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ABSTRACT11

Existing computational methods to estimate pKa values in proteins rely on theoretical approximations

and lengthy computations. In this work, we use a data set of 6 million theoretically determined pKa

shifts to train deep learning models that are shown to rival the physics-based predictors. These

neural networks managed to assign proper electrostatic charges to chemical groups, and learned the

importance of solvent exposure and close interactions, including hydrogen bonds. Although trained only

using theoretical data, our pKAI+ model displays the best accuracy on a test set of ∼750 experimental

values. Inference times allow speedups of more than 1000 times faster than physics-based methods.

By combining speed, accuracy and a reasonable understanding of the underlying physics, our models

provide a game-changing solution for fast estimations of macroscopic pKa from ensembles of microscopic

values as well as for many downstream applications such as molecular docking and constant-pH

molecular dynamics simulations.

12

Main13

Many biological processes are triggered by changes in the ionization state of key amino acid side-chains1, 2.14

Experimentally, the titration behavior of a molecule can be measured using potentiometry or by tracking15

free energy changes across a pH range. For individual sites, titration curves can be derived from infrared16



or NMR spectroscopy. Detailed microscopic information can be quickly and inexpensively obtained with17

computational methods, and several in silico pKa calculations have become widely used to provide insights18

about structural and functional properties of proteins3–5.19

In Poisson–Boltzmann-based (PB) methods, the solvent is implicitly described while proteins are20

represented by point charges in a low dielectric medium3, 4, 6, 7. These continuum electrostatics (CE)21

methods assume that the pKhalf (the proton binding affinity for a chemical group in a given conformation)22

is a good estimate for the macroscopic pKa value. This assumption holds when the protein structure23

is sufficiently representative of the conformational ensembles corresponding to both protonation states.24

Experimentally determined structures exhibit conformations at a minimum energy state, which, in turn,25

is related to a specific protonation state. However, biomolecular systems can explore different energy26

basins, which may exhibit alternative protonation states. Energy minima can be affected by experimental27

conditions, such as temperature, ionic strength and pH. Inaccuracies in pKa predictions due to limited28

conformational rearrangements can be reduced by increasing the protein dielectric constant from its default29

value (2-4), which only accounts for electronic polarisation. The dielectric constant can be used as an30

empirical parameter mimicking the effect of the response mechanisms to the local electric field that are31

not explicitly taken into account in the model8–12. A more computationally expensive approach is to32

explicitly include protein motion by sampling conformers via Monte Carlo (MC) or molecular dynamics33

(MD) simulations and applying conformational averaging4, 13–15. Finally, by coupling the sampling of34

protonation states at given pH and conformations, constant-pH MD methods16–20 provide greater insight35

into pH-dependent processes21–25.36

As larger data sets of experimental pKa values have become available, a new class of purely empirical37

methods has been developed. These models rely on statistical fits of empirical parameters weighting the38

different energetic contributions into simplified functions. PROPKA5 is arguably the most popular of such39

methods26, and has been shown to perform competitively even when compared to higher-level theory40

methods6, 27. The empirical methods are much faster than the physics-based ones although at the cost of41

providing less microscopic insights, and their predictive power is unknown on mutations and/or proteins42

dissimilar to those composing the training set.43

The accuracy of most predictors is bound to the estimation of the same quantity, the so-called ∆pKa.44

This is the free energy of transferring the ionizable residue from the solvent to the protein, compared to its45

neutral counterpart. Since pKa values for all amino acids in water have been experimentally determined,46

the pKsolvent
a term can be fixed and, in practice, it can also be adjusted to incorporate systematic errors.47

The ∆pKa can be regarded as a sum of mostly electrostatic contributions stemming from the residue48

microenvironment. Therefore, an accurate prediction of pKa values for a given conformation requires a49
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correct description of the residue interactions with the surrounding protein charges and with the solvent.50

