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PO2B is due Mar 28
P0O2C is due Mar 28
PO3A is due Apr 4

Quiz 04 will be on Apr 8 and cover LO9A to L12A

The final exam is on Monday, Apr 28, at 4:00 pm
in 244 Cathedral of Learning


https://pitt-biosc1540-2025s.oasci.org/assessments/quizzes/04/
https://pitt-biosc1540-2025s.oasci.org/lectures/09A/
https://pitt-biosc1540-2025s.oasci.org/lectures/12A/
https://pitt-biosc1540-2025s.oasci.org/assessments/projects/transcriptomics/02B/
https://pitt-biosc1540-2025s.oasci.org/assessments/projects/transcriptomics/02C/
https://pitt-biosc1540-2025s.oasci.org/assessments/projects/protein-structure/03A/
https://pitt-biosc1540-2025s.oasci.org/assessments/final/

After today, you should have a better understanding of

Identify what makes structure

prediction challenging



Protein structure is essential for
understanding biological function

Proteins are molecular machines; their 3D shape determines how
they interact with substrates, DNA, other proteins, etc.




Experimental methods for structure
determination are powerful but limited

X-ray crystallography, NMR, and cryo-EM
provide high-resolution data.

However, these methods are
time-consuming, expensive, and
often fail for specific proteins.

As of 2021, >200 million protein sequences exist,
but <200,000 structures are known



Protein structure prediction fills a
crucial gap in biological discovery

Enables structural understanding of sequences with no experimental structure. This
accelerates many research fields and democratizes access to atomistic insights

PrsA2 (AF3)

Example: Our collaborators (Dr. Cahoon) crystallized Lm PrsA1 in 2016, but we need a structural model
of PrsA2. Instead of potentially years, AlphaFold 3 gives us a decent prediction within minutes


https://www.rcsb.org/structure/5HTF
https://alphafoldserver.com/
https://s3.amazonaws.com/media-p.slid.es/videos/1510246/otF_XJ5E/prsa1-prsa2.mp4

Protein folding is computationally hard
due to the vast conformational space

Levinthal’s Paradox: A protein can't sample all
conformations in a biologically reasonable time,
yet it folds quickly

Example: A protein with 100 amino acids, each capable
of adopting about 3 torsion angles, results in ~ 3%
possible conformations

Proteins fold in milliseconds—implying nature
doesn't sample all conformations.



Proteins fold into their native structure
by minimizing free energy

A potential energy surface (PES)
represents the energy of a system as a
function of the positions of its atoms

Allows us to understand how the system's
energy changes upon reactions or movements

Proteins adopt conformations that
minimize thermodynamic free energy

Scoring functions attempt to model this with
statistical or physics-based potentials
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Flexible and disordered regions add
complexity to structure prediction

Many proteins exist in ensembles of
structures or are natively disordered.

Their function may depend on transient
interactions or induced folding.




Environmental context dramatically
iImpacts protein folding

Proteins fold differently in Predictions need to capture interactions
different environments with solvent molecules, ions, and cofactors

pH-gated

/MHX K+ channel

AlphaFold 3

Example: Predicting transmembrane protein structures, where the
lipid bilayer plays a key role in folding, is particularly complex.
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https://www.rcsb.org/structure/7mhx

Environmental context dramatically
iImpacts protein folding

PTMs such as phosphorylation,
glycosylation, and methylation can
alter protein folding and function

Example: elF4E is a eukaryotic translation
initiation factor involved in directing
ribosomes to the cap structure of mRNAs

Ser209 is phosphorylated by MNK1

AlphaFold 3 accurately predicts these
changes when they are already known
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After today, you should have a better understanding of

Homology modeling

Hidden Markov Model alighments
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Homology modeling predicts structure
using evolutionary relationships

Template Results e

Templates Quaternary Structure Sequence Similarity Alignment Build Models @

Based on the principle that proteins with similar ‘.. s e ;
6p16. 1. A [ESTINARDUQRVIGHENDLPWHL PNDLKHVKKLST -

° . 35qy.i A [TESTIVAHPLORVIGPENDLPWHL PNDLKHVKKLST 37
sequences tend to adopt similar structures. - IESHSRBCRTSGPENDCHSL iDL ST .
LA R PREDEPWECHEIDAKY FCAV I Y VNESKVERLKY 75

