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Abstract 20 

Proteins function on rugged energy landscapes that enable conformational plasticity 21 

but increase vulnerability to misfolding under genetic variation and stress. Serine protease 22 

inhibitors (serpins) are metastable proteins whose variants can polymerize and aggregate, 23 

causing diseases including emphysema, angioedema, thrombosis and dementia. Existing 24 

aggregation predictors underperform on serpin variants. Here, we present a Gaussian 25 

process (GP) framework with a sequence position-dependent spatial covariance (SCV) 26 

kernel that integrates residue position and structure-informed stability perturbations (ΔΔG) 27 

to infer residue-resolved polymerization landscapes across human serpins, together with 28 

posterior uncertainty. The model supports a stability-dependent, C-terminal polymerization 29 

mechanism across serpin family members and predicts previously uncharacterized human 30 

serpin variants with high polymerogenicity. Experimental testing in cells confirmed 31 

increased intracellular polymer burden for high-risk variants. By capturing this common, 32 

stability-dependent C-terminal polymerization mechanism based on genetic variation in 33 

the population, the GP-SCV framework suggests a potential unified strategy for variant 34 

prioritization and therapeutic development in serpinopathies. 35 
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Introduction 42 

Proteins fold into their native conformations to perform biological functions. To meet 43 

functional demands within a dynamic cellular environment, evolutionary pressure often 44 

selects sequences capable of sampling multiple conformations1-3. These alternative states 45 

correspond to local free energy minima on a rugged energy landscape, whose populations 46 

are shifted by factors like ligand or substrate binding, allosteric regulation, post-47 

translational modifications and protein–protein interactions4. While this roughness is 48 

essential for functional plasticity, it also presents an inherent risk for protein misfolding 49 

and aggregation, particularly under genetic mutations or environmental stresses such as 50 

aging5,6. Such misfolding events can trigger cascades of cellular dysfunction that are 51 

associated with various systemic and neurodegenerative diseases7. 52 

Alpha-1 antitrypsin (AAT), encoded by the SERPINA1 gene, is a metastable protein 53 

and the archetypal member of the serine protease inhibitor (serpin) family8. AAT is 54 

primarily synthesized and secreted by hepatocytes at grams per day into the bloodstream, 55 

from which it reaches the lung to neutralize human neutrophil elastase (NE) and protects 56 

lung tissue from NE-mediated degradation (Fig. 1a, top)8. This inhibitory mechanism is 57 

initiated when NE cleaves the reactive center loop (RCL) of AAT, triggering the insertion 58 

of the cleaved RCL into β-sheet A and translocation of the bound protease, which 59 

effectively traps NE in an inactive state (Fig. 1b)9. The extensive conformational changes 60 

required for AAT function also render it prone to misfolding (Fig. 1c, d)1,10-13. Genetic 61 

variants that favor polymerization and aggregation lead to retention of AAT within the 62 

endoplasmic reticulum (ER) of hepatocytes and the development of liver disease 63 

phenotypes such as neonatal hepatitis, jaundice, fibrosis and cirrhosis (Fig. 1a, bottom)14,15. 64 
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Consequently, aggregation in the liver reduces the secretion of functional AAT into the 65 

plasma, leading to a loss-of-function in the lung and clinically manifesting as emphysema, 66 

bronchitis, and chronic obstructive pulmonary disease (COPD) (Fig. 1a, bottom)8,16,17. 67 

AAT deficiency (AATD) is among the most common inherited disorders with an 68 

estimated prevalence of ~1 in 2,000 in non-Finnish European populations. In this 69 

population, the severe Z allele (c.1096G>A; p.Glu366Lys) has an estimated allele 70 

frequency of ~1.9%, whereas the milder S allele (c.863A>T; p.Glu288Val) occurs at 71 

~4.4%18. AATD also occurs on other continents, albeit at lower frequencies19. Beyond the 72 

common Z and S alleles, approximately 100 rare SERPINA1 variants have been linked to 73 

clinical phenotypes20-22, among >600 variants observed in population sequencing18. AATD 74 

therefore provides a paradigmatic model of conformational disease that links folding 75 

dynamics, polymerization mechanisms, and disease-causing variation23. 76 

The tendency toward misfolding and aggregation is not unique to AAT but represents 77 

a broader vulnerability of the serpin fold24. Mutations in other serpin family members can 78 

also lead to protein misfolding and disease phenotypes. For example, familial 79 

encephalopathy with neuroserpin inclusion bodies (FENIB) results from the accumulation 80 

of neuroserpin (SERPINI1) polymers within neurons, which causes progressive symptoms 81 

including cognitive decline, tremors, and seizures, ultimately leading to pre-senile 82 

dementia and death25. Pathogenic mutations in the SERPING1 gene, which encodes plasma 83 

protein C1 inhibitor, lead to hereditary angioedema26. Large-scale sequencing of the human 84 

genome has uncovered many rare serpin variants of uncertain significance that potentially 85 

contribute to diseases through protein misfolding and aggregation18,20-22,27,28. Consequently, 86 
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it is essential to develop a method to understand and predict the polymer burden of these 87 

variants found in the population.  88 

Several computational algorithms, such as TANGO29 and AggreScan3D30, have been 89 

developed to predict protein aggregation. However, these tools were mostly designed to 90 

assess the aggregation propensity of amyloid, which typically adopts a characteristic cross-91 

β sheet structure31,32. In contrast, serpin polymers exhibit a distinct “beads-on-a-string” 92 

morphology by electron microscopy33. Various models have been proposed to explain the 93 

polymerization of AAT, including the loop-sheet, β-hairpin, and C-terminal mechanisms12 94 

(Fig. 1d). Converging evidence from structural analyses of patient-derived AAT 95 

polymers10,11,13,33,34, recurrent somatic C-terminal truncations in patient tissues35, and 96 

machine-learning analyses of population variant effects36-38 supports a C-terminal domain-97 

swap polymerization mechanism for AAT. Whether this sequential intermolecular donation 98 

of one molecule’s C-terminus into the next predominates across the serpin family remains 99 

unresolved, limiting reliable prediction of polymerogenic variants in serpins. 100 

At present, the only disease-specific treatment for AATD in clinical use is intravenous 101 

AAT augmentation, which is costly, labor-intensive, and of debated clinical benefit39,40. 102 

Small-molecule pharmacological chaperones such as GSK716 have been developed to 103 

suppress polymerization of AAT mutants by binding a cryptic pocket near the Z-variant 104 

site, stabilizing a monomeric folding intermediate and thereby increasing secretion of 105 

monomeric AAT41,42. However, this mode of stabilization compromises AAT’s antiprotease 106 

activity41, underscoring the need for alternative mechanisms that prevent polymerization 107 

while preserving protease inhibitory function. The folding, aggregation, and clearance of 108 

AAT mutants in the ER of cells are also shaped by a proteostasis network43-45. We recently 109 
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developed a Gaussian process (GP)-based machine learning framework to model variant 110 

effects under targeted proteostasis perturbations36-38. Using this approach, we identified 111 

GRP94, the ER Hsp90 paralogue, as a regulator of long-range interactions that suppresses 112 

C-terminal domain-swap polymerization and improves secretion of functional monomeric 113 