At their core, deep learning (DL) models are complex non-linear empirical functions fitted to best51

map input variables to output properties. Considering chemical properties, such as pKa values, which are52

dictated by molecular configurations, and provided that enough examples are presented, it is possible53

to train a model to map this relationship without the need to solve non-linear equations in 3D or to sort54

through the massive space of possible states.55

In this paper, we have developed two DL-based pKa predictors: pKAI and pKAI+, for pKhalf and56

experimental pKa values, respectively. These models have been trained on a database with ∼6 million57

pKa values estimated from ∼50 thousand structures using a continuum electrostatics method, PypKa6.58

pKAI+ displays an unrivaled performance at predicting experimental pKa values on a ∼750 members data59

set. Also, pKAI exhibits an accuracy comparable to the PB-based predictor used to generate the training60

set while being approximately 10–1000× faster. By applying explainable artificial intelligence (XAI)61

analysis, we show that these simple models are able to implicitly model most of the required energetic62

contributions such as Coulomb interactions, desolvation and hydrogen-bonding. Therefore, the presented63

models feature the best characteristics of CE-based methods – accuracy and interpretability – with the64

speed provided by empirical approaches.65

Results66

The main goal of pKAI is to mimic the pKa predictive ability of PB-based methods with a significant67

computational performance improvement. Our training set is comprised of pKa values calculated using68

PypKa on a large number of proteins taken from the Protein Data Bank28. An elaborate data split was69

performed to minimize data leakage from the training set to the validation and test sets (see Methods).70

pKAI was designed to be a simple and interpretable model using the minimum structural features that still71

capture the electrostatic environment surrounding every titratable residue. The model has been trained on72

∆pKa values rather than on absolute values. The pKa shift is in fact a more appropriate quantity to learn,73

less dependent on the chemical peculiarities of individual amino-acids and more sensitive to the local74

electrostatic environment. For example, residues that share a common side-chain chemical group (such as75

glutamate and aspartate sharing a carboxylic acid) are influenced by the same environment in a similar76

way.77

We wanted our model to capture the electrostatic dependence between the environment of a residue and78

its consequent pKa shift while keeping the input layer as small as possible (see Methods). By ignoring all79

carbon and hydrogen atoms, we are greatly reducing the dimensionality of our input layer, while retaining80
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most of the information regarding charged particles. There is of course a significant loss of topological81

information, although much can be inferred from the positions of the included atoms. In fact, there is82

no performance gain when adding solvent exposure measurements (e.g. SASA, residue depth) to the83

environment embedding. Considering that solvent exposure entails topological information and that the84

model is not able to extract additional information from it, we conclude that it was already estimating, to85

some degree, these molecular properties (see Model Explainability subsection).86

pKAI: predicting theoretical pKa87

The performance of the model on the test set is reported in Supplementary Table S1 and in Figure 1A. The88

null model used for comparison consists of the reference pKa value in water for each residue type, and89

corresponds to 0 in the ∆pKa scale. Overall, pKAI reproduces the PB-based data with a MAE value of 0.3190

and a RMSE of 0.52. However, in this case, we are only predicting theoretical values with a well-defined91

relation between structure and pKhalf (pK value of a single conformation). Experimental pKa estimation is92

a much more complex task since the pKhalf values corresponding to the different conformations spanned by93

the protein should be weighted according to their occurrence probability at equilibrium. The performance94

of pKAI is impressive considering the high complexity of the dependence between pKa and the site95

electrostatic environment, illustrated by the high RMSE value of the Null model (1.89). Some residues are96

easier to predict (e.g. LYS and termini residues) while others are more challenging (e.g. CYS and TYR).97

This can be explained by their solvent exposure distribution (Figure 1B): well-solvated residues exhibit98

small ∆pKa values while more buried ones are more affected by the desolvation effect and establish more99

interactions with other residues causing their pKa values to shift. There is a clear dependency between the100

solvent exposure of a residue, its ∆pKa value and the prediction difficulty (Supplementary Figure S1). The101

excellent performance of pKAI is also demonstrated by the fact that most predictions (81.2%) exhibit an102

error below 0.5 pK units, which is a sufficient for most use cases.103

The main advantage of DL models is the potential speedup they can provide. Since continuum104

electrostatics (CE) pKa estimations need to sample thermodynamic equilibrium microstates, several105

