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18  Abstract
19  Enzyme kinetics prediction is a fundamental challenge, and numerous computational methods
20  have been developed. However, most methods rely on absolute regression across heterogeneous
21  datasets, which are noisy and prone to regression-to-the-mean bias, limiting accurate
22 identification of highly active enzymes. Here we present DeltaKcat, a siamese neural network
23 framework that reformulates kinetics prediction as a pairwise relative learning problem. By
24 learning pairwise differences within consistent experimental contexts, DeltaKcat improves
25  accuracy, robustness, and generalization over state-of-the-art methods. This framework enables
26  DeltaKcat to (i) mitigate inter-study variability, (ii) generalize to unseen enzymes and substrates,
27  and (iii) prioritize highly active enzymes. We demonstrate these capabilities through systematic
28  benchmarking and external adenylate kinase dataset validation. We anticipate that this approach
29  will be broadly useful for enzyme discovery and engineering, and more generally for learning
30 from noisy biological data.
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32 Introduction

33 Enzymes are the fundamental functional units of life, governing the rates and efficiencies of
34  biochemical reactions'. Their activity is quantitatively described by enzyme kinetics, which
35  determines catalytic efficiency®, including the turnover number (kcat), Michaelis constant (Ky),
36  and catalytic efficiency (kca/Km). However, despite the more than 230 million protein sequences
37  in UniProt’, fewer than 0.1% are linked to experimentally measured kinetic parameters in
38  databases such as BRENDA® and SABIO-RK”, highlighting a substantial gap between enzyme
39  sequence availability and quantitative characterization of enzyme function'®. Consequently,
40  enzyme kinetics characterization increasingly relies on computational methods''"'*. Recent
41  machine learning approaches predict enzyme kinetic parameters by jointly modeling enzyme
42  sequences and substrates to predict the kinetic values'*!'°. These methods have evolved from
43  traditional machine learning to deep learning frameworks'>, and more recently to large
44  pretrained protein and molecular models that further improve predictive performance'® 202,
45  However, two fundamental challenges critically limit current approaches and must be explicitly
46  addressed. First, the enzyme-substrate space is extremely sparse and unevenly sampled, with
47  many enzyme classes represented by only a small number of experimentally characterized
48  instances, severely limiting generalization to unseen sequences and substrates®* 2427, Second,
49  kinetic measurements exhibit substantial cross-study variability, where reported values for the
50 same enzyme-substrate system can differ by orders of magnitude due to differences in
51  experimental conditions and protocols, introducing strong systematic noise into training data®®
52 % Together, these limitations make direct prediction of absolute kinetic parameters challenging
53  for real-world applications such as enzyme discovery and engineering. In particular, models
54  trained on heterogeneous datasets tend to capture dataset-specific biases rather than true
55  biophysical relationships, limiting their ability to extrapolate beyond curated benchmarks?!.
56  Therefore, overcoming these limitations requires a fundamental reformulation of enzyme
57  kinetics prediction beyond absolute value estimation toward learning invariant functional
58  relationships.

59  To address these challenges, we propose DeltaKcat, which reformulates enzyme kinetics
60  prediction as a pairwise relative learning problem, where the model learns kinetic differences
61  between paired enzyme-substrate systems rather than predicting absolute values independently.
62 By comparing enzyme pairs within a consistent experimental context (e.g., within the same
63  study), this formulation effectively reduces cross-study systematic bias and the impact of
64  measurement inconsistency. Importantly, it shifts the learning objective from dataset-dependent
65  values to functional relationships between sequence and substrate changes. This pairwise
66  formulation also increases the effective size of training data, as each study yields multiple valid
67  comparisons, substantially increasing usable data without additional experiments. DeltaKcat is
68  trained on a high-quality, large-scale dataset integrated from BRENDA, SABIO-RK, and
69 literature-mined resources. We further introduce a reference-based reconstruction strategy to
70  recover absolute kinetic parameters from predicted relative differences, enabling benchmarking
71  and evaluation across multiple challenging settings, including low-sequence similarity, cold-
72 start scenarios, and cross-family generalization. Overall, this work establishes a general
73  framework for enzyme kinetics prediction based on pairwise relative functional learning and
74  provides a principled approach for robust prediction of noisy dataset.

