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Indel Hotspots

Insertions and deletions (indels) are often clustered in protein sequences:

Archaeoglobus WVMDRLKEERERGVTIDVAHRKFQTDKYYITIVDCPGHRDFIKNMITGASQADAAVLVMDV--V----------E---KVQPQTREHIFLARTLGINQIIVAINKMD----R--VN----YDQKEYEAAKEAVS-KLLKMVGYK-VDE-IPFIPVSAYYGDNVAKKSDKTPWYN------------GPTLLEAFDLLKPPEKLVDKPLRIPIQDVYSISGVGTVPVGRVESGVLRVGDKVV

Methanococcus YVMDGLKEERERGVTIDVAHKKFPTAKYEVTIVDCPGHRDFIKNMITGASQADAAVLVVNV--D----------DAKSGIQPQTREHVFLIRTLGVRQLAVAVNKMD----T--VN----FSEADYNELKKMIGDQLLKMIGFN-PEQ-INFVPVASLHGDNVFKKSERNPWYK------------GPTIAEVIDGFQPPEKPTNLPLRLPIQDVYTITGVGTVPVGRVETGIIKPGDKVV

Methanothermobacter FVMDRLSEERERGVTIDLAHAKFETDKYEFTIVDCPGHRDFVKNMITGASQADAAVLVVAV--D----------D---GVMPQTKEHVFLSRTLGINQLIVAINKMD----L--VN----YDEEKFNALKDEVA-ALIKTVGYK-PSD-VEFIPLSAFEGDNITSKSENTPWYK------------GKTLVEALDDLEAPEKPVDLPLRIPIQDVYSITGVGTVPVGRVETGVLKKGENVI

Ferroplasma WVMDRFKEERERGVTIDLTHRKFQTDKYYFTIIDAPGHRDFVKNMITGTSQADAAVLVVSAREG----------D---GVMAQTREHAFLARTLGVSQLIVAVNKMD----A--TQ--PAYSEKRYNEVKEQVT-KLLTPIGFK---D-VPIIPMSGYKGDNIMKNSANLSWWK------------GPTIMEALNNLKVPAKPTDKPLRIPVEDVYSITGIGTVPVGRVETGVIKINDKVI

Halobacterium YVMDNLAEERERGVTIDIAHQEFTTDEYEFTIVDCPGHRDFVKNMITGASQADNAVLVVAA--D----------D---GVAPQTREHVFLSRTLGIDELIVAVNKMD----V--VD----YDESKYNEVVSGVK-DLFGQVGFN-PDD-AKFIATSAFEGDNVSDHSDNTPWYD------------GPTLLEALNGLPVPQPPTDADLRLPIQDVYTISGIGTVPVGRIETGVMNTGDNVS

Methanosarcina WVMDSLKEERERGITIDIAHKRFDTDKYYFTVVDCPGHRDFVKNMITGASQADAAVLVVAA--P----------D---GVMAQTKEHIFLSRTLGINQLIVAINKMD----A--VE----YSEKRYKEVVEQVS-GILKMIGFK-PGD-IPFVPTSAFYGDNVVNHSEKTPWYK------------GVTMMEALNNLKVPEKPSTLPLRIPVEDAYTISGIGTVPVGRVETGTMKKGDKVV

Nanoarchaeum YLMDRQKEERARGVTIDIAHTELETPHNYITIVDAPGHKDFVKNMITGASQADAAVLVVAA--D----------D---GVQEQTQEHAVLARTFGINQIIVYINKMD----K--VN----YDQKRFEEVKNQVL-KLLKMIGYK-DENIIAVIPGASFHGDNVVKKSDKMPWYN------------GPTLYEALDMLKPPQLPVDLPLRIPIQSALSIKGIGTVLTGRVETGKLKPGDKII

Pyrococcus WVMDRLREERERGITIDVAHTKFETPHRYITIIDAPGHRDFVKNMITGASQADAAVLVVAA--T----------D---GVMPQTKEHAFLARTLGIKHIIVAINKMD----M--VN----YNQKRFEEVKAQVE-KLLKMLGYK---D-FPVIPISAWEGENVVKKSDKMPWYN------------GPTLIEALDQIPEPEKPVDKPLRIPIQDVYSIKGVGTVPVGRVETGKLRVGEVVI

Pyrobaculum WILDRFKEERERGVTIEATHVGFETNKLFITIIDLPGHRDFVKNMIVGASQADAALFVISA--RPGEFEAAIGPQ---G---QGREHLFLIRTLGVQQIVVAVNKMD----V--VN----YDQKRYEQVKAEVS-KLLKLLGYD-PSK-IHFIPVSAIKGDNIKTKSSNTPWYT------------GPTLLEVFDSFQPPQRPVDKPLRMPIQDVFTITGAGTVVVGRVETGVLKVGDRVV

Aeropyrum WILDKMKEERERGITIDLTFMKFETKKYVFTIIDAPGHRDFVKNMITGASQADAAILVVSA--RKGEFEAGMSTE---G---QTREHLLLARTMGIEQIIVAVNKMD----APDVN----YDQKRYEFVVSVLK-KFMKGLGYQ-VDK-IPFIPVSAWKGDNLIERSPNMPWYN------------GPTLVEALDQLQPPAKPVDKPLRIPVQNVYSIPGAGTVPVGRVETGVLRVGDKVV

Sulfolobus FLLDRLKEERERGVTINLTFMRFETKKYFFTIIDAPGHRDFVKNMITGASQADAAILVVSA--KKGEYEAGMSVE---G---QTREHIILAKTMGLDQLIVAVNKMD----LTEPP----YDEKRYKEIVDQVS-KFMRSYGFN-TNK-VRFVPVVAPAGDNITHRSENMKWYN------------GPTLEEYLDQLELPPKPVDKPLRIPIQDVYSISGVGTVPVGRVESGVLKVGDKIV

Giardia WVLDQLKDERERGITINIALWKFETKKYIVTIIDAPGHRDFIKNMITGTSQADVAILVVAA--GQGEFEAGISKD---G---QTREHATLANTLGIKTMIICVNKMD--DGQ--VK----YSKERYDEIKGEMM-KQLKNIGWKKAEE-FDYIPTSGWTGDNIMEKSDKMPWYE------------GPCLIDAIDGLKAPKRPTDKPLRLPIQDVYKISGVGTVPAGRVETGELAPGMKVV

Entamoeba WVLDNLKAERERGITIDISLWKFETSKYYFTIIDAPGHRDFIKNMITGTSQADVAILIVAA--GTGEFEAGISKN---G---QTREHILLSYTLGVKQMIVGVNKMD----A--IQ----YKQERYEEIKKEIS-AFLKKTGYN-PDK-IPFVPISGFQGDNMIEPSTNMPWYK------------GPTLIGALDSVTPPERPVDKPLRLPLQDVYKISGIGTVPVGRVETGILKPGTIVQ

Homo WVLDKLKAERERGITIDISLWKFETSKYYVTIIDAPGHRDFIKNMITGTSQADCAVLIVAA--GVGEFEAGISKN---G---QTREHALLAYTLGVKQLIVGVNKMD----S--TEPP--YSQKRYEEIVKEVS-TYIKKIGYN-PDT-VAFVPISGWNGDNMLEPSANMPWFKGWKVTRKDGNASGTTLLEAVDCILPPTRPTDKPLRLPLQDVYKIGGIGTVPVGRVETGVLKPGMVVT

Saccharomyces WVLDKLKAERERGITIDIALWKFETPKYQVTVIDAPGHRDFIKNMITGTSQADCAILIIAG--GVGEFEAGISKD---G---QTREHALLAFTLGVRQLIVAVNKMD----S--VK----WDESRFQEIVKETS-NFIKKVGYN-PKT-VPFVPISGWNGDNMIEATTNAPWYKGWEKETKAGVVKGKTLLEAIDAIEQPSRPTDKPLRLPLQDVYKIGGIGTVPVGRVETGVIKPGMVVT

Dictyostelium WVMDKLKAERERGITIDIALWKFETSKYYFTIIDAPGHRDFIKNMITGTSQADCAVLVIAS--PTGEFEAGIAKN---G---QTREHALLAYTLGVKQMIVAINKMDEK--S--TN----YSQARYDEIVKEVS-SFIKKIGYN-PEK-VAFVPISGWNGDNMLERSDKMEWYK------------GPTLLEALDAIVEPKRPHDKPLRIPLQDVYKIGGIGTVPVGRVETGIIKPGMVVT

