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All models are wrong, but some are useful.
[George E.P. Box, 1976]
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Sequence data are 
rapidly accumulating… 
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Data…

Sequence data are 
rapidly accumulating… 

…and organized into protein families:  
• common evolutionary origin (homologs)
• conserved biological structure / 

function 
• diverged sequences (20-30% seq ID)
• available as multiple-sequence alignments

➡ opportunity for data-driven approaches



-LNQFADDLAHELRTPVNILLGKNQVMLS-QERSAEEYQQALVDNIEELEGLSRLTENILFLARAEH- 
ALGELTAGIAHEINNPTAVILGNTELIRFLGADASRV-EEEIDAILLQIERIRNITRSLLQYSRQG-- 
SQRQFVTNASHELKTPIAIISANTEVLEI----TMGK-NQWTETILKQVKRLSGLVNDMVALAKLEE- 
---AFVSNASHELRTPVTSIKGFAETIKG-MSAEEEAKDDFLDIIYKESLRLEHIVEHLLTLSKAQ-- 
-VGQLTGGIAHDFNNMLTGVIGSLDLIKLS----GRLVERFMDAALISAQRAASLTDRLLAFSRRQS- 
---RMTHQVSHEVGNMIGIITGSLGLLERETGFNDRQ-KRHIARIRKAADRGRSLASSMLTIGS---- 
ALGEMLDHIAHQWKQPINSISLIAQDMADYGELTDGDVQTTIDKIMSLLEHMSQTVDVFRGFYR---- 
-VGRLAGGVAHDFNNLLSVINGYCEMLAA-QVSDRPQALREVSEIHRAGLRAAGLTRQLLAFGRRQ-- 
SLGELAAGVAHEINNPNAVILLNVDLVKKWSEMSEEL-PLLLTEMEEGAGRIKRIVDDLKDFARGD-- 
-MGEFAAYIAHEINQPLSAIMTNANAGTRNEPSNIPEAKEALARIIRDSDRAAEIIRMVRSFLKRQ-- 
--GQLAGGIAHDFNNILQIISGNTQILQYQTNPDPP----QLLEILKAVERGTALTRSMLAFSRKQT- 
--GQLTGGIAHDFNNLLQVILGNLEFVRAKLDGDAK-LQTRIERAAWAAQRGATLTGQLLAFARKQ-- 
AKTDFLSNMSHEIRTPLNAILGFIQVLKD-AEMKPKD-REYLELMDESSKNLLSLVNDIIEIDLIESG 
--GREVLHLVHDLKTPLATIEGLVSLMET-RWPDPKM-QEYCQTIYGSITSMSKMVSEILY------- 
-RARLLADVAHELRTPVATLTGYLEAVEDVRPLDAST----IAVLRDQAVRLTRLAQDLADVTHAEGG 
SMKRMLTNMSHDLKTPLTVILGYIETIQSDPNMPDEERERLLGKLRQKTNELIQMINSFFDLAKLES- 
AKSEFLANMSHELRTPLNAIIGFSEMIQAFGPLGSDRYEEYINDIHTSGNFLLNVINDILDMSKIEAG 
-MQRFIADATHQLRTPLAAIDAEVELLTD-QTRDPKA----LDKLRGRIADLARLASQLLDHAM---- 
-RKKAVHTITHELRTPLTAITGYAGLIRK-EQCEDKS-GQYIQNILQSSDRMRDMLNTLLDFFRLDNG 
-REEFMNMTSHELMNPLSAAVQAAHTMISLHDDNSKSNIEIAKIILACGEHQQKLVEDARMMSKLD-- 
-KSRYVVGLSHELRSPLNAISGYAQLLEQDTSLAPKP-RDQVRVVRRSADHLSGLIDGILDISKIEAG 
----AFSYMRHAINNPLSGMLYSRKALKN-TDLNEEQ-MRQIHVSDNCHHQLNKILADL--------- 
-QENFIDMTSHEMRNPLSAILQCSDEITST------LCLEAANTIALCASHQKRIVDDILTFSKLDS- 
SQRTLTNAIAHDLRQPLYRIRFALEMFND-SLLSIEQRQQYRQSIENSLRDLDHLINQSLQLSRYT-- 
--KLLLLSLSHDIKTPLSAIKLNAKALSRLYKDAEKQ-REAAEHINARADEIENFVSRITKASSE--- 
--HAFIADAAHELRTPLTALKLQLQLTER---ATSDVREVGFVKLNERLDRSIHLVKQLLTLARSES- 
-QKNFISNASHELNTPLTSIIVTADLALS-KQRTDEEYRTALSRIMDAAGHLE--------------- 
-RGALLTSISHDLRTPLASILGATSSLESGEELDENARKELLSTIHDEADRLNRFVANLLDMTRLEAG 
-KSEFLANMSHELRTPLNGVIGFTRLTLK-TELTPTQ-RDHLNTIERSANNLLAIINDVLDFSKLEAG 
AKSEFLANMSHDIRTPMNAITGMTAIATA-HIDDPKQVKNCLRKIALSSRHLLGLINDVLDMSKIESG 
-LSQFSADLAHDFRTPLANLIGQTEVTLA-HPRSAEEYRAVLESSLEEYARLSRMIEDMLFLARADH- 
SKSMFLATVSHELRTPLYGIIGNLDLLQT-KELPKGV-DRLVTAMNNSSSLLLKIISDILDFSKIES- 
AKTAFLATLSHEIRTPMNGVLGTAQILLK-TPLSTEQ-EKHLKSLYDSGDHMMTLLNEILDFSKIEQG 
SKKQLIDGIAHELRTPLVRLRYRLEMSEN---LTPPE----SQALNRDIGQLEALIEELLTYARLDR- 
-KTQFFINTAHDIRTPLTLIKAPLEELLEEETLTDNG-ITRTNIALRNVEVLLRLVSNLINFERT--- 
---VFIDNMTHEMKTPLTSIIGFSDLLRS-ARLDDETVHDYAESIYKEGKYLKSISSKLMDL------ 

