  AA  sseett  XX  iiss  rroouugghh  
((aapppprrooxxiimmaattee,,  iinneexxaacctt))  iinn  vviieeww  ooff  tthhee  ddaattaa  DD  iiff  iittss  bboouunnddaarryy  rreeggiioonn  
iiss  nnoonneemmppttyy;;  ootthheerrwwiissee  tthhee  sseett  iiss  ccrriisspp  ((eexxaacctt)).. 

Thus, the set of elements is rough (inexact) if it cannot be 
defined in terms of the data, i.e., it has some elements that can be 
classified neither as a member of the set nor its complement in 
view of the data. 

B.     Data Reduction 

AAnnootthheerr  iimmppoorrttaanntt  iissssuuee  iinn  ddaattaa  aannaallyyssiiss  iiss  rreedduuccttiioonn  ooff  ddaattaa..    
OOfftteenn,,  ssuuppeerrfflluuoouuss  ddaattaa  ccaann  bbee  rreemmoovveedd  ffrroomm  tthhee  ddaattaa  ttaabbllee  wwhhiillee  
ssttiillll  aalllloowwiinngg  ccoonncclluussiioonnss  ttoo  bbee  ddrraawwnn  ffrroomm  tthhee  ddaattaa  ttaabbllee..    IInn  oorrddeerr  
ttoo  rreedduuccee  tthhee  ddaattaa  wwiitthhoouutt  aaffffeeccttiinngg  tthhiiss  pprrooppeerrttyy,,  wwee  mmuusstt  
pprreesseerrvvee  tthhee  ccoonnssiisstteennccyy  ooff  tthhee  ddaattaa..    TToo  tthhiiss  eenndd  wwee  ddeeffiinnee  tthhee  
ddeeggrreeee  ooff  ccoonnssiisstteennccyy  ooff  aa  ddaattaa  ttaabbllee,,  wwhhiicchh  iiss  ggiivveenn  bbeellooww::  

 
 4 For precise, mathematical definitions of approximations, see sources cited supra 
note 3. 
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cases all ofnumber  the
cases consistent all ofnumber  the=k   

 
Obviously, 0 ≤ k ≤ 1. 
AA  mmiinniimmaall  ssuubbsseett  ooff  ddaattaa  tthhaatt  pprreesseerrvveess  ccoonnssiisstteennccyy  ooff  tthhee  

ddaattaa  iiss  ccaalllleedd  aa  ““rreedduucctt..””    FFoorr  eexxaammppllee,,  TTaabblleess  22  aanndd  33  aarree  rreedduucceedd  
ddaattaa  ttaabblleess  oobbttaaiinneedd  ffrroomm  TTaabbllee  11..  
  

FFaacctt  
nnoo..  

w r a  FFaacctt  
nnoo..  

w t a 

11  mmiissttyy  iiccyy  yyeess    11  MMiissttyy  ddaayy  yyeess  

22  ffooggggyy  --  yyeess    22  FFooggggyy  --  yyeess  

33  mmiissttyy  nnoott  iiccyy  yyeess    33  MMiissttyy  nniigghhtt  yyeess  

44  ssuunnnnyy  --  nnoo    44  SSuunnnnyy  --  nnoo  

55  ffooggggyy  --  yyeess    55  FFooggggyy  --  yyeess  

66  mmiissttyy  nnoott  iiccyy  nnoo    66  MMiissttyy  nniigghhtt  nnoo  

  
            Table 2                                                      Table 3 

The algorithms for data reduction are rather sophisticated and this 
Article will not focus on this issue.5 

C.     Decision Rules and Inverse Decision Rules 
In order to reason about data, we need a language of 

“decision rules,” also known as “association rules” or “production 
rules.”  A decision rule is an implication in the form if Φ then Ψ, 
(in symbols Φ→Ψ), where Φ  is called the “condition” and Ψ the 
“decision” of the rule.  Φ and Ψ are logical formulas built up from 
attributes and attribute values and describe some properties of 
facts.  Decision rules, on the other hand, express relationship 
between conditions and decisions. 

