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Abstract

Development of Tools for the Interpretation of Cryo-EM Data

Gabriella Reggiano

Chair of the Supervisory Committee:
Frank DiMaio
Department of Biochemistry

In this dissertation, | describe my efforts to build tools to address two gaps in the field of
cryo-electron microscopy: deriving structural details about the conformational landscape from
cryo-EM data and model validation for moderate resolution cryo-EM maps. Currently, there are
few model validation metrics that can precisely evaluate the local quality of atomic models built
into maps solved to the resolutions common for cryo-EM. | developed MEDIC (Model Error
Detection in Cryo-EM), a robust statistical model to identify local errors in protein structures
built into cryo-EM maps. In the second half of this dissertation, | describe my efforts to use
atomic models to guide single particle analysis of cryo-EM datasets to obtain a mechanistic
understanding of the protein conformational space. Revealing the protein conformational
landscape contained in a cryo-EM dataset is notoriously difficult as individual 2D images have a
very low signal-to-noise ratio. State of the art methods are only capable of resolving a few very
distinct states or describing the motion at low resolutions.



Table of Contents

TABLE OF CONTENTS.....ccciitiiiiiiueretiiniisssssnnsesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnsssssssssssssnsnes 4
LIST OF FIGURES.....ccuuiitttuiiiiieniiiiieniiiieniiiiesisisessistsesssstsessssssessssssssssssssssssssssssssssnssssssnssssssnssssssnssssssnsssssenssssssnssssssnne 6
LIST OF SUPPLEMENTAL FIGURES......ccuiiiittiiiiitniiiiieniiiieniiiiessiiiiesisimssssstssssssssssssssssssssssssssssssnssssssnssssssnssssssnssssssnne 6
LIST OF TABLES ....ieuiiiitiiiiiitniiiieniiiiieniiiiessietiessistsessisttessssssessssssesssssssssssssssssssssnssssssnssssssnssssssnssssssnsssssenssssssnssssssnne 6
ACKNOWLEDGEIVIENTS ...ccuuiiiiueiiiiinniiiiteniiimensiiiiessisiessosmssssostssssossssssosssssssssssssssssssssssssssssssssssssssssssssnssssssassssssanssssss 7
DEDICATION ..ccoiiiiiiiiiinnreniinisisssnneessssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnssssssssssssssnsans 9
CHAPTER 1 : INTRODUCTION ....uuuuuuureiiiiiiiisssnneesiisssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnssssssssssssns 10
1.1 THE RISE OF CRYO-ELECTRON MICROSCOPY ....veeuuteesuteeureesueeesuseesseessseessseessseesseessseesssesssseessesssseesseesssessssessssessnseesnseess 10
1.2 OBTAINING A 3D MAP FROM CRYO-ELECTRON MICROSCOPY DATASETS ...ceteeteeauurrteeeeesaaanrerteeeesesaanserseeeesesaansnsseeeeassasnnnneee 10
1.3 INTERPRETATION OF CRYO-ELECTRON MICROSCOPY MAPS ...veuveeeutreesseeessueessesessasassesessssensessssesensesessssessesessesensessssessnsessns 11
1.4 INCORPORATION OF MACHINE-LEARNING IN CRYO-EM MODEL BUILDING ...veeuvveevreeueeenieeeseeessesesseeessseessesessssessessssssenesenns 12
1.5 VALIDATION METRICS IN CRYO-EIM IMODEL BUILDING ....vtteuveeereesiteesuteesuteesureesuseesuseesuseesuseesusesssseesseessseessseesseesnseessseess 12
CHAPTER 2 : RESIDUE-LEVEL ERROR DETECTION IN CRYO-EM MODELS ........ccccooeiinnnmrriiiniissssnnneessssssssssnssessssssssns 14
2.1 OVERVIEW OF IMEDIC ..c.uutiiiiiiiiieeitieeeete ettt ettt ettt e et e s bt e e at e s bt e et e s bt e eabeesabaeeabeesabaeeabeesabaeenbeesabeesaseesabeesaneess 14
2.1.1 Description Of StrUCLUIQl FEATUIES .........cuueeeesiieeeeeieeeeeee ettt e e e e e sttt e e sttt e e e taaessateaeesssaaesssseaeesssesansanes 14

2.1.2 DeSCription Of AENSItY FEATLUIE ........cccceneeeeeeeeeeeeeeeeeee e e ettt e e e e e ettt e e e e e e s st aaaeeesssssssaaaaaeesasasssanaaaaean 15

2.1.3 Training 0N OBSOICTEA SEIUCTUIES............eeeeeeeeeeeeeeeeee et e e e e ettt e e e e e e sttt aaaeeesasasasaeaaeessasssssanaaaaean 15

2.3 TESTING MEDIC ON DEPOSITED STRUCTURES ..ttt teuuuuttttteeseaaauurttaeeessasausasseeeesesaasnsseesesssaaaunsaeeeesssasansseeeeessesaansenseeeens 16
2.3.1 Validation on low resolution structures later solved to higher resolutions..............ccccccovvueveeeeeccvivennnnnnn. 16

2.3.2 Using MEDIC to guide model rebuilding................c.uueeeueeeeeeeieeeeiee et eeeee e teeesteeeeetaaessaaaeessenesenes 17

2.3.3 Identifying errors in all deposited structures in the EMDB................c.ueeeeeueieecieeeeciieeeesveaescieaeesirenaesnns 19

2.3.4 MEDIC can guide rebuilding of and find errors in AlphaFold predictions.............ccccoeeeeveveeecieeeesiereennns 19

2.3.5 MEDIC performs similarly when using half-maps for refinement and evaluation ..................ccccccuvuueen.... 20

2.4 DISCUSSION OF IMIEDIC ...ttt ettt ettt e e ettt e e e e et e e e e e e e ba b et e e e e e aaanbbeeeeeeeeaannbaeeeeaeeeaansnnbeeeens 21
2.4.1 Possible improvements t0 MEDIC...............ouuueeeeeccieeeee e et e e e e ettt e e e e e e sttt eaaaeeessssasaaaaaeessssssenaaaaean 21

D Y V|4 [ =Tord (o) KPP UPT 22

2.5 ACKNOWLEDGEMENTS ..euuveeuuteesuteessteesueeesseeesseeesseeesseessesenseesnsessnsessssssensessnssssnsesssessnsessnsessnsessnseesnsessssessnsessnseesnsees 23

3.1 OVERVIEW OF MODEL-GUIDED IMAGE PROCESSING ....ceeuvteeutreeutesteeenseessseeesseessseesseessseesnseessasssesssessnsessnsessssessnsessnseess 34
3.1.1 Passing hypothetical density maps t0 3D ClASSIfICAtION ..........ccccuveeeesiiieeeiiieeeeeeeeeeeesceaeeceeeescea e e 35
3.1.2 Generation Of NYPOLNELICAI SEALES...........ueeeeeeeeeeeteeee e et e e e ettt e e e e e ettt a e e e e e s essasaaaaeessssasssesaaaaean 35
3.1.3 Measures t0 PreVeNnt OVEITItliNG...........cc.uuuueeeeeeeeieeeeeeeeeecteee e e e e ettt e e e e e e st eaaaeeessssasaaasaeesessssanaaaaean 35

3.2 RESULTS ON PRELIMINARY DATASETS .. eeuuutttteeeeesaauureeeeeessaaauuseeteeaesaaaansasseeeesesaasnseeeeesssaaannsaeaeesssasannseneeeeseesaanssnseeeens 36
3.2.1 Model-guided 3D classification recapitulates traditional Methods ..............ccccveeeevveeeeccieeeiiieeesiieeeenns 36
3.2.2 Recapitulating real motion based on a single MOdel ................ccueeeceeeeeeeiiieecee e e e e sea e e 36
3.2.3 Using 3D classification to eliminate states which are not present in the 2D images..............ccceeevvvveeeun. 37
3.2.4 Running iterations of model-guided ProCeSSING...........cuueeecuieeeieieeesieeeecteeesceeeesee e e steaeesttaaeesseaesnees 38

3.3 MAJOR ROADBLOCKS AND FUTURE DIRECTIONS ...eetuuuuttttteessaaauusteteeassesausasseeeeeesaaunseeeeeasaaaunsaeaeeessasannsseeeesesessanssnseeeens 39
3.3.1 Rebuilding 10€Cal €rrors in G MOGEI..............ooeeeeeeeeeeeeeee ettt e e e sttt e e e e e e s e st a e e e e e s ssssasaaaaeas 39
3.3.2 Finding the ideal number of States in @ AALASETL............cocueereeeieeeeeeecieieee et e e e e sareee e e e e e e siranaaaa e 39
3.3.3 FULUIE QIFECLIONS ..ottt ettt s e st s e st e st e st e sate e s bt e sabaesabaesateasbaasasessbaesaseanas 40

3. ACKNOWLEDGEMENTS ..euuveeutteenueeessteesuteesseeesseeesseeesseesnsesenseesssessnsessssessnseesssesnsessssessnsessasessssessnseesnsessnsessnsessnseesnsees 40

CHAPTER 4 : IMETHODS .....ccciiiiiiiunnnetiiiisissssnneesissssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnnsssssssssssns 46

1V ] [ o PSPPSR 46



4.1.1 Preparation Of INPULE PADS ...........eeeeieeeeeeeee ettt ettt e e e e e ettt e e e e e ettt aaaeeesasssasaaaaeessssssssanaaaaean 46

4.1.2 EVAIUQLION Of @ITON VS NMON-BITON ...ccc.eeeeeieeeeiieeeeaeestteeeettaeeetaaaesuteeaeastaaessssasasssasesssssssssssnasesssenannas 46

4.1.3 Calculation Of @rror CONTIIDULIONS .........cccueeeeeeeieeeeeeeescee e e ee e e st e et a e e sttt aeessaaaessasaassssesesssssaeesseeaaans 46

4.1.4 Error identification on deposited structures and retraining ............cc.occvueeeeeveeeeeiieeeseieeeesisiseesieeeesieeennns 47

B WY oYo [=d =] o1V ] Lo T USRS

4.1.6 High- and low-resolution structure validation ..................

4.1.7 Error identification in AlphaFold models

4.1.8 CompariSON t0 Q-SCOIES ......ccceeeeeseieieseiiseiisesessiessssssssssssssssnens

4.1.9 Identifying errors in all deposited structures in the EMDB

4.1.10 Generating a training set for detection Of FOTAMET €ITOIS .............eeeccveeeesiieeeeiieeescieeeesieeeesereaesirseaaens 48

4.1.11 Evaluation of MEDIC USING RQIf-MAPS .......ccccuveeeeieeeeeieeeeetieeeceeeesee e e sttt a e s saea e e s ttaeesssaaaessseasesssenanans 49

4.2 MODEL-GUIDED IMAGE PROCESSING ....vteuteesuteesureesseesuseesuseessseesuseessseesasesssseesuseessseesuseessseesssesssseessessssessssessssessssesssees 49

4.2.1 Normal mode StAte GENEIALION ..........c....uueeeeeeeeeeeieeee e e ee ettt e e e e e ettt a e e e e e s ssasseaaaeeesssssssasaseesaesssssanaaaaean 49

4.2.2 Generation Of INtErPOIALEA SEATES ...........ueeeeeeeeeeeeteeee et e e ettt e e e e e sttt a e e e e e sasras e aaeeesssssssenaaaaeas 49

4.2.3 Density map generation and histogram MALCAING ...............uueeeeeeeeeieieiieee et eeeeeteee e e e e eesitrenaaaa e 50

4.2.3 Passing density maps to 3D classification and refine@mMent ................cceeeeeeeeeceieveeeseeeeeciiieeeeeeeeecciveeaaaann 50

4.2.4 Running iterations of model-guided iMage ProCesSiNG...........cuuecvueescveeeesiieeeeiieeescieeeesieseeeissaaesireeaaans 50
SUPPLEMENTAL ..cuuttttiiiiiiinneeetinississssseesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnsssssssss 52
BIBLIOGRAPHY ....coiiiiiunreeiiiiiiiissneetiiississsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnnsssssssssssns 70




List of Figures

FIGURE 2.1 OVERVIEW OF TRAINING AND USAGE OF IMIEDIC. ...coiiiiiiiiiiieeeeeceeeeeeeeeeeeeee ettt ettt e e e e e e e e e e e e e e e e e e e e e e e e e e e e e s e e e aeaanees 24
FIGURE 2.2 MEDIC IDENTIFIES ERRORS THAT ARE VALIDATED BY HIGH-RESOLUTION DATA. c.eieieeeieieieieieeereeeeeeeeereseeesesesesesssesesesssenens 25
FIGURE 2.3 SEQUENCE REGISTRATION ERRORS IDENTIFIED IN DEPOSITED STRUCTURES. ..ceettteieieeeieierereeerereeeeeeereseeesesesesesesesesesesssenens 26
FIGURE 2.4 BACKBONE ERRORS IDENTIFIED IN DEPOSITED STRUCTURES. ..eeteeeieeuurrereeeeseesinrreseeseeessassssesssessessssssssssessesssnsssseesseennns 27
FIGURE 2.5 MEDIC IDENTIFIES ERRORS IN OVER 1000 DEPOSITED STRUCTURES IN THE EMIDB. .....veiiiiiiiieee e 28