…

Looking for information in :

multiple-sequence alignment

• 50-500 positions 
sequence length

• 103-105 homologous 
sequences



Inference of statistical sequence models

From data to statistical models

Data – MSA

…

Attention: 
Data insufficient to do this without modeling

P (A) = P (A1, ..., AL)
<latexit sha1_base64="cVIeYxgdVkv2DLfK7kU4aLkO05A=">AAACCHicbVC7SgNBFL3rM8bXqo1g4WAQEgjLro1phAQbC4sVzAOSsMxOJsmQ2Qczs0IMKW38FRsLRWz9BDvBj3E2SaGJBwYO55zLnXv8mDOpbPvLWFpeWV1bz2xkN7e2d3bNvf2ajBJBaJVEPBINH0vKWUiriilOG7GgOPA5rfuDy9Sv31EhWRTeqmFM2wHuhazLCFZa8sxjN9+KdCCdR5UCukBuvuI5RcuyihXvuuCZOduyJ0CLxJmRXPnw/hs0XM/8bHUikgQ0VIRjKZuOHav2CAvFCKfjbCuRNMZkgHu0qWmIAyrbo8khY3SqlQ7qRkK/UKGJ+ntihAMph4GvkwFWfTnvpeJ/XjNR3VJ7xMI4UTQk00XdhCMVobQV1GGCEsWHmmAimP4rIn0sMFG6u6wuwZk/eZHUzixH8xvdRgmmyMARnEAeHDiHMlyBC1Ug8ABP8AKvxqPxbLwZ79PokjGbOYA/MD5+ALCHmAA=</latexit><latexit sha1_base64="2kP1X/9mBDhLCSvjsGkacNEXASk=">AAACCHicbVDLSsNAFJ34bOsr6kZw4WARWighcWM3QqsbFy4i2Ae0IUymk3bo5MHMRKih4MaNv+JGRBG3foI7wY9x+lho64GBwznncuceL2ZUSNP80hYWl5ZXVjPZ3Nr6xuaWvr1TF1HCManhiEW86SFBGA1JTVLJSDPmBAUeIw2vfz7yGzeECxqF13IQEydA3ZD6FCOpJFc/sAvtSAVG87BahKfQLlRdq2QYRqnqXhZdPW8a5hhwnlhTkq/s3X5n757PbFf/bHcinAQklJghIVqWGUsnRVxSzMgw104EiRHuoy5pKRqigAgnHR8yhEdK6UA/4uqFEo7V3xMpCoQYBJ5KBkj2xKw3Ev/zWon0y05KwziRJMSTRX7CoIzgqBXYoZxgyQaKIMyp+ivEPcQRlqq7nCrBmj15ntSPDUvxK9VGGUyQAfvgEBSABU5ABVwAG9QABvfgEbyAV+1Be9LetPdJdEGbzuyCP9A+fgCt85l9</latexit><latexit sha1_base64="2kP1X/9mBDhLCSvjsGkacNEXASk=">AAACCHicbVDLSsNAFJ34bOsr6kZw4WARWighcWM3QqsbFy4i2Ae0IUymk3bo5MHMRKih4MaNv+JGRBG3foI7wY9x+lho64GBwznncuceL2ZUSNP80hYWl5ZXVjPZ3Nr6xuaWvr1TF1HCManhiEW86SFBGA1JTVLJSDPmBAUeIw2vfz7yGzeECxqF13IQEydA3ZD6FCOpJFc/sAvtSAVG87BahKfQLlRdq2QYRqnqXhZdPW8a5hhwnlhTkq/s3X5n757PbFf/bHcinAQklJghIVqWGUsnRVxSzMgw104EiRHuoy5pKRqigAgnHR8yhEdK6UA/4uqFEo7V3xMpCoQYBJ5KBkj2xKw3Ev/zWon0y05KwziRJMSTRX7CoIzgqBXYoZxgyQaKIMyp+ivEPcQRlqq7nCrBmj15ntSPDUvxK9VGGUyQAfvgEBSABU5ABVwAG9QABvfgEbyAV+1Be9LetPdJdEGbzuyCP9A+fgCt85l9</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="vTen0kj5IYw+cs1wOQrRtqUo+NY=">AAAB/XicbZDLSsNAFIZPvNZaNbp14WARWighcaMbweLGhYsI9gJtCJPppB06uTAzEUro0o2v4saFIr6GO9/GSduFtv4w8PGfczhz/iDlTCrb/jbW1jc2t7ZLO+Xdyt7+gXlYacskE4S2SMIT0Q2wpJzFtKWY4rSbCoqjgNNOML4p6p1HKiRL4gc1SakX4WHMQkaw0pZvnri1fqIbinnUrKMr5NaavtOwLKvR9O/qvlm1LXsmtArOAqqwkOubX/1BQrKIxopwLGXPsVPl5VgoRjidlvuZpCkmYzykPY0xjqj08tkhU3SmnQEKE6FfrNDM/T2R40jKSRTozgirkVyuFeZ/tV6mwksvZ3GaKRqT+aIw40glqEgFDZigRPGJBkwE039FZIQFJkpnV9YhOMsnr0L73HI039tQgmM4hRo4cAHXcAsutIDAE7zAG7wbz8ar8TGPa81Y5HYEf2R8/gD5gpTt</latexit><latexit