AAT37. These findings support alternative strategies that target C-terminal domain-swap 114 

polymerization while preserving protease inhibitory function36,37. A deeper understanding 115 

of polymerization mechanisms across the serpin fold could accelerate therapeutic 116 

development for serpinopathies. 117 

Here, we further developed the GP-based framework by linking variant sequence 118 

position with structural stability changes to predict polymerization propensity across serpin 119 

variants. A GP prior defined by a spatial covariance (SCV) kernel is conditioned on a sparse 120 

set of experimentally measured variants. This yields a posterior that generates 121 

comprehensive, residue-wise polymerization landscapes with quantified uncertainty. These 122 

results support a stability-dependent, C-terminal domain-swap polymerization mechanism 123 

across multiple serpin family members and identify previously uncharacterized serpin 124 

variants that form intracellular aggregates. We pinpoint key sequence and structural regions 125 

responsible for polymerization, providing a potential common mechanism for managing 126 

serpinopathies.  127 

Results 128 

Existing aggregation prediction algorithms perform poorly on AAT variants 129 

To assess whether existing aggregation prediction algorithms are capable of predicting 130 

the polymerization propensity of serpin variants, we utilized 68 AAT missense variants, 131 
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whose intracellular polymerization levels have been characterized by the AAT polymer-132 

specific antibody 2C137. The locations of these variants span across the entire AAT 133 

sequence (Fig. 2a) and 3D structure (Fig. 2b). They display a broad range of intracellular 134 

polymer burden in hepatocyte-derived Huh7.5 cells in which endogenous AAT was 135 

silenced by CRISPR–Cas946,47 (Fig. 2c), indicating that distinct mutations elicit different 136 

structural perturbations that drive polymer formation to varying extents.  137 

We applied three aggregation predictors, TANGO29, AggreScan3D30 and ANuPP48 to 138 

estimate the polymerization propensity of AAT variants. None of the predictor scores 139 

correlated with experimentally measured polymer burden (Fig. 2d, e), indicating that 140 

existing aggregation predictors do not capture the determinants of AAT polymerization. 141 

Because destabilizing variants can shift the folding landscape toward off-pathway 142 

intermediates49, we next asked whether stability predictors are more informative. Structure-143 

based ΔΔG estimates from FoldX50, which uses an empirical energy function to quantify 144 

variant-induced changes in folding free energy, were weakly associated with AAT polymer 145 

burden (Fig. 2d, e; Pearson’s r = 0.29; Spearman’s ρ = 0.23). We also evaluated 146 

ThermoMPNN51, a ProteinMPNN-derived deep-learning model trained on stability 147 

datasets to predict variant ΔΔG. Similar to FoldX, ThermoMPNN showed weak 148 

correlations with experimentally measured polymer burden (Fig. 2d, e; Pearson’s r = 0.31; 149 

Spearman’s ρ = 0.32). Together, these results indicate that variant-induced stability changes 150 

explain only a limited component of AAT polymerization propensity and are insufficient 151 

to predict polymer burden accurately. 152 

Mapping the stability-dependent AAT polymerization landscape using GP 153 
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We previously developed a GP-based machine learning framework to show that AAT 154 

polymerization is governed by discrete sequence regions36-38. To understand where and 155 

how structural stability modulates polymerization, we adapted the GP framework by using 156 

an SCV kernel that defines covariance in polymer burden between variants based on their 157 

proximity in a joint space of normalized sequence position and structure-informed stability 158 

perturbations. GPs provide a powerful framework for Bayesian nonparametric modeling in 159 

which the kernel specifies a prior over functions, and conditioning on sparse measurements 160 

yields a posterior predictive distribution that provides both point estimates and uncertainty 161 

for unmeasured variants (Fig. 3a). 162 

To construct a stability-dependent polymerization landscape along the AAT sequence, 163 

we normalized each variant’s residue position to the length of the mature AAT polypeptide 164 

after removing the signal peptide so that positions range from 0 to 1, with 1 denoting the 165 

C-terminus (Fig. 3b, x axis). Predicted structural stability perturbations (ΔΔG) and 166 

experimentally measured polymer burden were scaled to the interval from 0 to 1 using the 167 

minimum and maximum values and plotted on the y and z axes, respectively (Fig. 3b). We 168 

then computed distances between variants in the joint space of normalized position and 169 

stability (Fig. 3b, black lines) and used these distances to define covariance in polymer 170 

burden, thereby specifying the SCV kernel. The implied covariance structure can be 171 

visualized with a variogram, which plots semivariance in polymer burden as a function of 172 

distance in the joint feature space (Supplementary Fig. 1a). Hyperparameters were chosen 173 

by balancing variogram fit and predictive performance to obtain a kernel that captures the 174 

global covariance structure while maintaining robust predictive accuracy (Supplementary 175 
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Fig. 1a-d; see Methods). Using the optimized kernel, the GP generates a residue-resolved 176 

polymerization landscape with quantified uncertainty along the AAT sequence (Fig. 3c). 177 

We built GP models using stability perturbations predicted by either FoldX or 178 

ThermoMPNN as inputs, referred to as GP-FoldX and GP-ThermoMPNN, respectively 179 

(Fig. 3c-e; Supplementary Fig. 1e). In leave-one-out cross validation, both GP models 180 

yielded higher Pearson and Spearman correlations with measured polymer burden than 181 

using ΔΔG as a direct baseline predictor (Fig. 3d, e). GP-based models also outperformed 182 

other machine-learning approaches, including random forests, XGBoost and neural 183 

networks, when evaluated using the same input features and leave-one-out protocol 184 

(Supplementary Fig. 1f), consistent with the suitability of GPs for sparse-data settings37,52-185 

55. Together, these results highlight a position-dependent coupling between stability 186 

perturbations and polymer burden and motivate the use of GP to map polymerization 187 

landscapes across the AAT polypeptide chain. 188 

GP uncertainty informs residue-level stability effects on AAT polymerization 189 

The stability-dependent polymerization landscape generated with the SCV kernel 190 

maps how polymer burden varies across the joint space of sequence position and predicted 191 

ΔΔG (Fig. 3c, Supplementary Fig. 1e). Because the GP provides an uncertainty estimate 192 

for each prediction, we classified points across the landscape into high- and low-confidence 193 

groups using a Gaussian mixture model (Supplementary Fig. 1g, h). High-confidence 194 

regions were delineated by contour lines, covering ~96.7% of residues in the mature AAT 195 

sequence, whereas only a short N-terminal fragment is absent from the available structure 196 

(PDB: 3NE4), precluding ΔΔG estimation and thus high-confidence prediction (Fig. 3c; 197 

Supplementary Fig. 1e). Notably, the landscape highlights prominent high-confidence 198 
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regions near the AAT C-terminus, where destabilizing variants are most strongly associated 199 

with increased polymer burden (Fig. 3c; Supplementary Fig. 1e). 200 

To quantify residue-level contributions to stability-dependent AAT polymerization, 201 

we summarized predictions for each residue across the range of ΔΔG inputs by inverse 202 

variance weighting36-38, using GP predictive uncertainty as weights (Fig. 3c; see Methods). 203 