3dga.
Target GHTLYMGRKTFESIG KPLPNRRNYV ©1

Gede.1.A GHTLVMGRKTFESIG ~ KPLPNRRNV 84
6pré.1.A GHTLVMGRKTFESIG ~ KPLPNRRNV 61
3sqy.1.A GHTLVMGRKTFESIG ~ KPLPNRRNV 61
. . 3fyw.1.A GHTLVMGRKTFESIG - KPLPNRRNV 60
Often the first modeling strategy attempted e A
g gy p 3dga. 1.A ERCEV DN EINPINEERERE K « L ol VUVMGRT SWESIPKKEKPLSNRINY 125 o | caons |@-|» | alc
. o e . ol Target VLTSDTSFN  VEGVDVIHSIEDIYQL PGHVFIFGGQTLFEEMID 194
d u e to SI m pl ICIty a n d rel Ia bl | Ity 6ede. 1.AVLTSDTSFN  VEGVDVIHSIEDIYQL PGHVFLFGGQTLFEEMID 127 sedel A x
. 6pr6.1.AVLTSDTSFN VEGVDVIHSIEDIYQL PGHVFIFGGOTLFEEMID 104 -
3sqy.1.AVLTSDTSFN VEGVDVIHSIEDIYQL PGHVFIFGGQTLFEEMID 104 6pr6.1A x
3fyw.1.AVLTSDTSFN  VEGVDVIHSIEDIYQL PGHVFIFGGQTLFEEMID 103
6pr8.1.AVLTSDTSFN - VEGVDVIHSIEDIYQL PGHVFIFGGQTLFEEMID 103 SSI1A x
3dga.1.AIL EDFDEDVYIINKVEDLIVLLGK |CFIT0GE EFLE 175 3w 1A x
Target - -KVDDMYITVIEGKFRGDTFFPPYTFEDWEVASSVEGKLDEKNTIPHTE 2
P— _ — praé. LA x
6ede.1.A  KVDDMYITVIEGKFRGDTFFPPYTFEDWEVASSVEGKLDEKNTIFHTE 175
. . 6pré.1.A  KVDDMYITVIEGKFRGDTFFPPYTFEDWEVASSVEGKLDEKNTIFHTE 152 3dga.lA ®
ReqUIreS a template—a kn Own Stru Ctu re Wlth 3sqy.1.A  KVDDMYITVIEGKFRGDTFFPPYTFEDWEVASSVEGKLDEKNTIPHTE 152
3fyw.1.A  KVDDMYITVIEGKFRGDTFPFPPYTFEDWEVASSVEGKLDEKNTIFHTE 151
. . . 6pra. 1.A DMYITVIEGKFRGDTFFPPYTFEDWEVASSVEGKLDEKNTIFHTE 151
detectable sequence similarity A TS e SOt B :>
' Target EHINRKR 159
Gede 182
Gpré 159
3sqy 159
3fyw 158
Gpra 158
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The first step in homology modeling is to
search for similar sequences

You begin with a query sequence
(the protein you want to model)

> PrsA2
CGGGGDVVKTDSGDVTKDELYDAMKDKYGSEFVOQOLTFEKILGDKYKVSDE
DVDKKFNEYKSQYGDQFSAVLTQSGLTEKSFKSQLKYNLLVQKATEANTDT
SDKTLKKYYETWQPDITVSHILVADENKAKEVEQKLKDGEKFADLAKEYST
DTATKDNGGQLAPFGPGKMDPAFEKAAYALKNKGDISAPVKTQYGYHIIQOM
DKPATKTTFEKDKKAVKASYLESQLTTENMOKTLKKEYKDANVKVEDKDLK
DAFKDFDGSSSSDSDSSK

14



FrsA2/1-271

UniRef100_AQAL/1-271
UniRef100_AQADI-271
UniRef100_AQADYI-301
UniRef100_AQADT-29%
UniRef100_AQADT-335
UniRef100_AQADYT-283
UniRef100_AQAT1-256
UniRef100_AQALI-260
UniRef100_AQADYI-301
UniRef100_AQADYI-355
UniRef100_A0A3/1-2681

UniRefl00 ADAOM-29]

Conservation

Consensus

Occupancy

Sequence alignment maps residues from the
target onto the template structure

1104 1114 1124 1134 144 154 1164 1174 118
BB PE. k... M-0-B A FlKAA al-B-n- KGDI -A-PVB-R------ Q------ SWHI IK BAT. - K---T-
L5-vT--aaEs-A-M-g--B- uFKDv SKL-B-E-BaV-B-2-PIR-T------ oo THIE! | K-KPA- - -K---T-
FD-NTDTS----L-D-5--T-FKKEAE-KL-B-N-G TK T-Pvll-m------ Q------ SWEvIEM- 1 k-BPA- - -Kk---B-
ME-YN--NSN--M-D-kK--F-Fmvasak-kL-B-e-GEI-B-o-PvB-F------ Q------ FG-MHI 1BV - TKVKEEYE-Vv-- - K-
FE-BE- -0----M-l-F- - -F DWAF-NL-K-F-G ---G-IU B =S MG -¥HV B -Br-rT---------.
FT-BE--v----M-M-P-- -F KKME-aM-B-c-GEV-B-o-Pvll-1l-- - - - - + J FG-MHI IBL - NK-TKAET-V- - - K-
AP VS--Q----W-M-E--E-FEKEAI-EL-P-L- NKI- -D-PVE-B------ E------ FG-MHI IBV-Bs-rsv------- K -
Wr-BE--v----M-D-F--aA-FBvaIwW-oL-B-F-nB1---B-1v@-8------ + J FG-¥H1 18! -DE-HET---D---0-
Fs-BG--R----M-W-0--E-FEcaAF-oL-B-v-GEV-B-E-PVvB-B------ Foooooo M- ¥HL I Bv-Ba-LEK---D---A-
FN-BG--5----M-M-E--E-FEEAAF-AL-B-v-GE¥TK-E-PVR-F------ Q------ FG-MHI IILKKTI-PAK---K---P-
Fa-BG--A----M-M-K--P-FEDAAF-kL-K-x-GEI-B-B-wvE-B------ § S FG-FHIIBL-To-1kKPBg-5-- - K-
RS5-BG--E----F-E-E--A-FEEAAW- AL - A PIG |-8-P-MVA-T------ oo SNHI L-IG-RLP---ARE-R-
VE-RBG--KK----M-W-PF--BE- FExAAER- 5L - _GEV-8-0-IvE-T------ P--o--- SEH I BY-BlE-N I PEK-T---K-
| | [ |
23-27--2----5-3-2--3-943275-39-3-2-433-1-3-6023-58------ R 3 -060 55-42-210---0---0-