Saccharum WVLDKLKAERERGITIDIALWKFETTKYYCTVIDAPGHRDFIKNMITGTSQADCAVLIIDF--TTGGFEAGIFKD---G---QTREHALLAFTLGVKQMICCCNKMDAT--T--PK----YSKARYDEIVKEVS-SYLKKVGYN-PDK-IHFVPISGFEGDNMIERSTNLDWYK------------GPTLLEALDLINEPKRPSDKPLRLPLQDVYKIGGIGTVPVGRVETGVIKPGMVVT

Euglena WVLDKLKAERERCITIDIALWKFETAKSVFTIIDAPGHRDFIKNMITGTSQADAAVLVIDS--TTGGFEAGISKD---G---QTREHALLAYTLGVKQMIVATNKFDDK--T--VK----YSQARYEEIKKEVS-GYLKKVGYN-PEK-VPFIPISGWNGDNMIEASENMGWYK------------GLTLIGALDNLEPPKRPSDKPLRLPLQDVYKIGGIGTVPVGRVETGVLKPGDVVT

Trypanasoma WVLDKLKAERERGITIDIALWKFESPKSVFTIIDAPGHRDFIKNMITGTSQADAAILIIAS--AQGEFEAGISKD---G---QTREHALLAFTLGVKQMVVCCNKMDDK--T--VN----YGQERYDEIVKEVS-AYIKKVGYN-VEK-VRFVPISGWQGDNMIEKSEKMPWYK------------GPTLLEALDMLEPPVRPSDKPLRLPLQDVYKIGGIGTVPVGRVETGVMKPGDVVT

 

0 10 104

One reason is because insertions are more common on the surface of proteins
than in the hydrophobic core.

1 Most probabilistic models of insertion/deletion use a spatially uniform rate
TKF91 and TKF92 models have an insertion rate λ and deletion rate µ
The “ long indel model” also assumes that indel rates do not vary spatially.

2 However, the biological reality seems to be better approximated by
assuming that proteins are divided into regions with different indel rates.

SAPF model (Satija, et al, 2008) divides the sequence into regions, which
alternate between 2 rates.
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Indel Hotspots: Why do we care?

Problem: If we assume 1 indel rate when there are actually 2 indel rates, then

Indel rates in hot-spots are under-estimated → indel weight over-estimated
Indel rates in cold-spots are over-estimated → indel weight under-estimated

Often most indels occur in hotspots → most indel weights are overestimated!

Use of indel information is unavoidable when averaging over near-optimal
alignments.

Goal: Therefore, we wish to remove doubts about the use of indel information.

Additional benefits: Many other properties also vary spatially:

Equilibrium frequencies: hydrophobic versus hydrophilic residues
Substitution rates are also faster at the protein surface
Idea: detect cold-spots based on hydrophobicity as well as lack of indels.
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Alignment Ambiguity

Bayesian, Parsimony, and Maximum Likelihood methods rely on alignments
Residues in the same column have the same common ancestor
But residue homology and gaps are estimated, not observed

Alignment ambiguity is a major problem in phylogenetic inference

Ambiguous alignments are easily affected by
alignment method / program parameters: gap and mismatch costs

Halorubrum ------GUAGGCGGCCAAAGCGG-CAGGGAAAGACCCGUACCCAUUCCGAACACGGA-AGUGAAGCCUGCCAGCGUAC-CAGCUA-GUACUGGAGUGGGAGACCCUCUGGGAGCGCU-GGUUCGCCGCCUACUC----

Candida ------GGUUGCGGCCAUAUCUA-GCAGAAAGCACCGUUCCCCGU-UCGAUCAACCGUAGUUAAGCUGCUAAGAGC-AAUACCGA-GUAGUGUAGUGGGAGACCAUACGCGAAACUA--UUGUGCUGCAAUCU-----

Drosophila ------GCCAACGACCAUACCAC-GCUGAAUACAUCGGUUCUCGU-CCGAUCACCGA-AAUUAAGCAGCGUCGGG--CGCGGUUA-GUACUUAGAUGGGGGACCGCUUGGGAACACC--GCGUGUUGUUGGCCU----

Euglena ------GAGUACGGCCAUACUAC-CGGGAAUACACCUGAACCCGU-UCGAUUUCAGA-AGUUAAGCCGGGUUAGG--CCCAGUUA-GUACUG-AGUGGGCGACCACUUGGGAACACU--GGGUGCUGUACGCUU----

Homo ------GUCUACGGCCAUACCAC-CCUGAACGCGCCCGAUCUCGU-CUGAUCUCGGA-AGCUAAGCAGGGUCGGG--CCUGGUUA-GUACUUGGAUGGGAGACCGCCUGGGAAUACC--GGGUGCUGUAGGCUUU---

Caenorhabditis ------GCUUACGACCAUAUCAC-GUUGAAUGCACGCCAUCCCGU-CCGAUCUGGCA-AGUUAAGCAACGUUGAG--UCCAGUUA-GUACUUGGAUCGGAGACGGCCUGGGAAUCCU--GGAUGUUGUAAGCU-----

Dictyostelium ------GUAUACGGCCAUACUAG-GUUGGAAACACAUCAUCCCGU-UCGAUCUGAUA-AGUAAAUCGACCUCAGG--CCUUCCAA-GUACUCUGGUUGGAGACAACAGGGGAACAUA--GGGUGCUGUAUACU-----

Cryptosporidium ------GCAAUCGGCCAUACUAC-AUCGAAUAUACCGGAUCCCAU-CAGAACUCCGA-AGUCAAGC-GGUGUAAGG-UUCGGUUA-GUACUAGGGUGGGGGACCACCUGGGAAGACCA-GAAUGUCGAUCGCCUC---

Nosema -------GAUACGGUUAUAUUUA-CUGAAAACCACCGGAACCCAU-CAGAACUCCGA-AGUUAAACCAGUAUGAG--CUUAAUUA-GUACUAAGAAGGGAGACCACUUGGGAACGUU--GGGUGGUA-----------

Zea ------GGAUGCGAUCAUACCAG-CACUAAAGCACCGGAUCCCAU-CAGAACUCCGA-AGUUAAGCGUGCUUGGG--CGAGAGUA-GUACUAGGAUGGGUGACCUCCUGGGAAGUCC--UCGUGUUGCAUUCC-----

Methanospirillum ----UCAAUAGCGGCCACAGCAG-GUGUGUCACACCCGUUCCCAUUCCGAACACGGA-AGUUAAGACACCUCACGUGG-AUGACG-GUACUGAGGUACGCGAGUCCUCGGGAAAUCA-UCCUCGCUGCUAUUGUU---

Nanoarchaeum GUUUCGUGGGAGGGCCAUAGCGGCCCGGGAACCACCCGUACCCAUCUCGAACACGGA-AGUUAAGCCGGGCCGCGUCCCGAGUG--GUACU--GCCCCGCGAAGGGGUGGGAAGCUCG-GGAUGCCC-----------

Thermoplasma ----GGCAAC--GGUCAUAGCAG-CAGGGAAACACCAGAUCCCAUUCCGAACUCGAC-GGUUAAGCCUGCU-GCGUAUUGCGUU--GUACUGUAUGCCGCGAGGGUACGGGAAGCGCA-AUAUGCUGUUACCACU---

Methanococcus ---UGACAUAACGGUCAAAGCGG-AGGUGUAACAUCCGAUCCCAUCCCGAUCUCGGA-AAUUAAGCCCUCCAGCGAUUCUUUAA--GUACU-------GCUAUCUAGUGGGAACAAAG-UGACGCCGUUAGUCAC---

Thermococcus ----GGUACGGCGGUCAUAGCGG-CGGGGUCACACCCGGUCUCGUUUCGACCCCGGA-AGUUAAGCCCGCCAGCGAUCCCGGUU--GUACUGCCCUCCGGGAGGGGGCGGGAACCGG--GGACGCCGCCGGCCAC---

Pyrobaculum -GCCCCUAACCCGGCCAUAGGCGCCGGUGAUACGCCCGGUCUCAU-CAGAACCCGGA-AGCUAAGGCCGGCGCCGCGCUCGGGA--GUACUGGGCUCCGCGAGGGCCCGGGAAACCG--GCGUGCUGGGAGGGGGCUU

