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Abstract

Protein structures are fundamental to their functions and interactions, requiring extensive
investigation in structural proteomics. The cellular environment, including factors such as
temperature, pH, and salinity, has been shown to have a profound impact on protein folding.
Despite the significance of these factors, they are frequently overlooked by protein structure
models and studies. This Thesis is a collection of publications that offer insight into the complex

interactions between cellular environment and protein folding dynamics.

The first publication focuses on differences in protein folding between mesophilic and
thermophilic bacteria. We uncover distinctions in secondary structure when using mesophiles as
expression systems for thermophiles. Understanding these variations may aid in bacterial
physiology comprehension and refinement of protein structure prediction models to better

account for environmental influences.

The second publication explores the relationship between amino acid sequence similarities and
secondary structure variations in mammalian ACE2 proteins. Given the critical role of ACE2 in
mediating coronavirus cellular entry, understanding the structural determinants governing ACE2
binding interactions is crucial. Our findings offer insights into the molecular mechanisms
underlying virus-host interactions, providing additional context for therapeutic and vaccine

development efforts.

The third publication investigates intrinsically disordered protein (IDP) abundance across
bacteria with varying optimal growth temperatures (OGTs). IDPs play versatile roles in cellular
processes, with their abundance linked to environmental adaptation. Comparing IDP abundance
in mesophilic and thermophilic bacteria sheds light on potential functional implications in
diverse environmental contexts. This analysis enhances our understanding of protein dynamics in

response to environmental cues and provides insights into bacterial adaptation and evolution.

Through these investigations, we contribute to bridging knowledge gaps regarding the influence
of cellular environment on protein folding dynamics. By unraveling the complex interplay
between environmental factors and protein structure, we pave the way for more accurate

predictions and manipulations of protein function.
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Résumé

Les structures protéiques sont essentielles a leurs fonctions et interactions, nécessitant des études
approfondies en protéomique structurale. L'environnement cellulaire, comme la température, le
pH et la salinité, impacte fortement le repliement des protéines. Malgré leur importance, ces
facteurs sont souvent négligés par les modeles de structure protéique. Cette thése rassemble des
publications explorant les interactions complexes entre 1'environnement cellulaire et la

dynamique de repliement des protéines.

La premicre publication examine les différences de repliement entre bactéries mésophiles et
thermophiles. Nous découvrons des distinctions de structure secondaire lors de l'expression de
thermophiles dans des mésophiles. Comprendre ces variations peut aider a mieux appréhender la

physiologie bactérienne et affiner les modéeles de prédiction structurale.

La deuxiéme ¢étudie la relation entre similitudes de séquence d'acides aminés et variations
structurelles de 'ACE2 chez les mammiféres. Etant donné le role clé de I'ACE2 dans I'entrée des
coronavirus, comprendre les déterminants structurels régissant sa liaison est crucial. Nos
résultats éclairent les mécanismes moléculaires des interactions virus-hote, guidant le

développement thérapeutique et vaccinal.

La troisieme publication analyse 1'abondance des protéines intrinsequement désordonnées (IDP)
chez les bactéries a différentes températures optimales de croissance. Comparer I'abondance des
IDP chez les mésophiles et thermophiles révele leurs implications fonctionnelles dans divers

environnements, €clairant 1'adaptation et 1'évolution bactériennes.

Ces recherches comblent les lacunes sur l'influence environnementale sur le repliement
protéique. En élucidant ces interactions complexes, nous permettons de meilleures prédictions et

manipulations des fonctions protéiques.

il



Acknowledgements

I extend my sincere gratitude to my supervisor, Dr. Xuhua Xia, for his unwavering support and
invaluable guidance throughout my academic journey. His constructive feedback has been
instrumental in shaping me into a better scientist, and I am truly thankful for his mentorship.
Moreover, I am grateful for his flexibility in allowing me to explore my research interests and for
his constant encouragement during challenging times. Dr. Xia's welcoming attitude made my
transition to Canada smooth, and I am sincerely thankful for the opportunity to pursue my PhD

under his mentorship at the Xia lab.

I am deeply grateful to the numerous professors who have influenced my academic journey.
Their support has played a crucial role in my pursuit of a PhD and in the preparation of this
thesis. Special thanks are extended to my thesis advisory committee members, Dr. Stéphane
Aris-Brosou, Dr. James Cheetham, and Dr. Marcel Turcotte. Their consistent feedback and
encouragement have been invaluable, and I am thankful for the opportunity they provided me to
transition from the Masters to the PhD program. Their guidance has significantly enhanced both

the quality of my work and the methodologies employed in my research endeavors.

I thank all past and present members of the Xia lab, including Parisa Aris, Mahbubeh Askari
Rad, Heba Farookhi, Bosen Jia, Mohan Rakesh, Jordan Silke, and especially Yulong Wei. Their
inquisitive minds and thoughtful inquiries have significantly contributed to the advancement of
my projects. Their assistance and innovative ideas have been invaluable throughout my journey.
As I express my appreciation, I also extend my best wishes to them for success in their future
endeavors, whether they continue in scientific research or pursue other paths. May they find
fulfillment and accomplishment in all their undertakings, and may their contributions continue to

make a positive impact, shaping the world in meaningful ways.

I am profoundly grateful to my family for their love, sacrifices, and steadfast support throughout
my academic journey. My parents' dedication to ensuring my education has been unwavering,
and I am deeply thankful for their sacrifices and encouragement. My brother's constant support
and assistance with my research have been invaluable, and I appreciate his belief in my abilities.
Additionally, my wife's remarkable patience and constant support, including her willingness to

accompany me to a foreign country, have been instrumental in my pursuit of success in Canada.

v



Their love and encouragement have been my guiding light, motivating me to persevere through
challenges and strive for excellence. I am forever grateful for their boundless love, and I look

forward to sharing many more milestones together in the future.

Finally, I extend my gratitude to the developers at OpenAl for creating and releasing the
remarkable language model utilized in the refinement of the initial text. While my proficiency in
English may not be impeccable, the exceptional capabilities of the language model, alongside
some strategic prompt crafting on my part, have undoubtedly enhanced the readability of this
thesis compared to its previous state. As a human being, I am regrettably unable to boast the
linguistic prowess of a sophisticated Al language model, but I am grateful for the assistance it

provides in improving communication.



Contents

F N o 1 2T OO O ROTSUP PSRRI i
RESUIME. ...ttt ettt et e sttt et e e at e e bt e s se e et e e sateenbeesseesabeesaneans i1
ACKNOWIEAZEIMENTS ......uviiiiiiieiiee ettt e e st e e s aee e eaeeesaaeesaeesssseesssseessseeessseeanes v
COMEEIILS ...ttt ettt et e s e et e s ae e et e e sat e e bt e e abeenbeesaeeeabeeeabe e beesabeebeeenbeenseesaseenneeans vi
LSt OF FIGUIES ..ottt ettt ettt et s e et e st e esteessbeenbeessbeensaeesseensaensnesnseensneenne X
LISt OF TADIES ....veiiteiieeee ettt Xiv
ADDIEVIALIONS ...ttt ettt ettt ettt b et b ettt ae e bt eae XV
Chapter 1. INtrOAUCTION ......oouviiiiieiiecie ettt ettt st e et e eabeestaesebe e saeesseessseensaensneenns 1
1.1 General Background on Protein StrucCture ............ccceeveeriieriieniieiieeie et 1
1.1.1  Overview of Protein StrUCIUIE .......cccoieiririeieieicieneneeterieee et 1
1.1.2  Importance of Protein Structure in Biological Processes ............cccceevvevirriervenennnens 2
1.1.3  Protein Folding MechaniSms ............cccocuiiiiieiiiiiiieniiecieeee e 3

1.2 Cellular Environment and Protein FOIdINg ..........ccoceoviiiiniiiiniiniiincececee 5
1.2.1  Environmental Factors Influencing Protein Folding.............coceoirviniininnininnnnns 5
1.2.2  Cellular Factors Modulating Protein FOIding ............ccceveriniininiiniiniiicnicees 6
1.2.3  Protein Folding in Extremophile SPecies ..........ccoceeviiriineriiiniiniiiiinicieeieneeieee 7

1.3 Intrinsically Disordered Proteins.........cccccooirieiiriiiniiniiieiieieneseeieeeeeeese e 8
1.3.1 Structural and functional implications of intrinsically disordered proteins.............. 8

1.3.2  Molecular mechanisms underlying the folding and regulation of intrinsically

AISOTAETEA PIOLEINS ..eeeivieeiiieieiiieeiiee ettt et e et e et e e e taeeeaeeessseeesnaeeessseessseesnnseeensseeennsens 10
1.3.3  Role of intrinsically disordered proteins in health and disease............cccccceeueenneenne 11
1.4 Objectives and Significance of the Study ........ccccecviiviiiieiiiieee e 12
1.5 Bioinformatics Methods and Data SOUICeS...........cocevieriiiiriiniiiinieccicteeeeeee 13

Vi



Chapter 2. Proteins from Thermophilic Thermus thermophilus Often Do Not Fold Correctly in a

Mesophilic Expression System Such as ESCherichia COli............uuuavueeecueeeciiieiieeeieeeieeeeieens 16
2.1 ADSITACE .ttt b et sttt et e b et saee e 16
2.2 INEOAUCLION ...ttt sttt ettt sttt et et sbe e b 17
2.3 MALETIALS ..ottt ettt sttt et et b et et 20

231 Data COECHION ..ottt sttt 21
2.3.2  Filtering the Data UsSing BLASTP ..cccovviiiiiieiecieciteeeeeeeee e 23
2.3.3  Construction of Probability MatriCes.........cceerieriieriieniieiienieerieeeie e eeve e 24
234  Jensen—Shannon Divergence Calculation and Statistical Analysis .........c..cccenueee 25
2.4 RESUILS ..t ettt e e bt et e e be e heeenbe e teeeateens 26
2.4.1  Magnitude of Expression System Effect.........c.ccoceriiiiniiniiiiniccce 26
2.4.2  Directionality of Expression System Effect...........coccooiiiiniiiiniininincne 29
2.5 DISCUSSION .uttieuiieiiieiie et et te ettt et e et et e et e et e e e ate e beeeabe e seeeabeesbeeenbeenseesnseenneeenbeenseesnseans 32
2.5.1 Lack of Required Chaperones..........ccceerieeiuieniieiiieiieeiie ettt et 32
2.5.2  Suboptimal Cellular Environment ............c.cccceeviiriiniriiinieneiieneeneeieeeeneeee e 32
2.5.3  Codon OPtiMIZAtION......ccueeerireeriieeririeesteeeieeeereteeeareesaeeesseeesseesssreeensseesnsseesnseens 33
2.5.4  Protein CTOWAING ...cccvviiiiieeiie ettt ettt stee e aee e saee e saeeenveeennseeenseeennseas 33
2 T TN 3 o 4 U o7 Lol TSRS 34
2.5.6  Study LIMItatiONS ....cccveeeiiieeiiieeiiieeiieeeiteeeiteeeieeeeaeeeeaeeesaeeessaeessnseeennseesnseeenneeas 35
2.0 COMCIUSION. ....eiiiiiiiiiiite ettt ettt e sbe e et e bt st eesbe e sabeesbeesateens 38

Chapter 3. Applications of Protein Secondary Structure Algorithms in SARS-CoV-2 Research 39
3.1 ADSITACT .ttt s 39
3.2 INrOUCHION ...ttt sttt 40

3.2.1  Secondary Structure Studies are Required to Understand Host Susceptibility to
SARS-COV-2 ettt ettt ettt sttt 40

vii



3.2.2  An Evaluation of Current PSSP Algorithms..........ccceevviiviiiiniiiecie e 41

3.3 PSSP Methods have been Used Widely in Pandemics Research............ccccceeuveeennnnnnne. 44
3.3.1 Structural Conformation at SARS-CoV nsp5 Protein .......cccceeeeveieeciieeciieccieeeeen, 44
3.3.2  Rapid Evolution of Pandemic Norovirus GEnogroups ...........cccueerveeerveeesveessveens 45
3.3.3  Identification of a Potential Inhibitor of HIN1 Neuraminidase..........c..cccccccuerueeee. 45
3.3.4  Determining Conserved Segments of H7N9 Hemagglutinin.............c.cccveevrennnnne. 45

3.3.5  Computationally Designed Peptides to Block Binding between SARS-2-S and Host
ACE2 46

3.4  Using PSSP Models to Gain Biological Insight into Sars-Cov-2 and SARS-CoV

IERCTIVILY .ttt ettt e b e et e et e st e bt e eab e e bt e eateenaeeenbeenseesaneans 46
34.1 Materials and Methods............ooouiiiiiiiiiii e 46
342  Results and DISCUSSION ....cccuuieiuiiiiiiiieiiieiie ettt sttt 48

3.5 CONCIUSION. ...ttt ettt sttt e sttt e s et e et esaee e bt e sseeenbeesaeeenne 52

Chapter 4. Comparative Analysis of Intrinsically Disordered Proteins in Mesophilic and

Thermophilic Bacteria: Implications for Growth Temperature Adaptations..........cccceeveeviennenne 53
A1 ADSITACE .t ettt st ens 53
4.2 INEEOAUCTION ..ttt ettt e sbe e et e bt s abeesateenbeenbeeeaneens 54

4.2.1  Intrinsically Disordered Proteins and Their Abundance...........c.cccoceeveriiniincnnnene 54
4.2.2  Identification Of IDP GIOUPS .....cceeviiriimiiriiniiiiiiieniteeeteeteete st 56
4.2.3  Quasi-Independent Contrasts...........ccoeeveriirienieriienieieeieneee et 57
4.3 Materials and MethOdS .........coouiiiiiiiiiiiieee et 58
4.3.1  Data Sources and Availability ........ccccccoriiiiiieiiiiiiieieeee e 58
4.3.2  Protein CIUSIETING .....oovuiiiiieiiieeiieiie ettt ettt e e e teesaeeebeessaeenneens 58
4.3.3  Disorder CalCulations. ........cccueeierierieriinieeieniteie sttt 59
4.3.4  Cluster Disorder AIIZNMENt.........cc.eeeiiiiieiiiieeiieeeiie et eeree e eaee e 59
4.3.5  Quasi-Independent Contrast Calculation ............cceeeevieeriiieeniiieiniie e 60

viii



4.4 RESUILS AN DISCUSSION . ....neeeeee ettt e et e e e e e e e eeee e eaeeeeeeereeaeaaaeeeeeereeeneaaaaeeaeeneens 60
4.4.1 Overall IDP Abundance in Different Prot€omes .......ouuuueeeeeeeeeeeeeeeeeeeeeeeeeeeeeeennn 60
4.4.2  Overall IDP Abundance in OrtholOgS.........ccccvvieriiieiiiiiiieeeiee e 62

443 Abundance in Different IDP Classes and Proteins with Different Molecular

FUNCHONS ..ottt sttt et st 65
4.44  Analysis of Aligned Ortholog CIUSEETS.......c.cevuiieiieriieiieiecieeeie e 68
4.4.5  Phylogeny Impact on FOD/OGT Relationship.........ccccccvevieeciieniiniienieeieenie e 75
Chapter 5. CONCIUSION. ......ciciiiiiieiiieitieeie ettt ettt e ete et e et essaeebeesseeesseessaesnseessseenseessseenseens 78
5.1  Importance of Cellular Environment in Protein Folding ...........cccccooeiiivinininicncnnnns 78
5.2 Challenges of Data Availability in Studying Diverse Cellular Environments............... 79
5.3 FULUIE QITE@CHIONS. ...ceueiieiiieiiieiie ittt ettt ettt et ettt e st e bt eeabeesseeenbeesaeeenne 80
RETRIEIICES ...ttt ettt e bt e et et e e bt e bt e enbeesaeeeabeesneeenbeennees 82

1X



List of Figures

Figure 2.1. Example of protein structures in different expression systems. TT EC file is
formed using proteins that have 7. thermophilus as source organism and E. coli as expression
system. TT_TT is formed using proteins that have 7. thermophilus as both source and expression
system (sometimes referred to as “native” expression system in this research). Figure adapted
from (Kruglikov, Wei, and Xia 2022). ....cc.eeeiiieeiieeeiieeeiee et eieeeeree e veeesaeeeseveeesaaeessaeesnneeens 18
Figure 2.2. Overview of methodology (part 1). Relevant structure IDs were found through a
search on PDBe (A) and processed into AA.fasta files (B). The found structures with the same
protein origin species and different expression species were paired on the basis of AA sequences
using BLASTp (C), and the paired AA/SS were saved as datafiles (D). Figure adapted from
(Kruglikov, Wei, and Xia 2022). ....coouiiiiieiieeiieiie ettt ettt ettt st e st e b e saeesneens 20
Figure 2.3. Overview of methodology (part 2). Datafiles were used to construct AA/SS count
(A) and proportion matrices (B). For each studied species, JSD was calculated between the
“native” proportion matrix and the recombinant E. coli proportion matrix (D). The differences
between the matrices were also visualized using heat maps (C). Figure adapted from (Kruglikov,
Wei, and X18 2022). ..coeiieiieeiieeie ettt et et e ete bt e eaeeteeebeesteeesb e e taeebe e taeenbeentaeeseenaaeenseeseas 21
Figure 2.4. Box plots of bootstrapped JSD (8 SS types). High JSD indicates larger differences
between “native” and E. coli expression systems. 7. thermophilus JSD are much higher than
those of other bacteria. Figure adapted from (Kruglikov, Wei, and Xia 2022)..........cceevveuuennnee. 28
Figure 2.5. Box plots of bootstrapped JSD (3 SS types). High JSD indicates larger differences
between “native” and E. coli expression systems. 7. thermophilus JSD are much higher than
those of other bacteria. Figure adapted from (Kruglikov, Wei, and Xia 2022)..........cccevreuenneen. 28
Figure 2.6. Distributions of permuted JSD results. 7. thermophilus JSD (red line) is much
larger than JSDs of the other species (gray lines) and the nonspecific JSD (gray histogram).
Figure adapted from (Kruglikov, Wei, and Xia 2022)........cccccieeiiiieiiienieeeie e e 29
Figure 2.7. Heat maps of proportion matrices differences with 3 SS types showing
directionality of the effect induced by using E. coli as the expression system. More negative
values (red) indicate larger proportions in E. coli as the expression system; more positive values
(green) indicate larger proportions in “native” expression systems. The effects were most visible

in T. thermophilus, where helices (H) were observed more frequently when proteins were



expressed in 7. thermophilus and coils (C) were instead more abundant when proteins were
expressed in E. coli. No such effect nor directionality of differences could be seen in other
species. The three SS types are H (helix), E (sheet), and C (coil). Figure adapted from
(Kruglikov, Wei, and Xia 2022). .....coieeiiierieeiierieeiteeiee et eriee et eseeesteesaeessseessaesseesseesnseessnesnseens 30
Figure 2.8. Heat maps of proportion matrices differences with 8 SS types showing
directionality of effect induced by using E. coli as the expression system. More negative
values (red) indicate larger proportions in E. coli as the expression system; more positive values
(green) indicate larger proportions in “native” expression systems. Strong effects could be
observed in 7. thermophilus, where a-helices (H) and 310-helices (G) were observed more
frequently when proteins were expressed in 7. thermophilus and coils (C) were instead more
abundant when proteins were expressed in E. coli. No such effect nor directionality of
differences can be seen in other species. The eight SS types are H (a-helix), I (n-helix), G (310-
helix), E (B-sheet), B (B-bridge), C (coil), S (bend), and T (turn). Figure adapted from
(Kruglikov, Wei, and Xia 2022). ....coouieiiieiieeiieiie ettt ettt ettt steesaeeebeesaaesaneens 31
Figure 2.9. Boxplots of bootstrapped JSD (8SS types) — data with no BLASTp filtering.
High JSD indicates larger differences between “native” and E. coli expression systems. 7.
thermophilus JSD are much higher than those of other bacteria. Figure adapted from (Kruglikov,
Wel, and X18 2022). ..coiuiieiieiiieie ettt et ettt et e ettt e et e st e e be e hteenbeentteeateeeaeeenbeeneas 35
Figure 2.10. Boxplots of bootstrapped JSD (3 SS types) — data with no BLASTp filtering.
High JSD indicates larger differences between “native” and E. coli expression systems. 7.
thermophilus JSD are much higher than those of other bacteria. Figure adapted from (Kruglikov,
Wel, and X18 2022). ..coiiieiiiiiieiie ettt et ettt ettt e ettt e e be e bt e enbeentteeabeenateenbeeneas 36
Figure 2.11. Scatterplots of overall datafile AA similarity / JSD (8SS types) relationship.
AA similarity variation seems to have no significant effect on JSDS8. Figure adapted from
(Kruglikov, Wei, and Xia 2022). ....cooiiiiieiieeiieieeie ettt ettt seee st e it e ebeessaeeaneens 37
Figure 2.12. Scatterplots of overall datafile AA similarity / JSD (3SS types) relationship.
AA similarity variation seems to have no significant effect on JSD3. Figure adapted from