TERNEL 'THN 11T 1 1 Dea sl

----FAKLAKEYSQD+GSKDNGKKKGGDLG- - --F---------- FS5-RGDT+++A4A-M-V-P--E-FEKAAF-+L-K-EIGEITS-+-PVK-T------ Q------ FGTYHI IK+K+KWVR++G+-KRE- K-

This is an MSA of Listeria monocytogenes PrsA2 to related proteins
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Basic alignment algorithms are too simplistic
for distant homolog detection

Methods like Smith-Waterman use
direct pairwise alignment based on
similarity scores (e.g., BLOSUM®62).

They do not consider evolutionary
variation, insertions, or residue-
level probabilities.

PrsAZ1-271

UniRef0d Ad0AL1-Z71 - - - -
Unikefl0d Ad0AQI-Z71 - - - -
Unikefl0d Ad0A01-301 - - - -
LniRef100_ACAGI-298 - - - -
Unikel(d AdAd1-339 - - - -
Unikefl0d Ad0AQMI-283 - - - -
Unikefl0) AQASIL-256 - - - -
LniRef100_AOALI-260 - - - -
Unikel(d Ad0Adv1-301 - - - -
Unikefl0d AdA0/1-355 - - - -
Unikefl0) AQ0AZ1-281 - - - -

LiniRef100_AGARI-231

Consemvation

Quality

Consensus

Ococupancy

----FAKLAKEYSQD+GSKDNGKKKGGDLG- ---F- -

We need methods that detect evolutionarily distant
but structurally conserved relationships.
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Profile-based aligners improve sensitivity by
modeling residue variability at each position

A profile captures how conserved each position is across an MSA

skylign

Instead of a single residue, each position becomes a probability
distribution over all 20 amino acids.

17


https://skylign.org/

Profile-based aligners improve sensitivity by
modeling residue variability at each position

A profile captures how conserved each position is across an MSA

g.86"'e.88"'e.01'0.893"'e. 0470067007007 0. 0B
g.0l'e.e1'e.e1'e.e2'e.03 0,00 "0 001 "e.02"0.02"0. 00 "0.03"'0. 00 "0.00'0.00 'o.60'e.00'n.00 "0 00 'e. 00000 e. 60000000
1.8 '"1,el1el1eli1eli1elaelirelilelrelirelilelrelielielir1el1,e21 010671, 1,al1,8"1,0

Occupancy
Insertion probability

Instead of a single residue, each position becomes a probability
distribution over all 20 amino acids.
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https://skylign.org/

HHblits starts by converting the query

seguence or MSA into a profile HMM

A profile HMM models the amino acid
probabilities at each position, plus
insertion and deletion likelihoods.

Sequence likelihood can be computed
by walking along the profile HMM

The result is a probabilistic model that captures
both conservation and structural variability.

Multiple sequence alignment

Sequence 1
Sequence 2
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19



HHblits performs accurate HMM-HMM
alignments on the best candidates

Full alignments are done using the The alignment is represented as red
Viterbi algorithm to find the best path through both HMMs

path through the HMM state space.

HMM g | M| Match @ Insert @ Delete Allowed pair state
transitions

||||||@C\MI DQ
Gt el

A maximum accuracy (MAC) alignment
is also computed to optimize for correct
residue-residue matches.

D D D D D

Dy—~D

.@ 4 @
M M
D D

These alignments return E-values to M M}—{m Qeons. - VAEREEM
estimate match confidence. t_n. : VAREM
D D D .
co-emitted seq

Pair state VAE R E EM
Only statistically significant hits (e.g., E < 1e-3) . . I . . DG . VA-RE-M
are retained for the next iteration.
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Homology modeling is most accurate
when sequence identity is >30%

>50% identity: high-accuracy models
(~1 A RMSD) are achievable

Between 30-50%: moderate accuracy;
errors appear in loops, side chains

<30% identity: The "twilight zone"
where structural similarity is uncertain

& Target EGGEGDVVKTDSGDVTKDEL YDAMKDKY GSEFVQOLTFEKI L GDKY KVSDEDVDKKFNEYKSOYG DQFSAVLTQSGLT EKSFKSOLKYNLLVQKATE
shtf.1.AJNE TVTEREVNREYKKYEEQYG  DSFESTUSYNNLT KTSFKENLEYNLLVOKATE
evie. 2. DEEEPTRSGHINESDENRRIKENY EEONUSEMVVEKY U HOKY KVTDEEVIKOLEELKDKNG  DNFNTY! ESNGVKMLD_QLKE.KLKLT AFE mm
5tvl.1.C IC CETRKAQIRTS
8qpv.1.F ¥NTYRN E
8pzu.1.F [YNTYRN E
8pz2.1.F [YNTYRN E
Tefj.1.A