FIGURE 2.6 MEDIC CAN GUIDE REBUILDING OF AND IDENTIFY ERRORS IN ALPHAFOLD MODELS.. .
FIGURE 3.1 OVERVIEW OF METHOD TO PROCESS CRYO-EM DATA WITH ATOMIC MODELS. «..cvvvreeeeeerinnrrreeeeeesennnreeeeessesnmneeeeeessennns

FIGURE 3.2 ONE ITERATION OF MODEL-GUIDED IMAGE PROCESSING RECAPITULATES RESULTS FROM FOCUSED CLASSIFICATION. ............. 42
FIGURE 3.3 NORMAL MODES CAN RECAPITULATE LARGE PROTEIN MOTIONS, BUT NOT SMALL ONES. ....cuuvtterieeeaiinrreeeeeesesnnneeeeeeeeannan 43
FIGURE 3.4 3D CLASSIFICATION CAN IDENTIFY THE HYPOTHETICAL STATE THAT BEST REPRESENTS THE DATA. .. iiiiiiieeeeeeeeiieeeeeee e 44
FIGURE 3.5 DIFFERENCE MAPS DID NOT IMPROVE REFINEMENT OF ATOMIC MODELS DURING MODEL GUIDED IMAGE PROCESSING. ......... 45

List of Supplemental Figures

SUPPLEMENTAL FIGURE 2.1 INITIAL TRAINING SET CONTAINS A VARIETY OF ERRORS MADE BY MODELERS. ..vuvvvuvuverernensnsnsnnnnnnnnnnnnnnnnnes 52
SUPPLEMENTAL FIGURE 2.2. PRECISION-RECALL OF MEDIC PREDICTIONS FOR THE SET OF 3 WITHHELD OBSOLETED STRUCTURES USING AN
EARLY VERSION OF IVIEDIC. .uuuuniiiiiiiiiiiee et e ettt ieeeeeeeeettte e e e e e e eeaaaaeeeesessstanneeeesessstaasaeessessstansseesesesssnnnnsessesessnnnnneens 53

SUPPLEMENTAL FIGURE 2.3 HIGH RESOLUTION STRUCTURES CONTAIN DIFFERENCES WHICH ARE NOT SUPPORTED BY THE DATA
SUPPLEMENTAL FIGURE 2.4 MEDIC TENDS TO MARK DISORDERED REGIONS AS ERRORS. .....vverierieieniiesieestiesteeteete e sneesneeneenneens
SUPPLEMENTAL FIGURE 2.5 PRECISION-RECALL OF MEDIC PREDICTIONS FOR THE SET OF 12 REBUILT STRUCTURES USING THE FULL

TRAINING DATASET. 1etttetieeiuurrereeessessusreseeesssssansseseeeesessasssssesesssssasssseessssssassssseessssssssssssesseesssnssssseesessssnsssssessessssssssnnes 56
SUPPLEMENTAL FIGURE 2.6 EXAMPLES OF ERROR PREDICTION ON DEPOSITED MODELS IN THE EMDB. ......ovvviieeiiiiiiieeee e, 57
SUPPLEMENTAL FIGURE 2.7 PRECISION-RECALL OF MEDIC PREDICTIONS FOR 4 REFINED ALPHAFOLD MODELS........cccvvvveeeeeeeenrrrreennn. 58
SUPPLEMENTAL FIGURE 2.8 MEDIC PERFORMS SIMILARLY ON HALF=IMAPS. ....uuuuuuuuuusunnnnnennnnnnsasnsnsnsssnsnsnsnsnsnsssssnsnsssnssssssssssssssnnns 59
SUPPLEMENTAL FIGURE 2.9 FEATURE BREAKDOWN AND PERFORMANCE FOR PREDICTION OF ROTAMER ERRORS. . ..60
SUPPLEMENTAL FIGURE 2.10 MEDIC WILL BE AVAILABLE AS A PLUG-IN TO CHIMERAX. ....uuuuuuuuurnrnrururnrannnnnnnannrsnnnnnnsnsanennnnnnnnnnnnnee. 61

SUPPLEMENTAL FIGURE 3.1 IDENTIFICATION OF HYPOTHETICAL STATES THAT MAY OR MAY NOT EXIST IN THE DATA....cevvvrieeeeernnenneeen. 67

SUPPLEMENTAL FIGURE 3.2 ORIENTATIONS FROM MAP REFINEMENTS OF PREVIOUS ITERATIONS IMPROVE CONVERGENCE OF MODEL-
GUIDED IMAGE PROCESSING ...etutunitnititnitintinsin st st sts e ste st st st s es s st sa st saasaasanssa st saastnsansanssnsssestnsansansenssnnsnnsansenns

SUPPLEMENTAL FIGURE 5.1 SOME OF THE ITEMS CROCHETED BY THIS AUTHOR OVER THE COURSE OF HER GRADUATE CAREER

List of Tables

TABLE 2.1 SUMMARY OF IDENTIFIED AND CORRECTED HIGH-PROBABILITY ERRORS IN 12 DEPOSITED MODELS, EXCLUDING DISORDERED

R oL L e 32
SUPPLEMENTARY TABLE 2.1 DENSITY MAPS AND MODELS USED TO FIT DENSITY Z-SCORES........uuuutrerreeeeesinrreeeeeesessmnnnneeeessssmnnnneeeens 62
SUPPLEMENTARY TABLE 2.2 VALIDATION STATISTICS ON SEVEN OBSOLETED STRUCTURES ..eeeeeuueerrerreeesesenrreeeeeesessmnnnnreeessssmnnneeeeens 64

SUPPLEMENTARY TABLE 2.3 VALIDATION STATISTICS ON SET OF 12 REBUILT MODELS BEFORE AND AFTER. ..



Acknowledgements

It’s a gift to be able to look back at myself five years ago and so clearly see my
intellectual and personal growth. There are many people to thank for that, but the largest
contribution belongs to Frank. He is incredibly generous with his time: always willing to look
through code with you, to critique a presentation slide by slide, to discuss the minute details of
Rosetta. More importantly, Frank is always enthusiastic. | have come to him many (many) times
with bad data and always left his office invigorated and full of ideas. | don’t think | would be
writing this now if not for his optimism about my middling results (not everything in this thesis
is middling, | promise) and his kindness in allowing me to switch projects halfway through my
PhD.

| also want to thank my committee: Justin Kollman, Chip Asbury, David Veesler and
David Baker, whose thoughtful discussion about my research strengthened my work. |
especially want to thank Justin, who allowed me to drop in on his group meetings when |
needed extra help from a microscopist, and Chip, whose support (and wonderful feedback at
every BPSD seminar) has given me some of the confidence | needed to finish out this PhD.

The BPSD program wouldn’t run without Erin Kirschner, who has a bajillion jobs and still
manages to make sure that no student falls through the cracks. She was a wonderful resource
for navigating the department and to chat with as | was figuring out my career path. Thank you,
Erin, for always making personal time for students despite your busy schedule.

To my friends and coworkers in the DiMaio lab: Daniel Farrell, Guangfeng Zhou, Carson
Adams, Andrew Muenks, Marisa Brandys, and Ryan McHugh, | am very thankful that | got to
come into the office and start arguments, and take quizzes on wax figurines, and put together
tier lists. | recently read an article that said one of the greatest determinants of your happiness
at work is not what you do, but who you are doing it with, and working with all of you has
brought me so much joy.

| want to thank my friends, who have listened to me rant, made me laugh, and
reminded me of my worth outside of my career. I’'m especially thankful to the friends | made
because of this program: Inez Pranoto, Robby Divine, Halli Benasutti, Ryan Kibler, Celia Bisbach,
Ha Dang, Olivia Thibeault, Mimi Divine, Meg Adams, James Griffin, Anna Lauko, and Erin Yang.
Grad school and working in science can be such particular and unique experiences, and you all
have helped me stay sane. I'm very grateful for my cohort, who made me feel welcome in a
new state, thousands of miles from my family and friends. Every year, our cohort would rent a
cabin, and we would split off for activities during the day, relaxing in whatever way we wished
and then come back together for meals or for games or for chit chat at the end of the day. That
type of simple, effortless camaraderie is not easy to find, and I’'m so glad that | found it here
when | needed it.



| want to thank Marisa and Inez, especially. Being vulnerable with these two has led to
fulfilling friendships that | look forward to maintaining. Marisa continues to inspire me to
advocate for myself, without her encouragement it would have taken me much longer to reach
out for help. I’'m not sure that | would be writing this if she hadn’t initiated our friendship and
shared her own fears and worries about graduate school with me. Marisa has such a wonderful
talent for leading conversation, something | cherish (and envy) in a friend. Inez, | think
unknowingly, just in her natural state of being, facilitated many of the friendships I've made
here. | admire her work ethic, her ability to maintain friendships across states (that will come in
handy), and her positivity. She has so much faith in me and my abilities, and | have leaned on
that many times throughout my graduate career.

For our regular video chats and their insight and support, I’'m so thankful for Lianne
Barney and Elizabeth McSheery. When | think of the most important things that came out of my
time at UConn, you two are first in my mind. | hope that the three of us can be in one place
more often than we are now (it should be much easier, considering Lianne and | have
consolidated — Elizabeth, you are welcome to consolidate with us). | also want to thank so many
of my friends not listed here, outside of the program and back home, who | looked to for joy
and for support.

Finally, | want to thank my family: my parents, my sisters, and my brother. My sisters,
Michele and Bianca, for somehow always sending me a care package on my worst days. My
brother, AJ, for helping me feel at home, even when | felt caught between two different states.
And my parents, for their endless support. | remember asking my family to watch a public talk |
was giving online, thinking maybe they would, it’s 10pm their time, they probably won’t stay
up. My dad stayed up to watch, with the help of several cups of coffee, and he called me up the
next day to tell me how my talk was the best of the three that night (he is obviously very
unbiased). And then he told me how he had called the hosts to get a link to share and sent the
video to everyone. | can’t wait to come home to all the noise and ruckus of our family.



Dedication

For another, smarter me.
May you continue to become less dumb.



Chapter 1 : Introduction

1.1 The rise of cryo-electron microscopy

Many of our body’s critical functions: the breakdown of food into energy, the chemical
signals sent from our brain to our muscles, the physical work required to contract those
muscles, are mediated by proteins [1-2]. Every protein in our body, of which there are around
20,000 unique structures, is given a specific task. Take, for example, glycolysis — the breakdown
of glucose to create 2 ATP — which requires 10 different enzymes to extract only some of the
energy contained in this single molecule of sugar [3]. Our understanding of glycolysis is entirely
dependent on our knowledge of each enzyme: how each catalyzes a specific reaction, how each
is regulated by ligands or post translational modifications. Understanding how and when a
protein does its task provides insight into how the most basic functions are carried out in our
cells and our bodies [4].

A 3-dimensional structure aids that process, allowing scientists to create testable
hypotheses about the specifics of how a protein performs its function. X-ray crystallography has
been the preferred method for obtaining a 3D structure of a protein since the 1950s, with 86%
of deposited structures in the RCSB solved by this method. Cryo-electron microscopy (cryo-EM)
structures make up a much smaller portion of the database, but the number deposited has
been growing exponentially [5]. This growth can be attributed to advances in image processing
and direct electron detectors, which have made it possible to obtain resolutions that rival X-ray
crystallography [6-10]. Most cryo-EM density maps, however, are obtained at resolutions in the
range of 3-5A due to conformational and structural heterogeneity [11].

Despite the limited resolution compared to X-ray crystallography, cryo-EM still has
several advantages: (1) It does not require a crystal, which often necessitates a large amount of
purified protein. (2) It captures proteins closer to their physiological state, as they are kept in
solution until the point of freezing. (3) It is amenable to large protein complexes as well as
membrane proteins. (4) Finally, it can provide insight into the conformational landscape of a
protein [12-13].

1.2 Obtaining a 3D map from cryo-electron microscopy datasets

In cryo-electron microscopy, a protein sample is flash frozen in a thin layer of vitreous
ice and the sample is imaged with a transmission electron microscope. Individual 2D images of
the protein are collected from the micrograph and averaged to increase the signal-to-noise
ratio. Each averaged image captures the protein in a different orientation, and we back project
them to build a 3D map. Averaging individual images is essential to obtain higher resolutions
but can be problematic if the protein is structurally or conformationally heterogenous. Regions
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of flexibility or binding partners and ligands with partial occupancy will be captured at lower
resolutions or omitted from the 3D reconstruction entirely.

