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Abstrac t 

As electronic data becomes widely available, the need for tools 
tha t  hel p peopl e gai n insigh t  fro m dat a ha s arisen .  A  variet y o f 
technique s fro m statistics ,  machin e learning ,  an d neura l  network s 
have bee n applie d t o database s i n th e hope s o f  minin g knowledg e 
fro m data .  Multipl e regressio n i s on e suc h metho d fo r  modelin g 
th e relationshi p betwee n a  se t  o f  explanator y variable s an d a 
dependen t  variabl e b y fittin g a  linea r  equatio n t o observe d data . 
Here ,  w e investigat e an d discus s som e factor s tha t  influenc e 
whethe r  th e resultin g regressio n equatio n i s a  credibl e mode l  o f  th e 
data . 

I n t r o d u c t i o n 

Multipl e linea r  regressio n (e.g. ,  Drape r  an d Smith ,  1981 ) 
i s a  techniqu e fo r  finding  a  linea r  relationshi p betwee n a  se t 
of  explanator y variable s (x )  an d a  dependen t  variabl e (y) :  y 

= b g +  bpc ,  +  b^ 2 +  •  • •  +  ̂ A -  T h ^  coefficients ,  {b )  provid e 
some indicatio n o f  th e explanator y variable s effec t  o n th e 
dependen t  variable .  Wit h th e wid e availabilit y o f  persona l 
computer s an d th e inclusio n o f  regressio n routine s i n 
commonl y availabl e statistic s o r  spreadshee t  softwar e suc h 
as Microsof t  Excel® ,  ther e i s a n increase d recognitio n o f  th e 
valu e o f  gainin g insigh t  fro m data .  Ther e ar e als o fre e w e b 
server s (e.g. ,  Autofi t  http://www.lava.net/~seekjc )  fo r  fitting 
dat a t o linea r  models .  A s a  consequence ,  multipl e linea r 
regressio n i s  bein g applie d t o a  wid e arra y o f  problem s 
rangin g fro m busines s t o agriculture .  Th e goa l  o f  thi s 
applicatio n i s t o 'conver t  dat a t o information' .  Suc h 
informatio n migh t  hel p guid e futur e decision-making .  Fo r 
example ,  man y lender s us e a  credi t  scor e t o hel p determin e 
whethe r  t o mak e a  loan .  Thi s scor e i s a  combinatio n o f  m a n y 
factor s suc h a s income ,  debt ,  an d pas t  paymen t  histor y 
whic h positivel y o r  negativel y affec t  th e credi t  ris k o f  a 
borrower .  I n thi s paper ,  w e sho w tha t  multipl e regressio n a s 
use d i n practic e ca n produc e model s tha t  ar e unacceptabl e t o 
expert s an d laypeopl e becaus e factor s tha t  shoul d positivel y 
affec t  a  decisio n m a y hav e negativ e coefficient s an d vic e 
versa .  W e introduc e a  constraine d for m o f  regressio n tha t 
produce s regressio n model s tha t  ar e mor e acceptable . 

To illustrat e th e proble m w e ar e addressing ,  conside r 
formin g a  mode l  o f  professiona l  basebal l  players '  salarie s a s 
a functio n o f  statistic s describin g th e players '  performance . 
An agen t  representin g a  playe r  migh t  us e th e mode l  a s par t 

of  a n argumen t  tha t  th e playe r  i s underpaid .  A  playe r  coul d 
us e th e mode l  t o determin e h o w t o improv e certai n aspect s 
of  hi s g a m e t o increas e hi s salary .  W e hav e create d a  m o d e ! 
of  basebal l  players '  salarie s i n 199 2 a s a  functio n o f  th e 
players '  performanc e i n 199 1 usin g dat a o n 27 0 player s 
collecte d b y CNN/Sport s Illustrate d an d Th e Societ y fo r 
America n Basebal l  Research .  Th e mode l  i s liste d below : 

s=-180+10r+5hit+0.9obp+15hr+14rbi-0.8ave-18db-39tr 
wher e s  i s th e salar y (i n thousands) ,  r  i s  th e numbe r  o f  run s 
scored ,  h  i s  th e numbe r  o f  hits ,  ob p i s th e o n bas e 
percentag e (betwee n 0  an d 1000) ,  rb i  i s  th e numbe r  o f  run s 
batte d in ,  av e i s th e battin g averag e (betwee n 0  an d 1000) , 
db i s th e numbe r  o f  double s an d t r  i s th e numbe r  o f  triples . 
Most  peopl e knowledgeabl e abou t  basebal l  ar e confuse d b y 
th e negativ e coefficient s fo r  ave ,  db ,  an d tr .  I t  i s  unlikel y 
tha t  someon e familia r  wit h th e spor t  woul d conside r  thi s 
insightfu l  o r  advis e anyon e t o ac t  upo n thi s model .  I f  a 
basebal l  playe r  intereste d i n maximizin g hi s incom e wer e t o 
follo w thi s equatio n literally ,  h e woul d alway s sto p a t  first 
bas e whe n hitting ,  rathe r  tha n tryin g fo r  a  double .  I n thi s 
paper ,  w e discus s w h y incorrec t  sign s occu r  i n multipl e 
linea r  regressio n an d presen t  som e alternativ e mean s o f 
inferrin g linea r  model s fro m dat a tha t  d o no t  suffe r  fro m thi s 
problem . 

