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The presence of conflicting interactions, or frustration, determines
how fast biomolecules can explore their configurational landscapes.
Recent experiments have provided cases of systems with slow re-
configuration dynamics, perhaps arising from frustration. While it is
well known that protein folding speed and mechanism are strongly
affected by the protein native structure, it is still unknown how the
response to frustration is modulated by the protein topology. We ex-
plore the effects of non-native interactions in the reconfigurational
and folding dynamics of proteins with different sizes and topologies.
We find that structural correlations related to the folded state size
and topology play an important role in determining the folding kinet-
ics of proteins that otherwise have the same amount of non-native
interactions. In particular, we find that the reconfiguration dynamics
of α-helical proteins are more susceptible to frustration than β-sheet
proteins of the same size. Our results may explain recent experi-
mental findings and suggest that attempts to measure the degree of
frustration due to non-native interactions might be more successful
with α-helical proteins.
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Protein folding has become an exemplar problem for the1

study of conformational changes in biomolecules. Dur-2

ing the past couple of decades significant theoretical (1) and3

computational (2) advances have shown that, even though4

the folding of a protein involves the complex and coordinated5

motion of many atoms, it can often be described by relatively6

simple models (3, 4). In general, the number of collective vari-7

ables needed to describe large macromolecular rearrangements8

depends on the separation between fast and slow relaxation9

timescales, and the complexity of these systems often requires10

the use of computational methods to extract the relaxation11

timescales from simulation and understand their corresponding12

structural processes (5). However, energy landscape theory13

has shown that, under general physical assumptions (6), pro-14

tein folding can be described as the slow equilibration between15

the folded and unfolded free energy basins while neglecting16

the fast relaxations.17

The principle of minimal frustration, a central tenet of en-18

ergy landscape theory, posits that evolution has crafted protein19

interactions to stabilize the native state while destabilizing20

competing misfolded states (6). This picture has inspired21

“structure-based” coarse-grain models where the energy land-22

scape is funneled towards the native state by design, by includ-23

ing the native structural geometry in the construction of the24

model and by discarding potentially conflicting “non-native”25

interactions (7). These models have had success illuminating26

how folding rates, folding mechanisms, and functional motions27

depend on native topology (8, 9). However, proteins with the28

same native structure can still have starkly different folding29

behavior (10), suggesting that sequence-specific effects are30

necessary for a more complete picture. 31

While the principle of minimal frustration has become a cen- 32

tral paradigm for molecular biophysics, recent single molecule 33

experiments on several aggregation-prone proteins, such as 34

the prion protein (PrP) (11) and the intrinsically disordered 35

protein α-synuclein (12), have provided examples where frus- 36

tration may be significant. In particular, a careful analysis of 37

the extension statistics from force spectroscopy has revealed 38

multiple “off-pathway” misfolded states in monomeric PrP (11) 39

and several marginally stable states in monomeric α-synuclein 40

(12). These proteins provide concrete examples where non- 41

native interactions may be an important source of frustration. 42

While some progress has been made in understanding the role 43

of non-native interactions in specific cases (e.g., (13)), it has 44

been unclear if there are more general conclusions to be made. 45

Experimental evidence has shown that the effect of non-native 46

interactions varies between different proteins and experimental 47

conditions. For example, studies have found that the unfolded 48

state tends to collapse in a protein-specific manner at low 49

concentrations of denaturant (14) or high concentrations of 50

salt (15), with more collapsed states showing slower rates of 51

folding or reconfiguration. 52

As an attempt to garner general principles, we investigate 53

the effect of non-native interactions on the (mis)folding of pro- 54

teins with different topologies. We show that rates of folding 55

and reconfiguration depend on the strength of non-native in- 56

teractions in a protein-specific way. In particular, we find that 57

α-helical proteins have more compact misfolded ensembles 58

than β-sheet proteins of a comparable size and, consequently, 59

have slower reconfiguration dynamics. We further connect 60

these differences to the underlying energy landscape. Our 61

results provide some general insight into the role of frustration 62

in protein (mis)folding, and why some proteins appear more 63

frustrated than others. 64
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Fig. 1. The dependence of the following as a function of non-native heterogeneity: (A) folding time; (B) free energy barrier height; (C) diffusion coefficient in the unfolded state
and; (D) transition path time. Observables in (B-E) are normalized by their pure structure-based (b = 0) values for ease of comparison. Arrows in panel (C) indicate the
non-native heterogeneity b∗D needed to slow diffusion by the same amount for each protein. Errorbars indicate the standard deviation across parameter sets.