Target|- A P DITVSHILVA D
Shtf.1.A-A EP DITVAHILY D
6vj6.2.A
Stvl.1.C[ NN E-__“I}E-]KKn
8qpv.1.F RITILPD’m

.1.F ERITILPDE\.‘E:L#
LF[R
j.1.A

TEVHARHILL

Target QLAPFGPG KMD  PAFEKAAYALKNKGDISAPVKT
Shtf.1.A[CLDPFGPG EMD [ETFEKAAYALENKDDUSGIVES

TYGYHLIQLVK KTEKGTY AKEKANVKAAYIKSOLTS

Bvj6.2. FELAAY(LE SFE HIIKLD_WELKPUE[K_QHJENIRKELE 2100l QFHOOVIROLLKNADIKYSHKDURDTERER
5tvl.l. v IDDYKEKLKTVILT( KONNSTEVQSIT
Bgpv.1.

8pzu. G
8pz2.1. Fm [GHGRRIQELP
7efj.1.A|DLGAESHG - GHO EPFEI]aSFgLIl TGEpSCAVES

OYGYHIIQMDK PATKTTFEKDKKAVKASYLESOLTT EunqnuxEvm_
S ENMTAALKI
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After today, you should have a better understanding of

Homology modeling

Template building

22



The model is built by copying the template
structure and modeling variable regions

Conserved regions: Backbone atoms
are copied from template directly.

Variable regions (loops, inserts): Built using
fragment libraries or loop modeling algorithms.

45, 5%
i

Side chains are adjusted using rotamer
libraries to fit target sequence.
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Model refinement improves geometry and
resolves steric clashes

After model construction, the structure often
contains bad bond angles, clashes, or
unrealistic torsions.

Refinement includes energy
minimization using force fields
or statistical potentials.

Some tools use molecular dynamics or
Monte Carlo sampling.




Model validation helps assess confidence and detect errors

Ramachandran plots visualize
backbone torsion angles.

Statistical scores (e.g., DOPE, QMEAN, |
GA341) evaluate nativeness.

Residue-by-residue assessment helps
identify weak regions (e.g., VERIFY3D, ERRAT). S
Good models have: T

e Most residues in favored Ramachandran regions e
¢ LOW- e n e rgy S C O re S QMEANDIsCo Global: ({EE) £0.07 @

[3 Coordinates with C;MEANIo_caI scares in the B-factor column a /S a » 9
e No large clashes |
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Homology modeling works best when you
iterate and re-evaluate

If @ model fails validation, revisit
earlier steps:

e Try a different template
e Refine the alignment
e Adjust loop modeling parameters

Multiple models are often built and ranked—choose the
one with the best validation metrics.
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After today, you should have a better understanding of

Know when to use threading

instead of homology modeling

27



Why Use Threading?

In cases where sequence similarity to known structures
is low (< 30%), homology modeling becomes unreliable

Threading matches sequences to known structural
folds based on structural rather than sequence similarity

Phyre2, RaptorX, MUSTER, and I-TASSER are commonly used
for threading and takes much longer than homology modeling

28
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After today, you should have a better understanding of

Interpret a contact map for protein structures

30



Contact Maps Visualize Residue Interactions in
Proteins

{3 PDB: 35QY, Contact Map between objects: protein-X and protein-X
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https://mapiya.lcbio.pl/

Contact Maps Represent Spatial
Proximity, Not Sequence Order

Contacts are determined by spatial proximity, Residues far apart in the sequence can still be close
typically within a certain distance threshold in the 3D structure, reflected in the contact map

Q PDB: 35QY, Contact Map between object:
LYS:158 uu
HIS:154
HIS:150

!] \SN:146 4
_EU:142
VAL:138 4

Y var1za ] e
GLU:130
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LYS:46
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GLY:38q
LYS:34 4
LYS:30
PRO:26 4
PRO:224
GLU:18
VAL:14
ASP:10 .
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THR:2 1 d

L
NI
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Residues on the diagonal are adjacent
In sequence (and spatially)

(;} PDB: 35QY, Contact Map between object
LYS:158 4 a
HIS:154 1 . |
H|S:150—.1‘..
ASN:146 1
_EU:142 - .
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After today, you should have a better understanding of

Comprehend how coevolution provides structural insights

34



After today, you should be able to

Comprehend how coevolution

provides structural insights
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The Rise of Machine Learning in Structural
Biology

Traditional methods like homology modeling and
threading rely on templates and known structures

ML predicts 3D structures only from sequence data

AlphaFold (DeepMind) and RosettaFold (Baker Lab)
lead the charge in this area

36



What is AlphaFold?

