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Abstract

Accurate prediction of mutation-induced stability changes is crucial for interpreting variant effects and
guiding protein engineering, but integrating heterogeneous measurements and quantifying uncertainty
remain challenging. Here we present STAB-DKL, an uncertainty-aware multi-task deep kernel
learning framework that combines curated and megascale folding free-energy changes (AAG) with
melting-temperature changes (ATm) as auxiliary supervision. Selective representation sharing and
dataset-specific Gaussian process (GP) heads enable joint learning across datasets. The framework
integrates pretrained sequence and structural representations with StrucMSA, a compact and
computationally efficient evolutionary representation incorporating local structural context. Across
four held-out benchmarks, STAB-DKL achieved higher average predictive correlations than the
evaluated methods and provided informative uncertainty estimates. On a retrospective seven-protein
benchmark, it improved ranking of stabilizing mutations (NDCG@)5) by 68% over ThermoMPNN, the
strongest comparator. Together, these results demonstrate how multi-task fusion and dataset-specific
probabilistic modeling of heterogeneous data enable accurate, uncertainty-aware protein stability

prediction and stabilizing mutation prioritization.
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Main

Protein function depends on the ability of polypeptide chains to fold into stable native
conformations while avoiding misfolded or aggregated states'. At the same time, evolution selects
protein sequences for function rather than simply for maximal stability, and many natural proteins are
only marginally stable?*. A single amino acid substitution can therefore destabilize the native state and
perturb the folding equilibrium, increasing the risk of misfolding and aggregation. Such stability
changes contribute to the molecular basis of many disease-associated variants>® and pose major
challenges for protein engineering’!2. Accurate prediction of mutation-induced stability changes is
thus important for interpreting variant effects in human disease and for prioritizing stabilizing

mutations in enzyme engineering and protein design.

Mutation-induced stability changes are commonly quantified by AAG, which represents the
difference in folding free energy between a mutant protein and its wild-type counterpart. Experimental
measurement of AAG and related thermodynamic parameters remains labor-intensive and difficult to
scale across diverse proteins and mutational landscapes, highlighting the value of computational
approaches for stability prediction'®. Physics-based methods, including empirical energy functions and
molecular modeling approaches, provide useful mechanistic insights'*!>. However, their quantitative
accuracy remains sensitive to energy-function approximations, conformational sampling, and input
structural models. Their scalability to high-throughput mutational screening is further constrained by
computational cost. These limitations have motivated the development of machine learning models

trained on experimental stability measurements.

Early machine learning models for protein stability prediction relied mainly on manually curated
thermodynamic datasets, which are relatively small but cover diverse protein lengths, folds and
experimental conditions'®. More recently, megascale stability datasets have greatly expanded the
number of available measurements, but these data are enriched for short sequences and single-domain
proteins and cover a relatively restricted stability range!”. A growing number of protein stability
predictors have demonstrated the value of megascale measurements!®22, However, limited overall
gains from incorporating conventional thermodynamic measurements have been reported!'®?.

Alongside these AAG measurements, changes in melting temperature (ATm) provide a related but non-
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equivalent measure of protein stability?!. Effectively integrating these data sources, while accounting
for their differences in scale, coverage and experimental noise, remains a central challenge for

improving mutation-induced stability prediction.

Effectively learning from these heterogeneous datasets also depends on how protein variants are
represented. Data-driven approaches initially relied on physicochemical descriptors and MSA-derived

evolutionary features*2°

, whereas recent models increasingly exploit pretrained sequence and
structure representations'8202227-28  These feature types capture complementary information about
sequence context, structural features and evolutionary constraints, but how best to integrate them
remains incompletely understood. Particularly, conventional MSA-derived features primarily reflect
sequence conservation without explicitly accounting for the three-dimensional environment
surrounding the mutated residue. Incorporating local structural context into evolutionary

representations may therefore provide more relevant information for predicting mutation-induced

stability changes.

Reliable protein stability prediction requires both accurate estimation of mutation effects and
quantification of predictive uncertainty, particularly when experimental measurements are limited,
heterogeneous and noisy. Many widely used predictors provide point estimates without indicating how
uncertainty varies across mutations. Gaussian processes (GPs) offer a probabilistic framework in
which covariance functions encode similarity between observations and predictions are expressed as
posterior predictive distributions?®*. However, conventional kernels operating on fixed protein
representations may be limited in capturing the relationships most relevant to protein stability, while
exact GP inference scales poorly with dataset size. Deep kernel learning (DKL) increases model
flexibility by jointly learning a nonlinear feature transformation and GP kernel parameters®, while
structured kernel interpolation enables scalable approximate inference®®. Within a multi-task
framework>’, shared representations enable information transfer, while separate GP heads and
likelihoods allow dataset-specific covariance and noise parameters. This combination provides a
probabilistic basis for integrating complementary stability measurements while accommodating

differences between datasets.

For protein engineering, evaluation should also reflect the limited number of variants that can be

tested for each target’®. Correlations and error metrics summarize agreement across measured
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82  mutations but do not directly quantify the recovery of stabilizing variants among a small set of top-
83  ranked candidates. Protein-level evaluation should therefore consider both the proportion of selected
84  mutations that are stabilizing and whether those with larger stabilizing effects are ranked earlier. Such
85 analyses can reveal differences in practical utility that are not fully captured by overall predictive

86  performance.

87 In this work, we introduce STAB-DKL, a multi-task deep kernel learning framework for protein
88  stability prediction and stabilizing mutation prioritization. STAB-DKL jointly learns from curated and
89  megascale AAG measurements through shared representations and dataset-specific GP heads, while
90 incorporating ATm as auxiliary supervision through selective representation sharing. The framework
91 integrates sequence, structural and evolutionary representations, including a structure-constrained
92  MSA descriptor designed to capture evolutionary constraints within the local structural environment
93  of the mutated residue. We evaluate predictive accuracy and uncertainty across held-out benchmarks
94 and assess mutation prioritization using a retrospective protein-level ranking benchmark. These
95 analyses show that integrating complementary stability measurements and protein representations
96 through STAB-DKL improves average predictive performance and the recovery of stabilizing

97  mutations while providing informative uncertainty estimates.
98  Results

99 STAB-DKL integrates heterogeneous stability information within a multi-task deep kernel

100  learning framework

101 To integrate heterogeneous protein stability data and quantify predictive uncertainty, we
102  developed STAB-DKL, a multi-task deep kernel learning framework for mutation-induced stability
103 prediction (Fig. 1). The framework was designed around three key aspects: data integration, feature

104  representation, and model architecture.

105 At the data level (Fig. 1, input data), megascale and curated AAG datasets differ substantially in
106  sampling density, protein coverage and experimental characteristics. ThermoMPNN'® and Stability
107 Oracle®® previously evaluated training strategies that combine megascale and curated AAG
108  measurements but reported limited overall benefit under their respective training protocols. To address

109  this, STAB-DKL models the two data sources within a multi-task framework that enables shared
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110  learning while retaining dataset-specific modeling. We further incorporate ATm as an auxiliary task to

111  provide complementary, but non-equivalent, stability supervision.