I n multipl e linea r  regression ,  th e bes t  equatio n fitting  th e 
dat a i s foun d b y choosin g th e coefficient s {b )  s o tha t  th e 
su m o f  th e square d erro r  fo r  th e trainin g dat a point s i s 
minimized .  Th e coefficients ,  b- ,  ca n b e foun d wit h matri x 
manipulations ,  als o k n o w n a s a  leas t  square s approac h 
(Drape r  an d Smith ,  1981) .  Mulle t  (1976 )  discusse s a  variet y 
of  reason s tha t  multipl e linea r  regressio n produce s th e 
"wron g sign "  fo r  som e coefficients : 

•  Computationa l  Error .  S o m e computationa l  procedure s 
fo r  computin g leas t  square s hav e problem s wit h 
precisio n w h e n th e magnitude s o f  variable s diffe r 
drastically .  T o avoi d thi s problem ,  w e internall y 
conver t  variable s t o standar d for m (i.e. ,  0  mean ,  an d 
uni t  variance )  fo r  calculation s an d conver t  bac k t o th e 
origina l  for m fo r  displayin g th e coefficients . 

•  Coefficient s tha t  don' t  significantl y diffe r  fro m zero . 
I n thi s case ,  th e sig n o f  th e coefficien t  doe s no t  matte r 
becaus e i t  i s  smal l  enoug h s o tha t  i t  doe s no t 
significantl y affec t  th e equation .  O n e recommende d 
w ay t o avoi d thi s proble m i s t o eliminat e thes e 
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irrelevan t  variables .  I'orwar d stepwis e regressio n 
method s (Drape r  an d Smith ,  1981 )  d o no t  includ e a 
variabl e i n th e mode l  unles s th e variabl e significantl y 
impro\c s th e fi t  o f  th e mode l  t o th e data .  W e use d 
thi s metho d (wit h a n alph a o f  0.05 )  t o mode l  th e 
basebal l  dat a an d obtaine d th e followin g equation . 
s=-114+16r+17rbi-59t r 
Althoug h thi s equatio n rciluce s th e numbe r  o f 
violations ,  i t  stil l  ha s th e wron g sig n fo r  th e variabl e 
tr . 

•  Multicollinearity .  W h e n tw o o r  mor e explanator y 
variable s ar e no t  independent ,  th e sig n o f  th e coefficien t 
of  on e o f  th e variable s m a y diffe r  fro m th e sig n o f  tha t 
coefficien t  i f  th e variabl e wer e th e onl y explanator y 
variable .  O n e approac h t o dea l  wit h thi s proble m i s 
manuall y eliminatin g som e o f  th e variable s fro m th e 
analysis . 

In this paper, we consider an alternative approach to 
addres s th e "wron g sign "  proble m i n multipl e regression . 
Th e goa l  i s  t o produc e linea r  model s tha t  ar c a s accurat e 
predictor s o f  th e dependen t  variabl e a s th e least-square s 
model  bu t  ar e mor e acceptabl e t o peopl e knowledgeabl e i n 
th e domain .  Followin g th e methodolog y common l y use d i n 
machin e learning ,  w e evaluat e accurac y no t  b y goodnes s o f 
fi t  t o a  collectio n o f  dat a bu t  b y th e abilit y  t o generaliz e t o 
unsee n data .  Furthermore ,  w e repor t  o n a n experimen t  tha t 
evaluate s wha t  type s o f  linea r  model s ar e mor e acceptabl e t o 
peopl e i n th e basebal l  salar y domain . 

C o n s t r a i n e d Regress io n 

We hypothesiz e tha t  a  linea r  mode l  i s mor e acceptabl e t o 
peopl e knowledgeabl e i n a  domai n whe n th e effec t  o f  eac h 
variabl e i n th e regressio n equatio n i n combinatio n wit h th e 
othe r  variable s i s th e sam e a s th e effec t  o f  eac h variabl e i n 
isolation .  Tha t  is ,  i f  i n general ,  basebal l  salarie s increas e a s 
th e numbe r  o f  double s increases ,  w e woul d lik e th e sig n o f 
th e coefficien t  o f  thi s variabl e t o b e positiv e i n th e ful l  linea r 
model .  Here ,  w e propos e an d evaluat e thre e method s t o 
constrai n regressio n t o m a k e thi s true .  W e cal l  thi s constrain t 
th e independen t  sig n bias . 