Developed by DeepMind, AlphaFold predicts protein structures with atomic
accuracy by using deep learning models trained on large structural datasets

Breakthroughs

e AlphaFold 2 achieved near-experimental level accuracy in the 2020
CASP14 competition (Critical Assessment of protein Structure Prediction)

e AlphaFold 3 (2024) predicts proteins, DNA, RNA, ligands, and post-
translational modifications
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Coevolving residues mutate in a correlated manner

Mutations in one residue often result in This is observed across species
compensatory mutations in its through analysis of homologous
Interacting partner protein sequences

Correlated mutations indicate functionally significant residue pairs

R0, 0, 0,0,0,0,0,0,0,0,0,0,0 1
R D
Lys (positive) ; : Glu (negative)
K E
Trp (hydrophobic) E 3 Val (hydrophobic)
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Evolutionary Analysis Reveals Structural Insights

. . . . Residues showing correlated
Coevolution analysis helps predict which . . .
mutations are likely to be spatially

residues are close in the 3D structure . .
close in the folded protein

This is particularly useful when no experimental structure is available

B OO, 0,00, 0,0,0,0,5,0,0,0,0 4« b

inference
—» N

-—

constraint C

contact in 3D

— = = XA A R U D
—= < < m m m
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Multiple Sequence
Alignments Enable
Coevolution Detection

Coevolution is detected using large
MSAs from homologous proteins

The more diverse the sequences in
the MSA, the better the resolution
of coevolving residues

Evolutionary information from
MSAs guides predictions for
residue-residue contacts
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UniRefa0_AOABB7ZNQ9/10-182
UniRefa0_AOASBTZNQ9/197-376
UniRef30_R7UK12/6-185
UniRef30_R7UK12/195-373
UniRef30_T1G9P0/5-182
UniRef20_T1G9P0/198-374
UniRefa0_A0ATITIGS8/7-183
UniRefa0_A0ATI7JG58/191-368
UniRefd0_A0AZ10PN44/7-170
UniRef30_A0AZ10PN44/180-361
UniRef30_AOASN7WVKCO/13-190
UniRef20_AOASNTVKCO/214-371
UniRefa0_ AOASBEBLZ4/22-159
UniRefa0_ AOABBEBLZA/167-346
UniRefd0_A0A9J2PNFB/135-309
UniRefa0_A0A40DWL2/2-156
UniRef30_H8KUHO/6-166
UniRef30_A0AZDEXDZ3/1-161

Q
£

*

Show / Hide

a

*

3

Sort

*

Group

=
=

F-LSTGHTLVHG-TFESIGlPLP-‘-I‘quTSDTSFl‘-IEG‘u’.;-
-LTHGHP‘-{IMG-TFESIGlPLPG-IVLTlDPD‘flAEGAI" 1§

AT L e O

L I

Filter

LSTGHTLVMG
SITAGGGVIMG
SITAGGGVIMG
SITAGGGVIMG
LTMSEAVIMG
LTMSHAVIMG
ITMEMYVIMG
SPTYVIHG
MTTEEYVVIMG
vl 1@
ITTERVVIMG

VEIEG

ITSDMAVIMG

v AMIVG
SAQTS AVIMG
ITSEMVVLMG

LTEGcVVEIEG
LTSEHAILMG
ISLL GTAIIVG
AVIMG

svxspv LIEG
TTEEVLIMG
HDLTS vl IRG
TVT MMV WG
TVT MMV WG
----- VVIMG

["TER srTvvIHG

EXLTTEMAVLMG

IVTYGHP\IVHG

TRESIG
TTFEDSIP
TEDSIP
TEDSIP
TH@sIP
THISIP
THEsIP
MTHE T
THHEsIP
THEGTG
THVSIP
VTWE T
THVsIP
LTHLSAM
LT-ESISE
THLsSIP
THWESIP
ATWED TG
THWDSIP
LTHESM

SSADLDPEI

IVIS

APBVETIIVSGTHTERDPREV
PH LFFVLSITL.ELPP

ARPEVITIIISETL

HIEGAVHIVVGS

VIWE T KSEDSIINIVIS

L WESHPEPLAMTLHVVLSTHEL
L WESHPEPLAMILHYVLETKL

THVSIPRPLP IMIVLS
MTHWEST THP GJ{L
VMESPH PP L ED[EL
THMESIGEPLPGEE
THDSIGEPLP
TMETIGEPLP

VIISHS
VVLSETHDDF‘AES
IVVT
VIIS
ITIT

LTTGETIIMG
LTLG PIIMG

evcouplings.org

vvLTSDTSERVEGV Jil§
VVLTTSADLE.S i B

SSADLDPHI °
STRIFDAEMT " {fi
STAFDSDEv .4k F
ITLSREMBEAPSGVY|:jil¢
VIISHS‘D.DEY\I
TTLSETMSHAPTGA| K]

IVITIRDEGEEDPrDV |
IILSRTMEETPTGT|:

PSEEDPHEV :
IVLS EL.EVPEGV?

VVLSITLSE PADA| {ii¥
IIVVLS&SL ArPles it
!.LPEGAf';'
LEvvISETLE PDGL if
HLLsEPD i

THES TPP LR VEIVLSHASTLDIES V] 1}
LSYQEATIVDEPGF ITVVLSSDPS.VPSPJ’
THTSIPEPLPERIMIILSETMTETPTGT I
I PSEED PV ::

vPDHA| i
EVPDHA| |
EMKEAPPGY|;
DL EsD| - 4f .