112 At the feature level (Fig. 1, feature extractor), STAB-DKL integrates complementary pretrained
113 sequence, structure-informed and alignment-based evolutionary representations. ESM2* embeddings
114  provide contextual sequence representations that implicitly encode evolutionary constraints learned
115  from large-scale natural protein sequences. For structural representation, we extended the
116  ThermoMPNN!® feature-extraction strategy by deriving ProteinMPNN* representations under both
117  backbone-only and backbone-plus-sequence conditioning, allowing geometry-dominated and
118  sequence-conditioned structural information to be captured separately. For evolutionary information,
119  we developed a structure-constrained MSA representation (StrucMSA) that incorporates the local
120  three-dimensional environment of the mutated residue into alignment-based evolutionary features (see

121 below and methods).

122 At the architectural level (Fig. 1, model architecture), STAB-DKL combines multi-task
123 representation learning with deep kernel learning. We adapted the Light Attention (LA) module*! used
124 in ThermoMPNN' to transform and integrate heterogeneous input features. The curated and
125  megascale AAG branches share this LA module and a multilayer perceptron (MLP) module to learn
126  common stability-related representations, while retaining separate Gaussian process (GP) heads for
127  dataset-specific probabilistic prediction. The ATm auxiliary task shares only the LA module but uses
128  its own MLP and GP head. During joint training, supervision from this dedicated ATm branch also
129  updates the shared LA parameters. Each GP head produces both a predictive mean and variance, with
130  Kernel Interpolation for Scalable Structured Gaussian Processes (KISS-GP)*¢ enabling scalable
131  inference. This architecture supports joint learning across heterogeneous stability datasets while

132  allowing each GP head to learn its own covariance and observation-noise parameters.
133 Heterogeneous stability data provide complementary information

134 To support multi-task learning across heterogeneous protein stability data, we assembled
135 candidate data from curated AAG, megascale AAG, and ATm measurements (Fig. 2a). Before
136  constructing the final training sets, we predefined four held-out benchmarks for model evaluation (Fig.
137 2a; Test set): the multi-protein Ssym** and S669'¢ datasets and the single-protein myoglobin** and

138 p53* datasets. S669 was derived from ThermoMutDB* and curated to reduce redundancy with
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139  commonly used training sets, whereas Ssym is a ProTherm-derived*® benchmark containing matched
140  direct and reverse mutations. Because some benchmark records share source databases with the
141  training pool, and because sequence homology could introduce information leakage, we fixed the
142  benchmark sets in advance and excluded any candidate training protein sharing more than 30%

143  sequence identity with a benchmark protein.

144 Following this filtering, the three training sources were curated separately (Fig. 2a). For the
145  curated AAG dataset, we integrated the widely used S2648%", Q3488% and S9028* datasets with
146  records from ThermoMutDB* and FireProtDB*’. After reconciling overlapping entries and applying
147  the sequence filter, 4,238 mutations were retained, forming the C4238 dataset. Experimental ATm
148 records from ThermoMutDB* and FireProtDB>® were processed using the same sequence-leakage
149  criterion, yielding 2,403 mutations (Tm2403). To minimize sequence similarity between the training
150  and validation sets, the remaining megascale proteins were clustered at 30% sequence identity, and 20
151  proteins from singleton clusters were reserved as the Ms20 validation set. The remaining 154 proteins

152  formed the Ms154 training set.

153 We next compared the three training datasets in terms of protein coverage, mutational density
154  and stability distributions to assess their complementarity. Ms154 provides substantially denser
155  mutational coverage per protein than C4238 and Tm2403 (Fig. 2b) but is concentrated in shorter
156  sequences (Fig. 2¢), with a median length of 56 residues compared with 131 residues for C4238 and
157 199 residues for Tm2403 (Fig. 2¢). The megascale AAG measurements also span a narrower range
158  than the curated AAG data (Supplementary Fig. 1a). Sequence-space analysis showed that C4238 and
159  Msl154 have limited similarity, with only 8% of C4238 sequences sharing more than 30% sequence
160  identity with Ms154 sequences (Fig. 2d). Tm2403 further broadens the sequence diversity represented
161  in the training data (Fig. 2d). This complementarity was also evident in mutation coverage, with 71%
162  of C4238 mutations and 94% of Tm2403 mutations occurring in proteins without a sequence match in
163 Ms154 (Supplementary Fig. 1b). In addition, ATm and AAG showed a strong inverse correlation (r
164 = —0.76; Supplementary Fig. 1c), consistent with ATm providing related but non-equivalent
165 information about protein stability. Together, these differences support the complementary use of

166  curated AAG, megascale AAG and ATm in the multi-task framework.

167 Because Ms154 was the largest AAG training source and was strongly enriched for destabilizing
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168  mutations (Supplementary Fig. 1a), we evaluated thermodynamic reversibility (TR) and
169  thermodynamic permutation (TP) to improve representation of stabilizing effects (Supplementary Fig.
170  2a). Without augmentation, mean Pearson correlations were 0.708 for direct mutations and 0.478 for
171  reverse mutations (Supplementary Fig. 2b). Applying TR to both the curated and megascale datasets
172  increased the reverse-mutation correlation to 0.707 while maintaining comparable performance for
173 direct mutations (r = 0.706; Supplementary Fig. 2b). This is consistent with previous findings that
174  reverse-mutation augmentation can reduce prediction bias and improve the prediction of stabilizing
175  variants®®*3! For the curated datasets, TR generally outperformed TP+TR, whereas adding TP to TR
176 for Ms154 yielded small improvements in Pearson correlation with similar Spearman correlations. We
177 therefore used TR for C4238 and Tm2403 and TP+TR for Ms154. Although TP+TR expanded Ms154
178  to approximately 2.84 million examples (Supplementary Fig. 2¢), predictive correlations approached
179  a plateau at around 20,000 sampled examples, with only small additional gains at larger sample sizes

180  (Supplementary Fig. 2d).

181 We next assessed the contribution of each supervision source by systematically removing
182  individual datasets from the complete model. Excluding C4238, Ms154 or Tm2403 reduced the mean
183  Pearson correlation by approximately 0.03 in each case (Fig. 2e), demonstrating that curated AAG,
184  megascale AAG and ATm each provide measurable and complementary information for stability
185  prediction. Whereas previous studies reported limited gains from direct pooling or sequential
186  training'®?°, STAB-DKL improved stability prediction by integrating heterogeneous data sources

187  within a multi-task framework.
188  Multimodal feature integration improves protein stability prediction

189 After establishing the complementary contributions of the three training data sources, we next
190  turned to feature representation and examined how sequence, structural and evolutionary information
191  contribute to stability prediction. The complete representation comprised 1,280-dimensional ESM2
192  features, 1,066-dimensional ProteinMPNN features and 61-dimensional MSA-derived features
193  (Supplementary Fig. 3a-b). ProteinMPNN features were organized according to two complementary
194  groupings: decoding condition, comparing backbone-only (MPNN-BB) with backbone-plus-sequence
195  conditioning (MPNN-BB&SQ), and feature type, comparing learned embeddings (MPNN-Emb) with

196  amino-acid log-probability features (MPNN-LogP) (Supplementary Fig. 3a). For MSA-derived
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197  representations, we first included conventional sequence-based features (MSA-Seq). We further
198  developed StrucMSA, which incorporates the local three-dimensional environment of the mutated
199  residue into alignment-derived evolutionary information (Supplementary Fig. 3¢; see Methods). The
200 resulting 60-dimensional feature set is referred to as MSA-Struc in subsequent analyses

201 (Supplementary Fig. 3b).