Sulfolobus ----GCCCACCCGGUCACAGUGA-GCGGGCAACACCCGGACUCAUUUCGAACCCGGA-AGUUAAGCC-GCUCACG-UUAGUGGG--GCCGUGGAUACCGUGAGGAUCCGCAGCCCCA--CUAAGCUGGGAUGGGUUUU

Methanothermobacter ------GUUGGCGGUCAUGGCGU-GGGGUUUAUACCUGAUCUCGUUUCGAUCUCAGU-AGUUAAGUCCUGCUGCGUUG-UGGGUGUGUACUGCGGUUUUUUGCUG--UGGGAAGCCC-ACUUCACUGCCAGACAA---

Bacillus ------UUUGGUGAUGAUGGCAG-AGAGGUCACACCCGUUCCCAUACCGAACACGGA-AGUUAAGCUCUCUAGCG----CCGAUG-GUAGUUGGGACCUUGUC--CCUGUGAGAGUA--GGACGUCGCCAAGC-----

Flavobacterium ------UAAGGUGGUUAUUGCGG-CGGGGCUCGACCUCUUCCCAUCCCGAACAGAGU-AGUUAAGCCCGCCUGCG----CAGAUG-GUACUGCAGU-------UAUGUGGGAGAGUA--UGUCGUCGCCUUUC-----

Campylobacter --AUGUCCG--UGAUUAUACAGA-UGUGGAAACGCCUUGCUCCAUCCCGAACCAAGA-AGCUAAGCACAUCGUGG----GUGAUG-AUACUACGCCUUACUGGCA-GGGGGAAAGUA--GCUCAU-UGCGGACUU---

Agrobacterium ---CGACCUGGUGGUCAUCGCGG-GGCGGCUGCACCCGUUCCCUUUCCGAACACGGC-CGUGAAACGCCCCAGCG----CCAAUG-GUACUUCGUCUCAAGAC---GCGGGAGAGUA--GGUCGCUGCCAGGUCU---

Escherichia ---UGCCUG-GCGGCCGUAGCGC-GGUGGUCCCACCUGACCCCAUGCCGAACUCAGA-AGUGAAACGCCGUAGCG----CCGAUG-GUAGUGUGG--GGUCUCCCCAUGCGAGAGUA--GGGAACUGCCAGGCAU---

Thermotoga --AUCCCCGGGUGCCGAUACUGGGGCGGGAAACACCCGGUUCCAUUCCGAACCCGGC-CGUUAAGC-CGCCCUGGG---CCGAUG-GUAGUAUGG-GGGCAGCCCCAUGCGAGAGUA--GGUAGCGCCCGGGGAU---

Thermus --AAUCCCCCGUGCCCAUAGCGG-CGUGGAACCACCCGUUCCCAUUCCGAACACGGA-AGUGAAACGCGCCAGCG----CCGAUG-GUACUG-GGCGGGCGACCGCCUGGGAGAGUA--GGUCGGUGCGGGGGAU---

 

Clustal W alignment
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Alignment Ambiguity

Bayesian, Parsimony, and Maximum Likelihood methods rely on alignments
Residues in the same column have the same common ancestor
But residue homology and gaps are estimated, not observed

Alignment ambiguity is a major problem in phylogenetic inference

Ambiguous alignments are easily affected by
alignment method / program parameters: gap and mismatch costs

Halorubrum ------GUAGGCGGCCAAAGCGG-CAGGGAAAGACCCGUACCCAUUCCGAACACGGAAGUGAAGCCUGCCAGCGUACCAGCUA-GUACUGGAGUGGGAGACCCUCUGGGAGCGCUGGUUCGCCGCCUACUC----

Candida ------GGUUGCGGCCAUAUCUA-GCAGAAAGCACCGUUCCCCGUUCGAUCAACCGUAGUUAAGCUGCUAAGAGCAAUACCGA-GUAGUGUAGUGGGAGACCAUACGCGAAACUA-UUGUGCUGCAAUCU-----

Drosophila ------GCCAACGACCAUACCAC-GCUGAAUACAUCGGUUCUCGU-CCGAUCACCGAAAUUAAGCAGCGUCGGG-CGCGGUUA-GUACUUAGAUGGGGGACCGCUUGGGAACACC-GCGUGUUGUUGGCCU----

Euglena ------GAGUACGGCCAUACUAC-CGGGAAUACACCUGAACCCGU-UCGAUUUCAGAAGUUAAGCCGGGUUAGG-CCCAGUUA-GUACUG-AGUGGGCGACCACUUGGGAACACU-GGGUGCUGUACGCUU----

Homo ------GUCUACGGCCAUACCAC-CCUGAACGCGCCCGAUCUCGU-CUGAUCUCGGAAGCUAAGCAGGGUCGGG-CCUGGUUA-GUACUUGGAUGGGAGACCGCCUGGGAAUACC-GGGUGCUGUAGGCUUU---

Caenorhabditis ------GCUUACGACCAUAUCAC-GUUGAAUGCACGCCAUCCCGU-CCGAUCUGGCAAGUUAAGCAACGUUGAG-UCCAGUUA-GUACUUGGAUCGGAGACGGCCUGGGAAUCCU-GGAUGUUGUAAGCU-----

Dictyostelium ------GUAUACGGCCAUACUAG-GUUGGAAACACAUCAUCCCGU-UCGAUCUGAUAAGUAAAUCGACCUCAGG-CCUUCCAA-GUACUCUGGUUGGAGACAACAGGGGAACAUA-GGGUGCUGUAUACU-----

Cryptosporidium ------GCAAUCGGCCAUACUAC-AUCGAAUAUACCGGAUCCCAU-CAGAACUCCGAAGUCAAGCGGUGUAAGG-UUCGGUUA-GUACUAGGGUGGGGGACCACCUGGGAAGACCAGAAUGUCGAUCGCCUC---

Nosema -------GAUACGGUUAUAUUUA-CUGAAAACCACCGGAACCCAU-CAGAACUCCGAAGUUAAACCAGUAUGAG-CUUAAUUA-GUACUAAGAAGGGAGACCACUUGGGAACGUU-GGGUGGUA-----------

Zea ------GGAUGCGAUCAUACCAG-CACUAAAGCACCGGAUCCCAU-CAGAACUCCGAAGUUAAGCGUGCUUGGG-CGAGAGUA-GUACUAGGAUGGGUGACCUCCUGGGAAGUCC-UCGUGUUGCAUUCC-----

Methanospirillum ----UCAAUAGCGGCCACAGCAG-GUGUGUCACACCCGUUCCCAUUCCGAACACGGAAGUUAAGACACCUCACGUGGAUGACG-GUACUGAGGUACGCGAGUCCUCGGGAAAUCAUCCUCGCUGCUAUUGUU---

Nanoarchaeum GUUUCGUGGGAGGGCCAUAGCGGCCCGGGAACCACCCGUACCCAUCUCGAACACGGAAGUUAAGCCGGGCCGCGUCCCGAGUG-GUACU--GCCCCGCGAAGGGGUGGGAAGCUCGGGAUGCCC-----------

Thermoplasma ------GGCAACGGUCAUAGCAG-CAGGGAAACACCAGAUCCCAUUCCGAACUCGACGGUUAAGCCUGCU-GCGUAUUGCGUU-GUACUGUAUGCCGCGAGGGUACGGGAAGCGCAAUAUGCUGUUACCACU---

Methanococcus ---UGACAUAACGGUCAAAGCGG-AGGUGUAACAUCCGAUCCCAUCCCGAUCUCGGAAAUUAAGCCCUCCAGCGAUUCUUUAA-GUACU-------GCUAUCUAGUGGGAACAAAGUGACGCCGUUAGUCAC---

Thermococcus ----GGUACGGCGGUCAUAGCGG-CGGGGUCACACCCGGUCUCGUUUCGACCCCGGAAGUUAAGCCCGCCAGCGAUCCCGGUU-GUACUGCCCUCCGGGAGGGGGCGGGAACCGG-GGACGCCGCCGGCCAC---

Pyrobaculum -GCCCCUAACCCGGCCAUAGGCGCCGGUGAUACGCCCGGUCUCAU-CAGAACCCGGAAGCUAAGGCCGGCGCCGCGCUCGGGA-GUACUGGGCUCCGCGAGGGCCCGGGAAACCG-GCGUGCUGGGAGGGGGCUU

