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Abstract 
The  mammalian  olfactory  system  uses  a  large  family  of  odorant  receptors  to  

detect  and  discriminate  amongst  a  myriad  of  volatile  odor  molecules.  The  odorant  

receptors  are  similar  in  protein  sequence,  but  their  ligand  selectivities  dramatically  

differ.  It  is  not  clear  how  the  protein  sequences  determine  the  responsiveness  of  odorant  

receptors.  In  this  study,  I  attempt  to  establish  the  link  between  the  protein  sequences  of  

odorant  receptors  and  their  ligand  selectivity.  

Starting  from  the  response  profiles  of  hundreds  of  mouse  odorant  receptors  to  an  

odorant  generated  from  my  previous  work,  I  used  machine  learning  and  variable  

selection  methods  to  identify  properties  of  amino  acid  residues  that  predict  receptor  

response.  This  leads  to  protein  sequence-­‐‑based  models  for  odorant  receptor  response  

prediction.  The  models  trained  with  mouse  odorant  receptor  data  can  predict  human  

odorant  receptor  responses.    
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1. Introduction  
In  mammals,  olfactory  sensation  starts  with  the  detection  of  odor  ligands  by  

odorant  receptors  (ORs),  a  family  of  seven  transmembrane  G  protein-­‐‑coupled  receptors  

(GPCRs)  (Buck  and  Axel,  1991).  Mammalian  genomes  encode  a  large  number  of  ORs  

evolved  through  numerous  gene  duplication  and  loss  events  (Niimura  et  al.,  2014).  To  

date,  it  is  not  clear  how  the  sequence  of  ORs  determine  their  ligand  selectivity.  

1.1 Mammalian Odorant Receptors  

ORs  are  individually  expressed  in  the  olfactory  sensory  neurons  (OSNs)  located  

in  the  olfactory  epithelium  (OE)  (Figure  1).  The  mouse  genome  encodes  over  1000  intact  

ORs,  although  it  is  unclear  how  many  are  functionally  expressed  in  the  OSNs  (Healy  et  

al.,  1997;  Niimura  and  Nei,  2005;  Zhang  and  Firestein,  2002).  Odor  recognition  follows  a  

combinatorial  coding  scheme,  where  one  OR  can  be  activated  by  a  set  of  odors,  and  one  

odor  can  activate  a  combination  of  ORs  (Buck,  2004;  Malnic  et  al.,  1999;  Nara  et  al.,  2011;  

Saito  et  al.,  2009).  Through  such  combinatorial  coding,  mammals  can  detect  and  

discriminate  a  large  number  of  odors  (Bushdid  et  al.,  2014).  
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Mammalian  genomes  typically  encode  large  numbers  of  ORs  (Table  1),  with  

approximately  400  intact  ORs  in  human,  more  than  1000  in  mouse  and  close  to  2000  in  

African  elephant  (Godfrey  et  al.,  2004;  Malnic  et  al.,  2004;  Niimura  et  al.,  2014).  An  

exception  is  found  in  cetaceans  (whales  and  dolphins),  which  only  have  small  numbers  

of  intact  ORs  (McGowen  et  al.,  2008).  The  ORs  are  undergoing  rapid  evolutionary  

changes  including  extensive  gene  gains  and  losses,  as  seen  by  a  high  percentage  of  OR  

pseudogenes  in  mammalian  genomes  (Gilad  et  al.,  2003).  ORs  also  exhibit  high  genetic  

variability  within  the  human  population  (Menashe  et  al.,  2003).    

Olfactory 
 Sensory  
Neurons 
(OSNs) 
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E-A+&'( )'<$?A&%4'0,'*3'#&1&4'"1'/>&'#&10?&4'0,'4&6&%-+'?-??-+'49&."&4'-4'
%&90%/&2'"1':<""?$%-'&/'-+5F'GH(I=5'E>&'/%$1.-/&2'*3'C-4'2&,"1&2'-4'-'9-%/"-+F'"1/-./'

4&J$&1.&'+0.-/&2'-/'-'.01/"#'&12F'-12'?-7'A&'&"/>&%'- ',$1./"01-+'*3'0%'-'94&$20#&1& 5''

;9&."&4' K1/-./'*34 ' *3'94&$20#&1&4 ' E%$1.-/&2'*34 '
Human   396   425   0  

Chimpanzee   380   414   19  
Mouse   1130   236   0  
Rat   1207   508   52  
Dog   811   278   11  

Elephant   1948   2230   89  

 

1.2 ÔDe-orphanizationÕ of ORs  

Most  of  the  mammalian  ORs  are  ‘orphan’,  meaning  their  cognate  ligands  are  still  

unknown.  Deciphering  the  coding  of  olfactory  information  requires  the  comprehensive  

identification  of  ORs  that  respond  to  a  given  odor  (Peterlin  et  al.,  2014).  Various  !"#$!$')#

*+#$!$')  and  !"#$!%&'  methods,  such  as  virus-­‐‑mediated  OR  overexpression  (Touhara  et  al.,  

1999;  Zhao  et  al.,  1998),  calcium  imaging  of  dissociated  OSNs  combined  with  single-­‐‑cell  

RT-­‐‑PCR  (Nara  et  al.,  2011;  Touhara  et  al.,  1999),  use  of  fluorescent-­‐‑labeled  transgenic  

mice  (Bozza  et  al.,  2002),  and  !"#$!%&'  expression  (Saito  et  al.,  2004)  have  been  used  to  

match  ORs  and  their  cognate  ligands.  Notably,  molecular  receptive  range  analyses  of  a  

few  ORs  have  revealed  diverse  odor  tuning  properties  among  the  tested  ORs  (Araneda  

et  al.,  2000;  Grosmaitre  et  al.,  2009;  Li  et  al.,  2012;  Reisert  and  Restrepo,  2009).    