PEwa;‘“
1 | i}
p) DY AEG |-Ji3

40


https://evcouplings.org/

Coevolution example: DHFR

Residues with a high Score (i.e., coevolve) are near each other
in the protein's structure (i.e., small distance)

i| A A Score Prob Dist PPV
1 5 R 75 D 2814 1.00 258  1.00
2] v 120 G 2506 1.00 349 | 1.00
3 77 86 L 2154 1.00 485 | 1.00
4 M3 Vv 153 L 2154 1.00 366 1.00
5 134V 153 L 2145  1.00 442 100
—— N\ -\ — i\ -\ — i p— m—p—— —p 6 11 L 115 E 2084  1.00 327 1.00
— — 7 37 T 57 N 2063 1.00 356 1.00
e g " - g &, l, 8 501 106 v 2023 1.00 368 1.00
° . »® 9 80 | 102 M 2018 100 377 1.00
0 g0 @ s g® T 0 108 D 154 H 1981 100 262 1.00
® E 15 11 15 E 151 T 1778 1.00 262 1.00
e . o . ° ® § 12 39 H 91 F 1739 1.00 373 1.00
40 . ". -y ‘ 13 135 A 156 | 1711 1.00 359  1.00
-3 . °® S e d . < 14 4 s 110 ¥ 1704 1.00 379 1.00
" e 1 @ | 15 139 E 151 T 1645  1.00 265  1.00
60 ® - g F . 16 137 S 151 T 1601 1.00 330 1.00
. I 4 T 7 32 v 93 F 1574 1.00 335  1.00
f ® o . 12 142 L 149 P 1533 1.00 371 1.00
80 $ o - ¥ 19 14V 123 F 1532 1.00 349 1.00
. ..’ - L > 200 109 M 127 ¥ 1506  1.00 403 | 1.00
Y o® g 20 o oo 3} 21 40 T 59 R 1460 1.00 332 1.00
100l ® L] . r | < 22 92 | 102 M 1451 100 395  1.00
e ® 8 ¢ [ 23 4 s 89 H 1419 100 263  1.00
el 2 “. ; { 24 39 H 89 H 1419 1.00 323 1.00
150 & hd 25 10 D 18 F 1394 1.00 275 1.00
-l % e T 26 11 L 117 K 1387  1.00 374 1.00
° 27 4 s 108 D 1385  1.00 245  1.00
o ° o " f 28 108 D 156 | 1382 1.00 393 1.00
' F ® 29 31 H 110 ¥ 1366 1.00 448 1.00
.‘. J ’l o 137 8 153 L 13.61 1.00 327 1.00
l, 31 110 ¥ 154 H 1329 1.00 332 1.00
50 100 150 32, 12| Q 17 K 1304 1.00 348 1.00
33 35 L 110 ¥ 1287 1.00 342 1.00
34 9 H 113V 1278 1.00 327 1.00
. 35 136 S 154 H 1254 1.00 293 1.00
eVCO u p | I ngs . O rg 3 75 D 86 L 1245  1.00 611 097
37 7V 1 1242 1.00 320 097
38 27 N 150 H 1217 1.00 287 097~
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Coevolutionary signals can be noisy

Not all correlated mutations are due to
direct physical interactions; some may be
indirect

Noise in the data can come from
random mutations or insufficient
evolutionary diversity. i

Large and diverse sequence data sets -
are needed for reliable coevolution
predictions.

23609 sequences, 190 columns

D 2

Reference
TARGET/1-190

Consensus
Sequence Logo

Coverage

Conservation

TARGETI1-190

UniRefa0_UPID00SCCIEAF/90-233
UniRefa0_UPI00203FACA45/90-235
UniRefa0_AOAD23CJT72/79-235
UniRefa0_ADA1Q55WQ9/132-273
UniRef30_ACA1I0TB73/79-231
UniRefa0_ADA3ALR1Y(0/89-237
UniRefo0_ADAIWEWVWNE/B0-223
UniRefa0_ADA7MITWI98/79-227
UniRefa0_ADA150M319/80-233
UniRef90_UPIO0077CAD76/80-232
UniRefa0_UPID007D0AEBS/85-236
UniRef30_UPIO01FAEEC2B/B7-237
UniRefo0_ADADDEEY29/84-225
UniRef90_UPIO01BCA202F/90-231
UniRefa0_ADATYSAXWO/90-223
UniRefd0_A4ITF4/83-224
UniRefa0_ADA428]AA2/90-231
UniRefa0_AOA327YHMB/82-234
UniRefa0_UPIN02148361B/71-232
UniRefa0_UPI0025A04A00/71-227
UniRefa0_ADASESFEND/E9-230
UniRefd0_ADA366XUS2/88-219
UniRefa0_AOA165WR30/89-233
UniRefa0_ADAEMBDVPS5/82-231
UniRefa0_UPID01CBACS55/85-235
UniRefa0_ADABIZMATO/82-234
UniRefa0_UPIO01AEDDICF/90-234
UniRefa0_ADA1B17946/88-232
UniRefa0_UPIO0D6ATECEE/90-231
UniRefa0_UPI00207AAB81/82-236
UniRef90_UPI001C1F2282/83-232
UniRef90_UPI00158DFFD5/87-235
UniRef90_UPIO01CCEBACCI99-230
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Machine learning leverages coevolution for
high-accuracy predictions