Although the details of flexible regions are lost in the 3D reconstruction, that data is still
present in the individual 2D images and can be extracted with more complex image processing
techniques [14-18]. Some of these techniques can reveal how domains move in relation to each
other but are unable to improve the resolution [16-18]. Others can improve the resolution of
large domains but details at the interface get lost in the analysis [15]. As such, interpreting the
conformational landscape at the atomic level remains an open problem.

1.3 Interpretation of cryo-electron microscopy maps

Once a microscopist has their density map, an atomic model that can explain the
coulombic potential must be created. Building an accurate structure at the resolutions (3-5A)
common for cryo-EM is difficult; side-chain density at resolutions between 3-4A is limited and
carbonyls are indistinguishable from the tube of the backbone. At 54, the backbone can no
longer be traced in the density: alpha-helices become rods and beta-strands blur together. And
once the resolution drops below 5A, cryo-EM maps become interpretable only at the domain
level.

Modelers can take advantage of previously solved structures of components to aid the
interpretation of their map, even at low resolutions. Crystal structures can be docked into the
density and then refined with a variety of protocols that use force fields derived from high-
resolution structures to improve the geometry of the model while maintaining the density fit
[19-20]. Homology modelling, combined with flexible fitting, is a powerful tool to build a
starting model if no crystal structure is available [21-22].

If a microscopist is studying a protein with low homology or if regions of the structure
need to be rebuilt to fit the density, they often build the backbone and assign residue identities
manually. Manual building has become standard in the field because tools for building
structures into X-ray data are unreliable at the resolutions typical for cryo-EM [23-24].
Automatic methods for de novo modelling at these resolutions have been developed to reduce
bias and errors and take two different approaches: fragment-based rebuilding [25-26] or chain-
tracing followed by sequence assignment [27-28]. Fragment based methods tend to be more
computationally expensive and struggle to build large proteins or segments greater than 100
residues in length. On the other hand, chain-tracing methods rely heavily on side chain
information to properly assign sequence, so accuracy drops significantly around 3.5A. Both
methods require continuous density with a clear trace of the main chain to build the backbone.
As a result, building structures de novo was only possible at resolutions higher than 4-4.5A for
many years.
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1.4 Incorporation of machine-learning in cryo-EM model building

The advent of machine learning for structure prediction has made it possible to model
structures at much lower resolutions, even below 5A [29]. These highly accurate deep-learning
methods leverage co-evolution information gleaned from multiple sequence alignments (MSA)
to accurately predict protein structures, while more recent methods swap the MSA for
language models [30-32]. However, these methods still struggle with proteins that have shallow
MSA information, with protein complexes, and with flexible regions [33-34]. Cryo-EM data
complements these weaknesses: domain orientations are clear down to 9A resolution and
flexible regions or regions with poor covariance information in the MSA may be visible at higher
resolutions. In fact, incorporation of implicit density into the AlphaFold prediction pipeline was
shown to improve density fit for a small number of cases [35].

Instead of editing or refining a predicted structure into cryo-EM data with traditional
tools, new deep learning methods have been trained on the explicit task of building and
refining models into density. DeepTracer and ModelAngelo use neural networks to predict
where the backbone chain is likely to reside in the density and then assign amino acid identities
using the side chain density before building an atomic model. As such, these two methods are
only suitable for higher-resolution structures; performance starts to drop around 3.5A [36-37].
EMBuild, on the other hand, was designed with the explicit task of refining models into lower-
resolution maps and was tested on maps ranging from 4A to 10A. EMBuild similarly predicts
where the backbone will reside based on the density map and uses this backbone probability to
refine domains of predicted models into the density [38].

1.5 Validation metrics in cryo-EM model building

Deep learning methods have drastically reduced the labor and expertise necessary to
build cryo-EM structures. Microscopists can start with an AlphaFold prediction, only needing to
rebuild small portions of the model to fit the density, or they can take advantage of these new
deep learning tools that will build their structure from scratch. In the former scenario, a
modeler can introduce errors in the regions which require rebuilding. In the latter, it is possible
for the method itself to make a mistake. Deep learning models are only as accurate as their
training data, so mistakes made by microscopists could be learned and propagated by these
methods. Thus, the ability to identify errors will not only aid during hand-building but can
create more accurate data for deep learning methods to train with.

Previous efforts in identification of model errors rely on metrics that primarily fall into
one of two categories: model quality metrics that focus on atomic geometry [39-40], and fit-to-
density metrics that focus on local fit-to-density [41-45]. Model quality metrics usually identify
residues or bonds with geometry that differ from statistics collected on high-resolution crystal
structures. Often, these metrics are not precise enough to catch local mistakes at the
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resolutions common for cryo-EM, because refinement protocols can easily push a wrong model
to have good quality under these metrics. CaBLAM addresses this by defining a new geometry
term for the backbone which is not used by refinement protocols; however, due to its high
cutoff value, CaBLAM is unsuitable for residue-level accuracy [46]. Density-based metrics have
two major weaknesses: many are noisy at the level of individual residues and are better suited
to evaluate a model’s global quality [42,43], while density-based metrics that robustly evaluate
local fit rely heavily on side chain density, making them less reliable at resolutions below 3.5A
[45]. Furthermore, some scientists may overfit their models to low-resolution density, so
density fit by itself is not always enough to evaluate whether an error has been made [47-48].
Neither model quality metrics nor density-based metrics are robust enough to identify mistakes
made at these resolutions.
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Chapter 2 : Residue-level error detection in cryo-EM models

2.1 Overview of MEDIC

In this chapter, | present MEDIC (Model Error Detection in Cryo-EM), a statistical model
that weighs the contributions of structural information with local model-map agreement to
identify local backbone errors in a cryo-EM structure. An overview of training and usage of
MEDIC is shown schematically in Figure 2.1. MEDIC is trained to predict a probability of error for
every residue, based on three features: energy guided metrics for Ramachandran angles and
bond deviations from Rosetta’s energy function [49], expected fit-to-density for a residue given
the local resolution and the amino acid identity, and predicted model error from
DeepAccuracyNet (Figure 2.1A). DeepAccuracyNet is a deep convolutional neural network
trained to distinguish native protein structures from Rosetta-determined decoys [50]. It
predicts per-residue local Distance Difference Test (p-IDDT), a measure of the number of atom
pair distances that are maintained between a native structure and a decoy [51]. We compute
DeepAccuracyNet’s predicted error on substructures of the input model and combine
substructure predictions. Without this step, DeepAccuracyNet predicts that all residues in a
structure are placed correctly (p-IDDT of 1.0) for large complexes typical in cryo-EM studies. For
the fit-to-density metric, | used masked real-space cross-correlation to measure density fit, and
then normalize that value based on statistics for each residue identity at its local resolution,
gathered from a set of deposited map-model pairs between the resolutions of 1.5 to 5A.

Given these three features, a combined model was trained using a set of seven
obsoleted protein structures which had been edited months after the initial deposition,
presumably to correct structure errors. In this dataset, we identified a variety of errors in the
obsoleted versions: loops drawn through helical density, sequence registry errors, squished
loops, and misplaced carbonyls (Supplemental Figure 2.1). The combined logistic regression

model was trained to predict the residues that changed between the original and most-recent
deposition. | validated this initial model on an additional 3 obsoleted structures which had been
withheld from training. | compared MEDIC’s error probabilities to the residues that changed
between these depositions and found that MEDIC had a precision of 76% at a recall of 60%
(Supplemental Figure 2.2). Given the high performance on this initial set, | then used this model

to generally evaluate deposited structures (Figure 2.1B). Throughout my analysis, | divide these
probabilities into three categories: definite error, possible error, and non-error (see Methods).
Data analysis is performed only with the definite errors, while each image is colored according
to the three categories.

2.1.1 Description of structural features

The energy guided metrics in the model are pulled from Rosetta’s realistic energy
function [49]. Every pdb is refined in Rosetta, so that the energy scores are meaningful. Then,
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the energies for Ramachandran angles (rama_prepro) and bond deviations (cart_bonded) are
evaluated for each residue in the structure and fed directly to MEDIC.

The final structural feature, predicted IDDT, comes from DeepAccuracyNet [50]. Because
DeepAccuracyNet was trained on smaller structures, <300 residues in length, | run the model
on portions of the structure at a time: a sequence of 20 residues and the context within 20A of
that query sequence. DeepAccuracyNet also predicts the mask to use during the IDDT
calculation and | additionally mask out nearby residues (i-4 to i+4) in the predicted mask to
downweight DeepAccuracyNet’s tendency to favor alpha helices. The predicted IDDT values are
saved for only the query sequence and then passed to MEDIC.

2.1.2 Description of density feature

To calculate expected fit-to-density for amino acids, | collected statistics on a set of 24
deposited map-model pairs, using atomic B-factors as a substitute for local resolution. Each
model is refined as described in Methods. The masked real-space density cross-correlation was
calculated for every residue using an atom mask of 3.2A and each was placed into a bin
according to its amino acid identity and the average B-factor of the residues within an 8A
neighborhood. Outliers were removed from each bin using the interquartile range method. A
mean of the cross-correlation scores was then computed for each amino acid/B-factor bin and a
standard deviation was calculated across each B-factor bin.

Now that | have collected statistics, | can apply them during error prediction. The means
and standard deviations are used to transform the cross-correlation of each residue in a protein
model into a z-score. A very negative density z-score is indicative of a residue which fits the
density worse than expected, given its amino acid identity and the average B-factor. The
density z-score is then passed to MEDIC. This process of collecting statistics and transformation
of raw scores is carried out for the cross-correlation of the residue by itself and the cross
correlation of a three-residue window centered on the residue of interest.

2.1.3 Training on obsoleted structures

| probed the RCSB for pdbs which had been edited after deposition, pulling all cryo-EM
structures between 2.5 and 4A resolution that had coordinates replaced [5]. Upon manual
inspection, 10 models of the 46 were chosen, eliminating cases where changes were made to
ligands, nucleotides or only rotamers, or where the obsoleted model didn’t resemble a globular
protein. 3 of the 10 models were withheld from training and used for validation. PDB IDS for
this training set are: 6K1H, 6ZA9, 7BV2, 6TT7, 6CP3, 7BW4, and 7KSM. We added two structures
to the training set which we believed to contain very few errors and labeled every residue as a
non-error: 6VRW and 6US8E. PDB IDS for the validation set are: 5V8F, 7JSN, and 6L42.

Now | have a set of pdbs that contain mistakes made by microscopists and need to
generate labels for training, marking each residue in a model as an “error” or “non-error.” |
compare the obsoleted pdb with the newer version, removing any domains or regions that exist

15



in only one of the models. Each residue in which the backbone atoms have an RMSD greater
than or equal to 1A between the two models is marked as an error. To capture sequence
registration errors, any residue that appears in the obsoleted model but not the new version is
marked as an error. This process resulted in approximately 800 errors out of a total of 21000
residues. | then trained a logistic regression classifier, with balanced class weights, to predict
the errors using the structural and density features.

In the earlier stages of this project, | also trained a multilayer perceptron (MLP) to
predict errors. Unlike a logistic regression, which learns only a linear combination of the
features, a multilayer perceptron can learn about relationships between features and apply
more complex logic operations. The performance of the MLP on the small cross-validation set
was equivalent to the logistic regression classifier. Moreover, when | tested it on a larger set of
structures (those discussed in section 2.3.2), | found that the MLP marked many more single
residues as mistakes, a hallmark of overfitting. | suspect that the training set and the associated
features may be too simple for an MLP. It’s possible that with a larger training set and more
features, an MLP would perform better.

2.3 Testing MEDIC on deposited structures

2.3.1 Validation on low resolution structures later solved to higher resolutions

To validate my approach, | considered EMDB-deposited structures between 3.5 and 5A
resolution, which were subsequently solved to better than 3.5A (and at least 1A better than the
original deposition). There were 68 cases, of which | manually removed 41 with domain
orientation changes between the high-resolution and low-resolution structures. The results on
this dataset are summarized in Figure 2.2A. On this set of 27 structures, our method has a
precision of 67% at a recall of 60%. MEDIC outperforms the widely used density-only metric, Q-
score [41], which has a precision of only 34% at the same 60% recall.

| next examined which features were predictive of the true positives identified by
MEDIC. Approximately 81% are predicted by the p-IDDT alone, while the remaining 19% require
at least 2 features to be considered an error. The reliance on p-IDDT to predict most of the
errors could be because of bias in the training set, which primarily contains long segments that
were corrected. It might also simply reflect the types of errors microscopists tend to make;
hand-built models are much more likely to fit the density well but have poor geometry and
structural features.

