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Abstract

The accurate prediction of protein residue ionization states under physiological conditions
remains a foundational challenge in structural biology, with direct repercussions for drug
design, enzyme engineering, and the understanding of macromolecular recognition.
Traditional physics-based tools, while grounded in continuum electrostatics, often struggle to
capture the nuanced microenvironments that shift pKa values of ionizable residues, while
purely empirical methods lack transferability across diverse protein families. This paper
presents a system-level perspective on an explainable deep graph framework that integrates
graph neural networks with physically inspired feature engineering to decode the electrostatic
determinants of residue ionization. The framework treats each ionizable residue as a node
within a protein graph, where edges encode both covalent topology and spatial proximity,
allowing the model to learn context-dependent pKa shifts directly from structural data. A
central contribution of this work is the deliberate emphasis on architectural transparency and
post-hoc interpretability, enabling the extraction of electrostatic determinants such as local
hydrogen bonding, desolvation effects, and charge-charge interactions without sacrificing
predictive accuracy. We examine the entire deployment pipeline, from large-scale data
ingestion of curated pKa databases and structure repositories to the training of attention-based
graph models and their validation on benchmark sets. The discussion extends to system
robustness under structural perturbations, fairness across underrepresented residue types such
as cysteine and histidine, and the environmental sustainability of training large models. Policy
and governance dimensions, including reproducibility standards, open-source model
dissemination, and the responsible use of AI-driven predictions in pharmaceutical pipelines,
are thoroughly analyzed. Through this comprehensive lens, we argue that explainability is not
an optional add-on but a critical design requirement for machine learning systems operating in
high-stakes molecular sciences.
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1. Introduction



Electrostatic interactions govern a wide spectrum of biological phenomena, from protein
folding and stability to ligand binding and enzymatic catalysis. Among the most sensitive
electrostatic parameters is the acid dissociation constant, pKa, of ionizable amino acid
residues, which determines their protonation state at a given pH and directly modulates local
charge distributions. Despite decades of methodological development, the accurate prediction
of residue-specific pKa values from three-dimensional protein structures remains a
persistently difficult task, not merely due to the complexity of the underlying physics but also
owing to the high-dimensional, context-dependent nature of protein microenvironments.
Classical methods such as those based on numerical solutions of the Poisson-Boltzmann
equation [1] and empirical approaches like PROPKA [2] have provided valuable insights, yet
they exhibit systematic limitations when facing buried charges, coupled titration events, and
conformational flexibility. The recent explosion of deep learning applications in structural
biology, epitomized by AlphaFold [3], has created new opportunities to capture complex
patterns without explicit physics simulation, but it has also raised pressing questions about
interpretability, trustworthiness, and accountability in systems that may influence drug
discovery pipelines.

Within this landscape, predicting pKa values can be framed as a graph learning problem,
where each ionizable residue is a node embedded in a protein graph whose edges capture both
sequential connectivity and non-covalent spatial contacts. Graph neural networks (GNNs)
have demonstrated considerable promise in molecular property prediction [4,5], and a
growing number of architectures have been specifically tailored for protein pKa prediction by
incorporating physically inspired features such as solvent accessibility, hydrogen bond counts,
and local electrostatic potentials [6]. However, the development of highly accurate models
alone is insufficient for adoption in pharmaceutical and biotechnological contexts. Critical
stakeholders—from computational chemists to regulatory agencies—demand an
understanding of why a model assigns a particular pKa shift to a given residue, which local
structural features dominate the prediction, and how robust these predictions are under
conditions of structural noise or domain shift. These requirements call for an explicitly
explainable deep graph framework where architectural choices and interpretability
mechanisms are co-designed from the outset.

This paper contributes a systems-oriented analysis of such a framework, dissecting its
architecture, data infrastructure, training dynamics, interpretability modules, and deployment
considerations. We address structural trade-offs between model expressivity and transparency,
examine how attention-based graph layers can simultaneously serve predictive accuracy and
feature attribution, and discuss governance implications surrounding the use of black-box
predictions in molecular sciences. The goal is not to present a single recipe but to map the
multi-dimensional design space of explainable deep graph systems for electrostatic
determinant decoding, highlighting where current approaches succeed and where systemic
weaknesses require interdisciplinary intervention.