202 We first characterized the associations between individual feature groups and experimentally
203  measured stability effects across the four test datasets (Fig. 3a). These associations varied across
204  benchmarks. ProteinMPNN-derived features generally showed the strongest individual correlations,
205  whereas ESM-derived representations were particularly informative for myoglobin (Fig. 3a). When
206  the ProteinMPNN features were grouped by decoding condition, MPNN-BB&SQ generally showed
207  stronger associations than MPNN-BB (Fig. 3a). When grouped by feature type, MPNN-LogP
208  generally showed stronger correlations than MPNN-Emb (Fig. 3a). These patterns indicate that both
209  sequence conditioning and the type of ProteinMPNN-derived representation influence their association

210  with mutation-induced stability effects.

211 We then quantified the contribution of these representations through feature ablation (Fig. 3b).
212 Removing the complete ProteinMPNN feature set produced the largest performance decrease, reducing
213  the mean Pearson correlation from 0.713 to 0.618 for direct mutations and from 0.712 to 0.617 for
214  reverse mutations (Fig. 3b, upper panel). Removing ESM features also substantially reduced
215  performance, with Pearson correlation decreasing to 0.646 and 0.643 for direct and reverse mutations
216  respectively (Fig. 3b, upper panel). Similar trends were observed for Spearman correlation (Fig. 3b,
217  lower panel), supporting complementary contributions from pretrained sequence and structure-
218  informed representations. We next dissected the ProteinMPNN contribution according to the same two
219  feature groupings (Fig. 3b). Removing MPNN-Emb caused the largest decrease among the
220  ProteinMPNN subsets, lowering the mean Pearson correlation by approximately 0.035, whereas
221 removing MPNN-LogP resulted in a smaller decrease of approximately 0.01-0.02. Similarly, ablating
222  either the backbone-only or backbone-plus-sequence-conditioned features produced modest reductions
223  1in performance. The magnitude of these effects varied across benchmarks, indicating that different

224 components of the ProteinMPNN representation contribute differently across protein contexts.

225 We next examined the MSA-derived representations in greater detail. Although removal of the
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226 complete MSA feature set reduced model performance, this effect was driven primarily by MSA-Struc
227  (Fig.3b). Removing MSA-Struc decreased the mean Pearson correlation from 0.713 to 0.688 for direct
228  mutations and from 0.712 to 0.686 for reverse mutations, whereas removal of the conventional
229  sequence-based MSA features (MSA-Seq) produced little change (Fig. 3b). Consistently, MSA-Struc
230  showed stronger associations with experimental stability effects than MSA-Seq in three of the four
231  benchmark datasets, with the largest difference observed for myoglobin (Fig. 3a). Pairwise feature
232  correlation analysis further revealed substantial shared information between MSA-Struc and MSA-
233 Seq (Supplementary Fig. 3d). Together, these results suggest that incorporating local structural
234  context enhances the predictive utility of alignment-derived evolutionary information while retaining

235  substantial information shared with conventional MSA representations.

236 To compare the predictive utility of MSA-Struc with a pretrained MSA representation, we
237  replaced MSA features with embeddings from the MSA Transformer (ESM-MSA-1b). The two
238  representations yielded comparable Pearson correlations, whereas the MSA Transformer produced a
239  modestly lower mean Spearman correlation by approximately 0.015 (Fig. 3¢). Combining both
240  representations did not consistently improve prediction (Fig. 3d) and canonical correlation analysis
241  yielded correlations of 0.89 and 0.78 for the first two pairs of canonical components (Supplementary
242  Fig. 3e). These results suggest that MSA-Struc provides predictive utility comparable to that of
243  pretrained MSA embeddings within STAB-DKL while requiring no neural-network pretraining or
244  GPU inference. It also has substantially lower dimensionality and was generated 18 to 42 times faster
245  in our implementation (Fig. 3e). Together, these results establish structure-constrained MSA as an
246  efficient means of incorporating structurally informed evolutionary information into protein stability

247  prediction.
243  Multi-task deep kernel learning enables dataset-aware probabilistic modeling

249 We next examined the architectural choices underlying STAB-DKL and how information should
250  be shared across heterogeneous stability tasks. Removing the shared LA-derived module reduced
251  Pearson correlation by 0.072 and 0.025 and Spearman correlation by 0.058 and 0.023 for direct and
252  reverse mutations, respectively (Fig. 4a). These results support the contribution of this learned feature
253  transformation to stability prediction from heterogeneous sequence, structural, and evolutionary

254  representations.

10
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255 We then evaluated how MLP sharing affects predictive performance (Fig. 4a). Assigning
256  separate MLPs to the C4238 and Ms154 AAG branches reduced Pearson correlation by approximately
257  0.03 in both mutation directions, supporting the benefit of learning a common representation across
258  these datasets. Extending MLP sharing to the auxiliary ATm branch produced a larger reduction of
259  approximately 0.04~0.05, suggesting that using a separate MLP for the auxiliary ATm task is more
260  effective than sharing a single MLP across all three branches. Spearman correlation showed similar
261  trends across these ablations. Together, these results support sharing an MLP between the two AAG

262  branches while retaining a separate MLP for ATm.

263 STAB-DKL combines neural representation learning with GP regression within a DKL
264  framework to support probabilistic stability prediction and uncertainty estimation. We first assessed
265  the predictive contribution of this DKL formulation. Removing the GP layer while retaining the
266  upstream neural architecture reduced Pearson correlation by approximately 0.025 (Fig. 4a), supporting
267  the benefit of combining learned representations with GP regression. We then examined whether the
268  two AAG datasets benefit from separate GP heads. Although the curated and megascale branches share
269  the upstream LA-derived module and MLP, the joint-task variant reduced mean Pearson correlation
270  from 0.713 to 0.694 for direct mutations and from 0.712 to 0.690 for reverse mutations, with smaller
271  reductions in mean Spearman correlation in both directions (Fig. 4a). These results favor sharing
272  representations across the two AAG datasets while retaining dataset-specific GP heads. The predictive
273  distributions from these heads are subsequently combined through precision-weighted fusion (Fig. 1),
274  with each head’s contribution determined by the inverse of its predictive variance.

