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Abstract

Protein pK, prediction is a key challenge in computational biology. In this study,
we present pKALM, a novel deep learning-based method for high-throughput pro-
tein pK, prediction. pKALM uses a protein language model (PLM) to capture the
complex sequence-structure relationship of proteins. While traditionally considered
a structure-based problem, our results show that a PLM pre-trained on large-scale
protein sequence databases can effectively learn this relationship and achieve state-
of-the-art performance. pKALM accurately predicts the pK, values of six residues
(Asp, Glu, His, Lys, Cys, and Tyr) and two termini with high precision and efficiency.
It performs well at predicting both exposed and buried residues, which often deviate
from standard pK, values measured in solvent. We demonstrate a novel finding that
predicted protein isoelectric points (pl) can be used to improve the accuracy of pK,
prediction. High-throughput pK, prediction of the human proteome using pKALM
achieves a speed of 4,965 pK, predictions per second, which is several orders of magni-

tude faster than existing state-of-the-art methods. The case studies illustrate the effi-



cacy of pKALM in estimating pK, values and the constraints of the method. pKALM
will thus be a valuable tool for researchers in the fields of biochemistry, biophysics,

and drug design.

1 Introduction

Protein pK, is crucial for understanding various biological processes, including enzyme catal-
ysis, 3 protein folding,*% and ligand binding.”® Chemical groups in the side chain and
terminals can be protonated or deprotonated depending on the pH of the environment, af-
fecting protein structure, stability, and function. Currently, the most reliable pK, values
of proteins are only obtained through laborious, costly, and challenging experiments such
as NMR titration.? Computational methods for the prediction of protein pK, have been
developed to provide relatively fast and convenient pK, estimations while maintaining rea-
sonable accuracy. One widely used method is the empirical approach, PropKa, %! which
employs a set of human-designed rules to predict pK, values based on a single protein struc-
ture. PropKa is considered one of the fastest in protein pK, prediction due to the efficient
computation, though its accuracy is limited by the simplicity of its rules. In contrast, con-
stant pH molecular dynamics (CpHMD) simulation methods,'* 2! based on the molecular
dynamics (MD) simulations, are considered to be the most accurate computational methods
for pK, prediction. Recent advancements in CpHMD methods have been seamlessly in-
corporated into simulation platforms such as GROMACS,?? CHARMM,?* and AMBER,
facilitating both accurate predictions and user-friendly application.? However, they require
a long-time sampling of different protein conformations and protonation states, making them
computationally intensive and unsuitable for high-throughput pK, prediction. Furthermore,
Poisson-Boltzmann (PB) methods,?*2® based on continuum electrostatics theory,? provide
the pK, values for ionizable residues in proteins. PB methods reduce computational costs
compared to CpHMD simulations, though at the expense of accuracy. This accuracy de-

creases due to theoretical assumptions on the basis of modeling the protein-solvent interface



as a continuum medium* and single protein conformations in the calculations.

Protein pK, prediction is typically approached as a structure-based problem, where the
protein structure serves as input features of predictors. However, several issues arise with
this approach, especially for high-throughout prediction: 1) Protein structures are not always
available for all proteins, limiting the applicability of structure-based methods. Although
structure predictors such as AlphaFold2?° and RoseTTAFold3! can provide highly accu-
rate atomic-level structures, their high computational cost makes them unsuitable for high-
throughput pK, prediction. Furthermore, studies indicate that the p/, prediction based on
structures predicted by AlphaFold2 tend to underestimate of the pK, shifts,? rending pre-
dictions for significantly shifted pK, values less reliable. 2) Protein structures are inherently
flexible and dynamic, and specific regions can be ambiguous,® affecting prediction accuracy.
Some pK, predictors use clustering of different conformations to enhance prediction accu-
racy.?* However, this clustering process is time-consuming and does not fully address the
aforementioned structural discrepancy issue. These discrepancies between structures® pose
significant challenges to the prediction accuracy of the existing methods. These challenges
highlight the need for improved methods in protein pK, prediction that can account for
structural discrepancies, flexibility, and the availability of protein structures.

Machine learning (ML) methods have recently emerged as a promising approach for
protein pK, prediction. ML models such as random forests,?® graph neural networks,?’
and multilayer perceptron,®® have been applied to predict pK, values based on protein
structures.?3% 4! These ML methods are built with numerous parameters and trained on

4243 or pK, values derived from

data sets consisting experimentally determined pK, values
other computational methods.??** Due to their flexible architectures and scalability, these
methods effectively model the complex relationship between the protein structures and pK,
values of protein residues. ML methods achieve both high efficiency and high accuracy in

pK, prediction compared to traditional methods.

In recent years, large language models (LLMs) have achieved significant success in vari-



ous modeling tasks, including natural language processing (NLP) and computer vision (CV).
Protein language models (PLMs) have been also developed using architectures such as trans-

4546 and the recurrent neural network (RNN).47 In a PLM, each residue in a sequence

formers
is represented as a high-dimensional vector encapsulating the essential information of the
sequences and its context. For instance, residues in similar protein environments are likely
represented by proximate vectors in the high-dimensional space. PLMs have demonstrated
their effectiveness in various protein property prediction tasks, including secondary structure
prediction,*® contact prediction,?® atomic-level structure prediction,® and intrinsic disorder
prediction,*® in terms of prediction accuracy and computational efficiency.

This study introduces pKALM, a novel protein pK, prediction method based on a protein
language model. pKALM is a deep learning-based approach capable of predicting p K, values
solely from protein sequences. It has been trained to predict the p K, values of the side chains
of Asp, Glu, His, Lys, Cys, Tyr, as well as the N-terminus and C-terminus of proteins. The
performance of pKALM was evaluated across a range of residue types, pK, shifts and burial
depths. The results demonstrated that pKALM achieved comparable performance to state-
of-the-art methods. Two isoelectric point (pl) predictors were also developed, achieving
state-of-the-art performance, and integrated into the pKALM framework to improve pK,
prediction accuracy. Furthermore, we demonstrate the high-throughput prediction of pK,
values for all proteins in the human proteome, emphasizing the significantly faster prediction
capabilities of pKALM. A case study is also provided to elucidate the reasons why sequence-
based pKALM can effectively predict pK, values, with the interpretability of the visualized

attention maps of the PLM.