Results65

Non-native heterogeneity and folding dynamics. The role of66

non-native interactions can be quantified in terms of a simple67

diffusional model of folding. If folding is much slower than68

forming non-native structure, the dynamics can be modeled as69

diffusion along a one-dimensional reaction coordinate (16, 17)70

with the folding rate given by Kramers theory (18):71

kf = k0e
−∆G†
kBT , [1]72

where kBT is the thermal energy, ∆G† is free energy barrier to73

folding, and k0 is the rate prefactor. The prefactor describes74

the elementary rate of conformational change (19) and it is75

sensitive to the structure of the energy landscape. According76

to the diffusion model, the prefactor k0 in Eq.1 is given by77

(18):78

k0 =
βD
√
κuκb

2π , [2]79

where κu (κb) is the curvature of the unfolded well (transition80

barrier) along the free energy profile, β = 1
kBT

, and D is the81

diffusion coefficient. Theory predicts that frustration increases82

energy fluctuations on the folding landscape, ∆E, and that83

averaging over these fluctuations gives the diffusion coefficient84

D a strong temperature dependence, D ∝ exp(−(∆E/kBT )2)85

(16). The diffusion model has been fruitfully applied to sim-86

ulations (20) and to extract D from experiments (21, 22).87

Interestingly, experiments on several aggregation-prone pro-88

teins, such as the prion protein (PrP) (11, 23), the intrinsically-89

disordered protein α-synuclein (12), and the engineered protein90

α3D (21), have found diffusion coefficients much smaller than91

other globular proteins, indicating that these proteins may92

have frustrated landscapes. Connecting measurements of D to93

properties of the energy landscape (∆E) can help illuminate94

the degree of frustration for real proteins.95

Here we take a statistical approach to modeling the effects96

of non-native interactions. Starting with a structure-based97

model (7), we add non-native interactions whose strengths are 98

assigned from a zero-mean Gaussian distribution with standard 99

deviation b (24). As such, each non-native interaction is equally 100

likely to be attractive or repulsive (see Methods section and 101

Supporting Information for details). The parameter b increases 102

the non-native heterogeneity and, as a result, increases the 103

potential for competing misfolded states (i.e. frustration). For 104

example, 15% of non-native interactions are stronger than 105

native interactions when b = 1 (see Fig. S1). 106

We simulate many independently-sampled non-native pa- 107

rameter sets for each value of b and average the resulting 108

observables (e.g. folding time) across the different parameter 109

sets. Data points and errorbars in the figures below show the 110

average and standard deviation, respectively, over all parame- 111

ter sets at each b (unless otherwise indicated). Averaging over 112

parameter sets reveals that many important structural and 113

kinetic properties depend generically on the level of non-native 114

heterogeneity, through b. In addition, the standard deviation 115

across parameter sets shows that some observables are more 116

sensitive than others to the specific set of non-native inter- 117

actions, and that the differences parameter sets increases at 118

higher degrees of frustration (see Supplementary Information 119

and Fig. S4). 120

A statistical approach is motivated by the fact that, at 121

the level of our coarse-grained representation (one bead per 122

residue), non-native interactions could have different physical 123

and chemical origins, and they could be modulated by denat- 124

urant, salt, mutations, etc. While this level of coarse-graining 125

does not allow us to comment on proteins with a specific 126

sequence of amino acids, we can investigate the general prin- 127

ciples underlying the differences in the level of frustration 128

observed between different protein topologies and between 129

different sequences for the same topology. 130

To determine how the effects of non-native interactions 131

depend on native structure we have selected ten proteins 132

with different sizes and topologies (Table 1). Several of our 133
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proteins were chosen because they have exhibited signs of134

frustration in other studies, such as the aggregation-prone135

prion protein (PrP) (23) and the engineered protein α3D136

(A3D) (21) (the topology of protein A3D is also similar to137

the one of the Spectrin proteins (25), on which frustration138

has been experimentally observed). Our set also includes139

the ribosomal protein S6 and two of its circular permutants140

(S6cp13 and S6cp81 (26)). S6 and its circular permutants are141

included because they have the same native structure but142

different contact order, which we found to be a useful metric143

in understanding our findings.144

Absolute Contact Order (ACO) characterizes differences in145

native structure (27) and is defined as the average sequence sep-146

aration between native contacts: ACO = 1
Nnat

Nnat∑
ij

lij , where147

lij = |i− j| is the sequence separation between residues that148

make a native contact and Nnat is the number of native con-149

tacts. ACO captures aspects of both size and topology; ACO150

increases with size and β proteins have larger ACO than α151

proteins of the same size.152

We seek to characterize the folding and reconfiguration153

dynamics as a function of non-native heterogeneity b. To do so154

we project the dynamics onto the fraction of native contacts155

Q. By combining Eq.1 and Eq.2, we can recast the folding156

time τf = 1/kf in the diffusion model as157

ln
(
τf (b)
τf (0)

)
= C + ln

(
D(0)
D(b)