Currently,  large-­‐‑scale  identification  of  active  ligands  for  mammalian  ORs  relies  

on  !"#$!%&'  heterologous  cell  systems  (Mainland  et  al.,  2014;  Saito  et  al.,  2009;  Saito  et  al.,  
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2004).  Though  many  studies  have  shown  that  !"#$!%&'  responses  predict  OSN  activation  

in  mice  and  behavior  in  humans  (Dong  et  al.,  2014;  Keller  et  al.,  2007;  Mainland  et  al.,  

2014;  Menashe  et  al.,  2007;  Shirasu  et  al.,  2014),  the  lack  of  high-­‐‑throughput  !"#$!$'  

mapping  methods  makes  it  difficult  to  estimate  the  correspondence  between  !"#$!%&'  and  

!"#$!$'  results  across  a  large  number  of  ORs  activated  by  a  given  odor.    

Recently  I  developed  a  high-­‐‑throughput  method  to  map  odorant  responding  

ORs  !"#$!$')  using  phosphorylated  ribosome  immunoprecipitation  and  RNA-­‐‑Seq.  The  S6  

ribosomal  subunit  is  phosphorylated  following  neuronal  activation  (Cao  et  al.,  2008;  

Knight  et  al.,  2012;  Valjent  et  al.,  2011;  Villanueva  et  al.,  2009;  Zeng  et  al.,  2009).  This  

phosphorylation  is  comparable  to  induction  of  immediate  early  gene  expression,  such  as  

c-­‐‑Fos  and  Egr-­‐‑1,  which  is  widely  used  to  mark  active  neurons  (Haga  et  al.,  2010;  Isogai  et  

al.,  2011;  Shirasu  et  al.,  2014).  However,  unlike  immediate  early  gene  expression,  

phospho-­‐‑S6  has  the  advantage  of  being  physically  associated  with  mRNA  species  

expressed  in  the  activated  neurons.  Thus,  phosphorylated  S6  immunoprecipitation  (pS6-­‐‑

IP)  followed  by  mRNA  profiling  with  RNA-­‐‑Seq  has  been  developed  as  a  method  to  

identify  mRNAs  expressed  in  activated  neurons  (Knight  et  al.,  2012).  This  approach  has  

been  successfully  applied  in  brain  regions  such  as  the  hypothalamus  in  identifying  

markers  of  neurons  that  respond  to  feeding,  starvation  and  high  salt  (Knight  et  al.,  2012).  

In  my  graduate  work,  I  established  a  method  using  pS6-­‐‑IP  and  RNA-­‐‑Seq  in  the  

olfactory  system  to  map  odor-­‐‑activated  ORs.  In  the  OE,  each  OSN  chooses  to  express  
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one  OR  allele  out  of  over  1000  possible  OR  genes.  Thus  ORs  associated  with  activated  

OSNs  are  likely  responding  to  the  odor.  

1.3 Functional evolution of ORs  

Central  to  understanding  the  functional  evolution  of  ORs  is  functional  

comparison  within  orthologous  ORs  (ORs  evolved  from  a  common  ancestral  OR  by  

speciation)  as  well  as  within  paralogous  ORs  (related  ORs  by  duplication  within  a  

genome).  It  is  usually  assumed  that  orthologs  perform  equivalent  functions,  while  

paralogs  may  be  more  diverged  in  function  (Koonin,  2005),  but  the  extent  to  which  this  

assertion  holds  for  ORs  needs  to  be  tested.  For  instance,  the  human  OR  OR1A1  and  its  

mouse  ortholog  Olfr43  show  similar  responses  to  (S)-­‐‑(−)-­‐‑citronellol  (Schmiedeberg  et  al.,  

2007),  supporting  the  notion  that  orthologous  ORs  are  equivalent  in  function.  However,  

the  mouse  and  rat  I7  orthologs  show  different  preferences  for  heptanal  and  octanal,  as  a  

result  of  a  single  amino  acid  change  (Krautwurst  et  al.,  1998).  In  addition,  in  a  study  

involving  orthologs  of  Olfr154  (OR912-­‐‑93)  across  multiple  species,  the  ligand  selectivity  

of  orthologs  was  found  to  be  similar  but  not  the  same:  the  Olfr154  orthologs  of  mouse,  

pig  and  four  primates  all  responded  to  both  2-­‐‑  and  3-­‐‑heptanone,  the  squirrel-­‐‑monkey  

ortholog  only  responded  to  3-­‐‑heptanone,  and  the  human  and  orangutan  orthologs  were  

not  functional  (Gaillard  et  al.,  2004).  When  quantitative  characteristics  of  OR  responses  

were  taken  into  account,  primate  orthologs  of  the  human  OR  OR7D4  exhibited  

extremely  diverse  potency  and  efficacy  to  two  steroid  ligands,  androstenone  and  
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androstadienone  (Zhuang  et  al.,  2009).  Finally,  a  large  scale  analysis  of  18  OR  orthologs  

in  the  human,  chimpanzee  and/or  rhesus  macaque  and  of  17  in  mouse  and  rat  against  a  

panel  of  42  ORs  revealed  that  a  striking  ~90%  of  orthologous  ORs  showed  functional  

variances  affecting  receptor  potency  and/or  efficacy  (Figure  2  A,  B).  When  only  

considering  binary  responses,  orthologous  ORs  respond  to  a  common  ligand  83%  of  the  

time,  while  paralogs  respond  to  a  common  ligand  only  33%  of  the  time  (Adipietro  et  al.,  

2012).  These  studies  suggest  that  the  ligand  selectivity  of  OR  orthologs  are  more  

conserved  than  paralogs,  while  the  response  ranges  among  orthologs  can  dramatically  

differ.  In  the  future,  it  will  be  important  to  evaluate  how  the  functional  differences  in  OR  

orthologs  and  paralogs  contribute  to  the  adaptation  of  different  species.    
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The  OR  repertoire  is  highly  variable  across  the  human  population,  encompassing  

large  numbers  of  single  nucleotide  polymorphisms  (SNPs)  and  copy  number  variations  