Some of the errors identified by MEDIC in the low-resolution structures are highlighted
in Figure 2.2B, with the corresponding model in its high-resolution density map in Figure 2.2C.
In a structure of a voltage-gated calcium channel (PDB 5GJW), it is difficult to trace the
backbone while properly accounting for the large aromatic side chain density (Figure 2.2B, top
panel). The mistake is identified by MEDIC with relatively equal contributions from the p-IDDT
and bond geometry scores. Likewise, the error found in an insulin degradation enzyme (PDB
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6B70) is captured by multiple features, this time the density and bond geometry scores (Figure
2.2B, middle panel). The backbone is hardly visible in the density map, which may explain why

the microscopists had difficulty properly fitting the serines into the density. In contrast, the
mistake found in a transmembrane channel (PDB 6M66) is dominated by the p-IDDT score
(Figure 2.2B, bottom panel). It would be difficult to catch this error by visual inspection, as the

model seems reasonable given the density.

To better understand any shortcomings of MEDIC, | looked at two structures for which
the performance was worse than the aggregate results. MEDIC falsely marks an entire stretch
of residues as a mistake (Figure 2.2D) in a partial complex of an ATP synthase (PDB 6F36). It
does not see the proper structural context for this sequence as it is unmodelled in the low-
resolution structure (Figure 2.2E). The other case which MEDIC performed poorly on, a
dehydrogenase (PDB 7E5Z), contained many errors fewer than 3 residues in length which
MEDIC failed to identify, two of which are shown in Figures 2.2F-I. MEDIC fails to mark an
incorrect carbonyl as an error in the low-resolution model (Figure 2.2F) that is supported by the
higher-resolution data (Figure 2.2G). However, MEDIC finds zero high-probability errors in a
region of the low-resolution model (Figure 2.2H) which appears to be an error in the high-
resolution model (Figure 2.2l).

Given the worse performance on the errors in the dehydrogenase (PDB 7E5Z), |
manually examined 30 differences across 4 low-resolution structures that MEDIC failed to
identify. Among these, 16 were mistakes in the model built against low-resolution data, while
14 were either ambiguous in the high-resolution density or seemingly incorrect in the high-
resolution model. Three examples are highlighted in Supplemental Figure 2.3: one difference

where the high-resolution structure has an error (Supplemental Figure 2.3A-B), and two more

where the high-resolution structure is not supported by the density (Supplemental Figure 2.3C-
F).

2.3.2 Using MEDIC to guide model rebuilding

With the understanding that MEDIC is relatively precise when identifying errors, | next
wanted to assess the usefulness of the model to aid in a manual structure rebuilding process.
To that end, | evaluated MEDIC on a selection of 12 models with diverse topologies and
resolutions and attempted to fix — using Rosetta refinement tools and AlphaFold — all the
segments marked as errors (see Methods). There were 237 segments predicted to be definite
errors (with high error probability), 33 of which were disordered regions with little or no visible
density (Supplemental Figure 2.4). Of the remaining 204 segments, 133 (65%) were 1-3 residues

in length, 38 (19%) between 4-9 residues, and 33 (16%) were greater than 10 residues. | was
able to rebuild and fix 120 (59%) of these segments; for an additional 26 segments, | was able
to significantly reduce the number of definite errors in that region. The fixable mistakes
included 2 sequence registration errors, where the sequence is shifted on the backbone relative

17



to the correct placement, 51 incorrect loops, 51 cases of poor secondary structure, and 16
flipped carbonyls (Table 2.1).

A representative subset of errors that MEDIC was able to address are highlighted in
Figures 2.3 and 2.4. In these cases, | was able to correct 2 significant sequence registration
errors (Figure 2.3). Figure 2.3A compares the deposited structure of a lipid scramblase (PDB

6E10) with my new model. Notably, my model has better hydrophobic packing and | explain the
large side chain density with a phenylalanine as opposed to a lysine residue (Figure 2.3B). This
sequence registration error was propagated from a previously solved crystal structure (PDB
4WIS), in which the density for this region was poorly resolved. In both structures, this helix is
preceded and followed by unresolved regions, making proper sequence placement more
difficult. Conversely, the sequence registration error found in a hedgehog receptor (PDB 6DMB)
occurs because the pitch of the helix is not visible in the density (Figure 2.3C). The addition of a
bulge in the repaired model (Figure 2.3D), justified by the preceding proline, pushes a
phenylalanine into large side chain density which was poorly explained by an alanine in the
original model.

MEDIC is also capable of finding gross backbone errors, including areas with poor
secondary structure and incorrect loops. In Figure 2.4A, it is clear by eye that the beta strands
of this kinesin motor domain (PDB 5MM4) have poor hydrogen bonding. After rebuilding
(Figure 2.4B), the method marks these regions as correct, as MEDIC balances proper structural
features with density fit. In addition to identifying poor structural features, MEDIC can
recognize if a stretch of residues is assigned the incorrect secondary structure, such as the
region from a hedgehog receptor (PDB 6DMB) depicted in Figure 2.4C. However, the fixed
model is supported by more than the p-IDDT score; it has less unexplained density, which is
reflected by large improvements in the density scores (Figure 2.4D).

Furthermore, MEDIC can identify some shorter, subtler backbone errors, such as
incorrectly placed carbonyls, by combining multiple features (Figure 2.4E-H). The deposited
model of the bluetongue virus (PDB 3J9E) has a Ramachandran angle that falls just in the
“Allowed” region (Figure 2.4E). MEDIC uses the p-IDDT and the bond geometry scores to predict
this error, and after rebuilding, both Ramachandran angles and density fit improve (Figure
2.4F). Similarly, the structure for a neurotoxin (PDB 7QFQ) contains Ramachandran angles
which Molprobity also classifies as “Allowed” (Figure 2.4G). | find this error with relatively equal
contributions from p-IDDT, density, and geometry energies. The rebuilt model improves the
density fit for the tryptophan and alanine residues while removing the problematic
Ramachandran angles (Figure 2.4H). Of the over 1300 residues identified as errors across these
12 models, approximately 66.5% of them were predicted by the p-IDDT score alone, 1.4% by
the density, and 0.4% by the Ramachandran energy, while 32% required at least 2 features.

To quantify MEDIC'’s performance on this set of structures, | used the differences
between the deposited structures and the rebuilt models (see Methods) to determine that
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MEDIC has a precision of 67% at recall of 60% (Supplemental Figure 2.5). The increased
performance of MEDIC at high recall values compared to the low- vs. high-resolution validation

set could be attributed to a few factors. In the set of validation structures, it is possible that the
high-resolution models may contain errors. Moreover, there could still be conformational
differences between the high- and low-resolution structures, such as flexible loops or shifts that
occur at interfaces contained in only one of the depositions. Both would hurt MEDIC’s
perceived performance.

2.3.3 Identifying errors in all deposited structures in the EMDB

After confirming MEDIC’s high accuracy and utility in model building, | ran MEDIC on all
structures in the EMDB between the resolutions of 3 to 5A to gauge the reliability of the
method on over 1500 depositions. The aggregate statistics from this run are shown in Figure
2.5. Upon inspection, several models were composed of docked crystal structures with no
visible density for one or more domains, so | removed residues with a model-map correlation of
less than 0.4. In Figure 2.5A, | show the fraction of residues marked as errors in every EMDB
deposition. There is only a slight trend with resolution, which is unsurprising given that as we
move to lower resolutions, microscopists are more likely to dock crystal structures or use
homology modeling than hand-build structures. Because cryo-EM maps are rarely homogenous
in resolution, | also report the fraction of residues marked as errors after grouping by atomic B-
factors (Figure 2.5B). At very low atomic B-factors (indicating well-resolved density), very few
errors are made. As the atomic B-factors increase, more mistakes are made.

I manually inspected the outliers in the data: errors with low atomic B-factors and maps
with very high error fractions. Although the fraction of errors is greater than 40% on the 20
model-map pairs | examined, the errors do seem real. In some cases, entire domains have little
to no secondary structure (Supplemental Figure 2.6A-B). All these structures were built pre-

Alphafold, using outdated (then state-of-the-art) structure prediction software or by hand-
tracing into low-resolution data. Unsurprisingly, | find that 88% of the errors in this set are
predicted by the p-IDDT alone. In the structures that contain errors with low atomic B-factors, |
find that while some errors appear to be real, there also appear to be false positives. There are
several causes for the perceived false positives, including residues marked as errors because
they are involved with ligand or metal binding, or they correspond to very short disordered
segments (Supplemental Figure 2.6C-E).

2.3.4 MEDIC can guide rebuilding of and find errors in AlphaFold predictions

Although MEDIC can identify errors in hand-built structures, many microscopists will
now start model-building from an AlphaFold prediction [35]. | compare MEDIC’s performance to
AlphaFold models, highlighting loops which | identified as an error in the original deposition
(Figure 2.6A & 2.6D) and where AlphaFold predictions do not fit the density. The loop predicted
by AlphaFold for the motor protein, prestin (PDB 759D), would require significant rebuilding
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(Figure 2.6B). MEDIC identifies the new model, built with tools in Rosetta, as correct (Figure
2.6C). The shorter loop predicted by Alphafold for the bluetongue virus (PDB 3J9E) is not only a
poor fit to density (Figure 2.6E); the carbonyls are placed incorrectly when compared to the
final model (Figure 2.6F). Of the 12 models | rebuilt, 23 regions (from 7 different AlphaFold
models) would have required rebuilding. AlphaFold was confident (predicted IDDT > 70) in 10 of
these regions, which means that modelers would need to manually identify these mistakes, not
just remove low confidence regions, and then rebuild, presumably by hand. MEDIC will be
useful for this editing process: my method was able to identify that the deposited structure or
the rebuilt model was correct in 18 of those 23 regions. In the remaining 5 cases, | was unable
to build a structure that satisfied MEDIC.

| next investigated whether MEDIC could identify mistakes made by AlphaFold
predictions. | highlight two subtle mistakes in refined AlphaFold predictions, identified by
comparison with my rebuilt models, which are unlikely to be captured by density metrics alone.
Rosetta’s refinement protocol is unable to assign the correct rotameric state for the tryptophan
in the AlphaFold prediction of a malate transporter (PDB 7V0)), suggesting that the backbone is
not modeled correctly despite AlphaFold’s confidence in this region (Figure 2.6G). In the rebuilt
model, subtle changes in the backbone allow the valine and tryptophan to fit the side chain
density better (Figure 2.6H). The AlphaFold prediction for the bluetongue virus (PDB 3J9E)
places the alanine incorrectly and the glycine pops out of the density (Figure 2.61). We slide
over the isoleucine and then reorient the alanine to explain a small bump in the density (Figure
2.6J). On our set of 4 refined AlphaFold predictions, | found that MEDIC had a precision of 80%
at recall 60% (Supplemental Figure 2.7). Of the true positives that MEDIC identifies,
approximately 36% are found by the p-IDDT alone, 42% by the density score, and the remaining

22% required at least two features. Unsurprisingly, the density score plays a larger role here, as
AlphaFold models tend to have good geometry and structural features but poor fit-to-density.

2.3.5 MEDIC performs similarly when using half-maps for refinement and evaluation

In a previous study, it was shown that half-maps — maps generated from two
independent subsets of the raw cryo-EM data — can be used during refinement to reduce and
evaluate overfitting [47]. Given my goal to identify errors in structures, | compared MEDIC’s
performance when using the full map and when using half-maps (see Methods). Our statistics
used for density evaluation were collected on full maps, so it was unclear how using half-maps
may affect performance. On two randomly chosen structures from the EMDB, | noticed that the
density z-scores differed significantly between the full map and the half-maps (Supplemental
Figure 2.8A). In one case, the half-maps had better density scores, because the atomic B-factors
used for evaluation were lower in the half-maps (Supplemental Figure 2.8A, top). In the other

case, the half-maps had worse density scores, because half-maps tend to be noisier than full
maps (Supplemental Figure 2.8A, bottom). To combat these two effects, | used phenix’s
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auto_sharpen protocol to separately sharpen each half-map [67]. The error probabilities using
the sharpened half-maps were much closer to those obtained with full maps (Supplemental
Figure 2.8B).

Given this result, | then took 11 structures from our high- vs. low-resolution validation
set which were deposited with half-maps, sharpened each of the half-maps, and evaluated the
structures with MEDIC. MEDIC’s performance with the half-maps was very similar to the full
maps (Supplemental Figure 2.8C). It appears disordered regions are more frequently marked as

errors, likely because these regions are more poorly resolved in half-maps than full maps. | did
not test using the raw half-maps with these 11 structures, largely due to time constraints. | am
doubtful that using the raw half-maps will perform better than the sharpened ones, but that
possibility cannot be ruled out. In addition, a lower density weight may need to be used for
half-maps, although that has not been tested either. Overall, it seems as though using MEDIC in
conjunction with half-maps is a viable option, given that they are sharpened first.

2.4 Discussion of MEDIC

2.4.1 Possible improvements to MEDIC

As mentioned previously, | believe that MEDIC may have difficulty identifying mistakes
that are less than 3 residues in length. This could be for a few reasons: the statistical model
could be biased towards longer errors, or the model does not have features that capture short
errors. To determine if the training data is the issue, | can train with only the short errors
contained in the dataset and a stark improvement in the ability to detect short errors would
suggest that bias is the issue. Randomly pulling an equal number of residues from long errors
and short errors could help us balance the two.