iterative simulations have to be performed on each protonation state and on the environment of every106

residue. On the other hand, pKAI merely needs to apply its learned function over each residue and, as107

such, is remarkably faster (Figure 1C). Moreover, the convergence of the CE simulations is harder to108

achieve as the protein size increases. Consequently, in PypKa, as the protein size increases, so does the109

time required to estimate each pKa value. In contrast, the run time of pKAI’s DL model has a different110

dependence on the protein size. Since the bigger is the protein the larger is the amount of calculations that111

can be performed simultaneously, then the less significant becomes the model loading cost and the faster112

the average per-residue execution time. This results in sublinear scaling performance and in a speedup113
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Figure 1. A) Comparison between Null model and pKAI RMSE values (values shown in Supplementary

Table S1). The Null model is defined as the pKa values of the residues in water taken from reference 29.

B) Performance at predicting pKhalf values dependency on the magnitude of solvent exposure (SASA).

The calculations were performed for pKAI and Null model using the PypKa predictions as reference. C)

Execution time comparison between PypKa and pKAI (values shown in Supplementary Table S2). This

benchmark was executed on a machine with a single Intel Xeon E5-2620 processor. D) Effect of the size

of the training set in the model performance on the validation set.
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over its CE counterpart that can exceed over a thousand times. As such, pKAI is a particularly valuable114

tool for dealing with very large systems with thousands of residues where the only added computational115

cost stems from the prepossessing of the structure.116

Another important factor contributing to the high accuracy obtained is the considerable size of the117

training set. Despite using the largest repository of experimental protein structures and the largest pKa118

database available28, we show that there is still a correlation between the number of examples in the119

training set and the accuracy of the model (Figure 1D).This indicates that our model can still be improved120

by providing further examples of pKa values. To avoid limiting the scaling rate by the availability of121

new experimental protein structures, we can generate new and uncorrelated protein structures using122

conformational sampling methods, such as MD and MC. Another advantage of using computational123

methodologies is guiding the protein conformational sampling to achieve electrostatic environments that124

are underrepresented in the training set. We reserve this development for future work.125

pKAI+: Predicting experimental pKa values126

The main goal of pKa predictors, such as PypKa, is to estimate the macroscopic pKa value for the127

titratable residues using structures (usually experimental ones). Since pKAI aims at reproducing the128

pKhalf calculated with PypKa at a fraction of the computational cost, it is not expected to outperform129

the PB-based method in predicting experimental values. When using PB to predict experimental pKas,130

a higher dielectric constant for the solute is often adopted to compensate for the lack of conformational131

flexibility in the method and the lack of representativity of the experimental input structure. A similar132

approach can be implemented in pKAI by introducing a regularization weight to the cost function (pKAI+).133

This regularization penalizes the magnitude of the ∆pKa prediction. In practice, this procedure biases our134

estimates towards the pKa values in water, similarly to what is done by the increased solute dielectric135

constant in PB-based approaches. It should be noted that pKAI+ has not been trained on experimental136

pKa, but rather on the same training set as pKAI.137

To evaluate the performance of our model, we have benchmarked it using a data set of 736 titratable138

residues in 97 proteins with experimentally determined pKa values (Figure 2A). Remarkably, pKAI+139

(RMSE of 0.98) is able to outperform both PypKa (RMSE of 1.07) and PROPKA (state-of-the art empirical140

pKa predictor, RMSE of 1.11). Furthermore, the improvement over the other methods is significant for141

most residue types (Figure 2B), and can be quantified using metrics that are more (RMSE, 0.9 quantile) or142

less (MAE, error percentage under 0.5) sensitive to the presence of outliers (Supplementary Table S3).143

Cysteine residues are particularly difficult to predict because they naturally occur less frequently and are144

more buried than all other titratable residues. This leads to an under-representation of these residues in the145
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Figure 2. A) Experimental pKa benchmark of several methods on a data set of 736 residues from 97

proteins (values shown in Supplementary Table S4). The null model values are the pKa values of each

amino acid substituted in an alanine pentapetide (Ace-AA-X-AA-NH2)29, 30. B) Comparison between