Every fact in the data table determines a decision rule. 
FFoorr  eexxaammppllee,,  TTaabbllee  11  ccaann  bbee  rreepprreesseenntteedd  bbyy  tthhee  ffoolllloowwiinngg  sseett  

ooff  ddeecciissiioonn  rruulleess::  
(1) if (weather, misty) and (road, icy) and (time, day) 

then (accident, yes); 
(2) if (weather, foggy) and (road, icy) and (time, night) 

then (accident, yes); 

 
  5  FFoorr  mmoorree  aabboouutt  ddaattaa  rreedduuccttiioonn,,  sseeee  ggeenneerraallllyy  RROOUUGGHH  SSEETTSS  AANNDD  CCUURRRREENNTT  

TTRREENNDDSS,,  ssuupprraa note 3;;  RROOUUGGHH  SSEETTSS  IINN  KKNNOOWWLLEEDDGGEE  DDIISSCCOOVVEERRYY,,  ssuupprraa note 3. 
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(3) if (weather, misty) and (road, not icy) and (time, 
night) then (accident, yes); 

(4) if (weather, sunny) and (road, icy) and (time, day) 
then (accident, no); 

(5) if (weather, foggy) and (road, not icy) and (time, 
dusk) then (accident, yes); 

(6) if (weather, misty) and (road, not icy) and (time, 
night) then (accident, no). 

We can simplify the set of decision rules using Table 2 instead 
of Table 1: 

(1′)  if (weather, misty) and (road, icy) then (accident, yes) 
(2′)  if (weather, foggy) then (accident, yes) 
(3′)  if (weather, misty) and (road, not icy) then (accident, 
yes) 
(4′)  if (weather, sunny) then (accident, no) 
(5′)  if (weather, misty) and (road, not icy) then (accident, 
no) 
We can get another set of decision rules employing Table 3. 
Decision rules can be thought of as a formal language for 

drawing conclusions from data. 
Sometimes we may be interested in explanation of decisions in 

terms of conditions.  To this end, we need inverse decision rules 
which are obtained by mutually replacing conditions and decisions 
in every decision rule. 

For example, the following inverse decision rules can be 
understood as an explanation of car accidents in terms of driving 
conditions: 

(1″) if (accident, yes) then (road, icy) and (weather, 
misty); 
(2″) if (accident, yes) then (weather, foggy); 
(3″) if (accident, yes) then (road, not icy) and (weather, 
misty); 
(4″) if (accident, no) then (weather, sunny); 
(5″) if (accident, no) then (road, not icy) and (weather, 
misty). 
Another explanation of accidents can be obtained by means 

of inverse decision rules obtained from Table 3.  Thus, there is no 
unique explanation of accidents in view of the available data. 
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D.     Certainty and Coverage Factors 

 Decision rules have interesting probabilistic properties that are 
discussed next. 

With every decision rule Φ→Ψ, we associate two conditional 
probabilities: 

• the certainty factor 

                  ( )
Φ

ΨΦΦΨπ
 satisfying cases all ofnumber 

  and  satisfying cases all ofnumber =   

• the coverage factor 

( )
Ψ

ΨΦΨΦπ
  satisfying cases all ofnumber 

  and   satisfying cases all ofnumber = ..  

The certainty factor is the frequency of Ψs in Φ, and the 
coverage factor is the frequency of Φs in Ψ. 

If a decision rule Φ →Ψ uniquely determines decisions in 
terms of conditions, i.e., if π (Φ Ψ) = 1, then the rule is called 
“certain.” 

If a decision rule Φ→Ψ does not determine decisions uniquely 
in terms of conditions, i.e., if 0 < π (Φ Ψ) < 1, then the rule is 
called “uncertain.” 

For example: 
“if (weather, misty) and (road, icy) and (time, day) then 

(accident, yes)” is a certain decision rule, whereas “if (weather, 
misty) and (road, not icy) and (time, night) then (accident, no)” is 
an uncertain decision rule. 

