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Abstract 
During  mitotic  cell  cycles,  DNA  experiences  many  types  of  endogenous  and  

exogenous  damaging  agents  that  could  potentially  cause  double  strand  breaks  (DSB).  In  

S.  cerevisiae,  DSBs  are  primarily  repaired  by  mitotic  recombination  and  as  a  result,  could  

lead  to  loss-­‐‑of-­‐‑heterozygosity  (LOH).  Genetic  recombination  can  happen  in  both  meiosis  

and  mitosis.  While  genome-­‐‑wide  distribution  of  meiotic  recombination  events  has  been  

intensively  studied,  mitotic  recombination  events  have  not  been  mapped  unbiasedly  

throughout  the  genome  until  recently.  Methods  for  selecting  mitotic  crossovers  and  

mapping  the  positions  of  crossovers  have  recently  been  developed  in  our  lab.  Our  

current  approach  uses  a  diploid  yeast  strain  that  is  heterozygous  for  about  55,000  single-­‐‑

nucleotide  polymorphisms  (SNPs),  and  employs  SNP-­‐‑Microarrays  to  map  LOH  events  

throughout  the  genome.  These  methods  allow  us  to  examine  selected  crossovers  and  

unselected  mitotic  recombination  events  (crossover,  noncrossover  and  BIR)  at  about  1  kb  

resolution  across  the  genome.  Using  this  method,  we  generated  maps  of  spontaneous  

and  UV-­‐‑induced  LOH  events.  In  this  study,  we  explore  machine  learning  and  variable  

selection  techniques  to  build  a  predictive  model  for  where  the  LOH  events  occur  in  the  

genome.  

Randomly  from  the  yeast  genome,  we  simulated  control  tracts  resembling  the  

LOH  tracts  in  terms  of  tract  lengths  and  locations  with  respect  to  single-­‐‑nucleotide-­‐‑
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polymorphism  positions.  We  then  extracted  roughly  1,100  features  such  as  base  

compositions,  histone  modifications,  presence  of  tandem  repeats  etc.  and  train  classifiers  

to  distinguish  control  tracts  and  LOH  tracts.  We  found  interesting  features  of  good  

predictive  values.  We  also  found  that  with  the  current  repertoire  of  features,  the  

prediction  is  generally  better  for  spontaneous  LOH  events  than  UV-­‐‑induced  LOH  

events.  
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1. Introduction  

1.1 Definition of loss-of-heterozygosity 

A  diploid  organism  harbors  two  copies  of  DNA,  one  paternal  copy  and  one  

maternal  copy.  Usually,  the  two  copies  are  similar  but  not  identical.  Locus  where  genetic  

information  differs  is  termed  as  heterozygous.  The  genetic  information  in  one  of  the  

copies  could  be  lost  as  DNA  experiences  various  types  of  endogenous  and  exogenous  

damage.  We  call  the  loss  of  heterozygous  information  as  loss-­‐‑of-­‐‑heterozygosity  (LOH)  

(STERN  1936).  LOH  is  relevant  to  cancer  development.  A  classic  example  of  LOH  by  

mitotic  crossing  over  is  provided  by  retinoblastoma.  Carriers  who  inherit  a  mutated  

version  of  the  Rb  gene  are  likely  to  develop  cancer  very  early  in  their  life  due  to  loss  of  

the  wild-­‐‑type  allele  via  LOH  (BISHOP  AND  SCHIESTL  2001).  In  other  words,  the  mutated  

Rb  gene  becomes  homozygous.  Note  that  LOH  is  mainly  considered  as  a  genetic  

consequence  rather  than  a  specific  mechanism.  In  fact,  LOH  is  known  to  be  a  

consequence  of  homologous  recombination  (HR),  which  is  a  common  mechanism  for  

repairing  DNA  breaks.  Nevertheless,  the  patterns  of  LOH  can  be  used  to  understand  

genetic  recombination.  

1.2 Mitotic recombination 

Genetic  recombination  occurs  in  both  meiotic  and  mitotic  cells.  In  budding  yeast,  

there  are  about  100  meiotic  crossovers  per  cell,  and  these  crossovers  are  necessary  for  

proper  chromosome  segregation  (MANCERA  et  al.  2008).  Compared  to  meiotic  
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recombination,  the  frequency  of  spontaneous  mitotic  recombination  is  much  rarer,  

roughly  10-­‐‑5  per  cell  division  (BARBERA  AND  PETES  2006;  LEE  et  al.  2009;  ST  CHARLES  AND  

PETES  2013).  Although  this  frequency  is  low  per  cell  cycle,  cells  usually  undergo  many  

rounds  of  mitosis.  Therefore,  understanding  mechanisms  of  mitotic  recombination  is  

very  important  in  understanding  some  types  of  carcinogenesis,  as  in  the  retinoblastoma  

example  above.  Homologous  recombination  and  non-­‐‑homologous-­‐‑end-­‐‑joining  (NHEJ)  

are  required  to  repair  the  DSBs  that  arise  during  replication  or  that  are  induced  by  DNA  

damaging  agents.  In  diploid  yeast,  homologous  recombination  (HR)  is  much  more  

important  for  the  repair  of  DSBs  than  NHEJ.  

1.2.1 Three types of allelic mitotic recombination events 

There  are  mainly  three  types  of  mitotic  recombination:  crossover  (CO),  

noncrossover  (NCO)  and  break-­‐‑induced  replication  (BIR)  (SYMINGTON  et  al.  2014).  

Mitotic  crossovers  occur  when  two  chromatids  swap  DNA  reciprocally  from  the  

initiating  DSB  to  the  end  of  the  chromosome  (Figure  1A).  When  the  recombined  

chromatids  (2  and  3)  segregate  into  different  daughter  cells  with  50%  chance  (CHUA  AND  

JINKS-­‐‑ROBERTSON  1991),  LOH  is  observed  centromere-­‐‑distal  to  the  crossover.  Crossovers  

are  usually  associated  with  a  small  gene  conversion  tract.  In  the  example  shown  in  

Figure  1A,  there  is  a  3:1  gene  conversion  tract  associated  with  the  crossover,  with  3  

copies  of  the  red  DNA  and  1  copy  of  the  black  DNA.  This  is  a  result  of  repairing  of  a  

single  sister  chromatid  break  on  the  black  chromosome.  The  broken  black  DNA  copies  
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sequence  from  the  red  DNA,  which  leads  to  an  overrepresentation  of  the  red  DNA.  

Alternatively,  gene  conversion  can  be  unassociated  with  a  crossover,  we  call  them  

noncrossover,  where  similarly  a  local,  unequal  transfer  of  information  from  the  red  

DNA  to  the  broken  black  DNA  occurs  without  association  with  crossing  over.  All  the  

markers  centromere  distal  to  the  break  will  remain  heterozygous  (Figure  1B).  When  a  

break-­‐‑induced  replication  event  occurs,  the  broken  chromatid  invades  the  intact  

homolog  and  copies  sequence  to  the  end  of  the  chromosome,  causing  LOH  in  one  

daughter  cell  and  no  LOH  in  the  other  daughter  cell  (Figure  1C).    
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Figure  1:  Patterns  of  mitotic  gene  conversions  and  crossovers.  

Chromosomes  are  shown  as  thick  lines  with  the  two  homologs  in  red  or  black.  
Circles  indicate  the  centromeres  and  blue  boxes  show  gene  conversions.  Adapted  

from  (YIN  AND  PETES  2013)  

A.  Conversion  and  crossover  associated  with  a  DSB  formed  in  S  or  G2  on  one  
of  the  black  chromatids.  Since  the  broken  chromosome  acts  as  the  recipient  in  a  gene  
conversion  event  (Szostak  et  al.  1983),  sequence  information  derived  from  the  red  

chromatid  is  non-­‐‑reciprocally  transferred  in  conjunction  with  the  crossover.  This  type  
of  conversion  is  termed  “3:1”  since,  at  the  site  of  the  conversion,  three  of  the  four  
chromosomes  of  the  two  daughter  cells  (D1  and  D2)  have  information  derived  from  
one  of  the  homologs.  If  chromatids  1  and  3,  and  2  and  4  co-­‐‑segregate,  any  markers  

distal  to  the  crossover  will  be  homozygous.    
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B.  S  or  G2  conversion  event  unassociated  with  a  crossover.  If  the  DSB  is  
repaired  to  generate  a  conversion  unassociated  with  a  crossover,  a  region  of  3:1  
segregation  will  be  observed,  but  the  markers  distal  to  the  conversion  event  will  

remain  heterozygous.  

C.  Break-­‐‑induced  replication.  The  chromosome  fragment  centromere-­‐‑distal  to  
the  DSB  is  lost,  and  the  centromere-­‐‑containing  fragment  invades  and  replicates  the  

red  chromosome  to  the  telomere.  