2 Method

2.1 Data sets

We utilized the recently released PKAD-2 data set*? to train and test various protein pkK,
prediction methods. PKAD-2 compiles experimental pK, data from multiple references,
providing 1,456 pK, values for wild-type proteins and 269 pK, values for mutant proteins.
We meticulously revised the original data set to correct missing or erroneous information,
excluding unverifiable or non-numerical pK, values. The revised data set now includes 1,450
pK, values for 165 wild-type proteins and 262 pK, values for 47 mutant proteins. The
revised PKAD-2 is available in the associated GitHub repository https://github.com/
xu-shi-jie/revPKAD2.

The PKAD-2 data set exhibits considerable redundancy, with homologous proteins having
very similar pK, values for the same residues. This redundancy presents two critical issues:
1) it causes overlap between training and test sets, compromising the fairness of ML model
evaluations, and 2) it hampers the generalization of ML models to novel, non-homologous
proteins. To address these issues, we utilized the cd-hit program® to cluster the revised
PKAD-2 data set at 30% sequence similarity, a critical threshold (compared to 30% in the
work of Cai et al.?® and 90% in the work of Reis et al.*!). The resulting non-redundant data
set was randomly divided into training and test sets in a 5:2 ratio, with 376 pK, values in
the training set and 152 pK, values in test set. Notably, the size of test set closely aligns
with those used in related studies.*°

The literature bias results in an extremely unbalanced distribution of pK, values among
different residues. Predictions for less abundant residues (Cys, Tyr, N-terminus, and C-
terminus) are more challenging compared to abundant residues (Asp, Glu, His, and Lys).
Table 1 presents the pK, values for both abundant and less abundant residues. The detailed
data set construction process is described SI Section 1, and the pK, value distribution are

shown in SI Figure S1. To compare pKALM with CpHMD methods, we leveraged a test set



“EXP67S” established in prior research.® It contains 167 pK, values and we also removed
redundancies with more than 30% sequence similarity to our training set via the mmseqs2
program.®? The resulting reduced test set, termed “rEXP67S”, comprises 96 pK, values,

with their detailed distribution depicted in SI Figure S2.

Table 1: The numbers of pK, values of different residues in the data set.

Residue Training set Test set
Asp 108 40
Glu 121 44
Abundant His 64 95
Lys 38 15
Cys 11 4
Tyr 14 6
Less abundant Noterminus 8 4
C-terminus 12 5
Total 376 143

We utilized isoelectric point (pI) data from Kozlowski’s work,%® which includes both pep-
tide and protein pl data sets. These data sets, derived from references containing experimen-
tal pl values, comprise 119,092 peptide pl values and 2,324 protein pl values. Redundancies
in both data sets were removed, and they were split into training and test sets in a 3:1 ratio.
SI Figure S3 illustrates the detailed distribution of pl values. Notably, compared to the
peptide pl data, the protein pl data are significantly fewer and more concentrated, posing a

greater challenge for accurate prediction.

2.2 Protein language model

Protein language models are large-scale neural networks pre-trained on extensive unlabeled
protein sequences. Architectures such as to BERT?* or T5% are commonly employed for
PLMs, characterized by parameters counts ranging from millions to billions, each exhibiting
distinct properties. In this study, we evaluated nine PLMs of varied architectures and sizes,

including the ESM series**#6 and ProtTrans series.*® Detailed information are provided in

SI Table S1.



The scaling law?% of large language models demonstrates that their performance consis-
tently improves with larger model and training data sizes. This finding aligns with previ-
ous research,?” indicating that performance increases with PLM model size but eventually
plateaus due to the limited fine-tuning data. Consequently, selecting appropriate PLMs is
critical for tasks involving protein property prediction, contingent upon the scale of available

fine-tuning data.

2.3 Architecture of pKALM

The architecture of pKALM predictor is depicted in Figure la. The input comprises the
protein sequence, encoded through a protein language model, a protein pl model, and a
peptide pl model to derive feature vectors. These models are held frozen during pKALM
training. The concatenated feature vectors are then fed into a bi-directional long short-
term memory (BiLSTM)5" network to capture sequential patterns in the protein sequences.
To distinguish the residue types (i.e., Asp, Glu, His, Lys, Cys, Tyr, N-terminus, and C-
terminus), they are encoded via an embedding layer and added to the BiLSTM network
outputs. The combined vectors are subsequently processed by a simple fully connected layer
to predict the pK, shift. The final predicted pK, is derived from the sum of the pK, shift
and the standard pK,, consistent with prior work,!! as detailed in SI Table S2.
Furthermore, both pl models share identical architectures, as illustrated in Figure 1b.
The input of each pl model includes either a protein or peptide sequence, encoded into
vector sequences via a residue embedding layer. These vectors are then fed into a BILSTM
network to learn sequential patterns. From the BiLSTM outputs, only the hidden states
corresponding to protonatable residues (i.e., Arg, Asp, Glu, His, Lys, Cys, and Tyr) and the
termini are extracted and averaged to form the final feature vector. A fully connected layer
converts this vector into the pl value. Each pl model is trained on distinct data sets: the

peptide pl data set and the protein pl data set, respectively.



(a) Input sequence: (b) Input sequence:
ACDYTCGSNCYSSSDVSTAQAAGYK... ACDYTCGSNCYSSSDVSTAQAAGYK...
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Figure 1: Overview of pKALM. (a) The architecture of pKALM. Arrows indicate data
flow, while colored blocks represent different neural networks. The symbol “~” denotes
concatenation of feature vectors and “+” denotes vector addition. Flow bifurcation indicates
data duplication. (b) Architecture of the pl predictors. The pl model is shared by the peptide
pl model and protein pI model.