75
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76  Results
77  Overview of DeltaKcat
78  We first constructed a comprehensive dataset of enzyme kinetic parameters by integrating kcat,
79 K, and kea/Kn measurements from the BRENDA® and SABIO-RK® databases, and further
80  expanding coverage using large language model-based literature mined resources, including
81  EnzyExtraDB?*? and Enzyme Co-Scientist*. After removing entries lacking substrate simplified
82  molecular input line entry system (SMILES) and duplicate records, the curated dataset contains
83 135,072 kcat, 208,176 K, and 110,624 kca/ K measurements, spanning 35,076 unique protein
84  sequences and 13,705 distinct substrates (Supplementary Fig. 1). To reduce cross-study
85  variability, we reorganized the data into paired representations of enzyme-substrate complexes
86  within the same study. By fixing either the enzyme or the substrate within each pair, this design
87  enables the model to disentangle sequence-driven and substrate-driven effects under a
88  consistent experimental context. By separating these two pair types, we could explicitly
89  distinguish kinetic changes caused by enzyme sequence variation from those caused by
90  substrate variation. These capture (i) variation across enzyme sequences while shared substrates,
91  and (ii) variation across substrates with shared enzymes, yielding 117,873/92,187/51,748 and
92  142,909/160,331/98,669 paired samples for kca, Km, and kca/Km, respectively (Supplementary
93  Fig.2).
94
95  We developed DeltaKcat, a siamese neural network model that predicts relative enzyme kinetic
96 differences between enzyme-substrate complexes (Fig. 1). The model takes as input a pair of
97  enzyme-substrate complexes and learns the difference in their kinetic properties. For each
98  complex, the protein sequence and substrate molecule are encoded using pretrained models
99  (ProtT5* for proteins, and MolT5% for substrates), complemented by molecular access system
100 (MACCS) fingerprints, and integrated via a gated cross-attention module to capture enzyme-
101  substrate interactions. The resulting representations from the two complexes are then combined
102  through explicit differencing, together with their individual features, and fed into a multilayer
103  perceptron (MLP) to predict relative kcar, Km, Or kca/Km. This formulation shifts the learning
104  objective from absolute values to invariant functional relationships, improving robustness to
105  data heterogeneity.
106
107  Prediction of relative enzyme Kkinetics
108  DeltaKcat shows strong predictive performance across relative kinetics prediction on both
109  sequence-diversity and substrate-specificity tasks, achieving high correlations across all three
110  relative kinetic prediction targets (Akca, AKm, and Ake/Knm), with Pearson correlation
111 coefficients (PCC) reaching up to 0.80 (Fig. 2a). Considering the inherent noise and cross-study
112 variability in enzyme kinetic measurements, these correlation levels indicate that the model is
113  able to recover substantial functional signal from highly heterogeneous data. Notably, we
114  observe a clear task-dependent pattern in predictive performance. Ak is most accurately
115  predicted in the sequence-diversity task, whereas AKn, is best predicted in the substrate-
116  specificity task (Fig. 2a), suggesting that the model is more sensitive to sequence-driven
117  variations in catalytic turnover and substrate-driven variations in binding affinity. To further
118  assess generalization beyond random-split settings, we further evaluated DeltaKcat under a
119 more challenging unseen-sequence or unseen-substrate scenario (cold-start). While
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120  performance is lower under this setting, AKy, remains strongly predictable in the unseen-
121  substrate setting, achieving a PCC of 0.74, highlighting robust generalization to novel
122 substrates (Fig. 2b), indicating that the model retains robust predictive capability when
123 extrapolating to previously unobserved enzyme-substrate combinations.

124

125  We next examined performance across different sequence contexts. DeltaKcat achieves higher
126  accuracy when comparing mutants than when comparing distinct wild-type sequences
127 (Supplementary Fig. 3), suggesting that kinetic changes induced by local sequence
128  perturbations are more predictable than those arising from larger evolutionary divergence. The
129  model showed consistently similar performance across all enzyme commission (EC) classes,
130 indicating robust generalization across diverse functional categories (Supplementary Fig. 4).
131  Beyond regression accuracy, DeltaKcat also reliably captures the direction of kinetic changes
132 with an accuracy of 0.71, indicating that the model learns meaningful relative sequence-
133 function relationships (Fig. 2¢ for kca, Supplementary Fig. 5 for K and kca/Km). All results are
134  consistent across three independent runs (Fig. 2a-c), demonstrating the stability of the model
135  across different data splits. Ablation studies showed that each component of DeltaKcat
136  contributes to performance, with module-specific effects observed across sequence-diversity
137  and substrate-specificity tasks (Supplementary Fig. 6).