AlphaFold and RosettaFold utilize ~THE NOBEL PRIZE
IN CHEMISTRY 2024

coevolutionary data from MSAs to
predict residue interactions

These models incorporate evolutionary
information along with structural features,
leading to highly accurate predictions
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After today, you should have a better understanding of

Explain why ML models are dominate

protein structure prediction
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AlphaFold pipeline, simplified

Given the following data

I n p ut MTLSILVAHDLQRVIGFENQLPWHLPNDLKHVKK
LSTGHTLVMGRKTFESIGKPLPNRRNVVLTSDTS
S e q u e n Ce FNVEGVDVIHSIEDIYQLPGHVFIFGGQTLFEEM
IDKVDDMYITVIEGKFRGDTFFPPYTFEDWEVAS

SVEGKLDEKNTIPHTFLHLIRKK

—

TARGET/1-159
UniRefo0_ADA2J8ADCE/2-178
UniRefo0_ADA2JBADCE/438-608

JivvLTsDTSEEVE
{GRTTFDSIPRPLECRLMVVLTTSADLMESNI
1GRIRTEDSTPRPLKGRLMYYVLTRSSADLDPNT

(PELs TGHTLY

4 UniRefdd_AOA2JBADCE/906-1076 1GRETFDs1PRPLKGRLMYVLTRSSADLDPNT
5 UniRef90_AOA2U1P121/436-611 vIiMGRKTWEs 1PRPLPORLMyVLTRS TRFDAENT
6 UniRef90_AOA2U1P121/715-890 vIMGRKTWEAS 1PRPLPGRLMYVLTRSTAFDSDMY
7 UNiRef90_AOA6JBE626/8-185 VIMGRKTWES 1PRPLPRIRIMI 1L SREMEEAPSGY
UniRefo0_AQAGJBEG26/104-373 TRGRMTWE TR TP GY LNV IISHSKRD@DEYY
M 9 UniRefo0_UPI0022818839/37-217 TMGRETWNSIPRPLPKRINIILSKTHSHAPTG
10 UniRefdd_UPI0022818839/246-424 WI@GRKTWEGTcRQRE S YM1vITRDEGRRDP
11 UniRefa0_UPI00145TFFB2/6-184 JRRzTTENvVIMGRETWYS1PRPLPRFIMIILSRTMEETPTGT
12 pLTsH vl TEcRY TWE T KaRGsTiMIvIsREPFSEEDPNY
il KKz T sDMAV IMGRETWYSI1PRP LEGEVMIVLSRELEEVPEGY

Sequence
Alignment

UniRefo0_AQASBTZNQ9/10-182
UniRefo0_AQASBTZNQY/197-376
UniRefo0_R7UK12/6-185

UniRefo0_AOAZ10PNA4/180-361
UniRef20_AQAINTVKCO/13-190

UniRef90_ADAZDSXDZ3/1-161

fSAHVSTIT@IRGRL TWLSAMRNAPHVYTIIVSGTWTERDFREY

VIS AMTVGRLT-ESTSERKPHELERYLSETLEELPPEA
IMGRETHLSTPRPLPMRVMUVLSKTLSE PADA
LMGRKTWES TPRPLPNRIMYYLSAS KEAPH
fsQL TGV VB TR GRA THEDTCRARFNYVITITISRTLSELPEGA
JRK L TSEfATLMcRETWDS 1PKP (RMELEYvISRTLE PDGRL
ISLL@GTATIVGRL TWESMEIRHIEGAVYIVvGSKIKHLLSHPD
IR L T TN A v T MG R TVE s TFRP LKIMR VTV LSRASTLDIESY
LIEGRLSY@EATVDRPGEITVVLSSDPSRVPSPH
TMGRETWTSTPRPLPRIRIMIILSHTHTETPTGT
THE T KSRDSIIMIVISREPSEEDPYY
WEsHPFPLABTLHVYLS TKLEKYPDHA
VWGKL WESHPEPLAMILHVVLETKLMEVPDHA
TMGRETWYsTeRPLPKRINIvLSRHEMKEAPPGY
TRGRM TWE S TR TP G ¥ LMV 1T sHsKRD@LESD
/LM GRIVMWE S PRPLEDRLMYVLSETHDDP AE S
VMGRKTYESIGKPLPGRENIVV TRNKEYQPEGY
fRKLTTGMTIIMGRKTYDS TGRPLPERRMY IISRMKDLKIEG
KK L TLGKPTTMGRKTYETTGKP L PMRKNT I T TRDQIDYKAE G

models

Predict

DHFR

& Back & Download D Clone and reuse fD Feedback on structure
Very high (pIDDT > 90) Confident (30 > pIDDT > 70) Low (70 > pIDDT > 50) Very low (pIDDT < 50)
L ]
ipTM=- pTM=095 learn more

Atomistic
structure
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AlphaFold 2 pipeline: Evoformer