sha1_base64="vTen0kj5IYw+cs1wOQrRtqUo+NY=">AAAB/XicbZDLSsNAFIZPvNZaNbp14WARWighcaMbweLGhYsI9gJtCJPppB06uTAzEUro0o2v4saFIr6GO9/GSduFtv4w8PGfczhz/iDlTCrb/jbW1jc2t7ZLO+Xdyt7+gXlYacskE4S2SMIT0Q2wpJzFtKWY4rSbCoqjgNNOML4p6p1HKiRL4gc1SakX4WHMQkaw0pZvnri1fqIbinnUrKMr5NaavtOwLKvR9O/qvlm1LXsmtArOAqqwkOubX/1BQrKIxopwLGXPsVPl5VgoRjidlvuZpCkmYzykPY0xjqj08tkhU3SmnQEKE6FfrNDM/T2R40jKSRTozgirkVyuFeZ/tV6mwksvZ3GaKRqT+aIw40glqEgFDZigRPGJBkwE039FZIQFJkpnV9YhOMsnr0L73HI039tQgmM4hRo4cAHXcAsutIDAE7zAG7wbz8ar8TGPa81Y5HYEf2R8/gD5gpTt</latexit><latexit sha1_base64="ZLNvs8LSmprCAja5MMW9uWG4Mfw=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhahhRISN3YjtLhx4SKCfUAbwmQ6aYdOMmFmIpTSpRt/xY0LRdz6Ce78GydtFtp6YOBwzrncuSdIGJXKtr+Nwtr6xuZWcbu0s7u3f2AeHrUlTwUmLcwZF90AScJoTFqKKka6iSAoChjpBOPrzO88ECEpj+/VJCFehIYxDSlGSku+eepW+lwHsnnYrMIr6FaavlOzLKvW9G+rvlm2LXsOuEqcnJRBDtc3v/oDjtOIxAozJGXPsRPlTZFQFDMyK/VTSRKEx2hIeprGKCLSm84PmcFzrQxgyIV+sYJz9ffEFEVSTqJAJyOkRnLZy8T/vF6qwro3pXGSKhLjxaIwZVBxmLUCB1QQrNhEE4QF1X+FeIQEwkp3V9IlOMsnr5L2heVofmeXG/W8jiI4AWegAhxwCRrgBrigBTB4BM/gFbwZT8aL8W58LKIFI585Bn9gfP4Aa4GWUg==</latexit><latexit sha1_base64="ZLNvs8LSmprCAja5MMW9uWG4Mfw=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhahhRISN3YjtLhx4SKCfUAbwmQ6aYdOMmFmIpTSpRt/xY0LRdz6Ce78GydtFtp6YOBwzrncuSdIGJXKtr+Nwtr6xuZWcbu0s7u3f2AeHrUlTwUmLcwZF90AScJoTFqKKka6iSAoChjpBOPrzO88ECEpj+/VJCFehIYxDSlGSku+eepW+lwHsnnYrMIr6FaavlOzLKvW9G+rvlm2LXsOuEqcnJRBDtc3v/oDjtOIxAozJGXPsRPlTZFQFDMyK/VTSRKEx2hIeprGKCLSm84PmcFzrQxgyIV+sYJz9ffEFEVSTqJAJyOkRnLZy8T/vF6qwro3pXGSKhLjxaIwZVBxmLUCB1QQrNhEE4QF1X+FeIQEwkp3V9IlOMsnr5L2heVofmeXG/W8jiI4AWegAhxwCRrgBrigBTB4BM/gFbwZT8aL8W58LKIFI585Bn9gfP4Aa4GWUg==</latexit><latexit sha1_base64="2kP1X/9mBDhLCSvjsGkacNEXASk=">AAACCHicbVDLSsNAFJ34bOsr6kZw4WARWighcWM3QqsbFy4i2Ae0IUymk3bo5MHMRKih4MaNv+JGRBG3foI7wY9x+lho64GBwznncuceL2ZUSNP80hYWl5ZXVjPZ3Nr6xuaWvr1TF1HCManhiEW86SFBGA1JTVLJSDPmBAUeIw2vfz7yGzeECxqF13IQEydA3ZD6FCOpJFc/sAvtSAVG87BahKfQLlRdq2QYRqnqXhZdPW8a5hhwnlhTkq/s3X5n757PbFf/bHcinAQklJghIVqWGUsnRVxSzMgw104EiRHuoy5pKRqigAgnHR8yhEdK6UA/4uqFEo7V3xMpCoQYBJ5KBkj2xKw3Ev/zWon0y05KwziRJMSTRX7CoIzgqBXYoZxgyQaKIMyp+ivEPcQRlqq7nCrBmj15ntSPDUvxK9VGGUyQAfvgEBSABU5ABVwAG9QABvfgEbyAV+1Be9LetPdJdEGbzuyCP9A+fgCt85l9</latexit><latexit