138

139  Absolute kinetic parameter prediction on the sequence-diversity task

140  While relative kinetic parameters are central to enzyme engineering, absolute Kkinetic
141  parameters are also essential for systems-level applications. We therefore extended DeltaKcat
142 to absolute value prediction using a reference-based inference approach, in which DeltaKcat’s
143  relative outputs are anchored with experimentally characterized values to obtain kca, Km, and
144 ke/Km values (Methods). Under the random split, DeltaKcat achieves R? values of 0.79 for kcar,
145  0.80 for K, and 0.84 for k../Km (Supplementary Fig. 7). Under the cold-start split, DeltaK cat
146  also achieves strong performance across all three tasks. For ke, it reaches an R? of 0.71 and a
147  PCC of 0.85, outperforming all baseline methods, including DLKcat, CataPro, and UniKP (R?
148 = 0.14 to 0.48) (Fig. 3a, Supplementary Fig. 8). Comparable gains are observed for K and
149  kea/Km, with consistent improvements in both R? and PCC (Fig. 3a for R?, Supplementary Fig.
150 8 for PCC). As cold-start evaluation better reflects realistic application scenarios, we therefore
151  focus on the cold-start results in the following analyses.

152

153  To assess performance under realistic experimental conditions, we evaluated DeltaKcat within
154  individual publications. In this publication-level setting, kinetic parameters are measured in the
155  same laboratory under comparable experimental protocols. Under this setting, DeltaKcat
156  achieves a median PCC of 0.78 for k. prediction, outperforming baseline models (PCCs of
157  0.11-0.36) (Fig. 3b). Across EC classes, the largest gains are observed in EC 1, EC 2, and EC
158 6, while consistently outperforming baseline models across the remaining classes (Fig. 3c).
159  Consistent trends are observed for Km and kc./Km prediction (Supplementary Fig. 9-10).

160

161  Importantly, DeltaKcat shows clear advantages in identifying highly active enzymes, where
162  existing methods are often biased toward the mean. It better captures extreme kinetic regimes
163  and consistently outperforms all baselines across top-ranked enzyme subsets (top 10-25%),
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164  with the largest gains observed for the top 10% most active enzymes (Fig. 3d). Consistent
165  improvements are observed for Kn and kc/Km (Supplementary Fig. 11). This improvement
166  arises because models trained via absolute regression are biased toward the central tendency of
167 the training distribution, leading to systematic underestimation of extreme values. In contrast,
168  modeling relative differences removes this dependency on absolute value distributions and
169  better preserves extreme kinetic signals.

170

171  We further evaluated generalization across sequence similarity levels. DeltaKcat maintains
172 strong performance even in low-similarity regimes, achieving PCC values of 0.76 and 0.78 in
173  the 0-40% and 40-60% identity groups for ke (Fig. 3e). Consistent performance is also
174  observed for K, and k../ K, where DeltaKcat achieves PCC values above 0.85 and 0.73 in the
175  0-40% identity group (Supplementary Fig. 12). These results demonstrate robust extrapolation
176  capability across diverse sequence space of DeltaKcat.

177

178  Finally, we assessed the consistency of the relative-to-absolute conversion procedure. Predicted
179  absolute values show low variance across different anchor selections, with standard deviations
180  centered around 0.25 (Fig. 3f for kca, Supplementary Fig. 13 for Ky, and kca/Kin). This indicates
181 thatthe inference procedure is stable and insensitive to the choice of reference enzyme-substrate
182  complex, supporting the reliability of the proposed conversion framework.