Null model and pKAI+ performance by residue type. C) pKAI+ performance at predicting experimental

pKa values dependency on the magnitude of solvent exposure (SASA) of the residues. D) Prediction

errors of the different models given the experimental pKa shift (∆pKa)
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training set while exhibiting the largest pKa shifts. To illustrate the difficulty of this data set, note that146

some methodologies are not able to improve on the null model (RMSE of 1.09). The reported deviations147

are specific to this data set. Even though our benchmark is one of the largest ever used to validate a pKa148

predictor, it is likely still insufficient to quantify the true accuracy of these methods. Furthermore, besides149

being limited, these test sets used for validating new pKa predictors tend to always be different. This150

makes it very hard to compare methods without rerunnig them. In this benchmark, PypKa represents the151

PB-based methods like DelPhiPKa7 or H++3. More computationally expensive methods such as MCCE31
152

or constant-pH MD are not represented here. These methods are expected to outperform PB-based153

methods, which rely on a single structure, although the exact improvement on this test set is hard to154

predict. DeepKa is a recently published convolutional neural network trained on theoretical pKa values155

from constant-pH MD (CpHMD) simulations32. As expected, the CpHMD implemented in the Amber156

suite33 (RMSE of 1.02) outperformed PROPKA (RMSE of 1.12) in their test set which only includes the 4157

residues (Asp, Glu, His and Lys) predicted by DeepKa (RMSE of 1.05).158

Our test set can be divided by solvent exposure (SASA) of the titrating residue. pKAI+ shows159

comparable RMSE values to PypKa for both the most solvent exposed and buried residues (Figure 2C).160

Interestingly, it is also able to surpass the PB-based model for partially exposed residues. Notably,161

pKAI+ only improves the PypKa predictions for pKa shifts smaller than 1 pK unit (Figure 2D). This162

indicates that pKAI+ corrects the pKa values of partially exposed residues which are establishing non-163

representative interactions in the experimental structure. Since there is a large number of residues with164

these characteristics in the test set28, the overall performance improvement is significant (Supplementary165

Table S4).166

Model Explainability167

The main driving force for pKa shifts in proteins is electrostatic in nature. In our model, each atom of168

the environment represents the contribution of a chemical group or part of a residue. This individual169

contribution towards the final ∆pKa prediction can be estimated (see XAI in the Methods section for further170

details) and it is shown in Figure 3A. Remarkably, although our model has been given no information about171

atomic charges, it assigns contributions that are in agreement with the expected overall charge of the atom172

class. Cationic amine groups (NZ_LYS; NH_ARG; NE_ARG; NE2_HIS) are clearly assigned positive173

scores (i.e. destabilize the protonation of the titratable residue) and are easily distinguishable from the174

anionic carbonyl groups (O_COOH from Glu, Asp and C-termini residues). These scores provide a general175

insight into the network’s interpretation of each atom and should not be used for more quantitative analysis.176

Since the atom score is an averaged measure across the test set, an imbalance of closely interacting atoms177

of a specific class can dramatically skew its median contribution.178
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Figure 3. Charge scores attributed by pKAI to all considered input atoms classes (Supplementary

Table S5) of all atoms (A) and atoms closer than 6 Å (B). C) Closest atom influence on pKAI

performance. D) Impact of changing the distance of the closest atom on pKAI predictions of residue

TYR-315 from structure 2BJU. For reference, we have included PypKa predictions of the same residue in

the state presented in the experimental structure (closest distance 2.8 Å) and in a modified structure in

which the closest atom is absent.
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Hydrogen bonds are one of the strongest interactions found in proteins, and, as such, their proper179

description is crucial to obtain accurate pKa predictions. By comparing Figures 3 A and B we can180

observe marked differences between the atom scores at close proximity and those farther away from the181

titrating residue. For example, the average score of the very abundant classes of primary amines (N;182

N_AMIDE) and carbonyl groups (O; O_AMIDE) is greatly diminished when compared to their short-range183

contributions, where these become hydrogen donors and acceptors, respectively. The anionic Tyr residue184

is perceived to have an overall negative contribution, except when it is close to another titratable residue;185

in this case there seems to be no preferred state as it can act both as a donor and as an acceptor – like any186

titratable residue. On the other hand, the contribution of neutral non-titrating alcohol groups (OG_SER;187