If training only on short errors doesn’t improve performance, | may need to add
additional features to the model. | have a strong suspicion that many of the short errors with
misplaced carbonyls that MEDIC could identify were found because of Ramachandran outliers
that were introduced after refinement. In these cases, the Ramachandran scores are
particularly poor; but if there’s a flipped carbonyl and no outlier, | believe MEDIC currently has
no feature to identify a mistake has been made. CaBLAM was created for this explicit purpose
and combining it with other features might mitigate its tendency to mark so many false
positives. In addition, | have noticed that modelers tend to overfit sidechains into density at the
expense of backbone density fit. This type of error gets lost in a simple residue cross-
correlation, as the sidechain which is overfit to density will make up for the backbone which fits
poorly. Therefore, a metric that evaluates fit-to-density on only the backbone atoms rather
than the full residue may help capture these mistakes.

| also noticed that MEDIC tends to mark prolines as incorrect. Prolines, both those
marked as errors and non-errors, have higher contributions from the Rosetta energy scores
compared to the other amino acids. Instead of feeding Rosetta energy scores directly to MEDIC,
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| could normalize Rosetta scores based on amino acid identity, which may help reduce the
number of prolines marked as false positives.

Currently, MEDIC cannot find rotamer errors, when the sidechain flips out of the
density, but the backbone is correct. MEDIC was only trained on backbone errors, although | did
attempt to develop a method for rotamer identification as well. | generated a rotamer error
training set by taking the training data and flipping residues out of the density at random with
programs in Rosetta. | found that p-IDDT was not a good predictor of rotamer errors, and the
single residue density score separated the rotamers from the non-errors but not the backbone
errors. | then generated a density score that would assess whether the residue of interest fit
the density worse compared to all residues within a 15A neighborhood (Supplemental Figure

2.9A). While this metric seemed to separate rotamers errors from non-errors and backbone
errors, combining this score with the previous features and training a multilevel perceptron still
resulted in poor performance (Supplemental Figure 2.9B). Moving forward, it may be better to

start with these new density neighborhood scores, add the original features back one at a time
and train a logistic regression model. Additional features that may prove useful: a density score
where the cross-correlation uses a wide mask to capture unexplained density and rotamer
energies derived from the Dunbrack library [52].

2.4.2 Future directions

As it becomes more commonplace to model large protein complexes into lower
resolution density maps [29], validation metrics that can evaluate these structures and help
guide rebuilding are necessary. MEDIC’s performance on structures with resolutions worse than
5A has not been tested and given that the statistics for density did not include these
resolutions, it is unclear how reliable my method will be in those cases. MEDIC could be
extended to lower resolutions by gathering more statistics and by measuring density fit across
longer stretches of sequence, making it suitable for use with cryo-electron tomography. A
training set could be curated from low resolution structures which are later solved to higher
resolutions by removing regions with different domain orientations and regions of ambiguity.
Incorporating AlphaFold models into the training set may also be useful, so that MEDIC more
explicitly learns to find regions which have good structural features but do not fit the density
well.

AlphaFold has not only made it possible to model lower-resolution structures, it also
drastically changed the model building process for higher resolution structures as well. Now
microscopists will edit loops or interaction sites rather than build entire structures. For large
complexes, identifying and fixing errors in AlphaFold models can still be error-prone and time
consuming, especially if these are flexible regions solved to lower local resolutions. Creating a
program to automatically dock these models and fix any remaining errors would reduce the
amount of time and expertise necessary to solve structures. MEDIC could be used to guide this
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rebuilding process; the method’s high precision would substantially reduce the sampling space
which makes the problem of automatically fixing local errors much more tractable. Based on
the observations described here, | believe that MEDIC will be a powerful validation tool for

cryo-EM microscopists.
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Figure 2.1 Overview of training and usage of MEDIC.

(A) Pulling pdbs that had been edited after deposition, | marked every residue for which the
backbone moved between the two versions as an error (red) and collected scores from each of
the features on all residues. These labels and scores were fed to logistic regression, which gives
us the statistical model, MEDIC. (B) To use MEDIC, provide a map/model pair to the program. |
calculate the scores for each of the features, which are then passed to MEDIC. MEDIC predicts a
probability that each residue is an error, where higher probability is indicative of an error. (back)

24



precision

M definite error [] possible error [] non-error [l high-resolution

Figure 2.2 MEDIC identifies errors that are validated by high-resolution data.

For panels B, D, F, and H, residues are colored by MEDIC error prediction. (A) Precision-recall
curve of MEDIC error prediction and Q-scores on differences between low-resolution and high-
resolution structures. (B) Examples of successful identification of errors in low-resolution
structures: voltage-gated calcium channel (PDB 5GJW, residues 263-268A) (top), insulin
degradation enzyme (PDB 6B70, residues 237-253C) (middle), transmembrane channel (PDB
6M66, residues 246-263) (bottom) (C) The analogous region in the high-resolution structure:
voltage-gated calcium channel (PDB 6JPA) (top), insulin degradation enzyme (PDB 7K1F)
(middle), transmembrane channel (PDB 6WBF) (bottom). (D) False positive predicted by MEDIC
in ATP synthase (PDB 6F36, residues 122-151N). (E) High-resolution structure ATP synthase
(PDB 6RD5) with missing context from low-resolution structure colored in gray. (F) MEDIC
misses an incorrect carbonyl in low-resolution structure of a dehydrogenase (PDB 7E5Z, residue
63B). (G) Analogous region in high-resolution structure (PDB 7VW6). (H) MEDIC does not mark a
region in the dehydrogenase (PDB 7E5Z, residues 282-286A) that matches the high-resolution
data. (I) Mistake made in the high-resolution model (PDB 7VW6). (back)
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Figure 2.3 Sequence registration errors identified in deposited structures.

All residues colored by predicted error from MEDIC. (A) Sequence registration error in lipid
scramblase (PDB 6E10, residues 28-53A). (B) Rebuilt model of A, where phenylalanine fills large
side-chain density. (C) Sequence registration error in hedgehog receptor (PDB 6DMB, residues
753-765A). (D) Rebuilt model of C with a bulge added, where phenylalanine fills large side-chain

density. (back)
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Figure 2.4 Backbone errors identified in deposited structures.

All residues colored by predicted error from MEDIC. (A) Predicted errors in kinesin motor
domain (PDB 5MM4, residues 10-45K and 65-80K) (B) Rebuilt model of A with better hydrogen-
bonding. (C) Small loop in hedgehog receptor (PDB 6DMB, residues 883-897A) that poorly
explains density. (D) Rebuilt loop of C, which has less unexplained density. (E) Protein backbone
with incorrect carbonyls in bluetongue virus (PDB 3J9E, residues 370-375D). (F) Rebuilt
backbone of E with improved Ramachandran angles. (G) Deposited structure in neurotoxin
(PDB 7QFQ, residues 416-421A). (H) Rebuilt model of G with better fit to density and improved
Ramachandran angles. (back)

27



10 035
o o
Sog s 0.30
% % 0.25
g 06 £
£ £0.20
g S
% 04 % 0.15
g g
0.10
50.2 oo &
© g3 Be 82 5 $0.05
E | phiaEeed g
0.0 0.00

3.0 3.5 4.0 4.5 5.0 0 100 200 300 400 500 600
resolution residue bfactor

Figure 2.5 MEDIC identifies errors in over 1000 deposited structures in the EMDB.

For both plots, residues with low density cross correlation, less than 0.4, were not included. (A)
Fraction of residues marked as an error by MEDIC in each deposited structure. (B) Fraction of
residues marked as an error with atomic B-factors between X-10 and X. (back)
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AlphaFold

Figure 2.6 MEDIC can guide rebuilding of and identify errors in AlphaFold models.

(A) Deposited structure of prestin (PDB 759D, residues 615-636A), colored by error prediction.
(B) AlphaFold model for prestin after docking the relevant domain into the density. (C) Rebuilt
structure of loop in C, colored by error prediction. (D) Deposited structure for bluetongue virus
(PDB 3J9E, 235-239D) in density map, colored by error prediction. (E) AlphaFold model for
bluetongue virus after refining the model into the density. (F) Rebuilt structure of loop in D,
colored by error prediction. (G) Refined AlphaFold prediction for malate transporter (7VOJ,
residues 128-131) colored by error prediction. (H) Rebuilt structure of region in G, colored by
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error prediction. (I) Refined AlphaFold prediction for bluetongue virus (PDB 3J9E, residues 219-
224), colored by error prediction. (J) Rebuilt structure of region in I, colored by error prediction.
(back)
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Total Segments

PDBID Marked by MEDIC Fixed Improved
6JT1 7 2 1
incorrect loop 3 2 1
7R9U 8 6 1
poor secondary structure 5 4 1
incorrect loop 3 2 0
7QFQ 30 26 1
poor secondary structure 16 16 0
incorrect loop 9 8 1
incorrect carbonyls 2 2 0
3J9E 4 3 1
incorrect loop 2 1 1
incorrect carbonyls 2 2 0
759D 24 16 1
poor secondary structure 11 10 1
incorrect loop 7 6 0
5MM4 56 25 9
poor secondary structure 17 14 3
incorrect loop 17 9 5
incorrect carbonyls 3 2 1
6C14 10 5 0
poor secondary structure 4 3 0
incorrect loop 2 2 0
6XOW 4 3 0
incorrect loop 3 3 0
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Total Segments

PDBID Marked by MEDIC  Fixed Improved
7VvO0l 1 0 1
incorrect loop 1 0 1
6DMB 36 22 10
poor secondary structure 3 1 2
incorrect loop 18 10 8
sequence registry 1 1 0
incorrect carbonyls 9 9 0
6E10 11 9 0
poor secondary structure 3 3 0
incorrect loop 5 5 0
sequence registry 1 1 0
6COV 13 4 1
poor secondary structure 1 0 1
incorrect loop 4 3 0
incorrect carbonyls 1 1 0
Totals 204 120 26
poor secondary structure 60 51 8
incorrect loop 74 51 17
sequence registry 2 2 0
incorrect carbonyls 17 16 1

Table 2.1 Summary of identified and corrected high-probability errors in 12 deposited
models, excluding disordered regions.

A segment is fixed if the new model contains no high-probability errors in that region. A
segment is improved if the number of high-probability errors in that region is significantly
reduced, indicating that an error was made in the original model, but we lack the tools to build
the correct model. Any remaining segments could not be fixed nor improved. The categories of
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error are defined by the following: (1) poor secondary structure — secondary structure that is
missing important features, like backbone hydrogen bonds, or secondary structure that is
assigned improperly, a loop is drawn instead of a helix. (2) incorrect loop — a loop which is
drawn incorrectly through the density, but secondary structure has been assigned correctly. (3)
sequence registry — the backbone is drawn correct and the sequence is placed incorrectly. (4)
incorrect carbonyls — carbonyls are misplaced. (back)
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Chapter 3 : Revealing protein conformational space through model-
guided image processing

3.1 Overview of model-guided image processing

Although methods have been developed to reveal the conformational space contained
in a cryo-EM dataset, the field still lacks robust procedures to obtain a structural understanding
of these conformational changes. cryoDRGN and cryoSPARC’s 3D variability analysis produce
trajectories of how the density changes across their defined latent space, but it is unclear how
these trajectories should be translated to protein structures [16-17]. A more detailed
understanding of the conformational space is usually obtained via 3D classification, where the
images are sorted into discrete classes and refined to high resolutions. However, classification
of cryo-EM data is challenging because we have many images, a low signal to noise ratio, and
no knowledge of what or how many conformations are present in solution.

| can reduce the complexity of this sorting problem by leveraging the power of atomic
models and Rosetta’s energy function to approximate what conformations the protein may
adopt and use these hypothetical states to guide image processing. In crystallography, atomic
models are used to supplement missing information as a solution to the phase problem during
molecular replacement; therefore, using models in EM is a natural extension [53]. 3D
classification is also made difficult by the noise caused by averaging different conformations.
Density maps generated from atomic models reduce that noise so particles may be sorted more
accurately and more precisely, which may produce classes with more subtle changes in
conformation.