275 Having established the predictive benefit of the DKL architecture, we next evaluated its

276  uncertainty estimates against two alternatives: Monte Carlo (MC) dropout

and a probabilistic
277  regression model trained using Gaussian negative log-likelihood (Gaussian NLL)>** STAB-DKL
278  achieved higher overall predictive correlations, exceeding MC dropout and Gaussian NLL by
279  approximately 0.02 and 0.06 in Pearson correlation, respectively (Fig. 4b). To assess uncertainty
280  quality, we used miscalibration area, NLL, and the correlation between prediction residuals and
281  predicted variance. STAB-DKL achieved lower miscalibration area and NLL than MC dropout across

282  all evaluated datasets, whereas Gaussian NLL regression yielded the lowest values for both metrics

283  (Supplementary Fig. 4a). Residual-variance correlations varied across datasets, with no method

11
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284  consistently performing best (Supplementary Fig. 4a). Together, these results support our choice of

285  GP-based DKL for its higher predictive accuracy while retaining informative uncertainty estimates.

286 We then examined whether predicted variance could identify more reliable predictions. Selecting
287  progressively lower-variance subsets reduced RMSE and MAE across all test datasets (Fig. 4¢). For
288  p53, retaining the lowest-variance 20 to 40% of predictions reduced MAE to approximately 40% of
289  that for the full test set (Fig. 4c). These results suggest that predicted variance provides a useful
290  criterion for selecting more reliable stability predictions. Low-variance predictions clustered around
291  predicted AAG values near zero, whereas larger-magnitude predictions generally exhibited higher
292  variance (Supplementary Fig. 4b). Given the greater representation of near-zero AAG values in the
293  training data, this pattern suggests that the reliability of selected predictions may partly reflect training-

294  data coverage across the stability range.

295 Together, these analyses support sharing representations between the two AAG branches while
296  retaining dataset-specific GP heads and a separate MLP for the auxiliary ATm task. This DKL
297  architecture combines improved predictive performance with uncertainty estimates that can guide

298  prediction prioritization.
299 STAB-DKL achieves strong overall performance across diverse benchmarks

300 We evaluated STAB-DKL on four benchmark datasets spanning multi-protein collections (Ssym
301 and S669) and individual proteins (myoglobin and p53). Model selection was based on validation-set
302  performance, and STAB-DKL results were averaged over three random seeds. PROSTATA?® and
303  ThermoMPNN'® were retrained using our training data, while published results were used for Stability

304  Oracle® because its training code was unavailable (Fig. 5).

305 STAB-DKL achieved the highest mean Pearson and Spearman correlations in both mutation
306  directions, reaching approximately 0.71 for both metrics and exceeding Stability Oracle by
307  approximately 0.05 and 0.07, respectively (Fig. 5). The largest Pearson gains were observed on p53,
308  where correlations reached 0.85 and 0.86 for direct and reverse mutations, exceeding the strongest
309  comparator in each direction by 0.09 and 0.13, respectively. On myoglobin, Spearman correlation
310 reached 0.73 in both directions, compared with 0.66 for Stability Oracle. On S669, STAB-DKL

311  achieved the highest Pearson correlation of 0.56 and matched the retrained ThermoMPNN in Spearman

12
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312  correlation (0.58) in both directions. On Ssym, Pearson correlations were slightly below those of some
313  comparators, whereas Spearman correlations were marginally higher. These results demonstrate strong
314  overall performance across both multi-protein and single-protein benchmarks, with the most

315  pronounced gains observed on p53 and myoglobin.

316 We further examined whether predictive performance depended on the source of the structural
317  inputs. Using ESMFold* instead of AlphaFold3 (AF3) structures for training and validation had little
318 effect on performance, while AF3 structures at inference yielded a modest correlation improvement of
319  approximately 0.01 (Supplementary Fig. 5). These results support the applicability of STAB-DKL to

320  structures generated by either method.
321  STAB-DKL improves protein-level prioritization of stabilizing mutations

322 Beyond predicting stability changes, a practical objective is to identify stabilizing variants among
323  candidate mutations within a target protein. To evaluate this capability, we assembled HM7 (highly
324  stabilizing mutations across seven proteins), a benchmark for stabilizing mutation prioritization.
325 Protein targets were selected from the test datasets based on the availability of at least 50
326  experimentally characterized mutations and at least one stabilizing mutation, defined as AAG < —0.5
327  kcal/mol. Five of the seven targets contained five or fewer stabilizing mutations (Fig. 6a). We
328  compared STAB-DKL with Stability Oracle and retrained versions of ThermoMPNN and PROSTATA.
329  All metrics were calculated separately for each protein and then averaged across proteins. Pearson and
330 Spearman correlations assessed overall prediction performance, while four additional metrics
331  evaluated prioritization among the top K candidates: NDCG@K, which rewards ranking stronger
332  stabilizing mutations nearer the top; Precision@K, the fraction of selected candidates that are
333  stabilizing; Recall@K, the proportion of all experimentally identified stabilizing mutations recovered,

334  and F1@K, the harmonic mean of precision and recall.

335 STAB-DKL achieved the highest mean Pearson and Spearman correlations on HM7, reaching
336  0.715and 0.713, compared with 0.670 and 0.646 for the strongest comparators (Fig. 6b). Its advantage
337  was more pronounced in ranking stabilizing mutations. Relative to ThermoMPNN, the strongest
338  comparator for NDCG, STAB-DKL increased NDCG@)5 from 0.325 to 0.546, NDCG@10 from 0.345
339 10 0.572, and NDCG@20 from 0.408 to 0.601, corresponding to relative improvements of 68%, 66%,
340  and 47%, respectively (Fig. 6¢). Precision@]1, Precision@5, and Precision@10 reached 0.571, 0.371,
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341  and 0.295, compared with the best corresponding comparator values of 0.286, 0.2, and 0.2 (Fig. 6d).
342  Thus, STAB-DKL recovered a higher proportion of experimentally verified stabilizing mutations

343  among its top-ranked candidates.

344 Recall@K and F1@K showed similar improvements (Supplementary Fig. 6a-b), and the
345  ranking advantage was maintained under alternative stabilizing thresholds of —0.25, —0.75, and —1.0
346  kcal/mol (Supplementary Fig. 6¢). Notably, Stability Oracle and ThermoMPNN achieved similar
347  correlation scores but differed substantially in ranking performance, highlighting that ranking-based
348  metrics more directly assess a model’s ability to prioritize stabilizing variants than overall correlations.
349  Incorporating predicted variance into the ranking score yielded small additional improvements in
350 NDCG (Fig. 6e). Together, these results support the utility of STAB-DKL for prioritizing stabilizing
351 mutations for experimental evaluation, with uncertainty estimates providing complementary

352  information for candidate selection.
353  Discussion

354 In this study, we introduced STAB-DKL, an uncertainty-aware multi-task deep kernel learning
355  framework that integrates heterogeneous stability measurements and complementary protein
356  representations. By combining selective task sharing with dataset-specific GP modeling, STAB-DKL
357 improved average predictive performance and protein-level prioritization of stabilizing mutations

358 across the evaluated benchmarks.

359 STAB-DKL demonstrates how multi-task learning with selective representation sharing and
360  dataset-specific probabilistic modeling can exploit complementary information across heterogeneous
361  stability datasets. Megascale assays densely sample mutational landscapes in relatively small proteins,
362  whereas conventional measurements cover a broader range of protein lengths. ThermoMPNN!'® and
363  Stability Oracle?® established the value of megascale data but reported limited overall gains from
364  incorporating conventional measurements under their respective training protocols. In STAB-DKL,
365  curated and megascale AAG measurements jointly inform shared representations, while separate GP
366  heads accommodate dataset-specific covariance structure and observation noise. Ablation analyses of
367 the training datasets and model architecture support both the complementary contributions of these
368  datasets and the benefit of retaining separate GP heads. Their predictive distributions are combined

369  through precision-weighted fusion, allowing each branch’s contribution to vary across mutations
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370  according to its estimated uncertainty.