OG1_THR) is almost exclusively attributed to their potential to form hydrogen bonds at short range.188

Overall, the model is able to capture an astonishing amount of details concerning the physics underlying189

pKa shifts.190

Beyond the general understanding shown before, hydrogen bond contributions are hard to account191

for, compared to other interactions. As shown in Figure 3C the closer another residue (blue curve) is to192

the titrating one, the harder for the model is to correctly describe their interaction. The difficulty of the193

prediction increases dramatically at the typical distance of hydrogen bonds (2.5-3.2Å). This is even more194

marked if one considers interactions established between two titratable residues (red curve). In this case,195

the network has to solve for the pKa of both residues simultaneously, and in many instances it is unable196

to do so. Hence, predicting the contribution of the remaining environment is easier than that of a single197

hydrogen bond. This is illustrated in Figure 3D, in which the agreement with the physics-based method is198

much higher when the closest atom is removed from the structure rather than when it is kept in its original199

position. Although many other profiles can be observed (Supplementary Figure S2), this trend is generally200

conserved. Considering that the model did not receive explicit information about hydrogen bonds, it is201

quite remarkable that it was able to correlate this type of interaction with larger pKa shifts.202

Solvent exposure is another property that is usually a key contributor to pKa shifts. The models are203

trained without explicit knowledge of the 3D structure of the protein, and deprived of information regarding204

carbon atoms. Nevertheless, they seem to learn about the solvent exposure contribution. We compared205

the correlations (Pearson correlation coefficient r and Spearman’s rank correlation coefficient ρ) between206

the calculated SASA and the pKa shifts over the entire test data set. Using the known ∆pKa, we obtained207

r∆pka = −0.68; ρ∆pka = −0.60, while using the predicted ∆pKa, we got rpred = −0.66; ρpred = −0.62.208

The similarity between these values indicates that the model has learned the correct correlation between209

SASA and the pKa shift. Additionally, we trained a model where we provided SASA as an additional210

input and observed no performance improvement (data not shown).211

10/21



a)

6 7 8

80

85

90

95

100 Null
pKAI
pKAI+
PypKa
PROPKA

pH

A
cc

ur
ac

y 
(%

)

b)

0 5 10

95

96

97

98

99

100

pH

A
cc

ur
ac

y 
(%

)
Figure 4. A) Accuracy of several methods at predicting a representative protonation states derived from

experimental pKa values. Residues at a pH within 1.5 units of the experimenal pKa are considered not to

have a representative protonation state. B) pKAI accuracy at predicting PypKa derived protonation states.

Finally, it is worth mentioning that XAI analysis was a driving factor in the development of pKAI. In212

fact, the importance that the model assigns to each atom class (similar to Figure 3) was pivotal to select213

the final set of atom classes aimed at describing the surrounding environment residues.214

Discussion215

We have introduced pKAI and pKAI+, two deep learning models to predict theoretical and experimental216

∆pKa values, respectively. pKAI offers unprecedented efficiency, exhibiting a remarkable trade-off between217

accuracy and computational speed, its performance rivaling that of CE-based methods, such as PypKa.218

pKAI could be used as a replacement for such methods, especially when dealing with large proteins or219

applications requiring multiple CE calculations, like constant-pH MD simulations16–20. Considering the220

latest advances in sequence to structure predictions34, faster methods, such as pKAI, will likely be of221

use as exponentially more structures become available. Furthermore, when optimizing new structures222

for binding to specific targets (e.g. design of enzymes and/or antibodies), it is vital to have an accurate223

prediction of the protonation states.224

While we strive for optimal accuracy, we are aware that many applications will only require a binary225

decision (hence a qualitative prediction of pKa shifts would be sufficient). For example, when selecting the226
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most likely protonation state of a protein, one only needs to predict whether each pKa is larger or smaller227

than the pH value of interest. The most abundant protonation states obtained from pKAI predictions228