1.2.2 Using patterns of LOH to distinguish location of the initiating 
DSB 

Our  lab  uses  a  hybrid  diploid  yeast  strain,  which  contains  55,000  single  

nucleotide  polymorphisms  (SNPs),  and  SNP-­‐‑Microarrays  to  map  LOH  events  

throughout  the  genome.  It  is  evident  from  Figure  1  that  the  three  types  of  mitotic  

recombination  events  have  distinctive  patterns  of  LOH.  In  addition  to  information  on  

pathways  by  which  a  recombination  event  arises,  the  location  of  LOH  tracts,  in  

particular  the  transitions  between  heterozygosity  and  LOH  are  indicative  of  where  the  

initiating  breaks  occur.  In  Figures  1A  and  1B,  the  break  is  likely  to  be  within  the  3:1  gene  

conversion  tract  and  in  Figure  1C,  the  break  is  likely  to  be  between  the  last  heterozygous  

SNP  to  the  first  homozygous  SNP  in  the  daughter  cell  D2.  In  some  datasets,  not  both  

daughter  cells  are  recovered  and  analyzed,  rules  and  rationale  for  determining  start  and  

end  positions  of  an  LOH  tract  are  described  in  detail  in  Section  1.3.  The  connection  

between  the  position  of  LOH  and  the  location  of  the  original  DSB  is  supported  by  the  

mapping  of  mitotic  LOH  events  stimulated  by  a  trinucleotide  repeat  [(GAA)  •  (TTC)]230  

(TANG  et  al.  2011).  These  repeats  are  mitotically  unstable  and  greatly  stimulate  mitotic  

crossovers.  Figure  2  shows  the  distribution  of  mitotic  recombination  events  in  the  
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absence  (circles)  and  presence  (diamonds)  of  the  [(GAA)  •  (TTC)]230  tract.  The  highest  

level  of  recombination  maps  at  the  location  of  the  tract  (red  arrow).  

  

Figure  2:	
  Distribution  of  LOH  events  in  spontaneous  events  and  in  
trinucleotide  repeat  [(GAA)  •  (TTC)]230  –stimulated  events.    

Red  arrow  indicates  position  of  the  tract.  Adapted  from  (TANG  et  al.  2011).  

1.3 Data description 

We  analyze  three  types  of  data  here:  1)  LOH  associated  with  spontaneous  mitotic  

crossover,  abbreviated  as  “spont”  2)  unselected  LOH  (including  crossover,  noncrossover  

and  BIR)  from  UV-­‐‑treated  sectors,  abbreviated  as  “UV”,  and  3)  LOH  from  subcultured  

strains,  abbreviated  as  “sub10”.  We  will  refer  to  datasets  in  the  form  of  “genotype_type-­‐‑

of-­‐‑data”,  for  example,  “wt_spont”  means  spontaneous  mitotic  crossover  data  mapped  in  

the  wild-­‐‑type  strains  and  “sgs1_sub10”  means  LOH  from  subcultured  sgs1  strains.      
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1.3.1 Rules for determining start and end chromosome positions for 
each type of data 

In  Figure  3,  we  depict  representative  LOH  tracts  and  illustrate  how  start  and  end  

chromosome  coordinates  are  determined.  Each  transition  between  different  colors  is  

flanked  by  two  SNPs.  For  Class  I,  spontaneous  crossovers,  we  used  data  from  wild-­‐‑type  

strains  (ST  CHARLES  AND  PETES  2013)  and  exo1  strains  (YIN  AND  PETES  2014).  There  are  

mainly  two  subtypes  of  data  as  shown  in  Figure  3A  and  3B.  Figure  3A  does  not  have  

detectable  gene  conversion  tract  associated  with  the  crossover,  therefore  it  only  has  one  

transition  flanked  by  the  last  heterozygous  SNP  to  the  first  SNP  in  the  reciprocal  

crossover  region  (red  on  the  top  and  black  on  the  bottom),  and  these  two  SNPs  match  

exactly  in  both  parts  of  the  sectors.  Therefore,  the  closest  heterozygous  and  homozygous  

SNPs  for  transition  “a”  are  recorded  as  start  and  end  coordinates.  For  complicated  LOH  

tract  as  shown  in  Figure  3B,  we  simply  use  the  last  SNP  that  is  heterozygous  for  both  

sectors  corresponding  to  the  centromere-­‐‑proximal  SNP  of  transition  “a”  and  the  first  

SNP  that  is  a  reciprocal  crossover  corresponding  to  the  centromere-­‐‑distal  SNP  of  

transition  “e”.  For  Class  II,  UV-­‐‑induced  unselected  LOH  events,  in  addition  to  the  types  

described  in  Figures  3A  and  3B,  there  are  additionally  two  major  subtypes  of  data  as  

shown  in  Figures  3C  and  3D.  The  interstitial  LOH  tract  in  3C  does  not  extend  to  the  end  

of  the  chromosome.  We  use  the  two  closest  heterozygous  SNPs  for  the  entire  tract  as  

start  and  end  coordinates,  which  are  the  centromere-­‐‑proximal  SNP  of  transition  “a”  and  

centromere-­‐‑distal  SNP  of  transition  “c”.  Figure  3D  is  similar  to  Figure  3A  in  that  it  only  
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has  a  single  transition  even  though  the  terminal  LOH  is  not  reciprocal.  We  follow  the  

same  rule  for  this  subtype  as  for  the  event  depicted  in  Figure  3A.  Lastly,  in  LOH  events  

from  subcultured  strains,  we  cannot  recover  both  daughter  cells  as  shown  in  Figure  1,  

therefore,  the  event  is  only  represented  by  a  single  line.  For  interstitial  LOH  event  as  in  

Figure  3E,  we  record  the  two  closest  heterozygous  SNPs  similar  to  the  event  in  Figure  

3C.  For  terminal  LOH  as  in  Figure  3F,  we  record  the  two  SNPs  flanking  the  single  

transition  similar  to  the  example  in  Figure  3A.  

  

Figure  3:  Illustration  of  different  types  of  LOH  tracts  and  rules  for  determining  
start  and  end  positions  of  the  LOH  events.    

Green,  red,  black  indicate  heterozygosity,  homozygosity  for  W303  and  
homozygosity  for  YJM789,  respectively.  Orange  square  indicates  centromeres.  The  
segments  are  not  drawn  proportional  to  the  tract  lengths.    Transitions  are  marked  by  

letters  a-­‐‑e.    
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1.3.2 Data structure for the locations of the LOH tracts 

Following  the  rules  described  in  the  section  above,  for  each  LOH  event,  we  

record  three  numbers:  chromosome,  start  coordinate  and  end  coordinate.  The  

chromosome  coordinates  mark  the  distance  to  the  left  telomere.  We  visualize  the  data  in  

two  different  ways.  First,  we  can  simply  draw  where  the  LOH  events  are  positioned  on  

the  chromosome(s).  The  spontaneous  crossover  data  are  all  selected  and  mapped  on  one  

chromosome  arm.  We  depict  both  the  wild-­‐‑type  data  and  exo1  data  in  Figure  4A.  

Unselected  LOH  tracts  from  UV-­‐‑induced  sectors  and  subcultured  colonies  are  scattered  

in  the  entire  genome.  We  show  the  LOH  tracts  from  the  UV-­‐‑treated  wild-­‐‑type  strain  as  

an  example  (Figure  4B,  (YIN  AND  PETES  2013)).  Alternatively,  we  can  also  visualize  the  

data  by  the  number  of  times  each  SNP  is  involved  in  an  LOH  tract,  so  the  data  is  

basically  a  counting  process  and  equivalent  to  “pile-­‐‑up”  data.  This  method  is  more  

helpful  for  spontaneous  crossover  data  since  the  mapping  is  concentrated  on  one  

chromosome  arm.  The  coverage  is  generally  better:  the  average  number  of  times  a  SNP  

is  involved  in  an  LOH  tract  is  about  2  in  both  wild-­‐‑type  and  exo1  strain  (Figure  5,  (ST  

CHARLES  AND  PETES  2013;  YIN  AND  PETES  2014)).  However,  with  less  than  3%  coverage,  

the  UV-­‐‑induced  and  subcultured  data  are  too  over-­‐‑dispersed  and  the  majority  of  the  

SNPs  were  never  found  to  be  in  an  LOH  tract  and  thus  has  a  count  of  0.  
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Figure  4:  Visualization  of  LOH  tracts  along  the  chromosomes.    

A.  Locations  of  gene  conversion  tracts  associated  with  spontaneous  crossovers  
on  the  right  arm  of  chromosome  IV.  Orange  bars  indicate  SNPs.  Black  segments  are  
from  mapping  of  wild-­‐‑type  strains  and  red  segments  are  from  mapping  of  exo1  

strains.  

B.  Location  of  unselected  conversion  and  crossovers.  Events  on  the  left  arm  of  
chromosome  V  are  not  shown,  since  these  events  were  selected.  Centromeres  are  

shown  as  black  circles,  and  SNPs  are  indicated  as  short  orange  bars.  Gene  conversion  
tracts  unassociated  with  crossovers  are  depicted  by  black  line  segments,  with  the  
length  of  the  line  proportional  to  the  tract  length.  Red  arrows  show  the  positions  of  
conversions  associated  with  crossovers,  and  BIR  events  are  indicated  by  green  arrows.  
The  lengths  of  the  chromosomes  are  shown  to  scale;  chromosome  I  is  about  230  kb.  

Adapted  from  (YIN  AND  PETES  2013)  

A. B. 
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Figure  5:  Distribution  of  spontaneous  crossovers  on  the  right  arm  of  
chromosome  IV  in  wild-­‐‑type  and  exo1  strains.  