An overview of model-guided image processing is shown schematically in Figure 3.1.
Model-guided image processing starts with the same steps of a single particle analysis: particle
picking followed by 2D and 3D classification to remove images without protein present and
then refinement to obtain a high-resolution consensus map. At this stage, | build an initial
model into the map with existing methods in Rosetta [23,25,26,54,55]. Based off this atomic
model, an ensemble of hypothetical states that the protein may adopt in solution is generated.
Density maps are created from these hypothetical states and fed to 3D classification to guide
particle sorting. Each class is then refined separately using a FSC gold standard refinement. FSC
gold standard refinements spilt the data into two independent halves during refinement and
combine them at the end, which calculates the resolution of the map more accurately. The data
can then support or reject any of these hypothetical conformations, where a low number of
images and low resolution after refinement denote rejection. Supported states are then passed
to subsequent rounds by building a new atomic model into the refined density map, allowing
the program to adjust the hypothetical state to one that better represents the data.
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3.1.1 Passing hypothetical density maps to 3D classification

Using existing code in Rosetta, | generate a density map at the desired resolution based
on the atomic model, where each atom is represented as a Gaussian sphere and the width of
the sphere is dependent on the desired resolution and the B-factor for the given atom. Each
density map is altered by a histogram matching protocol so that the density histogram agrees
with that of the consensus map and is then fed as input to 3D classification in RELION, a cryo-
EM image processing suite [9]. Histogram matching is an essential step; without it, RELION
placed all particles into a single class.

3.1.2 Generation of hypothetical states

Given an atomic model(s), | have developed methods to generate an ensemble of low
energy conformations representative of the lowest energy state(s). In cases where there are
two or more conformational states, | use energy-guided state interpolation methods to propose
putative intermediate states. Using Rosetta’s forcefield, | find energy minima near the
interpolated coordinates of the two states that may correspond to stable intermediates | can
pull out from the data [54]. To describe non-linear motion, a different approach uses the
normal modes to find a state nearby the interpolated coordinates. The normal modes have
been shown to describe large scale conformational changes for many proteins; therefore, this
method may better approximate the collective motion of the protein [56].

If only a single atomic model is available, | calculate the normal modes for the system
and then perturb every alpha-carbon by the low-frequency normal modes. As described above,
| can use Rosetta’s forcefield to find energy minima near these new coordinates. Generating an
ensemble of states can be done in a few different ways: multiple normal modes can be
combined and used at once, each of the normal modes can be used separately, or the normal
modes can be added or subtracted from the coordinates.

3.1.3 Measures to prevent overfitting

Model bias — generating maps which look more like the model than reality — is a well-
identified problem in cryo-EM and multiple measures were used to prevent overfitting at
different stages in the pipeline [57-58]. The resolution of the input maps to 3D classification are
low-pass filtered to resolutions of at least 5A and models with deleted regions can be used to
generate input maps. If | obtain a higher resolution than was given to the program and if
omitted regions improve with the rest of the structure, | can be sure that | am finding
information that is not present in the inputs and is driven by the data. At the map refinement
stage, the reference map is known to pull the refinement protocol into local minima [9]. To
combat this bias, each reference map is low-pass filtered to a resolution of at least 10A and
when appropriate, the consensus map is provided as the reference. The density map obtained
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at the end of refinement should reflect the images assigned to the class and not the starting
point of the refinement protocol.

Model bias can also occur at the modelling stage: the atomic model can be fit to noise in
the density map and the starting model can bias the refinement. The atomic model obtained
from the consensus map is used as the starting point for refinement, instead of the model used
for 3D classification. To prevent refinement of the atomic model to noise in the density map,
half-maps are built from the data, which are reconstructed from only half of the given images,
and the atomic model is built into one of the half-maps [47].

3.2 Results on preliminary datasets

3.2.1 Model-guided 3D classification recapitulates traditional methods

First, | tested whether | could pass multiple states to 3D classification and obtain similar
resolutions and particle sorting to traditional methods. Using a cryo-EM dataset of a
mechanotransduction channel, TRP-NOMPC, | show that feeding in conformational states can
perform as well as state of the art methods (Figure 3.2). | recapitulated the image processing of
the original paper, using focused classification to sort particles based only on the cytosolic
portion of the channel, and found two different conformations [59]. | fit models into the two
states, generated maps based on those models and fed them back to 3D classification. The
particle sorting (Figure 3.2A) and the maps produced from a single iteration of model-guided
image processing (Figure 3.2B) are comparable to what was obtained after 25 iterations of
focused classification.

3.2.2 Recapitulating real motion based on a single model

To test our structure generation methods, a small benchmark set of six proteins that
exhibited hinge and shear motions was created from a protein motion database [60]. The
benchmark set contained two conformations for every protein, one of which would be used as
a starting point for state generation. In conjunction with a rotation student, Audrey, we
successfully recreated three of the conformational states from this set, finding a structure at
least 0.5A RMSD closer to the final conformation (Figure 3.3A). For three of the six proteins, we
were unable to recapitulate the movement between the two states, likely because these
proteins exhibited very local motions which the normal modes are unable to capture. An
example of this type of localized movement is highlighted in Figure 3.3B, where a small loop of
an outer membrane transporter moves approximately 13A. The normal mode with the lowest
RMSD and GDT is shown in Figure 3.3C, and this loop has barely moved. In contrast, larger
motions seem to be easily replicated with the state generation method (Figure 3.3D). Applying
a single normal mode to a ribose binding protein created a conformational state within 1A
RMSD of the goal structure (Figure 3.3E), and this model was the lowest scoring structure of all
the states created when sorting by Rosetta energies (Figure 3.3F). For the other two successes,
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applying normal modes in succession — creating a new conformational state with one normal
mode and then perturbing that generated state by another normal mode — improved the RMSD
to the goal conformation. The models that best recapitulated the motion (lowest RMSDs) were
in the top four when sorting by Rosetta energies. Being able to eliminate hypothetical states
before 3D classification is essential: this method of applying normal modes in succession would
create a minimum of 100 states.

Given the successes on this small benchmark set, | tried to apply these methods to a
cryo-EM dataset of a sodium channel that contained two major conformational states [61]. |
tried both methods to recreate one of the states from the other, perturbing the model by each
of the top 20 normal modes and applying multiple rounds of normal mode perturbation. The
latter was the only one that increased the GDT to the native. It seemed like it would be possible
to narrow the states down by Rosetta energy as well, as the structures with the lowest GDT
values had much lower energies.

3.2.3 Using 3D classification to eliminate states which are not present in the 2D images

With methods to generate hypothetical states in place, | next investigated if 3D
classification can accept states that exist within the data and reject those that do not. A
preliminary test with the TRP-NOMPC dataset suggested 3D classification could identify both
likely and unlikely intermediate states. After fitting models into the two states obtained from
focused classification, | generated three intermediate states using each of the three
interpolation methods described (see Methods 4.2.2). One of the hypothetical states is

highlighted in Figure 3.4A-B. Each of the states from the different methods had proper
structural features, scored well in Rosetta, and looked to be a reasonable intermediate given
the two starting structures. 3D classification was used to sort particles into the two
conformations from focused classification and one of the hypothetical intermediates. The
particle sorting and resulting resolution estimates suggest that RELION can see a difference
between the hypothetical intermediates and that it can choose a state that is most
representative of the data (Figure 3.4C-E). One of the methods for generating intermediates,
the torsion method (see Methods 4.2.2 for differences between methods), resulted in three
classes with improved local resolutions (Figure 3.4E) compared to the other two methods
(Figure 3.4C-D). As an additional test, | generated a state which | did not expect to find in the
dataset by extrapolating the motion beyond either of the two input structures. This state

received less than 1% of the particles and was resolved to a resolution of 25A, which suggests
that RELION can reject unreasonable states by assigning it very few particles.

Next, | needed to understand how to eliminate states for a system where | start with a
single protein structure. | pulled a cryo-EM dataset of a GPCR for which cryoSPARC 3DVA had
revealed several types of motion [62]. | used the top 10 normal modes to generate 10 different
structures based off the consensus model and passed them all to 3D classification. But it was
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not clear which of these models were better, as each of them received a relatively similar
number of particles and were reconstructed to similar resolutions. | then tried testing
conformational states with fewer maps present. For each normal mode, | ran a round of 3D
classification with the consensus map and two hypothetical states, adding and subtracting the
applied normal mode. These results were also inconclusive, with each run distributing particles
similarly.

Because particle sorting and reconstruction resolutions were uninformative, |
investigated other criteria to use for elimination of states. By deleting part of the model and
measuring how well the density of the deleted region returned after refinement, | thought |
could obtain a more accurate understanding of whether this hypothetical state was contained

III

in the underlying 2D projections. A “successful” state would be one for which the density of the
deleted region matched its corresponding input model. With this new measure, | was able to
find one state where the density for the deleted region matched the input model better than

the consensus model (Supplemental Figure 3.1A). In comparison, there were many normal

modes which failed this criterion (Supplemental Figure 3.1B). However, when | attempted to

use the successful hypothetical state in subsequent rounds of model-guided image processing
and state generation, | was unable to improve the density for the deleted region compared to
the first round. This inability to improve with multiple rounds suggests either this metric may
not be the proper criteria for elimination or that the 3D classification itself is struggling to
properly sort images.

3.2.4 Running iterations of model-guided processing

Finally, | needed to assess whether iterations of model guided processing would lead us
closer to the true conformational states in the data. An important underlying assumption of our
method, | believed that my hypothetical state could differ from the ground truth state and
iterations would allow us to edit and adjust our prediction based on the density information.
The sodium channel dataset, which | had tested state generation methods on, was an excellent
benchmark dataset: (1) | knew the ground truth consisted of two conformational states,
obtained from rounds of traditional 3D classification. (2) | had used the normal modes to try
and recreate one of these states from the other. (3) That hypothetical state was not a perfect
match for the conformational state which it was meant to replicate. | gave the hypothetical
state, in place of the conformational state it was supposed to recreate, and the remaining
ground truth state to 3D classification. Unfortunately, the refined density map from the
hypothetical state seemed to be an average of the two ground truth states (Figure 3.5A).
Running multiple iterations did not bring us closer to the conformations obtained from 3D
classification.

| thought to emphasize the differences in the refined map of the hypothetical state by
creating a difference map with the consensus map, a common practice for refinement in
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crystallography data [63]. A difference map is the map which results from subtracting a
simulated density map of the atomic model from the cryo-EM density derived from the data.
For my purposes, this map was made manually in Chimera, only subtracting the pieces that
needed to move. While this did create a map for which the differences were more obvious
(Figure 3.5B), | then needed to refine the model into the new map. This would require a
refinement protocol that could automatically fix local mistakes, as most of the structure fits the
density well and only a small portion needs to be rebuilt. Current methods in Rosetta are not
able to refine this structure into the density (Figure 3.5C).

3.3 Major roadblocks and future directions

3.3.1 Rebuilding local errors in a model

Fixing local errors in a structure is difficult because of a sampling problem: | must find a
small subset of residues that poorly fits the density while the rest of the structure matches well.
MEDIC, or even a portion of the MEDIC procedure, could be used to solve this problem. One of
the strengths of MEDIC is its ability to evaluate local fit-to-density, and it would be possible to
only run the density portion of MEDIC's protocol and look for stretches of residues which are
fitting the density poorly. Those regions could be deleted and rebuilt with traditional tools in
Rosetta or possibly with newer machine learning methods, assuming the map in question is at
least 4-4.5A in resolution.

3.3.2 Finding the ideal number of states in a dataset

For any cryo-EM dataset, depending on the conformational heterogeneity and the
number of images, there should be an ideal number of classes to sort the particles into. In a
typical image processing pipeline, finding that number is difficult because the 3D classification
algorithm is trying to sort images into their respective classes at the same time it is learning
what those classes may look like. | may have had difficulty finding the ideal number of states for
these datasets because | never had the correct conformational states together at once. | was
always supplying the hypothetical state with the consensus map or with other hypothetical
states, hoping that RELION would still be able to sort particles accurately. While RELION may be
capable of rejecting states with that setup, it could be harder for it to accept states, especially if
the motion is continuous or subtle. In support of this hypothesis, the TRP-NOMPC dataset is the
only one for which the elimination strategy seemed to work; possibly because | had two states
which were already representative of the data fed to RELION. The use of programs like
cryoDRGN, which can produce maps for a user specified number of states across a trajectory,
would simplify the problem. The maps produced by cryoDRGN would be representative of the
underlying data and could be used as seeds for my method.
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3.3.3 Future directions

Although model-guided image processing yielded promising results for the TRP-NOMPC
dataset, the method struggled to produce high-resolution conformational states for two others:
the GPCR and sodium channel. This problem may be too complex for 3D classification, even
with the addition of models into the processing pipeline. Deep learning protocols, on the other
hand, have been more successful. Current machine learning methods, however, do not
incorporate any protein structural information to their analysis and work entirely in the density
space. A deep learning protocol may be able to learn the conformational changes present in the
data and apply them directly to a protein structure, using a forcefield to maintain physically
realistic models. The information gleaned from the structure could be fed back to the other half
of the protocol which learns from the raw 2D images — a model-guided deep learning protocol
to reveal the protein conformational landscape.
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Figure 3.1 Overview of method to process cryo-EM data with atomic models.

Steps for a typical image processing pipeline for a cryo-EM dataset in black with additional
steps/inputs for model-guided processing in blue. (back)
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Figure 3.2 One iteration of model-guided image processing recapitulates results from focused
classification.

