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C o n s t r u c t i o n  o f  d e n s e  g e n e t i c  l i n k a g e  m a p s  is  h a m -  
pered ,  in  p r a c t i c e ,  b y  the  o c c u r r e n c e  o f  l a b o r a t o r y  typ-  
i n g  errors .  E v e n  r e l a t i v e l y  l o w  erro r  ra te s  c a u s e  sub-  
s t a n t i a l  m a p  e x p a n s i o n  a nd  i n t e r f e r e  w i t h  the  d e t e r m i -  
n a t i o n  o f  correc t  g e n e t i c  order .  Here ,  w e  d e s c r i b e  a 
s y s t e m a t i c  m e t h o d  for  o v e r c o m i n g  t h e s e  d i f f i cu l t ies ,  
b a s e d  on i n c o r p o r a t i n g  the  p o s s i b i l i t y  o f  e rror  in to  the  
u s u a l  l i k e l i h o o d  m o d e l  for  l i n k a g e  a n a l y s i s .  U s i n g  th i s  
a p p r o a c h ,  it  is  p o s s i b l e  to  c o n s t r u c t  g e n e t i c  m a p s  a l l o w -  
i n g  for  error  and  to i d e n t i f y  the  t y p i n g s  m o s t  l i k e l y  to  
be  in  error .  T h e  m e t h o d  ha s  b e e n  i m p l e m e n t e d  for  F2  
i n t e r c r o s s e s  b e t w e e n  t w o  i n b r e d  s t r a i n s ,  a s i t u a t i o n  rel -  
e v a n t  to the  c o n s t r u c t i o n  o f  g e n e t i c  m a p s  in  e x p e r i m e n -  
ta l  o r g a n i s m s .  T e s t s  i n v o l v i n g  b o t h  s i m u l a t e d  an d  rea l  
da ta  are  p r e s e n t e d ,  s h o w i n g  t h a t  the  m e t h o d  d e tec t s  the  
v a s t  m a j o r i t y  o f  errors .  © 1992 Academic Press, Inc. 

INTRODUCTION 

Genet ic  l inkage maps  consis t ing of D N A  polymor-  
ph i sms  are powerful  tools  for the  s tudy of inher i tance,  
faci l i tat ing ch romosoma l  localization and  eventua l  
cloning of genes causing t ra i t s  and  diseases (Bots te in  e t  
al., 1980). Because of the i r  great  utili ty, such genetic 
maps  are being cons t ruc ted  in m a n y  organisms.  In  some 
cases, including the  h u m a n  and  the  mouse,  p re l iminary  
maps  conta in ing  hundreds  of  m a rke r s  have  a l ready been 
developed (Donis-Kel ler  e t  al., 1987; Copeland  and  Jen-  
kins, 1991; Diet r ich e t  al., 1992) and  a t t en t ion  is now 
tu rn ing  to the cons t ruc t ion  of dense genetic maps  with 
marke r s  spaced every c e n t i m o r g a n - - w h i c h  are useful 
for m a n y  purposes ,  including fine-scale genetic mapp ing  
and  top-down anchor ing  of physical  maps .  

In  principle,  cons t ruc t ion  of increasingly dense ge- 
netic maps  is a s t ra igh t forward  extension of exist ing 
work. In  pract ice,  however,  such efforts conf ron t  a major  
obstacle: l abora to ry  typ ing  error.  Given the  large num-  
ber  of  typings  required to cons t ruc t  a map,  some nonzero 
error  ra te  seems inevitable,  and  recent  e s t imates  suggest 
t ha t  the  actual  e r ror  ra tes  m a y  be in the  range 0.5-3.0% 
(Dracopoli  e t  al., 1991; Pa t t e r son ,  1991; Die t r ich  e t  al., 
1992). Wherea s  such an  error  ra te  has  only slight effects 

on a sparse genetic map,  it can have disas t rous  effects as 
the  map  grows denser.  T h e  reason  is not  ha rd  to under-  
stand: Er rors  t end  to in t roduce spurious c ros sove r s - - in -  
creasing the  appa ren t  genetic length of in tervals  and  de- 
creasing the  suppor t  for the  correct  genetic order  (Ott, 
1977; Buetow, 1991; Mor ton ,  1991; Chakrava r t i  and  
Lasher ,  1992). As the  m a p  gets denser  and  recombina-  
t ion f requency be tween m a r k e r s  approaches  the error  
rate,  a significant p ropor t ion  of all observed crossovers  
will be spurious.  