(Kruglikov, Wei, and Xia 2022). ....ccccciieeiiieeiieeeiieeeiieeeieeeeteeesteeessaeeesseeessaeeessseesnsseesssseesnsseenns 38

Figure 3.1. An overview of PSSP programs and implemented computational algorithms

developed over the past 50 years (Chou and Fasman 1974; Kloczkowski et al. 2002; Asali,

xi



Hayamizu, and Handa 1993; Yi and Lander 1993; Hua and Sun 2001; Rost, Sander, and
Schneider 1994; McGuffin, Bryson, and Jones 2000; Drozdetskiy et al. 2015; Z. Wang et al.
2010; S. Wang et al. 2016; Torrisi, Kaleel, and Pollastri 2018; Heffernan et al. 2017; B. Zhang,
Li, and Lii 2018). Figure adapted from (Kruglikov et al. 2021)......c.ccccevvieriieiiienieeieeieeieeee, 42
Figure 3.2. Lake94 distances measured at ACE2 AA sequences poorly correlate Puistance
measured at ACE2 SS. Sequence distances in mammalian ACE2 are calculated with respect to
hACE2, and the 13 species considered are those listed in Table 3.4. Figure adapted from
(KrugliKov €t @l. 2021)..icueiieeiieiieeieeciie ettt ettt ettt et e ba et e esbeessaeenseessaeenseessneensaens 49
Figure 3.3. SS and AA alignments between Rhinolophus sinicus ACE2 and hACE2. Match
and mismatch sites are respectively indicated by green and red for AA alignment and by blue and
yellow for SS alignment. Notable regions where conservation levels differ between AA and SS
alignments are boxed in light red and yellow. Hotspot positions boxed in light blue represent
SARS-2-S contacting sites at hACE2 (Lan et al. 2020; J. Shang et al. 2020). Figure adapted from
(Kruglikov €t @l. 2021)..cueiiiiieiieeee ettt ettt e et e st e et e bt e enbeesaaeenseens 51

Figure 4.1. Scatter plot of proportions of positively-charged AA (f plus) and negatively-
charged AA (f minus), representing the five IDP regions. Blue color shows region 1, orange
shows region 2, green is for region 3, red is for region 4 and purple is for region 5.................... 57
Figure 4.2. Scatter plot of OGT and FOD, with line showing Ordinary Least Squares
(OLS) model. High OGT is associated with lower FOD. Effect size seems to be small but
statistically significant (R*> = 0.016, slope = —0.0003, and p-value = 0.030) for the linear model.
Majority of organisms are mesophiles, which could potentially skew the results of modeling.
Figure adapted from (Kruglikov and Xia 2024). ........ccooeriiieiiieeiieeieeeeeeeee e e 61
Figure 4.3. FOD distributions for thermophilic and mesophilic proteins. The two
distributions seem to be very similar even though a statistically significant difference has been
observed between the mean values (¢-test p-value = 6.898 x 10~*%). This significance is likely to
be the result of the large sample size. Thermophilic average FOD = 0.1301 + 0.0004 and
mesophilic average FOD = 0.1364 + 0.0001. All proteins from the dataset have been assessed,
and FOD has been predicted using RAPID. Figure adapted from (Kruglikov and Xia 2024). ... 62
Figure 4.4. Scatter plot of FOD contrast / OGT contrast relationship. Figure adapted from
(Kruglikov and X128 2024 ). .....c.uvieeiieecieeesiee et ete e et e e steeessaaeessbeeessseeessseeensseeensseesnsseesnsseeens 63

Xii



Figure 4.5. Scatter plot of OGT and FOD, with line showing Ordinary Least Squares
(OLS) model. Positive relationship between OGT and FOD is observed for clustered data. R? =
0.052, slope = 0.0017, and p-value = 5.69 x 107> for the linear model. FOD has been calculated
using fIDPnn. Linear model with RAPID FOD showed similar results (R? = 0.031, slope =
0.0013, and p-value = 0.002). The positive relationship is opposite to the one for overall data
(Figure 4.2). Figure adapted from (Kruglikov and Xia 2024). .......cccccveeeirieeriieeeeiie e 64
Figure 4.6. FOD distributions for thermophilic and mesophilic orthologs. Left violin plot
shows distributions of FOD calculated by fIDPnn, and right violin plot shows distributions of
FOD calculated by RAPID. The pairs of distributions seem to be very similar even though a
statistically significant difference has been observed between the mean values of fIDPnn FOD (-
test p-value = 0.0025 for fIDPnn and 0.167 for RAPID). Using fIDPnn, thermophilic average
FOD = 0.2425 + 0.007 and mesophilic average FOD = 0.2232 + 0.002. Using RAPID,
thermophilic average FOD = 0.2887 + 0.009 and mesophilic average FOD = 0.2760 + 0.003.
Interestingly, the differences are in opposite directions from the overall data (Figure 4.3). Figure
adapted from (Kruglikov and Xia 2024).......ccccueriiiiiiiiieeiiieeieeieesee et esiee e seae e eseeeeseessneenseens 65
Figure 4.7. Aligned disorder (uL.24) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024). .....cooueeiieeieeeeee ettt ettt et ettt e et et e e ateesneeebeesaeeeneens 70
Figure 4.8. Aligned disorder (Acyl carrier protein) and corresponding WebLogo. Figure adapted
from (Kruglikov and Xi1a 2024). .....ccociiieiieeeiie ettt etee e tee e sve e e eeeeaaeeenaeesnaeeeas 71
Figure 4.9. Aligned disorder (Spore protein) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024). .....cooueeeiieieeieeeee ettt ettt ettt ettt e et e st e e beesaeeenbeesaaeebeens 71
Figure 4.10. Aligned disorder (bL19) and corresponding WebLogo. Figure adapted from
(Kruglikov and X128 2024 ). ....cc.ueieeiieeiiee et esieeeste et e et eeetaeesiaeeessbeeessseeessseeessseesnnseessseesnnseeens 72
Figure 4.11. Aligned disorder (bS21) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024). .....cooueeeiieieeieeeee ettt ettt ettt ettt e et e st e e beesaeeenbeesaaeebeens 72
Figure 4.12. Aligned disorder (uS14) and corresponding WebLogo. Figure adapted from
(Kruglikov and X128 2024 ). ....cc.ueieiiieeiieeesieeesieeesteeeteeeieeestaeessaaeessbeeessseeessseeessseeensseesnsseesnsseeans 73
Figure 4. 13. Aligned disorder (bL28) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024). .....coouieiieeiieeieesiee ettt ettt ettt st e et e e ssaesnseesaeeenbeessneenseens 73
Figure 4.14. Aligned disorder (Cupin) and corresponding WebLogo. Figure adapted from
(Kruglikov and X1 2024 ). .....c.ueieiiieecieeesieeesiee et e ete e et e e staeessaeeessbeeessseeessseeensseesnsseesnsseesnsseeans 74

Xiii



Figure 4.15. Aligned disorder (uS14) and corresponding WebLogo. Figure adapted from
(Kruglikov and X1a 2024). ....cc.ueieiiieeeieeecieeesieeeste e et e eteeesteeessaaeessbeeesaseeessseeessseeessseessseeensseeans 74
Figure 4.16. Aligned disorder (Rubredoxin) and corresponding WebLogo. The WebLogo has
been limited to 100 first positions because of truncation. Figure adapted from (Kruglikov and
XA 2024). ettt ettt et et b et e a e et e ate et e e eaeenteenee st enteente st enteente st enteeneenns 75
Figure 4. 17. Scatter plot of FOD contrast/OGT contrast relationship. Contrast controls for
phylogeny impact, and we observe no relationship between IDP abundance and temperature

differences; therefore, phylogeny seems to be a more important factor than OGT. Figure adapted

from (Kruglikov and Xia 2024). ......cccuiieiiieeiee ettt svee et e e e e ae e e seaeeesaaeessaeeenaeeens 76
List of Tables

Table 2.1. Species Used in the Analysis  ................coooiiiiiiiiiniee e 22
Table 2.2. Mean JSD between Native and Recombinant AA/SS Matrices ®...............c......... 26
Table 3.1. A Comparison of PSSP Programs by Q3 Accuracy Assessments *...................... 43
Table 3.2. A Comparison of PSSP Programs by Q8 Accuracy Assessments * ...................... 43
Table 3.3. Average PSSP Program Accuracies as Measured Using ACE2 and Spike Protein
Data from PDB .. ..ottt ettt sttt e e 47
Table 3.4. Paistance scores between hACE2 SS and Mammalian ACE2 SS?.............ccccoooe.. 48

Table 4.1. FOD for different classes of ortholog IDPs in mesophilic and thermophilic bacteria.66
Table 4.2. FOD for different function tags of ortholog IDPs in mesophilic and thermophilic
DACTETIA. ..ottt ettt et 67

Table 4.3. Most divergent FOD between thermophilic and mesophilic orthologs. ..................... 69

X1V



Abbreviations
AA
ACE2
ASA
BLAST
BLASTp
CASP
CB513
CD-HIT
COVID-19
DAMBE
Dxi
DNA
FCR
FOD
H7N9
HA
hACE2
IDP

IDR
JSD

mRNA

Amino Acid

Angiotensin-Converting Enzyme 2

Accessible Surface Area

Basic Local Alignment Search Tool

Basic Local Alignment Search Tool for proteins
Critical Assessment of Structure Prediction

Test Set of 513 proteins for protein structure prediction
Cluster Database at High Identity with Tolerance
Coronavirus Disease 2019

Data Analysis in Molecular Biology and Evolution
Kullback—Leibler Divergence

Deoxyribonucleic Acid

Fraction of Charged Residues

Fraction of Disorder (as measured by number of IDP-coding genes)

Avian Influenza A

hemagglutinin

Human Angiotensin-Converting Enzyme 2
Intrinsically Disordered Protein

Intrinsic Disorder Region

Jensen-Shannon Divergence

Messenger Ribonucleic Acid

XV



MSA Multiple Sequence Alignment

NA neuraminidase

NCPR Net Charge Per Residue

nspS Non-structural protein 5

OGT Optimal Growth Temperature

OLS Ordinary Least Squares

PDB Protein Data Bank

PDBe Protein Data Bank Europe

PSSP Protein Secondary Structure Prediction

PTMs Post-Translational Modifications

Q3 PSSP accuracy metric using 3 types of SS

Q8 PSSP accuracy metric using 8 types of SS
RAPID Rapid Accurate Protein Intrinsic Disorder prediction
RBD Receptor Binding Domain of Spike protein

RNA Ribonucleic Acid

rRNA Ribosomal Ribonucleic Acid

S Spike protein

SARS-CoV Severe Acute Respiratory Syndrome Coronavirus
SARS-CoV-2 Severe Acute Respiratory Syndrome Coronavirus 2
SOV Segment OVerlap score

SS Secondary Structure

TDP-43 TAR DNA-binding protein 43

Xvi



TEMPURA Temporal RNA-Seq Unified Reader and Annotator

tRNA Transfer Ribonucleic Acid
TSI115 Test Set of 115 proteins for protein structure prediction
TS2019 Test Set for protein structure prediction updated in 2019 (261 proteins)
UniProt Universal Protein Resource
UPGMA Unweighted Pair Group Method with Arithmetic Mean
AG Gibbs free energy change
Tso protein melting temperature (50% are irreversibly denatured)
3-SS basic protein secondary structure classification with 3 classes:

H helix

E sheet

C coil

8-SS extended protein secondary structure classification with § classes:

H a-helix

E B-sheet

C coil

I n-helix

G 310-helix
B B-bridge
S Bend

T Turn

Xxvii



Amino acid notation:

A Ala
R Arg
N Asn
D Asp
B Asx
C Cys
Q Gln
E Glu
V4 Glx
G Gly
H His

I Ile

Alanine

Arginine

Asparagine

Aspartic acid

Asparagine or aspartic acid
Cysteine

Glutamine

Glutamic acid

Glutamine or glutamic acid
Glycine

Histidine

Isoleucine

xXviii

z R T

i

Leu
Lys
Met
Phe
Pro
Ser
Thr
Trp
Tyr
Val

Leucine
Lysine
Methionine
Phenylalanine
Proline

Serine
Threonine
Tryptophan
Tyrosine
Valine

Unknown



Chapter 1. Introduction

1.1 General Background on Protein Structure

1.1.1 Overview of Protein Structure

Proteins are fundamental biomolecules that play essential roles in various biological processes
within living organisms. These versatile molecules exhibit diverse functions, ranging from
catalyzing biochemical reactions to providing structural support and facilitating cellular

communication.

Protein structure is central to their functionality. The structure of a protein refers to the spatial
arrangement of its constituent amino acid residues in three-dimensional space. Proteins are
composed of linear chains of amino acids, each having unique chemical properties and side
chains. The specific sequence of amino acids determines the overall structure and function of the

protein.

Protein structure can be described as organized into hierarchical levels, where each level
contributes to the overall properties of the molecule. The primary structure represents the linear
sequence of amino acids in the polypeptide chain (Sanger 1952). This sequence is dictated by the
genetic code and serves as the foundation for higher-order structural organization. The secondary
structure refers to local folding patterns within the polypeptide chain, resulting from hydrogen
bonding between amino acid residues (Pauling, Corey, and Branson 1951). Common secondary
structures include alpha helices and beta sheets, which are important for stability and rigidity to
the protein (Sun, Foster, and Boyington 2004). Tertiary structure encompasses the overall three-
dimensional folding of the entire polypeptide chain, driven by interactions between amino acid
side chains. These interactions include hydrogen bonds, disulfide bonds, hydrophobic
interactions, and electrostatic attractions (Vella 1992). Tertiary structure determines the specific
shape and functional properties of the protein. Finally, in proteins consisting of multiple
polypeptide chains, the quaternary structure describes the arrangement of these subunits relative
to each other. Quaternary structure is crucial for the assembly and function of protein complexes,

such as enzymes and structural proteins (E. Wood 1996).



1.1.2 Importance of Protein Structure in Biological Processes
Understanding the intricate details of protein structure is essential in unraveling their diverse
functions and mechanisms of action. By interpreting protein structure, researchers gain
invaluable insights into how these molecules execute their biological functions. For instance,
knowledge of a protein's three-dimensional arrangement reveals its active sites, enabling
predictions of substrate binding and catalytic mechanisms (Yabukarski et al. 2020). This
understanding forms the foundation for biochemical and pharmacological studies aimed at

manipulating protein function for therapeutic purposes (Bancet et al. 2020; Francoeur et al. 2020;

S. Luo et al. 2021).

Moreover, protein structure governs their interactions with other molecules, including other
proteins, nucleic acids, and small molecules. The specific spatial arrangement of amino acid
residues within a protein dictates its affinity and specificity towards interacting partners (Honig
and Shapiro 2020). These molecular interactions underpin essential biological processes such as
signal transduction, gene regulation, and molecular transport (Berg, Tymoczko, and Stryer
2002). Consequently, untangling protein structure not only sheds light on individual protein
functions but also unveils intricate networks of molecular interactions crucial for cellular

homeostasis and organismal development.

Furthermore, deviations from the native protein structure, often resulting from genetic mutations
or environmental factors, can lead to structural abnormalities with profound implications for
health and disease. Such alterations may disrupt protein folding or compromise protein stability,
culminating in a spectrum of disorders known as proteinopathies. Examples of protein
misfolding diseases include Alzheimer's disease (Rahman and Lendel 2021; Y. Chen et al.
2021), Parkinson's disease (S. Hu et al. 2021; Fanning, Selkoe, and Dettmer 2020), and cystic
fibrosis (Q. Chen, Shen, and Zheng 2021; Farinha and Callebaut 2022; Lewis et al. 2005),
wherein aberrant protein structures contribute to pathogenic processes underlying these
conditions. Understanding the relationship between protein structure and disease pathology is
instrumental in the development of targeted therapies aimed at mitigating or preventing the

adverse effects of protein misfolding.



1.1.3 Protein Folding Mechanisms

Protein folding is a complex process influenced by fundamental thermodynamic principles that
drive the transition from a disordered state to a stable, biologically active structure. At the core of
this process lies the inherent tendency of proteins to seek the lowest free energy state, which
corresponds to their native three-dimensional structure. This thermodynamic principle, known as
the "thermodynamic hypothesis," was first proposed by Christian B. Anfinsen in the 1970s and
has since been widely accepted as a fundamental component of protein folding (Anfinsen 1973;

Kaffe-Abramovich and Unger 1998).

The folding process involves the optimization of various non-covalent interactions, including
hydrogen bonding, van der Waals forces, hydrophobic interactions, and electrostatic interactions.
These forces collectively contribute to the stabilization of the protein's native structure, which
represents the thermodynamically favored state (J. Wang et al. 2016; Ross and Rekharsky 1996).
Through a series of stochastic events, proteins explore a vast conformational space, sampling a
myriad of intermediate states before settling into their energetically preferred structure. This
process is often referred to as the "folding funnel," wherein the landscape of potential protein
conformations narrows as folding progresses, ultimately leading to the native state (Socci,

Onuchic, and Wolynes 1998).

Entropy, a measure of disorder or randomness, plays a crucial role in protein folding dynamics.
As a polypeptide chain folds into its thermodynamically optimal structure, the conformational
entropy decreases due to the reduction in the number of possible conformations. The free energy
of unfolding (AG) represents the energy required to disrupt the native structure and can be used
as a measure of protein stability (Teufl, Zajc, and TraxImayr 2022; Stadler et al. 2016). Proteins
with higher AG values are more resistant to unfolding and exhibit greater thermodynamic
stability. Another way to quantify the average thermodynamic stability of a protein domain is
using melting temperature (T's0), the temperature at which half of the protein population is in
irreversibly denatured. For mesophilic proteins, which thrive in moderate temperature
environments, T'so typically is below 50°C. In contrast, thermophilic proteins, adapted to survive
in high-temperature environments, exhibit higher T'so values, often exceeding 80°C (Teufl, Zajc,

and Traxlmayr 2022). This increased thermostability is achieved through various structural



adaptations, such as enhanced hydrophobic interactions, increased rigidity, and optimized

electrostatic interactions.