)
+ ∆G†(b)

kBTf (b) −
∆G†(0)
kBTf (0) , [3]158

where remaining factors have been grouped into C. Equation 3159

shows that the folding time as a function of non-native hetero-160

geneity, τf (b), normalized by its value in the pure structure-161

based model at b = 0, τf (0), depends on the change in free162

energy barrier and diffusion coefficient.163

We compare the terms of Eq.3 estimated from simulation.164

The folding time τf is calculated as the average dwell time165

in the unfolded state (Fig. S1 (left)) and the free energy166

barrier ∆G† is estimated from the free energy profile (Fig.167

S1 (right)). While Kramers’ theory technically requires the168

diffusion coefficient at the barrier top D(Q = Q†) in Eq.2,169

here we report the diffusion coefficient in the unfolded state:170

D = D(Q = QU ) = 〈∆Q2〉U
τr

, where ∆Q = Q− 〈Q〉U and τr is171

the reconfigurational timescale in the unfolded state, which can172

be estimated as the decay time of the auto-correlation function173

(28), τr =
∞∫
0

〈∆Q(t+τ ′)∆Q(t)〉U
〈∆Q(t)2〉U

dτ ′. We report D(Q = QU )174

because it may be more relevant for comparing with energy175

landscape theory (29) and experiments that probe transient176

misfolding (30). If D has a weak dependence on Q, as some177

previous studies have found for structure-based models (31),178

then D(Q = QU ) is an acceptable approximation for D in179

Eq.2.180

We find that folding time decreases for some range of non-181

native heterogeneity for all proteins except Lambda and LysM182

(Fig.1A), which have two of the three lowest ACO values.183

Previous work suggests that the impact of non-native interac-184

tions on the free energy barrier and diffusion coefficient can185

have potentially competing effects on the folding time (24, 32).186

Consistent with previous studies, we find that, for all proteins187

studied, there is a range of non-native heterogeneity that low-188

ers the barrier to fold (Fig.1B). The protein-specific behavior189

of τf indicates that the folding time is not solely determined190

20 25 30 35
Absolute contact order (ACO)
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1.4

b
∗

b ∗D   ρ= 0.876  ρrk = 0.964

b ∗η   ρ= 0.732  ρrk = 0.806

b ∗E   ρ= 0.734  ρrk = 0.943

Fig. 2. Value of crossover non-native heterogeneity b∗ versus absolute contact order
(ACO). The values of b∗ are obtained from the decrease of the diffusion coefficient
as a function of frustration (b∗D , red points), the increase of the degree of collapse
(b∗η , blue points), and the increase of the depth of non-native minima in the folding
landscape (b∗E , green points).

by the free energy barrier height, but depends significantly 191

on the diffusion coefficient D, and changes in D are strongly 192

protein-dependent. 193

The unfolded state diffusion coefficient displays two regimes 194

for all proteins (Fig.1C): a regime where D is relatively in- 195

sensitive to b and a regime where D decreases dramatically 196

with b. We can empirically define the crossover between these 197

regimes as the amount of non-native heterogeneity, b∗D, needed 198

to decrease the diffusion coefficient such that ln
(

D(0)
D(b∗

D
)

)
= 0.5 199

(see Fig.1C). We find that b∗D correlates strongly with absolute 200

contact order (ACO) (Fig.2 red points), but is less correlated 201

with the number of residues N and uncorrelated with relative 202

contact order RCO = ACO/N (see Supplementary Informa- 203

tion Table S1 and Fig. S3). Interestingly, Fig.2 shows that 204

the behavior of b∗D vs. ACO is linear at small values then 205

appears to saturate at high values of ACO. The saturation 206

can be explained by considering that ACO increases with the 207

protein size while b∗D is an intensive variable and is expected 208

to converge to a finite value in the thermodynamic limit (32). 209

This result implies that size and topology both play a role 210

in setting the reconfiguration rate in proteins with frustration. 211

In particular, for proteins with the same number of residues, 212

the ones with lower absolute contact order (i.e. α-helical 213

proteins) are more sensitive to frustration. This has important 214

implications for how we understand the connection between 215

intermolecular interactions and molecular motion. 216

Recent single-molecule experiments have been interested 217

in the transition path time τtp (Fig. S1 (middle)) as a way 218

to measure the diffusion coefficient, because τtp only depends 219

weakly on the free energy barrier in the diffusion model (33), 220

τtp ≈
ln(2eγβ∆G†)

βDκb
, where γ is Euler’s constant and the equa- 221

tion is exact only in the large barrier limit ∆G† � kBT . We 222

find that τtp calculated from simulation (Fig.1D) increases at 223

large b and qualitatively resembles the behavior of D for all 224

proteins, except A3D. It is worth noting that A3D has the 225

smallest folding barrier of all proteins studied (∆G < 1kBT ), 226

and the assumptions of the diffusion model underlying the 227

equation above may not apply. 228

We expect that our findings can be tested by experiments 229

that measure τtp to determine the reconfigurational diffusion 230
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Fig. 3. Unfolded state dimensions. (A) Radius of gyration Rg and (B) degree of
collapse η versus b. The non-native heterogeneity needed to collapse the unfolded
state of each protein to η = 0.5 is labeled b∗η and indicated by arrows.