2.4 Compared methods and data preparation

We compare pKALM with five existing pK, prediction methods including PropKa, ! PKAI 4
PypKa,?® DeepKa,*? and PKAI+.4! For DeepKa predictions, we utilized the online service
available at http://www.computbiophys.com/DeepKa/main, while for the other methods,
we installed their respective software packages locally and assessed their performance. To
test the performance of reported methods based on structures, protein structures within test
sets were prepared as below. We retrieved PDB files from the Protein Data Bank.?® For
proteins lacking PDB entries (UniProt IDs: P03230 and P53378), we employed ColabFold >
to predict their structures. Repairing the protein structures involved using openMM® to

handle non-canonical residues (e.g. selenomethionine is replaced to methionine), mutation



of wild-type residues, and removal of HETATM records and water molecules.

As both pK, and pl prediction involve regression tasks, we employed root-mean-square
error (RMSE) and mean absolute error (MAE) to evaluate the performance of our method
and others. RMSE, preferred for its sensitivity to data set outliers, served as the primary
metric. Furthermore, we utilized RMSE, MAE, and the coefficient of determination (R?) to

comprehensively compare the accuracy of different pl prediction methods.

3 Results and discussion

3.1 Hyperparameter tuning and optimization

We utilize a grid search methodology alongside the wandb package®' to optimize the hy-
perparameters of models in the experiments. Specifically, we adjust the dimensions of the
hidden states and the layers within the BiLSTM networks for both the pKALM and two pl
models. We explore hidden state dimensions and the number of layers in different ranges (see
SI Table S3). The optimal hyperparameters are selected based on the performance evaluated
through 5-fold cross-validation on the training data set.

We employ the AdamW optimizer® throughout our experiments, with a fixed learning
rate of 0.001 and a weight decay of 0.001 to mitigate overfitting. Remaining optimizer
hyperparameters are set to their default values. Furthermore, we utilize a cosine annealing
learning rate scheduler. The batch sizes are set to 32, with model training spanning 100
epochs for protein pK, prediction, 20 epochs for peptide pl prediction, and 10 epochs for
protein pl prediction. Loss functions employed are mean-absolute-error (MAE) for pK,
prediction and mean-squared-error (MSE) for pI prediction.

All experiments are conducted on a Linux workstation equipped with an AMD Ryzen
9 7950X3D 16-core processor, 64 GB memory, and dual NVIDIA RTX 3090Ti GPUs. Im-
plementation utilizes Python 3.12.2 and PyTorch 2.2.1 with CUDA 11.8. For the PLM

inference, we utilize Hugging Face’s transformers package (ver 4.39.3)% and accelerate



package (ver 0.28.0).%* Except the native automatic mixed-precision feature of PyTorch,%?
no additional optimization techniques are employed to accelerate the model training and
inference.

During the training step of a mini-batch, the protein sequences varied in length were
pad and truncated into a fixed length for efficient batch processing. We segment longer
sequences into smaller segments with a maximum length of 960 tokens (i.e., residues), due
to the constraint that some PLMs, such as ESM1B_650M, only accept sequences shorter
than 1024 tokens. To retain contextual information, an additional 31 tokens at the end of
the segments are appended to each segment, facilitating overlap between adjacent segments,
which will be discarded. Final sequence encodings are derived from the concatenated non-

overlapping of segment encodings.

3.2 Prediction of peptide and protein isoelectric point

The isoelectric point (pl) of a protein is the pH at which the protein exhibits no net charge,
while the pK, values denote the pH at which protein residues are half-protonated. The
relationship between the pK, values of a small molecule and its isoelectric point (pl) can be
elucidated through the Henderson-Hasselbalch equation for weak acids: %

[A7]

pH = pK, + log,, (@)

The average charge of an ionizable residue at a specific pH can be calculated by [A7]/[HA] =
10PH=PKa The total charge of the small molecule can be determined by summing the charges
of all ionizable groups. The isoelectric point (pl) is thus the pH at which the total charge of
the protein is zero. For instance, the pI of a small molecule containing both an anionic and
a cationic group, with pK,! and pK,?, can be calculated as pl = (pK,' + pK.?)/2.

The Henderson-Hasselbalch (HH) equation is not directly applicable to proteins, as they

encompass numerous ionizable residues capable of mutual interaction. These interactions
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further complicate their behavior, often giving rise to cooperativity. Consequently, the titra-
tion curve of interacting residues cannot be presumed to adhere strictly to the HH equation.
Nevertheless, the HH equation offers a qualitative insight into the relationship between p K,
values and pl. This relationship, we posit, can be harnessed by machine learning models to
enhance pK, prediction accuracy, given the models’ ability to discern and capture intricate
and non-linear relationships.

This study initially trains peptide and protein pl predictors using certain data sets and
integrates them into the pKALM framework. Performance comparisons against state-of-the-
art methods for peptide pl prediction are summarized in Table 2. Our peptide pl predictor
exhibits superior performance in terms of RMSE, MAE, and R? compared to IPC2, the
previous leading method trained on identical data sets. 5-fold cross-validation results for
peptide pl prediction are illustrated in SI Figure S4, with the optimal hyperparameters
selected.

Table 2: Performance comparison of different methods for peptide isoelectric point predic-
tion. Bold font indicates our method.

Method RMSE MAE R?

pKALM, this work 0.2204 0.1071 0.9765
IPC2°3 0.2216 0.1216  0.9761
Bjellqvist 57 0.4051 0.2836  0.9204
Nozaki% 0.4083 0.2673  0.9191
DTASelect % 0.4235 0.2796 0.9130
Thurlkill 0.4466  0.2535 0.9033
Sillero™ 0.4747  0.2696  0.8907
Dawson "2 0.4910 0.2642 0.8831
Wikipedia 0.5178 0.2974  0.8700
Grimsley ™ 0.5264 0.3796  0.8656

The Wikipedia method refers to the pK, values as presented in the Wikipedia page in
2005.

We develop a protein pl predictor and evaluate its performance against existing bench-
marks. Performance comparisons against state-of-the-art methods for protein pl prediction
are summarized in Table 3. Our method achieves the third-best RMSE and R? scores, and

the fourth-best MAE among the methods evaluated. Notably, our approach employs deep
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learning, which typically demands larger data sets for excellent performance. The limited
size of available protein pl data sets (see Section “Data set”) constrains the efficacy of our
predictor despite employ a comparable architecture. 5-fold cross-validation results for protein
pl prediction are depicted in SI Figure S5, with the optimal hyperparameters selected.