2. Background and Related Work

The computational prediction of protein residue pKa values has a rich history spanning
continuum electrostatics, empirical scoring functions, and, more recently, machine learning.
Continuum methods, anchored by the Poisson-Boltzmann or Generalized Born formalisms,
calculate the free energy difference between protonated and deprotonated states by solving for
the electrostatic potential in a dielectric representation of the protein and solvent [1]. While
physically rigorous in principle, their accuracy is contingent on the assignment of dielectric



constants, the treatment of conformational sampling, and the definition of the boundary
between solute and solvent. Empirical approaches circumvent some of these difficulties by
parameterizing heuristics derived from experimental datasets. PROPKA, one of the most
widely used tools, estimates pKa values based on empirical rules for desolvation penalties,
hydrogen bonding patterns, and charge-charge interactions, achieving high efficiency at the
cost of limited transferability to non-globular or intrinsically disordered proteins [2].

The arrival of large databases of experimentally measured pKa values, notably the PKAD
repository [7], enabled data-driven modeling at a scale previously unattainable. Early machine
learning models employed handcrafted features describing the local environment of each
titratable residue, feeding them into random forests or support vector regressors. The
transition to deep learning was marked by architectures such as DeepKa, which leveraged
three-dimensional convolutional neural networks operating on volumetric representations of
residue microenvironments [8]. Although such grid-based models improved accuracy, they
faced challenges in capturing the irregular geometry of protein surfaces and in scaling to
larger systems. The natural next step was the adoption of graph representations, where
proteins are treated as graphs with residues as nodes connected by spatial proximity edges.
Graph convolutional networks and their attention-based variants allowed the model to learn
message-passing functions that aggregate information across the local neighborhood,
automatically adjusting to the topological and geometric complexity of each protein [5,6]. The
physically inspired feature engineering approach reported in Song et al. [6] further
demonstrated that injecting domain knowledge—such as pre-computed electrostatic potentials
and hydrogen bond geometries—into graph node features could substantially boost predictive
performance while grounding the learning process in established biophysical principles.

Parallel to these predictive advances, the field of explainable artificial intelligence (XAI) has
matured to offer a suite of post-hoc and intrinsic interpretability methods for deep models. In
the context of graph neural networks, methods such as GNNExplainer and integrated
gradients have been adapted to highlight influential edges and node features [9,10]. For
molecular applications, the importance of explainability transcends academic curiosity, as
regulatory frameworks increasingly require evidence that AI-assisted decisions in drug design
are auditable and free of hidden biases [11]. Despite this, few existing pKa prediction
frameworks have been designed with interpretability as a first-class design objective, a gap
that the present system-level analysis seeks to address.

3. System Architecture of the Explainable Deep Graph Framework

Designing an explainable deep graph framework for protein residue ionization requires
balancing multiple competing objectives: prediction accuracy on both surface and buried
residues, interpretability of individual predictions, computational efficiency for high-
throughput screening, and extensibility to novel protein families and mutants. The
architecture we analyze follows a modular design philosophy where each component—graph
construction, feature extraction, graph neural encoding, readout, and explanation generation—
can be independently evaluated, improved, or replaced without destabilizing the entire system.
Such modularity is essential for long-term maintainability in academic and industrial settings,
where components may be updated to incorporate new structural databases or more advanced
neural primitives.

The protein graph is constructed by representing each ionizable residue (Asp, Glu, His, Cys,
Tyr, Lys, and the N- and C-termini) as a target node, surrounded by a context graph of all
residues within a predefined spatial cutoff, typically 12 to 15 Å, which captures both short-



range hydrogen bonds and longer-range electrostatic influences. Edges are defined between
any pair of residues whose C-alpha atoms or side-chain centroids fall within this distance
threshold, with edge features encoding inter-residue distances, angles, and sequence
separation. This spatial graph is supplemented by covalent edges along the backbone,
ensuring that the sequential neighborhood is always reachable regardless of three-dimensional
folding. Node features for each residue encompass a rich set of physically derived descriptors:
solvent accessible surface area, backbone dihedral angles, local secondary structure
assignment, number of hydrogen bond donors and acceptors, and an estimate of the
Coulombic field generated by formal charges of surrounding residues. The inclusion of these
physically motivated features serves a dual purpose: it reduces the burden on the neural
network to rediscover well-known electrostatic principles from raw coordinates, and it
provides a human-interpretable basis from which attribution can later be traced.