(CNVs)  (Gilad  and  Lancet,  2003;  Keydar  et  al.,  2013;  Olender  et  al.,  2012;  Waszak  et  al.,  

2010).  A  human  OR  has  a  median  of  five  different  alleles  with  an  allele  frequency  greater  

-6 -5 -4 -3
0

50

100

OR 1 variant 4

OR 1 variant 1

OR 1 variant 3

OR 1 variant 2

OR 1 variant 5

log[Odorant], M

O
R

 a
c
tiv

a
tio

n

Duplication, functional change 

ancestral OR 

OR 1 OR 2 

human OR 1 human OR 2 chimpanzee OR 1 chimpanzee OR 2 mouse OR 1 mouse OR 2 

Speciation 

Ortholog Paralog 

A B 

C 

variations in odor perception 
OR 1 

OR 1 variant 1 

OR 1 variant 2 

OR 1 variant 3 

OR 1 variant 4 

OR 1 variant 5 

Duplication 

Neofunctionalization Pseudogenization Subfunctionalization 

ancestral OR 

OR 1 OR 2 OR 1 OR 2 OR 1 OR 2 

OR 1 OR 2 



  

  

8  

than  1%  in  the  1000  Genomes  Project  data  (Mainland  et  al.,  2014).  Recently,  a  functional  

analysis  of  variants  of  27  human  ORs  in  the  heterologous  expression  system  revealed  

that  63%  of  these  ORs  have  variations  that  alter  !"#$!%&'  functions,  and  two  individuals  

have  an  average  of  over  30%  functional  differences  in  their  OR  alleles  (Mainland  et  al.,  

2014).  Among  the  variants  that  alter  OR  protein  sequences,  7.9%  lead  to  nonsense  

mutations  that  would  disrupt  ORs,  6.8%  are  hypofunctional  (lower  sensitivity  and  

dynamic  range)  and  11%  are  hyperfunctional  (higher  sensitivity  and  dynamic  range)  as  

compared  to  reference  alleles  (Figure  2  C)  (Mainland  et  al.,  2014).  In  this  study,  only  

SNPs  in  the  open  reading  frames  of  ORs  were  considered.  Additional  functional  

differences  could  result  from  variations  in  the  regulatory  regions  that  control  OR  

expression,  as  well  as  CNVs  that  cause  gains  and  losses  of  certain  ORs.  Recent  

transcriptome  analysis  is  starting  to  reveal  differences  in  OR  expression  levels  among  

individuals  (Verbeurgt  et  al.,  2014).  CNVs  are  also  often  observed  (Hasin  et  al.,  2008),  

with  reported  CNVs  for  ~33%  of  the  human  ORs,  and  an  average  of  8  CNVs  of  OR  loci  

per  individual  (Waszak  et  al.,  2010).  

1.4 Links between OR sequence and ligand selectivity  

To  date,  very  little  is  know  how  OR  sequences  determine  their  ligand  selectivity,  

except  that  OR  orthologs  share  more  common  ligands  than  paralogs.  Based  on  this  idea,  

Man  et  al.  proposed  22  amino  acid  residues  important  for  ligand  selectivity  (Man  et  al.,  

2004),  but  these  residues  remain  largely  untested  experimentally.  A  study  performed  on  
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,&'-'./!01   odorant  receptors  showed  that  sequence  similarity  do  not  correlate  strongly  

with  ligand  specificity  (Boyle  et  al.,  2013).  For  mammalian  ORs,  it  remains  largely  

unclear  if  the  OR  sequences  contain  any  information  that  can  be  learned  to  predict  their  

function,  partly  due  to  the  limited  availability  of  OR  response  profiles.  A  better  

understanding  on  the  relationship  between  OR  sequence  and  their  ligand  selectivity  will  

guide  the  de-­‐‑orphanization  of  ORs,  and  may  allow  us  to  design  novel  ORs  as  custom  

chemical  sensors.  Here  I  attempt  to  model  OR  responses  based  on  their  sequences.  
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2. Data description 
I  systematically  analyzed  the  response  profile  of  mouse  ORs  to  an  odorant,  

acetophenone,  using  both  !"#$!$'   and  !"#$!%&'#methods.  This  leads  to  the  largest  dataset  of  

OR  response  profiles  to  a  given  chemical  to  date.  52  ORs  responding  to  acetophenone  

both  !"#$!$'  and  !"#$!%&'  are  considered  as  acetophenone  ORs.    367  ORs  do  not  respond  to  

acetophenone  under  either  condition,  thus  are  considered  not  acetophenone  receptors.    

2.1 In vivo identification of acetophenone receptors  

Transcriptomes  of  olfactory  neurons  responding  to  acetophenone  were  profiled  

by  phosphorylated  ribosome  IP  and  RNA-­‐‑Seq.  Samples  from  unstimulated  animals  were  

used  as  controls.  Experiments  were  performed  in  triplicates,  and  within  each  replication  

the  experimental  and  control  mice  were  littermates  of  the  same  sex.  

2.1.1 Mapping of RNA-Seq reads and handling multiple alignment 

Short  reads  were  aligned  to  the  mouse  reference  genome  mm10  using  Bowtie  

(Langmead  et  al.,  2009).  The  reads  mapped  to  annotated  genes  were  then  counted  using  

BEDTools  (Quinlan  and  Hall,  2010).  Because  UTRs  of  many  ORs  are  not  well  defined,  

we  only  used  the  coordinates  of  coding  exons  for  all  the  genes  to  count  the  reads  

mapped  to  them.    