Table 3: Performance comparison of different methods for protein isoelectric point predic-
tion. Bold font indicates our method.

Method RMSE MAE R?

IPC2° 0.8479  0.5906  0.5934
IPC™ 0.8677  0.6109  0.5760
pKALM, this work 0.9069 0.6468 0.5589
ProMoST ™ 0.9113 0.6444 0.5183
Toseland ™ 0.9278  0.6537  0.5095
Dawson "2 0.9365  0.6586  0.4977
Bjellqvist 57 0.9369  0.6536  0.5005
Wikipedia® 0.9484  0.6795  0.4860
Rodwell ™" 0.9579  0.6762  0.4706
Grimsley ™ 0.9588 0.6953  0.4779

The Wikipedia method refers to the pK, values as presented in the Wikipedia page in
2005.

3.3 Performance of different protein language models

We assess the performance of multiple protein language models for predicting pK, values,
as depicted in the blue and green curves in Figure 2. The evaluation includes validation and
test RMSE for nine PLMs: eight PLM-based configurations (with “ESM” or “PT” prefixes)
and a compared configuration replacing PLM with an embedding layer (“No PLM”). The
points in the curves representing the best configurations selected from validated RMSEs,
which consistently decreases with an increase in model parameters from 8 to 650 millions,
and eventually achieve the lowest for three largest PLMs: ESM2 650M, ESM2 3B, and
ESM2_15B. Other PLMs (ESM1B_650M, PT BFD, PT_UR), and the non-PLM config-
uration exhibit varying performances due to their distinct architectures and training data
45,48

sets from ESM2 series, and their details can be found in the original literature.

The test RMSEs, however, diverge notably from the validation RMSEs. We define the

12
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Figure 2: Comparison of the performance of different protein language models on the
validation and test sets for all models and the best model selection. The violin graph
illustrates the distribution of (Validation/Test) RMSEs for different PLMs with different
hyperparameters (hidden states and layers). The curves represent the best (Validation/Test)
RMSESs selected based on the validation set. Note that for the non-PLM configuration, the
distribution of RMSEs across different configurations is very concentrated and we only show
the best RMSE.

pK, shift as the difference between model-predicted and experimentally determined pkK,,
categorizing shifts into five ranges split by 0.5 pH units: 0-0.5, 0.5-1.0, 1.0-1.5, 1.5-2.0,
and >2.0. SI Figure S6 illustrates the test RMSE of different PLMs across these ranges.
Notably, larger PLMs (ESM1B_650M, ESM2_ 3B, and ESM2_15B) exhibit superior per-
formance when pK, shifts are small (<1.0 pH unit). In contrast, for shifts larger than 1.5,
the configurations with smaller PLMs (ESM2_8M and ESM2_ 35M), demonstrate better
performance. These findings suggest that larger PLMs may suffer from overfitting when
predicting pK, values with significant shifts while smaller PLMs may not. Thus, selecting
an appropriate PLM is crucial to balance the prediction accuracy of pK, values that shift
significantly and those close to the standard pK, values.

The distribution of RMSEs for small-size PLMs is more concentrated, while the gaps

between the validation and test RMSEs are larger. In contrast, large-size PLMs exhibit less
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concentrated RMSEs with smaller gaps between validation and test RMSEs, as shown in the
violin graph in Figure 2. Overall, the variance in performance across different PLMs and hy-
perparameters underscores the importance of selecting an appropriate PLM for protein pK,
prediction and highlights the necessity of hyperparameter tuning for optimal performance.
Notably, our choice of PLM is considered a priori knowledge rather than a hyperparameter.
For subsequent experiments, we prioritize the RMSE of four abundant residues (Asp, Glu,
His, and Lys) as the primary metric for selecting the best PLM. ESM2_35M achieves the

best performance in terms of test RMSE among the evaluated models.

3.4 pKALM achieves state-of-the-art performance

We evaluate the performance of our pKALM method against reported methods (Figure 3a
and 3b). The results demonstrate that all methods can predict pK, values for Asp, Glu, His,
and Lys. Importantly, pKALM achieved the lowest test RMSE on three abundant residues
(Asp 0.6891, His 1.0343, Lys 0.8653) and third-best on Glu (0.7171). PKAI+, another deep
learning-based method, showed the second-best performance, followed by DeepKa, PypKa,
and PKAI The empirical method PropKa performs the worst, due to its simplistic empirical
rules and limited model complexity. The predictions of Glu residues exhibited relatively small
test RMSE among all predictors due to the concentrated pK, values of glutamic acid. In
contrast, the predictions of His residues had the highest RMSE, due to the limited and
diverse distribution of pK, values in the data set. Asp residues, with the second largest data
(108/40 in training/test set) and a broader pK, distribution, provided a fair and challenging
to benchmark. Performance comparisons on different residues in terms of RMSE and MAE
can be found with details in SI Tables S4 and S5. Overall, pKALM achieved the state-of-
the-art performance compared to existing structure-based methods.

The pK, values of less abundant residues Cys, Tyr, N-terminus, and C-terminus were
predicted in superior performance in terms of RMSEs (Cys 2.173, Tyr 0.6599, N-terminus

0.7820, C-terminus 0.8539) by pKALM relative to existing methods, as illustrated in Figure
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Figure 3: Performance comparison of pKALM with existing methods for (a) abundant
residues: Asp, Glu, His, and Lys and (b) less abundant residues: Cys, Tyr, N-terminus
(N-ter.), and C-terminus (C-ter.). Some methods are not available for certain residues, as
indicated by “X”.

3b. Predictions for Cys were particularly challenging due to the their limited data and very
diverse pK, values.