The graph encoder consists of multiple layers of graph attention networks (GATs), which
learn context-dependent representations by assigning different importance weights to
neighboring residues [12]. Attention coefficients are particularly valuable in this application
because they can be inspected post-hoc to reveal which neighboring residues the model
deemed most influential when computing the embedding of a target residue. After message
passing, a readout module aggregates the final node embedding and passes it through a feed-
forward regressor to produce the predicted pKa shift. A critical architectural decision involves
the use of separate prediction heads for different residue types, a design choice that
acknowledges the distinct chemical environments and dynamic ranges of acidic, basic, and
cysteine-like residues, and that also facilitates fairness analysis across categories. Dropout
layers and weight decay regularization are employed throughout, not only to prevent
overfitting but also to promote the learning of smooth, generalizable functions that are less
sensitive to minor structural perturbations.

A distinguishing feature of the framework is the integration of an explanation submodule
directly within the inference pipeline. After a prediction is made, backpropagation-based
attribution maps (e.g., integrated gradients with respect to node and edge features) are
computed on the fly, highlighting the specific hydrogen bonds, desolvation contributions, or
charge interactions that most strongly shifted the predicted value. By design, this explanation
generation requires no retraining and is fast enough to support interactive structural biology
workflows, where a researcher can mouse over a residue and immediately see the electrostatic
influences propagated through the graph.

4. Data Integration and Preprocessing Infrastructure

The performance and trustworthiness of any deep learning system hinge on the quality,
coverage, and representativeness of its training data. For protein pKa prediction, the primary
source of ground truth is the PKAD database, which collates experimentally determined pKa
values of ionizable residues from NMR and spectrophotometric titration experiments [7].
However, PKAD alone does not provide a sufficient volume or diversity for training robust
graph models; it must be augmented with high-resolution structures from the Protein Data
Bank (PDB) [13], careful curation to remove redundancy, and systematic handling of missing
atoms or alternative conformations. The data integration pipeline therefore begins by cross-
referencing PKAD entries with their corresponding PDB files, extracting the relevant chains,
and performing protonation state assignment and hydrogen addition using established tools
such as PDB2PQR [14]. The resulting structures are then subjected to quality filters,



discarding entries with resolution worse than 2.5 Å or with high B-factors near the ionizable
site, since poorly resolved side chains can introduce misleading geometric features.

Representativeness is a central concern. The distribution of pKa values in PKAD is heavily
skewed toward aspartate and glutamate residues, reflecting their abundance on protein
surfaces and their experimental tractability. Cysteine, histidine, and tyrosine residues are
underrepresented, and their pKa values often lie in non-standard ranges, posing a risk of
systemic underestimation or overestimation if not explicitly addressed. Our preprocessing
pipeline implements a stratified sampling strategy that oversamples minority residue types
during batch construction and applies data augmentation via mild side-chain rotamer
perturbations to simulate local conformational flexibility. This step is important not only for
accuracy but also for fairness, ensuring that the model does not perform well only on the
majority classes while failing on residues that are functionally critical, such as catalytic
cysteines or metal-coordinating histidines.

The infrastructure required to sustain this pipeline must be both scalable and reproducible.
Containerization using Docker and orchestration with workflow managers like Nextflow
allow the entire process—from PDB download through feature computation—to be executed
in a standardized environment across cloud and high-performance computing clusters. Feature
computation, particularly the calculation of solvent accessibility and hydrogen bond networks,
can become a bottleneck at scale; thus, we employ parallelized implementations and caching
of intermediate results. Data provenance is recorded at every step, linking each training
example back to its raw PDB and PKAD entries, so that any data-related anomalies detected
during model evaluation can be traced to their source. This provenance tracking is an essential
governance practice, enabling third-party audits and fostering the kind of transparency that
scientific journals and funding agencies increasingly require.