371 Integrating ATm extends this strategy to a related but non-equivalent measure of protein stability.
372 SPIRED-Stab®! previously combined AAG and ATm supervision through shared representations and
373  task-specific prediction heads. In STAB-DKL, ATm serves as an auxiliary task that informs the shared
374  feature transformation while retaining its own MLP and GP head. Removing Tm2403 reduced AAG
375  prediction performance, supporting the value of incorporating ATm data. Extending MLP sharing to
376  all three tasks also impaired AAG prediction, suggesting that restricting parameter sharing between
377  ATm and AAG to the LA module may limit interference with AAG-specific learning. The gains from
378  incorporating C4238 and Tm2403 may also reflect the larger training set and broader protein coverage
379  they provide.

380 Consistent with previous studies highlighting the value of structural information and sequence-

381  structure integration'®2°

, our feature ablations show that combining pretrained sequence and structural
382  representations substantially improves stability prediction. The additional contribution of StrucMSA,
383  together with the limited effect of removing conventional MSA features (MSA-Seq), suggests that
384  local structural context helps make alignment-derived evolutionary information more useful alongside
385  pretrained embeddings. Replacing MSA features with MSA Transformer embeddings yielded
386  comparable Pearson correlations, and combining the two did not consistently improve prediction,
387  supporting StrucMSA as a compact alternative within this framework. Generating StrucMSA
388  representations was also 18 to 42 times faster than generating MSA Transformer embeddings in our

389  implementation. Together, these findings support compact, structurally informed evolutionary features

390 as an efficient complement to pretrained sequence and structural representations.

391 Translating these gains in predictive accuracy into informed experimental decisions requires
392  uncertainty estimates for individual mutations. GP-based uncertainty estimates have informed

3031,56,57 a5 well as confidence

393  experimental selection in protein engineering and biological discovery
394  assessment and inverse-variance aggregation in studies of protein variation’**%%_ Within stability
395 prediction, BayeStab® incorporated Bayesian uncertainty estimation with an emphasis on separating
396  model uncertainty from data noise. Here, STAB-DKL’s dataset-specific GP modeling outperformed
397  the tested MC dropout baseline in both predictive accuracy and uncertainty calibration. Although

398  Gaussian NLL regression generally performed better on uncertainty metrics, its predictive accuracy
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399  was substantially lower than that of both STAB-DKL and MC dropout. These comparisons highlight
400 a favorable balance between predictive performance and uncertainty quantification in STAB-DKL.
401  Furthermore, STAB-DKL showed lower errors among low-variance predictions, supporting the use of

402  its uncertainty estimates as complementary information for assessing prediction reliability.

403 STAB-DKL’s ranking performance on HM7 highlights its value in prioritizing stabilizing
404  mutations for experimental testing. Previous studies, including SPIRED-Stab?! and DVE-stability??,
405  assessed the overlap between predicted and experimentally determined top K mutations within each
406  protein. Our HM?7 analysis evaluates both the proportion of experimentally verified stabilizing
407  mutations among the top K predictions and whether mutations with stronger stabilizing effects are
408  ranked higher. This emphasis is particularly relevant given the scarcity of stabilizing mutations in most
409  HM?7 candidate pools. Compared with established predictors such as ThermoMPNN'® and Stability
410  Oracle?®, STAB-DKL identified a higher proportion of stabilizing mutations among its top-ranked
411  candidates and achieved higher NDCG. These advantages were not fully captured by conventional
412  correlation metrics. Incorporating predictive uncertainty further improved ranking, providing
413  complementary information for candidate selection. Together, these findings highlight the importance
414  of assessing stability predictors by both the recovery of stabilizing mutations and the magnitude of

415  stability gains among their top-ranked candidates.

416 STAB-DKL still has several limitations that need to be considered in practice and addressed in
417  future work. The model is trained and evaluated primarily on in vitro stability measurements, which
418  do not fully capture the cellular processes that govern protein folding, degradation and function'-!-%2,

419  Integrating stability measurements with cellular phenotypes could help connect predicted

59,63 6,33,64-66 Our

420  thermodynamic effects to changes in protein abundance®’, aggregation and activity
421  evaluation also focuses on single substitutions. Extending the framework to combinations of mutations
422  will require assessing epistatic interactions that can alter their combined effects®’. Finally, the ranking
423 results derive from retrospective candidate pools spanning a limited number of proteins. Prospective

424  testing across more diverse targets will be important for validating STAB-DKL’s ability to prioritize

425  stabilizing mutations.

426 In summary, STAB-DKL provides a framework for learning from complementary stability

427  measurements while accounting for dataset differences and quantifying predictive uncertainty. Its
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selective task sharing and dataset-specific GP heads offer a basis for incorporating additional datasets
with different protein coverage and experimental readouts. More broadly, STAB-DKL could help
explore how sequence variation shapes protein folding stability, offering insights into disease-

associated protein dysfunction and guiding the design of stable, functional proteins.
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432 Methods

433  Dataset Curation
434 The  megascale  dataset'”  was  obtained from the Zenodo  repository

435  (https://zenodo.org/records/7992926), using the file

436 Tsuboyama2023 Dataset2 Dataset3 20230416.csv. Only entries corresponding to natural proteins
437  were retained, and records lacking AAG measurements or containing more than one amino-acid
438  substitution were excluded. The S2648°%, Q3488%% P53%, Myoglobin*® $669'¢, and Ssym*? datasets

439 were obtained from the PROSTATA?® GitHub repository  (https:/github.com/AIRI-

440  Institute/PROSTATA). The S9028, thermoMut and FireProt datasets were obtained from ddMut*

441  (https://biosig.lab.uqg.edu.au/ddmut/data), ThermoMutDB*

442  (https://biosig.lab.ug.edu.au/thermomutdb/), and FireProtDB>

443 (https://loschmidt.chemi.muni.cz/fireprotdb/), respectively. To construct the curated AAG dataset,

444  records from S2648, Q3488, S9028, thermoMut, and FireProt datasets were combined and overlapping
445  entries were reconciled. For mutations with multiple reported values, the entry with the largest absolute
446  AAG was retained. For FireProt entries annotated with multiple PDBs, preference was given to PDBs
447  already represented in other training datasets; otherwise, the first listed PDB was used.