Sulfolobus ----GCCCACCCGGUCACAGUGA-GCGGGCAACACCCGGACUCAUUUCGAACCCGGAAGUUAAGCC-GCUCACG-UUAGUGGG-GCCGUGGAUACCGUGAGGAUCCGCAGCCCCA-CUAAGCUGGGAUGGGUUUU

Methanothermobacter ------GUUGGCGGUCAUGGCGU-GGGGUUUAUACCUGAUCUCGUUUCGAUCUCAGUAGUUAAGUCCUGCUGCGUUGUGGGUGUGUACUGCGGUUUUUUGCUG--UGGGAAGCCCACUUCACUGCCAGACAA---

Bacillus ------UUUGGUGAUGAUGGCAG-AGAGGUCACACCCGUUCCCAUACCGAACACGGAAGUUAAGCUCUCUAGCG---CCGAUG-GUAGUUGGGACCUUGUCCCUGUGAGAGUA---GGACGUCGCCAAGC-----

Flavobacterium ------UAAGGUGGUUAUUGCGG-CGGGGCUCGACCUCUUCCCAUCCCGAACAGAGUAGUUAAGCCCGCCUGCG---CAGAUG-GUACUGCAGU-------UAUGUGGGAGAGUA-UGUCGUCGCCUUUC-----

Campylobacter ----AUGUCCGUGAUUAUACAGA-UGUGGAAACGCCUUGCUCCAUCCCGAACCAAGAAGCUAAGCACAUCGUGG---GUGAUG-AUACUACGCCUUACUGGCA-GGGGGAAAGUA-GCUCAUUGCGGACUU----

Agrobacterium ---CGACCUGGUGGUCAUCGCGG-GGCGGCUGCACCCGUUCCCUUUCCGAACACGGCCGUGAAACGCCCCAGCG---CCAAUG-GUACUUCGUCUCAAGAC---GCGGGAGAGUA-GGUCGCUGCCAGGUCU---

Escherichia ----UGCCUGGCGGCCGUAGCGC-GGUGGUCCCACCUGACCCCAUGCCGAACUCAGAAGUGAAACGCCGUAGCG---CCGAUG-GUAGUGUGG--GGUCUCCCCAUGCGAGAGUA-GGGAACUGCCAGGCAU---

Thermotoga --AUCCCCGGGUGCCGAUACUGGGGCGGGAAACACCCGGUUCCAUUCCGAACCCGGCCGUUAAGCCGCCCUGGG---CCGAUG-GUAGUAUGG-GGGCAGCCCCAUGCGAGAGUA-GGUAGCGCCCGGGGAU---

Thermus --AAUCCCCCGUGCCCAUAGCGG-CGUGGAACCACCCGUUCCCAUUCCGAACACGGAAGUGAAACGCGCCAGCG---CCGAUG-GUACUG-GGCGGGCGACCGCCUGGGAGAGUA-GGUCGGUGCGGGGGAU---

 

Muscle alignment
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Alignment Ambiguity

Bayesian, Parsimony, and Maximum Likelihood methods rely on alignments
Residues in the same column have the same common ancestor
But residue homology and gaps are estimated, not observed

Alignment ambiguity is a major problem in phylogenetic inference

Ambiguous alignments are easily affected by
alignment method / program parameters: gap and mismatch costs

Halorubrum GU--A---------GGCGGCCAAAG-CGGCA-GGGAAAGACCCGUACCCAUUCCGAACA-CGGAAGUGAAGCCUGCCAGCGUACCAGCU-A-GUACUGGAGUGGGAGACC-CU-CUGGGAGC-G-CUGGUUCGCCGCC----UACUC

Candida GG--U---------UGCGGCCAUAU-CUAGC-AGAAAGCACCGUUCCCCGU-UCGAUCAACCGUAGUUAAGCUGCUAAGAGCAAUACCG-A-GUAGUGUAGUGGGAGACC-AU-ACGCGAAA-C-UA-UUGUGCUGCA---A--UCU

Drosophila GC--C---------AACGACCAUAC-CACGC-UGAAUACAUCGGUUCUCGU-CCGAUCA-CCGAAAUUAAGCAGCGUCGGGCG-CGGUU-A-GUACUUAGAUGGGGGACC-GC-UUGGGAAC-A-CC-GCGUGUUGUU---G-GCCU

Euglena GA--G---------UACGGCCAUAC-UACCG-GGAAUACACCUGAACCCGU-UCGAUUU-CAGAAGUUAAGCCGGGUUAGGCC-CAGUU-A-GUACUGAG-UGGGCGACC-AC-UUGGGAAC-A-CU-GGGUGCUGUA---C-GCUU

Homo GU--C---------UACGGCCAUAC-CACCC-UGAACGCGCCCGAUCUCGU-CUGAUCU-CGGAAGCUAAGCAGGGUCGGGCC-UGGUU-A-GUACUUGGAUGGGAGACC-GC-CUGGGAAU-A-CC-GGGUGCUGUA---GGCUUU

Caenorhabditis GC--U---------UACGACCAUAU-CACGU-UGAAUGCACGCCAUCCCGU-CCGAUCU-GGCAAGUUAAGCAACGUUGAGUC-CAGUU-A-GUACUUGGAUCGGAGACG-GC-CUGGGAAU-C-CU-GGAUGUUGUA---A--GCU

Dictyostelium GU--A---------UACGGCCAUAC-UAGGU-UGGAAACACAUCAUCCCGU-UCGAUCU-GAUAAGUAAAUCGACCUCAGGCC-UUCCA-A-GUACUCUGGUUGGAGACA-AC-AGGGGAAC-A-UA-GGGUGCUGUA---U--ACU

Cryptosporidium GC--A---------AUCGGCCAUAC-UACAU-CGAAUAUACCGGAUCCCAU-CAGAACU-CCGAAGUCAAGCGGUGUAAGGUU-CGGUU-A-GUACUAGGGUGGGGGACC-AC-CUGGGAAG-ACCA-GAAUGUCGAU---CGCCUC

Nosema GA------------UACGGUUAUAU-UUACU-GAAAACCACCGGAACCCAU-CAGAACU-CCGAAGUUAAACCAGUAUGAGCU-UAAUU-A-GUACUAAGAAGGGAGACC-AC-UUGGGAAC-G-UU-GGGU---------G--GUA

Zea GG--A---------UGCGAUCAUAC-CAGCA-CUAAAGCACCGGAUCCCAU-CAGAACU-CCGAAGUUAAGCGUGCUUGGGCG-AGAGU-A-GUACUAGGAUGGGUGACC-UC-CUGGGAAG-U-CC-UCGUGUUGCA---U--UCC

Methanospirillum UC--A-A---U---AGCGGCCACAG-CAGGU-GUGUCACACCCGUUCCCAUUCCGAACA-CGGAAGUUAAGACACCUCACGUGGAUGAC-G-GUACUGAGGUACGCGAGU-CC-UCGGGAAA-U-CAUCCUCGCUGCU---AUUGUU

Nanoarchaeum GU--U-UC--GUGGGAGGGCCAUAG-CGGCCCGGGAACCACCCGUACCCAUCUCGAACA-CGGAAGUUAAGCCGGGCCGCGUCCCGAGU-G-GUACUGCCCC--GCGAAG-GG-GUGGGAAGCU-C---------GGG---AUGCCC

Thermoplasma GG--C-A--------ACGGUCAUAG-CAGCA-GGGAAACACCAGAUCCCAUUCCGAACU-CGACGGUUAAGCCU-GCUGCGUAUUGCGU-U-GUACUGUAUGCCGCGAGG-GU-ACGGGAAGCG-CA-AUAUGCUGUU---ACCACU

Methanococcus UG--ACA---U---AACGGUCAAAG-CGGAG-GUGUAACAUCCGAUCCCAUCCCGAUCU-CGGAAAUUAAGCCCUCCAGCGAUUCUUUA-A-GUACUGCU-------AUC-UA-GUGGGAAC-A-AAGUGACGCCGUU---AGUCAC

Thermococcus GG--U-A---C---GGCGGUCAUAG-CGGCG-GGGUCACACCCGGUCUCGUUUCGACCC-CGGAAGUUAAGCCCGCCAGCGAUCCCGGU-U-GUACUGCCCUCCGGGAGG-GG-GCGGGAAC-C-GG-GGACGCCGCC---GGCCAC