A s imple f i rs t -order  app rox ima t ion  shows the  magni-  
tude of the  problem: Wi th  an  error  ra te  of  e = 5/100, a 
small  in terval  of  t rue  size d cM will be inf lated to an 
appa ren t  size of  d~f = d + 2c5 cM, where  c is a cons t an t  
depending on the  na ture  of  the  cross. The  es t imate  is 
s t r ict ly valid only for small  intervals  and  somewha t  
overes t imates  the  expans ion  for larger intervals .  None-  
theless,  it makes  clear t ha t  there  will be subs tan t ia l  map  
expansion:  a genetic m a p  of t rue  length L cM will be 
inf la ted to an  a p p a r e n t  length of  abou t  Lin f = L + 2 c S N  
cM, where N is the  n u m b e r  of  in tervals  studied. In  short ,  
as more  marke r s  are added, the  appa ren t  genetic length 
of the  map  grows, and  the  goal of  a dense m a p  cont in-  
ually recedes. 

The  es t imate  is based  on the  following approx ima-  
t ions,  which are correct  up to second-order  t e rms  in d 
and  e: (1) the  appa ren t  size in cen t imorgans  of a small  
in terval  is equal to the  appa ren t  r ecombina t ion  fre- 
quency in percent ;  (2) the  appa ren t  r ecombina t ion  fre- 
quency of a small  in terval  is app rox ima te ly  the  propor -  
t ion of t rue  crossovers  plus spurious crossovers;  and  (3) 
the  p ropor t ion  of the  spurious crossovers  is approxi-  
ma te ly  2~c, where 2e is app rox ima te ly  the  probabi l i ty  
t h a t  exact ly  one of the  f lanking marke r s  will be mis typed  
in a given individual,  and  c is the  expected  n u m b e r  of  
spurious crossovers  produced  by  such a mis typ ing  di- 
vided by the  expected  n u m b e r  of  in format ive  meioses  
per  individual.  T h e  app rox ima t ion  neglects  the  second- 
order effects of (1) the  m a p p i n g  funct ion,  (2) the  small  
p ropor t ion  of cases in which errors  e l iminate  a t rue  cross- 
over, and  (3) the  small  p ropor t ion  of cases in which bo th  
f lanking marke r s  are mis typed,  bu t  the  app rox ima t ion  is 
nonetheless  quite good. T h e  cons t an t  c depends on the  
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FIG. 1. Three examples illustrating the effects of errors on the construction of genetic maps in actual data from crosses. (A, B, C) The map 
given by the traditional approach is on top and the map given by the error-tolerant approach in the middle. Typings for specific individuals 
likely to contain an error are at the bottom, with the LOD ....  for each typing. In each case, an apparently erroneous typing at one locus (shown 
with an arrow) has occurred. The traditional approach results in map expansion, while the error-tolerant approach is robust to error. Note that, 
in C, the error-tolerant approach shortens the overall map but increases the interval between $2 and $3 because a crossover has almost certainly 
occurred on both chromosomes in individual 14, but there is a substantial probability that the typing at $3 is erroneous and that at least one 
crossover occurred in the interval $2-$3. 

s t r u c t u r e  of the  cross,  t he  i n f o r m a t i v e n e s s  of the  
marke r s ,  a n d  the  n a t u r e  of the  errors .  Suppose ,  for e xa m-  
ple, t h a t  a n y  geno type  t h a t  is i nco r r ec t  b u t  c o n s i s t e n t  
w i t h  M e n d e l i a n  i n h e r i t a n c e  is equa l ly  l ike ly  to r e su l t  
f rom mis typ ing .  By  s imple  e n u m e r a t i o n  of cases,  one  
can  show t h a t  c = 1 for a fu l ly  i n f o r m a t i v e  backc ros s  
( a a / b b  X b b / b b ) ;  c = ~ for a fu l ly  i n f o r m a t i v e  i n t e r c ro s s  

= 2 for a ful ly  i n f o r m a t i v e  cross ( a a / b b  × a a / b b ) ;  a n d  c 
( a a / b b  × cc /dd) .  