183

184  Absolute value prediction on the substrate-specificity task

185  We next evaluated DeltaKcat in the substrate-specificity setting by converting relative kinetic
186  predictions into absolute kca, Km, and ke./Km values. Despite substantially increased chemical
187  diversity, DeltaKcat consistently outperforms all baseline models. For k.., DeltaKcat achieves
188 an R? 0f 0.66 and a PCC of 0.83, exceeding CataPro (R? = 0.42) and DLKcat (R>= 0.17) (Fig.
189  4a). Similar improvements are observed for K (R? = 0.47, Fig. 4b) and kca/Km (R?2 = 0.53 vs.
190  0.18 for the best baseline; Fig. 4c). Moreover, DeltaKcat also consistently outperforms baseline
191  models across publication-level analysis (Supplementary Fig. 14). To assess the generalization
192 of DeltaKcat to dissimilar substrates, we stratified test samples based on substrate similarity to
193 the training set. DeltaKcat maintains stable performance across all similarity ranges, including
194  the most challenging 0-80% interval, where it achieves PCCs of 0.80 (kcat), 0.67 (Km), and 0.77
195  (kea/Km) (Fig. 4d-f). Overall, DeltaKcat generalizes well to substrate-driven kinetic variation
196  and uncharacterized substrates.

197

198  Performance of DeltaKcat on an external adenylate kinase dataset

199  To validate the real-world applicability of DeltaKcat, we tested it on an external adenylate
200  kinase (ADK) dataset that was completely excluded from training*®. ADKs are key enzymes in
201  energy metabolism that maintain intracellular adenylate homeostasis by catalyzing the
202  interconversion of ATP, ADP, and AMP (Fig. 5a)*”. This dataset contains 175 kinetic parameter
203  records derived from diverse ADK variants.

204

205  Under a zero-shot setting, we evaluated the model’s utility for enzyme prioritization. Using the
206 top 5% of true ke values as a proxy for highly active enzymes, DeltaKcat successfully
207  identified one highly active enzyme within its top 5 candidates, whereas all baseline models
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208  failed to retrieve any highly active enzyme within their top 10 candidates (Fig. 5 b, c). Across
209  the top 30 candidates, DeltaKcat recovers 56% of the true highly active enzymes, compared
210  with 22% for the best-performing baseline UniKP (Fig. 5b, ¢), highlighting its effectiveness for
211 practical enzyme discovery.

212

213 Under the zero-shot setting, DeltaKcat achieves a PCC of 0.40 and a Spearman correlation
214 coefficient (SCC) of 0.33 on this external ADK test set, representing the best performance
215  among all models evaluated, including UniKP (PCC = 0.22, SCC = 0.21) (Fig. 5d). Given the
216  complete absence of the ADK enzyme family from the training data, these findings indicate
217  that the paired comparative learning framework of DeltaKcat provides meaningful
218  generalization capabilities across unseen enzyme classes. Finally, we assessed whether limited
219  family-specific data can further improve performance. Using 20-140 training samples for fine-
220  tuning with a fixed held-out test set, performance increases steadily with data size, with a
221  substantial improvement beyond 60 samples. The fine-tuned model reached a PCC of 0.69,
222 corresponding to a 72% gain over the zero-shot setting (Fig. 5d, Supplementary Fig. 15), and
223 outperformed the previously reported ADK-specific model (ADK evolutionary). These results
224  demonstrate that DeltaKcat not only generalizes to completely unseen enzyme families, but can
225  also be rapidly adapted using small amounts of experimental data for improved predictive
226 accuracy and enzyme prioritization.

227

228  Discussion

229  Despite the rapid expansion of enzyme databases, the limited availability of high-quality kinetic
230  measurements remains a fundamental bottleneck for quantitative modeling and biocatalyst
231  design®. Current approaches typically regress absolute kea, Km and kea/Km values from

232 heterogeneous experimental datasets®® !

, which introduces systematic variability and noise and
233  leads models to capture dataset-specific biases rather than generalizable enzyme-substrate
234  quantitative function relationships. In addition, standard random splits may overestimate
235  performance due to residual sequence or substrate similarity between training and test data.
236 To address these limitations, DeltaKcat reformulates enzyme kinetics prediction as a relational
237  learning problem. Instead of directly predicting absolute values, the model learns relative
238  kinetic differences between paired enzyme-substrate complexes under sequence or substrate
239  perturbations. This shifts learning from absolute scale fitting to invariant functional comparison,
240  improving robustness to experimental heterogeneity while focusing on perturbation-driven
241  signals.