This yields a residue-resolved, uncertainty-weighted mean polymer burden score that 204 

marginalizes over the ΔΔG dimension (Fig. 3f). The scores indicate that stability 205 

perturbations in the C-terminal half of AAT are more strongly associated with polymer 206 

formation, with the strongest signal at the C-terminal s5B β-strand. Most positions in the 207 

N-terminal half show lower scores, although the N-terminal s6B β-strand displays a 208 

localized elevation in scores (Fig. 3f). We mapped these residue scores onto the AAT 209 

monomer56 (Fig. 3g) and polymer57 structures (Fig. 3h). The mapping highlights regions 210 

involved in ‘loop-sheet’ insertion, including the RCL and s5A, where stability perturbations 211 

are associated with polymer formation (Fig. 3g, h). It also indicates β-sheet B, particularly 212 

s3B, s4B, and s5B β-strands, as a major stability-sensitive determinant of polymerization. 213 

These patterns are consistent with a C-terminal domain swap route and suggest that 214 

population variants can promote AAT polymer formation by perturbing β-sheet B stability. 215 

Profiling polymerogenicity of AAT variants in human populations using GP 216 

Large-scale sequencing has revealed extensive rare coding variation in human 217 

populations18. In SERPINA1, beyond the well-studied Z and S alleles, approximately 600 218 

missense variants have been reported18,21,22, the vast majority of which remain functionally 219 

uncharacterized. Building on our stability-dependent GP framework, we predicted 220 

polymerogenicity for AAT missense variants in gnomAD18 (Fig. 4a). The predicted 221 
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polymerogenicity distribution is unimodal and right-skewed, with most variants assigned 222 

low predicted polymerogenicity and a minority extending into a long high-223 

polymerogenicity tail (Fig. 4a). Using the Z-allele leave-one-out posterior mean as a 224 

reference threshold (Fig. 4a, red dashed line), a subset of population variants exceeded this 225 

cutoff and were prioritized as candidates with Z-like or higher predicted propensity to form 226 

intracellular polymers. 227 

To understand how population variation samples the stability-dependent 228 

polymerization landscape along AAT sequence, we averaged GP predictions across 229 

variants observed at each residue position (Fig. 4b). Variants were distributed across most 230 

of the polypeptide, including regions with elevated predicted polymerogenicity (Fig. 4b). 231 

We further visualized variant composition by plotting per-position variant fractions for the 232 

first 50 N-terminal and last 150 C-terminal residues, coloring each substitution by its 233 

predicted polymerogenicity (Fig. 4c).  Consistent with the residue-level profile (Fig. 3f), 234 

human AAT variants in the N-terminal half generally show lower predicted polymerization 235 

propensity (Fig. 4b), with notable exceptions concentrated in the hA–s6B–hB region, 236 

exemplified by I74N58-61 and V79E62 (Fig. 4c). Notably, V79E was not included in the 237 

training set yet has recently been reported in individuals with AATD62, indicating that the 238 

model can prioritize previously unmeasured variants with clinical relevance. Overall, 239 

variants in the C-terminal half exhibited higher predicted polymerogenicity and clustered 240 

into three hotspots (Fig. 4b, c). The first lies near the S allele (E288V) region and includes 241 

variants such as L278P and L287P63 with strong predicted polymerization signals (Fig. 4b, 242 

c).  A second hotspot spans s5A (residues 358–362), immediately preceding the RCL, a 243 

segment required for loop–sheet insertion (Fig. 4b, c).  The third hotspot maps to the C-244 
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terminal s4B–s5B strands that mediate C-terminal donation during domain-swap 245 

polymerization (Fig. 4b, c), suggesting that human population variation samples residues 246 

that are mechanistically central to polymer formation.  247 

To assess the clinical relevance of the population-scale predictions, we compared 248 

predicted polymerogenicity for AAT missense variants annotated in ClinVar as 249 

benign/likely benign versus pathogenic/likely pathogenic. Variants labeled 250 

pathogenic/likely pathogenic showed significantly higher predicted polymerogenicity than 251 

benign/likely benign variants (Fig. 4d), consistent with their clinical classification. 252 

Collectively, our GP-based profiling delineates polymerogenicity across population 253 

variants and provides a principled route to prioritize candidates for experimental follow-254 

up. 255 

Experimental validation identifies previously uncharacterized polymerogenic AAT 256 

variants 257 

We next prioritized variants for experimental validation based on GP models using 258 

two independent ΔΔG estimators, FoldX and ThermoMPNN. Across population variants 259 

not included among experimentally measured training variants, GP-FoldX and GP-260 

ThermoMPNN predictions were moderately correlated (Fig. 4e; Pearson’s r = 0.45). We 261 

then defined model-specific Z reference thresholds using the leave-one-out posterior mean 262 

for the Z allele (Fig. 4e; red dashed lines) and selected variants exceeding this reference in 263 

both models (Fig. 4e; red points). Seventeen AAT variants met these criteria and were 264 

carried forward for cellular assays of intracellular polymer burden. 265 
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We generated expression plasmids encoding HA-tagged AAT variants together with 266 

an IRES–GFP reporter to monitor transfection and expression. Plasmids were transiently 267 

expressed in Huh7 cells, and both cell lysates and conditioned media were collected to 268 

quantify intracellular and secreted AAT. Lysates were fractionated into soluble and 269 

insoluble fractions, and insoluble AAT was recovered for immunoblot analysis as a readout 270 

of intracellular polymer burden. As expected, the Z and S variants showed reduced 271 

secretion and increased intracellular insoluble AAT compared with AAT-WT (Fig. 4f-h), 272 

consistent with their established polymerization phenotypes. 273 

Among the seventeen prioritized variants, thirteen (76%) produced a significant 274 

insoluble AAT signal (Fig. 4f-h), indicating intracellular accumulation of insoluble AAT 275 

consistent with polymer formation. Several of these polymerogenic variants, including 276 

V79E62, A360P64, D365H65 and M409T22, have been reported in clinical settings, 277 

supporting the utility of the model for nominating clinically relevant polymer-forming 278 

candidates. The remaining polymerogenic variants have not, to our knowledge, been 279 

reported clinically, but are present in population sequencing resources18 (Fig. 4f-h). These 280 

variants therefore represent candidate disease-associated alleles that warrant further 281 

investigation. Together, these validation experiments support the GP-based prioritization 282 

strategy and motivate extending the framework to map polymerogenicity across the 283 

broader serpin family. 284 

Stability-dependent GP polymerization landscape across human serpins  285 

Humans encode 36 serpin proteins, with additional serpin pseudogenes (Fig. 5a). 286 

Serpins share a conserved fold built around three β-sheets and surrounding α-helices, 287 

together with a solvent-exposed RCL that undergoes large conformational rearrangements 288 
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during function (Fig. 2b; Supplementary Fig. 2). Across the family, the α/β core is highly 289 

conserved, whereas terminal extensions and surface loops are more variable and are 290 

frequently assigned lower confidence by AlphaFold266, consistent with protein-specific 291 

flexible or disordered regions (Supplementary Fig. 2). Population sequencing shows that 292 

each serpin member harbors hundreds of coding variants in gnomAD (Fig. 5b). Given the 293 

shared structural core of the serpin fold, we reasoned that the stability-dependent GP 294 

framework developed for AAT could be generalized to prioritize polymerogenic variants 295 

across the human serpin family. 296 

As AAT is the archetypal serpin, we aligned each serpin family member to AAT to 297 

map variant residues onto an AAT-aligned position, which served as the positional input to 298 

the model (Fig. 5c). For each variant, we estimated stability perturbations (ΔΔG) using 299 

either FoldX or ThermoMPNN on AlphaFold2-predicted serpin structures (Fig. 5c; 300 