coefficient D. In particular, we expect that proteins with231

larger contact order require more frustration (i.e. a higher232

fraction of strongly-attractive non-native interactions) to slow233

their diffusion when compared to proteins with lower contact234

order.235

Collapse and non-native structural motifs. We investigate the236

structural properties of the unfolded state to understand how237

non-native interactions can have a protein-specific effect on238

the reconfiguration dynamics. We find several interesting239

differences between how proteins with different topologies240

respond to frustration. The first difference arises in the collapse241

of the unfolded state. The second difference arises in the242

patterns of non-native contacts, with α-helical and β-sheet243

topologies displaying different “motifs” in non-native contact244

formation.245

The central feature of disordered polymer states, such as the246

unfolded state in protein folding, is their overall size, which is247

given by their radius of gyration Rg or their degree of collapse248

η. The radius of gyration Rg of the unfolded state (Fig.3A)249

scales with protein size Rg ∝ Nγ at b = 0 and decreases250

monotonically with increasing non-native heterogeneity. In251

order to compare Rg from different proteins on the same252

scale we define the degree of collapse as η = Rg−Rmax
g

Rmin
g −Rmax

g
∈253

(0, 1), where Rmax
g = Rb=0

g is the radius of gyration of the254

unfrustrated coil and Rmin
g ∝ N

1
3 is the radius of gyration255

of the completely collapsed chain (details in the Supporting256

Information). The degree of collapse (Fig.3B) depends on257

frustration in a similar way to the diffusion coefficient discussed258

above (Fig.1C). For example, α proteins become more compact259

than β proteins of a similar size. The degree of collapse η260

has a sigmoidal dependence on non-native heterogeneity and261

the midpoints of the sigmoid functions for each protein b∗η262

also strongly correlate with absolute contact order (Fig.2 blue263

points). The same saturation behavior at high values of ACO264

observed for b∗D above is also present for b∗η.265

Contact maps show that, even when significant a amount266

of non-native heterogeneity is present, the unfolded state is267
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Fig. 4. Non-native structure in the unfolded state. Unfolded state contact formation
〈qij〉U (upper triangles) and contact fluctuations 〈∆q2

ij〉U (lower triangles) for
selected proteins.

largely unstructured on average (Fig.4 upper triangles), with 268

some partially formed native contacts (blue) but very little 269

non-native structure (red). However, even if the unfolded 270

state has very little average structure, it is not featureless. 271

Patterns emerge in how structure forms transiently and these 272

patterns are revealed by the fluctuations in contact formation. 273

Contact fluctuations, given by the mean-squared variation of 274

contacts 〈∆q2
ij〉U where ∆qij = qij − 〈qij〉U , are largest for 275

contacts that form and break most often and, therefore, reveal 276

preferences in how structure forms transiently. 277

Contact fluctuations in the unfolded state (Fig.4 lower 278

triangles) show that native topology qualitatively changes 279

how proteins form transient non-native structure. In par- 280

ticular, contact fluctuations show that α proteins (Fig.4 left 281

column) form more non-native contacts close to each other in 282

sequence than β proteins (Fig.4 right column). In addition, 283

the α proteins form more non-native contacts in between sec- 284

ondary structural elements while β proteins form non-native 285

contacts which are more localized near native β-sheets. This 286

suggests that the coupling of secondary structure formation 287

with non-native interactions may lead to different “motifs” in 288

the misfolded ensembles of α and β proteins. 289

Probing the underlying energy landscape. Energy landscape 290

theory links protein folding kinetics to the statistical proper- 291

ties of the energy landscape (6). At the folding temperature 292

the distribution of energies is bimodal (Fig.5A orange), with 293

the lower (higher) energy peak corresponding to the folded 294

(unfolded) state. At constant temperature these peaks are 295

significantly broadened from vibrations around the minima on 296

the landscape. By performing energy minimization of configu- 297

rations sampled along the trajectory we get a clearer picture 298

of the “inherent structure” of the energy landscape (Fig.5A 299
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Fig. 5. Results from inherent structure analysis. (A) Distribution of native energy Enat

before (orange) and after (blue) minimization. The depth of the folding minimum is
denoted δEstab. Inset shows how fitting the distribution of non-native energies Enon

in the unfolded state (U) yields the depth of typical misfolded minima, ∆Enon (see
Eq.20 in Supporting Information). (B) The degree of frustration ∆Enon

δEstab
. Arrows

indicate the heterogeneity needed to observe a given degree of frustration on the
energy landscape, b∗E .