T h e  p r o b l e m  of m a p  e x p a n s i o n  due to  the  a d d i t i o n  of 
m a r k e r s  is n ice ly  i l l u s t r a t e d  in  the  R e p o r t  of  the  S e c o n d  
I n t e r n a t i o n a l  W o r k s h o p  o n  C h r o m o s o m e  21 ( P a t t e r s o n ,  
1991). T h e  r epor t  c o m p a r e d  two gene t ic  m a p s  m a d e  in  
d i f fe ren t  co l lec t ions  of fami l i es  b u t  cove r ing  prec i se ly  
t he  same  region.  One  m a p  c o n t a i n e d  12 s u b i n t e r v a l s  a n d  
showed  a to t a l  l e n g t h  of 87 cM, whi le  the  o t he r  m a p  
c o n t a i n e d  18 s u b i n t e r v a l s  a n d  showed  a t o t a l  l e n g t h  of 
122 cM. T h e  r epor t  s ta tes ,  " T h i s  i nc rease  in  m a p  l e n g t h  
as more  s e g m e n t s  are m a p p e d  b e t w e e n  two f r a m e w o r k  
m a r k e r s  . . .  is i n d i c a t i v e  of u n d e t e c t e d  geno typ ic  
errors .  A 50% inc rease  in  m a p p e d  s e g m e n t s  led  to  a 40% 
inc rease  in  m a p  l eng th . "  U s i n g  our  f i r s t -o rder  approx i -  
m a t i o n  above,  such  a n  inc rease  wou ld  be  c o n s i s t e n t  w i th  
a n  e r ror  ra te  of a b o u t  (122-87) / ( (18-12)  × 2c) = 3c-1%. 
A s s u m i n g  t h a t  the  degree of i n f o r m a t i v e n e s s  m o s t  
c losely r e sembles  a backc ros s  (c = 1), th i s  wou ld  be a b o u t  
3%. T h u s ,  even  sma l l  e r ror  ra tes  of a few p e r c e n t  c a n  
se r ious ly  d i s to r t  t he  map .  Clear ly ,  t he  c o n s t r u c t i o n  of 
dense  genet ic  m a p s  requ i res  m e t h o d s  for o v e r c o m i n g  the  
effect of  t y p i n g  errors .  

Here ,  we p r e s e n t  a s y s t e m a t i c  m a t h e m a t i c a l  m e t h o d  
t h a t  (i) c a n  c o n s t r u c t  accu ra t e  gene t ic  m a p s  n o t w i t h -  
s t a n d i n g  er rors  a n d  (ii) c a n  i d e n t i f y  the  m o s t  l ikely  
errors .  T h e  m e t h o d  is ba se d  on  the  t r a d i t i o n a l  m a x i m u m  
l ike l ihood  a p p r o a c h  for gene t ic  m a p p i n g ,  modi f ied  to in -  
c lude  expl ic i t ly  the  poss ib i l i t y  of l a b o r a t o r y  error .  W e  
have  i m p l e m e n t e d  t h i s  m e t h o d  in  a c o m p u t e r  p r o g r a m  
for t he  case of a n  F2 i n t e r c ro s s  in  a n  e x p e r i m e n t a l  o rgan -  
ism. W e  p r e s e n t  r e su l t s  b o t h  for s i m u l a t e d  d a t a  a n d  for 
ac tua l  d a t a  f rom the  c o n s t r u c t i o n  of a dense  gene t ic  m a p  
in  the  mouse .  

METHODS 

Our approach is based on the notion that laboratory typing results 
should be considered phenotypes rather than genotypes. To be sure, 
the true genotypes correspond very closely to the phenotype observed 
in the DNA typing assays, but they do not correspond perfectly due to 
laboratory errors. In other words, the genotypes are incompletely pen- 
errant to a small degree. Fortunately, incomplete penetrance is readily 
handled within the traditional maximum likelihood approach for ge- 
netic mapping: one simply specifies a penetrance function defining 
the probability of observing each phenotype given the true genotype 
(see, e.g., Ott, 1985). Accordingly, our method involves (i) specifying a 
penetrance function based on an assumed error rate, (ii) constructing 
the most likely genetic map using this penetrance function, and (iii) 
identifying the likely errors by finding those data for which the proba- 
bilistically inferred genotype does not correspond to the observed typ- 
ing. Below, e* denotes the true error rate, and E denotes the error rate 
assumed in the analysis. 

Specifically, let Xii denote the observed typing result and G# denote 
the true genotype (not directly observed) for individual i at locus j. 
Given an appropriate penetrance function to describe the effect of 



606 L I N C O L N  A N D  L A N D E R  

labora tory  error, we calculate (1) t he  m a x i m u m  likelihood genet ic  m a p  
cons i s t ing  of  a vector  of  r ecombina t ion  f rac t ions  ~ = (Ok), given t he  
comple te  t yp ing  da ta  X = {Xij } and  an  a s s u m e d  error  rate e; (2) t he  a 
poster ior i  probabi l i ty  d i s t r ibu t ion  for each  t rue  genotype  G 0 given X, 
e, a n d  O; a n d  t h e n  (3) calculate  t he  L OD score for error,  defined as 