Supplementary Fig. 2). These features were then used to predict variant polymerogenicity 301 

with the GP model trained on experimentally measured AAT polymer burden (Fig. 5c). 302 

To assess correspondence with clinical interpretation for serpin family members, we 303 

compared predictions to ClinVar germline classifications. We focused on serpins with at 304 

least three variants annotated in each of the benign/likely benign and pathogenic/likely 305 

pathogenic categories, yielding four genes, SERPING1, SERPINI1, SERPINC1, and 306 

SERPINA7. For SERPING1, SERPINI1 and SERPINC1, pathogenic/likely pathogenic 307 

variants showed significantly higher predicted polymerogenicity than benign/likely benign 308 

variants (Fig. 5d), consistent with polymerization-related mechanisms contributing to 309 

disease in these serpins. For SERPINA7, the two distributions overlapped (Fig. 5d), which 310 
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may in part reflect the limited number of ClinVar-classified variants available for 311 

comparison (Fig. 5d). 312 

We generated predictions of polymerogenicity for missense variants observed in 313 

gnomAD for each serpin gene (Fig. 5e). Each serpin contained variants exceeding the Z-314 

allele leave-one-out posterior mean, flagging candidates that may be at elevated risk of 315 

polymer formation (Fig. 5e). The overall prediction levels differed across family members, 316 

with some serpins showing higher mean polymerogenicity than others. To examine where 317 

population variation samples polymerization-prone regions of the fold, we averaged 318 

predictions across variants observed at each residue position and plotted residue-resolved 319 

polymerogenicity (Fig. 5f). This analysis revealed a broadly shared positional pattern 320 

across serpins, with recurrent hotspots that are most prominent toward the C-terminal 321 

portion of the fold (Fig. 5f). The strongest signal concentrates in the C-terminal β-sheet B 322 

region, consistent with a C-terminal domain-swap polymerization mechanism shared 323 

across serpin family members (Fig. 5f).  324 

Experimental validation of polymerogenic variants in SERPINI1  325 

To experimentally test polymerogenicity predictions across serpin family members, 326 

we focused on neuroserpin (SERPINI1), whose pathogenic variants cause FENIB, a 327 

neurodegenerative disorder characterized by progressive dementia. Across neuroserpin 328 

missense variants, polymerogenicity scores from GP-FoldX and GP–ThermoMPNN were 329 

positively correlated (Fig. 6a; Pearson’s r = 0.56), indicating agreement in variant risk 330 

ranking between the two predictors. We selected neuroserpin missense variants with 331 

predicted polymerogenicity exceeding the Z-allele leave-one-out posterior mean for 332 

experimental validation.  333 
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HA-tagged neuroserpin variants were expressed together with an IRES–GFP reporter 334 

in HeLa cells, and neuroserpin was measured in the secreted fraction (medium), soluble 335 

lysate (supernatant), and insoluble pellet, with GFP and GAPDH providing controls for 336 

expression and loading (Fig. 6b–d). WT neuroserpin remained predominantly soluble with 337 

minimal pellet signal, whereas the established FENIB variants S52R and H338R robustly 338 

accumulated in the insoluble fraction, consistent with their known propensity to form 339 

intracellular polymers (Fig. 6b-e). 340 

Among 26 tested variants, 20 (76.9%) increased insoluble neuroserpin relative to WT 341 

(Fig. 6b-e), indicating that model-prioritized variants are enriched for elevated insoluble 342 

aggregation. Structural mapping showed that variants with high aggregation burden are not 343 

uniformly distributed, but instead cluster around β-sheet B and adjacent elements (Fig. 6f). 344 

Notably, all tested variants with insoluble signal exceeding 80% of the S52R level (Fig. 345 

6b-e) localized to the N-terminal hA-s6B region (R38/I46) and C-terminal s4B-s5B region 346 

(F377/I380/F390/G392/R393) (Fig. 6f), suggesting that long-range N-to-C coupling that 347 

controls β-sheet B stability and accessibility is critical for neuroserpin polymerization and 348 

aggregation. 349 

Discussion 350 

Serpins are metastable proteins shaped by a fundamental evolutionary trade-off1,12,67. 351 

The conformational plasticity required for their inhibitory cycle also increases 352 

susceptibility to off-pathway misfolding that promotes polymer formation and aggregation, 353 

a common pathogenic mechanism underlying serpinopathies. Naturally occurring genetic 354 

variation in human populations samples this conformational landscape and yields a broad 355 

spectrum of polymerogenicity. Despite decades of mechanistic work on archetypal 356 
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members such as AAT, predicting the polymerogenicity for the vast genetic variation in 357 

serpins has remained difficult. This is in part because canonical aggregation predictors 358 

including TANGO29, AggreScan3D30 and ANuPP48 tested here, were developed primarily 359 

for amyloid-like, cross-β aggregation pathways and do not encode the topology and kinetic 360 

traps that govern serpin polymerization. Here we address this gap by coupling sparse 361 

experimental measurements to a GP framework whose SCV kernel integrates sequence 362 

positional information with structure-informed stability perturbations (Fig. 6g). This 363 

approach yields residue-resolved polymerization landscapes with calibrated uncertainty, 364 

enables population-scale variant prioritization, and reveals a mechanistically interpretable 365 

link between local destabilization and a recurring polymerization route across the serpin 366 

fold (Fig. 6g). 367 

Although protein stability is known to contribute to aggregation, we found that both 368 

empirical force field and deep learning–based stability predictors, including FoldX50 and 369 

ThermoMPNN51, correlate weakly with measured cellular polymer burden of AAT variants. 370 

This is consistent with our previous observation that some AAT variants primarily 371 

accelerate monomer degradation without forming detectable polymers in cells, and that 372 

polymerization risk is concentrated in specific structural regions rather than distributed 373 

uniformly across the fold36-38. The GP-SCV model formalizes this intuition by learning a 374 

position-dependent coupling between stability perturbations and polymer burden, thereby 375 

mapping a residue-resolved polymerization landscape. It shows that identical ΔΔG values 376 

can have markedly different polymerization outcomes depending on where in the fold they 377 

occur (Fig. 3c). The model also provides posterior uncertainty that separates regions tightly 378 

constrained by training measurements from regions of lower confidence, thereby 379 
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pinpointing residues that most strongly shape AAT polymerization and illuminating the 380 

underlying mechanism.  381 

Trained on clinically observed AAT variants, the GP-SCV model indicates that 382 

residues where destabilizing perturbations are most strongly associated with polymer 383 

burden cluster not only in the canonical s5A–RCL region implicated in loop–sheet insertion, 384 

but also in stability-sensitive elements of β-sheet B, consistent with a C-terminal domain-385 

swap mechanism. One plausible model is that destabilization of β-sheet B increases the 386 

likelihood of s4B–s5B disengagement from the native fold, which could facilitate RCL 387 

insertion as a new s4A and enable intermolecular insertion of s4B–s5B into the β-sheet of 388 

a neighboring molecule. Structural details of C-terminal domain swapping are now 389 

emerging from in vivo and ex vivo structures of AAT polymers10,11,13,33,34, and our residue-390 

resolved landscape aligns with this framework by nominating the C-terminal strands of β-391 

sheet B as a focal point where destabilizing variation most strongly associates with polymer 392 

burden. Notably, variants drawn from population genetic datasets that are predicted to be 393 

highly polymerogenic also cluster into discrete hotspots that map onto mechanistically 394 

interpretable regions, consistent with the idea that human genetic variation samples 395 

polymerization-relevant states of the serpin fold35. Together, these findings connect 396 

population genetics to a residue-level mechanism and provide a principled basis for 397 

prioritizing uncharacterized variants for experimental follow-up validation.  398 