Using MSAs and contact maps, DeepMind trained a
model to predict protein structures

e , > [ lﬁ] KRR J .o o=\ XX l?igh
. 17812 o i 1 ( \ %
C > (Dtorret E ngereprel) —> sfidron
Genetic  |—p ®? ? 41 —@——>® representation| —# — ® .
s database L A D (s.r€) = confidence
search @ T4 - - — _-— [
MSA ,'
s P Structure
@ 77414 _< Evoformer o i
(48 blocks)
Input sequence (8 blocks)
n I "i I I n T
Pair Pair
.| representation, — — _ ||representation | ——» 3D structure
- (r.r,c) (rr.c)
L., Structure | —
database et
search _—
Templates
|  /

\_ |
’\_‘{ < Recycling (three times) ]
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Contact maps are converted into dihedral angles

Pai |
repres:r:lrtation ' %5%@0.{" M

(r.r.c)

o ®
—— L]
d -~ | 8 blocks (shared weights) ? N e e
Predict X angles L ({_ﬁ
and compute all A & I
atom positions — R s y
J ) == ;f T s iE = i
@ Single répr. (r.c)l — @ 'Single repr. (rc) > 4 - N A~
J ®
Predict relative [
rotations and ¢ ‘L
translations ) Q0 GL--L
j\ = 0 % o ey
Vo ) k)*') .,(.) iy o7 L L 0C _Q' . -
A o N ¢ e % e
=/ -y <7 ° o Q. ; <
Backbone frames A = gj ') .
(r, 3x3) and (r,3) Backbone frames P, ct-
(initially all at the origin) \_ (r, 3x3) and (1,3) J i
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AF2 iterations

Recycling iteration 0, block 01
Secondary structure assigned from the final prediction
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https://s3.amazonaws.com/media-p.slid.es/videos/1510246/AJVk2V3X/41586_2021_3819_moesm4_esm.mp4

What is new in AlphaFold 3?

Biggest change is the use of a diffusion model

Diffusion models essentially learn to unscramble atoms into a structure

ER
Network
trunk l 1
module A o T module T T
(inference) Aa : e (training) Y —
; Lo :
E 48 samples - | Loss
______ 20 iterations S
mini rollout Permute
ground |
truth
Ground - : -
truth \ @ »| Confidence | menu

Y

@ o module ___"

Metrics

Loss
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AlphaFold 3 is supercharged for any
biomolecule

Proteins, DNA, RNA, ligands, PTMs, protein-proteins, etc.
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MTLSILVAHDLORVIGFENQLPWHLPNDLKHVKKLSTGHTL
VMGRKTFESIGKPLPNRRNVVLTSDTSFNVEGVDVIHSIED
IYOLPGHVFIFGGOQTLFEEMIDKVDDMYITVIEGKFRGDTF
FPPYTFEDWEVASSVEGKLDEKNTIPHTFLHLIRKK

DHFR (UniProt)

MGKKEVILLFLAVIFVALNTLVVAVYFRETADEQVVYGK
NNINQKLIQLKDGTYGFEPALPHVGTFKVLDSNRVPQIA
QEIIRNKVKRYLQEAVRIEGTYPIVDGLVNAKYTVANPN
NLHGYEGFLFKDNVPLTYPQEFILSNLDGKVRSLONYDY
DLDVLFGEKEEVKSEILRGLYYNTYTRAFSPYKL

Novel protein
(ChatGPT)

AlphaFold 3

AlphaFold Server

AlphaFgld Server

Powered by Alphakold'3

G Continue with Google

AlphaFold 3 model is a Google DeepMind and Isomorphic Labs collaboration

How does AlphaFold Server work?

AlphaFold Server is a web-service that can generate highly accurate biomolecular structure predictions
containing proteins, DNA, RNA, ligands, ions, and also model chemical modifications for proteins and nucleic
acids in one platform. It's powered by the newest AlphaFold 3 model.

alphafoldserver.com
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https://www.uniprot.org/uniprotkb/P0A017
https://alphafoldserver.com/

AlphaFold 3 is a breakthrough, not the final
solution

DHFR
Novel

€ Back & Download |_D Clone and reuse [1 Feedback on structure
& Back &, Download LD Clone and reuse [0 Feedback on structure
Very high (plDDT > 90) Confident (?0 = plDDT = 70) Low (70 > pIDDT = 50) Very low (plDDT < 50)
D S —— O
Very high (pIDDT = 90) Confident (90 » pIDDT > 70) Low (70 = pIDDT = 50) Very low (pIDDT < 50)
ipTM=- pTM=0.95 learn more . ] . ]
ipTM=- pTM=20.2 learn more
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Caveat: Proteins are dynamic
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https://www.youtube.com/embed/AjcUmxT-QEA?si=qupqTpuV5IvOB_ut&start=43&enablejsapi=1

What about intrinsically disordered proteins?

At least 40% of proteins have
disordered regions

AlphaFold (and all other methods)
struggle with disordered regions



https://alphafold.ebi.ac.uk/entry/Q6PKG0

Before the next class, you should

Lecture 11A: Lecture 11B:

Protein structure prediction - Protein structure prediction -
Foundations Methodology
‘----------------------------‘

Today Thursday

e Work on P02B, PO2C, and PO3A
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https://pitt-biosc1540-2025s.oasci.org/assessments/projects/transcriptomics/02B/
https://pitt-biosc1540-2025s.oasci.org/assessments/projects/transcriptomics/02C/
https://pitt-biosc1540-2025s.oasci.org/assessments/projects/protein-structure/03A/