Pyrobaculum GC--C-CCUAA---CCCGGCCAUAGGCGCCG-GUGAUACGCCCGGUCUCAU-CAGAACC-CGGAAGCUAAGGCCGGCGCCGCGCUCGGG-A-GUACUGGGCUCCGCGAGG-GC-CCGGGAAA-C-CG-GCGUGCUGGGAGGGGGCUU

Sulfolobus GC--C-C---A---CCCGGUCACAG-UGAGC-GGGCAACACCCGGACUCAUUUCGAACC-CGGAAGUUAAGCCG-CUCACGU--UAGUG-GGGCCGUGGAUACCGUGAGG-AU-CCGCAGCC-C-CA-CUAAGCUGGGAUGGGUUUU

Methanothermobacter GU--U-G--------GCGGUCAUGG-CGUGG-GGUUUAUACCUGAUCUCGUUUCGAUCU-CAGUAGUUAAGUCCUGCUGCGUUGUGGGUGU-GUACUGCGGUUUU--UUG-CU-GUGGGAAGCC-CA-CUUCACUGCC---AGACAA

Bacillus UU--U---------GGUGAUGAUGG-CAGAG-AGGUCACACCCGUUCCCAUACCGAACA-CGGAAGUUAAGCUCUCUAGCGC--C-GAU-G-GUAGUUGGGAC--CUUGU-CC-CUGUGAGA-G-UA-GGACGUCGCC---A--AGC

Flavobacterium UA--A---------GGUGGUUAUUG-CGGCG-GGGCUCGACCUCUUCCCAUCCCGAACA-GAGUAGUUAAGCCCGCCUGCGC--A-GAU-G-GUACUGCAGU-------U-AU-GUGGGAGA-G-UA-UGUCGUCGCC-----UUUC

Campylobacter AU--G-U---C---CGUGAUUAUAC-AGAUG-UGGAAACGCCUUGCUCCAUCCCGAACC-AAGAAGCUAAGCACAUCGUGGG--U-GAU-G-AUACUACGCC---UUACUGGCAGGGGGAAA-G-UA-GCUCAUUGCG----GACUU

Agrobacterium CG--A-CC--U---GGUGGUCAUCG-CGGGG-CGGCUGCACCCGUUCCCUUUCCGAACA-CGGCCGUGAAACGCCCCAGCGC--C-AAU-G-GUACUUCGUCU--CAA-G-AC-GCGGGAGA-G-UA-GGUCGCUGCC---AGGUCU

Escherichia UGCCU---------GGCGGCCGUAG-CGCGG-UGGUCCCACCUGACCCCAUGCCGAACU-CAGAAGUGAAACGCCGUAGCGC--C-GAU-G-GUAGUGUGGGG--UCUCC-CC-AUGCGAGA-G-UA-GGGAACUGCC---AGGCAU

Thermotoga AU--C-CC--C-G-GGUGCCGAUAC-UGGGGCGGGAAACACCCGGUUCCAUUCCGAACC-CGGCCGUUAAGCCGCCCUGGGC--C-GAU-G-GUAGUAUGGGG-GCAGCC-CC-AUGCGAGA-G-UA-GGUAGCGCCC---GGGGAU

Thermus AA--U-CC--C-C-CGUGCCCAUAG-CGGCG-UGGAACCACCCGUUCCCAUUCCGAACA-CGGAAGUGAAACGCGCCAGCGC--C-GAU-G-GUACUGGGCGG-GCGACC-GC-CUGGGAGA-G-UA-GGUCGGUGCG---GGGGAU

 

Probcons alignment
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Alignment Ambiguity

Bayesian, Parsimony, and Maximum Likelihood methods rely on alignments
Residues in the same column have the same common ancestor
But residue homology and gaps are estimated, not observed

Alignment ambiguity is a major problem in phylogenetic inference

Ambiguous alignments are easily affected by
alignment method / program parameters: gap and mismatch costs

Halorubrum ----G-----U--A--G------G--CGGCCAAA-GCGG-CAG-GGAAAGACCCGUACCCAUUCCGAAC-ACGGAAGUGAAGCCUGCCAGCGUACCAGCUA-GUACUGGA-GUGGGAGACCC-U--CUGGGA----GCGCU-GGUUCGCCG-CCU---AC-UC-

Candida ----G-----G--U--U------G--CGGCCAUA-UCUA-GCA-GAAAGCACCGUUCCCCGUUC-GAUCAACCGUAGUUAAGCUGCUAAGAGCAAUACCGA-GUAGUGUA-GUGGGAGACCA-U--ACGCGA----AACUA-UUGU-GCUG-CAA---UC-U--

Drosophila ----G-----C--C--A------A--CGACCAUA-CCAC-GCU-GAAUACAUCGGUUCUCGUCC-GAUC-ACCGAAAUUAAGCAGCGUCGGGC-GCGGUUA-GUACUUAG-AUGGGGGACCG-C--UUGGGA----ACACC-GCGU-GUUG-UUG---GC-CU-

Euglena ----G-----A--G--U------A--CGGCCAUA-CUAC-CGG-GAAUACACCUGAACCCGUUC-GAUU-UCAGAAGUUAAGCCGGGUUAGGC-CCAGUUA-GUACUG-A-GUGGGCGACCA-C--UUGGGA----ACACU-GGGU-GCUG-UAC---GC-UU-

Homo ----G-----U--C--U------A--CGGCCAUA-CCAC-CCU-GAACGCGCCCGAUCUCGUCU-GAUC-UCGGAAGCUAAGCAGGGUCGGGC-CUGGUUA-GUACUUGG-AUGGGAGACCG-C--CUGGGA----AUACC-GGGU-GCUG-UAG---GCUUU-

Caenorhabditis ----G-----C--U--U------A--CGACCAUA-UCAC-GUU-GAAUGCACGCCAUCCCGUCC-GAUC-UGGCAAGUUAAGCAACGUUGAGU-CCAGUUA-GUACUUGG-AUCGGAGACGG-C--CUGGGA----AUCCU-GGAU-GUUG-UAA---GC-U--

Dictyostelium ----G-----U--A--U------A--CGGCCAUA-CUAG-GUU-GGAAACACAUCAUCCCGUUC-GAUC-UGAUAAGUAAAUCGACCUCAGGC-CUUCCAA-GUACUCUG-GUUGGAGACAA-C--AGGGGA----ACAUA-GGGU-GCUG-UAU---AC-U--

Cryptosporidium ----G-----C--A--A------U--CGGCCAUA-CUAC-AUC-GAAUAUACCGGAUCCCAUCA-GAAC-UCCGAAGUCAAGCGGUGUAAGGU-UCGGUUA-GUACUAGG-GUGGGGGACCA-C--CUGGGA----AGACCAGAAU-GUCG-AUC---GC-CUC

Nosema ----------G--A--U------A--CGGUUAUA-UUUA-CUG-AAAACCACCGGAACCCAUCA-GAAC-UCCGAAGUUAAACCAGUAUGAGC-UUAAUUA-GUACUAAG-AAGGGAGACCA-C--UUGGGA----ACGUU-GGGU-GGU------------A-

Zea ----G-----G--A--U------G--CGAUCAUA-CCAG-CAC-UAAAGCACCGGAUCCCAUCA-GAAC-UCCGAAGUUAAGCGUGCUUGGGC-GAGAGUA-GUACUAGG-AUGGGUGACCU-C--CUGGGA----AGUCC-UCGU-GUUG-CAU---UC-C--

Methanospirillum ----U---CAA--U--A------G--CGGCCACA-GCAG-GUG-UGUCACACCCGUUCCCAUUCCGAAC-ACGGAAGUUAAGACACCUCACGUGGAUGACG-GUACUGAG-GUACGCGAGUC-C--UCGGGA----AAUCA-UCCUCGCUGCUAU---UG-UU-

Nanoarchaeum ----G-----U--U--UCGUGGGA--GGGCCAUA-GCGGCCCG-GGAACCACCCGUACCCAUCUCGAAC-ACGGAAGUUAAGCCGGGCCGCGUCCCGAGUG-GUACUGC---CCCGCGAAGG-G--GUGGGA----AGCUC-GGGAUGCC------------C-