Independen t  Sig n Regressio n (ISR )  treat s th e proble m o f 
fittin g th e linea r  mode l  t o th e dat a a s a  constraine d 
optimizatio n problem :  i.e. ,  fin d th e regressio n coefficient s 
(b, )  tha t  minimiz e th e square d erro r  o n th e trainin g dat a 
subjec t  t o th e constrain t  tha t  al l  coefficient s mus t  hav e th e 
same sig n a s the y woul d i n isolatio n (simpl e regression) . 
Ther e ar e m a n y numerica l  algorithm s fo r  performin g 
constraine d optimization ,  an d Lawso n an d Hanso n (1974 ) 
presen t  a  comprehensiv e se t  fo r  thi s case .  Th e n e w 
contributio n i n IS R i s tha t  th e constraint s (i.e. ,  th e sig n o f  th e 
coefficient )  ar e determine d automaticall y b y analysi s o f  th e 
data .  Explanator y variable s positivel y correlate d wit h th e 
dependen t  variabl e hav e a  positiv e sign ,  whil e thos e 
negativel y correlate d hav e a  negativ e sign . 

We use d IS R t o creat e th e followin g mode l  o f  th e 
basebal l  salar y data : 

s=-207+15r+0.8hit+llhr+llrbi+0.33ave+5d b 

I n th e nex t  sections ,  w e evaluat e h o w wel l  a  constraine d 
for m o f  regressio n fit s th e dat a an d whethe r  peopl e prefe r 
regressio n equation s wit h thi s constraint .  Here ,  w e not e tha t 
th e sign s agre e wit h ou r  intuition .  However ,  i t  doe s 
eliminat e som e variable s suc h a s th e o n bas e percentag e 
(obp) .  Thi s occur s becaus e th e bes t  fi t  t o th e dat a subjec t  t o 
th e constrain t  tha t  ob p ̂  o  i s tha t  ob p =  o .  Thi s occur s 
becaus e ob p i s correlaie d wit h othe r  variable s suc h a s av e ( r 
= 0.81) . 

Next ,  w e conside r  h o w t o modif y forwar d stepwis e 
regressio n t o constrai n th e sig n o f  th e variable .  I n forwar d 
stepwis e regressio n (Drape r  an d Smith ,  1981) ,  w e star t  wit h 
an empt y se t  o f  variable s an d the n ad d th e singl e variabl e 
tha t  improve s th e model' s fi t  t o th e trainin g dat a th e most . 
We continu e thi s proces s o f  addin g variable s t o thos e presen t 
unti l  w e hav e eithe r  include d al l  variable s o r  th e remainin g 
variable s d o no t  significantl y improv e th e fi t  base d o n th e 
partia l  F-tes t  (Drape r  an d Smith ,  1981) .  Independen t  sig n 
forwar d regressio n (ISFR )  modifie s thi s procedur e b y 
addin g th e constrain t  tha t  th e enterin g variabl e mus t  als o no t 
resul t  i n sig n violation s (i.e. ,  w e ad d th e variabl e tha t 
improve s mode l  fit  th e mos t  subjec t  t o th e constrain t  o f  n o 
sig n violation s i n th e fitted  equation) .  ISF R produce s th e 
followin g equatio n o n th e basebal l  data : 

s=-148+15r+15rb i 

The previous two constrained forms of regression both 
m ay eliminat e variables .  Here ,  w e introduc e a  for m o f 
regressio n w e cal l  M e a n Coefficien t  Regressio n ( M C R )  tha t 
doe s no t  eliminat e variable s bu t  ensure s tha t  th e sign s agre e 
wit h th e sig n i n isolation .  M C R finds  th e regressio n 
coefficient s fo r  eac h o f  th e variable s i n isolatio n an d the n 
simpl y use s thos e value s (dividin g b y th e numbe r  o f 
variables )  fo r  th e multipl e regressio n case .  Thi s i s equivalen t 
t o treatin g eac h variabl e a s a  predicto r  an d the n averagin g 
th e results .  Th e intercep t  i s foun d automaticall y throug h th e 
conversio n o f  coefficient s fro m standar d for m t o th e origina l 
scalin g an d minimize s th e mea n square d erro r  o f  th e linea r 
equatio n wit h thos e coefficients .  I f  al l  o f  th e explanator y 
variable s ar e uncorrected ,  M C R woul d produc e th e sam e 
equatio n a s multipl e linea r  regression .  M C R produce s th e 
followin g equatio n o n th e basebal l  data : 
s=-162+4r+2hit+l.lobp+10hr+3rbi+l.2ave+9db+16t r 