In the crowded and dynamic cellular environment, protein folding is often susceptible to errors
and interruptions. To mitigate these challenges, cells employ a sophisticated network of
molecular chaperones, specialized proteins that assist in the correct folding of nascent
polypeptides. Chaperones bind to unfolded or misfolded protein intermediates, shielding them
from inappropriate interactions and facilitating their transition to the native state (Balchin,
Hayer-Hartl, and Hartl 2020). By providing a supportive environment conducive to folding,
chaperones enhance the efficiency and fidelity of protein folding pathways. Notably, chaperone
proteins play essential roles in preventing protein aggregation, a characteristic of numerous
neurodegenerative diseases, by promoting the correct folding and assembly of misfolded protein

species (Sakahira et al. 2002; Schlee and Reinstein 2002; Giffard et al. 2004).

In addition to thermodynamic and chaperone-mediated mechanisms, the folding dynamics of
proteins are profoundly influenced by physiochemical properties inherent to their surrounding
environment. Factors such as pH, temperature, ionic strength, and the presence of cofactors or
ligands exert significant effects on protein folding kinetics and stability. For instance, variations
in pH can alter the protonation state of ionizable amino acid residues, thereby modulating
electrostatic interactions critical for folding (Platzer, Okon, and McIntosh 2014; Konermann
2012). Similarly, changes in temperature can disrupt hydrogen bonding and hydrophobic
interactions, leading to protein denaturation or aggregation (Konermann 2012; Soulages et al.
2002). Furthermore, the presence of specific ions or small molecules can serve as cofactors or
stabilizers, promoting the adoption of specific protein conformations essential for biological

function (Jaenicke, n.d.).

The interplay between thermodynamic principles, molecular chaperones, and physiochemical
influences shapes the intricate landscape of protein folding, underscoring its essential role in
cellular physiology and disease pathogenesis. Explaining the mechanisms governing protein
folding not only enhances our understanding of fundamental biological processes but also holds
promise for the development of novel therapeutic strategies targeting protein misfolding

disorders. By unraveling the complexities of protein folding mechanisms, researchers continue to



unlock the secrets of life's molecular choreography, paving the way for transformative advances

in biomedicine and beyond.

1.2 Cellular Environment and Protein Folding

1.2.1 Environmental Factors Influencing Protein Folding

Environmental factors exert profound effects on protein folding dynamics and stability, playing
critical roles in shaping the functional properties of proteins within the cellular milieu. Among
these factors, temperature, pH, and osmotic pressure stand out as key modulators of protein

folding processes, influencing protein stability, conformational changes, and interactions.

Temperature variations represent one of the most significant environmental factors impacting
protein folding. Proteins are exquisitely sensitive to changes in temperature, with alterations in
thermal conditions affecting their stability and folding kinetics. At higher temperatures, proteins
are more prone to denaturation (S. Bondos and Matthews 2021; Jaenicke, n.d.), wherein they
lose their native structure and functional integrity due to disruption of non-covalent interactions
that maintain their three-dimensional conformation. Conversely, lowering the temperature can
slow down protein folding kinetics (Privalov 1990; Xiong 1997), leading to the accumulation of
folding intermediates and increased susceptibility to misfolding and aggregation. Moreover,
extreme temperatures can induce irreversible protein unfolding, resulting in protein aggregation
and loss of biological activity (S. Bondos and Matthews 2021). The sensitivity of proteins to
temperature variations underscores the importance of maintaining thermal homeostasis within

cells to ensure proper protein folding and function.

In addition to temperature, pH fluctuations represent another crucial environmental factor
influencing protein folding. Proteins exhibit optimal stability and activity within a specific pH
range dictated by their amino acid composition and structural context. Deviations from this
optimal pH range can disrupt electrostatic interactions, leading to changes in protein
conformation and stability. For instance, at extremes of pH, ionizable amino acid residues may
become protonated or deprotonated, altering their charge distribution and affecting intra- and
intermolecular interactions (Konermann 2012; Platzer, Okon, and McIntosh 2014; M. S. Lee,

Salsbury Jr., and Brooks I1I 2004). Consequently, pH fluctuations can perturb protein folding



pathways, leading to the formation of misfolded or aggregated protein species with compromised

biological functions.

Furthermore, osmotic pressure, resulting from differences in solute concentrations across cellular
membranes, represents another environmental factor that impacts protein folding and stability.
Osmotic pressure influences the hydration state of proteins, affecting their solubility and
conformational stability (Wennerstrom and Oliveberg 2022). High osmotic pressures, such as
those encountered during osmotic stress or dehydration, can lead to protein denaturation and
aggregation, as water molecules are depleted from the protein surface, exposing hydrophobic
regions that promote protein-protein interactions. Conversely, low osmotic pressures may induce
protein swelling and conformational changes, altering protein-protein interactions and cellular
signaling pathways. The osmotic environment of cells plays a critical role in maintaining protein
homeostasis and cellular function, as disruptions in osmotic balance can compromise protein

folding, membrane integrity, and cell viability.

1.2.2 Cellular Factors Modulating Protein Folding

In addition to environment, other cellular factors influence protein folding and are essential for
comprehending the nuances of cellular physiology. In the bustling and dynamic environment of
the cell, numerous factors shape the folding kinetics and stability of proteins, ultimately defining

their functional properties.

One significant factor of protein folding within cells is intracellular molecular crowding. The
cell's interior is densely packed with macromolecules, creating limited space for molecular
diffusion and interaction. This crowding imposes steric constraints on protein folding, affecting
the accessibility of folding intermediates and altering folding and unfolding rates (Gomes and
Faisca 2019; Kuznetsova, Turoverov, and Uversky 2014). Additionally, the stability of proteins
in crowded environments can be influenced by specific interactions such as hydrophobic
interactions and hydrogen bonding with crowding agents, resulting in a more complex effect on

the folding of various proteins (Macdonald et al. 2016; Miklos et al. 2011).

Post-translational modifications (PTMs) also play a crucial role in regulating protein folding
pathways. PTMs dynamically modify protein structure and function, influencing folding,

stability, and activity. For example, phosphorylation can induce conformational changes (Liang
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et al. 2006), while glycosylation affects protein solubility and recognition by chaperones (Zacchi
et al. 2014; Broncel et al. 2010). The interplay between PTMs and protein folding is pivotal in

cellular function.

Another critical factor affecting protein folding is the cellular redox state, which regulates
disulfide bond formation. Disulfide bonds stabilize protein structures, and their formation is
influenced by the balance between oxidizing and reducing agents in the cell. Oxidizing
conditions promote disulfide bond formation, enhancing protein stability and correct folding,
while reducing conditions facilitate disulfide bond reduction, leading to misfolding and
aggregation (Eben and Imlay 2023; Rajapaksha, Pandeya, and Wei 2020; Ramirez-Palma et al.
2021). Disruption of cellular redox homeostasis is implicated in various diseases (Bhattacharyya
et al. 2014; Lennicke et al. 2016), emphasizing its significance in protein folding and cellular

function.

1.2.3 Protein Folding in Extremophile Species

As discussed previously, cellular environment exerts significant influence on protein folding
processes. Factors such as temperature, pH, and salinity can alter the stability and conformation
of proteins. Extremophiles, including thermophiles thriving in high temperatures, psychrophiles
inhabiting cold environments, acidophiles surviving in low pH, as well as other groups of
species, have evolved distinct protein folding patterns to cope with their extreme habitats.
Understanding these adaptations is essential for unraveling the mechanisms underlying protein

stability and function.

Extremophiles exhibit specific folding patterns tailored to their harsh environments. For instance,
thermophilic proteins often possess increased thermostability through enhanced hydrophobic
interactions and rigid structures (Ahmed et al. 2022; Gromiha et al. 2013; Rathi, Hoffken, and
Gohlke 2014). In contrast, psychrophilic proteins adapt to cold temperatures by employing
different strategies such as enhanced glycosylation (L. Li et al. 2020), upregulation and isoform
exchange of cold-shock proteins (Koh et al. 2017). These unique folding patterns not only enable
extremophiles to thrive in extreme conditions but also offer valuable insights into the

fundamental principles of protein folding.



Evolutionary adaptations of extremophile proteins have a great effect on their stability and
denaturation behavior in non-native environments. Proteins from psychrophilic species,
optimized for cold temperatures, are likely to experience denaturation not only at extremely high
temperatures but also under mesophilic conditions (20-40°C). Conversely, thermophilic proteins,
adapted to withstand high temperatures, may undergo cold denaturation when exposed to normal
or lower temperatures. These temperature-dependent denaturation trends highlight the
importance of considering the native cellular environment when studying protein structures from
extremophiles. Expressing extremophile proteins in mesophilic model organisms or utilizing
them in standard laboratory conditions could lead to misfolding or destabilization, potentially
compromising structural and functional analyses. This logic extends to species adapted to other
environmental factors such as pH, salinity, and pressure, as their adaptations can also influence

protein folding and stability.

Extremophiles have garnered significant research interest due to their potential applications in
various fields. Their specialized folding patterns hold promise for industrial biocatalysis,
bioremediation, and pharmaceutical development. Moreover, studying extremophile proteins
provides a window into evolutionary processes and the adaptive strategies employed by
organisms facing extreme environmental challenges. By elucidating the specificities of protein
folding in extremophiles, researchers can uncover novel mechanisms for protein stabilization and

design.

1.3 Intrinsically Disordered Proteins

1.3.1 Structural and functional implications of intrinsically disordered
proteins

Intrinsically disordered proteins (IDPs) represent a fascinating class of proteins that lack well-

defined tertiary structures under physiological conditions. Despite their lack of a stable structure,

IDPs play pivotal roles in various cellular processes, showcasing unique structural and functional

properties that distinguish them from their ordered counterparts.

One of the hallmark features of IDPs is their ability to adopt multiple conformations. Unlike
globular proteins, which fold into well-defined three-dimensional structures, IDPs exist as

dynamic ensembles of interconverting conformations (V. N. Uversky, Gillespie, and Fink 2000).
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This conformational flexibility allows IDPs to interact with a diverse array of binding partners
(Ferreon et al. 2009; Santofimia-Castafio et al. 2017) and adapt their structures to fulfill specific
functional roles within the cell. By adopting different conformations, IDPs can exhibit versatile
binding interfaces, enabling interactions with multiple interaction partners and facilitating the

formation of transient protein complexes.

IDPs play crucial roles in cellular signaling and regulation pathways, where their structural
plasticity allows for dynamic regulation of cellular processes. Many IDPs function as molecular
switches, transitioning between different conformations in response to environmental cues or
post-translational modifications (Berlow, Dyson, and Wright 2022). Through their interactions
with signaling molecules, IDPs can modulate signal transduction cascades, regulate gene
expression, and orchestrate catalysis of enzyme activity (DeForte and Uversky 2017; Bemporad
et al. 2008). Moreover, IDPs often act as scaffolds or adapters, facilitating the assembly of
multiprotein complexes involved in various cellular processes, including cell cycle regulation,
DNA repair, and apoptosis (Bernardini et al. 2023; Yoon et al. 2012; Kai 2016; Xuejun Jiang et
al. 2003).

IDPs serve as hubs in protein-protein interaction networks, where they act as central nodes
connecting multiple signaling pathways and regulatory circuits. Due to their promiscuous
binding properties, IDPs can interact with numerous protein partners simultaneously, forming
dynamic interaction networks that integrate diverse cellular signals and coordinate complex
cellular behaviors (Kurzbach et al. 2014; Cho et al. 2021). By serving as hubs in protein
interaction networks, IDPs contribute to the robustness and adaptability of cellular signaling
networks, allowing cells to respond dynamically to changing environmental conditions and

physiological demands (Cho et al. 2021).

IDPs exhibit remarkable structural and functional properties that underlie their diverse roles in
cellular physiology. Their conformational flexibility, involvement in signaling and regulation
pathways, and centrality in protein-protein interaction networks highlight the importance of IDPs
in orchestrating cellular processes and maintaining cellular homeostasis. Understanding the
structural and functional implications of IDPs provides valuable insights into their roles in

biological processes, as well as into their evolution.



1.3.2 Molecular mechanisms underlying the folding and regulation of

intrinsically disordered proteins
Post-translational modifications play a crucial role in modulating the conformational dynamics
of IDPs. PTMs such as phosphorylation, acetylation, methylation, and ubiquitination introduce
chemical modifications to specific residues within IDPs, altering their structural and functional
properties. For example, phosphorylation of serine, threonine, or tyrosine residues within IDPs
can induce conformational changes by introducing electrostatic repulsion or promoting
interactions with other proteins or ligands (Y. Shang et al. 2021; Pandey et al. 2023). Similarly,
acetylation and methylation can affect the hydrophobicity or charge distribution of IDPs (Y. Luo
et al. 2014; Migliori et al. 2010), influencing their folding propensity and interaction with
binding partners. By regulating the conformational dynamics of IDPs, PTMs play a pivotal role

in cellular signaling, transcriptional regulation, and protein-protein interactions.

The binding of intrinsically disordered proteins to partner molecules induces structural
transitions that are essential for their functional regulation. IDPs often undergo disorder-to-order
transitions upon binding to specific ligands, proteins, nucleic acids, or membranes, adopting a
well-defined structure that is tailored for interaction with their binding partners. This induced
folding process involves the formation of transient secondary or tertiary structures, such as o-
helices, B-sheets, or coiled-coil motifs, which enable IDPs to recognize and bind to their targets
with high specificity and affinity. Additionally, the binding-induced structural transitions in IDPs
can modulate their enzymatic activity, subcellular localization, or protein-protein interaction
networks, thereby regulating diverse cellular processes (Wetzler et al. 2018; Rangarajan,

Kulkarni, and Hannenhalli 2015).

One way to assess protein folding dynamics is using free energy landscape slopes. As a protein
transitions from an unfolded to a folded state, its stability increases and the conformational
variability decreases. This change of folding potential can be quantified through free energy of
the protein. As protein structure reaches its optimal state, free energy decreases and the protein
reaches its lowest free energy state. In structured proteins this energy landscape is funnel-shaped,
however, the steepness of energy change is lower in IDPs than in structured proteins (Chong and
Ham 2019). This difference reflects the flexible and structural dynamicity of IDPs, indicating a
larger number of accessible conformations. At the same time, specific interactions between
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secondary structures of IDPs and binding partners can make the energy landscape much steeper,

making IDPs folding dynamics more similar to those of structured proteins upon binding.

1.3.3 Role of intrinsically disordered proteins in health and disease
IDPs have emerged as key players in the pathogenesis of various diseases, with their
dysregulation implicated in the development and progression of neurodegenerative disorders,

cancer, and other debilitating conditions (Kai 2016; Kelaini et al. 2021; Cario et al. 2022).

Neurodegenerative disorders, such as Alzheimer's disease, Parkinson's disease, and amyotrophic
lateral sclerosis (Grossman 2019), are characterized by the progressive degeneration of neurons
and the accumulation of misfolded proteins within the brain. Intriguingly, many of the proteins
associated with neurodegenerative disorders, including amyloid-beta, tau, alpha-synuclein, and
TDP-43, exhibit intrinsically disordered regions that play critical roles in their aggregation and
toxicity (Ferreon et al. 2009; Gu et al. 2021; Cario et al. 2022). Dysregulation of IDPs in these
disorders can lead to the formation of toxic protein aggregates and disrupt cellular homeostasis,

ultimately contributing to neuronal dysfunction and cell death.

In cancer, intrinsically disordered proteins contribute to the pathogenesis of the disease through
aberrant signaling pathways and dysregulated protein-protein interactions. IDPs such as p53, c-
Myec, and HIF-1a play pivotal roles in regulating cell proliferation, apoptosis, and tumor
angiogenesis, with their dysregulation implicated in oncogenesis and tumor progression (Darling
and Uversky 2018; Russo et al. 2016; Santofimia-Castafio et al. 2020). Moreover, IDPs are
frequently involved in protein-protein interactions with key signaling molecules and transcription
factors, influencing the activation of oncogenic pathways and the maintenance of cancer cell

phenotypes.

Targeting the conformational dynamics and interactions of IDPs represents a promising approach
for developing therapeutics aimed at mitigating protein aggregation and ameliorating
neurodegenerative pathology and cancers (Randolph, Parra, and Libich 2021). Understanding the
intricate processes of IDP folding, assessing their abundance in biological systems, and exploring
their evolutionary aspects could unlock valuable insights for advancing treatments in the future.
Delving deeper into the study of IDP folding, abundance, and evolution may pave the way for

innovative discoveries and therapeutic interventions in various disease contexts.
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1.4 Objectives and Significance of the Study

The objectives of this thesis are outlined across three chapters, each addressing critical aspects of
protein structure and cellular environment in diverse biological contexts. Through these chapters,
we aim to shed light on the intricate relationships between protein folding, environmental
adaptations, and species-specific variations in protein structure. Additionally, we seek to uncover
the functional significance of intrinsically disordered proteins in bacterial physiology, offering
insights into the intricate relationship between IDP abundance and bacterial optimal growth

temperature.

In Chapter 2, we delve into investigating how the cellular environment of the thermophilic
bacterium Thermus thermophilus influences protein folding dynamics, particularly focusing on
secondary structure. Traditional protein structure studies predominantly utilize Escherichia coli
and other model organisms for gene expression. However, protein folding is intricately
influenced by factors within the cellular environment, including chaperone proteins, pH levels,
temperature, and ionic concentrations. Given the differences in these factors, particularly
temperature and chaperone activity, native proteins from extremophiles may encounter
challenges in folding properly when expressed in mesophilic model organisms like E. coli.
Through computational analyses, we aim to deepen our understanding of the dependency of
protein folding on expression systems, providing valuable insights into protein folding dynamics

In extreme environments.

Chapter 3 describes a comparative analysis of mammalian ACE2 proteins, employing protein
secondary structure analysis to identify regions of high and low variability. ACE2 serves as the
receptor for the SARS-CoV-2 virus, making it a focal point for understanding host-virus
interactions and species-specific differences in susceptibility to viral infections. By examining
variations in protein secondary structure across different mammalian species, we aim to identify
potential species of interest for epidemiologists, as well as provide background for interpretation
of structural determinants contributing to species-specific differences. This chapter will provide
valuable insights into host-virus interactions and inform the development of therapeutic

strategies targeting ACE2-mediated pathways.

In Chapter 4, our objective is to explore differences in the abundance of IDP-coding genes

between thermophilic and mesophilic bacteria. IDPs lack stable tertiary structures under
12



physiological conditions and play diverse roles in cellular processes, including signaling and
regulation. Through comparative proteomic analyses, we aim to assess the prevalence and
functional implications of IDPs in bacterial proteomes with varying optimal growth
temperatures. This chapter will contribute to our understanding of the intricate relationship
between IDP abundance and OGT and provide information for potential IDP evolution studies,
as well as for engineering proteins with tailored functional properties for biotechnological

applications.

The chapters of this thesis address specific research objectives, collectively contributing to our
understanding of protein structure and function in diverse biological contexts. By employing a
combination of computational and bioinformatics approaches, we aim to uncover novel insights
into protein folding dynamics, species-specific variations in protein structure, and the
significance of intrinsically disordered protein abundance in different bacteria. Ultimately, the
findings from this study have the potential to inform biotechnological innovations, therapeutic
interventions, and our broader understanding of protein structure-function relationships in

biology.