LODe~or(iJ') 
1 [Prob(X]Xij  4= Gq, 0 and  E)] [la] 

:= °gl°[Prob(X[Xii = Go, 0 and  e) 

l [Prob(Gij ~ Xo[X,  ! and e) / ~___~__] 
= °gl°[Prob(G0 = X o [ X  , 0 a n d  E ) / 1  - EJ " [lb] 

wi th  m e a n  spac ing  o l d  cM; genotypes  were genera ted  for n F2 p rogeny  
following s t a n d a r d  Mende l i an  segregat ion  ( a s suming  no crossover  in-  
terference);  and  typ ing  resu l t s  were genera ted  by a s s u m i n g  t h a t  errors  
were independen t ly  and  ident ical ly  d i s t r ibu ted  wi th  probabi l i ty  e. T h e  
real da ta  came  f rom a genet ic  m a p  of  t he  mouse  recent ly  co n s t ru c t ed  
in our  labora tory  (Dietr ich et al., 1992). Briefly, the  m a p  involves  317 
s imple  sequence  l eng th  p o l y m o r p h i s m s  (SSLPs)  s tud ied  in an  F2 in-  
tercross  be tween  C 5 7 B L / 6 J - o b / o b  a n d  C A S T / E i  wi th  46 progeny.  
T h e  m a p  cover all 20 m o u s e  c h r o m o s o m e s  wi th  an  average spac ing  of 
4.3 cM and  is based  on a total  o f  14,285 typings .  By repea t ing  about  
10% of t he  typings ,  we e s t ima t ed  t h a t  t he  init ial  error  rate was 
about  0.7%. 

T h e  LOD score for error,  LODe~or(id'), is the  logar i thm of the  odds 
ratio of  the  probabi l i ty  t h a t  the  comple te  da ta  set  would arise if t he  
t yp ing  Xij is incorrec t  divided by t he  probabi l i ty  t h a t  it  would  arise if 
Xij is correct.  T h i s  can  be c o m p u t e d  as t he  rat io of  the  a poster ior i  
odds rat io in favor o f  er ror  divided by t he  ratio a priori  odds ratio in 
favor  of  error,  as  s h o w n  in ( lb) .  Note  t h a t  the  calcula t ion of 
L O D  ..... (i,j) for the  t yp ing  for individual  i a t  locus j does not a s s u m e  
t h a t  the  res t  of  t he  da ta  are necessar i ly  correct,  b u t  r a the r  allows 
s i m u l t a n e o u s  search  for errors  t h r o u g h o u t  the  data.  T h o s e  typ ing  re- 
su l t s  Xii with  t he  h ighes t  L OD ..... are the  m o s t  likely "poten t ia l  
errors ,"  given t he  data.  (N.B. T h e  s ta t i s t ic  LODerror, which  applies  to 
individual  typing,  shou ld  be careful ly d i s t ingu i shed  f rom the  s ta t is t ic  
LOD,  which  applies  to an  ent i re  pedigree. T h e  symbol  LODe~ro r shou ld  
always be wr i t t en  ou t  completely.)  

In  th i s  paper ,  we cons ider  t he  case of  an  F2 in te rc ross  be tween  two 
inbred  s t ra ins ,  a s i tua t ion  re levan t  to t he  cons t ruc t ion  of  the  genetic 
m a p  in m o s t  expe r imen ta l  o rgan i sms ,  inc luding  the  mouse ,  rat ,  and  
maize.  Recall  t h a t  an  F2 in te rc ross  involves  breeding  two inbred  
s t r a in s  A a n d  B to p roduce  F1 indiv iduals  he te rozygous  a t  all loci, 
which  are t h e n  crossed to p roduce  F2 progeny.  T he re  are th ree  possi-  
ble genotypes:  AA, AB,  and  BB. For  s implici ty,  we will a s s u m e  t h a t  
mi s typ ing  occurs  wi th  probabi l i ty  e and  is equal ly likely to resul t  in 
e i ther  of  t he  o the r  two possible  resul ts .  T h u s ,  labora tory  typ ing  for 
each locus obeys the  s imple  pene t r ance  funct ion ,  

P rob(Obse rved  typ ing  = X I T rue  genotype  = G) 

= l - e  i f X = G  

E/2 if  X ~ G, [2] 

where  E is the  a s s u m e d  error  rate.  T h e  a s s u m e d  error  ra te  E will be 
t a k e n  to be a fixed pa rame te r ,  equal  for all loci. In  principle,  e could be 
specified separa te ly  for each  locus or even regarded as an  u n k n o w n  
p a r a m e t e r  to be es t imated .  In  fact,  we no te  below t h a t  the  error  detec- 
t ion is qui te  insens i t ive  to t he  choice of  a s s u m e d  error  rate,  wi th in  t he  
range  of  in teres t .  For  th i s  purpose ,  it  is enough  to use  an  e s t ima te  
based  on repea t ing  a f rac t ion o f  t he  typings .  