Importantly, we find that the same stability-dependent logic extends beyond AAT to 399 

other serpin family members, whose variants are known to cause a broad spectrum of 400 

disorders collectively termed serpinopathies24, including emphysema, hereditary 401 

angioedema, thrombosis and dementia. By aligning serpins to a common positional 402 
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coordinate and estimating stability perturbations on predicted structures, we generated 403 

polymerogenicity profiles across the human serpin family that show recurrent enrichment 404 

toward the C-terminal portion of the conserved fold, with the strongest shared signal in the 405 

β-sheet B region. Notably, across multiple serpin family members, an additional 406 

contributing segment is observed near the N-terminal s6B region (Fig. 5f). Because s6B 407 

forms part of β-sheet B and interacts with the C-terminal s5B strand, this pattern highlights 408 

the importance of N-to-C coupling in maintaining serpin fold integrity, and suggests that 409 

perturbation of this interaction can strongly influence polymerization propensity. 410 

We experimentally evaluated this framework using AAT and neuroserpin variants. 411 

Notably, although no neuroserpin variants were included in model training, 20 of 26 GP-412 

SCV prioritized variants (76.9%) formed significantly increased insoluble aggregates in 413 

cells. The strongest polymerogenic variants localized predominantly to the β-sheet B 414 

region, supporting the broader conclusion that a stability-dependent C-terminal domain-415 

swap mechanism is not unique to AAT, but may represent a recurring route by which the 416 

serpin fold accesses polymeric states. More broadly, the long tail of highly polymerogenic 417 

rare missense variants across serpin family members suggests that many individuals may 418 

harbor alleles with previously unrecognized polymer risk, warranting further investigation. 419 

Several limitations point to important directions for future work. First, our stability-420 

dependent landscapes rely on predicted stability perturbations rather than direct 421 

experimental measurements. Although we used multiple predictors to estimate these effects, 422 

their accuracy remains limited. FoldX, for example, typically shows only modest 423 

correlation with experimentally measured stability49, and although ThermoMPNN 424 

performs better in certain cases51, its accuracy is likely to decline for proteins that are 425 
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poorly represented in the training data. Second, our family-wide predictions depend on 426 

structure-informed ΔΔG estimates derived from predicted structures66,68 and on a shared 427 

positional coordinate obtained through sequence alignment. Consequently, uncertainties in 428 

poorly resolved regions, protein-specific insertions, and post-translational modifications 429 

such as glycosylation may influence polymer risk in ways not captured by the current 430 

model. Third, different serpin family members are expressed in distinct tissues and 431 

therefore operate within different proteostasis environments4-7,43. Differences in folding, 432 

degradation and trafficking capacity across cell types are likely to modulate polymer 433 

formation beyond what can be explained by intrinsic sequence and structure features alone. 434 

A fuller understanding of serpin polymerization will therefore require integrating intrinsic 435 

variant effects with protein-specific structural context and cell-type-specific proteostasis 436 

constraints4-7,36-38,43. 437 

Despite these caveats, our results suggest a potentially unifying framework for 438 

serpinopathies. Polymerization risk of serpins concentrates at structural elements that 439 

govern β-sheet B integrity and C-terminal accessibility, and naturally occurring variation 440 

can be used to map these elements with quantified uncertainty. This framework also points 441 

to therapeutic strategies that go beyond globally stabilizing the native state. For example, 442 

selectively reinforcing the stabilizing network that restrains β-sheet B, or modulating the 443 

accessibility of the C-terminal donor segment, could suppress polymerization while 444 

preserving the conformational transitions required for inhibitory function, as suggested by 445 

GRP94- and ATF6-directed modulation36,37. This is particularly important because some 446 

polymer-blocking ligands compromise function. More broadly, the integration of 447 

population genetics, structure-informed energetics and probabilistic learning provides a 448 

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.08.25.000315. This version posted August 25, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial 4.0 https://creativecommons.org/licenses/by-nc/4.0



 

21 
 

generalizable framework for converting sparse variant measurements into mechanistic 449 

landscapes (Fig. 6g), with the potential to improve both the interpretation of rare alleles 450 

and the development of mechanism-guided interventions across protein misfolding 451 

diseases. 452 

Methods 453 

Input training data and feature normalization 454 

The training set comprised 68 AAT missense variants with experimentally measured 455 

intracellular polymer burden from prior work37. Of the 71 measured missense variants, 456 

three located in the N-terminal signal peptide were excluded because these residues are not 457 

part of the mature AAT sequence represented in the 3D structure. For the modeling, we 458 

removed the 24-residue signal peptide and indexed residues on the mature AAT sequence. 459 

The residue position was encoded as x = r/394, where r is the residue index in the mature 460 

protein (residue 1 to 394), such that 𝑥𝑥 ∈ [0,1] and x = 1 corresponds to the C-terminus. 461 

For the GP-FoldX model, variant stability changes (ΔΔG) were computed with FoldX 462 

5.0 (Linux version) using the AAT structure (PDB 3NE4)56 repaired with RepairPDB 463 

followed by BuildModel. For the ThermoMPNN-based model, ΔΔG values were computed 464 

with ThermoMPNN51 v1.0.0 using default settings. We defined ΔΔG = ΔGVar – ΔGWT, such 465 

that more positive ΔΔG values indicate greater destabilization by the variant. For each 466 

predictor, raw ΔΔG values were min-max normalized as y = (ΔΔG - y_min)/(y_max - 467 

y_min). Experimentally measured polymer burden was normalized in the same form, z = 468 

(polymer burden - z_min)/(z_max - z_min). 469 

GP modeling with a stability-dependent spatial covariance kernel 470 
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We adapted the GP modeling framework described previously36-38,52,54,69. Briefly, 471 

normalized polymer burden (z) was modeled as a Gaussian process over the two-472 

dimensional input feature vector u = (x, y), where x is normalized residue position and y is 473 

normalized ΔΔG. Prior covariance between variants was defined as a function of their 474 