We compared pKALM with the available methods, marking unavailable ones with an
“X”. pKALM is unique in predicting pK, values for Cys with an RMSE of approximately 2
pH units, whereas other methods showed significantly large RMSEs (PKAI4>4, PypKa>3,
PKAI and PropKa>5), rending their predictions for Cys unreliable. Despite a limited test
set, pKALM achieved the lowest RMSE for Tyr (14/6 in training/test set) and N-terminus
(8/4 in training/test set). Detailed performance comparisons in terms of RMSE and MAE
can be found in SI Tables S6 and S7. pKALM and PypKa provided predictions for the C-
terminus with comparable accuracy (pKALM 0.8539 vs PypKa 0.7496). This indicates that
traditional methods that do not rely on machine learning remain dispensable for residues
lacking sufficient data to train machine learning models.

The Pearson correlation coefficients are also computed as shown in SI Figure S7 and
S8. On Asp, His, and Lys, pKALM achieves the highest correlation coefficients among all

methods. On Glu, pKALM is only slightly lower compared to others. This is consistent to
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rank on RMSE and MAE scores. For less abundant residues, all methods performs poor
correlation coefficients. This is because the most of the pK, prediction methods are trained
and optimized with L; or Ls loss functions, which are not fit the correlation coefficients. In
overall, we also compute the correlation coefficients on all residues and pKALM achieves the
highest correlation coefficient among all methods, as shown in SI Figure S8.

Notably, the compared methods rely heavily on structural data and are highly sensitive
to protein conformations. To fairly compare pKALM with these methods, we extend the
comparison to CpHMD methods, which are not dependent on conformational sensitivity.
As illustrated in Table 4, pKALM is more accurate than the CpHMD method on the test
set. Our approach demonstrates a lower RMSE and MAE, and a higher Pearson correla-
tion coefficient (R) than CpHMD. The RMSE of 0.8876 for pKALM is consistent with the
performance of our test set, and the RMSE of 1.0139 for CpHMD is consistent with the
previous study.*? The scatter plot in SI Figure S9 shows the predicted pK, shifts of pKALM
and CpHMD against experimental pK, shifts. While CpHMD exhibits several pronounced
outliers that deviate significantly from experimental values, predictions from pKALM align
more closely with the diagonal line, reflecting better performance on rEXPG67S test set. It
is worth noting the distribution of pK, dataset, rEXP67S, is also balanced as shown in SI
Figure S2.

Table 4: Comparison of pKALM and CpHMD methods on the rEXP67S test set.

Method RMSE MAE R
pKALM, this work 0.8876 0.5372 0.8114
CpHMD 1.0139 0.7304 0.7700

3.5 Performance on pK, shifts

We evaluate the performance of pK, predictors on different pK, shifts using PKAD-2 data
set. This data set consist of pK, values mostly within 1 pH unit of their standard values

and ones significantly shifted (e.g., >2 pH units). Predicting small pK, shifts is relatively
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straightforward, while predicting large shifts is more challenging, necessitating evaluation
across different pK, shift ranges. We thus split the pK, shifts into five ranges with 0.5
pH unit interval: 0-0.5, 0.5-1.0, 1.0-1.5, 1.5-2.0 and >2.0 and assessed the performance of
pKALM and existing methods on these ranges (Figure 4a) according to the previous study.

The number of pK, values in different pK, shift ranges is shown in Table 5.

Method Method

== pPKALM 4 BN pKALM
PKAI+ 3 PKAI+

=e= DeepKa 25 DeepKa
PKAI 3 PKAI

3 =e= PypKa 2.0 HEE PypKa
PropKa 3 PropKa

2

L 10
=
— 0.0

Exposed Buried Deeply buried
0-0.5 0.5-1.0 1.0-1.5 1.5-2.0 >2.0 (SASA > 50%) (SASA = 50%) (SASA = 20%)
pK; shift ranges Residue type

(@) (b) (c)

RMSE

Figure 4: (a) Performance comparison of pKALM with reported methods for largely shifted
pK, values. (b) Performance comparison of pKALM with reported methods for exposed,
buried, and deeply buried residues. (c¢) Ablation study of pKALM by removing the pI models.

Table 5: The distribution of pK, values across various pK, shift ranges in the test set
utilized in this study.

Range 0-0.5 0.5-1.0 1.0-1.5 1.5-2.0 >2.0
Count 70 37 20 9 7

pKALM achieves the lowest RMSE in ranges <1.5 while the third best in the range of
1.5-2.0 and the second-best in the range of >2.0. It is worth noting that, another two deep
learning-based methods, PKAI and PKAI+, also lag behind the best performance for larger
ranges. Deep learning methods are trained for minimizing the overall loss function and may
not always focus on learning the largely shifted pK, values. Considering the large part of
small pK, shifts in the data set, it is reasonable that the deep learning methods are not the
best for the largely shifted pK, values. On the other hand, DeepKa is optimized for relatively
balanced distribution of pK, shifts and thus performs better than PKAI and PKAI+ for
the largely shifted pK, values. PropKa is the best one for the pK, shifts larger than 2.0

pH units while the data point of this range is very limited. Furthermore, its performance on
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small pK, shifts is relatively low, suggesting such a method not reliable for the general pK,
prediction since we do not know which range the pK, value belongs to before the prediction.
In contrast, our method pKALM achieves balanced performance across different pK, shift
ranges.

Considering the less abundance of largely shifted pK, values, we utilized Matthews cor-
relation coefficient (MCC) as an indicator to evaluate the performance of predicting such
pK, values. The positive is defined as a large shift (> 2 pH units) and vice versa. MCC is

defined by the following equation:

TPXxTN —-FP x FN

MCC =
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

where TP, TN, FP, and FN are the number of true positives, true negatives, false positives,
and false negatives, respectively. Note that the MCC ranges from -1 to 1, where 1 indicates
a perfect prediction, 0 indicates a random prediction, and -1 indicates a completely wrong
prediction. The results are shown in SI Figure S10. pKALM gives high MCC scores on Asp
and Cys, while zero for others, and no negative scores. Other methods have negative scores
on Asp, His, Cys. PropKa has the only positive MCC on Asp. This suggests that pKALM

is capable of predicting large shifted pK, values with high accuracy.