As no ted  above, c = 5 for an  F2 in tercross  wi th  errors  occurr ing  as in 
[2]. Based  on our  f i rs t -order  app rox ima t ion  above, we would expect  
t h a t  a genet ic  map  of l eng th  L cM would be inf la ted to L~f = L + 
125eN by t he  t rad i t iona l  approach,  where  N is t he  n u m b e r  of  in te rva ls  
in t he  map.  

To  calculate LOD . . . . .  one s imply  uses  the  pene t r ance  func t ion  
given in (2), pe r fo rms  the  usua l  l inkage analysis ,  and  calcula tes  the  a 
poster ior i  probabi l i ty  d i s t r ibu t ion  over genotypes  requi red  in (lb).  
T h e  a poster ior i  probabi l i ty  d i s t r ibu t ion  is easi ly ob ta ined  f rom a n y  of  
the  usua l  a lgo r i thms  for l inkage analysis .  In  our  case, we adap ted  the  
M A P M A K E R  compu t e r  package  (Lander  et al., 1987) to pe r fo rm the  
required ca lcula t ions  for an  F2 in tercrosses .  Since the  H idden  Markov  
cha in  a lgor i thm used  in M A P M A K E R  explicit ly c o m p u t e s  t he  re- 
quired a poster ior i  probabi l i ty  d i s t r ibu t ion  (see L a n d e r  and  Green,  
1987), th i s  change  only involved subs t i t u t i ng  the  pene t r ance  funct ion .  
Calcula t ion  of  LODe~or for all t yp ings  t h u s  did no t  subs tan t i a l ly  in-  
crease compu ta t i on  t ime.  T h e  modif ied  p rog ram is avai lable f rom the  
au thors .  

W e  e x a m i n e d  bo th  s imu la t ed  and  real data.  T h e  s imu la t ed  da ta  
were p roduced  as follows: genet ic  ma rke r s  were r andomly  pos i t ioned  
(according to a Po i s son  process)  a long a single c h r o m o s o m e  of  100 cM 

R E S U L T S  

R a n d o m  errors  in a dense genetic map  t end  to produce  
events  t h a t  are s ta t is t ical ly  unl ikely  under  the  usual  ge- 
netic m o d e l - - s u c h  as double crossovers  in adjacent  in- 
tervals  or single crossovers  in a small  in terval  in bo th  
pa te rna l  and  ma te rna l  meiosis.  Our  e r ro r - to le ran t  
me thod  involves cons t ruc t ing  the  genetic map  under  a 
model  t h a t  allows for bo th  genetic r ecombina t ion  and  
typ ing  error.  As a result ,  the model  can recognize when  
an  event  is more  likely to be the  result  of error  t h a n  
recombinat ion .  The  approach  is i l lus t ra ted in Fig. 1, 
which shows examples  of genetic maps  cons t ruc ted  with  
and  wi thout  al lowance for error,  toge ther  with the  values 
of  LOD ..... for par t i cu la r  individuals  wi th  probable  
errors.  Because the  me thod  can a t t r ibu te  unl ikely  events  
to probable  error,  it bo th  avoids map  expans ion  and  
identifies the  typings  t h a t  should be rechecked.  

E r ro r  detect ion works  well for the  in te rna l  loci in a 
map- - i . e . ,  those  loci wi th  f lanking marke r s  on each side 
- - b e c a u s e  errors  can usually be dis t inguished f rom re- 
combina t ion  events  by  examin ing  the  f lanking markers .  
By  contras t ,  one has  much  less s ta t is t ical  power  to de- 
tect  errors  at  the  two t e rmina l  loci in a l inkage group. 
Essential ly,  it is only  feasible to detect  errors  a t  t e rmina l  
loci when  the  t e rmina l  in terval  is quite small  and  when  
the error  has  in t roduced  appa ren t  crossovers  in bo th  pa-  
t e rna l  and  ma te rna l  meiosis. Because  the  vas t  major i ty  

T A B L E  1 

A v e r a g e  Map Length  for S imula ted  Data  w i t h  A v e r -  
age  Error  Rate  of  1%, w i t h  Maps Constructed  by  Tradi-  
t ional  Method or  by E r r o r - T o l e r a n t  Method 