The  similarity  between  ORs  can  result  in  multiple  alignments.  The  traditional  

stringent  method  is  to  suppress  multiple  alignments,  discarding  all  the  reads  that  map  

to  more  than  one  genomic  locus.  This  approach  apparently  does  not  make  full  use  of  the  
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data.  The  traditional  unstringent  method  allows  for  multiple  alignments,  and  randomly  

assigns  the  read  to  one  of  the  loci  it  maps  to.  This  approach  introduces  some  uncertainty  

in  the  result.  To  make  the  best  use  of  the  sequence  data  and  obtain  exact  estimates  of  

expression  levels,  I  estimated  the  distribution  of  reads  mapped  to  multiple  locations  

based  on  unique  mapping  results.  For  example,  if  a  read  was  mapped  to  two  different  

genes,  and  the  read  counts  of  these  two  genes  were  3  and  7  respectively  based  on  

uniquely  mapped  read  counts,  then  0.3  and  0.7  were  added  to  the  previous  read  counts  

and  the  new  counts  became  3.3  and  7.7.  Based  on  this  idea,  I  implemented  a  stepwise  

mapping  scheme  that  allows  reads  aligned  to  multiple  regions  to  be  distributed  

proportionally  to  these  regions  based  on  the  previous  read  counts  from  these  regions  

(Wang  et  al.,  2008).  Briefly,  the  reads  were  aligned  to  mm10  by  Bowtie  with  -­‐‑m  20  -­‐‑a  

(report  all  reads  that  map  to  at  most  20  different  regions  on  the  reference  genome),  and  

the  resulted  mapping  file  was  separated  into  20  sub-­‐‑files  that  includes  reads  only  

mapped  to  1,  2,  …  ,  20  regions  respectively.  BEDTools  (Quinlan  and  Hall,  2010)  was  

used  to  first  count  reads  mapped  to  coding  exons  of  genes  using  only  uniquely  mapped  

reads.  Reads  mapped  to  two  regions  were  distributed  based  on  read  counts  from  

uniquely  mapped  reads.  The  iteration  was  allowed  for  20  cycles  and  the  resulted  read  

counts  were  then  rounded.  Iteration  number  20  was  chosen  because  pilot  parameter  

tuning  indicated  that  the  majority  of  read  counts  stopped  increasing  after  20  cycles  

(Figure  3).    
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2.1.2 Differential expression analysis 

The  read  counts  table  for  all  the  genes  were  then  imported  into  R  and  analyzed  

using  the  negative-­‐‑binomial  model  based  tool  EdgeR  under  default  parameter  settings  

(Robinson  et  al.,  2010).  A  similar  result  was  obtained  using  a  separate  tool  DESeq2  

employing  similar  model  assumptions  (Anders  and  Huber,  2010).  Littermate  

information  was  included  in  the  design  matrix  to  enhance  the  power  of  detection  

(McCarthy  et  al.,  2012).  The  generalized  linear  model  for  EdgeR  is  
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where  𝜇!"  is  the  mean  of  mapped  read  numbers  in  library#!#of  gene  ! ,  and  ! !  is  

the  total  number  of  mapped  reads  in  library#!2#! ! #is  the  vector  of  coefficients  and  𝑥! #

denote  the  vector  of  covariates  that  specify  the  treatment  of  sample  !.  

Multiple  comparison  was  adjusted  within  the  detected  OR  group  by  controlling  

false  discovery  rate  (FDR)  (Benjamini  and  Hochberg,  1995).  DESeq  was  used  to  calculate  

the  size  factors  of  individual  libraries  (Anders  and  Huber,  2010).  Experiments  were  

performed  with  both  high  (100%)  and  low  (1%)  concentrations  of  acetophenone  (Figure  

4).    
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In  agreement  with  previous  notions,  a  high  concentration  of  odor  stimulation  

activated  additional  ORs  (Figure  5).  
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2.2 In vitro validation for ORs   

To  validate  that  the  !"#$!$'  receptor  mapping  identified  acetophenone-­‐‑activated  

ORs,  we  leveraged  the  previously  established  cAMP-­‐‑mediated  luciferase  reporter  gene  

assay  in  heterologous  cells  (Li  and  Matsunami,  2011;  Zhuang  and  Matsunami,  2008)  to  

measure  the  response  of  these  ORs  to  acetophenone.  To  systematically  test  whether  the  

enriched  ORs  were  more  likely  to  respond  to  acetophenone,  we  tested  71  ORs  enriched  

by  100%  acetophenone  (out  of  75,  p<0.05  with  FDR  correction)  and  449  control  ORs  that  

were  not  enriched  (Figure  6).    
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!"#$%&'Z)'*34'/>-/'-%&'4&+&./&2',0%'in  vitro  6-+"2-/"015'E>"4'900+'.06&%4'-+?04/'
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*3'/>-/'%&490124'/0'-.&/09>&101&F'*+,%(ZH':[\G=F'"4'-+40'&1%".>&2'"1'0$%'&89&%"?&1/5'

We  independently  expressed  these  ORs  in  Hana  3A  cells,  which  are  a  HEK293T-­‐‑

derived  cell  line  that  supports  the  robust  expression  of  various  transiently  expressed  

ORs  (Saito  et  al.,  2004;  Zhuang  and  Matsunami,  2008),  and  stimulated  the  cells  with  

3µM,  30µM,  or  300µM  of  acetophenone  as  well  as  no-­‐‑odor  controls.  We  quantified  the  

degree  of  OR  activation  by  determining  the  relative  fold-­‐‑increase  of  luciferase  activity  as  

compared  to  control  stimulation.  As  expected,  acetophenone-­‐‑induced  !"#$!%&'  activation  

of  enriched  ORs  was  higher  than  that  of  control  ORs  (p=0.005  at  30µM,  p=7×10-­‐‑21  at  