3.6 Performance on the exposed and buried residues

We evaluate the performance of reported methods for exposed and buried residues separately.
The definitions of exposed, buried, and deeply buried residues are based on the relative
solvent accessibility (RSA) of the residues, which is already calculated in the PKAD-2 data
set. We choose 50% as the threshold, same as the previous study.?® To critically evaluate
the performance of pKALM on deeply buried residues, we further introduce a new category
of residues with RSA < 20%. The results are shown in Figure 4b. It is clear that pKALM

achieves the lowest RMSE for challenging buried and deeply buried residues. For exposed
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residues, pKALM also achieves the second-lowest RMSE (0.6281), following PKAI+ (0.5862),
while all predictors have relatively similar performance. This is reasonable since the exposed
residues are more accessible to the solvent and thus their pK, values are closer to the
standard pK, values, suggesting they are much easier to predict. It is worth noting that
PKAI+ is the best for the exposed residues since it tends to attenuate the larger p K, shift.

Consequently, its performance on buried and deeply buried residues is relatively worse than

pKALM, DeepKa, and PypKa.

3.7 Ablation study and comparison with existing methods

The necessity of adopting the pl models in pK, prediction was confirmed by an ablation
study of different modules (Figure 4c). To investigate the importance of modules inside a
deep learning model, we remove the pl models one by one, retrain them with the same data
sets, and evaluate them on the same test sets. Four versions of configurations are tested:
1) pKALM, 2) pKALM without peptide pl model “pKALM-pipep”, 3) pKALM without
protein pI model “pKALM-piprot”, and 4) pKALM without both pI models “pKALM-pipep-
piprot”. We observe the changes of the test RMSE of abundant residues and the results show
that the pl models are crucial for the pK, prediction, though the version without any pl
models are good. By removing the peptide pI model, the RMSE increases; removing the
protein pl model, the RMSE also increases. When we remove only the protein pl model, the
RMSE increases the most. This suggest that protein pl model is the most crucial for this
architecture.

However, the impact of the pl models on largely shifted pK, values and buried residues
is less pronounced than on more abundant and exposed residues. As illustrated in SI Tables
S6 and S7, the removal of the pI models does not lead to a consistent decrease or increase
in the RMSEs and MAEs. In certain ranges (1.5-2.0, >2.0), both the RMSEs and MAEs
rise upon the removal of the pl models. In contrast, in other ranges (0.5-1.0, buried), the

RMSEs and MAEs decrease. We attribute this to the incomplete training of the pI models,
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owing to the limited availability of pI data and the constraints of the training and test pK,

data. The biases within these datasets may hinder a robust analysis of the ablation study.

3.8 Performance on the test set with balanced distribution of pK,

shifts

pKALM is trained on a limited set of experimental data and tested with imbalanced pK,
values, which may introduce bias when evaluating largely shifted pK, values. Here, we
present pKALMs, a variant of pKALM, trained on a balanced training and test set using
the same model architecture. Due to the scarcity of experimental data, constructing a bal-
anced experimental data set of adequate size to train pKALMs is unfeasible. We adopt

the data sets used in the series of works of DeepKa,3%40:51

where they utilized calculated
pK, values from CpHMD simulations for training (named PHMD549), and experimental
data for testing (named EXP67S). The distribution of pK, shifts in the PHMD549 dataset
is unbalanced, which contrasts with the test set and may effect the performance of the
model on the balanced test set. To address this, we balanced the distribution of pK,
shifts in the training set by randomly sampling 1,000 pK, values from each shift range
of [0,0.5),[0.5,1),[1,1.5),[1.5,2),[2,00), and constructed a new training set, PHMD549S.
Detailed statistics of the PHMD549S dataset are shown in SI Figure S11. We retrained
pKALM on the PHMD549S dataset and evaluated its performance on the EXP67S test set.

We compared the performance of pKALMs with different protein language models, as
shown in SI Figure S12. In contrast to pKALM, pKALMs achieved the lowest RMSE on
the larger PLM, ESM2_650M, while pKALM performed best on ESM2_35M. This is log-
ical, as PHMDb549S is considerably larger than the revPKAD2 dataset, necessitating more
parameters to store the learned knowledge of pK, prediction. It is important to note that
model parameters increase with the input dimension of PLMs. Moreover, the test RMSE

first decreases and then increases as the PLM size grows. This behavior reflects the scaling

law of deep learning models, which aligns with prior studies.
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The comparative performance of pKALM, DeepKa, and other methods is summarized in
Table 6. It is important to note that, since our input structures may be processed through
different pipelines than those used in the original work, their performance may differ slightly
from the literature.?? The results demonstrate that the performance of pKALMs is slightly
better than that of DeepKa (0.970 vs 0.973), followed by PypKa, PropKa, PKAI, and
PKAI+. Performance also varies across different residues, suggesting fundamental dispari-
ties in the methodologies of the predictors. For example, Poisson-Boltzmann-based method
PypKa yields the best accuracy for Asp, while pKALMs excel at Glu and Lys, and DeepKa
outperforms others on His. The poorer performance of pKALMs on His can be attributed

to the absence of structural information, as pKALMs rely solely on sequence data.

Table 6: RMSEs of the pKALMs model, DeepKa, and CpHMD on the EXP67S test set. Here
“Asp”, “Glu”, “His”, and “Lys” are the RMSEs of the corresponding residues, while “Total”
is the total RMSE. “MAE” is the mean absolute error, and “Max” is the maximum error.
“R” and “m” are the correlation coefficient and slope of the linear regression, respectively.