Euclidean distance in this joint feature space, such that variants closer in both position and 475 

stability were assigned higher covariance than those farther apart. We implemented this 476 

distance–covariance relationship by fitting an empirical variogram, which parameterizes 477 

the semivariance 𝛾𝛾(ℎ) as a function of separation distance ℎ. The covariance at separation 478 

distance ℎ , C(h) is given by 𝐶𝐶(ℎ) = 𝐶𝐶(0) − (𝛾𝛾(ℎ) − 𝛾𝛾(0)) , where 𝐶𝐶(0)  is the total 479 

variance of the process (the variogram sill) and 𝛾𝛾(0) captures the nugget effect. Variogram 480 

fitting was performed in R using custom workflows adapted from autofitVariogram with 481 

the packages sp, gstat, and automap. Empirical variograms were constructed from pairwise 482 

semivariance of z, using distance bins spanning 2% to 100% of 40% of the diagonal length 483 

of the joint feature space in 2% increments, and adjacent bins were merged until each bin 484 

contained at least five point pairs. A spherical variogram model was used for the GP 485 

modeling. 486 

Hyperparameter selection and model evaluation 487 

To mitigate overfitting during hyperparameter selection, we optimized variogram 488 

hyperparameters by jointly considering leave-one-out cross-validation (LOOCV) 489 

predictive performance and the variogram fit, quantified as the sum of squared errors (sser) 490 

between the empirical and fitted variogram. The LOOCV was computed with 491 

gstat::krige.cv using nmin = 4 and neighborhood sizes nmax from 14 to 30. Predictive 492 

performance was summarized with Pearson correlations between held-out predictions and 493 
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measured polymer burden. Models were grouped into sser bins of width 0.1 standard 494 

deviation, and the model with the highest LOOCV Pearson correlation in each bin was 495 

selected as the bin representative. We ranked candidate models by sser and examined the 496 

LOOCV Pearson correlation as a function of sser. LOOCV Pearson correlation increased 497 

rapidly at low sser and then approached a plateau, whereas further increases in sser 498 

provided little additional gain (Supplementary Fig. 1). We therefore selected the model at 499 

the onset of this plateau (Supplementary Fig. 1; “elbow” point indicated by arrows), 500 

prioritizing the smallest sser among models whose LOOCV Pearson correlation was near-501 

saturated, thereby maintaining close agreement between the fitted and empirical 502 

variograms and reducing the risk of selecting overly flexible models. Conditioning the GP 503 

covariance prior on the 68 measured variants yielded the posterior predictive mean and 504 

variance at each queried point on the landscape. In the plotting workflow, the displayed 505 

landscape was interpolated on a dense grid spanning x from 0 to 1 in steps of 1/394 and y 506 

from 0 to 1 in steps of 0.001, with kriging performed using nmin = 4 and nmax = 16. 507 

Alternative regressors were benchmarked in Python using the same x and y inputs and 508 

the same 68-sample training set. Random forests (36 hyperparameter configurations), 509 

XGBoost (24 configurations), and multilayer perceptron neural networks (4 configurations) 510 

were evaluated under both unscaled and standardized-input preprocessing, with random 511 

seed fixed at 42. Performance was summarized by LOOCV Pearson correlation, LOOCV 512 

Spearman correlation, root mean squared error, mean absolute error, and R2. The model 513 

with the best performance in each machine learning method was used for comparison. The 514 

benchmark environment recorded numpy 2.4.2, pandas 3.0.0, scikit-learn 1.8.0, and 515 

xgboost 3.1.3. 516 
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Predictive uncertainty classification and residue-level polymerogenicity summary 517 

GP posterior variance was used as the uncertainty measure for each queried point, 518 

which was modeled with a two-component Gaussian mixture model using 519 

mclust::densityMclust with G = 2. The principal boundary separating low- and high-520 

variance regions (i.e., high- and low-confidence regions) was defined by the intersection 521 

of the two fitted mixture-component densities rather than by an arbitrary percentile 522 

threshold. For visualization, additional contour lines were drawn from selected offsets 523 

around the low-variance component, matching the plotting workflow used for the 524 

phenotype landscapes. 525 

Residue-level polymer burden scores were calculated from high-confidence landscape 526 

points whose posterior variance fell below the Gaussian mixture model intersection 527 

threshold. For each residue, posterior mean predictions were combined by inverse-variance 528 

weighting, with 𝜔𝜔𝑖𝑖 = 1/𝜎𝜎𝑖𝑖2 529 

𝑧𝑧̅ =
∑ 𝜔𝜔𝑖𝑖𝑧𝑧𝑖𝑖𝑖𝑖

∑ 𝜔𝜔𝑖𝑖𝑖𝑖
 530 

 531 

where 𝑧𝑧𝑖𝑖  is the GP posterior mean and 𝜎𝜎𝑖𝑖  is the corresponding posterior standard 532 

deviation for the i-th queried point. This weighting increases the contribution of more 533 

certain predictions and follows the uncertainty-aware residue summarization used in our 534 

previous GP-based variant-landscape analyses. Residue scores were then used for sequence 535 

plots and structural coloring; for mapping onto the AAT crystal structure, only residues 536 

represented in the available structural model were colored. 537 

Generalization across human serpins 538 
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For family-wide prediction, the AAT-trained GP model, selected kernel parameters, 539 

and x-y normalization scheme were kept fixed, and we varied only the input features for 540 

the target serpin. Each target serpin sequence was aligned to the human AAT reference 541 

sequence (SERPINA1; sp|P01009|A1AT_HUMAN) with BLASTP 2.15.0+ using default 542 

parameters, and the aligned residue coordinate on AAT was used as x. Variant-specific ΔΔG 543 

values were then computed on the corresponding target SERPIN protein with FoldX 5.0 or 544 

ThermoMPNN v1.0.0. For proteins outside SERPINA1, structure-based ΔΔG calculations 545 

used AlphaFold2 models downloaded from the AlphaFold Protein Structure Database. No 546 

additional serpin variants were added to the training set or used to retrain the GP. 547 

Selection of variants for experimental validation 548 

Variants were prioritized for cell-based follow-up only if their posterior mean 549 

polymerogenicity exceeded the leave-one-out posterior mean of the pathogenic Z allele in 550 

both GP-FoldX and GP-ThermoMPNN. This dual-model rule used the Z allele as a fixed 551 

reference and required concordant ranking above that reference in both models. The 552 

corresponding thresholds were 0.26 for the FoldX-based model and 0.29 for the 553 

ThermoMPNN-based model. Applying this rule yielded 17 SERPINA1 variants from the 554 

unmeasured population-variant set and 26 SERPINI1 variants for experimental validation. 555 

Experimental validation of SERPIN variants 556 

Reagents and antibodies  557 

The anti-HA monoclonal antibody used for Western blotting was purchased from Cell 558 

Signaling Technology (Cat. No. 3724). Antibodies against GAPDH (Cat. No. 50430-2-AP) 559 

and GFP (Cat. No. 60004-1-Ig) were obtained from Proteintech. 560 

Expression vectors and cell transfection  561 
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AAT variants cloned into pcDNA3.1(+) expression vector were kindly provided by 562 

Dr. Xi Wang from Institute of Biophysics, Chinese Academy of Sciences. SERPINI1 563 

(Neuroserpin) variants cloned in pcDNA3.1(+) vector were generated by Tsingke 564 