A c c u r a c y a n d th e I n d e p e n d e n t  Sig n Bia s 

I n thi s section ,  w e evaluat e th e five  regressio n algorithm s 
on th e severa l  dat a sets .  I n eac h case ,  w e repor t  th e square d 
multipl e correlatio n coefficien t  (R^) ,  whic h i s th e percen t  o f 
th e tota l  varianc e explaine d b y th e regressio n equation ,  an d 
th e descriptiv e mea n square d erro r  ( M S B )  o f  th e regressio n 
routine s o n th e entir e dat a set .  Bot h o f  thes e statistic s 
measur e h o w wel l  th e algorithm s fit  th e data .  Not e tha t 
multipl e linea r  regressio n alway s ha s th e bes t  fit  t o th e 
trainin g data ,  becaus e i t  b y definitio n minimize s square d 
trainin g error .  Th e mor e constraine d form s o f  regressio n ar e 
limite d i n thei r  abilit y  t o fit  th e data .  W e als o repor t  o n th e 
predictiv e mea n square d error ,  whic h measure s th e abilit y  o f 
th e regressio n algorith m t o produc e model s tha t  generaliz e 
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t o unsee n data .  Th e predictiv e mea n square d erro r  i s foun d 
by 5-fol d cross-validation :  Th e entir e dat a se t  i s  randoml y 
divide d int o fiv e equa l  size d partitions .  Th e dat a fro m fou r 
of  th e partition s i s  use d t o for m a  linea r  mode l  tha i  i s 
evaluate d o n th e fift h partition .  Thi s i s repeate d liv e innc s 
wit h eac h partitio n use d exactl y onc e fo r  evalualion .  Th e 
predictiv e M S E i s almos t  alway s highe r  tha n th e descriptiv e 
M S E.  However ,  th e algorith m wit h th e lowes t  descriptiv e 
M SE doe s no t  necessaril y  hav e th e lowes t  predictiv e M S E 
becaus e th e les s constraine d algorithm s ca n overfi t  th e data . 

W h en evaluatin g th e five  regressio n algorithms ,  w e als o 
repor t  o n th e numbe r  o f  sig n violation s wher e a  sig n 
violatio n occur s i f  th e sig n o f  th e coefficien t  i n th e equatio n 
differ s fro m th e sig n o f  th e coefficien t  i n th e simpl e 
regressio n case .  I n thi s work ,  th e principl e goa l  i s  no t  t o 
find  regressio n routine s tha t  generaliz e bette r  tha n multipl e 
linea r  regression ,  bu t  t o fin d routine s tha t  generaliz e equall y 
wel l  an d produc e equation s tha t  peopl e woul d b e mor e 
willin g t o use . 

We ra n eac h o f  th e 5  regressio n approache s o n si x dat a 
set s availabl e fro m eithe r  th e Statli b repositor y 
(hltp://www.Stat.cmu.edu )  o r  th e U C I  archiv e o f  database s 
(lmp://www.ics.uci.edu/~mlearn) .  Th e database s Autompg , 
Housing ,  an d Pollutio n dea l  wit h automobil e mileage , 
housin g costs ,  an d mortalit y rate s respectively .  C S Dep t  i s 
availabl e fro m th e Computin g Researc h Associatio n 
(http://www.cra.org )  an d involve s compute r  scienc e 
departmen t  qualit y ratings .  Th e Alzheimer' s databas e wa s 
collecte d b y UCI' s Institut e o f  Brai n Agin g an d Dementi a 
and involve s predictin g th e leve l  o f  dementi a fro m th e 
result s o f  test s tha t  scree n fo r  dementia . 

I n al l  o f  thes e domains ,  a  sig n violatio n coul d caus e 
credibilit y  problems .  Fo r  example ,  i n th e C S Dep t  domain , 
linea r  regressio n indicate d tha t  th e mor e publication s pe r 
facult y member  th e lowe r  th e qualit y o f  th e program ,  whil e 
i n isolatio n thi s variabl e ha s th e opposit e effect . 

Tabl e 1 .  Summar y o f  fiv e approache s t o creatin g linea r  model s o n si x dat a set s 
Databas e 

Alzheime r 
R̂  

Descriptiv e M S E 
Predictiv e M S E 
Violation s 

Au tomp g 
W " 

Descriptiv e M S E 
Predictiv e M S E 
Violation s 

Basebal l 
R̂  "  " 
Descriptiv e M S E 
Predictiv e M S E 
Violation s 

CS Dep t 
R^  '  "  "  " 
Descriptiv e M S E 
Predictiv e M S E 
Violation s 

Housin g 
"  R ^  "  "  " " 