1.5 Bioinformatics Methods and Data Sources

Throughout this thesis, several bioinformatics tools and statistical methods have been employed
to analyze protein folding dynamics, species-specific variations, and the abundance of
intrinsically disordered proteins. This section provides a concise overview of these methods,
while detailed information on their applications and nuances is presented within the respective
chapters where they are utilized. Additionally, our criteria for data selection would be discussed

here.

DAMBE (Xia 2018), a comprehensive bioinformatics program, played a pivotal role in our
research. Thanks to its highly diverse range of applications, it was useful throughout all
experiments described in the following chapters. Specifically, it played a role in our research by
facilitating the processing of amino acid and secondary structure sequences, as well as
computing and handling phylogenetic data. For example, we used DAMBE’s implementation of
UPGMA to construct phylogenetic trees used for quasi-contrast calculations described in
Chapter 4. Furthemore, local BLAST (Johnson et al. 2008) databases have been created and

BLAST algorithm was run across them through DAMBE, as described in detail in Chapter 2.
13



Python served as the primary programming language for our data analysis and data handling
tasks, leveraging both bioinformatics packages like Biopython (Cock et al. 2009) and statistical
libraries such as Scikit-learn and Scipy. Biopython has been especially important for Chapter 4
of this Thesis, as we used the package to handle and collect sequence data, produce alignments
and compute distances, among other applications. Scikit-learn and Scipy were used to produce
models, such as Ordinary Least Squares (OLS) and run statistical tests. Additional calculations,
such as Jensen-Shannon divergence, have been calculated using custom functions to allow

compatibility with our data structure.

Our research leveraged the power of Google Colab notebooks, cloud-based Jupyter notebooks, to
maintain an interactive coding environment. Certain programs, such as the standalone CD-HIT
(Fu et al. 2012) described in Chapter 4, were executed through Jupyter sessions. Python was
utilized to generate inputs for CD-HIT and to continue the analysis using the program's outputs.
The complete code is available in repositories at

and

For intrinsically disordered protein (IDP) calculations, we employed two methods: RAPID (Yan
et al. 2013) and fIDPnn (G. Hu et al. 2021). The indeed very fast RAPID algorithm was run
through a web server at , while the more
computationally intensive fIDPnn was executed locally using a Docker container obtained from

. This combination of tools and platforms
facilitated efficient and scalable analysis of protein folding dynamics and intrinsically disordered

regions across our datasets and this process is further described in Chapter 4.

Google Colab notebooks, the cloud-based Jupyter notebooks interpretation, have been utilised in
order to maintain interactive use of the code and some programs have been ran through Jypyter
sessions. For example, we used a standalone CD-HIT (Fu et al. 2012) program, as described in
Chapter 4, in a Jupyter session, using python both to generate CD-HIT inputs, as well as to
continue analysis using the outputs of the program. Our notebooks, containing all the code, are
available on repositories at and

. Additionally, IDP calculations have
been performed using RAPID (Yan et al. 2013) and fIDPnn (G. Hu et al. 2021). RAPID, indeed

a very fast algorithm, has been run through a web server at
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. As for fIDPnn, it is a much slower model, therefore
we used a Docker container, available at , to

run the predictions locally.

This research drew upon multiple authoritative data sources to obtain comprehensive information
on protein structures, sequences, and optimal growth temperatures. The Protein Data Bank
(PDB) (Burley et al. 2017) served as the primary resource for acquiring structural data, including
secondary and three-dimensional protein structures. UniProt (The UniProt Consortium 2021), a
renowned protein sequence database, provided access to entire bacterial proteomes in FASTA
format, containing amino acid sequences. Additionally, TEMPURA (Sato et al. 2020), a
specialized database, furnished valuable data on the optimal growth temperatures for various
bacterial species. These sources were selected for their reliability, ease of use, and the abundance

of relevant information they offered, enabling a thorough investigation of the research objectives.
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2.1 Abstract

Majority of protein structure studies use E. coli and other model organisms as expression
systems for other species’ genes. However, protein folding depends on cellular environment
factors, such as chaperone proteins, cytoplasmic pH, temperature, and ionic concentrations.
Because of differences in these factors, especially temperature and chaperones, native proteins in
organisms such as extremophiles may fold improperly when they are expressed in mesophilic
model organisms. Here we present a methodology of assessing the effects of using E. coli as the
expression system on protein structures. We compare these effects between eight mesophilic
bacteria and 7. thermophilus, a thermophile, and found that differences are significantly larger
for T. thermophilus. More specifically, helical secondary structures in 7. thermophilus proteins
are often replaced by coil structures in E. coli. Our results show unique directionality in

misfolding when proteins in thermophiles are expressed in mesophiles. This indicates that
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extremophiles, such as thermophiles, require unique protein expression systems in protein

folding studies.

2.2 Introduction

Identification of protein structure is a major requirement in studies on protein functions (J. Yang
et al. 2015; Whisstock and Lesk 2003) and interactions (Brady and Sharp 1997; Gohlke,
Hendlich, and Klebe 2000; Q. C. Zhang et al. 2012) and in the design of novel enzymes (J. M.
Wood et al. 2003; Koga et al. 2012; Kiss et al. 2013). As of July 2022, there were more than
190,000 records in Protein Data Bank (PDB) (Berman et al. 2000), the largest database of protein
structures, (Burley et al. 2017) of which almost 180,000 were protein structure entries. The
deposited structures can be used in various fields of research. For example, PDB data had been
recently used in research related to COVID-19 (Wibmer et al. 2021; Khan et al. 2021; Coutard et
al. 2020), protein evolution (Schiiler and Bornberg-Bauer 2016; Konaté¢ et al. 2019; Sharir-Ivry
and Xia 2017), computational enzyme (Harrington et al. 2017), and drug (Durairaj and
Shanmughavel 2019) design, as well as for training computational protein structure prediction
algorithms (Jumper et al. 2021; Senior et al. 2020; Waterhouse et al. 2018; Krivov, Shapovalov,
and Dunbrack 2009; J. Yang et al. 2020).

While PDB holds a relatively large variety of protein types and source species, diversity is much
lower for expression systems used in structure determination experiments. Protein source species
are the species that the protein-coding sequences were taken from, and protein expression
systems are the species that these proteins were grown in (Figure 2.1). A majority of PDB
experiments use Escherichia coli (E. coli) as the expression system. For example, out of over
1,800 PDB entries with Bacillus subtilis (B. subtilis) as the source organism, more than 1,700
were grown in E. coli. For most other species, the proportion of proteins that were grown in E.

coli 1s even higher.
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T. thermophilus 1. thermophilus

E. coli

TT.TT
secondary
structure file

TT_EC
secondary
structure file

Figure 2.1. Example of protein structures in different expression systems. TT EC file is
formed using proteins that have 7. thermophilus as source organism and E. coli as expression
system. TT TT is formed using proteins that have 7. thermophilus as both source and expression
system (sometimes referred to as “native” expression system in this research). Figure adapted

from (Kruglikov, Wei, and Xia 2022).

While using recombinant model organisms — those with genetically recombined genes — for
protein production is generally effective, lower protein activity and solubility can be observed in
many cases, including the formation of inclusion bodies (Rosano and Ceccarelli 2014; Serensen
and Mortensen 2005; Kaur, Kumar, and Kaur 2018). Various protocols and methodologies have
been developed in an effort to improve recombinant protein production quality; however, their
effectiveness is not uniform across different protein source species. For many thermophilic

species, production of recombinant protein in E. coli in active form is still a major challenge. For
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example, multiple studies show that a large fraction of Thermus thermophilus (T. thermophilus)
proteins are formed in insoluble and/or in inactive form when grown in recombinant E. coli
(Hidalgo et al. 2004; Lopez-Lopez, Cerdan, and Gonzalez-Siso 2015; Nichaus et al. 1999; Krefft
et al. 2017), potentially because 7. thermophilus has optimal growth temperatures around 70—80
°C, which are much higher than that of E. coli (37 °C). It has been previously reported that
soybean Late Embryogenesis Abundant proteins became more hydrated upon heating (Soulages
et al. 2002), suggesting that protein solubility is influenced by the cellular environment; therefore
what is not soluble in mesophilic E. coli may well be soluble in 7. thermophilus. In fact,
induction temperature is one of the most critical growing conditions to produce soluble protein

(Y. Kim et al. 2008).

These findings suggest that proteins may misfold in recombinant expression systems having
dissimilar cellular environments. Nevertheless, expression system is not always considered
important or even reported in structural studies. Moreover, protein structure prediction models,
including the most advanced ones, such as AlphaFold2 (Jumper et al. 2021), do not use
expression system and cellular environment as factors in training and validation. This disparity
highlights the need for a methodology to assess the effect of different expression systems on

protein structure determination.

Here we present a metric to evaluate protein secondary structure (SS) differences and analyze
how changing the expression system from “native” to E. coli affects protein SS. We used PDB
data to create AA/SS data sets for 7. thermophilus (TT) and seven nonthermophilic bacteria
species (where AA means amino acid and SS means secondary structure). For each species (say
XX), there are two sets of protein structure data, one obtained with XX as both the protein source
and the expression system and the other with XX as the source species but E. coli as the
expression system. These two sets of protein structures are represented as XX XX and XX EC
(Figure 2.1, where XX is TT). We then processed the data into probability matrices and
calculated Jensen—Shannon divergence (JSD) between the XX XX matrix and the XX EC
matrix. This JSD measured the difference in protein structure between XX XX and XX EC. We
found that JSD was significantly higher between TT TT and TT EC than between XX XX and
XX _EC (where XX is a mesophilic bacterial species). This implies that 7. thermophilus proteins

in nonthermophilic species do not fold in the same way as in their “native” thermophilic
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expression system, while for the other species the expression system did not affect protein

folding.

2.3 Materials

For a fair comparison, we need the same protein from a source species but expressed in different
expression systems, one being the source system (native) and the other being E. coli. An

overview of our methodology generating such data is summarized in Figures 2.2 and 2.3.
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Figure 2.2. Overview of methodology (part 1). Relevant structure IDs were found through a
search on PDBe (A) and processed into AA.fasta files (B). The found structures with the same
protein origin species and different expression species were paired on the basis of AA sequences
using BLASTp (C), and the paired AA/SS were saved as datafiles (D). Figure adapted from
(Kruglikov, Wei, and Xia 2022).

20



Datafiles

A A >AA

AYTL... AYTL...
S5 =
CCHH... CSHH...
[}
]
9. C,
Count matrices
B. subdiiz

TSCHBEG

: _,.-" =0008 0006 <0004 <0007 OO000 OO0 OO0 OO OO0DE
i .
- . N 2
w roportion matrices .- !
. P ! I
. C.D : !
B ! /
| ! /
i o Y . 1 1
[} ! Fommmmaeeoy JSDIPIQ) =5 DIPIM) + 5 DIQIM)
! I .'r
. i L 7
v ‘r‘ L where:
] - 1
tAalcip i M=z(P+Q)
B 00RO (7 e Pix)
i i DIPIM) = ZP 41! —_—
G (PIM) (x) ”ﬂ(u{x;)

Figure 2.3. Overview of methodology (part 2). Datafiles were used to construct AA/SS count
(A) and proportion matrices (B). For each studied species, JSD was calculated between the
“native” proportion matrix and the recombinant E. coli proportion matrix (D). The differences

between the matrices were also visualized using heat maps (C). Figure adapted from (Kruglikov,

Wei, and Xia 2022).

2.3.1 Data Collection

Bacterial species from which we collected the data are listed in Table 2.1 and were selected
because they have sufficient data available on PDB both as protein source and expression
systems. The PDB online advanced searching tool was used to create separate ID lists for each
source/expression pair. More specifically, PDB Europe (PDBe) was used because of its more

advanced filtering interface; however, its data are the same as on PDB. Advanced search can be
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accessed through this link:

Table 2.1. Species Used in the Analysis ?

protein source species

expression system

structure IDs list

entries before

entries after

BLASTp BLASTp
Bacillus subtilis B. subtilis BS BS 8 4
Bacillus subtilis E. coli BS EC 1145 17
Desulfovibrio vulgaris D. vulgaris DV DV 26 4
Desulfovibrio vulgaris E. coli DV_EC 67 20
Lactococcus lactis L. lactis LL LL 25 5
Lactococcus lactis E. coli LL EC 166 6
Pseudomonas fluorescens P. fluorescens PF PF 13 4
Pseudomonas fluorescens E. coli PF _EC 275 2
Pseudomonas putida P. putida PP_PP 3 1
Pseudomonas putida E. coli PP_EC 542 37
Salmonella enterica S. enterica SE _SE 34 29
Salmonella enterica E. coli SE _EC 860 17
Streptomyces rubiginosus St. rubiginosus SR_SR 17 17
Streptomyces rubiginosus E. coli SR_EC 11 11
Thermus thermophilus T. thermophilus TT TT 19 7
Thermus thermophilus E. coli TT_EC 1091 3

 For each protein source species there are two expression systems used — that of the source
species (“native” expression system) and E. coli. Lists of structure IDs were created for each

source/expression pair. For example, BS BS contains IDs of structures with B. subtilis as both
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protein source organism and protein expression system, while BS EC has IDs of structures with

B. subtilis as protein source organism and E. coli as protein expression system.

We used several filters to obtain protein ID lists: (1) organism name, (2) expression host name,
(3) resolution, and (4) molecule type. Protein source and expression system were set in
accordance with Table 2.1, molecular type was set to “protein” and experimental method was set
to X-ray diffraction only with resolution between 0 and 2.5 A. Note that proteins are purified in
their naturally folded state in the expression system, ideally in their functional forms, before

crystallization and X-ray diffraction.

Structure IDs were taken for each protein origin/expression system pair found using the online
search and used to obtain the corresponding SS and AA sequences. We used a PDB Secondary
Structure file in FASTA format (latest version is accessible at
— sometimes multiple refreshes of the page are

required to obtain the file; alternatively, a copy of the file is available at

) to collect SS and AA.
Each structure in this file is represented by AA and SS strings, where each single AA
corresponds to a single SS at the same position. AA decoded as “X” is sometimes present and
corresponds to an error in original experiment. The numbers of structure IDs identified for each
ID list are shown on Table 2.1. Identical AA sequences from the same expression systems were

allowed as their corresponding SS sequences could differ and provide relevant data.

2.3.2 Filtering the Data Using BLASTp

To identify proteins whose structure has been determined when they were expressed in both the
source species (native environment) and in E. coli, we processed the AA sequences obtained
from the previous step into BLASTp database files using DAMBE. (Xia 2018) For each pair of
compared protein databases a BLASTp search was performed using AA sequences of the
proteins, with the recombinant E. coli expression system database as query and the native

database as BLASTp database.

We used ungapped BLASTp with three-letter words to match proteins from different databases.
Minimal matching identity was set to 95% to allow for small variations of AA sequence due to

point mutations and random errors in experiment without allowing different proteins to be
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matched. Minimal matching length was set to 50 to remove short matching sequences, and the
maximal E-value was set to 0.01. BLASTp parameters were set so that only proteins with very
similar AA chains and those likely to be the same protein were kept in both databases and so that
only matching parts could contribute to the analysis. For each pair obtained, sequence start and
end were used to cut out the matching parts of the sequences and not include the nonmatching

parts.

Filtering protein databases using BLASTp removed most of the proteins from the original
Protein ID lists. This happened because most entries on PDB are only available with one
expression system (grown in E. coli). On the other hand, those entries available in the native
expression system are also not always available with the E. coli expression system. For example,
the original BS BS database contained eight entries and the original BS EC database had 1,145
entries; however, after BLASTp only four entries from BS BS matched with 17 entries from

BS EC. The full list of numbers of entries in the databases before and after BLASTp is shown in
Table 2.1.

2.3.3 Construction of Probability Matrices

First, tabular BLASTp results were used to create data files in FASTA format for each protein
source species/expression system combination, each containing the AA and SS sequences.
Structure IDs were used to obtain AA and SS sequences from the PDB file. Query and database
start and end positions were used to cut the matching parts from the obtained sequences. This

way only matching parts of the proteins would be left.

In many cases a single-query structure would match more than one database structure and vice
versa; therefore, it was necessary to multiply AA and SS sequences in those cases to make sure
that matching parts are the same length. In this way we obtained chains from the BLAST
database with identical AA sequences, but possibly different SS sequences, and had each
variation of SS in correct proportions. AA and SS sequences were concatenated for each of the
databases so that all AA sequences were in one line and all SS sequences were in another line of

the resulting file.

Data files were processed into count matrices to count each AA/SS combination. We converted

count matrices into probability matrices by simple division of each count value by count matrix
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sum. Protein SS can be described with three SS types: H (helix), E (sheet), and C (coil) or with
eight SS types: H (a-helix), I (n-helix), G (310-helix), E (B-sheet), B (B-bridge), C (coil), S
(bend), and T (turn). We refer to the two classification systems as 3-SS (three types of SS) and 8-
SS (eight types of SS) in this work. While many models and studies, especially the earlier ones,
use 3-SS, using 8-SS can give more details. In order to work with both 8-SS and 3-SS, we

transformed the original 8-SS matrices to 3-SS by adding up the matrix values.

2.3.4 Jensen—Shannon Divergence Calculation and Statistical Analysis
After the matrices were created, they were compared to each other, so that for each protein
source species the two matrices compared were with E. coli and “native” expression systems.
Jensen—Shannon divergence (JSD) was used to evaluate differences between matrices. A
common measure of probability distribution differences is Kullback—Leibler divergence (Dxv). It
is nonsymmetric, which means that Dk of distribution P from distribution Q does not have to be

equal to Dk of distribution Q from distribution P. Dk is defined as

Dy, (P|1Q) = Z P(x) log (%)

where P(x) and Q(x) are discrete probability distributions.

JSD is a metric similar to Dxi, and it could be called a symmetrized and smoothed version of it.

It is defined as

1 1
ISD(PIIQ) = 5 D(PIIM) + 5D(QI|M)

where
1
M=Z(P+Q

and where P(x) and Q(x) are discrete probability distributions and D is Dxi.

In our case JSD is a more suitable measure than Dk due to the large number of zeros in our data.
Dk requires a division of one probability by another, and when the denominator probability is
zero (which is very often the case in our data), calculation results in infinity. Standard practice is

to drop zeros completely, but in our case that would be dropping a very significant amount of our
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data, because probability matrices contain a lot of zeros. Contrary to Dxi, JSD does not have this
problem thanks to its symmetric nature. Probability distributions are compared not with each
other but with their average distribution, which means that only positions where both probability
matrices are zero need to be dropped — those positions are exact in any case and therefore

dropping them is not an issue.

Larger JSD would mean that changing the protein expression system from “native” to E. coli had
more effects and that a recombinant protein SS is a worse representative of native SS. Moreover,
in order to deduce possible mechanisms of how the change of the expression system affects
protein folding, we calculated difference between the matrices by subtracting recombinant
proportion matrix values from native proportion matrix. Subtraction results would not be a good
evaluation of matrix divergence but can show at which AA/SS positions the differences between

matrices are large.

We estimated the statistical significance of calculated JSD using resampling techniques.
Bootstrapping was used to calculate 95% confidence intervals of JSD — AA/SS positions were
randomly resampled with replacement 1,000 times from the original data files and JSD were
calculated for them. In addition, we used permutation to test the significance of differences
between species’ JSD values by combining all data files into a uniform distribution and

resampling positions from it 10,000 times to form data of 1,000 residues in length.