Biotechnology (China). For both constructs, an IRES–GFP cassette was included to 565 

monitor transfection efficiency and expression. Plasmid transfection was performed using 566 

Lipofectamine 2000 (Thermo Fisher) following the manufacturer’s protocol.  567 

Immunoblot analysis  568 

Huh7 cells (purchased from Procell, Cat. No. CL-0120) and HeLa cells (kindly 569 

provided by Prof. Yongqiang Deng at Southern Medical University, who purchased the 570 

cells from Procell, Cat. No. CL-0101) were transfected with AAT and neuroserpin plasmids, 571 

respectively, for 48 h. Cells were washed twice with pre-warmed phosphate-buffered saline 572 

(PBS) and subsequently incubated in serum-free medium for 4 h, after which conditioned 573 

media were collected. Cells were harvested and lysed in lysis buffer containing 50 mM 574 

Tris-HCl (pH 7.4), 150 mM NaCl, and 1% (v/v) Triton X-100 supplemented with a protease 575 

inhibitor cocktail (NCM Biotech, P002). The lysates were centrifuged at 14,000 rpm for 576 

10 min at 4°C to separate the supernatant and pellet fractions. The pellet fraction was 577 

washed twice with buffer containing 50 mM Tris-HCl (pH 7.4) and 150 mM NaCl, and 578 

then resuspended in buffer containing 50 mM Tris-HCl (pH 6.8), 5% SDS, and 10% 579 

glycerol. All samples were mixed with SDS loading buffer and heated at 95°C for 5 min. 580 

Equal volumes of protein samples were resolved by 10% SDS–PAGE and transferred onto 581 

polyvinylidene difluoride (PVDF) membranes. Membranes were blocked with 5% non-fat 582 

milk in TBS-Tween 20 (TBST) for 1 h at room temperature, followed by incubation with 583 

primary antibodies and horseradish peroxidase (HRP)-conjugated secondary antibodies. 584 
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Protein bands were visualized using an enhanced chemiluminescence (ECL) detection 585 

system (Beyotime, P0018FM). Band intensities were quantified by densitometry, and 586 

insoluble signal was normalized to GFP to derive an intracellular insoluble polymer burden 587 

metric. 588 

Statistical analysis 589 

All statistical analyses were performed using R or OriginPro software. Differences in 590 

predicted polymerogenicity between ClinVar-annotated benign/likely benign and 591 

pathogenic/likely pathogenic variants in serpin genes (Fig. 4d, Fig. 5d) were assessed 592 

using an unpaired two-tailed Welch’s t-test. For experimentally measured intracellular 593 

polymer burden (Fig. 4h, Fig. 6e), insoluble serpin polymer signals were quantified from 594 

western blots (three independent biological replicates per variant). Within each replicate 595 

blot, signals were first normalized to the positive polymer control (Z variant in AAT and 596 

S52R in neuroserpin) run on the same blot, with the positive control polymer level set to 1. 597 

To test whether a variant exhibited increased polymerization relative to WT, we performed 598 

a within-replicate comparison to the WT lane on the same blot using a one-sided paired 599 

Student’s t-test (paired by replicate; alternative hypothesis: variant > WT). P values across 600 

all tested variants were adjusted for multiple comparisons using the Benjamini–Hochberg 601 

false discovery rate (BH-FDR) procedure, and FDR-adjusted q values are reported. 602 

Data and code availability  603 

Training data, trained models and prediction scripts will be available on GitHub upon 604 

publication. For review purposes, these materials are currently accessible at https://aat-gp-605 

models.pages.dev/96ea19892086fa2caf77a2764522eee70a98a3fd/codes/. 606 
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 788 

Figure 1. AAT polymerization and AAT deficiency. a, Physiological folding and 789 

trafficking of wild-type AAT (WT) versus the consequences of polymerogenic variants. 790 

AAT-WT folds in the endoplasmic reticulum (ER) of hepatocytes, is secreted into the 791 

bloodstream and protects the lung from neutrophil elastase-mediated damage. 792 

Polymerogenic variants misfold and are retained in the ER, accumulating as intracellular 793 

polymers that contribute to liver fibrosis and cirrhosis, while reduced secretion of 794 

functional AAT leads to emphysema and chronic obstructive pulmonary disease (COPD). 795 

b, Serpin protease inhibition mechanism. Cleavage of the reactive center loop (RCL) by a 796 

target protease triggers insertion of the cleaved loop as β-strand 4A into β-sheet A and 797 

translocation of the protease to form an inhibited complex. c, Native and latent AAT 798 

conformations. Transition to the latent state involves insertion of the uncleaved RCL into 799 

β-sheet A. d, Representative models proposed for AAT polymerization, including β-hairpin, 800 

loop–sheet and C-terminal domain-swap mechanisms. 801 
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Figure 2. Existing aggregation predictors underperform on AAT variants. a, 803 

Distribution of the 68 characterized AAT missense variants along the AAT sequence. 804 

Secondary structure elements are annotated, with α-helices (hA-hI) shown as cyan blocks 805 

and β-sheets A (s1-6A), B (s1-6B) and C (s1-4C) shown in orange, blue and green, 806 

respectively. The reactive center loop (RCL) is shown in purple. b, Locations of these 807 

variants mapped onto the AAT structure (PDB 3NE4). Variant residues are indicated by 808 

yellow spheres (Cα atoms), with α-helices and β-sheets A, B and C highlighted. c, 809 

Previously measured intracellular polymer burden for the 68 missense AAT variants plotted 810 

against sequence positions. Polymer levels are normalized to AAT-Z. AAT-Z and AAT-S 811 

variants are highlighted with red and yellow labels, respectively. d, e, Pearson (d) and 812 

Spearman (e) correlations between experimentally measured polymer burden and predicted 813 

scores from TANGO, AggreScan3D, ANuPP, FoldX, and ThermoMPNN across the 68 814 

AAT variants. 815 
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817 

Figure 3. Gaussian process mapping of the stability-dependent AAT polymerization 818 

landscape. a, Schematic of GP prior and posterior distributions before and after 819 
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conditioning on observations. b, Input feature space for AAT variants, with normalized 820 

residue position (x axis), stability perturbation ΔΔG (y axis), and experimentally measured 821 

polymer burden (z axis, color scale). Black lines indicate pairwise distances between 822 

variants in the joint (x, y) space. c, GP-inferred AAT polymerization landscape relating 823 

ΔΔG (y-axis) to polymer burden (color scale) across all residues of the AAT polypeptide 824 

(x-axis). Contour lines denote the mean and standard deviation (SD) of the low-variance 825 

component identified by a two-component Gaussian mixture model fitted to the GP 826 

posterior variance, highlighting higher-confidence regions. d, e, Pearson (d) and Spearman 827 

(e) correlations of the leave-one-out cross-validation results of GP-FoldX and GP-828 

ThermoMPNN models compared with other models. f, Residue-level polymerogenicity 829 

scores obtained by inverse variance weighting of GP posterior means across queried points 830 

assigned to each residue position. g, h, Mapping the residue-level polymerogenicity scores 831 

to the AAT monomer structure (PDB: 3NE4) (g) and polymer structure (PDB: 3T1P) (h).   832 
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 833 

Figure 4. Population-scale prediction and experimental validation of polymerogenic 834 