Average m a p  l eng th  (cM) 
Average spac ing  

(cM) Actua l  a T rad i t iona l  b Er ro r - to l e ran t  c 

1 98 216 99 
2 96 157 98 
4 92 120 93 
8 87 94 82 

a Actua l  l eng th  be tween  two m o s t  dis tal  ma rke r s  in map.  
b L e n g t h  of  m a p  cons t ruc t ed  by t rad i t iona l  m e t h o d  ignor ing  possibil-  

i ty of  error. 
c L e n g t h  of  m a p  cons t ruc t ed  by e r ro r - to le ran t  m e t h o d  a s s u m i n g  1% 

error  rate. 
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of loci in a dense map are internal,  we focus below exclu- 
sively on detect ing errors at  internal  loci. 

S i m u l a t e d  D a t a  

We simulated F2 intercrosses involving 100 progeny, 
with markers  randomly  distr ibuted with an average 
spacing of  d = 1, 2, 4, and 8 cM along a single chromo- 
some of  100 cM and an actual error rate of 1% in typing 
(i.e., e* = 0.01). A total  of  100 such simulat ions were 
performed for each average spacing. 

For  each simulation, genetic maps were const ructed  in 
two ways: the t radi t ional  approach  in which the data  are 
assumed to be completely correct  (e = 0) and our error- 
to lerant  me thod  assuming tha t  the data  have a 1% error 
rate (e = 0.01). The  t radi t ional  approach caused sub- 
stantial  map expansion in agreement  with our est imates 
above, while the error- to lerant  me thod  gave maps with 
approximate ly  the correct  length (Table 1). Considering 
the simulat ion with 4 cM average spacing, we see tha t  
the average distance of 92 cM between the most  distal 
markers  was est imated as 120 cM based on the tradi- 
t ional approach  ignoring the effect of errors, and 93 cM 
based on our error- to lerant  method.  The  inflation seen 

in the t radi t ional  analysis agrees well with our first- 
order approximat ion Li~ = L + 125eN for an intercross, 
which predicts an apparen t  length of 121 cM based on 
about  23 intervals in the map. 

We then  examined the power of  the statistic LOD ..... 
to detect errors at internal  loci in the map. Specifically, 
we calculated the inverse cumulat ive distributions: 

a ( T )  = propor t ion of correct  typings with LOD . . . .  > T; 
b ( T )  = propor t ion of  incorrect  typings with LOD ..... > 

T; and 
c ( T )  = propor t ion of  all typings with LOD ..... > T. 

Note  tha t  c ( T )  ~ (1 - c*)a(T)  + e*b(T) .  
The distr ibutions a ( T )  and b ( T )  are i l lustrated in Fig. 

2 for maps  with average spacing of  1, 2, 4, and 8 cM. As 
the figure makes clear, correct  typings tend  to have a low 
value of LOD . . . . .  while incorrect  typings tend to have a 
high va lue - -wi th  the tendency  becoming more pro- 
nounced as the map densi ty increases. Consider, for ex- 
ample, the case of maps with an average densi ty of 4 cM. 
The  set of typings with LOD ..... >/0 contains  3% of the 
total  data  but  95% of the errors, while the set of  typings 
with LOD . . . .  >/1 contains  about  1.3% of the total  data  
but  91% of the errors. Clearly, it is necessary to recheck 
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rate e* is given by c(T) = (1 - e*)a(T) + e*b(T). 

only a smal l  p ropor t ion  of the  typings  to catch the  vas t  
major i ty  of  the  errors.  In  pract ice,  the  p ropor t ion  of typ-  
ings to  be  rechecked should depend on the  cost  of  re- 
checking da ta  versus  the  consequences  of  leaving errors  
uncorrected.  

Th i s  t rade-off  be tween  the  p ropor t ion  of typings  re- 
quiring rechecking and  the  p ropor t ion  of errors  caught  
-- i .e . ,  be tween  c(T) and  b ( T ) - - i s  shown for m a p s  with  
average spacing of 1, 2, 4, and  8 cM in Fig. 3. As the  map  
becomes  denser,  e r ror  detect ion becomes  increasingly 
efficient. By  rechecking the  highest  1% of the  LOD ..... 
scores, one can detect  abou t  79% of  the  errors  in a 4-cM 
map,  92% of t h e  errors  in a 2-cM map,  and  96% of the  
errors  in a 1-cM map.  By rechecking the  highest  2% of 
the  LOD ..... scores, the  p ropor t ions  of  errors  caught  are 
94, 97, and  99%. 