Thermoplasma ----G-----G--C--A------A--CGGUCAUA-GCAG-CAG-GGAAACACCAGAUCCCAUUCCGAAC-UCGACGGUUAAG-CCUGCUGCGUAUUGCGUU-GUACUGUA-UGCCGCGAGGG-U--ACGGGA----AGCGC-AAUAUGCUGUUAC---CA-CU-

Methanococcus U---G-----A--C--AU----AA--CGGUCAAA-GCGG-AGG-UGUAACAUCCGAUCCCAUCCCGAUC-UCGGAAAUUAAGCCCUCCAGCGAUUCUUUAA-GUACUGCU-AUCU--------A--GUGGGA----ACAAA-GUGACGCCGUUAG---UC-AC-

Thermococcus ----G-----G--U--AC----GG--CGGUCAUA-GCGG-CGG-GGUCACACCCGGUCUCGUUUCGACC-CCGGAAGUUAAGCCCGCCAGCGAUCCCGGUU-GUACUGCC-CUCCGGGAGGG-G--GCGGGA----A-CCG-GGGACGCCGCCGG---CC-AC-

Pyrobaculum ----GCCC--C--U--A------ACCCGGCCAUAGGCGC-CGG-UGAUACGCCCGGUCUCAUCA-GAAC-CCGGAAGCUAAGGCCGGCGCCGCGCUCGGGA-GUACUGGG-CUCCGCGAGGG-C--CCGGGA----AA-CC-GGCGUGCUGGGAGGGGGC-UU-

Sulfolobus ----G-----C--C--C------ACCCGGUCACA-GUGA-GCG-GGCAACACCCGGACUCAUUUCGAAC-CCGGAAGUUAAGCCGCUCACGUUAGUGGGGC-CG--UGGA-UACCGUGAGGA-U--CC-GCA----GCCCC-ACUAAGCUGGGAUGGGUU-UU-

Methanothermobacter ----G-----U--U--G------G--CGGUCAUG-GCGU-GGG-GUUUAUACCUGAUCUCGUUUCGAUC-UCAGUAGUUAAGUCCUGCUGCGUUGUGGGUGUGUACUGCG-GUU----UUUU-GCUGUGGGA----AGCCC-ACUUCACUGCCAG---AC-AA-

Bacillus ----U-----U--U--G------G--UGAUGAUG-GCAG-AGA-GGUCACACCCGUUCCCAUACCGAAC-ACGGAAGUUAAGCUCUCUAGCG---CCGAUG-GUAGUUGG-GAC----CUUG-UCCCUGUGAGAGUAG------GACGUCGCCAA---GC----

Flavobacterium ----U-----A--A--G------G--UGGUUAUU-GCGG-CGG-GGCUCGACCUCUUCCCAUCCCGAAC-AGAGUAGUUAAGCCCGCCUGCG---CAGAUG-GUACUGCA-GUU----A------UGUGGGAGAGUAU------GUCGUCGCCUU---UC----

Campylobacter --AUG-----U--C--C------G--UGAUUAUA-CAGA-UGU-GGAAACGCCUUGCUCCAUCCCGAAC-CAAGAAGCUAAGCACAUCGUGG---GUGAUG-AUACUACGCCUU----ACUG-GCAGGGGGAAAGUAG------CUCAUUGCG-G---AC-UU-

Agrobacterium -C--G-----ACCU--G------G--UGGUCAUC-GCGG-GGC-GGCUGCACCCGUUCCCUUUCCGAAC-ACGGCCGUGAAACGCCCCAGCG---CCAAUG-GUACUUCG--UC----UCAA-GACGCGGGAGAGUAG------GUCGCUGCCAG---GU-CU-

Escherichia ----U-----GCCU--G------G--CGGCCGUA-GCGC-GGU-GGUCCCACCUGACCCCAUGCCGAAC-UCAGAAGUGAAACGCCGUAGCG---CCGAUG-GUAGUGUG-GGG----UCUC-CCCAUGCGAGAGUAG------GGAACUGCCAG---GC-AU-

Thermotoga ----A-----UCCCCGG------G--UGCCGAUA-CUGG-GGCGGGAAACACCCGGUUCCAUUCCGAAC-CCGGCCGUUAAGCCGCCCUGGG---CCGAUG-GUAGUAUG-GGG----GCAGCCCCAUGCGAGAGUAG------GUAGCGCCCGG---GG-AU-

Thermus ----A-----AUCCCCC------G--UGCCCAUA-GCGG-CGU-GGAACCACCCGUUCCCAUUCCGAAC-ACGGAAGUGAAACGCGCCAGCG---CCGAUG-GUACUGGG-CGG----GCGACCGCCUGGGAGAGUAG------GUCGGUGCGGG---GG-AU-

 

BAli-Phy alignment (GTR + log-Normal8 | RS07)
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Sequential Estimation Pipeline

Current methods reconstruct phylogeny in two stages:

Multiple Sequence
Alignment

Bayesian
Max. Likelihood
Max. Parsimony

ClustalW
ProbCons

Molecular
Sequence Data

guide tree

gap costs

gap costs
mismatch costsDirectly Observed Inferred Property

1 2
mismatch costs

Inferred Property

Problem #1a: guide tree is used to resolve alignment ambiguity

alignment uncertainty =⇒ bias toward the guide tree

Problem #1b: alignment needed for tree estimate, and vice versa

sequence data → TA
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Inferred Property

Problem #1a: guide tree is used to resolve alignment ambiguity

alignment uncertainty =⇒ bias toward the guide tree

Problem #1b: alignment needed for tree estimate, and vice versa

sequence data → TATg0
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Sequential Estimation Pipeline

Current methods reconstruct phylogeny in two stages:

Multiple Sequence
Alignment

Bayesian
Max. Likelihood
Max. Parsimony

ClustalW
ProbCons

Molecular
Sequence Data

guide tree

gap costs

gap costs
mismatch costsDirectly Observed Inferred Property

1 2
mismatch costs

Inferred Property

Problem #1a: guide tree is used to resolve alignment ambiguity

alignment uncertainty =⇒ bias toward the guide tree

Problem #1b: alignment needed for tree estimate, and vice versa

sequence data → Tg0 TA TA ?
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Sequential Estimation Pipeline

Current methods reconstruct phylogeny in two stages:

Multiple Sequence
Alignment

Bayesian
Max. Likelihood
Max. Parsimony

ClustalW
ProbCons

Molecular
Sequence Data

guide tree

gap costs

gap costs
mismatch costsDirectly Observed Inferred Property

1 2
mismatch costs

Inferred Property

Problem #1a: guide tree is used to resolve alignment ambiguity

alignment uncertainty =⇒ bias toward the guide tree

Problem #1b: alignment needed for tree estimate, and vice versa

sequence data → TA =⇒ chicken/egg problem
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Sequential Estimation Pipeline (2)

Current methods reconstruct phylogeny in two stages:

Bayesian
Max. Likelihood
Max. Parsimony

ClustalW
ProbCons

Molecular
Sequence Data

guide tree

gap costs

gap costs
mismatch costsDirectly Observed Inferred Property

1 2
mismatch costs

Inferred Property

Problem #2: assumes complete certainty in a single alignment estimate

alignment uncertainty is ignored =⇒ exaggerated confidence in tree
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Sequential Estimation Pipeline (2)

Current methods reconstruct phylogeny in two stages:

Bayesian
Max. Likelihood
Max. Parsimony

ClustalW
ProbCons

Molecular
Sequence Data

guide tree

gap costs

gap costs
mismatch costsDirectly Observed Inferred Property

1 2
mismatch costs

Inferred Property

Problem #2: assumes complete certainty in a single alignment estimate

alignment uncertainty is ignored =⇒ exaggerated confidence in tree
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Joint Bayesian Estimation: A Solution

Solution:
1 Joint estimation of A and T :

sequence data → (A,T ) ⇐ no chicken/egg problem
no guide tree ⇐ no bias toward guide tree

2 Weighted Sum over all alignments:
consider near-optimal alignments ⇐ no exaggerated confidence
alignments naturally weighted by posterior probability
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Joint Bayesian Estimation: A Solution

Solution:
1 Joint estimation of A and T :

sequence data → (A,T ) ⇐ no chicken/egg problem
no guide tree ⇐ no bias toward guide tree

2 Weighted Sum over all alignments:
consider near-optimal alignments ⇐ no exaggerated confidence
alignments naturally weighted by posterior probability

Joint Probability Model

Need a joint probability function Pr(A,T ) to weight alignments.
Need a stochastic model of the insertion/deletion process.