(A) Comparison of particle sorting for class 1 and class 2 for the two methods. (B) Density map
of class 1 colored by resolution for focused classification (left) and model-guided particle
sorting (right). (C) Density map of class 2 colored by resolution for focused classification (left)
and model-guided particle sorting (right). (back)
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Figure 3.3 Normal modes can recapitulate large protein motions, but not small ones.

(A) RMSD from target structure for starting model and for the best model after the state
generation method. (B) Starting model (PDB ID 1KMO) in green and target structure (PDB ID
1KMP) in blue. Localized movement of loop highlighted with arrow. (C) Best model from normal
mode application shown in purple, superimposed on target structure (PDB ID 1KMP) (D)
Starting model (PDB ID 1BA2) in green and target structure (PDB ID 1URP) in blue. (E) Best
model from normal mode application shown in purple, superimposed on target structure (PDB
ID 1URP) (F) RMSD from target structure (PDB ID 1URP) for each model created from the
application of a single normal mode. (E) Rosetta energies of each generated model, where the
model with the lowest RMSD (normal mode 2) has the lowest Rosetta energy. (back)
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Figure 3.4 3D classification can identify the hypothetical state that best represents the data.

(A) Starting model (green), ending model (blue) and an intermediate (purple) generated by one
of the interpolation methods. (B) Side view of the first helices in the ankyrin repeat domain. (C-
E) Density maps of start (left), intermediate (middle), and end (right) states for the (C) cartesian
method, (D) normal method and (E) torsion method colored by resolution (see Methods 4.2.2
for differences between these methods). (back)
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Figure 3.5 Difference maps did not improve refinement of atomic models during model
guided image processing.

(A) Density map from one iteration of model guided processing. The ground truth states shown
in ribbon (blue, purple). Purple model was used as starting point for hypothetical state
generation. Blue model was the final state that needed to be recapitulated. (B) Difference map
created manually from map shown in A. Models shown same as A. (C) Hypothetical state after
refinement, shown in green, into the difference map. Final state to recapitulate shown in blue.
(back)
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Chapter 4 : Methods

4.1 MEDIC

4.1.1 Preparation of input pdbs

Preparation of pdbs for training or for error detection is a three-step process. First, |
remove all ligands, nucleotides, or noncanonical amino acids. Then | refine the structure into
the density map, first with cartesian minimization and then with Rosetta’s LocalRelax protocol
[55]. Finally, | perform B-factor fitting on the refined model. After this, all the scores for the
model features can be calculated.

4.1.2 Evaluation of error vs non-error

To determine the threshold at which a residue is an error, | chose a threshold value from
the precision-recall curve which balances the two statistical measures. | use both the precision-
recall from the 12 rebuilt models and the high-resolution low-resolution validation set to
choose thresholds. The precision-recall curve for the 12 rebuilt models was calculated using
leave-one out validation to avoid bias. | consider every residue with a probability above 0.78 to
be a definite error. At threshold 0.78, MEDIC has a precision of 70% and recall of 80% on the set
of 12 rebuilt structures and a precision of 78% and recall of 49% on the validation set. All
statistics and data analysis are done only with this more stringent threshold value. | consider
every residue with a probability between 0.78 and 0.6 to be a possible error. At a threshold of
0.60, MEDIC has a precision of 52% and recall of 95% on the 12 rebuilt structures and a
precision of 68% and recall of 61% on the validation set. Every residue with a probability less
than 0.6 is a non-error.

4.1.3 Calculation of error contributions

To determine whether a single feature is predictive of an error, | take the probability
equation that | have learned from the final training dataset (Eq. 1), where [ is the p-IDDT score,
sd the single residue density score, ld the 3-residue density score, r the Ramachandran energy,
and b is bond energy:

f(x) = 515 — 10.41l — 0.38sd — 0.17ld + 0.59r — 0.41b (D

| replace all features, except the ones of interest, with the mean score, derived from the
scores of the EMDB depositions (over 1500 cases). For example, | replace p-IDDT,
Ramachandran and bond energies with the corresponding mean values to calculate how
predictive the density scores are. | then take the result from Eq. 1 and plug it into Eq. 2 to get
the final probability. If the final probability is above the threshold for definite errors, then that
residue is predicted by a single feature.
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4.1.4 Error identification on deposited structures and retraining

| identified cryo-EM structures with less than 2000 residues and a resolution between 3
and 5A. I then chose 12 structures with diverse topologies and resolutions to run through
MEDIC, using the statistical model obtained from training on the obsoleted pdbs. | used a
probability threshold of 0.62, derived from the precision-recall curve for the small set of 3
withheld obsoleted structures. | chose a slightly lower threshold, sacrificing precision (60%) for
recall (85%) to ensure that | would find most of the errors.

After error identification, | attempted to rebuild every region that was predicted to be
an error, following the protocol described below. | then added these 12 models to the training
data. | generated error labels by looking first for residues with RMSDs greater than 1.5 after
rebuilding, for which the probability was greater than 0.5 and had dropped by 0.2 after fixing. |
also labeled residues with RMSDs between 0.5 and 1.5 with probabilities greater than 0.6 and
that dropped by 0.2. Any 1-residue errors from this set were removed if they were not within 2
residues of other errors. These labels and scores were passed into the logistic regression with
the obsoleted structures, adding an additional 1200 errors to the dataset.

4.1.5 Model rebuilding

For each rebuild, | ran AlphaFold on the sequence [30], docking the model or separately
docking its domains into the density using UCSF Chimera [64]. Then, | removed all regions in the
deposited model that were identified as errors plus/minus 2-3 residues on either side of the
segment. | passed the AlphaFold models and the trimmed deposited model as templates to
RosettaCM [23]. | ran at least 2 rounds of iterative RosettaCM, passing the top 5 models out of
the total 50 to the next round. Additional rounds were run if model convergence for the top 5
was poor or if additional errors were detected by MEDIC and Molprobity. Any remaining
regions which AlphaFold or RosettaCM were not able to fix were built with RosettaES [26].
Success in rebuilding was determined by how well regions matched the density by eye,
Molprobity scores, and MEDIC predictions. All images of these structures were made in
ChimeraX [64].

4.1.6 High- and low-resolution structure validation

| pulled all cryo-EM structures between 3.5A and 10A for which there was another
deposition with the same UniProt ID and at least 1A higher resolution, with a maximum of 3.5A.
If the query structure had a model-map FSC greater than 104, the pair was thrown out. From
this initial pool of 68 structures, 41 pairs were tossed because there were significant
conformational changes caused by image processing, ligand binding, or physiological
conditions.

47



For the remaining 28 pairs of structures, the high-resolution structure was docked and
refined into the low-resolution map, and the low-resolution structure was refined into its own
density [55]. The backbone RMSD between the two structures was calculated for every residue
and all residues with at least 1A RMSD were labeled as errors. Residues that only existed in one
model of the pair were tossed and not used in validation. Error detection was then run on the
low-resolution structure using the statistical model from the larger dataset and precision-recall
curves were calculated with the described labels.

4.1.7 Error identification in AlphaFold models

We performed error identification on 4 AlphaFold models for the following PDB IDS:
3J9E, 6C0OV, 6C14, and 7VOI. First, we split the AlphaFold predictions into domains, docked
them into the density and refined each one separately in Rosetta [23]. Then, we generated
labels for the AlphaFold models where every residue for which the backbone RMSD was at least
1A from our rebuilt model was marked as an error. Disordered regions with little density
support were manually removed from the AlphaFold models. A precision-recall curve was
generated by passing the refined models to MEDIC and comparing predictions to the labels.

4.1.8 Comparison to Q-scores

To obtain a precision-recall curve for Q-scores, | first generated Q-scores for each
residue in the structure. | then subtracted the Q-score for the residue from the expected Q-
score based on the global resolution for that map. This procedure mimics the usage of Q-score,
where modelers are advised to examine residues which drop below the expected value. The
difference between expected and actual Q-score is then used to calculate the precision-recall
curve.

4.1.9 Identifying errors in all deposited structures in the EMDB

| pulled every deposited cryo-EM structure with resolutions between 3 and 5A (1713
structures), removing approximately 300 structures for which the model-map FSC at 0.5 was
less than 1/10 AL. Then | prepared each pdb as described above and ran the statistical model
from the combined dataset to detect errors. Of the 1389 structures that met that criteria,
MEDIC successfully ran on 1214 (87.4%). To remove regions of disorder, | toss out all residues
for which the density cross correlation is less than 0.4 in all subsequent analyses.

4.1.10 Generating a training set for detection of rotamer errors

| added the rotamer errors to the existing training set and validation set of obsoleted
pdbs. First, | deleted all sidechains in each structure, so that Rosetta would need to build them
from scratch. Then | refine the structure in Rosetta with the LocalRelax protocol, using a high
density weight for minimization and a low density weight to pack rotamers. By lowering the
density weight for the packing step, Rosetta is allowed to pack rotamers that make energetic
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sense, but that may not fit the density. To curate the labels, | called a residue a rotamer error if:
(1) the density cross correlation dropped by 0.06, (2) the full atom RMSD was at least 1.5A, and
(3) the backbone RMSD was less than 1A.

4.1.11 Evaluation of MEDIC using half-maps

To evaluate MEDIC on half-maps, a new branch of MEDIC called “halfmaps” was created
on the github and is still available for use. Each of the half-maps was sharpened separately,
using the default parameters for phenix.auto_sharpen [67].The first sharpened half-map is used
for the refinement step of MEDIC. All parameters remained the same for refinement, including
the weight on the density. The second sharpened half-map is then used to evaluate the density
fit.

4.2 Model-guided image processing

4.2.1 Normal mode state generation

First, | calculate the normal modes of the system, using strategies described in the
literature [65-66]. All alpha carbons within a 94 radius of each other are attached by a spring,
creating coupled oscillators. To find the normal modes, | must find the motions where the alpha
carbons move at the same frequency. This is accomplished by using Hooke’s law to describe the
displacement of each mass in relation to each other and creating a matrix that can be used to
derive the eigenvectors.

After calculating the normal modes, | must apply them to the structure. Any normal
mode or combination of normal modes can be used during this process. For every alpha carbon,
| add or subtract the vector from the coordinates, creating a “perturbed” set of coordinates.
After the vector algebra, | then calculate the RMSD of the perturbed coordinates from the
original. Every normal mode is scaled by a user provided RMSD value divided by the calculated
RMSD. If the calculated RMSD was 2.0 and the user provided a value of 4, each vector would be
multiplied by a factor of 2. Finally, these coordinates are passed to Rosetta as constraints, using
a harmonic function that creates an energy penalty based on the distance of the atom from the
desired coordinates. With a Rosetta refinement protocol [54], | essentially pull the starting
structure into or near the desired coordinates.

4.2.2 Generation of interpolated states

Given two states, | can describe the movement between them by finding, for every
atom, the vector from one state to the other. Creating an intermediate requires only to move
along that vector some percentage provided by the user. Three different methods were utilized
to get the final structure after obtaining the movement vectors. In the first (Cartesian method),
the structure is forced into the intermediate coordinates followed by an energy minimization in
Cartesian space. In the second (torsion method), the structure is pulled to the intermediate
coordinates by using these coordinates as constraints in a refinement protocol, as described
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above [54]. The third method (normal method) uses the normal modes to perturb the vector
calculated by the start and end states. After calculating the normal modes, | sum the dot
products of the original vector and each of the top 10 normal modes. This summed vector is
used to calculate the final coordinates, which are then used as constraints in a refinement.

4.2.3 Density map generation and histogram matching

To generate a density map from an atomic model, | used Rosetta’s pdb_to_map
program, which simulates density using scattering factors for each element and a gaussian
sphere whose radius is determined by the desired resolution. This simulated density map is
then resampled on the grid of the reconstructed density map obtained from image processing.
Then, for the simulated map and the reconstructed density map, | sort the density values at
each voxel from smallest to largest in a 1D array. For every voxel, | replace the density value of
the generated map with the corresponding value in the sorted array of the reconstructed
density map. This will replace all the density values in the generated map with those from the
reconstructed map while maintaining the shape of the generated map, matching the
histograms.

4.2.3 Passing density maps to 3D classification and refinement

3D classification was done in RELION, as it can be run from the command line and
allowed for more fine-tuned control than programs like cryoSPARC or cisTEM. Only a single
round of classification was run, typically with similar parameters to those used during 3D
classification for the dataset. For example, when doing traditional 3D classification on the Nav
dataset, a mask was applied, no angular alignment was allowed, and the regularization
parameter was set to a value of 10. | would use all those same parameters in the round of 3D
classification.

After classification, the particles for each class are split according to their assignment in
the StarFile. Each class is refined locally using the consensus map low-pass filtered to 10A as the
reference. If a mask was used during refinement for the consensus, that same mask is also used
for refinement.