We  show  the  frequency  with  which  SNPs  on  the  right  arm  of  chromosome  IV  
were  involved  in  a  conversion/crossover  in  the  strains  JSC25  (wild-­‐‑type;  (St  Charles  
and  Petes  2013))  and  YYy34  (exo1).  More  than  100  crossovers  were  mapped  in  each  

strain.  Adapted  from  (YIN  AND  PETES  2014)  

  



  

12  

2. Exploratory data analysis 

2.1 Over- and under-representation of genomic elements within 
the LOH tracts by Chi-squared test 

In  the  studies  we  published  (ST  CHARLES  AND  PETES  2013;  YIN  AND  PETES  2013;  

SONG  et  al.  2014;  YIN  AND  PETES  2014;  YIN  AND  PETES  2015),  we  took  a  simple  method  to  

examine  enrichment  of  genome  elements  in  the  LOH  tracts.  As  outlined  in  Section  1.2.2,  

the  conversion  tracts  observed  in  our  study  should  contain  the  initiating  site  of  the  

recombinogenic  DNA  lesions.  Consequently,  we  examined  conversion  tracts  to  

determine  whether  they  were  enriched  for  various  elements  of  chromosome  structure  or  

sequence.  For  each  of  these  LOH  events,  we  defined  a  “LOH  window”  consisting  of  the  

sequences  from  the  leftmost  marker  of  the  first  transition  defining  the  tract  to  the  

rightmost  marker  of  the  last  transition  (details  in  Section  1.3.1).  We  then  determined  the  

number  of  individual  chromosome  structure/sequence  elements  listed  in  (ST  CHARLES  

AND  PETES  2013)  and  (YIN  AND  PETES  2013)  that  have  any  overlap  with  these  LOH  

windows,  and  used  chi-­‐‑squared  analysis  to  determine  whether  there  was  an  over-­‐‑

representation  of  these  elements  based  on  the  number  of  the  elements  in  the  genome.  An  

example  of  this  analysis  is  discussed  below  using  the  tRNA  genes  as  a  representative  

chromosome  element.  

We  found  66  tRNA  genes  within  the  410  conversion  tracts  in  48  sectored  colonies  

in  (YIN  AND  PETES  2013).  The  sum  of  the  lengths  of  the  conversion  tracts  was  4.1  Mb.  To  

calculate  the  expected  number  of  tRNA  genes  that  overlap  the  LOH,  we  first  determined  
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the  number  of  tRNA  genes  in  the  genomic  region  of  the  hybrid  diploid  yeast  

represented  by  our  SNP  microarray.  We  excluded  from  our  analysis  the  left  arm  of  

chromosome  V  (the  selected  region)  and  a  previously-­‐‑defined  region  on  the  right  arm  of  

XIII  that  is  homozygous  for  W303a-­‐‑derived  SNPs.  The  region  examined  contains  about  

90%  of  the  total  genome.  The  number  of  tRNA  genes  in  the  examined  region  (based  on  

SGD)  of  the  genome  is  264.  In  the  genomes  of  48  strains,  therefore,  the  total  number  of  

tRNA  genes  is  12672.  The  sum  of  all  examined  sequences  among  the  48  strains  was  538  

Mb.  Thus,  the  expected  number  of  tRNA  genes  within  conversion  tracts  if  the  

distribution  is  random  is:  12672  x  (4.1  Mb/538  Mb)  =  96.  The  expected  number  of  tRNA  

genes  not  involved  in  conversion  tracts  is:  12672  –  96  =  12576.  We  compared  the  

observed  number  of  tRNA  sequences  located  within  and  outside  of  the  conversion  tracts  

(66  and  12606)  with  these  expected  numbers  using  chi-­‐‑squared  test.  The  raw  p-­‐‑value  for  

this  comparison  was  0.002.    

Although  this  analysis  enables  interesting  findings  of  over-­‐‑/under-­‐‑representation  

of  several  genomic  elements  in  LOH  tracts,  there  are  a  few  drawbacks:  1)  since  

aggregated  data  are  used,  the  information  for  individual  LOH  tract  is  lost;  2)  it  is  

difficult  to  incorporate  continuous  features;  3)  if  the  genome  elements  are  of  several  kb  

and  contain  SNPs,  the  total  amount  of  sequences  of  LOH  tracts  needs  to  be  adjusted  

using  some  arbitrary  rules,  otherwise,  the  elements  usually  appear  significantly  enriched  

and  this  will  be  explained  in  more  detail  in  Section  2.3;  4)  p-­‐‑values  from  the  tests  cannot  
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be  compared  and  the  importance  of  the  genome  elements  in  predicting  LOH  tracts  is  

difficult  to  evaluate;  5)  effects  from  SNP  distribution  and  LOH  tract  sizes  are  difficult  to  

be  accounted  for;  6)  when  the  sample  size  is  small,  the  normality  assumption  is  violated.  

Therefore,  although  useful  for  data  exploration,  it  is  quite  limited  for  inference  and  

prediction  purposes.    

2.2 Poisson regression for the selected LOH datasets 

In  previous  mappings  of  meiotic  recombination  gene  conversion  tracts,  Mancera  

et  al.  have  used  Poisson  regression  to  model  the  counts  of  the  number  of  times  a  SNP  is  

involved  in  meiotic  gene  conversion  tracts  (MANCERA  et  al.  2008).  However,  two  

characteristic  features  of  our  mapping  of  mitotic  recombination  events  rendered  this  

method  unfavorable.  First,  the  mitotic  recombination  tracts  are  much  longer  than  

meiotic  recombination  tracts.  The  relevance  of  this  is  that  the  long  mitotic  LOH  tracts  

bring  in  strong  dependency  of  many  adjacent  SNPs.  The  SNP  density  is  on  average  1  per  

kb.  While  meiotic  tract  lengths  are  usually  shorter  than  2  kb,  mitotic  tract  lengths  usually  

have  a  median  of  7-­‐‑10  kb.  Thus,  a  group  of  adjacent  SNPs  are  usually  covered  together  

by  one  LOH  tract,  which  leads  to  dependency  in  the  counts  in  the  “pile-­‐‑up”  data.  In  

addition,  cells  usually  have  over  100  meiotic  recombination  events  per  meiotic  cell  cycle,  

however,  mitotic  recombination  events  are  much  rarer.  Even  with  UV-­‐‑treated  cells,  we  

can  only  obtain  8  events  per  cell  cycle.  Therefore  it  is  more  cost-­‐‑effective  to  accumulate  

meiotic  recombination  data  throughout  the  genome  and  thus  less  over-­‐‑dispersed  counts.    
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Nevertheless,  we  attempted  Poisson  regression  with  spontaneous  crossover  

dataset  where  the  coverage  is  higher  and  data  not  as  over-­‐‑dispersed  as  in  the  unselected  

datasets.  For  the  “wt_spont”  dataset,  the  response  variable  is  counts,  which  is  the  

number  of  times  a  SNP  is  covered  in  an  LOH  tract.  We  plot  the  percentage  of  counts  for  

every  SNP  in  Figure  6A.  The  ACF  plots  (Figure  6B  and  6C)  for  the  response  variable  “y”  

and  the  residuals  after  fitting  a  Poisson  regression  with  all  the  predictors  indicate  strong  

autocorrelation  in  the  data.  In  Figure  6D,  we  show  residuals  vs.  fitted  values,  most  of  the  

deviance  is  within  (-­‐‑2,  2)  with  no  particular  outlier.  However,  even  with  all  the  

predictors  included,  a  goodness  of  fit  test  using  residual  deviance  still  suggested  a  lack  

of  fit  (residual  deviance=2141.524,  df=1869,  p=9.848026e-­‐‑06).  Features  with  coefficients  

significantly  different  from  0  after  correction  of  multiple  hypothesis  testing  are  listed  in  

Table  1.    
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Figure  6:  Summary  of  Poisson  regression  for  wild-­‐‑type  spontaneous  crossover  
data.    

A. percentage  of  counts.  B.  ACF  for  the  response  variable  y.  C.  ACF  for  
residuals.  D.  Residuals  vs.  fitted  values.  
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Table  1:  Coefficients  significantly  different  from  0  in  Poisson  regression  of  the  
wild-­‐‑type  spontaneous  crossover  data.  