are in high agreement with those derived from experiments (Supplementary Figure S3) and outperform229

those of PROPKA in a wide range of pH values. Interestingly, PROPKA and the Null model seem to230

perform particularly well at extreme pH values. Nevertheless, pKAI is the best model at assigning a fixed231

protonation state to a protein at biologically relevant pH values (Fig 4A), arguably the most common task232

pKa predictors are used for. pKAI+ is biased to predict pKa values between those of pKAI and the Null233

model. While this bias has granted the model an edge on experimental pKa estimation, in tasks in which234

the Null model does not perform well, pKAI+’s ability is also affected. This can be seen in the biological235

range at the more basic pH values.236

Several other applications only require an estimation of the proton binding affinity using a fixed con-237

formation. This quantity, termed pKhalf, renders a good prediction of the macroscopic pKa when averaged238

over a representative ensemble of conformations. From pKhalf values, the most abundant/representative239

protonation states for a particular conformation can be calculated, improving the realism of methods such240

as molecular dynamics16–20 and molecular docking35. pKAI is nearly perfect at mimicking representative241

protonation states given by PypKa, being particularly effective at physiological pH, achieving an astound-242

ing accuracy of 99.4% (Fig 4B). In a conformational ensemble, there are always many representative243

protonation states which differ significantly from the one calculated using the macroscopic pKa values.244

Therefore, coupling pKhalf calculations with conformational sampling techniques is very appealing in245

theory but difficult in practice, due to their computational cost. By using pKAI instead of PypKa (or any246

other PB-based method), one would drastically decrease the computational overhead (up to 1000×).247

pKAI does not handle all residues with the same performance. Difficult cases are caused by low248

representation in the training set, low solvent exposure, and/or close-by residues providing H bond249

interactions. These peculiar environments usually present a high ∆pKa which is not handled very well250

by the method. One clear way to improve our models would therefore be to introduce more training251

examples. Furthermore, the inclusion of more training data with rare environments would definitely252

enhance performance. To better handle interactions with neighboring titratable groups, a change of253

environment encoding would be needed. One approach to be explored in future work would be to represent254

the whole protein as a graph, and use graph neural networks algorithms to learn the ∆pKa values.255

Although pKAI excels at predicting pKhalf values, its performance is modest when estimating experi-256

mental pKa values. Inspired by the observation that increasing the dielectric constant in PB-based methods257

improves their agreement with experimental results, we have introduced a regularization parameter into the258

cost function. Similar to the dielectric constant, this regularization weight biases all predictions towards259
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the residue’s pKa values in water. The new model, pKAI+, outperforms all methods tested in this work,260

including PypKa which was used to create the training set. However, this improvement, while significant261

for partially exposed residues which would otherwise exhibit overestimated pKa shifts, penalizes the262

accuracy of more shifted residues.263

With pKAI and pKAI+, we are introducing the first deep learning-based predictor of pKa shifts264

in proteins trained on continuum electrostatics data. The unique combination of speed and accuracy265

afforded by our models represents a paradigm shift in pKa predictions. pKAI paves the way for accurate266

estimations of macroscopic pKa values from ensemble calculations of pKhalf values, overcoming previous267

computational limits. By design, the models were trained using a very simplified view of the surroundings268

of the titratable group, accounting only for residues within a 15 Å cutoff, and ignoring all carbon and269

hydrogen atoms. This design choice allowed for the models to stay small and fast. Explainability methods270

confirmed that this input information was enough for the model to capture crucial features such as271

electrostatics, solvent exposure, and environment contributions. The models’ initial success introduces272

several opportunities for further research, including problem encoding, accounting for conformational273

flexibility, interactions with other molecule types (i.e. small molecules, nucleic acids, lipids), and adding274

further target properties that could be of interest for other applications.275

Online Methods276

Data set277

To train our DL models, we used a large publicly available data set of estimated pK values – the pKPDB278

database28. This data set of ∼3M pKa values was created by running the PypKa tool with default279

parameters6 over all the protein structures deposited on the Protein Data Bank. The target values to be280

fitted by our model are theoretical pKhal f values estimated with a PB-based method. This implies that281