sha1_base64="2kP1X/9mBDhLCSvjsGkacNEXASk=">AAACCHicbVDLSsNAFJ34bOsr6kZw4WARWighcWM3QqsbFy4i2Ae0IUymk3bo5MHMRKih4MaNv+JGRBG3foI7wY9x+lho64GBwznncuceL2ZUSNP80hYWl5ZXVjPZ3Nr6xuaWvr1TF1HCManhiEW86SFBGA1JTVLJSDPmBAUeIw2vfz7yGzeECxqF13IQEydA3ZD6FCOpJFc/sAvtSAVG87BahKfQLlRdq2QYRqnqXhZdPW8a5hhwnlhTkq/s3X5n757PbFf/bHcinAQklJghIVqWGUsnRVxSzMgw104EiRHuoy5pKRqigAgnHR8yhEdK6UA/4uqFEo7V3xMpCoQYBJ5KBkj2xKw3Ev/zWon0y05KwziRJMSTRX7CoIzgqBXYoZxgyQaKIMyp+ivEPcQRlqq7nCrBmj15ntSPDUvxK9VGGUyQAfvgEBSABU5ABVwAG9QABvfgEbyAV+1Be9LetPdJdEGbzuyCP9A+fgCt85l9</latexit><latexit sha1_base64="2kP1X/9mBDhLCSvjsGkacNEXASk=">AAACCHicbVDLSsNAFJ34bOsr6kZw4WARWighcWM3QqsbFy4i2Ae0IUymk3bo5MHMRKih4MaNv+JGRBG3foI7wY9x+lho64GBwznncuceL2ZUSNP80hYWl5ZXVjPZ3Nr6xuaWvr1TF1HCManhiEW86SFBGA1JTVLJSDPmBAUeIw2vfz7yGzeECxqF13IQEydA3ZD6FCOpJFc/sAvtSAVG87BahKfQLlRdq2QYRqnqXhZdPW8a5hhwnlhTkq/s3X5n757PbFf/bHcinAQklJghIVqWGUsnRVxSzMgw104EiRHuoy5pKRqigAgnHR8yhEdK6UA/4uqFEo7V3xMpCoQYBJ5KBkj2xKw3Ev/zWon0y05KwziRJMSTRX7CoIzgqBXYoZxgyQaKIMyp+ivEPcQRlqq7nCrBmj15ntSPDUvxK9VGGUyQAfvgEBSABU5ABVwAG9QABvfgEbyAV+1Be9LetPdJdEGbzuyCP9A+fgCt85l9</latexit><latexit sha1_base64="2kP1X/9mBDhLCSvjsGkacNEXASk=">AAACCHicbVDLSsNAFJ34bOsr6kZw4WARWighcWM3QqsbFy4i2Ae0IUymk3bo5MHMRKih4MaNv+JGRBG3foI7wY9x+lho64GBwznncuceL2ZUSNP80hYWl5ZXVjPZ3Nr6xuaWvr1TF1HCManhiEW86SFBGA1JTVLJSDPmBAUeIw2vfz7yGzeECxqF13IQEydA3ZD6FCOpJFc/sAvtSAVG87BahKfQLlRdq2QYRqnqXhZdPW8a5hhwnlhTkq/s3X5n757PbFf/bHcinAQklJghIVqWGUsnRVxSzMgw104EiRHuoy5pKRqigAgnHR8yhEdK6UA/4uqFEo7V3xMpCoQYBJ5KBkj2xKw3Ev/zWon0y05KwziRJMSTRX7CoIzgqBXYoZxgyQaKIMyp+ivEPcQRlqq7nCrBmj15ntSPDUvxK9VGGUyQAfvgEBSABU5ABVwAG9QABvfgEbyAV+1Be9LetPdJdEGbzuyCP9A+fgCt85l9</latexit><latexit sha1_base64="ZLNvs8LSmprCAja5MMW9uWG4Mfw=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhahhRISN3YjtLhx4SKCfUAbwmQ6aYdOMmFmIpTSpRt/xY0LRdz6Ce78GydtFtp6YOBwzrncuSdIGJXKtr+Nwtr6xuZWcbu0s7u3f2AeHrUlTwUmLcwZF90AScJoTFqKKka6iSAoChjpBOPrzO88ECEpj+/VJCFehIYxDSlGSku+eepW+lwHsnnYrMIr6FaavlOzLKvW9G+rvlm2LXsOuEqcnJRBDtc3v/oDjtOIxAozJGXPsRPlTZFQFDMyK/VTSRKEx2hIeprGKCLSm84PmcFzrQxgyIV+sYJz9ffEFEVSTqJAJyOkRnLZy8T/vF6qwro3pXGSKhLjxaIwZVBxmLUCB1QQrNhEE4QF1X+FeIQEwkp3V9IlOMsnr5L2heVofmeXG/W8jiI4AWegAhxwCRrgBrigBTB4BM/gFbwZT8aL8W58LKIFI585Bn9gfP4Aa4GWUg==</latexit>