Using Table 1, we can compute certainty and coverage factors 
for decision rules (1′) – (5′), which are presented in Table 4. 
  

rruullee  
nnoo..  

cceerrttaaiinnttyy  ccoovveerraaggee  aacccciiddeenntt  

11′′  11..0000  00..2299  yyeess  
22′′  11..0000  00..5577  yyeess  
33′′  00..1177  00..1144  yyeess  
  44′′  11..0000  00..7711  nnoo  
55′′  00..8833  00..2299  nnoo  

  
Table 4 

 
Note that for inverse decision rules the certainty and coverage 

factors are mutually exhanged. 
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E.     Decision Rules and Approximations 
There is an interesting relationship between decision rules 

and approximations.  Certain decision rules describe the lower 
approximation of the set of facts pointed out by the conclusion of 
the rule, whereas uncertain decision rules describe the boundary 
region of the set of facts pointed out by the conclusion of the rule. 

FFoorr  eexxaammppllee,,  iinn  TTaabbllee  22  tthhee  ffoolllloowwiinngg  rreellaattiioonnsshhiippss  bbeettwweeeenn  
aapppprrooxxiimmaattiioonnss  aanndd  ddeecciissiioonn  rruulleess  eexxiisstt::  

• Certain rules describing accidents (the lower approximation 
of the set of facts {1,2,3,5}): 

 (1′) if (weather, misty) and (road, icy) then (accident, yes); 
 (2′) if (weather, foggy) then (accident, yes). 
• Uncertain rule describing accidents (the boundary region 

{3,6}of the set of facts {1,2,3,5}): 
((33′′))  iiff  ((wweeaatthheerr,,  mmiissttyy))  aanndd  ((rrooaadd,,  nnoott  iiccyy))  tthheenn  ((aacccciiddeenntt,,  
yyeess))..  

• Certain rule describing lack of accidents (the lower 
approximation of the set of facts {4,6}): 

 (4′) if (weather, sunny) then (accident, no) 
• Uncertain rule describing lack of accidents (the boundary 

region {3,6}of the set of facts {4,6}): 
(5′) if (weather, misty) and (road, not icy) then (accident, 
no). 

Another description of approximations can be obtained from 
Table 3.  Because data reduction generally does not yield unique 
results, there is no unique description of approximations and 
boundary regions by means of decision rules. 

F.     What the Data Tell Us 
From the decision rules (1′)–(5′) and the certainty factors, we 

can draw the following conclusions: 
(1′) misty weather and icy road always caused accidents; 
(2′) foggy weather always caused accidents; 
(3′) misty weather and  not icy road caused accidents in 17% 

of the cases; 
(4′) sunny weather and icy road always caused  safe driving; 
(5′) misty weather and not icy road caused safe driving in 83% 

of the cases. 
From the inverse decision rules (1′′)-(5′′) and the coverage 

factors we get the following explanations: 
(1′′) 29% of accidents occurred when the weather was misty 

and the road icy; 
(2′′) 57% of accidents occurred when the weather was foggy; 
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(3′′) 14% of accidents occurred when the weather was misty 
and the road not icy; 

(4′′) 71% of safe driving took place when the weather was 
sunny; 

(5′′) 29% of safe driving took place when the weather was 
misty and the road not icy. 

Summing up, from the decision rules (1′)-(5′) and the 
certainty factors lead to the following conclusions: 

• misty weather and icy road or foggy weather certainly 
caused accidents; 

• sunny weather and icy road certainly caused no 
accidents. 
• misty weather and not icy road most probably caused no 

accidents. 
The inverse decision rules (1′′)-(5′′) and the coverage factors 

led to the following explanations of driving accidents: 
• the most probable cause of accidents is foggy weather; 
• the most probable reason for the lack of accidents is 

sunny weather. 
Other conclusions and explanations can be obtained by 

employing decision rules resulting from Table 3.  Thus, as 
previously stated, there is no unique association of accidents with 
the driving conditions. 

Note also that the data table represents a closed world, i.e., it 
is only a sample of a larger world.  Therefore, the conclusions 
drawn are not universal but are valid only for the data.  Whether 
they can be generalized depends on whether the data is a 
representative sample of a larger data set.  But this Article does 
not discuss that problem, which is the central issue of inductive 
reasoning. 

CONCLUSION 
Rough set theory is a new method of drawing conclusions 

from data.  The approach has found many nontrivial, real-life 
applications.  It seems that rough set theory can be also used in 
some kinds of legal reasoning, but to this end more extensive 
research is necessary.  
 