  
Estimate   Std.  Error   z  value   Pr(>|z|)  

clb5   0.255   0.018   14.3   2.7E-­‐‑46  
rad14mms2UV   0.169   0.017   9.7   2.3E-­‐‑22  

UDG   -­‐‑0.164   0.021   -­‐‑7.6   2.5E-­‐‑14  
dist_cen   -­‐‑0.158   0.023   -­‐‑6.8   8.3E-­‐‑12  

allelic  differential  
expression  

0.098   0.016   6.1   1.2E-­‐‑09  

(Intercept)   0.417   0.078   5.3   8.8E-­‐‑08  
mus81UV   0.089   0.018   4.9   1.1E-­‐‑06  
mec1breaks   -­‐‑0.128   0.028   -­‐‑4.7   3.1E-­‐‑06  

  

2.3 Simulation of control tracts and effect from SNP distribution 

  To  construct  binary  response,  the  LOH  tracts  are  assigned  as  “1”  and  we  sample  

control  tracts  randomly  from  the  genome  and  assign  them  as  “0”.  To  sample  the  control  

tracts,  two  sampling  scheme  were  used  and  compared  here.  In  both  methods,  we  first  

sample  a  chromosome  number  with  probability  proportional  to  the  size  of  the  

chromosomes.  In  method  1,  we  sample  a  SNP  on  the  chromosome  as  the  start  SNP.  Then  

we  used  the  tract  length  information  from  the  LOH  tracts  to  look  for  where  the  end  SNP  

should  be.  It  is  important  to  include  the  tract  length  information  because  for  example,  if  

we  are  interested  in  GC  content,  they  vary  differently  for  different  lengths  of  DNA  

sequences.  The  shortest  tract  is  about  100  bp  and  for  100  bp  tract,  the  GC  content  easily  

vary  from  20%  to  70%.  The  longest  tract  is  about  70  kb  and  for  70  kb  tract,  the  GC  

content  is  usually  not  far  from  the  genome  average,  which  is  38%.  Therefore,  we  sample  

a  tract  length  from  the  LOH  tracts,  add  it  to  the  start  SNP,  this  number  A  usually  falls  in-­‐‑
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between  two  SNPs  B  and  C.  We  then  sample  from  binomial  with  p=1-­‐‑(A-­‐‑B)/(C-­‐‑B)  to  

decide  whether  we  should  use  B  or  C  as  the  end  SNP  depending  on  the  binomial  draw  is  

1  or  0,  respectively.  In  method  2,  we  use  a  slightly  different  approach  that  mimics  the  

data  generation  process.  After  sampling  a  chromosome  indicator  proportional  to  

chromosome  size,  we  sample  a  random  location  along  the  chromosome,  which  is  not  

necessarily  a  SNP,  then  we  sample  from  the  tract  length  table  and  add  the  amount  of  

sequence  to  the  coordinate  previously  sampled.  Then  we  find  the  SNP  locations  using  

the  same  binomial  sampling  method  for  both  the  start  and  end  SNPs  as  in  method  1.  The  

difference  between  the  two  methods  is  that  in  the  second  method,  both  ends  are  free  of  

SNP  location  at  the  beginning  and  are  assigned  to  the  nearby  SNP  subsequently.  

Interestingly,  the  two  methods  behave  quite  differently  when  we  perform  a  sanity  check  

with  chi-­‐‑squared  test.  As  shown  in  Table  2,  the  control  set  generated  by  method  1  (null  

set  1)  has  significant  underrepresentation  of  repetitive  elements  such  as  LTR  and  Ty  

repeats,  whereas  method  2  does  not,  indicating  effect  from  SNP  distribution  with  respect  

to  repetitive  elements.  Null  set  3  in  Table  2  are  generated  by  sampling  a  chromosome  

location  and  add  the  amount  of  sequences  from  a  random  sample  in  the  tract  length  

table  and  the  start  and  end  coordinate  does  not  necessarily  and  most  often  not  fall  on  

SNPs.  In  subsequent  analyses,  we  use  control  tracts  generated  by  method  2  to  have  start  

and  end  coordinates  fall  on  SNPs  to  better  mimic  the  data  generation  process,  and  to  

better  capture  the  null  distribution  of  the  yeast  genome.  
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Table  2:  Chi-­‐‑squared  test  for  simulated  control  tracts.    

The  three  control  tracts  are  simulated  using  methods  described  in  Section  2.3.  
Note  that  the  LTR  and  Ty  elements  are  significantly  underrepresented  in  null  set  1,  
but  not  in  the  other  two  null  sets.  In  addition,  rad14mms2UV,  rad14UV  and  Ty  are  
genome  elements  of  several  kb.  Since  there  are  SNPs  within  the  rad14mms2UV  and  
rad14UV  elements  but  no  SNPs  within  Ty  elements,  they  behave  differently.  The  
rad14mms2UV  and  rad14UV  are  both  overrepresented  in  all  the  three  simulated  sets  
while  Ty  is  not  overrepresented.  This  illustrate  issues  3)  and  5)  discussed  in  Section  

2.1.  

  
ARS   G4   gamma   LTR  

meiotic  
HS  

rad14  
mms2  
UV  

rad14  
UV  

solo  
LTR  

tRNA   Ty  

total   11200   13600   16000   13600   120800   3600   6000   5600   9200   3200  

null  set  1  
obs  in  

208   284   336   162   2363   107   280   107   148   26  

null  set  1  
obs  out  

10992   13316   15664   13438   118437   3493   5720   5493   9052   3174  

null  set  1  
exp  in  

212   257   303   257   2285   68   113   106   174   61  

null  set  1  
exp  out  

10988   13343   15697   13343   118515   3532   5887   5494   9026   3139  

p-­‐‑value   0.789   0.092   0.053   2.0E-­‐‑09   0.099   1.9E-­‐‑06   4.3E-­‐‑56   0.916   0.046  7.4E-­‐‑06  

null  set  2  
obs  in   206   282   346   256   2454   143   304   95   178   69  

null  set  2  
obs  out  

10994   13318   15654   13344   118346   3457   5696   5505   9022   3131  

null  set  2  
exp  in  

221   268   315   268   2380   71   118   110   181   63  

null  set  2  
exp  out   10979   13332   15685   13332   118420   3529   5882   5490   9019   3137  

p-­‐‑value   0.319   0.386   0.080   0.461   0.125   5.5E-­‐‑18   9.6E-­‐‑67   0.140   0.807   0.449  

null  set  3  
obs  in  

230   268   299   258   2335   140   285   119   168   68  
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null  set  3  
obs  out  

10970   13332   15701   13342   118465   3460   5715   5481   9032   3132  

null  set  3  
exp  in  

214   260   306   260   2310   69   115   107   176   61  

null  set  3  
exp  out   10986   13340   15694   13340   118490   3531   5885   5493   9024   3139  

p-­‐‑value   0.276   0.621   0.686   0.895   0.605   4.8E-­‐‑18   6.0E-­‐‑58   0.246   0.545   0.380  
  

Note  that  some  datasets  involve  mapping  two  isogenic  isolates  and  in  certain  

cases,  the  two  isolates  contain  different  pre-­‐‑existing  LOH  regions.  Regions  with  pre-­‐‑

existing  LOH  exclude  the  possibility  of  being  involved  in  LOH  tracts  and  control  tracts.  

For  example,  we  mapped  16  strains  of  each  of  the  two  sgs1  isolates  YYy97.13  and  

YYy97.17  after  subculturing  them  for  10  times.  YYy97.13  has  pre-­‐‑existing  LOH  of  422  kb  

(3.6%)  and  on  average  6.6  LOH  events  per  strain  and  YY97.17  has  682  kb  (5.9%)  of  pre-­‐‑

existing  LOH  and  5  LOH  events  on  average.  In  this  case,  we  divide  the  number  of  

control  tracts  proportional  to  the  heterozygous  genome  being  mapped  (total  amount  of  

genome  size  minus  the  size  of  the  pre-­‐‑existing  LOH)  rather  than  proportional  to  the  

number  of  LOH  tracts  observed.  The  rationale  is  the  control  tracts  should  reflect  the  

entire  genome  being  surveyed  by  the  microarrays.    

2.4 Data preprocessing and extraction of genomic features 

The  number  of  LOH  tracts  and  sampled  control  tracts  for  each  datasets  are  listed  

in  Table  3.  We  extract  genomic  information  such  as  numbers  of  genome  elements,  

percentage  of  mononucleotides,  dinucleotides  to  5-­‐‑mers,  likelihood  of  transcription  
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factor  binding  calculated  by  position  weight  matrix  (PWM)  for  different  transcription  

factors  (GRANT  et  al.  2011;  DE  BOER  AND  HUGHES  2012)  and  published  ChIP-­‐‑seq  data  for  

transcription  factors  (STEINMETZ  et  al.  2006;  RHEE  AND  PUGH  2011;  VENTERS  et  al.  2011;  

RHEE  AND  PUGH  2012)  and  histone  modifications  (POKHOLOK  et  al.  2005;  ALBERT  et  al.  

2007;  KIRMIZIS  et  al.  2007;  KAPLAN  et  al.  2009;  GUILLEMETTE  et  al.  2011;  SCHULZE  et  al.  2011)  

in  these  tracts  etc.  as  explanatory  variables.  For  genome  elements  that  are  discrete  such  

as  number  of  tRNA  genes,  we  used  the  “intersectBed”  command  in  BEDtools  (QUINLAN  

AND  HALL  2010)  to  count  the  number  of  times  they  overlap  with  the  LOH  tracts  or  

sampled  control  tracts.  For  genome  elements  that  are  continuous,  for  example,  binding  

intensity  from  ChIP-­‐‑seq  data,  we  used  “intersectBed”  with  left  outer  join  option  and  

“groupBy”  commands  in  BEDTools  to  calculate  mean  intensity  for  each  tract,  with  

missing  data  imputed  by  overall  mean  of  each  feature.  To  calculate  base  composition  

data  such  as  percentage  of  mononucleotide  to  5-­‐‑mers,  concentration  of  Top1p  binding  

motif  (TANIZAWA  et  al.  1993)  and  an  8-­‐‑mer  Chi-­‐‑site  (WANG  et  al.  2000),  we  used  the  

“getfasta”  command  in  BEDTools  to  extract  sequences  and  “seqinr”  package  in  R  to  

count  sequence  motifs.  Tandem  repeats  are  extracted  with  “trf”  command  using  the  

Unix  tool  published  in  (BENSON  1999).  All  the  SGD  coordinates  are  based  or  translated  

into  the  reference  genome  version  “sacCer2”  from  the  UCSC  genome  browser.  We  

initially  found  1125  features.  After  combining  similar  features,  for  example,  ChIP-­‐‑seq  
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data  for  the  same  DNA-­‐‑binding  protein  from  different  labs  but  with  high  correlation,  we  

used  1190  features.  