448 Wild-type sequences were derived from the corresponding PDB files, and mutant sequences
449  were generated according to the annotated substitutions, yielding 7,486 mutation records. To minimize
450  sequence leakage into the held-out benchmark sets, sequence similarity between candidate training
451  proteins and test proteins was assessed using MMseqs2 (-e inf --alignment-mode 3 --cov-mode 0). The

452  resulting alignments were used to calculate a coverage-adjusted sequence identity as

453 I = pident % Lalignment (1)

maX(Lquery'Ltarget)

454 where pident is the fraction of identical residues within the aligned region, Lajignment 18 the

455  alignment length, and L and Liarger are the lengths of the query and target sequences,

query
456  respectively. Equivalently, this metric corresponds to the number of identical residues in the alignment
457  divided by the length of the longer sequence. This coverage-adjusted measure was used to quantify
458  sequence similarity between data partitions and identify highly similar sequences that could introduce

459  potential information leakage. Sequences with >30% coverage-adjusted sequence identity to any test

18


https://zenodo.org/records/7992926
https://github.com/AIRI-Institute/PROSTATA
https://github.com/AIRI-Institute/PROSTATA
https://biosig.lab.uq.edu.au/ddmut/data
https://biosig.lab.uq.edu.au/thermomutdb/
https://loschmidt.chemi.muni.cz/fireprotdb/

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.09.30.000357. This version posted September 30, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0
https://creativecommons.org/licenses/by-nc-nd/4.0

460  set sequence were excluded, resulting in the curated dataset C4238. Similar procedures were applied
461  to thermoMut and FireProt, yielding Tm2403.

462 For the megascale dataset, sequences with >30% coverage-adjusted sequence identity to any
463  held-out test set sequence were first removed to minimize potential sequence-level information leakage.
464  To construct a validation set that was sequence-separated from all training data sources, the remaining
465  megascale sequences were pooled with sequences from C4238 and Tm2403 for clustering using
466  MMseqs2 easy-cluster (--min-seq-id 0.3 -c 0). Megascale sequences belonging to singleton clusters in
467  this combined sequence pool were preferentially selected until 20 proteins were reserved as the
468  validation set (Ms20). The remaining megascale proteins were assigned to the training set (Ms154).
469  C4238 and Tm2403 sequences were used only for clustering and were not included in either Ms20 or
470  Msl54.

471

472  Data augmentation

473 We employed two previously described strategies for data augmentation. Thermodynamic
474  reversibility (TR) leverages the state-function property of Gibbs free energy to compute AAG for
475  reverse mutations. For example, the AAG of S—A is the negative of that measured for A—S, following
476  previous implementation in Thiltgen, G. et al®® (Supplementary Fig. 2a). Thermodynamic
477  permutation (TP) generates additional mutation data at positions for which multiple substitutions have

120

478  been experimentally characterized, as described in Daniel J. Diaz et al=”. For example, if the wild-type

479  residue is S and experimental AAG values are available for S—>G and S— A mutations, the AAG for

480 G—A can be inferred from the difference between the two measurements, AAGs .o—AAGs .G, with

481  A—G given by the negative of this value (Supplementary Fig. 2a).

482

483  Data Sampling

484 Given the large size of the augmented megascale dataset and the potential redundancy in
485  information contributed by multiple variants from the same protein, we applied proportional, sequence-
486  based sampling to the augmented Ms154 dataset. Specifically, sampling was performed while
487  preserving the original distribution of mutation counts across distinct protein sequences. We evaluated

488  subsets containing 10,000, 20,000, 40,000 and 60,000 samples. Model performance approached a
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489  plateau at approximately 20,000 samples, with only modest additional gains at larger sample sizes. We
490  therefore used 60,000 samples for the final model to leverage the available training data while retaining
491  these incremental performance gains. For the validation dataset (Ms20), we applied the same
492  proportional, sequence-based sampling strategy to select 500 forward-mutation records.
493  Corresponding reverse mutations were then generated using TR, yielding separate forward- and
494  reverse-mutation validation sets of 500 records each. Both sets were used for model selection.

495

496  Training label scaling

497 Before training, the megascale AAG values and ATm values were rescaled to match the standard
498  deviation of the curated AAG training values. For each dataset, values were multiplied by the ratio of
499  the curated AAG standard deviation to that dataset’s standard deviation. Standard deviations were
500 calculated from the training data after augmentation and sampling.

501

502 STAB-DKL Architecture

503 STAB-DKL is a multi-task deep kernel learning framework consisting of two main components:
504 a multi-modal feature extractor and a multi-task deep kernel learner. The framework integrates
505  sequence, structural and structure-constrained evolutionary representations to jointly model AAG and
506  ATm, with ATm serving as an auxiliary task during training.

507 Feature reuse during data augmentation

508 Structural and StrucMSA features were generated once from the original WT sequences and
509 reused for the corresponding augmented variants, with mutation-specific differences recalculated for
510  each substitution. The MSA features depend on the set of homologous sequences identified in the initial
511  search, which is expected to remain largely unchanged after a single amino-acid substitution. Structural
512  feature reuse avoids redundant structure prediction across the large number of augmented variants.
513  Sequence features

514 For each mutation, we first obtained the 33rd-layer hidden representations for both the wild-type

515 and mutant sequences using the pretrained ESM2-650M model*’

. The residue-level embeddings
516  corresponding to the mutation site were then extracted, and their difference was used as the sequence
517  representation, reflecting the local perturbation induced by the mutation in the learned sequence space.

518  Structural features
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519 ProteinMPNN*’ was used to derive structure-informed representations. WT structures were
520  processed under two decoding settings—with and without sequence conditioning. From both decoding
521  modes, residue-level embeddings and hidden-state vectors at the mutation position were collected.
522  Additionally, we extracted the log probabilities of 20 amino acids at the mutation site from
523  ProteinMPNN’s final layer and computed the difference between WT and mutant log probabilities.
524  These components were concatenated to form the final structural feature vector.

525  StrucMSA features

526 To incorporate evolutionary information while respecting structural context, we generated
527  structure-constrained MSAs using MMseqs2 (UniRef90 database). Each MSA was filtered according
528  to the local structural proximity to the mutation site. Specifically, the distance of each other residue
529  was defined as the minimum distance between the Ca atom of the mutated residue and any atom of
530 that residue. For each radius from 1 to 20 A, at 1 A intervals, homologous sequences were retained if
531  they matched the wild-type sequence at >50%, >75% or 100% of the neighboring positions within that
532  radius. The 60 filtering conditions, together with the original unfiltered alignment, yielded 61 amino-
533 acid frequency profiles. For each alignment, the log-probability difference between wild-type and
534  mutant residues at the mutation site was computed and concatenated to form the final MSA feature
535  representation.

536  Multi-task deep kernel learning module

537 Following feature extraction, the concatenated input features for all tasks were passed through a
538  shared LA module. The curated and megascale AAG tasks shared the same multilayer perceptron (MLP;
539  hidden sizes: 1024 and 256; output size: 2), whereas the ATm task used a separate MLP with the same
540  architecture. Each task was modeled by a separate GP using a radial basis function (RBF) kernel with
541  automatic relevance determination (ARD), together with a Gaussian likelihood. To enable scalable GP
542  inference, the GP covariance functions were approximated using KISS-GP with grid interpolation. The
543  GP mean function, kernel hyperparameters and observation-noise parameters were task-specific and
544  optimized by minimizing the weighted negative marginal log likelihood. Each GP yielded a predictive
545  Gaussian distribution characterized by a predictive mean and variance.