In  the  analyses  above, we used a 1% error  ra te  in the  
s imula t ions  and  as sumed  a 1% error  ra te  when  pe r fo rm-  
ing the  analysis.  We  also explored the  consequences  of  
vary ing  the  t rue  er ror  ra te  used in the s imula t ions  and  
the  a s sumed  error  ra te  used in the  analysis.  In  fact, the  
d is t r ibut ions  a(T) and  b(T) do not  change subs tant ia l ly  
as the  t rue  and  assumed  er ror  ra te  vary  over  the  range 

0.2-4% (data  not  shown).  Th i s  s tands  to reason because  
er ror  detect ion depends  p r imar i ly  on observed typ ing  
differences be tween  a locus and  its neighbors,  wi th  e and  
e* having  only a second-order  effect in the  calculation.  

As a consequence,  e r ror  detect ion does not  depend sen- 
sit ively on the  a s sumed  error  ra te  e, a t  least  wi th in  the  
range of interest .  T h e  mos t  l ikely errors  will have the  
highest  values of  LOD . . . . .  regardless  of  the  precise 
choice of  E. I t  thus  suffices to use a rough es t imate  based  
on repea t ing  a p ropor t ion  of the  typings.  

However ,  the  values of  e and  e* do affect the  analysis  
in two ways. The  t rade-off  curves in Fig. 3 need to be 
modified for different  values of  the  t rue  error  rate,  be- 
cause the  d is t r ibut ion c(T) changes  wi th  E* according to 
the  formula  c(T) ~ (1 - e*)a(T) + e*b(T) (see legend to 
Fig. 3). Also, if  the  assumed  ra te  e ¢ e*, the  map  dis tances  
produced  by the  e r ro r - to le ran t  l inkage analysis  will be 
s ta t is t ical ly  biased because  too much  or too litt le weight  
will be p laced on observed crossovers.  

Weighing  these  considerat ions,  we r e c o m m e n d  using 
the  me thod  as follows: (1) Obta in  a rough es t imate  E of 
the error  ra te  by  repea t ing  a p ropor t ion  of the  typings;  
(2) us ing this  value of e, ident i fy the  typings  wi th  a high 
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value of LOD ..... ; (3) recheck these  typings,  t he reby  
c leaning the  da ta  set, r ees t ima t ing  the  init ial  e r ror  ra te  c, 
and  e s t ima t ing  the  residual  e r ror  ra te  eres; and  (4) con- 
s t ruc t  the  final m a p  a s suming  the  residual  e r ror  rate.  I f  
the  er ror  ra te  is large, it m a y  be p ruden t  to i terate  s teps  
(1)-(3).  

R e a l  D a t a  

After  s tudying  these  s imulat ions ,  we analyzed actual  
da ta  f rom our  genetic m a p  of the  mouse  (Dietr ich e t  al., 
1992). Our  er ror  ra te  was init ial ly e s t ima ted  to be abou t  c 
= 0.7%, based  on repea t ing  a p ropor t ion  of the  typings.  
Using this  es t imate ,  we cons t ruc ted  the  genetic m a p  al- 
lowing for e r ror  and  calcula ted LOD . . . .  for each of the  
14,285 individual  typings  (Fig. 4). About  1.1% of the  typ-  
ings a t  in te rna l  loci had  L O D  ..... > 1, and  these  were 
identif ied as po ten t i a l  errors.  Of  these  157 typings,  72 
p roved  to be  actual  er rors  upon  rechecking.  These  re- 
sults accord  well wi th  expecta t ion .  Specifically, (1) the  
p ropor t ion  of po ten t i a l  er rors  t h a t  p roved  to be actual  
errors  (46%) agreed well wi th  expec ta t ion  (50%) based  
on s imula t ions  for a m a p  of this  spacing and  error  rate,  
and  (2) the  p ropor t ion  of de tec ted  errors  in the  da ta  set  
(0.5%) agreed well wi th  expec ta t ion  (0.6%) based  on the  

e s t ima ted  error  ra te  of  0.7% and  the  s imula t ion  studies 
indicat ing t h a t  about  88% of actual  er rors  would be de- 
tec ted  (data  not  shown).  Based  on the  resul ts  above, the  
n u m b e r  of  errors  a t  in te rna l  loci escaping detect ion 
migh t  be abou t  10 of  the  14,285 typings.  In  addit ion,  one 
migh t  expect  ano the r  10 errors  a t  t e rmina l  loci in the  
map.  In  fact,  we rechecked all t e rmina l  loci bu t  de tec ted  
no errors.  