{Aµ}µ=1...M
<latexit sha1_base64="vLXfksP9gyoF0uy8TfL1cI+uy3k=">AAACDHicbVC7TsMwFL0pr1JeBcYuFhUSU5Sw0AWpwMKCVCT6kJpQOa7TWnXiyHaQqqgfwMKvsDCAECsfwMZv8AU4LQO0HMny0bnnXvueIOFMacf5tApLyyura8X10sbm1vZOeXevpUQqCW0SwYXsBFhRzmLa1Exz2kkkxVHAaTsYXeT19h2Vion4Ro8T6kd4ELOQEayN1CtXvQx5wjjyAejs1otS5E16WX6fIte27auJcTm2MwVaJO4PqdYrX+dg0OiVP7y+IGlEY004VqrrOon2Myw1I5xOSl6qaILJCA9o19AYR1T52XSZCTo0Sh+FQpoTazRVf3dkOFJqHAXGGWE9VPO1XPyv1k11WPMzFieppjGZPRSmHGmB8mRQn0lKNB8bgolk5q+IDLHERJv8SiYEd37lRdI6tl3Dr00aNZihCBU4gCNw4QTqcAkNaAKBe3iEZ3ixHqwn69V6m1kL1k/PPvyB9f4NXgmbUQ==</latexit><latexit sha1_base64="LUleozNAKiAS8U8dWBYbk7H8PyU=">AAACDHicbVDLSgMxFM3UR2vro+qym2ARXA0zbuxGqLpxI1SwD+jUkkkzbWgmGZKMUIb5AEH8FTcuFHHrB7jzN1y7MNN2odULIYdzzr3JPX7EqNKO82HllpZXVvOFtWJpfWNzq7y901Iilpg0sWBCdnykCKOcNDXVjHQiSVDoM9L2x2eZ3r4hUlHBr/QkIr0QDTkNKEbaUP1y1UugJ4wjGwBPrr0whl7aT7L7GLq2bV+kxuXYzrTgX+DOQbVe+TzNl+6+Gv3yuzcQOA4J15ghpbquE+legqSmmJG06MWKRAiP0ZB0DeQoJKqXTJdJ4b5hBjAQ0hyu4ZT92ZGgUKlJ6BtniPRILWoZ+Z/WjXVQ6yWUR7EmHM8eCmIGtYBZMnBAJcGaTQxAWFLzV4hHSCKsTX5FE4K7uPJf0Dq0XYMvTRo1MKsCqIA9cABccATq4Bw0QBNgcAsewBN4tu6tR+vFep1Zc9a8Zxf8KuvtG4EAnOs=</latexit><latexit sha1_base64="LUleozNAKiAS8U8dWBYbk7H8PyU=">AAACDHicbVDLSgMxFM3UR2vro+qym2ARXA0zbuxGqLpxI1SwD+jUkkkzbWgmGZKMUIb5AEH8FTcuFHHrB7jzN1y7MNN2odULIYdzzr3JPX7EqNKO82HllpZXVvOFtWJpfWNzq7y901Iilpg0sWBCdnykCKOcNDXVjHQiSVDoM9L2x2eZ3r4hUlHBr/QkIr0QDTkNKEbaUP1y1UugJ4wjGwBPrr0whl7aT7L7GLq2bV+kxuXYzrTgX+DOQbVe+TzNl+6+Gv3yuzcQOA4J15ghpbquE+legqSmmJG06MWKRAiP0ZB0DeQoJKqXTJdJ4b5hBjAQ0hyu4ZT92ZGgUKlJ6BtniPRILWoZ+Z/WjXVQ6yWUR7EmHM8eCmIGtYBZMnBAJcGaTQxAWFLzV4hHSCKsTX5FE4K7uPJf0Dq0XYMvTRo1MKsCqIA9cABccATq4Bw0QBNgcAsewBN4tu6tR+vFep1Zc9a8Zxf8KuvtG4EAnOs=</latexit><latexit sha1_base64="M+zDMICtbYDPujSsivFqgtRMfGI=">AAACDHicbVDLSgMxFM3UV62vqks3wSK4Gmbc2I1QceNGqGAf0BlLJs20oXkMSUYoQz/Ajb/ixoUibv0Ad/6NmXYW2noh5HDOuTe5J0oY1cbzvp3Syura+kZ5s7K1vbO7V90/aGuZKkxaWDKpuhHShFFBWoYaRrqJIohHjHSi8VWudx6I0lSKOzNJSMjRUNCYYmQs1a/WggwG0jryAfDyPuApDKb9LL8voO+67s3UujzXmxVcBn4BaqCoZr/6FQwkTjkRBjOkdc/3EhNmSBmKGZlWglSTBOExGpKehQJxosNstswUnlhmAGOp7BEGztjfHRniWk94ZJ0cmZFe1HLyP62XmrgeZlQkqSECzx+KUwaNhHkycEAVwYZNLEBYUftXiEdIIWxsfhUbgr+48jJon7m+xbderVEv4iiDI3AMToEPzkEDXIMmaAEMHsEzeAVvzpPz4rw7H3NrySl6DsGfcj5/AEJMmcI=</latexit>