pKAI will inherit the assumptions and limitations of this class of predictors. Our approach contrasts with282

the one usually adopted for training empirical predictors, which entails using experimental values to fit283

the model’s parameters. The main advantage of this novel approach is that we can train models with284

significantly more parameters, such as deep learning ones, since there is now a much larger abundance285

of training data. As a comparison, in PROPKA3 only 85 experimental values of aspartate and glutamate286

residues were used to fit 6 parameters5. Recently, traditional ML models have been trained on ∼1k287

experimental pKa values36, 37. However, testing the real world performance of such methods is difficult288

as there is a high degree of similarity among available experimental data. Our larger data set translates289

into more diversity in terms of protein and residue types and, more importantly, a wider variety of residue290
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environments. It also helps our models to steer away from the undesired overfitting. Furthermore, the291

relation between a structure and our target property is deterministic, contrary to that of experimental pKa292

values, which suffers from the lack of entropic information.293

The ultimate goal of these methods is to accurately predict experimental pKa values and thus, we have294

assessed the model’s performance with ∼750 experimental pKa values taken from the largest compilation295

of experimentally determined pKa values of protein residues reported in the literature – the PKAD296

database38. We compare our experimental results with a null model (attributing to each titratable group297

the corresponding pKa value in water), PypKa (the method used to generate the training set) and PROPKA298

with default settings (the empirical method of reference).299

Before training our models on our data set, we applied a curated data split (Table 5A) to ensure that300

the training, validation, and test sets did not contain proteins with a high degree of similarity and prevent301

overfitting. First, we randomly selected 3k proteins from the full data set of ∼120k proteins as our holdout302

test set of theoretical pKa values. The program mmseqs39 was then used to exclude all proteins containing303

at least one chain similar to any of the chains found either in the experimental or in the theoretical test sets.304

Chains were considered to be similar if they presented sequence identity over 90%. From the remaining305

set of proteins, 3.000 more were randomly assigned to the validation set while the rest became the training306

set. Finally, we have excluded similar proteins to those of the validation set from the training set. In the307

experimental data set, we have excluded all duplicated proteins, non-exact pKa values (e.g. >12.0), and308

residues for which PypKa or PROPKA failed to produce an estimate.309

Model architecture and implementation310

pKAI is implemented and trained using PyTorch v1.9.040 and PyTorch Lightning v1.2.1041. The model311

has a simple architecture comprised of 3 fully-connected hidden layers in a pyramidal configuration fitted312

to the pKa shifts of titratable amino acids (Figure 5B). The simplicity of the architecture is intentional.313

pKAI is meant to serve as a proof-of-concept that deep learning models can capture the effect of complex314

electrostatic interactions. Describing such interactions would require at least 2 PB calculations per residue315

state for the physics-based counterpart (e.g. in PypKa each carboxylic acid has 5 states, hence 10 PB316

calculations are required for each Asp/Glu residue).317

The encoding of the environment of each titratable residue has been simplified to retain only the most318

important electrostatic descriptors (Figure 5C). Considering the decay rate of the electrostatic potential, we319

decided to truncate the contributions to the environment of a residue by applying a cutoff of 15 Å around320

the labile atom(s) of the titratable residue. In practice, this cutoff is slightly smaller for some residue321

14/21



a)

Split Proteins pK values

All Theor. 116.2k 12.6M

Train 56.8k 6.3M

Validation 3.0k 322.4k

Test Theor. 3.0k 325.3k

All Exp. 157 1350

Test Exp. 97 736

b)

c) d)