Descriptiv e M S E 
Predictiv e M S E 
Violation s 

Pollutio n 
r ' 
Descriptiv e M S E 
Predictiv e M S E 
Violation s 

Multipl e 
Linea r 

Regressio n 

0.75 0 
0.12 4 
0.18 4 

7 

0.84 9 
9. 3 
10. 6 
4 

0.47 8 
8e+ 5 
8.74e+ 5 
3 

0.85 9 
0.13 5 
0.24 4 
1 

0.74 0 
21. 9 
23. 7 
3 

0.76 8 
895 
3.53e+ 3 
5 

Independen t 
Sig n 

Regressio n 

0.74 3 
0.12 7 
0.16 6 
0 

0.84 4 
9.4 7 
10. 5 
0 

0.47 2 
8.09e-i- 5 
8.55e+ 5 
0 

0.85 8 
0.13 6 
0.21 3 
0 

"0.69 8 
25. 6 
27. 6 
0 

0.72 8 
1.04e+ 3 
i.6e+ 3 
0 

M e an 
Coefficien t 
Regressio n 

0.42 0 
0.28 7 
0.29 7 
0 

0.50 0 
30. 5 
30. 8 
0 

0.37 5 
9.57e+ 5 
9.66e+ 5 
0 

0.41 4 
0.55 9 
0.60 5 
0 

0.32 8 
56. 7 
57. 2 
0 

0.22 4 

2.96e+ 3 
3.3e+ 3 
0 

Stepwis e 
Forwar d 

Regressio n 

0.72 7 

0.13 5 
6.16 6 
0 

0.84 4 
9. 4 
10. 7 
1 

0.47 6 
8.02e+ 5 
8.37e+ 5 
i 

0.84 4 
0.14 8 
0.2 4 
0 

0.74 0 
21. 9 
24. 4 
0 

6.71 9 
1.08e-i- 3 
1.82e+ 3 
2 

Independen t 
Sig n Fo rwa r d 

Regressio n 

0.72 7 
0.13 5 
0.16 6 
0 

0.84 4 
9.5 5 
10. 6 
0 

0.47 0 
8.11e+ 5 
8.33e+ 5 
0 

0.84 4 
0.14 8 
0.2 4 
0 

0.69 6 
25. 7 
27. 7 
0 

0.71 9 
1.08e+ 3 
1.78e+ 3 
0 1 
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I n Tabl e 1 ,  w e sho w th e result s o f  th e fiv e regressio n 
approache s o n th e si x  dat a sets .  Th e bes t  (lowest ) 
predictiv e M S B i s  show n i n bol d t o allo w simpl e 
compariso n o f  th e predictiv e ability .  I t  i s  typica l  i n suc h a 
simulatio n tha t  n o algorith m stand s ou t  a s uniforml y 
superio r  o n al l  problems .  However ,  th e result s indicat e tha t 
independen t  sig n regressio n i s usuall y a t  leas t  a s accurat e a s 
multipl e linea r  regression .  D u e t o th e sig n violations ,  on e 
migh t  prefe r  t o us e independen t  sig n regression .  M e a n 
coefficien t  regressio n doe s no t  fi t  th e dat a no r  generaliz e a s 
wel l  a s th e othe r  regressio n algorithms .  Independen t  sig n 
forwar d regressio n i s usuall y a t  leas t  a s accurat e a s stepwis e 
forwar d regression . 

Not e tha t  multipl e linea r  regressio n ha s a t  leas t  on e sig n 
violatio n o n ever y dat a set .  Thi s show s tha t  correlate d 
variable s frequentl y occu r  i n naturall y occurrin g database s 
an d tha t  th e technique s designe d t o correc t  fo r  sig n 
violation s m a y b e appHcabl e t o a  broa d rang e o f  problems . 
Althoug h stepwis e forwar d regressio n mitigate s th e proble m 
of  sig n violations ,  i t  doe s no t  eliminat e i t  entirely . 

I n th e nex t  section ,  w e repor t  o n th e result s o f  a n 
experimen t  i n whic h subject s indicat e thei r  willingnes s t o 
us e regressio n equation s t o m a k e predictions .  Th e goa l  o f 
th e stud y i s t o determin e whethe r  subject s hav e a  preferenc e 
fo r  th e independen t  sig n bias :  i.e. ,  equation s i n whic h th e 
sig n o f  eac h coefficien t  i s  th e sam e a s th e sig n i n isolation . 

Baseball Salary Experiment 

I n thi s experiment ,  subject s ar e aske d t o imagin e tha t  the y 
ar e a n agen t  representin g a  basebal l  player .  Subject s ar e 
show n variou s linea r  equation s an d tol d tha t  the y "migh t  b e 
use d a s a  startin g poin t  t o ge t  a  roug h estimat e o f  wha t  a 
playe r  shoul d b e paid .  "  Fo r  eac h equation ,  the y wer e aske d 
t o indicat e o n a  [-3,+3 ]  scal e " H o w willin g woul d yo u b e t o 
us e thi s equatio n a s a  roug h estimat e o f  a  basebal l  player' s 
salary? "  W e ar e intereste d i n explorin g whethe r  subject s 
hav e a  preferenc e fo r  regressio n equation s withou t  sig n 
violations . 

We hypothesize d tha t  subject s woul d giv e highe r  rating s t o 
equation s forme d wit h Independen t  Sig n Regressio n an d 
M e an Coefficien t  Regressio n t o equation s forme d wit h 
Multipl e Linea r  Regressio n becaus e suc h equation s d o no t 
contai n sig n violations .  Not e tha t  Independen t  Sig n 
Regressio n doe s no t  necessaril y  us e al l  o f  th e variables ,  an d 
on th e basebal l  dat a i t  typicall y use s 4- 6 o f  th e 8  variables . 

We als o hypothesize d tha t  subject s woul d giv e highe r 
rating s t o equation s foun d wit h Independen t  Sig n Forwar d 

Regressio n tha n Stepwis e Forwar d Regressio n becaus e the y 
als o di d no t  contai n sig n violations . 