4.2.4 Running iterations of model-guided image processing

A single python script was written to run every step of model-guided image processing
and to send the output to the next iteration. The user could specify parameters at all stages if
they believed the defaults to be insufficient. The script began by taking atomic models specified
by the users, generating density maps, and matching histograms to a user-provided map. These
histogram matched maps are then passed to one round of 3D classification in RELION. The
StarFile provided by RELION is used to split particles amongst their respective assignments and
perform a full FSC Gold Standard refinement on each class. One of the half-maps after
refinement is sharpened by phenix.auto_sharpen, as it’s been shown that Rosetta performs
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better on sharpened maps [55,67]. Finally, refinement of the atomic model into the sharpened
half-map is carried out in Rosetta with a FastRelax protocol augmented by a fit-to-density score
term. The top 10% of refined models by score are passed to the next iteration, and density
maps will be generated based on these new models. | also collect the orientations assigned by
RELION during the refinement stage and pass these to the next iteration. Updating orientations
during each iteration stabilized classes and prevented classes from swapping conformations
(Supplemental Figure 3.2).
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Supplemental Figure 2.1 Initial training set contains a variety of errors made by modelers.

(A) Breakdown of lengths of labeled errors contained in the dataset. (B) Breakdown of average
RMSDs between the obsoleted and final versions of each segment. (C) Improper secondary
structure assignment error (residues 11-28R) in 6ZA9 (left) with average RMSD of 7.2A from
final version (right). (D) Sequence registry error (residues 907-920A) in 7BV2 (left) with average
RMSD of 12.5A from final version (right). (E) Improperly drawn loop (residues 209-230C) in
6K1H (left) with average RMSD of 9.5A from final version (right). (F) Misplaced carbonyl
(residue 608A) in 7BV2 (left) with average RMSD of 1.6A from final version (right). (back)
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Supplemental Figure 2.2. Precision-recall of MEDIC predictions for the set of 3 withheld
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[[] non-error [l high-resolution

Supplemental Figure 2.3 High resolution structures contain differences which are not
supported by the data.

Low-resolution structures (A, C, E) colored by MEDIC prediction. (A) Low-resolution structure of
glutamate hydrogenase (PDB 3JD3, residues 427-431A) that differs from high-resolution. (B)
High-resolution structure of protein from A (PDB 5K12) appears to have an error in this region.
(C) Loop in glutamate hydrogenase (PDB 3JD3, residues 166-173C). (D) High-resolution
structure (PDB 5K12) is poorly resolved in the same region from C. (E) Region from low-
resolution structure of TRPV5 (PDB 6PBE, 48-66A) is poorly resolved. (F) Corresponding high-
resolution structure (PDB 7T60) is poorly resolved in the same region from E. (back)
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B definite error [ possible error [[] non-error

Supplemental Figure 2.4 MEDIC tends to mark disordered regions as errors.

Regions shown are from our new rebuilt models for the following structures: (A) neurotoxin
(PDB 7QFQ), (B) lipid scramblase (PDB 6E10), (C) prestin (PDB 7S9D). (back)

55



1.0

0.81

©
o

precision

©
N

0.21

0.01

0.0 0.2 0.4 0.6 0.8 1.0
recall

Supplemental Figure 2.5 Precision-recall of MEDIC predictions for the set of 12 rebuilt
structures using the full training dataset.

| used leave-one-out validation on each of the models from the set of 12 rebuilt structures to
avoid bias in training. (back)
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M definite error [} possible error |:| non-error . high-resolution |. AlphaFold

Supplemental Figure 2.6 Examples of error prediction on deposited models in the EMDB.

(A) Domain from L-fucose-1-P guanylyltransferase (PDB 5YYS) colored by MEDIC prediction. (B)
AlphaFold prediction for protein from A docked into the density map. (C) Binding residues of
cytochrome C oxidase (PDB 5Z62) after refinement and colored by MEDIC prediction. (D)
Deposited structure of cytochrome C oxidase with ligand bound. (E) Rubisco activase complex
(PDB 5NV3) colored by MEDIC prediction. (back)
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Supplemental Figure 2.7 Precision-recall of MEDIC predictions for 4 refined AlphaFold models.

(back)
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Supplemental Figure 2.8 MEDIC performs similarly on half-maps.

(A) Comparison of single residue density z-score on full-map and half-map evaluation for a
ribonucleotide reductase (PDBID 7URG, top) and receptor-bound ferrichrome transporter
(PDBID 8AS8C, bottom). (B) Error probabilities using full-maps, half-maps, and half-maps
sharpened with phenix for same structures as in A. (C) Precision-recall curve of MEDIC on 11
structures from our high- vs. low-resolution validation set that were deposited with half-maps.
(back)
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Supplemental Figure 2.9 Feature breakdown and performance for prediction of rotamer

errors.

(A) Density plots of feature scores for rotamer errors, backbone errors, and non-errors in the
training data. (B) Precision-recall curve of MEDIC predictions for rotamer errors on a small
cross-validation set of obsoleted structures. (back)
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Supplemental Figure 2.10 MEDIC will be available as a plug-in to ChimeraX.

(A) Under the analysis tab of StarMap, users can provide their density map and atomic model.
(B) Users can set the parameters required to run MEDIC. (C) Users can load in results and view
their structure colored by MEDIC predictions, as well as a summary within ChimeraX that lists
definite errors and possible errors with the predictive features listed. (back)
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EMDB ID PDB ID Resolution

EMD-0225 6hin 4.1
EMD-0258 6hrb 4.0
EMD-0605 60lu 2.8
EMD-0825 6lst 2.3
EMD-11957 7b05 3.8
EMD-12042 7b50 2.5
EMD-20584 6tys 35
EMD-21023 6v20 2.1
EMD-21037 6v3h 35
EMD-21199 6vgq 3.5
EMD-22032 6x3t 2.6
EMD-22358 7ijp 1.9
EMD-22754 7kol 4.9
EMD-2788 4viw 4.7
EMD-3061 5a63 34
EMD-30614 7d8x 2.8
EMD-4553 6qi9 4.6
EMD-6618 5hi9 4.7
EMD-6630 3jcz 33
EMD-7088 6bel 4.3
EMD-7793 6d3r 4.3
EMD-8015 5gaq 3.1
EMD-8194 5k12 1.8
EMD-9062 6mar 4.5

Supplementary Table 2.1 Density maps and models used to fit density z-scores



6CP3 6K1H 6TT7

‘ Version 1 Version 2 Version 1 Version 2 Version 1 Version 2
R.M.S. deviations
Bond 0.0093 0.0093 0.0074 0.0070 0.0094 0.0086
lengths (A)
Bond 1.38 1.37 1.44 1.23 1.50 1.48
angles (°)
Validation
Molprobity 1.92 1.98 1.89 2.43 2.05 2.02
Score
Clash 8.12 9.09 5.99 20.08 8.56 8.68
Score
Poor 0.36 1.07 0.75 0.90 1.29 1.19
Rotamers
(%)
Ramachandran Plot
Favored 92.18 92.41 89.41 86.50 91.41 91.89
(%)
Allowed 7.62 7.29 10.59 13.31 8.03 7.58
(%)
Outliers 0.20 0.30 0 0.19 0.56 0.53
(%)

6ZA9 7BV2 7BW4

 Version 1 Version2  Version 2 Version3  Version 1 Version 2
R.M.S. deviations
Bond 0.0072 0.0079 0.0045 0.050 0.0046 0.0046
lengths (A)
Bond 1.38 1.37 0.98 1.28 0.99 0.98
angles (°)
Validation
Molprobity 1.55 1.55 1.48 1.28 2.21 2.20
Score
Clash 472 5.20 5.32 5.27 15.96 16.36
Score
Poor 0.84 0.74 0 0 1.68 1.68
Rotamers
(%)
Ramachandran Plot
Favored 95.57 96.04 96.78 98.70 95.23 95.47
(%)
Allowed 4.43 3.96 3.22 1.3 4.63 4.34
(%)
Outliers 0 0 0 0 0.09 0.19
(%)
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7TKSM

\ Version 1  Version 2
R.M.S. deviations
Bond 0.0045 0.0070
lengths (A)
Bond 0.97 1.05
angles (°)
Validation
Molprobity 1.80 1.74
Score
Clash 9.49 9.09
Score
Poor 0.04 0.08
Rotamers
(%)
Ramachandran Plot
Favored 95.73 95.56
(%)
Allowed 4.27 4.44
(%)
Outliers 0 0
(%)

Supplementary Table 2.2 Validation statistics on seven obsoleted structures
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3J9E

SMM4

6COV

‘ before

R.M.S. deviations

Bond
lengths (A)
Bond
angles (°)
Validation

Molprobity
Score

Clash
Score
Poor
Rotamers
(%)

0.0314

3.27

3.48

20.69

24.26

Ramachandran Plot

Favored
(%)
Allowed
(%)
Outliers
(%)

87.02

9.56

3.42

after

0.0319

1.83

0.93

1.58

97.88

1.93

0.19

before

0.0086

1.36

2.18

12.45

0.1

89.17

10.73

0.1

after

0.0227

1.73

0.99

217

98.56

1.44

before

0.0073

1.02

0.92

0.33

95.73

4.27

after

0.0236

1.69

0.86

1.32

0.1

98.87

1.04

0.09

6C14

6DMB

6E10

 before

R.M.S. deviations

Bond
lengths (A)
Bond
angles (°)
Validation

Molprobity
Score

Clash
Score
Poor
Rotamers
(%)

0.0058

1.25

1.72

5.29

0.27

Ramachandran Plot

Favored
(%)
Allowed
(%)
Outliers
(%)

93.25

6.75

0

after

0.0273

1.9

97.76

2.02

0.22

before

0.0091

1.56

2.21

6.47

1.94

86.21

13.18

0.61

after

0.0261

1.74

0.88

1.46

0.24

99.19

0.61

0.2

before

0.0085

1.44

1.68

4.62

0.78

93.11

6.89

after

0.0296

1.73

0.95

1.86

99.23

0.77
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6JT1

6XOW

7QFQ

 before

R.M.S. deviations

Bond
lengths (A)
Bond
angles (°)
Validation
Molprobity
Score
Clash
Score
Poor

Rotamers
(%)

0.0049

1.1

2.45

10.39

4.62

Ramachandran Plot

Favored
(%)
Allowed
(%)
Outliers
(%)

93.82

5.82

0.36

after

0.0225

1.63

0.83

1.18

98.64

1.18

0.18

before

after before

0.0068 0.0257 0.0036

1.26 1.86 0.93

2.16 1.15 1.82

242 3.6 8.31

0.23 0.12 0

95.84 98.65 94.57

4.16 1.35 5.43

after

0.0209

1.65

0.76

0.85

98.84

1.08

0.08

7ROU

7S9D

7V0OJ

before

R.M.S. deviations

Bond
lengths (A)
Bond
angles (°)
Validation
Molprobity
Score

Clash
Score
Poor
Rotamers
(%)

0.0034

0.86

1.68

3.5

Ramachandran Plot

Favored
(%)
Allowed
(%)
Outliers
(%)

90.26

9.14

0.6

after

0.0264

1.94

1.06

2.72

0.49

99.4

0.6

0

before

after before

0.0258 0.0087

1.8 1.25

2.44 1.03 1.83

23.34 2.45 7.62

0.35 0.17 1.73

89 98.81 96.46

10.7 1.19 3.29

0.3 0 0.25

after

Supplementary Table 2.3 Validation statistics on set of 12 rebuilt models before and after.

0.0315

1.87

0.85

1.26

97.98

2.02
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Supplemental Figure 3.1 Identification of hypothetical states that may or may not exist in the
data.

(A) Example of hypothetical state for GPCR (purple) which passes the model deletion and
density recovery criterion. Deleted region of model shown in light purple and corresponding
region of consensus model shown in blue. (B) Example of hypothetical state (purple) which fails
the model deletion and density recovery criteria. Deleted region of model shown in light purple
and corresponding region of consensus model shown in blue. (back)
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Supplemental Figure 3.2 Orientations from map refinements of previous iterations improve
convergence of model-guided image processing

(A) Particle distributions for every class across iterations of model-guided image processing
where each iteration starts from orientations found during consensus refinement. (B) Particle
distributions for every class where orientations after refinement of each class are passed to the
following iteration. (C) One-dimensional representation of protein conformations for every
class where each iteration starts from orientations found during consensus refinement. (D)
One-dimensional representation of protein conformations for every class where orientations
after refinement of each class are passed to the following iteration. (back)
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Supplemental Figure 5.1 Some of the items crocheted by this author over the course of her
graduate career

(A) Totoro, the first freehanded amigurumi. (B) A very cute sweater, the only wearable made so
far (of many) that is actually wearable. (C) Two model organisms, drosophila and zebrafish (plus
one Pesto). (D) Blueberry pie, probably the only pie this author will ever make. (E) Ice cream
cone, triple scoop, because less is not always more. (F) A Junimo.
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