0 0.5 1

0.95

1

1.05

1.1

1.15
pKAI+
PypKa

Regularization Weight

R
M

S
E

Figure 5. A) Overview of the data split and similarity exclusion performed on the pKPDB and PKAD

databases28, 38. B) pKAI model architecture. C) Illustration of the titratable amino acid environment

encoding. Only Nitrogen, Oxygen and Sulfur atoms (shown as spheres) within a 15 Å cutoff (green circle)

are included while all carbon (shown as sticks) and hydrogens (omitted) are ignored. The included atoms

are represented by the inverse of their distance to the titratable residue in a OHE vector featuring 16

categories of atom classes (Supplementary Table S5). The titratable residue is represented by a OHE

vector comprised of 8 classes. D) pKAI+ regularization weight performance test.
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environments as the necessary input layer size normalization resulted in the truncation of the closest 250322

atoms. A further approximation was made by considering only highly charged atoms and assuming they323

are the ones that contribute the most to pKa shifts. This simplification can be slightly compensated by using324

atom classes instead of charges or element names as they implicitly provide information about adjacent325

atoms. The atoms were one-hot encoded (OHE) and, in order to reduce the input layer size, chemically326

similar atoms were assigned to the same category (Supplementary Table S5). While carboxylic oxygen327

atoms (C-termini OXT; aspartates OD1 and OD2; glutamates OE1 and OE2) and primary amine atoms328

(arginines NH1 and NH2) atoms have been merged, others with similar names but different chemical329

properties were separated (glutamines OE1 and NE2 from glutamates OE1 and histidines NE2, asparagines330

OD1 from aspartates OD1; main chain N from N-termini N).331

The final 4008-sized input layer consisted of 250 atoms represented by 16 categories OHE classes332

concatenated to an 8-dimension OHE vector corresponding to the titrating amino acid. Each atom’s OHE333

was multiplied by its reciprocal distance to the titrating residues so that this valuable information could be334

included without increasing the size of the input layer.335

pKAI is freely available as a python module that can be installed via pip. The source code can be336

found at https://github.com/bayer-science-for-a-better-life/pKAI.337

Training338

Training was performed with mini-batches of 256 examples and the Adam optimizer42 with a learning339

rate of 1e−6 and weight decay of 1e−4. Dropout regularization was applied to all fully-connected layers340

with the exception of the last one. Hyper-parameter optimization was performed with Optuna43 using the341

performance in the validation set. Training these models takes approximately 10 minutes on an NVIDIA342

Tesla M40 24GB, using 16bit precision and an early stopping strategy on the minimization of the cost343

function with a delta of 1e−3 and patience of 5 steps.344

The pKAI model was trained on an MSE cost function while for the pKAI+ we have added a

regularization parameter α to penalize ∆pKa predictions (y). Thus, the loss function of pKAI+ becomes

J(yi, ŷi,α) = (1−α)(yi − ŷi)
2 +α ŷi

2 (1)

where yi is the true value and ŷi the estimation. Different regularization weights were tested on the345

validation set to check for overfitting (Figure 5D). While we have selected an α of 50%, any value in the346

40–70% range would lead to a similar improvement.347
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XAI Methods348

For each input atom feature â = (a,ra), where a indicates the atom class and ra the corresponding

distance to the liable atom(s) of the titrating residue, we compute the corresponding attribution I(â) with

the Integrated Gradients (IG) algorithm,44 as implemented in the shap package45. I(â) measures the

sensitivity of the network output with respect to changes in the input â. A large absolute value of I(â)

indicates that the network assigns high importance to this feature, while the sign of I(â) indicates whether

the feature contributes positively or negatively to the output. Given that the most important contributions

to the ∆pKa are of electrostatic nature, one can try to explain the model inferred charges for each atom

class a by computing the distant-independent score C:

C(a) = E
[
r−1

a I−(â)
]
−E

[
r−1

a I+(â)
]
, (2)

where I− and I+ are negative and positive I values, respectively. The C score of an atom class is thus349

the difference between the distance weighted average of examples with negative and positive I values, over350

a large subset (10000 samples) of the test set. The sign of C(a) in equation 2 resembles the charge that351

the network, on average, assigns to a given atom type. For example, if an atom class is being perceived352

by the model as contributing negatively to the ∆pKa (E
[
r−1

a I−(â)
]
> E

[
r−1

a I+(â)
]

hence C(a)> 0), this353

would mean that the network learned that this particular atom stabilizes the deprotonated state, which is354

characteristic of positively charged groups.355

The solvent accessible surface area (SASA) values shown in Supplementary Table S1 and in the XAI356

subsection have been taken from pKPDB28.357
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