Subjects. The subjects were 47 male and female under-
graduate s attendin g th e Universit y o f  California ,  Irvin e wh o 
indicate d tha t  the y wer e somewha t  o r  ver y familia r  wit h 
baseball .  Th e subject s participate d i n thi s experimen t  t o 
receiv e extr a credi t  i n a n artificia l  intelligenc e course .  W e 
di d no t  enrol l  subject s wit h littl e o r  n o familiarit y wit h 
basebal l  i n th e study . 

Stimuli The stimuli consisted of 15 linear equations that 
wer e displaye d t o th e use r  i n a  w e b browser .  Figur e 1 
contain s a n exampl e o f  th e typ e o f  stimul i  used .  Thre e 
equation s wer e generate d b y eac h o f  five  differen t 
regressio n routines : 

• Multiple Linear Regression 
•  Independen t  Sig n Regressio n 
•  M e a n Coefficien t  Regressio n 
•  Stepwis e Forwar d Regressio n 
•  Independen t  Sig n Forwar d Regressio n 

Three different equations for each algorithm were formed on 
differen t  rando m subset s o f  th e basebal l  dat a resultin g i n 
differen t  coefficients .  Th e coefficient s o f  th e equation s 
wer e rounde d t o tw o significan t  digits .  Th e stimul i  wer e 
presente d i n rando m orde r  fo r  eac h subject . 

FJe £d k Vie w F̂ onte s lool s Hel p 

H o w willin g wou l d y o u b e t o us e thi s equatio n a s a  roug h estimat e o f  a  basebal l  player' s salar y (i n 

thousand s o f  dollars) ? 

salar y =  O.eSav e +  0.87ob p +  3.2run 3 +  1.Shit s +  e.Sdbl s +  12trpl s +  9.8hr s +  3.5rb i  +  5. 0 t ; 

Not at all .3r.2r.irorir2<^3r Very Willing 

Recor d Ratin g 
Par t  2 :  Selec t  a  n u m b e r  f ro m - 3 t o + 3 t o indicat e h o w willin g wou l d y o u b e t o us e thi s equatio n a s a 

roug h estimat e o f  a  player' s salar y i f  y o u wer e a n agen t  representin g th e player .  The n selec t  "Recor d 

Rating. " 

J l 
d r  r ~ j C Interne t 

Figur e 1 .  A n exampl e o f  ih e stimul i  use d i n th e experimen t 
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Procedures .  Eac h subjec t  wa s show n a  singl e equatio n a t  a 
time ,  i n rando m order ,  an d aske d t o indicat e o n a  scal e fro m 
- 3 t o + 3 ho w willin g the y woul d b e t o us e th e equatio n a s a 
roug h estimat e o f  a  player' s salar y b y clickin g o n a  radi o 
button .  Nex t  the y clicke d o n "Recor d rating "  an d wer e 
shown anothe r  equation .  Th e radi o butto n wa s rese t  t o U 
befor e displayin g th e nex t  equation .  Thi s continue d unti l 
th e subjec t  rate d al l  1 5 equations . 
Results .  Th e averag e ratin g o f  al l  subject s fo r  eac h typ e o f 
equatio n i s show n i n Tabl e 2 . 

Table 2. Average Subjects Ratings for Linear Equations 
Regressio n Algorith m 

Multipl e Linea r  Regressio n 
Independen t  Sig n Regressio n 
Mean Coefficien t  Regressio n 

Stepwis e Forwar d Regressio n 
Independen t  Sig n Forwar d Regressio n 

M e an 
Ratin g 

-0.81 6 
0.60 3 
0.85 1 

-1.0 9 
-0.11 3 

We analyze d th e result s o f  th e experimen t  a s follows . 
For  eac h subject ,  w e foun d th e mea n ratin g o f  th e thre e 
equation s generate d b y eac h o f  th e fiv e algorithms .  A n 
analysi s o f  varianc e showe d tha t  th e algorith m ha d a 
significan t  effec t  o n th e ratin g F(4,184 )  =  22.11 ,  p  <.0001 . 
A Tukey-Krame r  tes t  a t  th e .0 5 leve l  wa s use d t o evaluat e 
th e thre e hypotheses .  Th e critica l  differenc e i s 0.70 6 s o al l 
thre e difference s ar e significant : 
•  Subject s gav e significantl y highe r  rating s t o equation s 

foun d b y independen t  sig n regressio n tha n equation s 
foun d b y multipl e linea r  regression . 

•  Subject s gav e significantl y highe r  rating s t o equation s 
foun d b y mea n coefficien t  regressio n tha n equation s 
foun d b y multipl e linea r  regression . 

•  Subject s gav e significantl y highe r  rating s t o equation s 
foun d b y independen t  sig n forwar d regressio n tha n 
equation s foun d b y stepwis e forwar d regression . 

Discussion. The results support the notions that subjects 
hav e a  preferenc e fo r  linea r  model s tha t  confor m t o th e 
independen t  sig n bias ,  i.e. ,  thos e i n whic h th e sig n o f  th e 
coefficient s o f  eac h explanator y variabl e agree s wit h th e 
effec t  tha t  th e explanator y variabl e ha s i n isolation . 