From data over observables to statistical models

…

Attention: 
• model depends on data only via sample-averaged observables
• selection of observables requires prior biological knowledge

maximum
entropy
model

average over data
model average

Data – MSA

Inference of statistical sequence models

{Aµ}µ=1...M
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Profile model – independent residues  
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coevolving 
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site

evolution

statistical
modeling

Conservation in proteins

fi(a)

P (a1, ..., aL) ⇠ exp

(
X

i

hi(ai)

)



Profile models 

• identify conserved positions as functionally or structurally important 
positions

• are used to identify homologous sequences (automatic annotation)
• are used to align sequences

belong to the most successful statistical models in bioinformatics

All models are wrong, but some are useful.
[George E.P. Box, 1976]



[George E.P. Box, 1976]
Profile models 

• identify conserved positions as functionally or structurally important 
positions

• are used to identify homologous sequences (automatic annotation)
• are used to align sequences

belong to the most successful statistical models in bioinformatics 

• are intrinsically unable to capture relations between positions
- residue-residue contacts
- protein-protein interaction

miss important information contained in sequence alignments 

All models are wrong, but some are useful.



R I D H R L K H N D T 
F L N G R L R H D D T 
H E R Q E T G H E K L 
K Y R T R L T H D D L 
R R A M E V G H N K A 
T Q K E E L A H N K G

conserved 
residue

coevolving 
residues

variable 
residueactive 

site

contact evolution

Conservation and coevolution in proteins

fi(a)

fij(a, b)

6= fi(a)fj(b)
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Profile model – independent residues  

Direct Coupling Analysis (DCA) – pairwise residue-residue couplings

P (a1, ..., aL) ⇠ exp

(
X

i

hi(ai)

)

P (a1, ..., aL)

⇠ exp

8
<

:
X

i<j

Jij(ai, aj) +
X

i

hi(ai)

9
=

;

Conservation and coevolution in proteins

[Weigt et al, PNAS ’09]

[Morcos et al, PNAS ’11]

fi(a)

fij(a, b)

6= fi(a)fj(b)
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• Boltzmann-machine learning:

• start with initialised parameters (fields/couplings)

• calculate

• update parameters to fit marginals

• iterate until sufficiently precise fitting

➡ exact calculation requires exponential time ~
➡ approximations (MCMC) needed for computational efficiency 

Direct coupling analysis (DCA)

Pij(Ai, Aj) =
�

{Ak|k �=i,j}

P (A1, ..., AL)

21L

�Jij(a, b) = "[fij(a, b)� Pij(a, b)]
<latexit sha1_base64="uOoCNcoRQq1IA2zZUrC0jW1/VRU=">AAACKXicbZDLSgMxFIYzXmu9VV26CRZBQWVGBN0IBV2Iqwr2Au1QzqRnajSTGZJMoQx9HTe+ihsFRd36IqaXRbUeCHz5/3NIzh8kgmvjup/OzOzc/MJibim/vLK6tl7Y2KzqOFUMKywWsaoHoFFwiRXDjcB6ohCiQGAteLgY+LUuKs1jeWt6CfoRdCQPOQNjpVah1LxEYYBetzJ+39+Dg2CfntNmFxQmmotY0gbNhxPmIS1P3Px8q1B0j9xh0WnwxlAk4yq3Cq/NdszSCKVhArRueG5i/AyU4UxgP99MNSbAHqCDDYsSItR+Nty0T3et0qZhrOyRhg7VyYkMIq17UWA7IzB3+q83EP/zGqkJz/yMyyQ1KNnooTAV1MR0EBttc4XMiJ4FYIrbv1J2BwqYseEOQvD+rjwN1eMjz/LNSbF0No4jR7bJDtkjHjklJXJFyqRCGHkkz+SNvDtPzovz4XyNWmec8cwW+VXO9w9HM6N6</latexit><latexit sha1_base64="uOoCNcoRQq1IA2zZUrC0jW1/VRU=">AAACKXicbZDLSgMxFIYzXmu9VV26CRZBQWVGBN0IBV2Iqwr2Au1QzqRnajSTGZJMoQx9HTe+ihsFRd36IqaXRbUeCHz5/3NIzh8kgmvjup/OzOzc/MJibim/vLK6tl7Y2KzqOFUMKywWsaoHoFFwiRXDjcB6ohCiQGAteLgY+LUuKs1jeWt6CfoRdCQPOQNjpVah1LxEYYBetzJ+39+Dg2CfntNmFxQmmotY0gbNhxPmIS1P3Px8q1B0j9xh0WnwxlAk4yq3Cq/NdszSCKVhArRueG5i/AyU4UxgP99MNSbAHqCDDYsSItR+Nty0T3et0qZhrOyRhg7VyYkMIq17UWA7IzB3+q83EP/zGqkJz/yMyyQ1KNnooTAV1MR0EBttc4XMiJ4FYIrbv1J2BwqYseEOQvD+rjwN1eMjz/LNSbF0No4jR7bJDtkjHjklJXJFyqRCGHkkz+SNvDtPzovz4XyNWmec8cwW+VXO9w9HM6N6</latexit><latexit sha1_base64="uOoCNcoRQq1IA2zZUrC0jW1/VRU=">AAACKXicbZDLSgMxFIYzXmu9VV26CRZBQWVGBN0IBV2Iqwr2Au1QzqRnajSTGZJMoQx9HTe+ihsFRd36IqaXRbUeCHz5/3NIzh8kgmvjup/OzOzc/MJibim/vLK6tl7Y2KzqOFUMKywWsaoHoFFwiRXDjcB6ohCiQGAteLgY+LUuKs1jeWt6CfoRdCQPOQNjpVah1LxEYYBetzJ+39+Dg2CfntNmFxQmmotY0gbNhxPmIS1P3Px8q1B0j9xh0WnwxlAk4yq3Cq/NdszSCKVhArRueG5i/AyU4UxgP99MNSbAHqCDDYsSItR+Nty0T3et0qZhrOyRhg7VyYkMIq17UWA7IzB3+q83EP/zGqkJz/yMyyQ1KNnooTAV1MR0EBttc4XMiJ4FYIrbv1J2BwqYseEOQvD+rjwN1eMjz/LNSbF0No4jR7bJDtkjHjklJXJFyqRCGHkkz+SNvDtPzovz4XyNWmec8cwW+VXO9w9HM6N6</latexit><latexit sha1_base64="uOoCNcoRQq1IA2zZUrC0jW1/VRU=">AAACKXicbZDLSgMxFIYzXmu9VV26CRZBQWVGBN0IBV2Iqwr2Au1QzqRnajSTGZJMoQx9HTe+ihsFRd36IqaXRbUeCHz5/3NIzh8kgmvjup/OzOzc/MJibim/vLK6tl7Y2KzqOFUMKywWsaoHoFFwiRXDjcB6ohCiQGAteLgY+LUuKs1jeWt6CfoRdCQPOQNjpVah1LxEYYBetzJ+39+Dg2CfntNmFxQmmotY0gbNhxPmIS1P3Px8q1B0j9xh0WnwxlAk4yq3Cq/NdszSCKVhArRueG5i/AyU4UxgP99MNSbAHqCDDYsSItR+Nty0T3et0qZhrOyRhg7VyYkMIq17UWA7IzB3+q83EP/zGqkJz/yMyyQ1KNnooTAV1MR0EBttc4XMiJ4FYIrbv1J2BwqYseEOQvD+rjwN1eMjz/LNSbF0No4jR7bJDtkjHjklJXJFyqRCGHkkz+SNvDtPzovz4XyNWmec8cwW+VXO9w9HM6N6</latexit>