Benjamin Redelings () Modeling indel hot-spots when inferring alignments July 3, 2008 8 / 35



Practical Benefits

Better alignments
High-quality substitution models with rate heterogeneity during alignment
High-quality indel model allows us to penalize indels, not gaps

Ambiguous regions are OK → deeper divergences can be analyzed
Retain more phylogenetically informative characters.

No “cleaning” required → just throw in your sequences!
Replaces subjective and ad hoc “visual inspection” method.

Avoids bias by suming over near-optimal alignments avoids
The “best” alignment is atypical - has fewer gaps, more mismatches.
Summing over alignments yields unbiased indel rates and branch lengths.

Improve power by using information in shared indels to infer phylogeny
“Rare Genomic Changes” such as indels can help infer deep divergences
When indel rates are high, indel information can improve shallow
phylogenies.
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Joint Probabilistic Model: Expression

Y –data (τ,T )–tree A–alignment Θ–subst. params Λ–indel params

Current models implicitly condition on the alignment:

P(Y , τ,T ,Θ|A) = P(Y |A, τ,T ,Θ)× P(τ,T )× P(Θ)

However, a joint model explicitly includes the alignment:

P(Y ,A, τ,T ,Θ,Λ) = P(Y |A, τ,T ,Θ)× P(A|τ,T ,Λ)× P(τ,T )

×P(Θ)× P(Λ)

Likelihood: P(Y |A, τ,T ,Θ) — given by the substitution model.
Gap Prior: P(A|τ,T ,Λ) — given by the indel model.
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Alignments on Trees (part I)

1 We augment the alignment (A) by including unobserved sequences at
internal nodes of the tree (τ,T ) – Holmes and Bruno (2001).

O
b

se
rv

ed
D

at
a

M
is

si
n

g
D

at
a

Y M(A) f
Y1 = (A, T, T, A)
Y2 = (A, T, T, G)
Y3 = (T, C, C, G)
Y4 = (T, C, C)
Y5 = (⋆, ⋆, ⋆)
Y6 = (⋆, ⋆, ⋆, ⋆)

1 2 − 3 4
1 2 − 3 4
− 1 2 3 4
− 1 2 3 −
− 1 2 3 −
1 2 − 3 4

A T − T A
A T − T G
− T C C G
− T C C −
− ⋆ ⋆ ⋆ −
⋆ ⋆ − ⋆ ⋆

Y6

Y2

Y5

Y3

Y4

Y1

Alignment
Sites (columns)
HomologousSequences Evolutionary Tree

2 We separate the indel process from the substitution process, and the
alignment from the aligned data matrix:

A character cannot be deleted and re-inserted:
A column cannot contain: ?→ −→ ?
We do not include ’−’ as a letter in the alphabet.
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Alignments on Trees (part II)

Augmented alignments locate indels on the tree:

On which branch is the indel?

1 AT--TC
2 AT--TG
3 ATCTTG
4 ATTTGG

ATCTTGAT--TC

AT--TG ATTTGG

********--**

The multiple alignment A = (A(1),A(2), . . . ,A(B))

A is made up of pairwise alignments on
each branch
Pairwise alignment distribution is based on
a pair-HMM:
{A(i)} must agree on lengths of shared
sequences

A(5)

A(3)

A(4)

A(1)

A(2)

4

1

2

3
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Gap Model: Insertion/Deletion probabilities

RS07 Pairwise alignment distribution on each branch of the tree:

Pair HMM model with 2 parameters:
λ is the indel rate indel probability δ ≈ λ× t
ε determines average indel length

Affine gap penalty ≈ [log λt] + L× [log ε]
separates gap opening from gap extension (different penalties)
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Estimation method: MCMC

No guide tree → No progressive alignment!

Markov chain Monte Carlo (MCMC) for Sampling/Estimation:

Specially constructed random walk on (A, τ,T ,Θ,Λ, µ)

Equilibrium distribution is P(A, τ,T ,Θ,Λ, µ|Y )

Algorithm: Markov chain Monte Carlo (MCMC)

Start from random tree and alignment
Propose new trees: NNI + SPR
Propose new alignments:

1 Fix pairwise alignments on most branches
2 Resample pairwise alignment on one branch
3 Use dynamic programming with random

traceback to re-align the two sub-alignments.
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Idea: columns labels (F+S)

Extend the alignment: assign each column a label S (slow) or F (fast).

The form of the alignment A changes from

+ − − − − +
+ − − − − +
+ + − − + +
+ + + + + +

→
S − − − − S
S − − − − S
S F − − F S
S F F F F S

S−−−−S

S−−−−S

SF−−FS

SFFFFS

S−−−−S SF−−FS

For now, we do not allow rate changes S → F or F → S over time.
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A simple auto-regressive model is not enough...

Felsenstein & Churchill (1996) model spatial structure in substitution rates

The rate in each column depends on the rate in the previous column.
A Markov chain is placed on substitution rate in each column.

However, in alignments with gaps, the “previous” column is not well-defined:

+ − − + + +
+ − − + + +
+ + + − − +
+ + + − − +
1 2 3 4 5 6

1

2 3

6

4 5

The columns in this alignment are only partially ordered:

Columns (2,3) and (4,5) could be re-ordered so that (4,5) is before (2,3)
It is unrealistic for the rate in column 4 to depend on the rate in column 3.
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Model: Alignments on the tree

We now follow Holmes (2003) in choosing a root (ancestor) node

A45

A4614A

A13

A12

6
1

2

3

root

5

4

Pr(A) = Pr(A1)×
Pr(A12|A1)× Pr(A13|A1)× Pr(A14|A1)×
Pr(A45|A4)× Pr(A46|A4)

We compute these conditional probabilities with probabilistic transducers.
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Probabilistic Transducers

Probabilistic transducers have the same structure as pair-HMMs, but are
normalized differently.

1. Pair HMMs yield a probability distribution Q(x , y) on two sequences x and y∑
x,y

Q(x , y) = 1. Pr(X ,Y ) = Q(X ,Y )

2. Transducers yield a probability measure Q(x , y) on two sequences x and y∑
x,y

Q(x , y) = 1. Pr(Y |X ) = Q(X ,Y )

x is the input sequence.
y is the output sequence.

It is no longer the case that out-going edge probabilities sum to 1.
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Transducers: Example

Consider a transducer with states +
+

, +
− , −

+
, S, and E.

A sequence of states can represent a pairwise alignment:

S + + + −
+ − + +

E

Probability is:

Pr(S → +
+

)Pr( +
+
→ +
− )Pr( +

− → +
+

)Pr( +
+
→ −

+
)Pr( −

+
→ E )

What does Pr
(

+
+
→ +
−

)
mean?

Given that the previous letter in was not deleted in the descendent...
... and given that there is another letter in the ancestor...
... there are no insertions in the descendent between the two letters...
... and the second letter is deleted in the descendent.
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+

, +
− , −

+
, S, and E.

A sequence of states can represent a pairwise alignment:

S + + + −
+ − + +

E

Probability is:

Pr(S → +
+

)Pr( +
+
→ +
− )Pr( +

− → +
+

)Pr( +
+
→ −

+
)Pr( −

+
→ E )

What does Pr
(

+
+
→ +
−

)
mean?

Given that the previous letter in was not deleted in the descendent...

... and given that there is another letter in the ancestor...

... there are no insertions in the descendent between the two letters...

... and the second letter is deleted in the descendent.
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Transducers: Normalization

The next state in the ancestor could be either + or E.

We are conditioning on these options, so...
Each option must have a total probability of 1.0.

If we ignore insertions, then putting a weight of 1.0 on + gives:

Pr
(

X → +
−

)
+ Pr

(
X → +

+

)
= 1.

If we ignore insertions, then putting a weight of 1.0 on E gives:

Pr (X → E ) = 1.

Therefore, the sum of transition probabilities from X may be more than 1.

Issue: An insertion F[insertion]S should depend on both left and right types
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Model - F/S Transducer

Next ancestral letter may be be F, S or E (no letter):

D
S

S
M

W
S

W
S

D

F
W

M
F

D
F

W
D

F

I
S

S
I’

I’
F

I
F

E

S
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Model: Stochastic process for spatially clustered indels?