blue) (34) (details in the Supporting Information).300

We perform inherent structure analysis on a subset of301

our proteins and calculate two important properties of their302

landscapes: the depth of the folded state minimum relative to303

the unfolded ensemble, δEstab = Efolded − Eunfolded and the304

breadth of the energy distribution within the unfolded state,305

∆Enon (Fig.5A). The ratio of these energy scales ∆Enon/δEstab306

describes the degree of frustration on the landscape: when307

∆Enon/δEstab approaches one, misfolded minima are just as308

deep as the native minimum (35).309

Interestingly, we find that ∆Enon/δEstab (Fig.5B) has310

protein-specific dependence on the amount of frustration b311

similar to what was noted above for the diffusion coefficient312

and degree of collapse: the amount of non-native heterogeneity313

needed to increase the degree of frustration on the landscape314

by a given amount b∗E also strongly correlates with absolute315

contact order (Fig.2 green points). Again, the saturation be-316

havior at high values of ACO noted above is observed. This317

means that for the same amount of non-native heterogeneity,318

size and topology modulate the depth of the unfolded state319

minima. This result provides an energy landscape basis for320

interpreting the results of previous sections.321

The degree of frustration on the energy landscape can alter-322

natively be quantified by comparing the folding temperature323

Tf to the glass temperature Tg, where Tg is the temperature324

where the system would get stuck in a single misfolded state.325

The glass temperature can be calculated by the distribution326

of inherent structures Tg = ∆Enon√
2S0

, where S0 is the entropy of327

the unfolded state minima (6, 35). The ratio of temperatures328

Tg/Tf displays qualitative similar dependence on size and329

topology (Fig. S5). Theoretical estimates of Tg/Tf for pro-330

teins span a range, from Tg/Tf ≈ 0.2 (36) to Tg/Tf ≈ 0.6 (35). 331

Our findings suggest there is a range of non-native heterogene- 332

ity allowable for proteins to be within the theoretical range 333

(grey rectangle in Fig.S5). Notably, proteins with larger abso- 334

lute contact order appear to have a wider range of non-native 335

heterogeneity permissible. 336

It must be noted that our estimates appear to increase 337

beyond the theoretical bound of Tg/Tf < 1. This is most 338

likely an artifact of approximations made in the inherent 339

structure analysis that underestimate the magnitude of S0. 340

Discussion 341

We have found that the impact of non-native interactions on 342

protein folding and reconfiguration dynamics depends system- 343

atically on native state size and topology. In particular, we 344

have found that the amount of non-native heterogeneity re- 345

quired to produce signs of a frustrated landscape (e.g. slower 346

reconfiguration, collapse, etc.), which we have called b∗, has 347

a simple dependence on the absolute contact order (ACO) 348

(Fig.2). In particular, b∗ is linear at low ACO then saturates 349

when ACO ≥ 25. This saturation is expected because b∗ is an 350

intensive variable that should converge to a finite value in the 351

thermodynamic limit (and ACO increases with size) (32). This 352

means that protein topologies in the finite-size regime (ACO 353

< 25) are more sensitive to non-native interactions. It interest- 354

ing to note that the PrP protein, that appears frustrated in 355

experiment (11), has a large enough ACO (' 28) to fall in the 356

plateau region of Fig.2, which would suggest that this topology 357

is generally less sensitive to non-native interactions. However, 358

it should be noted that the PrP structure has several long 359

stretches lacking secondary structure. As our model considers 360

the effect of non-native interactions on the tendency to form 361

native secondary structure, we expect the results may differ 362

for proteins that are partially intrinsically unstructured. 363

Our model suggests that the coupling between non-native 364

interactions and protein topology could result in different mis- 365

folding behavior for α and β proteins. In particular, α proteins 366

have slower reconfiguration times because non-native inter- 367

actions induce the unfolded state to become more collapsed, 368

creating deeper misfolded minima on the folding landscape. 369

Coupling between secondary structure and non-native inter- 370

actions might explain why the latter have been posited to be 371

important in α-helical proteins, such as Im9 (15), the Spectrin 372

proteins R16/R17 (25), and protein A3D (21). Indeed, A3D 373

is one of the protein topologies that was found most sensitive 374

to the effect of frustration in our study, in agreement with 375

experimental observation. A study of the salt-induced collapse 376

of S6 also found native-like secondary structure content (37), 377

indicating a general link between secondary structure and the 378

effect of non-native interactions. 379

Interestingly, a recent study using a native-centric polymer 380

model found that, in the absence of non-native interactions, 381

the native contact map of β proteins promotes collapse while 382

folding (38). As our study focuses on the coupling of secondary 383

structure with non-native interactions, such results do not 384

conflict with our fundings. 385

We also find that the variation between parameter sets 386

tend to increase with the onset of the frustrated regime. For 387

example, some quantities, such as the folding time, show 388

large variations between parameter sets at large levels of non- 389

native heterogeneity (Fig. S4). This means that particularly 390
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DRAFT

Name PDB N M ACO α (%) β (%)
Lambda 1r69 63 155 17.14 54 0
A3D 2a3d 73 151 18.68 75 0
LysM 1e0g 48 117 18.69 38 17
1imq 1imq 85 219 22.39 64 0
SH3 1fmk 58 164 22.67 5 41
2akk 2akk 74 213 24.41 0 46
S6cp13 1ris 95 263 27.53 30 47
PrP 1qlx 104 266 27.61 58 4
S6cp81 1ris 95 264 31.57 30 47
S6wt 1ris 95 263 37.37 30 47

Table 1. Proteins in this study. Protein Data Bank (PDB) codes, num-
ber of residues N, number of native contacts M, absolute contact
order ACO, and percentage of α and β secondary structure.