242 Absolute kinetic parameters can then be reconstructed from relative predictions using a
243  reference-based inference strategy. Across diverse settings, including low sequence similarity,
244 low substrate similarity, and zero-shot validation on external ADK dataset, DeltaKcat
245  consistently outperforms state-of-the-art methods and maintains strong performance even on
246 unseen enzyme families, supporting its utility for enzyme discovery and functional annotation.
247  Despite these advantages, several limitations remain. First, although the dataset used in this
248  study is among the largest curated kinetic resources to date, the overall availability of
249  measurements remains limited, particularly for rare reaction types and underrepresented
250 enzyme classes. Second, key environmental factors such as pH, temperature, and assay
251  conditions, which are known to significantly influence catalytic activity, are not explicitly
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252 incorporated into the current framework®®. Third, structural information of proteins and
253  enzyme-substrate complexes is not utilized, which may further improve model performance®”:
254 %

255  More broadly, relational learning provides a general framework for biomolecular property
256  prediction under sparse, noisy, and heterogeneous data. This approach may facilitate enzyme
257  engineering, metabolic design, and functional annotation by enabling more reliable inference
258  in uncharacterized sequence and substrate spaces.

259

260  Method

261 Dataset preparation

262  Experimentally measured kca, Km, and kca/Km values were collected from the BRENDA and
263  SABIO-RK’ open-source databases in October 2024. Each data sample included the EC number,
264  protein sequence, organism information, substrate name, substrate SMILES, PubMed ID,
265  UniProt ID, temperature, pH, modification information, and enzyme kinetic parameter values.
266  The SMILES string of the substrate was queried from the PubChem Compound Database®!
267  using the substrate name or international chemical identifiers (InChl). Enzyme sequences are
268  primarily retrieved from the UniProt database6 using UniProt ID. For entries lacking UniProt
269  IDs, sequences are obtained from the UniProt database based on the corresponding EC numbers
270  and species information. Mutant enzyme sequences were generated by applying the amino acid
271  substitutions recorded in the dataset to the corresponding wild-type sequences. We further
272 incorporated data from EnzyExtraDB and Enzyme Co-Scientist databases, two databases
273 constructed using large language models to extract kinetic information from the literature. The
274  same set of data fields was retained across all sources to ensure consistency. The final dataset
275  contains 135072 unique k. entries, 208176 Ky, entries, and 110624 k../Km entries.

276

277  Relative enzyme kinetic parameter datasets preparation

278  Two types of relative enzyme kinetic parameter datasets were constructed based on specific
279  prediction tasks, the sequence-diversity task and the substrate-specificity task. In both datasets,
280  pairs of enzyme-substrate complexes were constructed under the constraint that samples
281  originated from the same publication, ensuring consistent experimental conditions within each
282  pair. For each pair, the relative kinetic parameter was calculated as the log,-transformed ratio
283  between the kinetic value of the first complex and that of the second complex. For the sequence-
284  diversity dataset, we retained only records in which at least two distinct protein sequences were
285  associated with the same substrate within the same study. A cold-start split was then applied: a
286  subset of protein sequences was held out as test sequences. Training pairs were formed
287  exclusively from training sequences sharing the same substrate and study, while test pairs were
288  formed by pairing complexes involving test sequences with any other complex under the same
289  constraints. This design ensures that no test sequence appears during training. For the substrate-
290  specificity task, we retained only records in which at least two distinct substrates were
291  associated with the same protein sequence within the same study. A cold-start split was applied
292 by holding out a subset of substrates as test substrates. Test pairs were formed by pairing
293  complexes containing test substrates with other complexes from the same study, while training
294  pairs were formed solely from complexes involving training substrates. This prevents any test
295  substrate from appearing in the training set.
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296

297  Evaluation metrics

298 In this work, the coefficient of determination (R?), Pearson’s correlation coefficient (PCC),
299  Spearman correlation coefficient (SCC), and root mean squared error (RMSE) was used to
300  assess prediction accuracy. Recall@K was used to assess top-K retrieval performance.
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307  where m; is the value of the experimentally measured enzyme kinetic parameter, z; denotes the
308  value of the model-predicted enzyme kinetic parameter. d; denotes the rank difference between
309  the predicted and experimental values for a given sample. m; denotes the mean value of the
310  experimentally measured enzyme kinetic parameter, z; denotes the mean value of the model-
311  predicted enzyme kinetic parameter, and n denotes the number of samples. K represents the
312  predetermined number of top ranked candidates being evaluated. r; is an indicator variable that
313  equals 1 if the candidate at rank i is a true positive and 0 if it is a false positive. R represents the
314  total number of actual positive samples present in the entire dataset.