300µM,  Wilcoxon  rank-­‐‑sum  test,  Figure  7).    
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!"#$%&'\ )  In  vitro'-./"6-/"01'0,'\('&1%".>&2'-12'II]'$1 S&1%".>&2'*345'^S-8"4)'
10%?-+"D&2',0+2'0,'"1.%&-4&'"1'+$.",&%-4&'4"#1-+45'(HHU'"4'2&/&%?"1&2'A7'/>&',0+2'0,'
"1.%&-4&'0,'*+,%((GZ'4/"?$+-/&2'C"/>'RHH_['-.&/09>&101&5'HU'"4'2&/&%?"1&2'A7'/>&'

,0+2'0,'"1.%&-4&'0,'&?9/7'6&./0%'4/"?$+-/&2'C"/>'R_['-.&/09>&101&5'3&2)'*34'
&1%".>&2'-/'9`H5HW5'a%-7)'*34'10/'.-++&2'&1%".>&2'-/'9TH5HW5'O+-.Y'A-%)'?&2"-1V'O08)'GW'
-12'\W'9&%.&1/"+&V'b>"4Y&%)'W'-12']W'9&%.&1/"+&5'b"+.0801'%-1Y'4$?'/&4/',0%'2",,&%&1.&'

0,' in  vitro'%&49014&4'A&/C&&1'&1%".>&2'-12'10/'&1%".>&2)'R_['9TH5(F'RH_['9TH5HHW'
RHH_['9T\c(H SG(5'

Similarly,  the  ORs  that  were  activated  by  acetophenone  !"#$!%&'  were  enriched  in  

the  pS6-­‐‑IP  analysis  as  a  group  (p=1! 10-­‐‑14,  Wilcoxon  rank-­‐‑sum  test,  Figure  8).    
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!"#$%&'d)'In  vivo'&1%".>?&1/'0,'(H\'-./"6-/&2'-12'I(R'10/'-./"6-/&2'*345'^ S-8"4)'
,0+2'0,'&1%".>?&1/'0,'/%-14.%"9/4'A7'9;Z'KP5'3&2)'*34'-./"6-/&2' in  vitro5'a%-7)'*34'

10/'-./"6-/&2' in  vitro5'O+-.Y'A-%)'?&2"-1V'O08)'GW'-12'\W'9&%.&1/"+&V'b>"4Y&%)'W'-12']W'
9&%.&1/"+&5'b"+.0801'%-1Y'4$?'/&4/',0%'2",,&%&1.&'0,'in  vivo'&1%".>?&1/'A&/C&&1'

-./"6-/&2'-12'10/'-./"6-/&2)'9T( ! (HS(I 5'

Enrichment  in  pS6-­‐‑IP  RNA-­‐‑Seq  predicted  whether  the  OR  responded  to  

acetophenone  !"#$!%&'  (area  under  the  receiver  operating  characteristic  (ROC)  curve  

(AUC)  =  0.754,  p=6! 10-­‐‑16,  Wilcoxon  rank-­‐‑sum  test).  ("#$!%&'  response  also  predicted  the  p-­‐‑

value  of  enrichment  in  pS6-­‐‑IP  RNA-­‐‑Seq  (AUC  =  0.845,  p=7! 10-­‐‑21,  Wilcoxon  rank-­‐‑sum  

test,  Figure  9).  
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!"#$%&'] )'In  vivo  -12' in  vitro  %&49014&4'9%&2"./'01&'-10/>&%5'e&,/)'3*Q'.$%6&4'
"++$4/%-/"1#'9&%,0%?-1.&'0,'.+-44","&%4'$4"1#'in  vivo'&1%".>?&1/'9S6-+$&4'/0'9%&2"./'

C>&/>&%'/>&'*3'%&490124'/0'-.&/09>&101&'in  vitro5'L%&-'f12&%'Q$%6&)'H5\WIF'9TZ! (HS

(ZF'b"+.0801'%-1YS4$?'/&4/5'3"#>/)' 3*Q'.$%6&4'"++$4/%-/"1#'9&%,0%?-1.&'0,'.+-44","&%4'
$4"1#'in  vitro'%&49014&4'/0'9%&2"./'C>&/>&%'/>&'*3'"4'&1%".>&2'-/'9`TH5HW5'L%&-'f12&%'

Q$%6&)'H5dIWF'9T\! (HSG(F'b"+.0801'%-1YS4$?'/&4/5'

After  establishing  the  concordance  between  in  vivo  and  in  vitro  responses,  I  set  

out  to  further  investigate  the  acetophenone-­‐‑activated  ORs.  I  selected  ORs  that  were  

enriched  by  S6  phosphorylation  analysis  with  acetophenone,  expressed  these  ORs  in  

Hana3A  cells  (Saito  et  al.,  2004)  and  challenged  the  cells  with  10-­‐‑9  -­‐‑  10-­‐‑3  M  acetophenone.  

The  dose-­‐‑dependent  luciferase  response  profiles  confirmed  that  52  ORs  were  indeed  

activated  by  acetophenone.  I  reason  that  these  receptors,  supported  by  both  in  vivo  and  

in  vitro  evidence,  are  likely  to  be  bona  fide  acetophenone  receptors  (Figure  10).    
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!"#$%&'(H)'K2&1/",".-/"01'0,'-.&/09>&101&'%&.&9/0%45':L='3&-2'.0$1/4'0,'
-.&/09>&101&'%&.&9/0%4'"1'.01/%0+'-12'(U'-.&/09>&101&'4/"?$+-/&2'4-?9+&45':O='3&-2'

.0$1/4'0,'-.&/09>&101&'%&.&9/0%4'"1'.01/%0+'-12'(HHU'-.&/09>&101&'4/"?$+-/&2'
4-?9+&45':Q='In  vitro  %&49014&4'0,'/>&'-.&/09>&101&'%&.&9/0%45'3&49014&4'-%&'4.-+&2'/0'

*+,%(ZH':[\G=5'E>&'?-8"?$?'%&49014&'0,'*+,%(ZH'"4'2&,"1&2'-4'(5'
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3. Data exploration 
The  collection  of  OR  response  profiles  to  acetophenone  provides  the  first  

opportunity  to  systematically  study  what  determines  the  responsiveness  of  ORs  to  a  

chemical.  Previous  studies  have  found  that  the  overall  sequence  similarity  is  a  poor  

predictor  for  receptor  response  within  species.  OR  paralogs  only  share  the  common  

ligand  33%  of  the  time.  On  the  other  hand,  OR  orthologs  share  the  common  ligand  83%  

of  the  time.  Indeed,  the  assertion  that  orthologs  tend  to  share  the  same  function  is  the  

basis  of  the  use  of  model  organisms  in  biomedical  research.  So  far,  it  is  also  the  only  way  

to  infer  the  response  of  an  OR  from  one  species  based  on  the  OR  from  another  species.  