Method  Asp Glu His Lys  Total MAE Max R m
pKALMs 1.084 0.962 1.000 0.717 0.970 0.673 3.542 0.946 0.965
DeepKa  1.068 1.082 0.768 0.776 0.973 0.736 2.799 0.944 0.869
PypKa 1.020 1.278 0.864 0.821 1.066 0.790 4.278 0.940 0.926
PropKa  1.041 1.146 1.516 0.929 1.168 0.888 3.900 0.914 0.813
PKAI 1.260 1.490 0976 0.806 1.236 0.850 5.770 0.918 0.924
PKAI+ 1.324 1401 1.095 0.856 1.244 0.916 5.850 0.908 0.849

3.9 High-throughput prediction

To evaluate the speeds of pKALM, the pK, values of all proteins in the human proteome are
predicted. The human proteome data set is downloaded from the UniProt website (https:
//www.uniprot.org/proteomes/UP000005640) which contains a total of 20,598 proteins
and 3,554,768 protonatable residues. The whole prediction process took 11 minutes 56
seconds on our machine, which produced an average speed of 4,965 pK, per second. The
distribution histograms of the predicted pK, values of different residues (SI Figure S13 for

pKALM and SI Figure S14 for pKALMs) indicates the predictions have a wide range of
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pK, value distributions for all residues. This suggests that pKALM is capable of predicting
the significantly shifted pK, values in the proteins. The predicted pK, of terminal groups
have relatively concentrated distributions, which is consistent with the fact that N-terminal
and C-terminal are more likely exposed to the solvent and thus have more concentrated
pK, to its standard pK, values. Notably, the distribution produced by our method is more
concentrated than those of existing methods, such as Chen et al.,3? which may be attributed
to the simplified input features and the absence of structural information in our approach.

We evaluate the speed of different predictors that compared in this study. We cite the
reported speeds of DeepKa in the published work.?? We have tested the speed on human
proteome data set for our pKALM. Other methods are installed with their official programs
on our machine. Furthermore, we randomly sample 1,000 structures from the PDB database
and predict the pK, values of all residues in the structures by PKAI, PKAI+, PropKa.
Since PypKa is very slow, we sampled only 100 structures and predicted their pK, values
by PypKa. The speed of these predictors are shown in Table 7.

It is clear that pKALM is the fastest method among the compared methods, which is
more than 37 times faster than PKAI/PKAI+, 130 times faster than PropKa, 694 times
faster than DeepKa, and 5773 times faster than PypKa. The speed of pKALM is mainly
due to its sequence-based design and the parallel computation of the deep learning models
on the GPUs. PLMs are considered as the bottleneck of the deep learning models. However,
the pK, prediction of pKALM is performed for all protonatable residues in the same protein
simultaneously. The price of PLM inference is paid only once for each protein, instead of each
residue, which is more efficient than the residue-by-residue prediction. Another deep learning
methods, PKAI/PKAI+ also provide the second and the third best speed. Surprisingly, the
empirical method PropKa predicts more slowly than the deep learning methods, possibly
due to its implementation on the CPU and the sequential prediction of the residues’ pK,

values.
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Table 7: Speed comparison of different methods for pK, prediction.

Method Total pK, Total time pK, per sec
pKALM, this work 3,554,768 11 min 56 s 4,964.76
PKAI 187,312 23 min 31 s 132.75
PKAI+ 187,312 23 min 38 s 132.10
PropKa 219,198 96 min 14 s 37.96
DeepKa 1,537 3 min 35 s 7.15
PypKa 11,565 3 h 43 min 49 s 0.86

a Note that compared methods are tested on different data sets.

3.10 Case study and discussion
3.10.1 Prediction for ribonuclease H

We use pKALM to predict the pK, values of ribonuclease H (PDB ID: 2RN2) to have a
case study. Ribonuclease H is a small protein consisting of 155 residues (Figure 5a). It has
been reported to have pK, values as shown in Table 9.7 The predicted pK, values from
pKALM are very close to the experimental values. This example demonstrates that pKALM

accurately predicts the pK, values of the residues in the protein.

b Asp143 i
Asp10 { His57
’ 4 ‘semss _Alal20
Argiis >
His127 9

Glu57

; Asp102 Cys46
) sp
RgR70 ) Trp81 C}

His78

(a) (b) (c)

Figure 5: Exemplary predictions. (a) The five titrated residues of ribonuclease H. (b) The
catalytic triad of chymotrypsin. (c) The bacterial peroxiredoxin AhpC. The catalytic Cys46
is shown in red. Residues with high attention maps to Cys46 are shown in orange.
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Table 8: The experimental (Expr.), predicted (Pred.), and standard (Std.) pK, values of
selected residues in ribonuclease H, chymotrypsin, and AhpC. The solvent-accessible surface
area (SASA) and relative solvent accessibility (RSA) of the residues are also shown.

Protein Residue Expr. Pred. Std. SASA (A°) RSA (%)
Aspl0 6.1  6.38 38  18.62 0.65

. Glus7 3.2 441 45 8135 36.48
Ribonuclease H (2RN2) 70 9% 989 3.8 62.96 32.62
Hisl27 3.96 4.07 45  68.97 30.79

Chymotrypsin (4CHA)  Hisbh7 75 7.65 6.5 2.42 1.08
AhpC (AMA9) Cysd6 594 6.67 9.0 0.00 0.00

3.10.2 Prediction for chymotrypsin

pKALM is employed to predict the catalytic triad motif of chymotrypsin, a serine protease.
This motif is comprised of Asp, His, and Ser (Figure 5b and Table 9). The input for pKALM
is the B chain of the apoenzyme structure (PDB ID: 4CHA). Given the strong interaction
between these three residues, the pK, values of Hisb7 are significantly altered from their
standard pK, value of 6.5. The predicted pK, value of His57 from pKALM is 7.65, which is in
close agreement with the experimental value of 7.5.2 This indicates that pKALM is effective
in capturing the intricate interactions between the residues and accurately predicting the
pK, values of the residues in the catalytic triad. It is worth noting that Ser in the catalytic
triad is not on the input chains but the prediction is still accurate, possibly due to the strong
interactions between the residues in the catalytic triad, which are captured by the protein

language model.

3.10.3 Prediction on HEWL, SNase, CatD, BACE1, and BACE2

We evaluated the prediction of pKALMs for five enzymes: HEWL, SNase, CatD, BACEL1,
and BACE2, which are commonly employed to gauge the efficacy of pK, predictors.3™
Residues with lower pK, values function as proton donors, whereas those with higher pK,

values do as proton acceptors. These residues exhibit moderate pK, shifts and have been

predicted with high or acceptable accuracy (Table 9).