546 The two AAG predictions were subsequently combined by precision-weighted fusion. Let p;
547 and of denote the predictive mean and variance of the i-th AAG task, respectively. The fused

548  predictive mean is given by:
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549

o _ Zi(wi/o?)
>20 eV 2)
551 and the corresponding predictive variance is:

02 = —1
552 0t =S (3)
553 where the predictive variances used for fusion were obtained after applying the Gaussian

554  likelihood. This precision-weighted scheme assigns greater weight to predictions with lower
555  uncertainty while accounting for the task-specific predictive variance.

556

557  Training Configuration

558 STAB-DKL was trained using negative Exact Marginal Log Likelihood (EMLL) as the objective,
559  with the total loss computed as a weighted sum of three tasks—ATm, curated AAG, and megascale
560 AAG—with weights of 0.5, 0.25 and 0.25 respectively. The higher weight for ATm reflects its role as
561  auxiliary supervision, while the curated and megascale AAG tasks are assigned equal weights in the
562  training objective.

563 Optimization was performed using the Adam optimizer (betas = (0.9, 0.99)), with a learning rate
564 of 1x 1072 for the GP layers and a learning rate sweep from 1 X 10™*to 1 X 1072 for the LA
565 module and MLP layers. A Cosine Annealing LR schedule was employed for the learning rate. Models
566  were trained for 50 epochs, with the optimal model selected based on validation performance.

567 For validation, the Ms20 dataset was augmented via thermodynamic reversibility (TR),
568  producing two validation sets containing forward and reverse mutations, respectively. This ensured
569  that model evaluation accounted for both mutation directions. Among epochs >30, the best model was
570  selected based on the maximum sum of Pearson and Spearman correlation coefficients across the two
571  validation sets.

572

573  Post-training prediction scaling

574 To calibrate the magnitude of the predicted AAG values, post hoc scaling was performed using
575  the validation set. A scaling factor s was initialized at 1.0 and increased iteratively by 0.1. At each

576  step, the raw predictions were divided by the corresponding scaling factor:

w

577 yscaled = % 4)
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578  where yraw and yscaled denote the raw and scaled AAG predictions, respectively. The selected
579  factor was updated only when a candidate reduced validation MSE by more than 10% relative to the
580  most recently accepted factor. The resulting scaling factor was then fixed and applied to the final
581  predictions.

582

583  Monte Carlo dropout

584 Monte Carlo dropout is a technique for uncertainty estimation in neural network predictions, in
585  which dropout is interpreted as approximate Bayesian inference. During inference, dropout layers
586  remain active and multiple stochastic forward passes are performed to sample from an approximate
587  predictive distribution. In our study, dropout was enabled during inference and 50 stochastic forward
588  passes were performed for each input. The predictive mean and variance were calculated from the
589  resulting predictions.

590

591  Gaussian negative log-likelihood

592 The Gaussian negative log-likelithood (NLL) is a probabilistic loss function commonly used in
593  regression tasks to jointly learn predictive means and variances. It assumes that each target value y is
594  drawn from a Gaussian distribution parameterized by the model’s predicted mean u and variance o2.
595 In our application, we optimized the model by minimizing the Gaussian NLL, which penalizes
596  both large residual errors and overconfident uncertainty estimates. The loss function is formulated as:
597 Ly = 1 [log(amo?) + 222 5)
598  where pand o2 represent the predicted mean and variance, respectively, and 7 is the true target value.
599

600  Uncertainty evaluation

601 All uncertainty analyses were performed on the final fused AAG predictions and their
602  corresponding predictive variances. Calibration was evaluated using the miscalibration area (MA),
603  calculated across nominal confidence levels from 0.01 to 0.99 at 0.01 intervals. For each confidence
604 level (c), the prediction interval was defined as 9 + z.0, where z, = ®~1[(1 + ¢)/2], and empirical
605 coverage was calculated as the proportion of test samples whose observed values fell within the

606  corresponding intervals. MA was calculated as the mean absolute difference between empirical and
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607 nominal coverage across all confidence levels:

608 %Z?ZJCoverage(cj) — ¢ (6)

609

610  Predictive likelihood was evaluated using the mean Gaussian negative log likelihood (NLL):

611 ~¥, [(y iz;‘i;")z + %log(Znaiz)] (7)
612

613  where w; and of denote the predicted mean and variance, respectively. The association between
614  predictive uncertainty and prediction error was further assessed using Spearman correlation between
615  the predictive variance and the absolute residual, |y; — y;|. For selective prediction analysis, samples
616  were ranked by predictive variance, and subsets with the lowest variance were retained at predefined
617  retention fractions. All metrics were calculated using the final fused AAG prediction.

618

619  Evaluation metrics

620 We evaluated STAB-DKL using two classes of metrics to capture different aspects of model
621  performance: regression-based and ranking-based metrics.

622 For regression performance, we reported the Pearson and Spearman correlation coefficients, as
623  well as root mean squared error (RMSE) and mean absolute error (MAE).

624 To assess the model’s ability to prioritize stabilizing mutations, we used a modified NDCG@K
625 metric. For a given set of predicted mutations, let y; denote the experimental AAG of mutation
626 i (more negative AAG indicates a greater stabilizing effect). Mutations with y; < —0.5 kcal/mol were

627  considered stabilizing.

628 Discounted cumulative gain (DCG@K) is defined as:

_ vk Yil(yi<-0.5)
629 DCG@K = Zi:l—logz(ri+1) (8)
630 where 7; is the rank of mutation i in the predicted top K (ordered from most negative predicted

631  AAG to less negative), and 1(-)is the indicator function selecting only stabilizing mutations. Ideal
632 DCG (IDCG@K) is computed analogously from the experimentally observed AAG values, using the

633  top K most stabilizing mutations:

ideal | 1 (ylidcal<_0_5)

—_ VK Vi
634 IDCG@K - Zi:l logz(riidcal+1)

©)
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635 Finally, the normalized DCG is:

_ DCG@K
636 NDCG@K = DOGGK (10)
637 This metric emphasizes the model’s ability to rank the most stabilizing mutations at the top of

638  the prediction list. Precision@K, Recall@K and F1@K were additionally computed to quantify the

639 fraction of stabilizing mutations captured in the top K predictions:

640 Precision@K = # of stabilizing rzutations in top K (11)
Recalgk — Sk oo 2
642 F1@K = 2 X (Precision@K x Recall@K) + (Precision@K + Recall@K) (13)
643

644  Uncertainty-guided mutation prioritization

645 For each protein, we used the model’s predicted mean and variance to compute an uncertainty-

646  adjusted prioritization score for all target mutations. Specifically, the predictive variance was first

647  shifted to impose a positive lower bound:

648 var’ = var — min(var) + A (14)
649  where A is a variance adjustment term that defines the lower bound of the effective variance and
650 modulates the contribution of predictive uncertainty to the prioritization score. Next, a probability-

651  based stability score was computed as:

652 score = —<D(—O.5;u,\/var’) (15)

653  where ®(-)denotes the cumulative distribution function of a Gaussian distribution with predictive
654 mean y and variance var’. The resulting score incorporates both the predicted AAG and its associated
655  uncertainty, with lower scores corresponding to mutations with a higher probability of satisfying the
656  stability criterion (AAG < —0.5).