AAT variants. a, Distribution of GP-FoldX predicted polymer burden for AAT missense 835 

variants reported in gnomAD. The GP leave-one-out posterior mean for the Z allele is 836 
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indicated by the red dashed line. b, Residue-wise average of predicted polymer burden for 837 

gnomAD AAT variants across sequence positions. c, Residue-level population variant 838 

signatures and their predicted polymer burden. Residues 48-100 and 249-417 are shown 839 

with secondary structure annotations. d, Predicted polymer burden for ClinVar-annotated 840 

benign/likely benign versus pathogenic/likely pathogenic AAT variants. P values were 841 

computed using a two-tailed Welch’s t-test, *p<0.05. e, Correlation between the GP-FoldX 842 

and GP-ThermoMPNN predictions. Variants with predicted values exceeding the leave-843 

one-out Z-allele posterior mean (red dashed lines) were selected for experimental testing 844 

(red). f-g Experimental validation of predicted polymerogenic AAT variants in Huh7 cells. 845 

HA-tagged AAT (WT and variants) was transiently expressed and analyzed by 846 

immunoblotting in conditioned media, soluble lysate (supernatant) and insoluble fraction 847 

(pellet). GFP (IRES–GFP) served as a transfection/expression control, and GAPDH was 848 

used as a loading control for the soluble fraction and to assess fractionation quality. h, 849 

Quantification of insoluble AAT polymer signal normalized to the Z variant. For each 850 

variant, significance versus WT was assessed using a one-sided paired t-test across three 851 

biological replicates with Benjamini–Hochberg false discovery rate (BH–FDR) correction; 852 

adjusted q values are shown. *q<0.05, **q<0.01, ***q<0.001.  853 
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854 

Figure 5. Family-wide prediction of polymerogenicity across human serpin variants. 855 

a, Phylogenetic relationships among human serpin family members. b, Number of 856 

missense variants reported in gnomAD for each serpin gene. c, Schematic of the family-857 

wide prediction framework. The AAT-trained GP model was applied to other serpins by 858 
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mapping residue position to the AAT reference via sequence alignment, computing variant-859 

specific ΔΔG on the query protein, and using the same trained GP without adding non-AAT 860 

variants to the training set. d, Predicted polymer burden for ClinVar-annotated variants 861 

across serpin genes. Variants annotated as benign/likely benign or pathogenic/likely 862 

pathogenic are shown in grey and red, respectively. P values were computed using a two-863 

tailed Welch’s t-test, *p<0.05. e, Distribution of predicted polymer burden for gnomAD 864 

missense variants in each serpin gene. Boxes indicate the interquartile range (IQR) with 865 

the median shown as a horizontal line; whiskers extend to 1.5×IQR, and points denote 866 

outliers. The red dashed line marks the leave-one-out posterior mean prediction for the 867 

AAT Z allele, used as a reference threshold for elevated polymerization risk. f, Alignment-868 

based comparison of predicted residue-level polymerization landscapes across serpins, 869 

shown as position-aligned polymer burden profiles.  870 
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871 

Figure 6. Validation of predicted polymerogenicity of neuroserpin variants. a, 872 

Comparison of polymerogenicity predictions for neuroserpin variants from the GP-FoldX 873 

and GP–ThermoMPNN models. Variants with predicted values exceeding the AAT Z-allele 874 
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leave-one-out posterior mean (blue dashed lines; used as a reference threshold) were 875 

selected for experimental testing (red). b-d, HA-tagged neuroserpin (WT and variants) was 876 

transiently expressed in HeLa cells and analyzed by immunoblotting in conditioned media, 877 

soluble lysate (supernatant) and insoluble fraction (pellet). GFP (IRES–GFP) served as a 878 

transfection/expression control, and GAPDH was used as a loading control for the soluble 879 

fraction and to assess fractionation quality. WT neuroserpin serves as negative control 880 

while FENIB variants S52R and H338R are shown as positive controls for insoluble 881 

polymer formation. e, Quantification of insoluble neuroserpin polymer signal normalized 882 

to the S52R variant. For each variant, significance versus WT was assessed using a one-883 

sided paired t-test across three biological replicates with Benjamini–Hochberg false 884 

discovery rate (BH–FDR) correction; adjusted q values are shown. *q<0.05, **q<0.01, 885 

***q<0.001. f, Variants with significantly higher insoluble neuroserpin signal than WT are 886 

mapped onto the AlphaFold2-predicted neuroserpin structure as red sticks and balls. 887 

Known FENIB variants S52R and H338R are highlighted in orange. g, GP–SCV 888 

framework for family-wide serpin polymerization prediction. Sparse experimental 889 

measurements, population variation and stability perturbations (ΔΔG) are integrated with 890 

a GP-SCV model to infer a residue-resolved polymerization landscape and structural 891 

mechanisms of polymerization for AAT. The learned landscape is then transferred across 892 

serpin family members to predict shared polymerization hotspots. 893 

 894 

 895 
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918 

Supplementary Fig. 1. Hyperparameter selection, model benchmarking and 919 

uncertainty characterization. a, Representative variogram fits illustrating models with 920 

high, intermediate and low variogram fit error, quantified as the sum of squared errors (sser) 921 
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between the empirical (sample) variogram and the fitted variogram model. b, Distribution 922 

of sser values across all candidate models evaluated during hyperparameter search. c,d, 923 

Relationship between variogram fit (sser) and leave-one-out cross-validation (LOOCV) 924 

performance for GP-FoldX (c) and GP-ThermoMPNN (d). Candidate models were binned 925 

by sser (bin width = 0.1 standard deviations of sser), and the highest LOOCV Pearson 926 

correlation within each bin is shown. The mean sser is indicated by a black dashed line. 927 

The selected model corresponds to the onset of the LOOCV plateau at low sser (the “elbow” 928 

point indicated by arrows), prioritizing the smallest sser among models with near-saturated 929 

LOOCV Pearson correlation. e, The stability-dependent AAT polymerization landscape 930 

inferred by the GP-ThermoMPNN model, showing predicted polymer level (z-axis, color 931 

scale) as a function of normalized residue position (x-axis) and normalized ΔΔG (y-axis). 932 

Contours indicate the Gaussian-mixture–based uncertainty threshold (intersection) and 933 

offsets around the low-variance component (mean and ± s.d.), highlighting higher-934 

confidence regions. f, LOOCV Pearson correlation for GP-FoldX compared with 935 

alternative regressors (random forest, XGBoost and neural network) trained on the same 936 

inputs. g-h, Distributions of GP posterior variance for the GP-FoldX (g) and GP-937 

ThermoMPNN (h) models across queried landscape points, modeled with a two-938 

component Gaussian mixture. The fitted mixture (black line on grey histograms) and the 939 

low-variance (red) and high-variance (blue) components are shown, with dashed vertical 940 

lines indicating the component means.  941 

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.08.25.000315. This version posted August 25, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial 4.0 https://creativecommons.org/licenses/by-nc/4.0



 

50 
 

942 

Supplementary Fig. 2. AlphaFold2-predicted structures of human serpin family 943 

members. AlphaFold2 models for each serpin were obtained from the AlphaFold Protein 944 

Structure Database. 945 
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