2.4 Results
2.4.1 Magnitude of Expression System Effect

Calculated results are summarized on Table 2.2. In addition, we visualize bootstrapping results
on box plots (Figures 2.4 and 2.5) and permutation results on histograms (Figure 2.6). The
largest JSD was found between 7. thermophilus matrices, and this was the case using both §8-SS
and 3-SS. Moreover, bootstrapping results show that 7. thermophilus JSD is the only one
significantly higher than other species’ JSD for both 8-SS and 3-SS.

Table 2.2. Mean JSD between Native and Recombinant AA/SS Matrices ?

protein source species JSD8 JSDS8 p-value JSD3 JSD3 p-value

Bacillus subtilis 0.010 0.082 0.001 0.697
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protein source species JSD8 JSD8 p-value JSD3 JSD3 p-value

Desulfovibrio vulgaris 0.008 0.343 0.003 0.004
Lactococcus lactis 0.007 0.594 0.003 0.012
Pseudomonas fluorescens 0.009 0.270 0.002 0.101
Pseudomonas putida 0.002 1.000 0.000 1.000
Salmonella enterica 0.003 0.999 0.000 1.000
Streptomyces rubiginosus 0.004 0.995 0.001 0.992
Thermus thermophilus 0.033 0.000 0.014 0.000

& p-values are one-sided and are from bootstrapping analysis testing the null hypothesis that
different expression systems have no effect on protein structure. JSD8 and JSD3 are the
calculated JSD using 8 or 3 types of SS. Both JSD8 and JSD3 are the greatest for 7.
thermophilus matrices, and that is the only species where both metrics are significantly different
from bootstrapped distributions. This indicates that switching the protein expression system from
“native” to E. coli affects the folding of 7. thermophilus proteins more than other species’

proteins.
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Figure 2.4. Box plots of bootstrapped JSD (8 SS types). High JSD indicates larger differences
between “native” and E. coli expression systems. 7. thermophilus JSD are much higher than

those of other bacteria. Figure adapted from (Kruglikov, Wei, and Xia 2022).
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Figure 2.5. Box plots of bootstrapped JSD (3 SS types). High JSD indicates larger differences
between “native” and E. coli expression systems. 7. thermophilus JSD are much higher than

those of other bacteria. Figure adapted from (Kruglikov, Wei, and Xia 2022).
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Figure 2.6. Distributions of permuted JSD results. 7. thermophilus JSD (red line) is much
larger than JSDs of the other species (gray lines) and the nonspecific JSD (gray histogram).
Figure adapted from (Kruglikov, Wei, and Xia 2022).

2.4.2 Directionality of Expression System Effect

Heat maps in Figures 2.7 and 2.8 show differences between proportion matrices used in JSD
calculations. These figures help in identifying which particular elements of matrices were most
different and display potential directionality of the differences. In line with JSD results, 7.
thermophilus matrices show more differences than any other species’ matrix pair. It can be seen
that using E. coli as an expression system for thermophilic proteins leads to lower frequencies in
helices and higher frequencies of coils. The 8-SS heat map shows that this effect is particularly
strong on 310-helices (structure G). Other protein expression systems considered in this study

show smaller differences from that of E. coli as there are no large JSD values detected for them.
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Figure 2.7. Heat maps of proportion matrices differences with 3 SS types showing

directionality of the effect induced by using E. coli as the expression system. More negative

values (red) indicate larger proportions in E. coli as the expression system; more positive values

(green) indicate larger proportions in “native” expression systems. The effects were most visible

in T. thermophilus, where helices (H) were observed more frequently when proteins were

expressed in 7. thermophilus and coils (C) were instead more abundant when proteins were

expressed in E. coli. No such effect nor directionality of differences could be seen in other

species. The three SS types are H (helix), E (sheet), and C (coil). Figure adapted from

(Kruglikov, Wei, and Xia 2022).

30



Bacilius subtilis Desulfovibrio vulgaris

- P
g - (U]
w - W
m - [:2]
1S 5 (]
w - (0]
ACDEFGHIKLMNPQRSTVWXY ACDEFGHI KLMNPQRSTVWXY
Lactococcus lactis Pseudomonas fluorescens
o T - 0.010
04 (U]
TS w - 0.005
@ - =]
(63, (]
- n
Ee] Ex -0.000
ACDEFGI:IIKLMNI;QRSTV\;\IXY ACDEFGH\KLMF:IPQRST\‘/WXY
Pseudomonas putida Salmonella enterica - _0.005
- P
- (U]
. " - =0.010
@ - @
04 (]
9 n -0.015
Fo] =
ACDEFGHI KLMNPQRSTVWXY ACDEFGHI KLMNPQRSTVWXY
Streptomyces rubiginosus Thermus thermophilus
= =
Qg - -
w- w-
. o
o- ol
- .
] =
ACDEFGHI KLMNPQRSTVWXY ACDEFGHI KLMNPQRSTVWXY

Figure 2.8. Heat maps of proportion matrices differences with 8 SS types showing
directionality of effect induced by using E. coli as the expression system. More negative
values (red) indicate larger proportions in E. coli as the expression system; more positive values
(green) indicate larger proportions in “native” expression systems. Strong effects could be
observed in T. thermophilus, where a-helices (H) and 310-helices (G) were observed more
frequently when proteins were expressed in 7. thermophilus and coils (C) were instead more
abundant when proteins were expressed in E. coli. No such effect nor directionality of
differences can be seen in other species. The eight SS types are H (a-helix), I (n-helix), G (310-
helix), E (B-sheet), B (B-bridge), C (coil), S (bend), and T (turn). Figure adapted from
(Kruglikov, Wei, and Xia 2022).

No strong patterns have been discovered in terms of variability of secondary structures between
different amino acids (Figures 2.7 and 2.8). While distances between matrices of 7. thermophilus
proteins seem to be high with hydrophobic alanine, valine, and glycine, that is also the case for

histidine (charged) and threonine (polar and uncharged).
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2.5 Discussion

2.5.1 Lack of Required Chaperones

There are several possible explanations for variations in JSD for different species. Because 7.
thermophilus is a thermophile, it is adapted to protein denaturation, partially through chaperone-
dependent protein folding. It is possible that when E. coli is used as an expression system, certain
helices are not formed or repaired due to a lack of these chaperones and coils are formed instead.
For example, DnaK chaperone expression requires less ATPase activity in 7. thermophilus than
in E. coli and it participates in protein folding mediation (Schlee and Reinstein 2002). Trigger
factor proteins also show differences in structure and activity between the species (Godin-
Roulling et al. 2015). It is possible that such effects are different in intrinsically unstructured
proteins that require chaperone activity for correct folding and structural stability (Gsponer et al.
2008). While a common way around this problem is to co-express required folding chaperones
together with the studied protein, it is not always clear whether that was done on PDB because
not all structures there have publications and, even if they do, it is not always clearly explained
whether co-expression of chaperones was performed. Moreover, co-expression of chaperones
does not always provide the desired effects as differences in other cell-specific factors may lead
to chaperones losing their activity or even becoming toxic for the host (Sahdev, Khattar, and

Saini 2008).

2.5.2 Suboptimal Cellular Environment

Due to thermophilic adaptations of 7. thermophilus, it is possible that the tendency toward coil
structures instead of helical structures in E. coli as an expression system is a result of differences
in cellular conditions of the expression systems, namely, nonoptimal folding temperatures. This
would explain why this effect is more apparent for 310-helices than a-helices, as the latter are
more stable (Rohl and Doig 1996). Regardless, future research directions may prompt
researchers to study varying environmental conditions of expression systems and their effect on

protein folding using data with varying temperature, pH, and salinity.

Differences in protein solubility due to temperatures could have affected protein crystallization
and thus structure identification (Mikol and Giegé 1989; Chayen et al. 1988; McPherson 1985).
To assess this possibility, an analysis of structures with different crystallization techniques

performed might be necessary. That kind of analysis would help to determine whether effects
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observed in this experiment are due to differences in cellular environments and chaperones or

due to experimental design.

2.5.3 Codon Optimization

Protein folding can be affected by the rate of protein synthesis, which can be controlled by codon
usage (Plotkin and Kudla 2011; Zylicz-Stachula et al. 2014). Assuming equal translation
initiation rates, nonoptimal codon usage in the recombinant expression system will lead to slower
rates of protein production, which in turn may lead to protein misfolding and aggregation
(Nedialkova and Leidel 2015). Unfortunately, the PDB itself has no information about codon
optimization in experiments and nucleotide sequences are not provided. Moreover, not all
records have corresponding publications with full description of experimental and even the ones
that had been published often do not have information on whether codons were optimal. This
means that lack of codon optimization is a potential factor that caused high differences between

E. coli and T. thermophilus expression systems in our analysis.

2.5.4 Protein Crowding

Macromolecular crowding is another potential explanation of our results. As concentrations of
proteins and other macromolecules inside the cells increase, the volume available for new
proteins being produced falls (Ellis 2001; Kinjo and Takada 2002; Miklos et al. 2011). Crowding
leads to an increase in protein thermodynamic activity, which affects folding, among other
processes (J. S. Kim and Yethiraj 2011; Samiotakis and Cheung 2011; Kuznetsova, Turoverov,

and Uversky 2014). In prokaryotes this effect is more profound than in eukaryotes (Ellis 2001).

Naturally, protein crowding may occur in both E. coli and T. thermophilus expression systems,
as well as other systems, but recombinant expression systems are more likely to have this effect
(Westphal et al. 2017; Ninh et al. 2015). E. coli natural cellular concentration could be unsuitable
for T. thermophilus protein folding and may lead to increased crowding and inclusion body
formation (Serensen and Mortensen 2005). In addition, chaperone-assisted misassemble
prevention mechanisms may be compromised in recombinants as they would lack the required

chaperones (Westphal et al. 2017; Hartl, Bracher, and Hayer-Hartl 2011).
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2.5.5 Significance

The connection between protein structure and protein function is established, as structure directly
dictates function (Berg, Tymoczko, and Stryer 2002). Improperly folded proteins often lose their
initial functions and can even gain novel toxic functions in their place. For example, many
misfolded proteins related to Parkinson’s and Alzheimer’s diseases have neurotoxic functions
(Winklhofer, Tatzelt, and Haass 2008). It is possible that thermophilic proteins grown in E. coli
lose their functions entirely or partially. Previous studies identified that 7. thermophilus enzyme
activity is reduced when using mesophilic recombinant hosts, such as E. coli (Hidalgo et al.
2004; Krefft et al. 2017; Fujino et al. 2020; Goda et al. 2005). Additionally, E. coli had been
previously shown to be an inadequate expression system for thermophilic proteins in functional
metagenomic (Angelov et al. 2009; 2011; Leis et al. 2015) and directed evolution studies
(Chautard et al. 2007; Mate et al. 2020; Bosch et al. 2021). Our results are in line with the
previous findings; we also expand on them, showing how a mesophilic expression system can
affect secondary structures of thermophile proteins and that the change has directionality toward

less helices and more coils.

Additionally, helical structures have been shown to be more common in thermostable proteins
and are associated with thermostability (Miotto et al. 2019; Vogt and Argos 1997). The higher
tendency for helix formation for 7. thermophilus proteins when grown in “native” expression
system could be a mechanism of protein stabilization under higher temperatures. Using E. coli as
an expression system led to higher proportions of coils and therefore might have reduced

thermostability adaptation.

In some cases, thermophile protein misfolding can be removed by subunit rearrangement caused
by heating of the protein (Goda et al. 2005). However, that is not very common and more often
the problem of misfolding can be solved by using thermophiles as expression systems for
thermophilic proteins can be a solution to the problem of misfolding (Hidalgo et al. 2004; Fujino
et al. 2020). These facts suggest that the protein expression system cellular environments need to

be matched with those of protein source organisms in order to facilitate correct folding.
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2.5.6 Study Limitations

Our study has multiple limitations which we should address here as well. First, it is evident that
the number of protein structures which remain after all filtering procedures is very small for
many of the species, including 7. thermophilus. While we attempt to lower the impact of the low
number of structures with resampling, it is still possible that the differences that we observe are
related to specific protein structures or even by some errors in PDB experiments. In addition to
the main results, described previously, we calculated JSD between matrices without BLASTp
filtering. The rest of the procedures were kept the same as before. This way we could greatly
increase the data size; however, the drawback is that proteomes now consisted of very different
proteins and therefore these results cannot be fully conclusive either. Nevertheless, we found that
JSD between T. thermophilus matrices is much higher than for all other species, the same as with

the main results. We provide these additional results in Figures 2.9 and 2.10.
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Figure 2.9. Boxplots of bootstrapped JSD (8SS types) — data with no BLASTp filtering.
High JSD indicates larger differences between “native” and E. coli expression systems. 7.
thermophilus JSD are much higher than those of other bacteria. Figure adapted from (Kruglikov,
Wei, and Xia 2022).
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Jensen-Shannon divergence of 3-state matrices
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Figure 2.10. Boxplots of bootstrapped JSD (3 SS types) — data with no BLASTp filtering.
High JSD indicates larger differences between “native” and E. coli expression systems. 7.
thermophilus JSD are much higher than those of other bacteria. Figure adapted from (Kruglikov,
Wei, and Xia 2022).

Second, our approach of using matrices in calculating JSD is double-edged. On one hand, using
matrices allows us to compare entire proteomes rather than single proteins in a simple and
computationally efficient way. This way we can compare proteomes which consist of very
different proteins. On the other hand, only a pairwise comparison would show what effect
protein type has on differences in folding. Ideally, all proteomes in our study should consist of
the same proteins and in that case a pairwise comparison would be highly advantageous.
Additionally, for the sake of simplicity and easier interpretation, our matrices were computed
using one-to-one AA/SS pairing. This approach neglects potential effects that neighbor AA has
on SS. It may be beneficial to use windows of several AA/SS to compute matrices in future

research.

As we allowed AA sequences to differ by 5% during our BLAST)p filtering step, the datafile AA
sequences had some level of variation and this could have an effect on SS and JSD8/JSD3. We
looked at how AA similarity affected JSD8 and JSD3, and there seems to be no relationship
(Figures 2.11 and 2.12). T. thermophilus large JSD8 and JSD3 results are highly unlikely to be
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explained by AA differences; however, this is still possible due to the complex nature of the

AA/SS relationship and this possibility should not be ignored completely.
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Figure 2.11. Scatterplots of overall datafile AA similarity / JSD (8SS types) relationship.
AA similarity variation seems to have no significant effect on JSD8. Figure adapted from

(Kruglikov, Wei, and Xia 2022).
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AA similatiry / JSD3 relationship
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Figure 2.12. Scatterplots of overall datafile AA similarity / JSD (3SS types) relationship.
AA similarity variation seems to have no significant effect on JSD3. Figure adapted from

(Kruglikov, Wei, and Xia 2022).

We believe that obtaining more structural data would be essential in order to design a study
which would not have the limitations that we discussed. This is especially the case with data of
expression systems other than E. coli. Often predicted structures could be used when PDB does
not have sufficient data; however, to our knowledge, no protein structure prediction model has an

expression system as a feature.

2.6 Conclusion

In conclusion, our results show that thermophilic protein folding in mesophilic E. coli introduces
significant changes on the structure level. Misfolding of thermophilic proteins grown using
mesophilic hosts can lead to loss or change of protein functions which will harm both research
and industrial applications. While there can be many possible explanations for the reasons of
misfolding, it is important to study 7. thermophilus and other extremophiles protein expression
with protein source species as protein expression systems in order to minimize expression system
effects. It is also evident that a much higher diversity of expression systems on PDB is essential

for more thorough understanding of expression system effects on protein folding.
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3.1 Abstract

Since the outset of COVID-19, the pandemic has prompted immediate global efforts to sequence
SARS-CoV-2, and over 450 000 complete genomes have been publicly deposited over the course
of 12 months. Despite this, comparative nucleotide and amino acid sequence analyses often fall
short in answering key questions in vaccine design. For example, the binding affinity between
different ACE2 receptors and SARS-COV-2 spike protein cannot be fully explained by amino
acid similarity at ACE2 contact sites because protein structure similarities are not fully reflected
by amino acid sequence similarities. To comprehensively compare protein homology, secondary
structure (SS) analysis is required. While protein structure is slow and difficult to obtain, SS
predictions can be made rapidly, and a well-predicted SS structure may serve as a viable proxy to
gain biological insight. Here we use predicted SS to compare ACE2 proteins and to evaluate the

zoonotic origins of viruses. As computational tools are much faster than wet-lab experiments,
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these applications can be important for research especially in times when quickly obtained

biological insights can help in speeding up response to pandemics.

3.2 Introduction

Since the outbreak of COVID-19 in late December of 2019, more than 450,000 full genomes of
SARS-CoV-2 have been sequenced and deposited in GISAD database ( ,
last accessed February 1, 2021). Both SARS-CoV-2 (Zhou et al. 2020) and SARS-CoV (G. Lu,
Wang, and Gao 2015; Hulswit, de Haan, and Bosch 2016; Hoffmann, Hofmann-Winkler, and
Pohlmann 2018) encode a Spike (S) protein, hereafter respectively referred to as SARS-2-S and
SARS-S. The S1 receptor binding domain (RBD) binds to host Angiotensin-converting enzyme
2 (ACE2) receptor to mediate cell entry. The efficacy of this interaction determines host
specificity and severity of infection (Coutard et al. 2020; Hoffmann, Hofmann-Winkler, and
Pohlmann 2018; Andersen et al. 2020). Given a mammalian species, a high similarity between
human ACE2 (hACE2) and mammalian ACE2 at S protein contact sites implies high
susceptibility, and one can expect to determine species susceptibility to SARS-CoV or SARS-
CoV-2 infections by comparative amino acid sequence analyses at contact sites at the ACE2

receptors.

3.2.1 Secondary Structure Studies are Required to Understand Host
Susceptibility to SARS-CoV-2
The above expectation, while largely correct, is not completely accurate. For example, of the 18
amino acid (AA) sites in contact between hACE2 and the RBD of SARS-S, nine AA sites differ
between ferret ACE2 and hACE2, but both ferret ACE2 and hACE?2 are effective as receptors for
binding to RBD and mediating viral entry into host cells. In contrast, ACE2 from mouse and rat
also differ from hACE2 by nine AA sites, but they cannot support viral RBD binding and viral
entry (G. Lu, Wang, and Gao 2015). This discrepancy invokes two simple explanations. First,
AA sites beyond the 18 contact sites may also contribute to structural interactions and those sites
might be more similar between hACE2 and ferret ACE2 than between hACE2 and mouse and rat
ACE2. Second, structural similarity is not fully reflected in sequence similarity; i.e., structural
similarity between hACE2 and ferret ACE2 may be greater than that between hACE2 and the
mouse and rat ACE2. Only through structural studies can we hope to gain mechanistic insights

into the differences in mammalian susceptibility to SARS-CoV-2.
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Nevertheless, protein structure is difficult to obtain, and well-predicted protein secondary
structure (SS) may serve as the next best answer. The Protein Data Bank (PDB) is the main
depository of experimentally determined 3D protein structures, and around 160 thousand protein
structures are deposited (Burley et al. 2017). In comparison, over 216 million AA sequences can
be found in the NCBI GenBank database as of May 2020 (Clark et al. 2016). This inequality
arises because experimental determination of structures is an expensive and lengthy process

(Terwilliger, Stuart, and Yokoyama 2009; Mardis 2006).