315

316  Absolute kinetic parameter inference from relative predictions

317  To extend DeltaKcat from relative prediction to absolute kinetic parameter estimation, we
318  applied a reference-based inference approach that converts predicted relative ratios into
319  absolute values. For each test sample, we first identified whether a valid reference complex was
320  available in the training set. Specifically, we retained only those comparative pairs in which
321  one enzyme-substrate complex was present in the training set and had an experimentally
322  measured kinetic parameter. This known complex was treated as the reference anchor, whereas
323  the other complex was regarded as the target whose absolute parameter was to be inferred.
324  DeltaKcat predicts the relative kinetic relationship between the target complex and the
325  reference complex. We then combined the predicted relative ratio with the experimentally
326  determined kinetic value of the reference anchor to infer the absolute kinetic parameter of the
327  target complex. When multiple valid training-set anchors were available for the same target
328  complex, we performed inference independently for each anchor and then averaged the
329  resulting absolute values to obtain the final prediction. Using this approach, DeltaKcat projects
330  comparative predictions into the absolute parameter space through experimentally reference
331  points.

332
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333  External ADK dataset and evaluation

334  The external ADK dataset contains 175 kinetic parameter records collected from diverse ADK
335  variants. For zero-shot evaluation, we applied the relative prediction framework without using
336  any ADK data for training. Five ADK enzymes were randomly selected as reference enzymes
337  with known experimental kinetic parameters, and the remaining enzymes were treated as target
338  enzymes. Each target enzyme was paired with all five references to obtain relative predictions.
339  These predictions were then converted to absolute kinetic parameters using the corresponding
340  reference values, and the five inferred values were averaged to obtain the final prediction for
341  each target enzyme. For fine-tuning experiments, 30 ADK samples were randomly selected as
342  afixed test set. From the remaining samples, training subsets of different sizes were constructed,
343  ranging from 20 to 140 samples. DeltaKcat was fine-tuned on each training subset and
344  evaluated on the fixed test set.

345

346  Encoding for enzyme sequence, structure and substrates

347  We used pre-trained language models to characterize proteins and substrates, aiming to obtain
348  more expressive and transferable encodings. Enzyme sequences were encoded as residue-level
349  embeddings from ProtT5-XL-UniRef, yielding an Lx1024 tensor (L is the sequence length). To
350  control computation and memory, sequences longer than 1024 residues were truncated at
351  residue 1024. Substrates were represented with two features: a 768-dimensional continuous
352 vector from MolTS5 applied to normalized SMILES, and a 167-bit MACCS key fingerprint. The
353  MACCS keys were generated using the RDKit package.

354

355  DeltaKcat model and architecture

356  DeltaKcat was developed to predict relative enzyme kinetic parameters between two enzyme-
357  substrate complexes, including relative ke, relative Kn, and relative kc/Km. Instead of
358  predicting the absolute kinetic value of each complex independently, the model takes a pair of
359  enzyme-substrate complexes as input and directly learns the kinetic difference between them.
360 For each complex i € [1,2], the protein sequence and substrate SMILES were encoded
361  separately using pretrained language models. The protein sequence was represented by ProtT5
362  as aresidue-level embedding matrix.

363 P; € Rlixdp

364  where L; is the sequence length and d,=1024. The substrate SMILES was represented by
365  MolT5 as a molecular embedding.

366 S; € R%s

367  where d;=768. To capture enzyme-substrate interactions, DeltaKcat used a gated cross-
368  attention module. The substrate representation was used to query the protein sequence
369  representation, enabling the model to identify enzyme features most relevant to the
370  corresponding substrate. A gating unit was added after the softmax operation in the attention
371  layer to introduce an additional nonlinear modulation step. This design improved the flexibility
372  of attention allocation and strengthened the representation of enzyme-substrate interactions.
373  The gated cross-attention module was applied independently to the two input complexes,
374  generating two interaction representations, H; and H,. A difference representation was then
375  constructed as

376 Hjy = H; -H,
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377  The final pair representation was obtained by concatenating the two complex-specific
378 interaction vectors and their difference