657

658  PROSTATA retraining

659 The PROSTATA model was reproduced using the official source code available at
660  https:/github.com/AIRI-Institute/PROSTATA. The model was retrained using the megascale AAG

661  training set used in our study, without a separate validation set. Following the original implementation,

662  the final prediction was obtained by averaging the outputs from five separately trained models with
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663  different regression heads. Training was performed with a batch size of 8 and gradient accumulation
664  over 8 steps. The model was optimized using the Adam optimizer with a learning rate of 1 X 107> for
665 3 epochs.

666

667 ThermoMPNN retraining

668 The ThermoMPNN model was obtained from the official repository at

669  https://github.com/Kuhlman-Lab/ThermoMPNN. The model was retrained using the same megascale

670  AAG training—validation split used in our study. No thermodynamic reversibility or permutation
671  augmentation was applied to the training data. All other hyperparameters followed the original
672  ThermoMPNN implementation.

673

674 Data and code availability: The STAB-DKL source code, documentation, example files, and
675  processed training, validation and test datasets are available on GitHub at https://github.com/wanglab-
676  szbl/STAB-DKL. Trained model weights and precomputed features are available from Zenodo at
677  https://doi.org/10.5281/zenod0.20339667.
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Fig. 1. Overview of STAB-DKL. Schematic of the STAB-DKL architecture illustrating how data from
different sources are processed for feature extraction, training, and prediction. Features for mutations
in the curated AAG (C4238), megascale AAG (Ms154) and curated ATm (Tm2403) datasets are first
obtained using the Feature Extractor. All the tasks share the same LA module; C4238 and Ms154 then
use a shared MLP, whereas Tm2403 uses a separate MLP. Each branch produces a predictive mean
and variance through a dataset-specific KISS-GP head. During training, the combined loss from all
three tasks is used for optimization, whereas during inference, only the C4238 and Ms154 outputs are
combined through precision-weighted fusion to form the final predictive distribution. In the Structure
Extractor, “backbone only” means that only the protein backbone information is used during decoding,
whereas “backbone & sequence” means that both backbone and sequence information are utilized.
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Fig. 3. Systematic assessment of feature representations and their impact on model performance.
a, Bar chart showing the absolute Spearman correlations between feature values and experimental
AAG values across different feature types in each test dataset. b, Model performance after ablating
different feature types, shown as point plots with mean + SD. ¢, Model performance when the original
MSA features were replaced with ESM-MSA-1b embeddings, shown as point plots with mean + SD.
d, Model performance when the MSA features and the ESM-MSA-1b embeddings were incorporated
together, shown as point plots with mean = SD. e, Line plot illustrating the time required to extract
different feature types as a function of protein sequence length.
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Fig. 4. Evaluation of model architecture and uncertainty assessment. a, Ablation analysis of model

architecture and task-sharing strategies, shown as point plots with mean £ SD. b, Comparison of

predictive performance among STAB-DKL, MC dropout and Gaussian NLL regression. Results are
shown as point plots with mean + SD. ¢, Relative RMSE and MAE on the four test datasets for the top
n% of predictions ranked in ascending order of predictive variance.
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Fig. 5. Performance comparison of STAB-DKL and other methods for predicting mutation-
induced stability changes. Dot plots showing Pearson (top) and Spearman (bottom) correlation
coefficients for direct and reverse mutations in the myoglobin, p53, S669 and Ssym test datasets.
Different colors and symbols represent different prediction methods. “Average Direct” and
“Average Reverse” indicate the mean correlations across the four test datasets for direct and reverse
mutations, respectively. Results are shown for both the original and retrained ThermoMPNN models,

together with retrained PROSTATA.
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900
901  Fig. 6. Performance comparison of STAB-DKL and other methods for prioritizing stabilizing

902 mutations. a, Dot plot showing the numbers of stabilizing mutations (AAG < -0.5 kcal/mol) and total
903  numbers of experimentally characterized mutations for each of the seven proteins in the HM7 dataset.
904 b, Bar chart showing mean Pearson and Spearman correlations between predicted and observed values
905 across different proteins in the HM7 dataset for each method. Results are presented as mean + SEM.
906 ¢, Bar chart illustrating the performance of different modeling approaches on NDCG@5, NDCG@10,
907 and NDCG@?20 metrics. Results are presented as mean + SEM. d, Bar chart illustrating the
908  performance of different modeling approaches on Precision@]l, Precision@5, and Precision@10
909  metrics. Results are presented as mean + SEM. e, Line plots showing changes in NDCG@S5,
910 NDCG@10, and NDCG@?20 under different variance offset settings.
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Supplementary Fig. 1. Distribution and relationship of stability-related data used for model
development. a, Histograms showing the distribution of AAG and ATm across datasets. b, Mutation-
level similarity among the Tm2403, C4238, and Ms154 datasets. ¢, Correlation between AAG and

ATm for 992 overlapping mutations shared by the Tm2403 and C4238 datasets.
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Supplementary Fig. 2. Data augmentation strategies for model development. a, Schematic
illustration of TR and TP data augmentation strategies. b, Comparison of model performance under
different augmentation strategies applied to the training datasets. Paired augmentation labels indicate
the strategies applied to C4238/Tm2403 and Ms154, respectively. Shown as point plots with mean +
SD error bars. ¢, Bar plot illustrating dataset expansion achieved by TR and TP + TR augmentation. d,
Line plot showing the effect of training sample size on model performance using subsets sampled from
the augmented Ms154 dataset.
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927
928  Supplementary Fig. 3. Composition and relationships of the input features. a, Hierarchical
929  diagram illustrating the composition of the different input feature components. b, Bar plot showing the
930 dimensionality of different feature types. ¢, Schematic overview of the StrucMSA feature extraction
931  process. d, Histograms showing the distribution of Spearman correlations for MSA-Seq and MSA-
932  Struc feature types. e, The first 10 canonical correlations between MSA-derived features and ESM-
933  MSA-1b embeddings, obtained by canonical correlation analysis (CCA).
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Supplementary Fig. 4. Evaluation of predictive uncertainty. a, Bar chart comparing uncertainty
metrics including Miscalibration Area, Negative Log Likelihood, and Residual—Variance Correlation
for STAB-DKL, Gaussian NLL and MC dropout. b, Scatter plots of STAB-DKL predictions versus

observed values for different test sets, colored by the rank of predictive variance.
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Supplementary Fig. 5. Effect of predicted structure sources on model performance. Comparison
of model performance using different combinations of AlphaFold3- and ESMFold-predicted structures
for the training/validation and test datasets. “Train&Valid” and “Test” indicate the structure sources
used for training and validation, and for testing, respectively. Results are shown as point plots with

mean + SD.
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948  Supplementary Fig. 6. Evaluation of model performance using ranking metrics. a, Bar chart
949  1illustrating the performance on Recall@5, Recall@10, and Recall@20 metrics for various methods. b,
950  Bar chart illustrating the performance on F1@5, F1@10, and F1@20 metrics for various methods. ¢,
951  Bar charts illustrating NDCG@5, NDCG@10, and NDCG@?20 for different methods when using
952  stability thresholds of —0.25, —0.75, and —1. Results are presented as mean + SEM.
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