In silico structure prediction techniques are faster and cheaper, and they have been useful in
many research areas. For example, SS predictions have been used in enzyme structure similarity
calculations (Rehman et al. 2020), ribosomal protein comparison (Anger et al. 2013), protein
activity mechanisms (Y. I. Wu et al. 2009), COVID-19 proteomics (Jumper, J. et al., n.d.), and
many other areas. In this work we review examples of protein secondary structure predictions
(PSSP) algorithms, and their practical uses in pandemics research. We also describe an example
of our own PSSP analysis on S protein-ACE2 binding to study species’ susceptibility to SARS-
CoV and SARS-2-CoV. The examples described highlight how PSSP can be a useful tool in

pandemics research.

3.2.2 An Evaluation of Current PSSP Algorithms

In protein structure models, AA sequences are used to predict secondary and tertiary protein
structures. SS are often classified in either three states or eight states of structures. Early PSSP
models predict three secondary structure types: helix (H), strand (E), and coil (C), whereas in
recent years, PSSP models have shifted to predict structures in eight states. Figure 3.1

summarizes PSSP programs developed over the years.
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Early algorithms

ChouFasman
(1974)

Using statistical propensity between
aa and SS to predictSS

GOR
(1978)

Calculating conditional probability of
S8 given neighbor residues’ SS

Modellingaa / SS
dependencies using
ML tools

ML-based algorithms
HMM
(1993)

Hidden Markov Model with aa as
observations and SS as states

K-nearest neighbors
(1993)

Using structural similarity between
protein segments to predict SS

sVM
(2001)

Using a Support Vector Machine to
classify and predict SS

NN-based algorithms
PHD
(1996)

Feed-forward NN with use of MSA
profile to include evolutionary data

PSIPRED
(1999)

Combining PSSM and MSA with a
feed-forward NN

JPRED
(1998)

Combining HMM profile, PSSP profile
and MSA with a feed-forward NN

Modern algorithms
CNF
(2010)

Combining a feed-forward NN with
conditional random fields

RAPTORX (DeepCNF)
(2016)

Combining a convolutional neural
field with a deep convolutional NN
PORTERS
(2018)

Combining cascaded bidirectional
recurrent NN with convolutional NN

SPIER3
(2017)

Using long short-term memory cells
in combination with bidirectional

Including additional data recurrent NN
(MSA, PSSM, HMM
profiles), using NN Mufold-SS
(2018)

Deep inception-inside-inception
network

ML — Machine Learning

MSA — Multiple Sequence Alignment Using more CRR'::I’;‘;)RR"N
NN — Neural Network complex NN
PSSM - Position Specific Score Matrix models Ensemble of various convolutional,

residual and recurrent NN

Figure 3.1. An overview of PSSP programs and implemented computational algorithms
developed over the past 50 years (Chou and Fasman 1974; Kloczkowski et al. 2002; Asai,
Hayamizu, and Handa 1993; Yi and Lander 1993; Hua and Sun 2001; Rost, Sander, and
Schneider 1994; McGuffin, Bryson, and Jones 2000; Drozdetskiy et al. 2015; Z. Wang et al.
2010; S. Wang et al. 2016; Torrisi, Kaleel, and Pollastri 2018; Heffernan et al. 2017; B. Zhang,
Li, and Lii 2018). Figure adapted from (Kruglikov et al. 2021).

In addition to PSSP, protein structures can be modeled at the 2D level as contact maps (Yuan and
Bystroff 2007) and at the 3D level as tertiary structures (Sarkar et al. 2015; Kwon et al. 2016).
While modeling in 2D or 3D are appealing, there are several reasons why PSSP can be practical.
First, unlike 2D or 3D structures, PSSP is reported as a sequence and can be used together with
AA chains in multiple sequence alignments. This makes PSSP modeling useful in determining
proteins that might be more similar in structures than in nucleotide or AA sequence. Second, the
sequential nature allows alignment of SS elements with known or exploratory protein hotspots.

Lastly, PSSP is faster and less computation-heavy than 3D predictions.
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Typically, three metrics are used to evaluate accuracy of PSSP programs: Q3, Q8, and Segment
Overlap (SOV) scores. Q3 and QS8 represent the percentages of SS sequence positions correctly
predicted by the models using three or eight structure states, respectively. SOV is a more
complex measure that represents the percentage of segment overlap between predicted and
correct sequences. Different protein databases can be used for the evaluation, and the best
practice is to use multiple data sets. Tables 3.1 and 3.2 show a collection of different PSSP
models’ accuracies calculated using various protein datasets (S. Wang et al. 2016; Torrisi,
Kaleel, and Pollastri 2018; Heffernan et al. 2017; Fang, Shang, and Xu 2018; B. Zhang, Li, and
Li 2018; Y. Yang et al. 2018; Smolarczyk, Roterman-Konieczna, and Stapor, n.d.). Note that
models are continually retrained with new protein structures, so there are discrepancies in
reported accuracy values. Also, depending on data sets and metrics used, results of PSSP

programs comparisons vary.

Table 3.1. A Comparison of PSSP Programs by Q3 Accuracy Assessments ?

Program TS115 CASP10 CASP11  CASP12  TS2019 CB513
(%) (“o) (%) (%) (%) (“o)
JPRED4 77.1 81.6 80.4 78.8 76.6 81.7
PSIPRED v4.0 80.2 81.2 80.7 80.5 82.3 79.2
CNF - 78.9 79.1 - - 78.3
RAPTORX 82.3 84.4 84.7 82.1 - 82.3
(DeepCNF)
SPIDER3 83.9 82.6 81.5 79.9 84.4 -
PORTERS - - - - 84.5 -
MUFOLD-SS - 86.5 85.2 83.4 85.9 82.7
CRRNN - 86.1 84.2 82.6 - 87.3
eCRRNN - 87.8 85.9 83.7 - 87.8

# Accuracy scores (in percentage) are obtained from the programs’ publication papers and from
Yang et al. (Y. Yang et al. 2018) and Smolarczuk et al. (Smolarczyk, Roterman-Konieczna, and

Stapor, n.d.).
Table 3.2. A Comparison of PSSP Programs by Q8 Accuracy Assessments ?
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program CASP10 CASP11 CASP12 TS2019 (%) CBS13 (%)

(%) (%) (o)

CNF 64.8 65.1 — - 64.9
RAPTORX 71.8 72.3 69.8 - 68.3
(DeepCNF)

PORTERS5S — — — 73.6 -
MUFOLD-SS  76.5 74.5 72.1 74.9 70.6
CRRNN 73.8 71.6 68.7 - 71.4
eCRRNN 76.3 73.9 70.7 - 74.0

# Accuracy scores (in percentage) are obtained from the programs’ publication papers and from
Yang et al. (Y. Yang et al. 2018) and Smolarczuk et al. (Smolarczyk, Roterman-Konieczna, and

Stapor, n.d.).

In addition to prediction accuracy, it is important to consider the programs’ usability and their
limitations. While some programs are readily available through web servers, predictions through
server are often limited by sequence length or number. For example, Mufold-SS only allows
sequences of up to 700 AA long and Jpred4 only allows sequences of up to 800 AA long. In
addition, most web servers only allow prediction of one protein sequence at a time, which is
often impractical when working with a large number of sequences. Standalone versions of the

programs do not have the restrictions of the web servers.

3.3 PSSP Methods have been Used Widely in Pandemics Research

3.3.1 Structural Conformation at SARS-CoV nsp5 Protein

Lu et al. (J.-H. Lu et al. 2005) explored the structure of the SARS-CoV nsp5 gene. With
reference to SARS-CoV strain GD, comparative sequence analyses with 110 strains at nsp5
showed that five nsp5 had mutations. Secondary structure predictions were performed at the five
mutated strains using PSIPRED and the analysis showed that all five mutated strains had
identical predicted secondary structure, which implies that nsp5 encoded proteins retain a

conserved structure and may be a better therapeutic target than more rapidly evolving genes.
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3.3.2 Rapid Evolution of Pandemic Norovirus Genogroups

Bull et al. (Bull et al. 2010) examined RNA polymerase and capsid protein similarities in five
norovirus genogroups, of which the GIl.4genogroup was associated with acute gastroenteritis
global outbreaks. To evaluate whether this highly pathogenic genogroup had a greater
epidemiological fitness than the other four genogroups, rate of mutation at RNA polymerase and
capsid secondary structures were modeled using the CPH models Server. (Lund, O. et al. 2002)
The PSSP model revealed that the 15 varying amino acid residues on capsid were located on the
exposed loops in GII.4. Moreover, more pathogenic genogroups had more similarities with GII.4

in structure than less pathogenic ones.

3.3.3 Identification of a Potential Inhibitor of H1IN1 Neuraminidase

Seniya et al. (Seniya et al. 2014) studied the potential effect of the Boesenbergia pandurata
metabolite 4-hydroxy panduratin A to inhibit spread of Influenza A HIN1 (swine flu) infection.
Influenza has two major surface proteins, neuraminidase (NA) and hemagglutinin (HA), to
facilitate viral breach into host cell. To evaluate the potential of 4-hydroxy panduratin A to dock
into active binding pockets of HIN1 NA, a homology-based protein structure prediction
program, Modeler 9.10 (Sali and Blundell 1993) was used. In addition, -TASSER (J. Yang et
al. 2015) prediction was also used in combination with ab initio methods of modeling. These
steps required secondary structure templates which were predicted using the PSIPRED server
and rated using Z scores in LOMETS (S. Wu and Zhang 2007). The combination of PSSP and I-
TASSER enabled the downstream analysis of protein interactions between the viral NA and the

plant metabolite.

3.3.4 Determining Conserved Segments of H7N9 Hemagglutinin

Sarkar et al. (Sarkar et al. 2015) examined the Avian Influenza A (H7N9) hemagglutinin (HA)
protein to determine conserved HA regions that could serve as potential peptide vaccines. As
aforementioned, HA is one of the two major surface proteins that facilitate viral entry into host
cells. In addition, HA can also elicit an antibody response during infection. The PSSP server,
SABLE (Adamczak, Porollo, and Meller 2005), was used to predict accessible surface area
(ASA) in 120 HA sequences from H7NO strains, and Jpred (Cuff et al. 1998) and HHpred
(Soding, Biegert, and Lupas 2005) were used to verify results. ASA, like secondary structure, is

a 1D prediction; the aa sequence is converted to a sequence of numerical values, between 0 and
45



100, that describes aa sites accessibility in the solvent. Eight highly accessible regions were
predicted by ASA and through epitope prediction, four regions were found with promising

immuno-genic potential.

3.3.5 Computationally Designed Peptides to Block Binding between SARS-
2-S and Host ACE2

Good binding between SARS-2-S and host ACE2 receptor is crucial for viral entry into host
cells. This interaction has been extensively explored by experimental research as a COVID-19
vaccine target and by computational research aiming to design competitive binding peptides
(Huang, Pearce, and Zhang 2020a) to bring forth new avenues to COVID-19 treatment. Using
computational tools EvoEF2 (Huang, Pearce, and Zhang 2020b) and EvoDesign, (Pearce et al.
2019) Huang et al. (Huang, Pearce, and Zhang 2020a) designed peptide sequences that
potentially bind competitively to SARS-2-S to limit viral entry. On the basis of a hACE2
structure template, they explored thousands of peptide designs through 3D modeling and selected
best candidates by SARS-2-S binding affinity scored by PSSP performed in EvoDesign. The
computational nature of this study allowed results to be obtained rapidly; currently, the
computationally designed peptides are being evaluated experimentally (Huang, Pearce, and

Zhang 2020a).

3.4 Using PSSP Models to Gain Biological Insight into Sars-Cov-2 and
SARS-CoV Infectivity

3.4.1 Materials and Methods

Focusing on SARS-CoV-2, we tested the ability of several PSSP programs to predict SS of
hACE2 and SARS-2-S S1 domain. We used experimentally derived SS from ACE2 structures
available on PDB (1r42: A, 6m0j:A, 6m18:B, 6m1d:B, and 6m17:B; S1: 6vxx:A, 6vyb:A,
6m0j:E, and 6m17:E) to compare with SS predictions — these scores are shown in Table 3.3.
Relatively low scores may be explained by the fact that membrane protein structures are hard to
predict. Another possible reason is that the training data used for the PSSP programs were not
specific enough to predict ACE2 and S1 proteins more accurately. The Q8 results for PSIPRED
and JPRED4, which only predict three structure states, were expected to be lower than that of
PORTERS and MUFOLD-SS, which predicted eight structure states. However, QS8 results were
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similar for all four programs (Table 3.3), possibly because extra types of secondary structures are

rare in the studied proteins.

Table 3.3. Average PSSP Program Accuracies as Measured Using ACE2 and Spike Protein
Data from PDB ?

protein set metric PORTERS MUFOLD- PSIPRED JPRED4
(Torrisi, SS (Fang, (McGuffin (Drozdetski
Kaleel, and Shang, and , Bryson, y et al. 2015,
Pollastri Xu 2018) and Jones  4) (%)

2018, 5) (%) 2000) (%)
(%)
totals (other 2 sets Q3 75.2 77.1 77.7 76.5
combined) Q8 62.8 64.0 61.0 60.9
SOV 57.6 57.8 60.3 58.3
hACE2 (1r42:A, Q3 81.2 82.0 82.0 80.5
6moj:A, 6m18:B, Q8 69.9 70.8 65.2 65.1
6mld:B, 6m17:B) SOV 71.2 67.5 72.3 69.7
SARS-2-S S1 Q3 67.8 71.0 72.4 71.4
(6vxx:A, 6vyb:A, Q8 54.0 55.5 55.7 55.6
6m0j:E, 6m17:E) SOV 40.6 45.8 45.4 44.0

3 PDB IDs are shown below the set names. Q3 and Q8 represent prediction accuracy for 3 or 8

SS types; SOV represents Segment Overlap score.

As previously mentioned, mammalian susceptibility to SARS-CoV cannot always be accurately
predicted by differences in ACE2 AA sequences. This problem can be viewed as a mismatch
between empirical and theoretical results. Using ACE2 PSSP instead of AA sequences, we
attempt to explain this mismatch. To showcase that PSSP can circumvent this mismatch, Table
3.4 shows the Puisince, @ measurement of differences in predicted SS between hACE2 and other
species’ ACE2. Here, we choose to use Mufold-SS to predict ACE2 SS (Table 3.3). Paistance 18
based on Q3 and Q8 scores:
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M
Paistance = 1 — f

where M is the number of residues that are the same in both windows and L is sequence length
(analogous to Q3/Q8 evaluations). Mufold-SS can be robust with three states but not with eight

states, as it assumes equal weight for all SS differences.

3.4.2 Results and Discussion

Calculated Puistance scores are shown below in Table 3.4.

Table 3.4. Puiistance Scores between hACE2 SS and Mammalian ACE2 SS 2

SS sequence Puistance
NM 001135696 Macaca mulatta (Macaque) 0.0286
XM 008988993 Callithrix jacchus (Marmoset) 0.0298
GQ999936 Rhinolophus_sinicus (Chinese horseshoe bat) 0.0335
EF569964 Rhinolophus_pearsonii (Pearson’s horseshoe bat) 0.0410
AY996037 Cercopithecus_aethiops (African green monkey) 0.0435
NM 001130513 Mus_musculus (Mouse) 0.0472
AY881174 Paguma larvata (Civet) 0.0472
XM 005074209 Mesocricetus_auratus (Hamster) 0.0497
NM 001012006 Rattus norvegicus (Rat) 0.0509
AB211998 Procyon_lotor (Raccoon) 0.0547
NM_ 001310190 Mustela_putorius_furo (Ferret) 0.0584
EU024940 Nyctereutes procyonoides (Raccoon dog) 0.0622
NM 001039456 Felis_catus (Cat) 0.0634

4 ACE2 SS are predicted by Mufold-SS. (Fang, Shang, and Xu 2018)

The Puaisiance Shows that SS variations better explain patterns of SARS-CoV infectivity than
hotspot AA differences. First, unlike differences in ACE2 AA, differences in ACE2 SS
corroborate the finding that rats (Holmes 2005) are less susceptible to SARS-CoV than palm
civets (Guan et al. 2003) and mice (W. Li et al. 2004), with Pisiance of 0.0509 (rats) vs 0.0472
(palm civets and mice). Second, ACE2 SS explains why Chinese horseshoe bats (Puisance =

0.0335) are more susceptible to SARS-CoV than Pearson’s horseshoe bats (Paisiance = 0.0410)
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(Hou et al. 2010). Nonetheless, our findings cannot be generalized further, as not all patterns of
infectivity are explained through Puisiance. For example, Paisiance cannot explain why palm civets
(0.0472) are more susceptible to SARS-CoV than Pearson’s horseshoe bat (0.0410) (Guan et al.
2003; Hou et al. 2010).

To further examine the ACE2 of species shown in Table 3.4, we calculated AA sequence
similarities using the Lake94 (Lake 1994) phylogenetic distance with hACE2 as reference.
Indeed, with respect to hACE2, AA sequence similarities as measured by Lake94 poorly reflect
similarities at SS as measured by Puisiance In many species (Figure 3.2: R2=0.179, P = 0.150), an
example is Rhinolophus sinicus.
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Figure 3.2. Lake94 distances measured at ACE2 AA sequences poorly correlate Puisiance
measured at ACE2 SS. Sequence distances in mammalian ACE2 are calculated with respect to
hACE2, and the 13 species considered are those listed in Table 3.4. Figure adapted from
(Kruglikov et al. 2021).

We next performed multiple sequence alignment (MSA) using MAFFT (Katoh and Standley
2013) on ACE2 AA sequence and on predicted ACE2 SS sequence for Rhinolophus sinicus
highlighted in red in Figure 3.2. Hotspot sites were highlighted in the alignment, representing
hACE2 sites S19, Q24, D30, K31, H34, E35, E37, D38, Y41, Q42, L79, M82, Y83, K353, and
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R393 that form contact with SARS-2-S at sites K417, G446, Y449, L455, F456, A475, F486,
N487, Y489, Q498, T500, N501, G502, and Y505, as previously identified through X-ray
crystallography experiments (Lan et al. 2020, 2; J. Shang et al. 2020).