attractive or repulsive non-native interactions, or clusters391

of such interactions, could have a large influence on these392

quantities. This could explain, for example, why a small393

number of mutations in the Spectrin proteins can result in394

large differences in folding time (25). Interestingly, the radius395

of gyration of the unfolded state is relatively insensitive to the396

parameter set, as shown by the small errorbars in Fig.3A.397

Although there is no experimental equivalent to our param-398

eter b, experiments can modulate non-native interactions by399

varying solution conditions and measure the degree of collapse,400

secondary structure formation, and reconfiguration rate to401

connect with our results. Our results could be tested by study-402

ing circular permutations of the same protein under solution403

conditions that modulate collapse (e.g. salt, denaturant). If,404

for example, salt concentration is analogous to our parameter405

b, then the different circular permutants may show a turnover406

in their folding rate at different concentrations of salt (e.g.407

see Fig.3 of (39)). Alternatively, our findings could be tested408

by measuring the transition path time under different pH409

conditions, as was done for the protein α3D (21).410

Materials and Methods411

Simulation Model. We simulate a set of 10 proteins that span a range412

of sizes and topologies, described in Table 1. Our Cα “structure-413

based” simulation model with non-native interactions is similar414

to what was used in previous work (24) and is described in the415

Supporting Information.416

Inherent structure analysis. Performing energy minimization of con-417

figurations sampled in a constant temperature simulation maps each418

frame to its “inherent structure” (IS) minimum on the landscape419

(34). Following previous applications, we perform IS analysis on a420

subsample of frames from trajectories at the folding temperature.421

Details are provided in the Supporting Information).422
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Supporting Information Text

Simulation Model
We treat the effects of frustration by adding non-native interactions to a one-bead per residue (Cα) structure-based
model. The potential energy of our model is composed by four terms:

E = Eback + Enat + Eex + Enon , [1]

where Eback, Enat, and Eex are “structure-based” terms constructed to make the native conformation the global
energy minimum and Enon incorporates frustration by including interactions between non-native pairs of residues (1).
The backbone potential Eback biases towards native backbone geometry,

Eback(~x) =
∑

bonds

kb
2 (r − r0)2 +

∑
angles

kθ
2 (θ − θ0)2 [2]

+
∑

dihedrals

kφ
2 [cos (φ− φ0) + 1] + kφ

4 [cos (3(φ− φ0)) + 1] , [3]

where subscript “0” indicates native state values of bond distances r0, bond angles θ0, and dihedral angles φ0. The
values of the parameters kb, kθ, and kφ are as previously reported (2).

Long-range interactions are assigned to residue pairs depending on whether they are defined as “native”, “non-
native”, or “neutral” pairs. Native pairs are residues in contact in the corresponding Protein Data Bank (PDB)
structure, where “in contact” is defined as having at least one all-atom contact within a 6Å cutoff as assigned by the
Shadow map algorithm (3).

The native contact potential Enat places an attractive Gaussian well at the native distance:

Enat =
∑
ij

(
rex

rij

)12
[Gij(rij)− 1] + εnatGij(rij) , [4]

where Gij is a Gaussian,

Gij(rij) = exp
(
−(rij − r0

ij)2

2w2
nat

)
. [5]

By this construction each native interaction is centered at its native contact distance rij = r0
ij , has a depth of

εnat = −1, a width of wnat = 0.5Å and an excluded volume radius rex = 4Å.
Neutral pairs are residues that have Cα’s within 8Å in the native state but don’t form native contacts (i.e. they

are “near-native”). Neutral pairs interact only through an excluded volume interaction,

Eex =
∑
ij

(
rex

rij

)12
. [6]

We define these residues as neutral, and not non-native, to prevent non-native interactions from changing the properties
of the native state.

The remaining residue pairs are non-native interactions that can be attractive or repulsive:

Enon =
∑
ij

Enon
ij (rij) . [7]

Each non-native pair is assigned an interaction strength εnon
ij that is chosen from a zero-mean Gaussian distribution

with standard deviation b: N (0, b). If εnon
ij < 0 then the interaction is attractive and takes the form:

Enon
ij =

(
rex

rij

)12
[Gij(rij)− 1] + εnon

ij Gij(rij) , [8]

where non-native Gaussian have their minimum located at rnon = 5Å and width wnon = 0.75Å.
If εnon

ij > 0 then the residue pair is assigned a repulsive interaction:

Enon
ij =

(
rex

rij

)12
+
εnon
ij

2

[
tanh

(
− (rij − rnon)

wnon

)
+ 1
]
. [9]
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Note that all non-native interactions are at the same distance rnon = 5Å; there is no geometric or steric information
encoded in non-native interactions. We have assigned the non-native interaction width wnon = 0.75Å as non-native
contacts are meant to be less specific. This choice for wnon also prevents artifacts for small |εnon

ij | where a small
oscillation in the potential is observed if smaller values of wnon are used.

Fraction of native contacts, radius of gyration, and degree of collapse
The reaction coordinate Q is defined as the fraction of native contacts:

Q = 1
Nnat

Nnat∑
ij

1
2

[
tanh

(
−(rij − r0

ij − rc)
wnat

)
+ 1
]
, [10]

where Nnat is the total number of native contacts and wnat is the width of the interaction energy well for native
contacts, as defined above, and rc = 1Å.