Table  3:  Datasets  used  in  this  study  with  sample  size  

Datasets   Response  
     1   0  

exo1_spont  
exo1  spontaneous    
crossovers  (102)  

sampled  control  tracts  
(400)  

wt_spont  
wild-­‐‑type  spontaneous  

crossovers  (139)  
sampled  control  tracts  

(400)  

wt_UV  
wild-­‐‑type  UV-­‐‑induced  
unselected  LOH  (410)  

sampled  control  tracts  
(1000)  

sgs1_UV  (include  rDNA)  
sgs1  UV-­‐‑induced    

unselected  LOH  (175)  
sampled  control  tracts  

(400)  
sgs1_sub10  (include  

rDNA)  
sgs1  unselected  LOH  

subculture  10  strains  (185)  
sampled  control  tracts  

(600)  

sgs1_UV  (exclude  rDNA)  
sgs1  UV-­‐‑induced  unselected  

LOH  (172)  
sampled  control  tracts  

(397)  
sgs1_sub10  (exclude  

rDNA)  
sgs1  unselected  LOH  

subculture  10  strains  (167)  
sampled  control  tracts  

(596)  

exo1_spont  VS  wt_spont  
exo1  spontaneous    
crossovers  (102)  

wild-­‐‑type  spontaneous  
crossovers  (139)  

wt_spont  VS  wt_UV  
wild-­‐‑type  spontaneous  

crossovers  (139)  
wild-­‐‑type  UV-­‐‑induced  
unselected  LOH  (400)  

sgs1_sub10  VS  sgs1_UV  
(exclude  rDNA)  

sgs1  unselected  LOH  
subculture  10  strains  (167)  

sgs1  UV-­‐‑induced  
unselected  LOH  (172)  

sgs1_sub10  VS  sgs1_UV  
(include  rDNA)  

sgs1  unselected  LOH  
subculture  10  strains  (185)  

sgs1  UV-­‐‑induced  
unselected  LOH  (175)  

sgs1_UV  (exclude  rDNA)  
VS  wt_UV  

sgs1  UV-­‐‑induced  unselected  
LOH  (172)  

wild-­‐‑type  UV-­‐‑induced  
unselected  LOH  (410)  

sgs1_sub10  (exclude  
rDNA)  VS  wt_spont  

sgs1  unselected  LOH  
subculture  10  strains  (167)  

wild-­‐‑type  spontaneous  
crossovers  (139)  
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3. Predictive modeling of LOH tracts 
We  explore  machine  learning  tools  and  variable  selection  techniques  to  build  a  

classifier  between  LOH  tracts  and  sampled  control  tracts,  and  in  certain  cases,  between  

two  different  types  of  LOH  tracts.  Specifically,  we  use  support  vector  machine  with  RBF  

kernel  to  assess  whether  the  1090  genome  features  have  predictive  values  for  the  LOH  

tracts.  We  also  used  “elastic  net”  regularization  to  select  predictors  that  minimize  

prediction  errors.  In  certain  datasets,  where  the  variable  selection  lacks  consistency,  we  

selected  variables  by  their  inclusion  probability  from  multiple  runs  and  evaluated  their  

performance  in  prediction.    

3.1 Classification by support vector machine 

3.1.1 Support vector machine (SVM) 

SVM  can  be  used  to  build  classifiers  that  can  take  labeled  training  data  points  

and  find  a  combination  of  features  (a  hyperplane)  that  best  separates  data  points  of  

different  labels  (CORTES  AND  VAPNIK  1995).  Thus,  when  given  new  unlabeled  data  

points,  the  classifier  is  expected  to  assign  them  into  the  correct  class.  In  the  case  when  

data  points  are  linearly  separable,  the  SVM  finds  the  hyperplane  so  that  the  distance  

between  the  hyperplane  and  the  nearest  points  on  each  side  (margin)  is  maximized,  

leading  to  a  gap  as  wide  as  possible  between  the  two  classes.  This  involves  minimizing  

the  following  function  

!

2
𝑤!𝑤  
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with  constraint  

! ! 𝑤!𝑥! + 𝑏 ≥ 1.  

In  linearly  non-­‐‑separable  case,  we  would  like  to  maximize  the  margin  and  

meanwhile  minimize  training  error,  by  minimizing  the  following  error  function  instead  

1
2
𝑤!𝑤 + 𝐶 𝜉!

!

!! !

  

with  constraint    

𝑦! 𝑤!𝑥! + 𝑏 ≥ 1 − ! ! , 𝜉! ≥ 0  ,  

using  Lagrange  Multiplier,  this  is  equivalent  to  minimizing  

𝐿! = 𝛼!

!

!!!

−
!

2
𝛼!

!

!!!!

!

!!!

𝛼!!𝑦!𝑦!!𝑥!!𝑥!! .  

3.1.2 Classification with RBF-kernel SVM 

The  features  𝑥  enter  the  above  minimizing  problem  only  through  the  dot  product  

form  𝑥!𝑥,  which  is  also  called  the  linear  kernel  (𝐾 𝑥, 𝑥! = 𝑥!𝑥).  Another  commonly  

used  kernel  in  SVM  is  the  radial  basis  function  (RBF)  kernel  

𝐾 𝑥!𝑥! = exp −𝛾 ∥ 𝑥 ! 𝑥! ∥! .  

  Cross-­‐‑validations  with  10%  of  the  data  held  as  test  sets  were  used  to  tune  the  

cost  and  gamma  parameters.  We  use  AUC  as  a  criterion  to  evaluate  prediction  

performance.  The  ROC  curves  for  different  datasets  are  plotted  in  Figure  7  and  the  

maximum  AUC  obtained  for  each  dataset  with  its  corresponding  cost  and  gamma  

parameters  are  included  in  Table  4.  The  first  seven  datasets  are  classifying  LOH  tracts  
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versus  sampled  control  tracts.  Interestingly,  given  these  explanatory  variables,  the  

prediction  generally  performs  better  for  the  LOH  tracts  involving  spontaneous  lesions  

(AUC=0.59  to  0.657),  including  spontaneous  crossover  datasets  and  LOH  events  from  

subcultured  sgs1  strains.  However,  the  prediction  is  close  to  random  for  LOH  tracts  

involving  UV-­‐‑induced  lesions  (AUC=0.504  to  0.548).  This  could  suggest  that  UV-­‐‑induced  

LOH  events  are  more  randomly  distributed  throughout  the  yeast  genome.  Although  we  

know  that  the  initiating  DNA  lesions  in  cells  treated  with  UV  are  pyrimidine  dimers  

(TT,  TC,  CT  and  CC),  given  the  kilobase-­‐‑long  LOH  tracts,  it  could  be  difficult  for  them  to  

contribute  significantly  to  prediction.    We  also  build  classifiers  for  LOH  tracts  from  

different  mutants,  for  example,  wild-­‐‑type  versus  sgs1  and  wild-­‐‑type  versus  exo1,  and  

with  different  natures  of  DNA  damage,  for  example,  spontaneous  LOH  events  versus  

UV-­‐‑induced  LOH  events.  Note  that  in  the  last  5  datasets  in  Fgure  6  and  Table  4,  we  

dropped  two  features  “distance  to  centromere”  and  “distance  to  telomere”  because  these  

data  contain  mappings  of  LOH  tracts  on  different  chromosomes.  When  these  two  

predictors  are  included  in  the  model,  they  tend  to  almost  perfectly  separate  the  two  

classes  and  are  thus  excluded  from  the  analyses.  With  the  exception  of  the  two  UV-­‐‑

induced  datasets,  sgs1_UV  and  wt_UV,  classifiers  for  all  the  other  datasets  have  good  

prediction  performance  (AUC=0.645  to  0.916).  If  we  are  willing  to  assume  the  random  

nature  of  UV-­‐‑induced  LOH  events,  these  analyses  suggest  that  the  non-­‐‑random  

distribution  of  spontaneous  DNA  lesions,  reflected  in  both  spontaneous  crossover  
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datasets  and  subculture  datasets,  are  distinguishable  by  incorporating  these  explanatory  

variables.    
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Figure  7:  ROC  curves  for  SVM  with  best  AUC.    
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A.  exo1_spont.  B.  wt_spont.  C.  wt_UV.  D.  sgs1_UV  (include  rDNA).  E.  
sgs1_sub10  (include  rDNA).  F.  sgs1_UV  (exclude  rDNA).  G.  sgs1_sub10  (exclude  
rDNA).  H.  exo1_spont  VS  wt_spont.  I.  wt_spont  VS  wt_UV.  J.  sgs1_sub10  VS  

sgs1_UV  (exclude  rDNA)  K.  sgs1_sub10  VS  sgs1_UV  (include  rDNA).  L.  sgs1_UV  
(exclude  rDNA)  VS  wt_UV.  M.  sgs1_sub10  (exclude  rDNA)  VS  wt_spont.    

Table  4:  Best  AUC  with  SVM  and  corresponding  cost  and  gamma  parameter  
values.    