Given  this  big  collection  of  OR  response  profiles,  it  might  be  possible  to  construct  better  

models  for  OR  response  prediction  that  works  for  both  paralogs  and  orthologs,  and  

outperform  the  overall  sequence  similarity  based  approach.  

ORs  share  very  similar  protein  sequences  and  predicted  transmembrane  

structures.  They  are  seven-­‐‑transmembrane  G  protein-­‐‑couple  receptors.  The  

transmembrane  domain  regions  are  well  conserved.  The  domains  implicated  in  down-­‐‑

stream  signaling  are  also  well  conserved.  This  provides  the  opportunity  to  align  these  

receptors  together,  and  hypothesize  that  receptor  functions  may  be  determined  by  

specific  amino  acid  residues  at  certain  positions  (Figure  11).        
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3.1 Sequence diversity of acetophenone ORs  

I  first  asked  if  the  acetophenone  ORs  have  greater  overall  homology  with  each  

other.  When  plotted  on  the  OR  phylogenetic  tree,  the  acetophenone  ORs  were  not  

clustered  in  one  or  a  few  subfamilies,  though  there  were  a  few  notable  examples  of  

closely  related  ORs.  Rather,  their  sequences  were  strikingly  diverse:  at  least  one  member  

of  27  out  of  the  286  receptor  families  defined  by  Zhang  and  Firestein  (Zhang  and  

Firestein,  2002)  were  represented  (Figure  12).    
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!"#$%&'(G)'N"4/-1.&'/%&&'0,'*3'9%0/&"1'4&J$&1.&45'3&2F'*34'&1%".>&2'A7'(U'
-.&/09>&101&'-12'.01,"%?&2' in  vitro5'*%-1#&F'*34'-22"/"01-++7'&1%".>&2'A7'(HHU'

-.&/09>&101&'-12'.01,"%?&2' in  vitro5'

3.2 Clustering ORs based on amino acid properties  

I  then  asked  if  ORs  could  be  clustered  based  on  their  sequences  to  reflect  their  

functions.  Grantham  (Grantham,  1974)  defined  three  quantitative  features  for  amino  

acid  residues,  including  polarity,  composition  and  volume.  Composition  is  defined  as  
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enriched by 1% acetophenone and confirmed in vitro

additionally enriched by 100% acetophenone and confirmed in vitro
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the  atomic  weight  ratio  of  hetero  (noncarbon)  elements  in  end  groups  or  rings  to  carbons  

in  the  side  chain,  reflecting  composition  differences  between  amino  acids.  Polarity  

reflects  the  hydrophobicity  of  the  residue.  Volume  reflects  size  of  the  residue.  Using  the  

multiple  alignment  of  mouse  OR  proteins,  I  calculated  these  three  properties  as  defined  

by  Grantham  for  amino  acid  residues  within  the  alignment.  291  amino  acid  residues  

common  to  at  least  10%  of  the  ORs  are  included  in  this  analysis,  resulting  in  3  ×  291  =  873  

predictors.  The  missing  values  in  this  matrix  (0.17%)  resulting  from  occasional  gaps  in  

alignment  were  imputed  from  column  means.  To  construct  binary  response  variables,  I  

used  ORs  that  were  supported  by  both  !"#$!$'  and  !"#$!%&'  evidence,  with  the  52  ORs  that  

were  enriched  in  our  pS6  RNA-­‐‑Seq  and  responded  to  acetophenone  !"#$!%&'  labeled  as  

1’s,  and  367  ORs  that  were  not  enriched  in  pS6  RNA-­‐‑Seq  (p>0.05  in  both  1%  and  100%  

acetophenone  stimulation  experiments)  and  did  not  respond  to  acetophenone  !"#$!%&'#

labeled  as  0’s.  

I  first  performed  a  principle  component  analysis  (PCA)  on  the  amino  acid  

property  data  to  see  if  it  can  cluster  ORs  into  groups  that  reflect  their  responses  to  

acetophenone.  The  first  three  PC’s  (percentage  of  variance  explained  6.8%,  3.7%,  2.6%  

respectively)  cluster  the  ORs  into  four  groups,  and  the  acetophenone  responding  ORs  

are  mainly  present  in  two  of  them  (Figure  13).  This  suggests  that  a  combination  of  amino  

acid  properties  might  contain  information  related  to  OR  function.  
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!"#$%&'(R)'P%"1."9+&'.0?901&1/'-1-+74"4'0,'*345'E>&',"%4/'/>%&&'PQg4'-%&'$4&2'
/0'4&9-%-/&'*34'"1/0',0$%'.+$4/&%45'E>&'-.&/09>&101&'*34'-%&'?-"1+7'9%&4&1/'"1'/C0'

0,'/>&'.+$4/&%4':.7-1=5'

3.3 Some amino acid residues are more conserved within 
acetophenone ORs  

I  therefore  asked  whether  particular  sites  were  conserved  among  the  

acetophenone  ORs  as  a  group.  To  identify  residues  that  were  more  conserved  among  the  

43  acetophenone  ORs  than  by  random  chance,  I  simulated  the  distributions  of  mean  

Grantham  distances  within  random  OR  sets  for  each  residue  in  the  alignment.  To  

!