The radius of gyration Rg is calculated as the root-mean-squared deviation of bead positions ~ri from the average
position 〈~r〉, using MDTraj (4):

Rg =
〈

N∑
i

(~ri − 〈~r〉)2

N

〉 1
2

. [11]

The degree of collapse η is calculated by normalizing the radius of gyration by minimum and maximum values:

η =
Rg −Rmax

g

Rmin
g −Rmax

g

. [12]

We take Rmax
g to be the maximum radius of gyration for the unfrustrated (b = 0) chain Rb=0

g . The smallest possible
radius of gyration Rmin

g corresponds to the chain being compacted into a tight ball. Consider the chain packed into
some minimum volume Vmin = 4

3πR
3
min, if this was treated as a solid sphere its radius of gyration would be:

(Rmin
g )2 =

Rmin∫
0

(R2)R2dR

Rmin∫
0

R2dR

=
1
5R

5
min

1
3R

3
min

= 3
5R

2
min . [13]

As a rough approximation, the minimum volume Vmin is proportional to the volume of a monomer v0 = 4π
3 r

3
0,

Vmin = 4π
3 r3

0N , [14]

where r0 is some effective radius of the monomers. Therefore the minimum radius of gyration is:

Rmin
g =

√
3
5r0N

1
3 . [15]

We take r0 = 3Å as a rough estimate for the effective radius of the monomers, because it is about half of the
non-native contact distance. Changing r0 by 20 − 30% does not change the qualitative interpretation of η. The
important feature of Eq.15 is that it captures the proper scaling of Rmin

g with N .

Inherent structure analysis
The global topography of the energy landscape in protein folding resembles a funnel towards the native state. The
native energy Enat measures the progress down the funnel and each stratum of the funnel has roughness coming
from fluctuations in the non-native interactions ∆Enon. We use “inherent structure” (IS) analysis (5) to estimate the
roughness of the energy landscape ∆Enon, by inspecting the distribution of energy minima in the unfolded state.

The idea of IS analysis is that the energy landscape can be partitioned into basins that surround each energy
minimum, each minimum corresponding to an “inherent structure” on the landscape. A trajectory sampled at
temperature T can be thought of as quickly fluctuating within and between energy basins.

We apply gradient descent energy minimization in GROMACS (6) to structures originally sampled at the folding
temperature T = Tf . This maps each sampled structure to the nearest energy minimum (or “inherent structure”)
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on the landscape, eliminating thermal fluctuations. In general, the probability of observing an energy minimum E
during a trajectory at temperature T is (5):

P (E) = Ω(E)e−βE−βfvib(E)

Z
= e−β(E−TS+fvib(E))

Z
, [16]

where β = 1
kBT

, kB is the Boltzmann constant, Ω(E) is the density of states, S(E) = kB ln Ω(E) is the microcanonical
entropy, Z is the partition function, and fvib(E) is a vibrational free energy that depends on the shape of the basin
around the minimum. Here we have made the assumption that the vibrational free energy is primarily a function of
energy fvib = fvib(E), which has been found to be the case for structure-based models (7, 8).

The funneled shape of the energy landscape is reflected in the competition between E and S(E) which both take
their smallest value in the native state and increase when moving up the funnel to the unfolded state. We are primarily
interested in what the landscape looks like in the unfolded state: we want to know the fluctuations in energy ∆Enon.

In order to identify the unfolded state we split the total energy into native and non-native terms, E = Enat +Enon.
We define the native (N) and unfolded (U) states as bins around the peaks in P (Enat), located at ENnat and EUnat,
respectively. The width of each state goes until half the maximum of the peak. Non-native interactions are negligible
in the native state, by design of our model, but play a very important role in the unfolded state (Enat = EUnat). In
particular, energy landscape theory posits that non-native interactions decrease the microcanonical entropy of the
unfolded state by (9),

S(EUnat, Enon) = S0(EUnat)−
(Enon − E(EUnat))2

2∆E2
non

, [17]

where S0 and E are the entropy and average energy of the chain without non-native interactions, respectively.
Crucially, the frustration ∆Enon sets the slope of the parabola expressed by Eq.17.

Estimating ∆Enon requires estimating S. Unfortunately, the probability of observing a minimum on the landscape,

P (Enat, Enon) = 1
Z

exp(−β(Enat + Enon)− TS(Enat, Enon) + fvib(Enat, Enon))) , [18]

cannot be inverted for S directly, because we don’t know Z or fvib.
However, we show these issues can be overcome by using relative probabilities. In particular, we follow refs (7, 8),

by considering probabilities relative to the native state bin. Then Eq.18 becomes,

ln
(
P (EUnat, Enon)
P (ENnat, E

N
non)

)
= ∆S

kB
− β∆E − β∆fvib , [19]

where ∆ indicates the difference between unfolded and native state, that is ∆X = X(EUnat, Enon)−X(ENnat, E
N
non).