Rhinolophus sinicus ACE2 seems to be more conserved at hotspot locations (boxed in light blue)
than other regions at the SS level (Figure 3.3). Furthermore, lack of SS differences at some AA
substitution sites can be explained by the nature of AA substitutions: some AA substitutions are
considered conservative as they have similar physicochemical properties (Yampolsky and
Stoltzfus 2005). Indeed, conservative D <> E, D <> N, E <+ N, E < Q, and K <> R are present at
the regions boxed in yellow (Figure 3.3); these amino acids have similar properties and reduced
substitution effects on predicted SS folding. On the other hand, some regions have many SS
differences but relatively conserved AA (Figure 3.3: boxed in light red), one explanation for this
discrepancy is that AA substitutions may influence SS at distant loci rather than closer ones due
to complexities of hydrogen bond formation. Moreover, Lysine has been reported as preferred
amino acids at C-terminus of proteins for a-helix formation (Forood, Feliciano, and Nambiar
1993), and reduced helix stabilization in the light red region could be caused by the K — N

substitution.
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3.5 Conclusion

PSSP programs can be applied to gain biological insights in rapid ways. These fast methods can
be helpful to obtain important answers as an immediate response in pandemics research. Because
some mutations, especially substitutions, might not induce structural changes, analysis on SS
expands upon analysis of AA. In this study we evaluated some of the current PSSP programs and
offered an example of PSSP analysis with a focus on SARS-CoV-2. Because coronavirus
infection is achieved through binding between the viral Spike protein and the host ACE2
receptor, mammals with similar ACE2 structures could be potentially susceptible to these
viruses. To identify ACE2 similarities between mammals and humans, comparisons were made
at AA and SS levels. We showed that variations between predicted SS is not always consistent
with variations in corresponding AA sequences. Specifically, differences at AA rarely led to
different SS at ACE2 hotspot locations in Rhinolophus sinicus. The example above highlights

potential application of PSSP algorithms in pandemics research.
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4.1 Abstract

The dynamic structures and varying functions of intrinsically disordered proteins (IDPs) have
made them fascinating subjects in molecular biology. Investigating IDP abundance in different
bacterial species is crucial for understanding adaptive strategies in diverse environments.
Notably, thermophilic bacteria have lower IDP abundance than mesophiles, and a negative
correlation with optimal growth temperature (OGT) has been observed. However, the factors
driving these trends are yet to be fully understood. We examined the types of IDPs present in
both mesophiles and thermophiles alongside those unique to just mesophiles. The shared group
of IDPs exhibits similar disorder levels in the two groups of species, suggesting that certain IDPs

unique to mesophiles may contribute to the observed decrease in IDP abundance as OGT
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increases. Subsequently, we used quasi-independent contrasts to explore the relationship between
OGT and IDP abundance evolution. Interestingly, we found no significant relationship between
OGT and IDP abundance contrasts, suggesting that the evolution of lower IDP abundance in
thermophiles may not be solely linked to OGT. This study provides a foundation for future
research into the intricate relationship between IDP evolution and environmental adaptation. Our
findings support further research on the adaptive significance of intrinsic disorder in bacterial

species.

4.2 Introduction

4.2.1 Intrinsically Disordered Proteins and Their Abundance

For a long time, a defined protein structure was thought to be essential for protein functionality;
however, this notion has been challenged as the concept of intrinsically disordered proteins
(IDPs) has been established (Vladimir N. Uversky 2011; Dunker et al. 2002). IDPs, sometimes
referred to as inherently unstructured proteins or nonfolding proteins, are proteins that lack a
stable tertiary structure. Renowned for their flexibility, IDPs can adopt diverse conformations,
setting them apart from structured proteins. This structural dynamism allows IDPs to engage in a
wide range of biochemical functions, underscoring their versatility in cellular regulation (Wright
and Dyson 2015), signaling cascades, and intricate molecular interactions. Moreover, the
structural disorder has been associated with an increase in both the number and variety of

functions based on Swiss-Prot function tags (Xie et al. 2007).

The tendency towards intrinsic disorder in proteins can be predicted using protein amino acid
(AA) composition. Disordered proteins have a higher proportion of hydrophilic and
uncompensated positively or negatively charged AAs than ordered ones; therefore,
physiochemical properties such as absolute mean charge and mean hydrophobicity can be used
to classify proteins as ordered or disordered [3,4]. The charge-hydrophobicity phase space could
be plotted, and such plots have been proven to be reliable predictors of protein disorder (V. N.
Uversky, Gillespie, and Fink 2000). This concept is the core of the advanced computational tools
predicting IDP/IDR, such as PONDR (Xue et al. 2010), IUPred (Erdds, Pajkos, and Dosztanyi
2021), fIDPnn (G. Hu et al. 2021), and many more. These tools use protein AA composition and
often incorporate a window-based analysis to predict intrinsic disorder in proteins. Specifically,

disordered proteins tend to exhibit a higher proportion of hydrophilic and uncompensated
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positively or negatively charged AAs compared to ordered ones. The sliding window of AA
along the sequence allows the assessment of local patterns and variations in physiochemical

properties.

IDPs are widespread across all life domains (Peng et al. 2015) including viruses (Anjum et al.
2022). Their abundance is influenced by various factors, including, for example, organism
complexity, with larger genomes generally displaying higher levels of IDPs (DeForte and
Uversky 2017). Eukaryotes generally show both a higher frequency (Apic, Gough, and
Teichmann 2001a; Ekman, Bjorklund, and Elofsson 2007) and longer lengths of IDPs (Apic,
Gough, and Teichmann 2001b; Ekman et al. 2005; Liu and Rost 2004) compared to prokaryotes.
Notably, within prokaryotes, IDP abundance is influenced by optimal growth temperatures
(OGT) being significantly larger in mesophiles than in extremophiles adapted to higher
temperatures (Burra, Kalmar, and Tompa 2010; Pancsa, Kovacs, and Tompa 2019). These results
challenge the conventional understanding of the advantageous role of IDPs in extreme
conditions, as they play an important role in detecting changes in the environment (S. E. Bondos,

Dunker, and Uversky 2022).

Studying IDP abundance is essential for understanding cellular functioning, regulatory systems,
and adaptive responses to the environment, as well as providing insights into their evolution
across proteomes. IDPs play diverse roles in many cellular processes, and understanding factors
influencing IDP abundance provides a key to unraveling the dynamic and flexible nature of these
proteins, shedding light on their functional significance in cellular systems. While existing
findings do describe a general pattern, specific causal elements underlying the association
between OGT and IDP abundance remain unknown, offering an intriguing knowledge gap. The
question at hand is determining if mesophiles have a larger number of IDPs or instead possess
analogous proteins at greater disorder levels. In addition, the apparent connection between OGT
and IDP abundance could be a phylogenetic consequence rather than a direct result of the OGT
effect on IDP abundance. Our research strives to go beyond existing boundaries to answer these
questions. To accomplish this, we assessed differences in abundance of IDP genes between the
IDP groups. Additionally, we conducted a quasi-independent contrast calculation to gauge the

impact of phylogeny on the relationship between OGT and IDP abundance.
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4.2.2 |dentification of IDP Groups

IDPs can be classified in many ways, including based on their molecular functions, functional
features, sequence conservation, expression patterns, and biophysical properties (R. van der Lee
et al. 2014). As an extension of using AA physiochemical properties to calculate protein absolute
mean charge and mean hydrophobicity, more complex parameters, such as the fraction of
charged residues (FCR) and net charge per residue (NCPR), can be used to separate IDPs into
strong polyelectrolytes, strong polyampholytes, boundary, and weak IDPs, as represented on

Figure 4.1 (Das and Pappu 2013):

Weak polyampholytes/polyelectrolytes (region 1): contain a small number of both positively and

negatively charged AAs, as well as an approximately neutral overall charge. These proteins are

often globules and tadpoles.

Boundary proteins (region 2, also known as Janus sequences): proteins that resemble both region

1 and region 3 properties. Specific properties of these proteins are largely context-dependent.

Strong polyampholytes (region 3): contain a significant number of both positively and negatively

charged AAs, as well as an approximately neutral overall charge. These proteins are often

flexible and form distinctly nonglobular coil-like, hairpin-like, or chimeric conformations.

Negative strong polyelectrolytes (region 4) and positive strong polyelectrolytes (region 5):

contain a large number of either positively or negatively charged AAs, which results in either a
strongly positive or a strongly negative overall charge. These proteins are often very flexible and

form swollen coil-like conformations.
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Figure 4.1. Scatter plot of proportions of positively-charged AA (f plus) and negatively-
charged AA (f minus), representing the five IDP regions. Blue color shows region 1, orange

shows region 2, green is for region 3, red is for region 4 and purple is for region 5.

This type of classification also allows the separation of globules from swollen coils (Mao et al.
2010). In addition to the above classification, we grouped proteins based on their AA similarity
and reported molecular functions where they were available. Finally, we identified clusters of
similar proteins across thermophiles and mesophiles to detect any potential differences in
disorder levels between the two species groups. We visualized aligned disorder values for the
most divergent clusters in order to assess whether there are any patterns leading to that

divergence. Adapted from (Das and Pappu 2013).

4.2.3 Quasi-Independent Contrasts
Analysis of quasi-independent contrasts is an important method that helps us to unravel the
relationships between OGT, IDP abundance, and phylogenetic relationships between the

bacterial species used in the analysis. By employing quasi-independent contrasts, we can control
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for shared ancestry among species, ensuring a more accurate assessment of the direct impact of
OGT on IDP abundance. The need for phylogeny-based comparative methods becomes evident
when examining relationships between genes, phenotypes, and environmental factors among
related species. Traditional statistical methods may be inadequate for quantifying these

relationships due to the inherent co-ancestry among data points.

Independent and quasi-independent contrast comparison offers a more sophisticated means of
addressing this challenge. As described by Xia (Xia 2020), the method involves the minimization
of the residual sum of squares by inferring ancestral states, accounting for phylogenetic
influences through weighting factors. By applying quasi-independent contrasts, we can assess the
relationship between OGT and IDP abundance while accounting for phylogenetic relationships,
thus providing a more precise evaluation of how OGT directly influences IDP abundance. The
contrasts between the two variables can be fitted into a linear model with an intercept fixed at the

origin, and that model can then be interpreted to provide additional insights.

4.3 Materials and Methods

4.3.1 Data Sources and Availability

We used UniProt (The UniProt Consortium 2021) as a source for the AA sequence data and
TEMPURA (Sato et al. 2020) for bacteria OGT data. TEMPURA contains bacteria and archaea
OGT with ribosomal 16s gene used for reference. We downloaded the database entirely and then

filtered it to only contain data for bacteria with recorded 16s accession numbers.

For each of the remaining species, we searched for a reference proteome on UniProt and
downloaded them if they were available and had at least 1,000 proteins. As a result, our dataset

consisted of 1,132,382 proteins from 304 species.

4.3.2 Protein Clustering

All proteins in our dataset have been clustered using CD-HIT (Fu et al. 2012) with a setting for a

minimal global similarity score of 0.7. Clusters have been filtered to follow these conditions:

e Proteins from at least 10 different species per cluster;
e At least one candidate IDP (identification described in the disorder calculation

subsection);
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This way, we generated 616 clusters of interest. Additionally, we obtained UniProt molecular

function tags for each protein from these clusters.

4.3.3 Disorder Calculations

Two rounds of disorder prediction have been performed:

First, we calculated disorders for each protein of the dataset using RAPID (Yan et al. 2013).
While this model has the disadvantage of only predicting a single overall disorder metric for a
given protein, it is in, fact, rapid and, given the large number of proteins in our dataset, is a
suitable model for initial filtering. Additionally, we calculated the FCR and NCPR for each
protein to group them into five classes, as described by Das and Pappu (Das and Pappu 2013).

Based on the RAPID results and FCR/NCPR, we identified IDP candidates as those that satisfy

at least one of the following conditions:

e RAPID disorder score > 0.5;
e Total number of residues x RAPID disorder score > 100;

e IDP type 3, 4, or 5 (strong polyampholytes or positive/negative strong polyelectrolytes);

This way, we significantly narrowed down the list of proteins for further analysis as well as

defined a binary ordered/disordered separation for our dataset.

The second round of disorder calculation was performed on clusters of interest (see the relevant
section about clustering for more information) using fIDPnn (G. Hu et al. 2021), a more
advanced but also much more time-consuming method than RAPID. This model has shown to be
a very effective one (Kurgan et al. 2023; Necci, Piovesan, and Tosatto 2021), as well as able to
output a disorder score for each residue of the protein, which allowed us to compare IDPs at the
residue level. By using the two-round approach, we were able to evaluate entire proteomes using
a faster model, identify potential IDPs, and then obtain more detailed results for these candidates

using a more complex but slower model.

4.3.4 Cluster Disorder Alignment

The AA sequences of each protein in a cluster were aligned using ClustalW (Thompson,

Higgins, and Gibson 1994) with a gap insertion penalty of 1 and a gap extension penalty of 0.5.

59



The disorder scores were smoothed for the plots with a moving average. The sliding window was

equal to protein length divided by 30.

4.3.5 Quasi-Independent Contrast Calculation

We referred to Xia’s least squares method of quasi-independent contrast calculation (Xia 2020).
First, we obtained 16s nucleotide sequences based on TEMPURA accession numbers for all
bacteria, with an addition of one sequence from archaea species, NG 046384.1 of Pyrobaculum
ferrireducens, which was used as an outgroup. Four of the sequences were removed using
DAMBE (Xia 2018), as they were for entire genomes rather than 16 s. We aligned the resulting
sequences using MAFFT (Katoh and Standley 2013) with default parameters except for
specification for nucleotide sequences and calculated the distances based on the aligned sequence
identity. The distances then have been used to build a phylogenetic tree using UPGMA and

NG _046384.1 as outgroups.

For each leaf of the resulting tree, which represented one of the species from our dataset, we
computed overall fraction of disorder (FOD), as predicted by RAPID and OGT, as recorded in
TEMPURA. For each internal node, average FOD and OGT were used as initial guesses and
were later optimized using RSS minimization. Finally, contrasts have been calculated between

each offspring pair sharing the same ancestor.

4.4 Results and Discussion

4.4.1 Overall IDP Abundance in Different Proteomes

We identified a weak negative relationship between OGT and overall fraction of disorder (FOD)
predicted by RAPID (Figure 4.2). This result partially supports previous findings that
thermophiles should have a lower IDP abundance. The relationship is significant, but the effect
size seems to be very small (R? = 0.016, slope = —0.0003, and p-value = 0.030). Additionally,
when separating species into thermophilic (OGT of at least 40 °C) and mesophilic (all other
species) and comparing their FOD as predicted by RAPID (Figure 4.3) using a two-sided #-test, a
significant difference was observed with mesophiles having more disorder (p-value = 6.898 x
10~*). However, the effect size is very small: the thermophilic average FOD = 0.1301 + 0.0004
and the mesophilic average FOD = 0.1364 = 0.0001. The high significance is very likely the

result of the large sample size in this case and not the strength of the relationship.
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Figure 4.2. Scatter plot of OGT and FOD, with line showing Ordinary Least Squares
(OLS) model. High OGT is associated with lower FOD. Effect size seems to be small but
statistically significant (R? = 0.016, slope = —0.0003, and p-value = 0.030) for the linear model.
Majority of organisms are mesophiles, which could potentially skew the results of modeling.

Figure adapted from (Kruglikov and Xia 2024).
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Figure 4.3. FOD distributions for thermophilic and mesophilic proteins. The two
distributions seem to be very similar even though a statistically significant difference has been
observed between the mean values (¢-test p-value = 6.898 x 107*%). This significance is likely to
be the result of the large sample size. Thermophilic average FOD = 0.1301 + 0.0004 and
mesophilic average FOD = 0.1364 + 0.0001. All proteins from the dataset have been assessed,
and FOD has been predicted using RAPID. Figure adapted from (Kruglikov and Xia 2024).

The effect of OGT on FOD can also be seen in the decreased variation in FOD as ODT increases
(Figure 4.2). With low OGT, FOD can be low or high. However, high OGT might seem to be
selected against high FOD, pushing the variation in FOD to a lower range.

4.4.2 Overall IDP Abundance in Orthologs

For each cluster identified using CD-HIT as described in Materials and Methods, we recalculated

disorder predictions using fIDPnn, a more accurate but also a much slower model. FOD
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calculations were found to be highly correlated between RAPID and fIDPnn, so the use of
RAPID as a fast initial filter model has been justified (Figure 4.4).
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Figure 4.4. Scatter plot of FOD contrast / OGT contrast relationship. Figure adapted from
(Kruglikov and Xia 2024).

The already weak negative relationship between OGT and FOD that we observed for the overall
dataset (Figure 4.2) has not been seen for cluster data when using all clustered proteins as a
subset. Surprisingly, an unexpected positive relationship emerges for both RAPID and fIDPnn-
predicted FOD (Figure 4.5). This intriguing finding challenges the notion that orthologous
proteins shared between thermophiles and mesophiles have greater disorder levels in mesophiles.
Comparison of mean FOD values across the two datasets also produced opposite results from

those of overall proteomes (Figure 4.6).
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Figure 4.5. Scatter plot of OGT and FOD, with line showing Ordinary Least Squares
(OLS) model. Positive relationship between OGT and FOD is observed for clustered data. R? =
0.052, slope = 0.0017, and p-value = 5.69 x 107> for the linear model. FOD has been calculated
using fIDPnn. Linear model with RAPID FOD showed similar results (R? = 0.031, slope =
0.0013, and p-value = 0.002). The positive relationship is opposite to the one for overall data
(Figure 4.2). Figure adapted from (Kruglikov and Xia 2024).
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Figure 4.6. FOD distributions for thermophilic and mesophilic orthologs. Left violin plot
shows distributions of FOD calculated by fIDPnn, and right violin plot shows distributions of
FOD calculated by RAPID. The pairs of distributions seem to be very similar even though a
statistically significant difference has been observed between the mean values of fIDPnn FOD (-
test p-value = 0.0025 for fIDPnn and 0.167 for RAPID). Using fIDPnn, thermophilic average
FOD = 0.2425 + 0.007 and mesophilic average FOD = 0.2232 + 0.002. Using RAPID,
thermophilic average FOD = 0.2887 + 0.009 and mesophilic average FOD = 0.2760 = 0.003.
Interestingly, the differences are in opposite directions from the overall data (Figure 4.3). Figure

adapted from (Kruglikov and Xia 2024).

4.4.3 Abundance in Different IDP Classes and Proteins with Different

Molecular Functions
Utilizing the classification based on the fraction of charged residues (FCR) and net charge per
residue (NCPR) of amino acid sequences, clustered orthologs were categorized into five distinct
classes: weak polyampholytes/polyelectrolytes, boundary proteins, strong polyampholytes,
negative strong polyelectrolytes, and positive strong polyelectrolytes. Interestingly, none of the

orthologs were classified as negative strong polyelectrolytes, while all other classes were
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represented by some clustered proteins. The corresponding fraction of disorder (FOD) values for

each class, as predicted by the fIDPnn model, are presented in Table 4.1.

Table 4.1. FOD for different classes of ortholog IDPs in mesophilic and thermophilic bacteria.

IDP Class Thermophilic FOD Mesophilic FOD
Weak polyampholytes/polyelectrolytes 0.303 £0.054; n =21 0.192 £ 0.007; n = 609
Boundary proteins 0.181 £ 0.007; n =422 0.176 £ 0.002; n = 7830
Strong polyampholytes 0.358 £0.014; n =180 0.357+£0.004; n = 2145

Negative strong polyelectrolytes

Positive strong polyelectrolytes 0.682+0.016; n=13 0.706 £ 0.005; n =256

For each class, the table provides the mean FOD value along with its standard error, denoted as
+, and the sample size (n) representing the number of proteins within each category. Comparable
levels of disorder between thermophiles and mesophiles were found for boundary proteins and
strong polyampholytes, but some differences could be observed between the two species groups
for weak polyampholytes/polyelectrolytes and positive strong polyelectrolytes. Thermophilic
weak polyampholytes/polyelectrolytes had more disorder than mesophilic ones (FOD of 0.303
for thermophiles and 0.192 for mesophiles, #-test p-value = 0.004). Conversely, positive string
polyelectrolytes were found to be more disordered in mesophiles than in thermophiles, although
this effect was not found to be statistically significant (FOD of 0.682 for thermophiles and 0.706
for mesophiles, #-test p-value = 0.320). This finding may be a possible explanation for the
negative correlation observed in Figure 4.2 and could be explained by the higher compactness of

IDPs in higher temperatures (Thole, Waudby, and Pielak 2023).