!

!

activated
not activated
not tested
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simulate  these  distributions,  52  random  ORs  were  randomly  sampled  from  the  mouse  

OR  repertoire.  At  each  amino  acid  residue,  the  pairwise  Grantham  distances  across  these  

52  ORs  were  calculated  and  their  mean  was  computed.  Random  sampling  was  iterated  

20000  times.  The  per-­‐‑residue  mean  Grantham  distances  were  also  computed  for  the  

group  of  52  acetophenone  ORs,  and  used  to  find  p-­‐‑values  under  the  null-­‐‑hypothesis  that  

they  were  samples  from  the  distributions  of  random  OR  sets.  Locations  with  gaps  for  

more  than  10%  of  the  ORs  were  excluded  from  the  study.  Multiple  comparison  was  

adjusted  by  controlling  false  discovery  rate  (FDR)  (Benjamini  and  Hochberg,  1995).  This  

comparison  of  mean  Grantham  distances  of  amino  acid  properties  at  individual  sites  

among  the  acetophenone  ORs  with  that  of  random  OR  sets  identified  50  sites  with  

higher  amino  acid  similarity  among  acetophenone  ORs  than  random  (n=50,  p<0.05;  n=23,  

p<0.01;  FDR  adjusted,  Figure  14).  These  sites  are  not  highly  conserved  among  ORs  as  a  

whole  and  the  majority  of  them  are  located  within  transmembrane  helices  implicated  in  

odorant  binding  (Abaffy  et  al.,  2007;  Baud  et  al.,  2011;  Doszczak  et  al.,  2007;  Singer,  

2000).  
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conserved in acetophenone ORs (p ≤ 0.00075, FDR adjusted:p<0.01)

conserved in acetophenone ORs (p ≤ 0.0085, FDR adjusted:p<0.05)

conserved in all ORs (90%)
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4. Modeling OR responses 
The  PCA  and  conserved  residues  in  acetophenone  ORs  suggest  certain  

combination  of  ORs  might  be  able  to  predict  OR  responses.  To  test  this  hypothesis,  I  use  

machine  learning  techniques  and  generalized  linear  models  to  model  the  responses  of  

ORs  to  acetophenone.    

4.1 Overall sequence similar ity based approach  

As  a  first  step,  I  implemented  a  classifier  based  on  overall  sequence  similarity  to  

compare  all  the  other  approaches  with.  This  classifier  searches  for  the  OR  in  the  training  

data  that  is  most  similar  with  the  test  OR,  and  label  the  test  OR  accordingly  with  a  

weight  reflecting  the  sequence  similarity  between  the  two  ORs.  To  test  its  performance,  

a  10-­‐‑fold  cross-­‐‑validation  scheme  was  performed  for  100  iterations.  At  each  iteration,  we  

reserved  10%  of  the  data  as  test  subset  at  each  iteration,  trained  the  model  with  the  

remaining  90%  and  asked  the  model  to  predict  the  response  of  the  test  subset.  The  

testing  results  from  100  iterations  were  merged  to  evaluate  the  model.  The  same  scheme  

is  used  in  all  the  following  cross-­‐‑validations.  Indeed,  overall  sequence  similarity  within  

species  (paralogs)  predicts  OR  response  poorly,  with  an  AUC  close  to  random  

(AUC=0.528,  p=0.01,  Figure  15).    
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4.2 Support Vector Machine approach  

One  candidate  approach  is  to  train  the  model  using  support  vector  machines  

(SVM).  SVM  searches  for  the  optimal  separating  hyper-­‐‑plane  between  the  two  classes  

through  maximizing  the  margin  between  the  closest  points  of  the  two  classes.    

4.2.1 Linear SVM 

A  C-­‐‑classification  SVM  minimizes  the  following  error  function  

min
! ∈ℝ! !! ∈!

!

2
! !𝑤 + 𝐶 ! !

!

! ! !

  

with  constraint    

𝑦! ! !! ! + 𝑏 ! 1 ! 𝜉!! ! ! ! 0  
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This  turns  out  to  involve  only  the  dot  product  𝑥!! ,  the  linear  kernel.  A  gradient  

search  for  the  parameter  𝐶  was  performed  to  tune  for  best  cross-­‐‑validation  (100  

iterations)  performance.  A  model  with  𝐶 = 0.01  gives  an  AUC  of  0.798  (p=3! 10-­‐‑112,  

Figure  16).  
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4.2.2 Kernel method 

A  commonly  used  kernel  is  the  Radial  basis  function  (RBF)  kernel.  The  RBF  

kernel  function  is  

𝐾 𝑥, 𝑥! = exp !
∥!!!!∥!

!!!
.  

Let  𝛾 = − !
!!!

,  this  becomes  

! ! , 𝑥! = exp 𝛾 ∥ ! − ! ! ∥! ,  
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with  an  additional  parameter  𝛾  to  optimize.    

Using  a  grid  search  for  parameters  that  maximize  cross-­‐‑validation  AUC,  the  

parameters  are  chosen  as  𝛾 = 10,𝐶 = 0!!!" .  The  AUC  is  0.800  (p=7! 10-­‐‑114).  
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4.3 Semi-Supervised SVM  (S3VM) 

We  do  not  have  labels  for  about  half  of  the  ORs.  The  unlabeled  data  might  imply  

underlying  patterns  of  the  data,  and  might  guide  model  construction.  To  this  end,  I  used  

a  S3VM  algorithm  with  a  linear  kernel.  A  S3VM  algorithm  minimizes  the  error  fuction  

!"#
!∈! ! !! ! ℝ! !!

1
2
𝑤!𝑤 + 𝐶 𝜉! + ! !