Dataset   AUC   cost   gamma  
exo1_spont   0.59   1   0.001  
wt_spont   0.613   0.001   0.01  
wt_UV   0.535   100   0.001  

sgs1_UV  (include  rDNA)   0.538   100   0.001  
sgs1_sub10  (include  rDNA)   0.657   0.001   0.01  
sgs1_UV  (exclude  rDNA)   0.502   0.001   0.001  

sgs1_sub10  (exclude  rDNA)   0.62   0.001   0.001  
exo1_spont  VS  wt_spont   0.645   1   0.001  
wt_spont  VS  wt_UV   0.829   10   0.001  

sgs1_sub10  VS  sgs1_UV  (exclude  rDNA)   0.672   1   0.001  
sgs1_sub10  VS  sgs1_UV  (include  rDNA)   0.669   1   0.001  
sgs1_UV  (exclude  rDNA)  VS  wt_UV   0.582   0.01,  0.1,  1   0.001  

sgs1_sub10  (exclude  rDNA)  VS  wt_spont   0.916   10   0.001  

  

3.2 Variable selection by elastic net regularization 

For  inference  and  prediction  purpose,  we  are  interested  in  identifying  

explanatory  variables  that  are  stably  selected  for  good  prediction  performance.  To  

obtain  parsimonious  models  and  to  penalize  overfitting,  we  used  elastic  net  

regularization  (FRIEDMAN  et  al.  2010),  which  is  basically  a  linear  combination  of  the  L1  

norm  in  Lasso  and  the  L2  norm  in  Ridge  regression.  The  binary  response  is  model  by  

logistic  regression.    



  

29  

Logit  link:  𝜋 𝑥 ! 𝑝 𝑦 = 1 𝑥 = !"#  (!")
!!!"#  (!")

  ,  

Log-­‐‑likelihood:  !
!

1 !!! ! log 𝜋 𝑥! + ! !!!! log(1 − 𝜋(𝑥!))
!
!!!   ,  

Log-­‐‑likelihood  with  linear  combination  of  L1  and  L2  penalty:  

!
!

1 !!!! log 𝜋 𝑥! + 1 ! !!! !"#(1 − 𝜋(𝑥!)! − ! [!
!! ! ! ∥ ! ∥ +!1 ! 𝛼!

∥! ∥!
!

!
]!.  

When  ! = ! ,  this  is  equivalent  to  Lasso  regression,  where  we  obtain  variable  

selection,  when  ! = ! ,  this  is  equivalent  to  Ridge  regression,  where  all  the  predictors  

have  non-­‐‑zero  coefficient.  We  performed  10-­‐‑fold  cross-­‐‑validation  to  find  𝛼  with  the  best  

AUC  value  and  then  did  variable  selection  with  the  optimal  !   from  the  search.  The  ROC  

curves  for  the  13  datasets  are  shown  in  Figure  8.  The  AUC  obtained  using  elastic  net  is  

consistent  with  using  SVM  and  is  generally  higher.  However,  for  some  datasets,  for  

example,  the  spontaneous  crossover  data  in  the  exo1  mutant,  the  sets  of  features  selected  

vary  from  each  run.  The  number  of  features  selected  varies  from  100  to  500.  To  obtain  

variables  that  are  more  often  selected  and  are  of  high  inclusion  probability,  we  recorded  

the  number  of  times  a  feature  is  selected  in  100  cycles  of  cross-­‐‑validation  runs  and  

calculated  inclusion  probability  for  each  feature.  We  then  evaluate  the  prediction  

performance  with  these  predictors  with  high  inclusion  probability  and  compare  the  

AUC  with  a  simple  run  of  elastic  net  with  the  optimal  𝛼!  The  results  are  listed  in  Table  5.  

The  cutoff  for  the  marginal  inclusion  probability  (MIP)  is  quite  arbitrary,  for  example,  

for  the  exo1_spont  data,  the  prediction  is  improved  with  features  with  MIP  greater  than  

80%,  however,  if  we  use  50%  as  the  cutoff,  the  prediction  becomes  worse.      
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Figure  8:  ROC  curves  for  variable  selection  with  elastic  net.    

A.  exo1_spont  (AUC=0.595,  237  features).    
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B.  wt_spont  (AUC=0.663,  logit(p(y)=1)  ~  Rap1+  Yaf9+Ty+agttc+ccagg+cccca).    

C.  wt_UV  (AUC=0.637,  53  features).    

D.  sgs1_UV  (include  rDNA,  AUC=0.642,  logit(p(y)=1)  ~  CHA4+  
H4K16ac+aatca+cccac+gacac+tacta).    

E.  sgs1_sub10  (include  rDNA,  AUC=0.743,  79  features).  

F.  sgs1_UV  (exclude  rDNA,  AUC=0.62,  125  features).    

G.  sgs1_sub10  (exclude  rDNA,  0.674,  logit(p(y)=1)  ~  ARS+H2AZ+  
CMR3+rad14yen1UV+dist_telo+aaatg+aatct+aatgt).    

H.  exo1_spont  VS  wt_spont  (AUC=0.735,  logit(p(y)=1)  ~  
PUT3+poorNER+cccac+ctacc).    

I.  wt_spont  VS  wt_UV  (AUC=0.754,  150  features).    

J.  sgs1_sub10  VS  sgs1_UV  (exclude  rDNA,  AUC=0.849,  52  features)    

K.  sgs1_sub10  VS  sgs1_UV  (include  rDNA,  AUC=0.754,  logit(p(y)=1)  ~  
ARS+H2AZ+  CHA4+  CMR3+  Hpa3+  Isw2+atcc+aggat+ataaa).    

L.  sgs1_UV  (exclude  rDNA)  VS  wt_UV  (AUC=0.641,  logit(p(y)=1)  ~  
H2BK123ub+soloLTR+ataa+aatca).    

M.  sgs1_sub10  (exclude  rDNA)  VS  wt_spont  (AUC=0.943,  103  features).  
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Table  5:  Prediction  performance  (AUC)  by  a  single  run  of  elastic  net  and  
comparison  with  feature  selection  by  high  MIP.  

Dataset  
elnet  
AUC  

𝛼  
#  

vars  
features  with    
MIP  >  80%  

AUC  
(MIP>  
80%)  

additional  
features  with    
MIP  >  50%  

AUC  
(MIP>  
50%)  

exo1_spont  0.595   0.03   237  

clb5,lateARS,  
Bdf2,DOT6,Hda1,
Htz1,Rad3,Rad6,Ss
l1,Taf3,Thp1,UPC2
,Vps72,Rrm3pause
,Ty,aagct,agcgg,ag
gcc,aggga,ataaa,ata
ta,atgaa,cgaca,gatc
c,gcagc,ggtaa,tcgaa  

0.676   149  features   0.565  

wt_spont   0.663   1   7   Ty,agttc,ccagg   0.616     accaa,cccca,cgtga   0.652  

wt_UV   0.637   0.1   53   SFL1,aagtg,  
cgaaa,gcgaa  

0.562   STB3,aaaga,aaagt,  
acgca,cctta,gtcta  

0.599  

sgs1_UV  
(include  
rDNA)  

0.642   0.3   9   aatc   0.521  
CHA4,aatca,  
attag,tacta  

0.623  

sgs1_sub10  
(include  
rDNA)  

0.743   0.1   79  
H2AZ,LowPol  ! ,N
ucWT,rad14mus81
UV,UDG,H3K56ac  

0.589  

ARS,rad14UV,rad1
4yen1UV,Ty,cactc,c
ggcc,ctgaa,gggga,gt

tca,tctaa  

0.628  

sgs1_UV  
(exclude  
rDNA)  

0.62   0.003   125   NA   NA  
dist_telo,a,aat,tca,  

aatc,atca  
0.561  

sgs1_sub10  
(exclude  
rDNA)  

0.674   0.03   9  

ARS,H2AZ,CMR3  
rad14yen1UV,  

aaatg,aatct,aatgt,  
ttaaa  

0.646  

cac1cac3,Tup1,rad1
4UV,Ty,chi,aat,aaat
,aatt,cccc,taga,tgca,
aaaat,aaatt,aactg,aa
tgc,acccc,actcc,atcta
,atctg,atgta,atgtg,ca
ctc,catgc,cgagc,cgca
c,cgccc,cggcc,gatta,
gggaa,gggga,gtaga,
gttca,tagaa,tctaa,A

RSearly  

0.648  
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3.3 Bayesian stochastic search variable selection for a subset of 
predictors in the sgs1_sub10 dataset 

To  evaluate  consistency  for  model  selection  and  prediction  performance,  we  

used  a  Probit  link  and  Bayesian  stochastic  search  variable  selection  (SSVS)  to  evaluate  

consistency  of  the  selected  variables  (LONGNECKER  et  al.  2005).  We  also  used  a  Beta  prior  

to  let  the  data  inform  the  number  of  predictors  to  be  included  (SCOTT  AND  BERGER  2010).  