In teres t ingly ,  the  detected errors  were not  indepen-  
dent ly  d is t r ibuted  across loci. T h e r e  were 280 loci wi th  
no errors,  23 loci wi th  one error,  3 loci wi th  two errors,  3 
loci wi th  th ree  errors,  4 loci wi th  four  errors,  1 locus wi th  
five errors,  and  2 loci with six errors.  T h e  handfu l  of  loci 
with m a n y  errors  were the  S S L P s  with  p a t t e rn s  t h a t  
were especial ly difficult to in terpre t .  

As expected,  the  genetic length of the  m a p  was sensi- 
t ive to errors.  Using the  uncor rec ted  data,  the  genetic 
map  showed a length of 1441 cM by  the  t rad i t iona l  ap-  
p roach  bu t  1308 cM when  cons t ruc t ing  the  m a p  allowing 
for an error  ra te  of  0.7%. Once the  detec ted  errors  were 
corrected,  the  genetic length was 1299 cM by  the  t radi-  
t ional  approach  and  1274 cM when  allowing for a resid- 
ual error  ra te  of  0.1%. Overall ,  the  er ror  detect ion 
me thod  largely avoided the  p rob lem of  m a p  expans ion  
and  seems to have  readily identified the  great  major i ty  of  
errors.  
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DISCUSSION 

Our error detection method  is based on the simple ap- 
proach of incorporat ing laboratory typing error into 
maximum likelihood map construct ion th rough  the use 
of a penetrance function. For  denser genetic maps, the 
method avoids the problem of map expansion and iden- 
tifies potential  errors so tha t  they can be rechecked and 
corrected. 

We are now using this approach routinely in the con- 
s truct ion of dense genetic maps in the mouse and rat. As 
newly typed loci are added to our database, they are auto- 
matically analyzed to identify probable e r rors - -a l lowing 
immediate rechecking. In practice, this procedure ap- 
pears to reduce our error rates by nearly a factor of 10. 

Some variat ions on the method  can be easily envis- 
aged: (1) The penet rance  funct ion could incorporate  in- 
format ion about  different error rates across loci (e.g., 
SSLPs  may be harder  to score than  RFLPs)  or across 
genotypes at  a single locus (e.g., one homozygous  geno- 
type may be more likely to be incorrectly scored as an- 
other  homozygous genotype than  as a heterozygous geno- 
type); (2) the assumed error rate e could be t reated as an 
unknown parameter  to be estimated; (3) the analysis 
could be modified to incorporate the consequences of 
crossover interference. Crossover interference was ne- 
glected above for computa t ional  ease, but  the existence 
of crossover interference makes apparen t  double cross- 
overs even less likely than  in our calculations above and 
thus increases the power to detect errors. Even without  
these modifications, however, the simple approach pre- 
sented here seems to capture most  of the power of the 
method. 

Having demonst ra ted  the value of the method  for ana- 
lyzing F2 intercrosses, a next  challenge will be to apply it 
to the C E P H  pedigrees used for h u m a n  linkage analysis. 
From a theoretical  s tandpoint ,  the generalization is 
straightforward. From a practical  s tandpoint ,  however, 
it may  pose a computa t ional  challenge: direct implemen- 
ta t ion of the method  (i.e., s imultaneously allowing every 
typing to be potential ly erroneous) would require run- 
ning t ime proport ional  to m42n to compute  the likeli- 
hood, where rn is the number  of loci and n is the number  
of offspring per family (Lander  and Green, 1987). Possi- 
ble solutions include (1) detecting errors separately in 
each child, while assuming tha t  other  children are 
correct  (which would increase running  t ime by no more 
than  a factor of 16); (2) using an alternative algori thm to 
compute the exact likelihood, possibly to t r im terms 
with low likelihoods; (3) detecting errors by es t imat ing 
the posterior probabil i ty of error for each typing by us- 
ing a Gibbs sampling approach (Geman and Geman,  
1984) with our likelihood function; or (4) using a suffi- 
ciently fast computer ,  inasmuch as n is at  most  15 in the 
C E P H  families. Leaving aside the algorithmic issues, 
the statistical power to detect errors will depend on the 

mean  spacing between i n f o r m a t i v e  markers  in a typical  
meiosis. 

In summary,  laboratory typing error has posed minor  
problems in the const ruct ion of sparse genetic linkage 
maps. Wi th  the const ruct ion of  ever denser maps, the 
si tuat ion changes dramatically,  and it becomes impor- 
t an t  to devise automat ic  methods  for detecting and 
correct ing errors. The  methods  described here should 
assist in this goal, at least for crosses in experimental  
organisms. 
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