!

! ! !

! !

!

! !!

  

with  the  constraint  
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𝑦! 𝑤!𝑥! + ! ≥ ! ! 𝜉! !𝜉! ≥ ! ;    ! ! ! !𝑥! + 𝑏 ≥ ! − 𝜉! ! ! ! ≥ !   

However,  no  dramatic  enhancement  in  performance  is  seen  (AUC  =  0.736,  

p=2! 10-­‐‑181).  
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4.4 Logistic regression and variable selection  

Although  SVM  methods  can  be  used  to  construct  predictors,  it  is  difficult  to  

interpret  the  model  coefficients.  For  better  interpretability,  I  built  a  model  using  logistic  

regression  that  takes  amino  acid  properties  of  ORs  as  input  to  predict  their  responses  to  

acetophenone.  To  reduce  over-­‐‑fitting,  I  performed  variable  selection  with  elastic-­‐‑net  

penalty  (Friedman  et  al.,  2010).  For  a  logistic  model  

! ! ! ! ! ! ! ! !
!"# !! !" )

! ! !"#   ! !" !
,  
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find  the  !   that  minimizes  the  penalized  log-­‐‑likelihood  

!

!
! ! !! ! !"# 𝜋 𝑥! ! ! ! ! ! ! log!1 ! 𝜋(! !! )!

! ! ! − ! 𝑃! !𝛽! ,  

with  the  penalty  term  being  a  combination  of  L1  and  L2  norms  of  𝛽  weighted  by  

𝛼:  

𝑃! ! ! ! ! !
! ! ! !

!

!
! ! ! .  

  A  grid  search  finds  the  optimized  𝛼 ! ! !!! .  The  selected  model  has  47  predictors  

with  AUC=0.834  (p=2! 10-­‐‑135,  Figure  19).    
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The  selected  predictors  may  reflect  residues  that  contribute  to  the  responsiveness  

of  acetophenone.  When  plotted  on  a  hypothetic  OR,  the  selected  predictors  correspond  
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to  residues  that  show  little  overlap  with  residues  that  are  known  to  be  conserved  within  

the  entire  OR  repertoire  (Figure  20).    
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5. External Validation of the model 
So  far,  the  examination  of  model  performance  is  based  on  cross-­‐‑validation  within  

the  mouse  ORs.  However,  it  is  desired  that  the  models  be  tested  on  a  separate  dataset.  In  

addition,  the  model  derived  from  mouse  ORs  would  be  much  more  useful  if  it  can  

generalize  to  human  ORs.  There  are  two  main  difficulties  working  with  human  ORs.  

First,  our  ability  to  measure  their  response  !"#$!$'#is  extremely  limited.  Second,  only  a  

small  number  of  human  ORs  have  been  de-­‐‑orphanized  using  !"#$!%&'  systems,  which  

may  implicate  the  low  efficiency  of  !"#$!%&'#expression.  Thus,  a  negative  response  !"#$!%&'#

may  be  false  negative.  To  this  end,  I  measured  the  !"#$!%&'  responses  of  27  human  ORs  

that  have  been  successfully  expressed  !"#$!%&'  to  acetophenone  (Mainland  et  al.,  2014).  

When  stimulated  with  acetophenone,  9  of  these  human  ORs  showed  response  !"#$!%&'2#In  

this  chapter,  I  use  these  human  ORs  for  external  validation  of  the  previously  described  

models  (Figure  21).  
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5.1 Overall sequence similarity based approach  

Again  I  start  with  the  overall  sequence  similarity  based  approach.  This  approach  

is  expected  to  show  better  performance  when  used  to  predict  ORs  from  another  species  

(orthologs)  than  within  the  same  species  (paralogs),  as  OR  orthologs  share  a  common  

ligand  much  more  often  than  paralogs.  Indeed,  the  AUC  here  is  higher  than  cross-­‐‑

validation  (AUC=0.66,  p=0.1).  
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5.2 SVM and Logistic regression  

The  linear  SVM  model  (! ! ! !!" )  gives  an  AUC  of  0.696  (p=0.05).  The  SVM  

model  with  RBF  kernel  (𝛾 ! !" ! ! = ! !001)  gives  an  AUC  of  0.713  (p=0.04).  The  semi-­‐‑

supervised  linear  SVM  model  gives  an  AUC  of  0.684  (p=0.06).  A  logistic  regression  

model  with  the  selected  47  predictors  gives  an  AUC  of  0.728  (p=0.03).  
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5.3 Conclusion  

Finally,  I  summarize  the  model  performances  in  cross-­‐‑  and  external  validations  

(Table  2).  The  large-­‐‑scale  identification  of  ORs  for  a  given  odorant,  acetophenone,  has  

allowed  the  construction  of  models  that  is  superior  to  the  current  overall  similarity-­‐‑
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based  approach  in  several  aspects.  First,  the  new  models  are  of  better  predictive  values  

when  used  to  predict  novel  OR  responses.  Second,  the  new  models  work  generally  for  

ORs  both  within  the  same  species  and  from  another  species.  Third,  the  variable  selection  

approach  provides  hint  for  amino  acid  residues  that  may  contribute  to  the  

responsiveness  to  specific  odorants,  thus  generating  hypotheses  for  future  experimental  

investigation.      

E-A+&'G)';$??-%7'0,'?02&+'9&%,0%?-1.&5 '

   Cross-­‐‑validation   External  validation  
   AUC   p-­‐‑value   AUC   p-­‐‑value  

Similarity   0.528   0.01   0.660   0.10  
SVM  (linear)   0.798   3! 10-­‐‑112   0.696   0.05  
SVM  (RBF)   0.800   7! 10-­‐‑114   0.713   0.04  

S3VM   0.736   2! 10-­‐‑181   0.684   0.06  
Logistic   0.834     2! 10-­‐‑135   0.728   0.03  
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