The independen t  sig n regressio n routin e introduce d i n thi s 
pape r  automaticall y determine s th e sig n o f  th e coefficien t  o f 
explanator y variables ,  produce s model s tha t  hav e simila r 
predictiv e accurac y a s thos e produce d b y multipl e linea r 
regression ,  an d produce s linea r  model s tha t  subject s woul d 
be mor e willin g t o use .  A  possibl e disadvantag e o f  th e 
independen t  sig n regressio n routin e i s tha t  i t  m a y eliminat e 
some variable s fro m th e linea r  equation .  Thi s m a y b e a 
benefi t  i n som e case s (e.g. ,  i f  i t  wa s expensiv e t o collec t 
some variables )  o r  i f  simplicit y i s a  consideration .  However , 
th e result s o f  th e experimen t  i n thi s pape r  sugges t  tha t 
ignorin g man y explanator y variable s m a y reduc e th e 
willingnes s o f  subject s t o us e a  linea r  model .  Althoug h thi s 
i s  no t  a  focu s o f  thi s study ,  i t  appear s tha t  bot h independen t 
sig n forwar d regressio n an d stepwis e forwar d regressio n 
receive d relativel y lo w ranking s b y subjects . 

I f  on e i s intereste d i n eliminatin g variables ,  th e 
simulation s showe d tha t  independen t  sig n forwar d 
regressio n produce s equation s wit h simila r  predictiv e 
accurac y t o stepwis e forwar d regressio n an d th e experimen t 
showe d tha t  user s preferre d equation s create d b y 
independen t  sig n forwar d regression . 

We propose d mea n coefficien t  regressio n a s a  mean s o f 
eliminatin g sig n violation s whil e usin g al l  explanator y 
variables .  Althoug h i t  receive d th e highes t  averag e rankin g 
by subject s i n ou r  experiments ,  i t  doe s no t  fi t  th e dat a no r 
generaliz e a s wel l  a s th e othe r  regressio n routines .  W e 
suspec t  tha t  ou r  subject s ar e sensitiv e t o th e sig n an d perhap s 
orde r  o f  magnitud e o f  th e coefficients ,  bu t  there' s n o reaso n 
t o believ e they' d b e abl e t o determin e whethe r  tw o simila r 
equation s wit h slightl y differen t  coefficient s ar e a  bette r  fit 
t o th e data .  Th e inferio r  accurac y o f  m e a n coefficien t 
regressio n i s a  resul t  o f  correlation s betwee n th e explanator y 
variables .  Thes e sam e correlation s resul t  i n multipl e linea r 
regressio n gettin g th e "wron g sign "  o n th e coefficients .  I t 
remain s a n ope n questio n whethe r  a  linea r  mode l  ca n b e 
foun d tha t  ha s simila r  accurac y t o multipl e linea r  regression , 
get s th e sign s right ,  an d use s al l  o f  th e variable s whe n ther e 
ar e correlation s a m o n g th e explanator y variables .  Becaus e 
ther e i s a  relationshi p betwee n averagin g multipl e linea r 
model s an d mea n coefficien t  regression ,  i t  i s  possibl e tha t 
some o f  th e method s fo r  correctin g fo r  correlation s i n linea r 
model s (e.g. ,  i n Leblan c an d Tibshirani ,  1993 ;  M e r z an d 
Pazzani ,  i n press )  m a y b e usefu l  i n thi s case . 

Related Work 

Th e purpos e o f  th e independen t  sig n bia s i s t o produc e 
linea r  model s tha t  ar e a s accurat e a s thos e produce d b y 
multipl e linea r  regression ,  ye t  ar e mor e acceptabl e t o user s 
becaus e the y d o no t  violat e th e users '  understandin g o f  th e 
effec t  tha t  eac h explanator y variabl e ha s o n th e dependen t 
variable .  I f  knowledge-discover y i n databas e system s i s t o 
produc e insightfu l  model s tha t  ar e deploye d i n practice ,  i t  i s 
importan t  tha t  user s b e willin g t o accep t  th e models .  O n e 
implicatio n o f  thi s bia s i s tha t  a s additiona l  explanator y 
variable s ar e adde d t o a  model ,  th e magnitud e o f  th e effec t 
of  th e othe r  variable s m a y b e change d bu t  no t  th e directio n 
of  th e effec t  (c f  Kelley,  1971) . 

Credi t  scorin g i s on e importan t  applicatio n tha t  m a y 
benefi t  fro m th e globa l  sig n bias .  I n thi s application ,  th e ris k 
tha t  a  borrowe r  m a y no t  pa y bac k a  loa n i s assesse d a s a 
functio n o f  a  numbe r  o f  factor s suc h a s income ,  debt , 
payment  history ,  etc .  I f  a  potentia l  borrowe r  i s turne d d o w n 
fo r  a  loan ,  i t  i s  necessar y t o explai n why .  I t  i s  importan t  t o 
get  th e sign s o f  th e coefficient s righ t  o n th e model s s o tha t 
th e explanatio n make s sens e t o th e lende r  an d th e borrower . 