379 Hpair = Hy[|H,||Hp
380  where || denotes vector concatenation. This representation was fed into a multilayer perceptron
381 y = MLP(Hpgir)

382  In this way, DeltaKcat learns relative kinetic changes directly from paired enzyme-substrate
383  complexes.

384

385  Data availability

386  All relevant data supporting the key findings of this study are available within the article and
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498  Fig. 1 DeltaKcat framework for predicting relative enzyme Kinetic parameters. DeltaKcat
499  takes a pair of enzyme-substrate complexes as input and predicts their relative kcat, Km, Or kcat /
500 K values as the output, respectively. Protein sequences are encoded by ProtT5, and substrates
501 are represented using MolT5 and MACCS features. Sequence and substrate embeddings are
502 integrated through a gated cross-attention module, in which substrate-derived queries attend to
503  protein-derived keys and values to capture enzyme-substrate interactions. A gating unit is
504  applied after the softmax step to refine attention allocation. The resulting interaction vectors for
505 the two complexes, together with their difference vector, are concatenated and passed to a
506  multilayer perceptron for prediction.
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509  Fig. 2 Prediction of relative enzyme kinetic parameters by DeltaKcat. (a, b) Predictive
510  performance of DeltaKcat on the sequence-diversity dataset and substrate-specificity dataset
511  under random-split (a) and cold-start (b) settings for relative kca, relative Km, and relative kcay/ K.
512  Inthe cold-start split, each test pair contained at least one protein sequence not observed during
513  training. (c¢) Classification performance of DeltaKcat for predicting the direction of kinetic
514  changes in the sequence-diversity and substrate-specificity tasks. The data in a-c are presented
515 as mean values, and the error bars represent the standard deviation (s.d.) across three
516  independent experiments using different random seeds.
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519  Fig. 3 Absolute kinetic parameter prediction on the sequence-diversity dataset. (a)
520  Comparison of R? values for absolute parameter prediction. Performance of DeltaKcat versus
521  DLKcat, UniKP, and CataPro baseline models on inferring absolute Aca, Km, and kca/Km. (b)
522  Publication-level Pearson correlation coefficients for absolute prediction across studies with
523  more than five data points. (¢) PCC results of different model based on EC classifications 1-6.
524  (d) Evaluation of k. prediction (PCC) on subsets of the test set representing the top 10%, 15%,
525  20%, and 25% of absolute k. values within each EC class. (¢) PCC evaluation across varying
526  thresholds of maximum sequence similarity to the training set. (f) Histogram showing the
527  distribution of the standard deviation of multiple absolute k.. estimates for the same test
528  complex, derived from different training-set reference anchors. The solid blue line is a kernel
529  density estimate. The data in a, e and fare presented as mean values, and the error bars
530  represent the standard deviation (s.d.) across three independent experiments using different
531  random seeds. In each box plot, the lower and upper boundaries of the box represent the first
532  quartile (Q1) and the third quartile (Q3), respectively. The whiskers extend from the quartiles
533  to the minimum and maximum values within 1.5 times the interquartile range. The black line
534  inside the box represents the median.
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537  Fig. 4 Absolute kinetic parameter prediction on the substrate-specificity dataset. (a-c)
538  Comparison of R? and PCC values for absolute parameter prediction. Performance of DeltaKcat
539  versus DLKcat, UniKP, and CataPro baseline models on inferring absolute kcat, Kim, and kca/ K.
540  (d-f) PCC evaluation across varying thresholds of maximum ligand similarity to the training
541  set on kca, Km, and kca/Km. The data in a-f are presented as mean values, and the error bars
542  represent the standard deviation (s.d.) across three independent experiments using different
543  random seeds.
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546  Fig. 5 Evaluation of DeltaKcat on an external adenylate kinase (ADK) dataset. (a)
547  Adenylate kinase catalyzes the reaction. (b) Scatter plot of predicted versus observed absolute
548 ke values for the external ADK dataset. Red points denote enzymes with observed k.. values
549 in the top 5% of the dataset. (c) Recall of highly active enzymes among top-ranked candidates.
550  Highly active enzymes were defined as the top 5% by true k.. (d) Comparison of prediction
551  performance between zero-shot and fine-tuned models on the ADK dataset, evaluated by
552  Pearson and Spearman correlation coefficients.
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