24



Table 9: Prediction of pK, values for HEWL, SNase, CatD, BACE1l, and BACE2 using
pKALMs.

Enzyme Residue Expr. Pred. Std. SASA (AQ) RSA (%)
HEWL GLZ0 (00 55 Sa ss 0 o
sNase (9BDC) (N 00 D s 120 oo
CoD (1Y) 4R D1 she 58 aa ies
BACEL(SGH) y00 55 ams 45 2 1
BACE2 (3ZKQ) 2?24481 ? §é§ 22 8 8

We also evaluated the pK, predictions for three SNase mutants: Aspl104 of 3P75, Glu92
of 1TQO, and Lys66 of 2SNM. However, the predicted values closely align with the standard
pK, values: 3.52 (Expr. 9.7), 3.78 (Expr. 9.0), and 11.15 (Expr. 5.6). These residues exhibit
exceptionally large deviations from the standard pK, values, exceeding 5 pH units. Such
extreme pK, shifts are exceedingly rare and may be inadequately represented in the training
dataset. The PLM-based model captures only subtle signals of spatial interactions among
residues, and shifts of this magnitude likely involve substantial structural alterations, which

appear to exceed the model’s current capabilities.

3.10.4 Why PLM-based design works?

We conduct a case study to demonstrate why the PLM-based design of pKALM works very
well. We use pKALM to predict the pK, values of Cys46 in the bacterial peroxiredoxin
AhpC (PDB ID: 4MA9), a large protein consisting of five chains and hundreds of residues.
The key residues for analysis are shown in Figure 5¢ and Table 9. The pK, value of Cys46 is
5.94,8% which is largely shifted from the standard pK, value of 9.0. The predicted pK, value
from pKALM is 6.67, which is close to the experimental value, while other methods predict
the values including PropKa (9.0), PKAI (9.64), and PKAI+ (9.08), close to the standard

pK, value of 9.0. This suggests that pKALM is more reliable for the prediction of the pK,
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values of Cys residues in proteins.

To visualize the effectiveness of pKALM, the attention maps are considered as the useful
tool to interpret the deep learning models.®! We thus visualize the attention maps of all 20
heads of the PLM ESM2 35M when the input is the sequence of AhpC (SI Figures S15
and S16). Most heads only capture the short-distance interactions between the residues,
while some heads capture the long-distance interactions. For example, the 14th head in
the attention map show the most significant long-distance interactions between the catalytic
residue Cys46 and the other residues including His78, Trp81, Argl19, Alal120, and Asp143.
These residues are distant from Cys46 in sequence and close in the 3D structure. The
attention map imply that pKALM may successfully build the sequence-pK, relationship
by capturing the long-distance interactions and possibly more essential information of the
residues in the protein sequences.

The PLM-based framework underlying our method exhibited exceptional performance
in protein pK, prediction in both precision and computational efficiency, though certain
limitations remain. The current implementation of pKALM is constrained to utilizing ex-
perimental data exclusively as input, a limitation that is particularly pronounced for less
prevalent residues such as Cys, Tyr, N-terminal, and C-terminal groups. As a result, the
evaluation for these residues is less exhaustive compared to their more common counter-
parts. Furthermore, the relatively low occurrences of significantly shifted p K, values hinder
a comprehensive assessment of such cases. Traditional methodologies including CpoHMD and
Poisson-Boltzmann calculations can determine pK, values independently of training data
and may provide valuable synergies with deep learning-based approaches. These methods
could mitigate the reliance on extensive experimental datasets and facilitate the expansion
of experimental data for validation purposes.

Protein language models have proven their remarkable efficacy across diverse protein pre-
diction and engineering tasks. However, their application to pK, value prediction remains

underexplored. This study introduces, for the first time, a framework that predicts pro-
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tein pK, values exclusively from the high-dimensional representations generated by protein
language models. The findings reveal that these models capture the intricate relationship
between sequence and pK,, offering a powerful and innovative tool for pK, prediction. We
anticipate that integrating protein language models with structural information will signifi-
cantly enhance the accuracy and robustness of pK, predictions.

Additionally, this study introduces two accurate and fast pI models, which do not employ
PLMs and are based on a sequence-centric design. These models underscore that PLMs
are not universally effective for all protein prediction tasks, particularly when fine-tuning
data, such as pl datasets, is insufficient. The primary contribution here lies in bridging
the gap between pK, and pl prediction problems through transfer learning, a conclusion
further reinforced by ablation studies. However, the connection between pl and pK, values
appears complex, reflecting the intricate nature of protein environments. By leveraging deep
learning methods, we aim to unveil these complexities and model the intricate relationships
between these parameters. These pl models, characterized by their speed and precision, hold
significant potential for large-scale protein pl value predictions.

pKALM was designed to operate on single-chain inputs and leverages simplicity and
efficiency as key advantages while inevitably losing structural information. It cannot account
for conformational changes not encoded in the sequence, such as ligand binding or post-
translational modifications. Another concern arises from the quality of the experimental
dataset employed in this study, PKAD-2, which suffers from inaccuracies in the annotation
of pK, values. Although we attempted to clean the dataset by verifying consistency, errors

may still persist, potentially affecting the model’s performance.

4 Conclusions

The understanding of protein functions in biological processes requires the knowledge of

protein pK,. It is a significant challenge to accurately measure the pK, of specific residues
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in a protein. However, computational methods provide an alternative approach to predict the
pK, values. In this study, we propose a deep learning-based method, pKALM, which employs
a protein language model to achieve highly accurate predictions for Asp, Glu, His, Lys, Cys,
Tyr, N-terminus, and C-terminus. Furthermore, two pl models were trained and integrated
into the pKALM architecture. The pl models are of particular importance for the prediction
of pK,, with the protein pI model being especially crucial in this regard. The performance of
pKALM was evaluated on the PKAD-2 dataset, and it was compared with existing methods.
The results demonstrate that pKALM achieved state-of-the-art performance in terms of root
mean square error (RMSE) and mean absolute error (MAE). Furthermore, the performance
of pKALM was evaluated on data sets with significantly shifted pK, values, exposed and

buried residues, and the human proteome.
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