Here ,  w e hav e introduce d constraine d regressio n routine s 
tha t  produce d linea r  model s conformin g t o th e independen t 
sig n bias .  Monoton e regressio n (Lawso n an d Hanson ,  1974 ) 
i s a  relate d typ e o f  constraine d regressio n i n whic h th e use r 
indicate s th e sig n constrain t  o n th e variables .  I n contrast ,  i n 
independen t  sig n regression ,  th e sig n i s determine d 
automatically . 

Havin g th e wron g sig n i n th e regressio n equatio n result s 
fro m havin g correlate d explanator y variables .  O n e w a y t o 
deal  wit h thi s i s  t o introduc e additiona l  variable s t o represen t 
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th e interactio n betwee n tw o explanator y variables .  Th e 
focu s o f  suc h wor k ha s bee n t o produc e model s tha t  improv e 
th e fi t  o f  th e dat a t o th e mode l  an d no t  t o improv e th e 
comprehensibilit y  o r  acceptanc e o f  (h e learne d models . 

I n trainin g artificia l  neura l  networks ,  weigh t  deca y 
(Krogh, .  e ^  Hertz ,  1995 )  Sill ,  &  Abu-Mostafa „  1997 )  hav e 
bee n propose d a s technique s fo r  constrainin g models . 
However ,  th e focu s ha s bee n o n improvin g generalizatio n 
abilit y  an d no t  improvin g th e use r  acceptanc e o f  th e learne d 
models . 

Causa l  Model s (Spirtes ,  Glymour ,  an d Scheines ,  1993 ) 
and Belie f  Network s (Pearl ,  1988 )  als o explicitl y  represen t 
th e dependencie s amon g variables .  Th e resultin g model s ar e 
mor e comple x tha n linea r  models .  I n thi s work ,  w e hav e 
adopte d a  fixed  representatio n (linea r  equations )  an d 
addresse d wha t  constraint s ca n b e impose d upo n thi s 
representatio n t o improv e use r  acceptance . 

I n previou s wor k (Pazzani ,  Man i  &  Shankle ,  1997) ,  w e 
addresse d a  relate d proble m o f  rul e learnin g algorithm s 
includin g counterintuitiv e test s i n rule s b y havin g a n exper t 
provid e "monotonicit y constraints. "  Fo r  nomina l  variables , 
a monotonicit y constrain t  i s  exper t  knowledg e tha t  indicate s 
tha t  a  particula r  valu e make s clas s membershi p mor e likely . 
For  numeri c variables ,  a  monotonicit y constrain t  indicate s 
whethe r  increasin g o r  decreasin g th e valu e o f  th e variabl e 
makes clas s membershi p mor e likely .  B y showin g 
neurologist s rule s learne d wit h an d withou t  thes e constraints , 
we showe d tha t  monotonicit y constraint s biase d th e rul e 
learnin g syste m t o produc e rule s tha t  wer e mor e acceptabl e 
t o experiments . 

Pazzan i  (1998 )  extende d th e wor k o n monotonicit y 
constraint s b y introducin g th e globall y predictiv e tes t  bias . 
I n thi s bias ,  ever y tes t  i n a  rul e mus t  b e independentl y 
predictiv e o f  th e predicte d outcom e o f  th e rule .  Suc h a  bia s 
eliminate d th e nee d fo r  a  use r  t o specif y monotonicit y 
constraint s bu t  provide d th e sam e advantages .  Th e globall y 
predictiv e tes t  bia s i n rul e learner s i s analogou s t o th e 
independen t  sig n bia s i n linea r  model s i n tha t  th e effec t  o f  a 
variabl e i n combinatio n wit h othe r  variable s i s constraine d 
t o b e th e sam e a s th e effec t  o f  tha t  variabl e i n isolation . 
Her e w e hav e show n tha t  suc h a  constrain t  improve s th e 
willingnes s o f  peopl e t o us e linea r  model s withou t  harmin g 
th e predictiv e powe r  o f  th e models . 

Conclusions 
Peopl e ar e no t  computer s an d canno t  easil y find a  linea r 

equatio n tha t  bes t  fits  a  dat a se t  wit h 1 0 variable s an d 50 0 
examples .  However ,  w e argu e tha t  peopl e hav e certai n 
constraint s o n th e qualitativ e propertie s o f  th e linea r 
equations .  W e hav e show n tha t  on e facto r  tha t  influence s 
th e willingnes s o f  subject s t o us e linea r  model s i s th e 
independen t  sig n bias .  B y creatin g regressio n routine s tha t 
confor m t o thi s bias ,  w e constrai n th e compute r  t o produc e 
result s tha t  ar e mor e acceptabl e t o people . 

N e w regressio n routine s wer e produce d tha t  implemen t 
th e independen t  sig n bias .  Experiment s an d simulation s 

showe d tha t  independen t  sig n regressio n produce s linea r 
equation s tha t  ar e approximatel y a s accurat e a s multipl e 
linea r  regressio n an d tha t  ar e mor e acceptabl e t o users . 
Independen t  sig n forwar d regressio n i s similarl y preferabl e 
t o forwar d stepwis e regression . 
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