D
S

S
M

W
S

W
S

D

F
W

M
F

D
F

W
D

F

I
S

S
I’

I’
F

I
F

E

S

The transducer above may not represent a stochastic process:

What stochastic process realistically depicts indel hot-spots/cold-spots?
Can we find a reversible model? With a useable equilibrium distribution?
Should we assume that child-insertions occur only on the right (or left)?
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Resampling branch alignments with column F/S labels

Transition kernel HB01a:
Sample the (pairwise) alignment between two sequences connected by a branch.

Column labels add complexity to this transition kernel:
1 Fixed column labels inhibit resampling: we cannot align an F to an S.
2 “Unfixed” column labels introduce dependencies between distant branches.
3 Branch alignments are no longer independent, conditional on internal node

sequence lengths.

S−−−−S

S−−−−S

SF−−FS

SFFFFS

S−−−−S SF−−FS

Insertions on the fixed branches (black) give information about column labels.
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Idea: Gibbs sample column labels

Consider the following alignment on the tree with branches 1→ 2 and 1→ 3:

1 + − − − − +
2 + + + − − +
3 + − − + + +

1 2 3 4 5 6

A1 = σ → 1→ 6→ ε

A12 =
1 − − 6
1 2 3 6

A13 =
1 − − 6
1 4 5 6

3

1

2

Pr(A) =
∑

1,2,3,4,5,6

Pr(A1)× Pr(A12|A1)× Pr(A13|A1).
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Idea: Gibbs sample column labels

Consider the following alignment on the tree with branches 1→ 2 and 1→ 3:

1 + − − − − +
2 + + + − − +
3 + − − + + +

1 2 3 4 5 6

1

2 3

6

4 5

S E

Pr(A) =
∑

1,2,3,4,5,6

T (σ → 1)T (1→ 6)T (6→ ε)×

Q(S → M1)Q(M1 → I26)Q(I26 → I36)Q(I36 → M6)Q(M6 → E )×
Q(S → M1)Q(M1 → I46)Q(I46 → I56)Q(I56 → M6)Q(M6 → E ).
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Idea: Gibbs sample column labels

Consider the following alignment on the tree with branches 1→ 2 and 1→ 3:

1 + − − − − +
2 + + + − − +
3 + − − + + +

1 2 3 4 5 6

1

2 3

6

4 5

S E

Pr(A) =
∑
1,6

T (σ → 1)Q(S → M1)
2 ×[∑

3

[∑
2

[Q(M1 → I26)]126 Q(I26 → I36)

]
136

Q(I36 → M6)

]
16

×[∑
5

[∑
4

[Q(M1 → I46)]146 Q(I46 → I56)

]
156

Q(I56 → M6)

]
16

×

×Q(M6 → E )2T (1→ 6)T (6→ ε)
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Idea: Gibbs sample column labels

Consider the following alignment on the tree with branches 1→ 2→ 3:

1 − − + − − − − − + − −
2 − + + − + − + − + + −
3 + − + + + + − + + − +

1 2 3 4 5 6 7 8 9 10 11

1

2

3

4

5

6

7

8

9

10

11

S E

1 Each insertion has the structure prev⇒i → j → k⇒next
2 Insertions may be nested: 3⇒4⇒5 and 5⇒6⇒7 are nested within

3⇒5→ 7⇒9.
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Idea: Gibbs sample column labels

Consider the following alignment on the tree with branches 1→ 2→ 3:

1 − − + − − − − − + − −
2 − + + − + − + − + + −
3 + − + + + + − + + − +

1 2 3 4 5 6 7 8 9 10 11

1

2

3

4

5

6

7

8

9

10

11

S E

Forward summation to compute probability of insertion prev⇒i → j → k⇒next
1 We sum over the values of the middle indices.
2 The probability is conditional on the values of prev and next at each end.
3 Process nested insertions first: parent sums depend on child sums.
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Idea: Gibbs sample column labels

Consider the following alignment on the tree with branches 1→ 2→ 3:

1 − − + − − − − − + − −
2 − + + − + − + − + + −
3 + − + + + + − + + − +

1 2 3 4 5 6 7 8 9 10 11

1

2

3

4

5

6

7

8

9

10

11

S E

Backward sampling to compute probability of insertion [prev⇒i → j → k⇒next]
1 We sample rates conditional on the values of prev and next at each end.
2 Process nested insertions last: children depend on parents.
3 We sample rates for each middle index, going backwards from the end.
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Algorithms

Creating the Graph
1 For each column c

1 For each active branch b in the column
1 What is the previous column p?
2 If state(p, b) = I and state(c, b) = I then extend the current insertion p → c
3 If state(p, b) 6= I and state(c, b) = I then start a new insertion p⇒c
4 If state(p, b) = I and state(c, b) 6= I then end the insertion p⇒c

Forward algorithm: O(N × L× R4)

better than eRN × L for using an evo-HMM
we can do lookbacks, and so we don’t need eRN states to

Backward algorithm: O(N × L× R).

Implement the algorithms... not done.
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Future Work

1 Resample pairwise alignments + labels.
2 Compare to algorithms which hold column labels constant (Rajul)

1 Less constrained mixing, but slower per iteration?

3 Stochastic process model? (Anybody have ideas?)
4 Decrease number of states in the transducer (Mealy machines vs Moore

machines?)
5 Effects of prior on estimated rates and representation of each category?

Finally...
1 Joint sampling of alignment + phylogeny + column labels!
2 Does the weight of evidence for shared indels in hotspots decrease?
3 How does the alignment of hotspots change?
4 Does this result in inferring different trees?
5 Can we couple the indel and substitution process through column labels?
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The End

Questions?



Alignment Sampling

Transition kernels from Holmes & Bruno (2001):

+/−
?

New transition kernels:

+/−
?

+/−
? +/−

?
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O(L2) sampling from 3-taxon tree

Sampling from a 3-star tree improves mixing:

Removes a bad intermediate:
Allows us to unalign/realign
But its O(L3)! Too expensive...

Solution:

We constrain the “shadow” of the path,
yielding a 2D slice
Dynamic Programming changes from
O(L3)→ O(L2)

Enables convergence starting from arbitrary trees & alignments.
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Abstract:
Many common probabilistic models of the insertion-deletion process assume
that insertions and deletions occur at a rate that is uniform throughout a gene.
In protein coding genes, however, indel rates are often elevated in certain
regions of the DNA sequence, such as those coding for amino acids that are
exposed to solvent in the protein’s 3-dimensional structure. Additionally, some
viral genes, such as the HIV env gene, may contain indel hotspots as a result of
selection for immune escape. The ability to consider spatially varying indel rates
is an important biological feature for statistical models to capture. This is
because the local indel rate affects both the number of indels that are inferred
and the strength of evidence for common ancestry for each shared indel. When
indels are clustered in a relatively small fraction of the protein, the unrealistic
assumption of a uniform indel rate will lead to an underestimation of the local
indel rate for most indels and will therefore lead to an exaggeration of the indel
evidence for common ancestry. We therefore seek a model and an inference
algorithm that can safely utilize the phylogenetic information in indel events
because it is correctly weighted relative to the information in substitution
events. At this initial stage, however, we propose to estimate only the indel
rates for each column in a fixed alignment.
We consider models of indel rate heterogeneity that allow pooling of local indel
events in order to infer spatially local indel rates. We note that inference under
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such models is more complex than inference under models of even
autoregressive models of substitution rate heterogeneity because a simple
autoregressive model cannot be used. We therefore rely on the recently
developed probabilistic transducer framework to construct the desired models.
We assume that the indel rate in each column is a constant, and augment the
alignment with this information. We additionally assume a fixed alignment that
includes homology information for internal node sequences on a fixed tree. In
this framework we seek to design an MCMC transition kernel that can directly
sample the indel rates for all alignment columns from the full conditional
distribution in about O(N*L*R3) time, where N is the number of sequences, L
is the length of the alignments, and R is the number of possible indel rates. We
will initially focus on models in which R=2, and therefore there are only two
rates: fast and slow. We also hope to sample the parameters of the indel model
including the relative rates of indels in each of the rate class. We anticipate that
the prior on the mixture of indel rates may strongly influence the estimates of
those rates, and therefore we hope to be able to investigate the effect of the
prior on the estimated differences in indel rate between mixture components.
-BenRI
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