Direct coupling analysis (DCA)
• pseudo-likelihood maximisation  

- replace ensemble average by sample average over sequence data

[Balakrishnan et al., Proteins ’11]
[Ekeberg, Lövkvist, Lan, MW,  Aurell PRE ’13]

biological sequence data

P1(A1) =
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Are pairwise DCA couplings useful?

DCA models are graphical statistical models:

• defined on a network of strongly coupled residues

• provide a probability to each sequence (sequence landscape)

What is the biological information contained in such models ?



Strong couplings predict residue contacts

• works across numerous protein families
• accurate prediction for >1000 diverged sequences
• guides 3D protein structure prediction [Marks et al., PLoS ONE ’11]

[Sulkowska, Morcos, MW, Hwa, Onuchic, PNAS ’12]
[Hopf et al., Cell ’12]

[Nugent, Jones, PNAS ’12]
[Ovchinnikov et al., eLife ’15]

[Ovchinnikov et al., Science ‘17]

30 strongest correlations            30 strongest couplings

Trypsin inhibitor



Prediction of inter-protein residue coevolution

[MW et al., PNAS ’09]

histidine
kinase

response regulatorprotein 1 protein 2

Joint MSA of protein families

DCAinter-protein couplings

[Feinauer, Szurmant, MW, Pagnani, PLoS ONE ‘16]
[Gueudré, Baldassi, Zamparo, MW, Pagnani, PNAS ‘16]

inter-protein residue contacts

protein-protein interaction
networks

large ribosomal  
subunit



Are pairwise DCA couplings useful?

DCA models are graphical statistical models:

• defined on a network of strongly coupled residues

• provide a probability to each sequence (sequence landscape)

What is the biological information contained in such models ?



PNAS 110 (2013) 13067

Deep mutational scanning
of proteins

TEM-1 protein
• causes antibiotic resistance 

generated ~104 random mutants 
• 1,700 without mutation
• 990 distinct single AA changes

measured resistance to amoxicillin
• minimum inhibitory concentration  

as proxy for fitness

Measuring mutational effects in proteins



...