Details  for  this  method  is  illustrated  below:  

Likelihood:  

  

Prior:  

  

Data  augmentation:  

  

Joint  posterior:  

  

Gibbs  sample  and  full  conditionals:  
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:
Method 1) regression with binary response. My 170 LOH tracts are assigned as Ò1Ó and I sample

about 300 tracts randomly from the genome and assign them Ò0Ó. To sample the Ò0Ó non-LOH tracts, I
Þrst sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di! erently for di ! erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response Ò1Ó and
300 tracts as response Ò0Ó. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:

Lik:

f (y1, ..., yn ) =
n!

i =1

[" (xT
i ! )yi { 1 ! " (xT

i ! )} 1! yi ], " : c.d.f.ofN (0, 1)

Prior

" (! ) =
p!

j =1

{ p0j #0(! j ) + (1 ! p0j )N (! j |0, c2
j )} , p0j = p0 " Beta(a, b)

Data augmentation:

yi = 1(zi > 0), zi = xT
i ! + $i , $i " N (0, 1), p[yi = 1] = p[zi > 0] = " (xT

i ! )

Joint posterior:

p(! , zi , ..., zn |yn , xn) #
n!

i =1

[yi 1(zi > 0) + (1 ! yi )1(zi $ 0)] %
n!

i =1

N (zi |xT
i ! , 1) %" (! )

Gibbs Sampler and full conditionals:

p(! j |! ) " N (zi |xT
i ! ,1) %[p0j #0(! j ) + (1 ! p0j )N (! j |0, c2

j )] = öpj #0(! j ) + (1 ! öpj )N (! j |Ej , Vj )

öpj = p0j

p0j +(1 ! p0j )
N (0;0 ,c 2

j )

N (0; E j ,V j )

, u " Unif [0, 1] if u < öpj , set ! j = 0, o.w., ! j " N (! j |Ej , Vj )

Vj = ( c! 2
j + xT

j xj )! 1, Ej = Vj xT
j (z ! X (j ) ! (j ) )

p0|! " Beta(a +
p"

j =1

1(! j = 0) , b+
p"

j =1

1(! j &= 0))

Method 2) count the number of times an interval between two SNPs are involved in all the tracts.
This is tricky because 1) the nearby intervals have very strong dependency introduced by the long LOH

2

!

"#!
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:
Method 1) regression with binary response. My 170 LOH tracts are assigned as Ò1Ó and I sample

about 300 tracts randomly from the genome and assign them Ò0Ó. To sample the Ò0Ó non-LOH tracts, I
Þrst sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di! erently for di ! erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response Ò1Ó and
300 tracts as response Ò0Ó. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:
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Method 2) count the number of times an interval between two SNPs are involved in all the tracts.
This is tricky because 1) the nearby intervals have very strong dependency introduced by the long LOH
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:

Method 1) regression with binary response. My 170 LOH tracts are assigned as “1” and I sample
about 300 tracts randomly from the genome and assign them “0”. To sample the “0” non-LOH tracts, I
first sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di↵erently for di↵erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response “1” and
300 tracts as response “0”. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:
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Method 2) count the number of times an interval between two SNPs are involved in all the tracts.
This is tricky because 1) the nearby intervals have very strong dependency introduced by the long LOH
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:

Method 1) regression with binary response. My 170 LOH tracts are assigned as “1” and I sample
about 300 tracts randomly from the genome and assign them “0”. To sample the “0” non-LOH tracts, I
first sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di↵erently for di↵erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response “1” and
300 tracts as response “0”. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:
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Method 2) count the number of times an interval between two SNPs are involved in all the tracts.
This is tricky because 1) the nearby intervals have very strong dependency introduced by the long LOH
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:

Method 1) regression with binary response. My 170 LOH tracts are assigned as “1” and I sample
about 300 tracts randomly from the genome and assign them “0”. To sample the “0” non-LOH tracts, I
first sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di↵erently for di↵erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response “1” and
300 tracts as response “0”. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:
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Method 2) count the number of times an interval between two SNPs are involved in all the tracts.
This is tricky because 1) the nearby intervals have very strong dependency introduced by the long LOH
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We  first  split  the  data  randomly  into  663  training  data  and  100  test  data  and  run  

the  Gibbs  sampler  on  all  the  predictors  for  2000  iterations.  Only  16  predictors  have  an  

MIP  greater  than  1%,  with  “H2AZ”  (MIP=17%)  as  the  most  included  predictor  other  

than  the  intercept.  Due  to  the  inefficiency  of  this  method,  it  probably  only  explores  a  

very  small  portion  of  the  21091  model  space.    Thus,  we  only  picked  9  predictors  based  on  

results  from  the  elastic  net  variable  selection  and  added  in  another  variable  we  are  

interested  in  (see  the  legend  of  Figure  8G),  the  retrotransposons  called  “Ty”.  For  the  

subset  of  variables  frequently  selected,  we  run  Gibbs  sampler  for  30,000  iterations,  after  

discarding  5,000  burn-­‐‑in  and  thinning  the  posterior  samples  by  picking  1  per  every  50  

samples,  the  result  is  summarized  in  Table  6.  Although  the  credible  intervals  for  most  

the  ! ’s  include  0  except  CMR3,  and  are  thus  not  significant,  the  prediction  on  the  test  

data  has  81%  accuracy.  Trace  plots  for  the  𝛽’s  are  included  in  Figure  9.    

Table  6:  Summary  of  Bayesian  Probit  regression  and  SSVS.  

  
intercept  ARS  H2AZ  CMR3   Ty  

rad14  
yen1  
UV  

dist  
telomere  

aaatg   aatct   aatgt  
posteriror  
prob.  

Model  1   1   1   1   1   0   0   1   1   1   0   0.170  
Model  2   1   1   1   1   0   0   1   0   1   0   0.119  
Model  3   1   1   1   1   0   0   1   1   0   0   0.096  
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:

Method 1) regression with binary response. My 170 LOH tracts are assigned as “1” and I sample
about 300 tracts randomly from the genome and assign them “0”. To sample the “0” non-LOH tracts, I
first sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di↵erently for di↵erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response “1” and
300 tracts as response “0”. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:

Method 1) regression with binary response. My 170 LOH tracts are assigned as “1” and I sample
about 300 tracts randomly from the genome and assign them “0”. To sample the “0” non-LOH tracts, I
first sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di! erently for di! erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response “1” and
300 tracts as response “0”. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:
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entire genome, therefore the coverage is quite low: most of the genome never had any LOH events. We
are interested in what genome elements, such as tandem repeats, transcription level, replication starting
sites etc, are over- or under-represented in the LOH tracts as compared to regions that did not have LOH
event.

I can think of three ways to look for the enrichment of genome elements:
Method 1) regression with binary response. My 170 LOH tracts are assigned as Ò1Ó and I sample

about 300 tracts randomly from the genome and assign them Ò0Ó. To sample the Ò0Ó non-LOH tracts, I
Þrst sample a chromosome number with probability proportional to the size of the chromosomes. Then,
I sample a SNP on the chromosome as the start SNP. Lastly, I used the tract length information from
my LOH tracts to look for where the end SNP should be. It is important to include the tract length
information because if I am interested in GC content, they vary di! erently for di ! erent lengths of DNA
sequences. The shortest tract is about 200 bp, for 200 bp, the GC content easily vary from 20% to 70%.
The longest tract is about 50 kb, for 50 kb, the GC content is usually not far from the genome average,
which is 38%. Therefore for the last step, I sample a tract length from my LOH tracts, add it to the
start SNP, this number A usually falls in-between two SNPs B and C. I then sample from binomial with
p=(C-A)/(C-B) to decide whether I use B or C as the end SNP. Now I have 170 tracts as response Ò1Ó and
300 tracts as response Ò0Ó. I then extract genomic information such as GC content, numbers of genome
elements in these tracts etc. as explanatory variables. I used a Probit link and Bayesian stochastic search
variable selection (SSVS) to do regression analysis and I put a beta prior to let the data inform the
number of predictors to be included. This works better for some datasets and is not working for others
yet, I think mainly due to lack of good predictors. Questions for improving on this method in Part 3.
The details of SSVS are below:
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Method 2) count the number of times an interval between two SNPs are involved in all the tracts.
This is tricky because 1) the nearby intervals have very strong dependency introduced by the long LOH
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MIP   1   0.92   0.78   0.997   0.08   0.20   0.95   0.50   0.65   0.16  
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Figure  9:  Trace  plots  for  the  ! ’s  in  Bayesian  Probit  regression  with  SSVS.    
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natures  of  DNA  lesions.  SVM  and  elastic  net  regularization  were  used  on  the  full  sets  of  

data  with  roughly  1100  predictors  and  Bayesian  Probit  regression  with  SSVS  was  used  

on  a  subset  of  selected  variables  as  a  validation.  Even  though  the  prediction  

performance  shows  lack  of  fit,  the  methods  used  give  consistent  results.  Spontaneous  

lesions  are  better  modeled  than  UV-­‐‑induced  lesions.  Since  it  is  important  to  understand  

possible  mechanisms  for  a  chromosome  region  to  be  prone  to  spontaneous  breaks,  the  

analyses  here  provide  interesting  possibilities  to  be  further  investigated.  



  

37  

References   

Albert,  I.,  T.  N.  Mavrich,  L.  P.  Tomsho,  J.  Qi,  S.  J.  Zanton  et  al.,  2007  Translational  and  
rotational  settings  of  H2A.Z  nucleosomes  across  the  Saccharomyces  cerevisiae  
genome.  Nature  446:  572-­‐‑576.  