Similarly to the above, we calculated the average FOD for identified molecular functions, as
tagged on UniProt (Table 4.2). We found that IDP orthologs tagged as activator and nuclease

were unique to only mesophiles, although they were not found at large levels there either—only
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33 activators and 18 nucleases. At the same time, activator proteins had a relatively high FOD of
0.339, as predicted by fIDPnn. Moreover, we did not observe differences in FOD levels across
any of the molecular functions that had been identified for orthologs in both mesophiles and

thermophiles, especially among the more disordered ones.

Table 4.2. FOD for different function tags of ortholog IDPs in mesophilic and thermophilic

bacteria.

IDP Function Tag
Activator
Nuclease
Chaperone
DNA-binding
Elongation factor
Excision nuclease
Hydrolase
Initiation factor
Isomerase

Ligase

Lyase

Multifunctional enzyme

Oxidoreductase
Peroxidase
Protease
RNA-binding
Receptor
Repressor
Ribosomal protein
Rotamase
Serine protease
Sigma factor
Topoisomerase
Transferase
Translocase
rRNA-binding
tRNA-binding

Thermophilic FOD

0.090 £ 0.010; n=18
0.276 £ 0.032; n =35
0.125+0.034; n =33
0.053 £0.005;n="7
0.064 £ 0.005; n= 14
0.217£0.026;n=3
0.090 £ 0.024;n=3
0.060 £0.008; n=12
0.077 £0.005;n=11
0.055+£0.000;n=1
0.102+£0.018; n=13
0.082£0.007;n=3
0.082 +0.008; n="7
0.165+£0.033;n=17
0.095 + 0.000; n =1
0.331+0.086; n=4
0.467 £0.018;n=110
0.191 £ 0.030; n=4
0.062 £ 0.000; n =1
0.142£0.011;n=18
0.075+0.007;n=16
0.087+0.012; n=27
0.049 £ 0.004; n=7
0.294 £ 0.010; n =96
0.338 £0.015; n=155
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Mesophilic FOD
0.339+£0.010; n =33
0.110+£0.003; n=18
0.114 £ 0.003; n =516
0.264 + 0.008; n =477
0.070 £ 0.005; n = 367
0.054 £0.001; n=192
0.108 £ 0.009; n = 209
0.209 £ 0.004; n = 56
0.076 £ 0.001; n =91
0.058 £ 0.002; n =336
0.076 £ 0.001; n =230
0.052+0.001;n=13
0.073 £ 0.002; n = 245
0.097 £ 0.004; n =59
0.080 £ 0.001; n =284
0.126 £ 0.005; n = 388
0.112+£0.016;n=10
0.263+£0.017; n=151
0.437 £ 0.004; n = 1859
0.209 £ 0.010; n =36
0.063 £0.001; n =49
0.149 £ 0.003; n =154
0.087 £0.001; n= 151
0.073 +£0.003; n =713
0.076 £ 0.004; n = 127
0.284 £ 0.002; n = 1700
0.297 £ 0.005; n = 686



The abovementioned results indicate that thermophiles are more likely to lack some IDPs that are
present in mesophiles than to have less disordered orthologs in most cases. At the same time, a
slight increase in the average FOD has been seen for mesophilic coil-like proteins, which are
often involved in signaling through binding to various partners (Shao et al. 2021; Kolonko et al.
2020). On the other hand, weak polyampholytes and polyelectrolytes might be more disordered
in thermophiles because these IDPs may be more involved with adaptations to high temperatures.
Interestingly, we were able to find examples of disorder differences between thermophilic and
mesophilic weak polyampholytes/polyelectrolytes going in both directions. Large ribosomal
subunit protein uL11 orthologs (UniProt IDs AOA7V5PNC3, A0OA291PC16, AOA1B4VGGS,
A0A250KZM7, and AOASC1EBZS5, among others) were generally more disordered in
thermophiles. Conversely, small acid-soluble spore protein sspB orthologs (UniProt IDs
AOAODSBNTO, AOAODS8BRQ7, AOA2K9J164, AOAOU4FDZ6, and AOA221MG13, among

others) were found to be more disordered in mesophiles.

Among the IDPs from clusters that turned out to be unique to mesophiles, the majority were
tagged as either ribosomal or rRNA-binding proteins (714 and 607 IDs out of 3469 proteins with
tagged molecular functions). Additionally, some were tagged as transferase (278), chaperone
(220), tRNA-binding (196), and DNA-binding (190). Apart from transferases and, partially,
chaperones, all these groups are generally short proteins with significant disorder levels. We can
also see that proteins with the same molecular functions are abundant in thermophiles, and it is
possible that the large number of clusters being unique to mesophiles is due to the large number

of variants of these proteins in general across all the species.

4.4.4 Analysis of Aligned Ortholog Clusters

Given the results of cluster analysis from the previous section, it seems that the relationship
between OGT and IDP abundance is a complex one, and a look into the nature of the aligned
clusters may reveal some patterns between IDP AAs and levels of disorder. We identified 10
ortholog clusters with the largest absolute differences between mesophilic and thermophilic FOD
(Table 4.3). Among these, six had thermophilic IDPs that were more disordered than their
mesophilic orthologs, and four were more disordered in mesophiles. The larger FOD within each

cluster is underlined. The majority of these proteins turned out to be ribosomal proteins, although
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we also identified a rubredoxin, an acyl carrier, a spore protein, and a cupin protein among the

clusters.

Table 4.3. Most divergent FOD between thermophilic and mesophilic orthologs.

Protein Name FOD FOD Absolute FOD Cluster Members
(Thermophilic) (Mesophilic)  Difference

Rubredoxin 0.085 0.389 0.304 A0A291P6P4, AOA410H536,
AOA1B2LXP3...

Acyl carrier 0.534 0.392 0.142 A0A291P5S3, AOA410H1W4,
A0A386X534...

Spore protein 0.647 0.786 0.139 AO0AOD8SBNTO0, AOAODSBRQ7,
MSR4X2...

LRSP * bL19 0.357 0.239 0.118 AOATU9K6D3, AOAIBINE7TS,
AOA1BOZK26...

SRSP bS21 0.596 0.484 0.112 AOAOD5YVA4, AOA1Z4ABT12,
AOA1L3J4J5...

SRSP uS14 0.476 0.370 0.106 AO0AOPODDQI1, AOAODSYRDO,
AO0AO0S212L9...

LRSP b1.28 0.512 0.610 0.098 AO0AOD8BUSS, M5QWZ7,
AOA1D7QW46...

Cupin 0.385 0.287 0.097 AOAOK2SHK7, AOAOD5NPB9Y,
AOA4P6K4ZA4. ..

LRSP ul.24 0.323 0.414 0.090 AO0AOD8BQ30, M5QVZ2,
AO0A1D7QZW9...

SRSP uS14 0.501 0.417 0.083 A0A291PBX7, AOA7CIONQP7,
AOA3T1DHBA4...

* LRSP = large ribosomal subunit protein; SRSP = small ribosomal subunit protein.

The identified clusters have been aligned and visualized in order to investigate any potential
patterns and regions that contribute most to the observed differences in disorder levels (Figures
4.7-4.16). Additionally, WebLogo (Crooks et al. 2004) diagrams have been created for these
alignments for the assessment of AA consensus sequences. Hydrophobic and acidic AAs seem to
be prevalent in regions where thermophilic IDP has a higher level of disorder, possibly
indicating some temperature sensitivity of these residues. Conversely, polar AAs seem to be

more frequent in IDPs that show larger disorder in mesophiles, although these AAs are generally
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common in

IDPs. Combined with the other results, these findings suggest that neither the

functional background of IDPs nor their AA composition have simple relationships with the

levels of disorder in mesophiles and thermophiles. Instead, the relationship is a highly complex

one, and further research into these factors’ contribution to IDP formation would be beneficial.

Figure 4.7.
(Kruglikov

10
— mesophilic

— thermophilic

Large ribosomal subunit protein uL24

08

04

Predicted disorder

02

0.0
] 20 an

&0
Position in sequence

ALARALL G L EFEEER SR B R R LR SRR EL R R L PEEL PR PEPELE LR £ T RS

Aligned disorder (uL24) and corresponding WebLogo. Figure adapted from
and Xia 2024).

— mesophilic
— thermophilic

Acyl carrier protein

08

°

. )
S

40
Position in sequence

Predicted disorder

0.0

70



Figure 4.8.
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Aligned disorder (Acyl carrier protein) and corresponding WebLogo. Figure adapted

from (Kruglikov and Xia 2024).

Figure 4.9.

(Kruglikov

Spore protein — temaphic
08
g
2’
el
3 / \
p
3
[+
Position ina;equence " N " 2
£ M. eslolstposcoboloE WoEFENd CoprTSRAIGSIGEE TR eobectuos..
AR EEIEL L ot REA PN L EE R R Eb B R PR E LG Sl IR ST T N .

Aligned disorder (Spore protein) and corresponding WebLogo. Figure adapted from
and Xia 2024).

Large ribosomal subunit protein bL19 — b

Predicted disorder
_—/

0 L 60 80

Position in sequence

71



Figure 4.10. Aligned disorder (bL19) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024).
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Figure 4.11. Aligned disorder (bS21) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024).
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Figure 4.12. Aligned disorder (uS14) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024).
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Figure 4. 13. Aligned disorder (bL28) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024).
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Figure 4.14. Aligned disorder (Cupin) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024).
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Figure 4.15. Aligned disorder (uS14) and corresponding WebLogo. Figure adapted from
(Kruglikov and Xia 2024).
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Figure 4.16. Aligned disorder (Rubredoxin) and corresponding WebLogo. The WebLogo has
been limited to 100 first positions because of truncation. Figure adapted from (Kruglikov and

Xia 2024).

4.4.5 Phylogeny Impact on FOD/OGT Relationship

In our study, we tried to assess whether the weak negative correlation between OGT and FOD, as
observed in the overall proteome comparison, persists when accounting for phylogeny using
quasi-independent contrasts. Surprisingly, our findings indicate that phylogeny exerts a more
substantial influence on the relationship than OGT in bacterial species. Contrary to the initial
observation in the overall dataset, the weak negative relationship has not been observed for
contrast data (R2 = 0.002, slope = 8.552 x 107>, and p-value = 0.491). The scatter plot of the
contrasts, illustrated in Figure 4.17, suggests an absence of any noticeable relationship, implying
that OGT may not be a decisive factor influencing IDP abundance. Instead, it appears to be a
characteristic carried along with the relative taxa, adding a nuanced layer to our understanding of

factors affecting IDP abundance in bacteria.
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Figure 4. 17. Scatter plot of FOD contrast/OGT contrast relationship. Contrast controls for
phylogeny impact, and we observe no relationship between IDP abundance and temperature
differences; therefore, phylogeny seems to be a more important factor than OGT. Figure adapted

from (Kruglikov and Xia 2024).

Several possible factors may be driving the observed phylogenetic effects. First, variables related
to genomic characteristics may contribute to the observed differences in IDP abundance. For
example, genome size and GC content are known to be correlated with IDP abundance
(Pavlovi¢-Lazeti¢ et al. 2011), and other genomic features associated with phylogeny could also
influence the evolution of IDPs independent of OGT. Second, the co-evolution of protein
networks within specific phylogenetic groups may play a role in shaping IDP evolution.
Interactions between proteins and their partners, influenced by shared evolutionary history, could
contribute to the observed patterns in disorder abundance. Lastly, shared ancestry and
evolutionary relationships may contribute to the observed patterns in IDP abundance, with
closely related bacterial species inheriting similar traits, including features related to IDPs, such
as amino acid composition, structural motifs, or functional roles in cellular processes. These

traits may be unrelated to the OGT of the species but have an effect on IDP abundance.
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These conclusions are particularly intriguing since they add context to previous findings showing
thermophiles had lower disorder abundance than mesophiles. The lack of a clear functional
justification for these findings suggests that factors other than OGT should be considered. Our
findings call for a reconsideration of the relationship between IDP abundance and environmental
conditions, emphasizing the importance of phylogeny and potentially other variables such as
genome size. Future research should take into account this complex network of elements in order
to improve the accuracy and comprehensiveness of investigations in unraveling the complexity

of IDP evolution in bacterial species.
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Chapter 5. Conclusion

5.1 Importance of Cellular Environment in Protein Folding

The results of this study underscore the critical role of cellular environment factors in influencing
protein folding dynamics. Chapter 2 highlighted the challenges faced when thermophilic proteins
from organisms like Thermus thermophilus are expressed in mesophilic systems like Escherichia
coli. The misfolding observed in these scenarios can lead to alterations in protein structure and
function, emphasizing the importance of utilizing appropriate expression systems to minimize
such effects. In Chapter 3, the application of protein secondary structure algorithms in SARS-
CoV-2 research showcased the significance of understanding protein structure beyond amino
acid sequences. By analyzing predicted secondary structures of ACE2 proteins across different
mammalian species, we gained insights into host-virus interactions and potential susceptibility
variations. As cellular environment impacts protein folding even at secondary structure level, this
approach demonstrated the value of secondary structure analysis in elucidating structural
determinants relevant to species-specific differences in viral infections. Furthermore, in Chapter
4 we delved into the abundance of intrinsically disordered proteins (IDPs) in mesophiles and
thermophiles, revealing intriguing patterns related to organism growth temperature (OGT). The
results presented in this chapter highlight the complexity of the relationship between OGT and
IDP abundance, showing that it is perhaps much more nuanced than previously reported. This
complexity also exemplifies how cellular environment can be a factor not only to folding of
globular proteins, but also of IDPs. Collectively, our findings emphasize the intricate relationship
between cellular environment factors and protein folding dynamics across diverse biological

contexts.

The presented data underscore the critical significance of incorporating cellular environments
into protein structure studies and functional evaluations. Factors like chaperone proteins, pH
levels, temperature, and ionic concentrations within the cellular milieu exert substantial influence
on protein folding dynamics. These environmental factors can serve as valuable features in
applications such as protein structure prediction. Notably, current state-of-the-art prediction
models like AlphaFold and AlphaFold2, along with models for predicting intrinsic disorder, do
not yet integrate cellular environment data into their predictions. By acknowledging and
accommodating these environmental factors, researchers can enhance the accuracy of protein
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structure and function assessments. This approach not only deepens our comprehension of
biological processes but also holds the potential to unveil novel insights into protein behavior

across diverse biological contexts.

5.2 Challenges of Data Availability in Studying Diverse Cellular

Environments
During our research, we encountered challenges related to data limitations for diverse cellular
environments, particularly evident in Chapter 2 where we investigated the impact of expression
systems on protein folding dynamics. While 7. thermophilus stands out as a well-studied
extremophile species with abundant protein structures in the Protein Data Bank (PDB), the
available data remains insufficient for effectively capturing differences in cellular environments
for other thermophiles. Moreover, even the existing data predominantly originates from the E.
coli expression system, leading to a significant underrepresentation of native thermophilic
expression systems in structural studies. Moving forward, we advocate for future structural
experiments to incorporate a broader array of expression systems and encompass a diverse range
of cellular environment factors, including varying temperatures, pH levels, salinity, and other
relevant environment descriptors. This approach will not only enhance our understanding of
protein folding dynamics but also provide a more comprehensive insight into the influence of

cellular environments on protein structure and function.

Data availability posed a challenge across various chapters of this research. Primarily, the dataset
predominantly consisted of mesophilic species in terms of optimal growth temperature (OGT),
with thermophiles being adequately represented. However, the representation of psychrophiles
and hyperthermophiles was insufficient, prompting a decision to restrict the study to better
reflect the available data landscape. Additionally, thermophilic species were significantly less
researched compared to mesophiles in terms of UniProt functional tags and protein names, with a
considerable portion of proteins from thermophiles remaining uncharacterized. The constraints
we encountered hindered our ability to fully unravel the intricate connection between OGT and
IDP abundance, underscoring the potential value of additional information on protein functions

in enhancing our understanding.
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As more information becomes available and research delves deeper into diverse cellular
environments, researchers are poised to make significant strides in investigating the intricate
relationships between protein structure, environmental adaptations, and species-specific
variations. The evolving landscape of data availability holds promise for shedding light on
complex biological phenomena and unraveling the mysteries surrounding protein folding
dynamics in extreme environments. By expanding our understanding of how cellular factors
influence protein structure and function, we can pave the way for innovative discoveries and
transformative insights into the adaptive strategies of organisms across varying growth
temperatures. With a growing wealth of knowledge and a commitment to exploring diverse
biological contexts, researchers are primed to embark on exciting journeys of discovery that will

shape the future of molecular biology and bioinformatics.

5.3 Future directions

As we look towards the future of research in protein structure and cellular environments, there is
a compelling need to explore innovative avenues that can deepen our understanding of the
intricate interplay between biological systems and environmental factors. Specifically, there are
three major areas in which future research may be fruitful: development of predictive models that
are tailored to specific cellular environments, integration of additional multi-omics data into
analysis of cellular environment effects on folding and further exploration of protein functions

and mechanisms behind environmental adaptations.

As more data become available, incorporation of cellular environment factors into protein
structure prediction software offers significant potential in enhancing our ability to predict
folding dynamics and accurately annotate functional properties. These models, designed to
consider the nuances of varied cellular conditions, will be able to provide insights into how
environmental factors like temperature, pH levels, and ionic concentrations influence protein
folding. Tailored for specific cellular contexts, these predictive models can help identify unique
structural features and functional properties of proteins, deepening our understanding of protein
behavior across diverse biological settings. In the realm of IDPs, customized predictive models
can elucidate the relationship between IDP abundance and growth temperature, offering valuable

insights into how organisms adapt to different environmental conditions.
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Furthermore, the evolving landscape of multi-omics data offers a wealth of opportunities to
unravel complex relationships between cellular environments, protein structures, and functional
outcomes. Particularly noteworthy is the potential utilization of transcriptomics data to assess
protein expression levels, complementing the insights provided in the chapters of this study. For
instance, transcriptomics data could be utilized to analyze gene expression and pinpoint genes
associated with responses to temperature fluctuations in extremophiles (Xinglin Jiang et al. 2013;
Teoh et al. 2023). This approach can help identify distinct folding patterns unique to these genes
and facilitate the identification of IDPs within this protein subset. By integrating diverse omics
datasets, researchers can gain comprehensive insights into how molecular interactions shape

cellular processes and organismal adaptations.

When exploring the relationship between protein functions, folding mechanisms, and
environmental adaptations, significant potential for research emerges. Investigating how
organisms adapt to extreme environments through unique protein folding mechanisms and
structural adaptations unveils novel strategies employed by living systems to thrive in
challenging conditions. Furthermore, considering that a substantial number of proteins analyzed
in our IDP study lack functional annotations, utilizing tools to predict the functions of these
proteins becomes essential. For instance, software like DEPICTER2 (Basu, Gsponer, and Kurgan
2023), capable of predicting intrinsic disorder and disorder function, can be instrumental in this
regard. Additionally, tools such as SAP (Urhan et al. 2023) and bacLIFE (Guerrero-Egido et al.
2024), while not IDP-specific but tailored for bacterial analysis, offer valuable resources for

exploring protein functions and adaptations in bacterial systems.

These forward-looking pathways set the stage for revolutionary discoveries that will not only
propel our understanding of protein biology forward but also illuminate the extraordinary
resilience and adaptability of organisms across varied ecological landscapes. It is our aspiration
that forthcoming research endeavors will yield valuable insights building upon the findings

presented here and in other studies.
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