In Eq.19, the non-native energy is evaluated in the reference probability P (ENnat, E
N
non), but allowed to vary in the

unfolded state P (EUnat, Enon). Thus Eq.19 is a function of only one variable: the non-native energy Enon in the
unfolded state. The native state is a natural choice for the reference probability in our case because it is unique in
our model (S(ENnat, E

N
non) = 0) and well sampled in our simulation.

Therefore, dropping the ∆ for S we get a relationship for microcanonical entropy as a function of Enon only
(analogous to Eq.17):

S

kB
= ln

(
P (EUnat, Enon)
P (ENnat, E

N
non)

)
+ β∆E + β∆fvib . [20]

If we represent the right-hand side as a second-order function,

S

kB
= aE2

non + bEnon + c , [21]

we can make a correspondence with the coefficients in Eq.17 to solve for ∆Enon, S0, and E. We can then calculate
the “glass temperature” Tg from these parameters as:

Tg = ∆Enon√
2kBS0

. [22]

In our analysis, we neglect ∆fvib. Assuming ∆fvib does not depend on Enon, then it would only affect the constant
term in 21, and consequently S0, but not our determination of ∆Enon.
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Correlations between crossover heterogeneity and structural metrics
The size and topology effects we observed are reflected in the correlation of absolute contact order (ACO) with
important levels of non-native heterogeneity we have indicated with b∗. Absolute contact order (ACO) is defined as
the average sequence separation between native contacts,

ACO = 1
Nnat

Nnat∑
ij

lij [23]

where lij = |i− j| is the sequence separation between residues that make a native contact and Nnat is the number
of native contacts. Fig.S3 shows that b∗ increases with ACO, appearing to level off when ACO > 25. Since ACO
correlates with size this indicates the crossover into a large-size limit where b∗ no longer depends on size. Notably, b∗

is less correlated with size (N) or relative contact order (RCO = ACO/N) as shown in Table S1 and Fig.S3.

Fluctuations in folding time across parameter sets
In this work, we have presented average structural and kinetic quantities from many realizations of non-native
parameters. Thus we are able to discern trends that do not depend on any particular parameter set, but only on the
statistical properties of the non-native parameters: their mean εnon

ij = 0 and standard deviation σεnon
ij

= b. Fig.S4
shows that as non-native heterogeneity is increased the fluctuations of the folding time τf and free energy profile G(Q)
tend to increase. Fig.S4B shows that the fluctuations in folding time relative to the parameter-mean στf /τf increase
sharply when b > 1. Large variations between parameter sets indicate that an observable depends on more than just
the overall statistical properties of the parameters and also depends on how the non-native interaction parameters are
assigned. This means, for example, that particularly attractive or repulsive non-native interactions, or clusters of
such interactions, have a large influence on the free energy barrier height (see Fig.S4A). As a result, the variations in
folding time across parameter sets increases with the heterogeneity of non-native interactions (see Fig.S4B).
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ρ b∗
D b∗

η b∗
E

N 0.6156 0.5717 0.5815
ACO 0.8750 0.7319 0.7340
RCO 0.3688 0.2371 0.2903
ρrk rank(b∗

D) rank(b∗
η) rank(b∗

E )
rank(N) 0.6727 0.5636 0.4857
rank(ACO) 0.9636 0.8061 0.9429
rank(RCO) 0.4182 0.3091 0.1429

Table S1. Pearson (ρ) and Spearman rank (ρrk) correlation coefficients between the crossover heterogeneity b∗ and the
following structural metrics: size N , absolute contact order (ACO), and relative contact order (RCO).
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Fig. S1. Distribution of non-native parameters εnon
ij is Gaussian with standard deviation b. The shaded region indicates the probability of a non-native interaction being more

energetically stabilizing than a native contact which has strength ε. (inset) As b increases, the fraction of non-native interactions that are more attractive than native contacts
increases.
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Fig. S2. Folding time τf , transition path time τtp, and reconfiguration time τr , are shown for illustration on a trajectory segment (left panel). Dashed lines indicate the
(un)folded states along the free energy profile on the right panel. Note that coarse-grain time units do not correspond exactly to real time units, so the different timescales
should be considered relative to each other and not for their absolute values.
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Fig. S3. Correlation between the crossover heterogeneity b∗ and different protein-dependent quantities: size (left), Absolute Contact Order (middle), and Relative Contact
Order (right). Legend shows Pearson correlation coefficient ρ and Spearman rank correlation coefficient ρrk .
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Fig. S4. (A) Free energy profiles for protein 1imq at three different values of non-native heterogeneity b. Colors indicate different sets of non-native interaction parameters.
The average and standard-deviation of the folding time over all parameter sets at a given b are indicated as τf and στf , respectively, on each panel. (B) The relative size of
the fluctuations in folding time of parameter sets versus non-native heterogeneity.
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Fig. S5. The glass temperature compared to the folding temperature
Tg
Tf

as a function of b. Grey rectangle indicates the theoretical range from other studies: Tg/Tf =
0.2 − 0.6
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