Barbera,  M.  A.,  and  T.  D.  Petes,  2006  Selection  and  analysis  of  spontaneous  reciprocal  
mitotic  cross-­‐‑overs  in  Saccharomyces  cerevisiae.  Proc  Natl  Acad  Sci  U  S  A  103:  
12819-­‐‑12824.  

Benson,  G.,  1999  Tandem  repeats  finder:  a  program  to  analyze  DNA  sequences.  Nucleic  
Acids  Res  27:  573-­‐‑580.  

Bishop,  A.  J.,  and  R.  H.  Schiestl,  2001  Homologous  recombination  as  a  mechanism  of  
carcinogenesis.  Biochim  Biophys  Acta  1471:  M109-­‐‑121.  

Chua,  P.,  and  S.  Jinks-­‐‑Robertson,  1991  Segregation  of  recombinant  chromatids  following  
mitotic  crossing  over  in  yeast.  Genetics  129:  359-­‐‑369.  

Cortes,  C.,  and  V.  Vapnik,  1995  Support-­‐‑vector  networks.  Machine  Learning  20:  273-­‐‑297.  

de  Boer,  C.  G.,  and  T.  R.  Hughes,  2012  YeTFaSCo:  a  database  of  evaluated  yeast  
transcription  factor  sequence  specificities.  Nucleic  Acids  Res  40:  D169-­‐‑179.  

Friedman,  J.,  T.  Hastie  and  R.  Tibshirani,  2010  Regularization  Paths  for  Generalized  
Linear  Models  via  Coordinate  Descent.  J  Stat  Softw  33:  1-­‐‑22.  

Grant,  C.  E.,  T.  L.  Bailey  and  W.  S.  Noble,  2011  FIMO:  scanning  for  occurrences  of  a  
given  motif.  Bioinformatics  27:  1017-­‐‑1018.  

Guillemette,  B.,  P.  Drogaris,  H.  H.  Lin,  H.  Armstrong,  K.  Hiragami-­‐‑Hamada  et  al.,  2011  
H3  lysine  4  is  acetylated  at  active  gene  promoters  and  is  regulated  by  H3  lysine  4  
methylation.  PLoS  Genet  7:  e1001354.  

Kaplan,  N.,  I.  K.  Moore,  Y.  Fondufe-­‐‑Mittendorf,  A.  J.  Gossett,  D.  Tillo  et  al.,  2009  The  
DNA-­‐‑encoded  nucleosome  organization  of  a  eukaryotic  genome.  Nature  458:  
362-­‐‑366.  



  

38  

Kirmizis,  A.,  H.  Santos-­‐‑Rosa,  C.  J.  Penkett,  M.  A.  Singer,  M.  Vermeulen  et  al.,  2007  
Arginine  methylation  at  histone  H3R2  controls  deposition  of  H3K4  
trimethylation.  Nature  449:  928-­‐‑932.  

Lee,  P.  S.,  P.  W.  Greenwell,  M.  Dominska,  M.  Gawel,  M.  Hamilton  et  al.,  2009  A  fine-­‐‑
structure  map  of  spontaneous  mitotic  crossovers  in  the  yeast  Saccharomyces  
cerevisiae.  PLoS  Genet  5:  e1000410.  

Longnecker,  M.  P.,  M.  A.  Klebanoff,  D.  B.  Dunson,  X.  Guo,  Z.  Chen  et  al.,  2005  Maternal  
serum  level  of  the  DDT  metabolite  DDE  in  relation  to  fetal  loss  in  previous  
pregnancies.  Environ  Res  97:  127-­‐‑133.  

Mancera,  E.,  R.  Bourgon,  A.  Brozzi,  W.  Huber  and  L.  M.  Steinmetz,  2008  High-­‐‑resolution  
mapping  of  meiotic  crossovers  and  non-­‐‑crossovers  in  yeast.  Nature  454:  479-­‐‑485.  

Pokholok,  D.  K.,  C.  T.  Harbison,  S.  Levine,  M.  Cole,  N.  M.  Hannett  et  al.,  2005  Genome-­‐‑
wide  map  of  nucleosome  acetylation  and  methylation  in  yeast.  Cell  122:  517-­‐‑527.  

Quinlan,  A.  R.,  and  I.  M.  Hall,  2010  BEDTools:  a  flexible  suite  of  utilities  for  comparing  
genomic  features.  Bioinformatics  26:  841-­‐‑842.  

Rhee,  H.  S.,  and  B.  F.  Pugh,  2011  Comprehensive  genome-­‐‑wide  protein-­‐‑DNA  
interactions  detected  at  single-­‐‑nucleotide  resolution.  Cell  147:  1408-­‐‑1419.  

Rhee,  H.  S.,  and  B.  F.  Pugh,  2012  Genome-­‐‑wide  structure  and  organization  of  eukaryotic  
pre-­‐‑initiation  complexes.  Nature  483:  295-­‐‑301.  

Schulze,  J.  M.,  T.  Hentrich,  S.  Nakanishi,  A.  Gupta,  E.  Emberly  et  al.,  2011  Splitting  the  
task:  Ubp8  and  Ubp10  deubiquitinate  different  cellular  pools  of  H2BK123.  Genes  
Dev  25:  2242-­‐‑2247.  

Scott,  J.  G.,  and  J.  O.  Berger,  2010  Bayes  and  empirical-­‐‑Bayes  multiplicity  adjustment  in  
the  variable-­‐‑selection  problem.  2587-­‐‑2619.  

Song,  W.,  M.  Dominska,  P.  W.  Greenwell  and  T.  D.  Petes,  2014  Genome-­‐‑wide  high-­‐‑
resolution  mapping  of  chromosome  fragile  sites  in  Saccharomyces  cerevisiae.  
Proc  Natl  Acad  Sci  U  S  A.  

St  Charles,  J.,  and  T.  D.  Petes,  2013  High-­‐‑resolution  mapping  of  spontaneous  mitotic  
recombination  hotspots  on  the  1.1  Mb  arm  of  yeast  chromosome  IV.  PLoS  Genet  
9:  e1003434.  



  

39  

Steinmetz,  E.  J.,  C.  L.  Warren,  J.  N.  Kuehner,  B.  Panbehi,  A.  Z.  Ansari  et  al.,  2006  
Genome-­‐‑wide  distribution  of  yeast  RNA  polymerase  II  and  its  control  by  Sen1  
helicase.  Mol  Cell  24:  735-­‐‑746.  

Stern,  C.,  1936  Somatic  Crossing  over  and  Segregation  in  Drosophila  Melanogaster.  
Genetics  21:  625-­‐‑730.  

Symington,  L.  S.,  R.  Rothstein  and  M.  Lisby,  2014  Mechanisms  and  regulation  of  mitotic  
recombination  in  Saccharomyces  cerevisiae.  Genetics  198:  795-­‐‑835.  

Szostak,  J.  W.,  T.  L.  Orr-­‐‑Weaver,  R.  J.  Rothstein  and  F.  W.  Stahl,  1983  The  double-­‐‑strand-­‐‑
break  repair  model  for  recombination.  Cell  33:  25-­‐‑35.  

Tang,  W.,  M.  Dominska,  P.  W.  Greenwell,  Z.  Harvanek,  K.  S.  Lobachev  et  al.,  2011  
Friedreich'ʹs  ataxia  (GAA)n*(TTC)n  repeats  strongly  stimulate  mitotic  crossovers  
in  Saccharomyces  cerevisae.  PLoS  Genet  7:  e1001270.  

Tanizawa,  A.,  K.  W.  Kohn  and  Y.  Pommier,  1993  Induction  of  cleavage  in  topoisomerase  
I  c-­‐‑DNA  by  topoisomerase  I  enzymes  from  calf  thymus  and  wheat  germ  in  the  
presence  and  absence  of  camptothecin.  Nucleic  Acids  Res  21:  5157-­‐‑5166.  

Venters,  B.  J.,  S.  Wachi,  T.  N.  Mavrich,  B.  E.  Andersen,  P.  Jena  et  al.,  2011  A  
comprehensive  genomic  binding  map  of  gene  and  chromatin  regulatory  proteins  
in  Saccharomyces.  Mol  Cell  41:  480-­‐‑492.  

Wang,  J.,  R.  Chen  and  D.  A.  Julin,  2000  A  single  nuclease  active  site  of  the  Escherichia  
coli  RecBCD  enzyme  catalyzes  single-­‐‑stranded  DNA  degradation  in  both  
directions.  J  Biol  Chem  275:  507-­‐‑513.  

Yin,  Y.,  and  T.  D.  Petes,  2013  Genome-­‐‑wide  high-­‐‑resolution  mapping  of  UV-­‐‑induced  
mitotic  recombination  events  in  Saccharomyces  cerevisiae.  PLoS  Genet  9:  
e1003894.  

Yin,  Y.,  and  T.  D.  Petes,  2014  The  Role  of  Exo1p  Exonuclease  in  DNA  End-­‐‑Resection  To  
Generate  Gene  Conversion  Tracts  in  Saccharomyces  cerevisiae.  Genetics.  

Yin,  Y.,  and  T.  D.  Petes,  2015  Recombination  between  Homologous  Chromosomes  
Induced  by  Unrepaired  UV-­‐‑Generated  DNA  Damage  Requires  Mus81p  and  Is  
Suppressed  by  Mms2p.  PLoS  Genet  11:  e1005026.  

  