Beta-lactamase2 family (PF13354)

Statistical landscape inference (DCA)

Score for mutant AA sequences

~2,500 diverged sequences

?
MIC changes of TEM-1
due to single-AA changes

Evolutionary constraints
across diverged homologs

TEM-1

�� = �(mutant)� �(wildtype)

�(a1, ..., aL)

=
X

i

'i(ai) +
X

i,j

'ij(ai, aj)

Landscape inference by Direct-Coupling Analysis

[Figliuzzi, Jacquier, Schug,Tenaillon, MW, Mol Biol Evol ’16]
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Predicting mutational effects in proteins

[Figliuzzi, Jacquier, Schug,Tenaillon, MW, Mol Biol Evol ’16]



Integrating heterogenous data in landscape inference

MSA: sequence data

DMS: mutational data

[Barrat-Charlaix,Figliuzzi, MW, Sci Rep ’16]



Integrating heterogenous data in landscape inference

Statistical model

Probability of MSA

P ({A
µ
}µ|J,h) = exp

(
�

X

µ

H(A
µ
)�M lnZ

)

<latexit sha1_base64="IPt5UnWzRThMvUKv15QaGniPj9E="></latexit><latexit sha1_base64="/AnL12gSK2ougSR5smY5Sw3AnLU="></latexit><latexit sha1_base64="/AnL12gSK2ougSR5smY5Sw3AnLU="></latexit><latexit sha1_base64="3Ey7JV31nfDeR58a5lAzSodds4c="></latexit>

P (A|J,h) =
1

Z
exp

(
X

a<b

Jij(Ai, Aj) +
X

a

hi(Ai)

)
=

1

Z
exp

�
�H(A)

 

<latexit sha1_base64="6BJ3B9RQ7glFo2dqPNpN6mqJ+ys="></latexit><latexit sha1_base64="tIinK/ippa8+6WAwhiL8dplT3OM="></latexit><latexit sha1_base64="tIinK/ippa8+6WAwhiL8dplT3OM="></latexit><latexit sha1_base64="aPpXDnsKKCKsnms5fxkl6QP/ZSk="></latexit>



Integrating heterogenous data in landscape inference

MSA: sequence data

DMS: mutational data



Integrating heterogenous data in landscape inference

Statistical model

Probability of MSA

Mutational data - Gaussian experimental noise

Log-likelihood of model parameters

P ({A
µ
}µ|J,h) = exp

(
�

X

µ

H(A
µ
)�M lnZ

)
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evolution based structural-stability based

Integrating heterogenous data in landscape inference



[Barrat-Charlaix,Figliuzzi, MW, Sci Rep ’16]

Integrating heterogenous data in landscape inference



Are pairwise DCA couplings useful?

DCA models are graphical statistical models:

• defined on a network of strongly coupled residues

• provide a probability to each sequence (sequence landscape)

What is the biological information contained in such models ?



Are pairwise couplings sufficient?

[M Socolich et al., Nature 437, 512 (2005)]

Idea: scramble multiple-sequence alignments of homologs to conserve
• global amino-acid frequencies (no site specificity)
• site independent conservation (protein profile) → only local fields, no couplings
• pairwise amino-acid co-occurrences → pairwise residue-residue couplings

NMR structure of artificial protein (WW domain)

structural alignment with 6 natural WW domains



Predicting folding sequences of the WW domain

non folding

foldinghigh
probability

low
probability



Data-driven statistical design

From data over observables and models to data
Output data:

…

{X⌫}⌫=1,...,N

Input data:

{Sµ}µ=1,...,M

…

hOa(S)iP '
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From data over observables and models to data
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DCA reaches very precise fitting

[Figliuzzi, Barrat-Charlaix, MW, Mol. Biol. Evol. 2018]

response regulator (PF00072)

➡ tested for many protein families

natural sequences
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DCA reproduces non-fitted quantities

[Figliuzzi, Barrat-Charlaix, MW, Mol. Biol. Evol. 2018]
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response regulator (PF00072)

➡ tested for many protein families



Coevolution-guided protein design

MSA of natural
sequences

MSA of artificial
sequences

generative statistical 
model

P (a1, ..., aL)

⇠ exp

8
<

:
X

i<j

Jij(ai, aj) +
X

i

hi(ai)

9
=

;
DCA MCMC

growth experiment

time t

Illumina seq

r.e. = log
f t
seq

f0
seq

� log
f t
wt

f0
wt

enrichment of seq 
relative to wt

data-driven statistical 
sequence design

experimental validation 
of natural and designed 

sequences

experiments by B. Russ, R. Ranganathan



…all models are wrong, but some are useful.
[George E.P. Box, 1976]

Biological sequence evolution  
≠ 

MCMC sampling from Potts models 



…all models are wrong, but some are useful.
[George E.P. Box, 1976]

However DCA allows for 

• protein structure prediction – strong couplings accurately predict contacts
• mutational effect prediction – statistical model as sequence landscape
• generative statistical modeling – pairwise couplings seem necessary and  

sufficient to capture biological sequence diversity 



…all models are wrong, but some are useful.
[George E.P. Box, 1976]

However DCA allows for 

• protein structure prediction – strong couplings accurately predict contacts
• mutational effect prediction – statistical model as sequence landscape
• generative statistical modeling – pairwise couplings seem necessary and  

sufficient to capture biological sequence diversity 

A few current limitations 

• many parameters vs. limited data – strong regularization against overfitting
➡ parsimonous modeling / dimensional reduction ? 

• correlated data – DCA fits functional and phylogenetic correlations
➡ inference from non-i.i.d. samples ?

• better models may be even more useful…
➡ systematic selection of statistically relevant observables ?

• uses multiple-sequence alignment based on profile models
➡ more accurate methods using couplings for alignment ?

• sequences modeled as strings over abstract 21-letter alphabet
➡ prior biological knowledge / integrative modeling ?
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