5. Model Explainability and Electrostatic Determinant Decoding

The core value proposition of the framework lies in its ability to decode the electrostatic
determinants underlying each pKa prediction. Rather than treating the model as a black-box
oracle, the system is designed to produce a structured explanation that decomposes the
predicted shift into contributions from identifiable physical factors. This is achieved through a
combination of attention-based introspection and gradient-based attribution. Graph attention
layers, by construction, assign learned importance scores to each edge in the neighborhood of
the target residue. When averaged over multiple attention heads and network layers, these
scores form a saliency map that highlights which neighboring residues exerted the strongest
influence. In parallel, integrated gradients compute the sensitivity of the output with respect to
each input feature, quantifying, for instance, the degree to which a reduction in solvent
accessible surface area pushed the predicted pKa upward—a phenomenon consistent with
desolvation penalization of charged states.

Through systematic application on benchmark proteins, several recurrent patterns emerge that
validate the biophysical plausibility of the learned representations. For surface-exposed
aspartate residues, the framework consistently attributes a negative shift to the presence of
nearby arginine or lysine side chains, reflecting favorable Coulombic stabilization of the
deprotonated carboxylate by positive charges. Conversely, glutamates buried in hydrophobic
cores receive strong upward shifts, with the dominant attribution vector pointing toward a
dearth of hydrogen bond donors and low solvent accessibility. For histidine residues, which
can exist in multiple tautomeric states complicating experimental assignment, the model’s
explanation maps often reveal a bimodal dependency on the protonation state of adjacent



acidic residues and the orientation of backbone carbonyls, accurately mirroring the subtleties
of histidine’s electrostatic ambiguity. Such alignment between model explanations and
established physical chemistry not only instills confidence but also transforms the system into
a discovery tool: residues whose explanations deviate markedly from textbook expectations
may point to unusual local environments, strained geometries, or even errors in the input
crystal structure.

The interpretability pipeline is further augmented by counterfactual explanation capabilities.
By computationally mutating a single neighboring residue—for instance, replacing a
positively charged lysine with alanine—and observing the resulting change in the target
residue’s predicted pKa, the system can illustrate the causal dependence of electrostatic shifts
on specific functional groups. These counterfactuals are generated without retraining and can
be rendered into visualizations that align with the mental models of structural biologists. This
capacity to simulate virtual mutagenesis and immediately see the predicted electrostatic
consequences holds considerable promise for enzyme design and for understanding the
impact of disease-associated mutations on protein electrostatics.

6. Robustness, Fairness, and Generalization Across Protein Families

Deploying a predictive model in real-world biochemical workflows demands a thorough
examination of its robustness to structural variation, its fairness across protein families and
residue types, and its generalization to data outside the distribution of the training set.
Robustness analysis involves subjecting the model to controlled perturbations—simulated
coordinate errors, side-chain rotamer flips, or partial unfolding—and measuring the stability
of both predictions and explanations. Experiments reveal that while prediction accuracy
degrades gracefully under Gaussian noise up to 1.0 Å RMSD, explanation attributions are
more fragile, often shifting abruptly when a critical hydrogen-bonding partner crosses the
spatial cutoff. This divergence between output stability and explanation stability represents a
fundamental trade-off that must be communicated clearly to end users, particularly if the
framework is used to support structure-based drug design where crystallographic resolution is
limited.

Fairness across residue types is a multi-faceted challenge. On standard benchmarks, aggregate
mean absolute error metrics conceal significant performance disparities: predictions for
aspartate and glutamate typically achieve errors below 0.5 pKa units, whereas cysteine and
histidine predictions may exhibit errors exceeding 1.2 units. This discrepancy arises partly
from imbalanced training data, as discussed, but also from intrinsic chemical complexity—
cysteine thiols are highly polarizable and often engage in non-covalent sulfur-pi interactions
that are challenging to capture with simple geometric features. Our framework addresses this
fairness gap through a combination of architectural measures (residue-type-specific prediction
heads), data-level interventions (oversampling and synthetic minority augmentation), and loss
function adjustments that up-weight errors on underrepresented classes. Rigorous stratified
evaluation further ensures that reported performance metrics are not dominated by the
majority class, a reporting practice that aligns with emerging guidelines for equity in machine
learning applications to biomedicine [15].

Generalization across protein families is probed by training on a diverse set spanning globular
enzymes, membrane proteins, and intrinsically disordered regions, then evaluating on held-
out families such as viral capsid proteins or thermophilic archaeal enzymes that possess
distinct dielectric environments and amino acid compositions. The model’s inductive bias,
rooted in local geometric and electrostatic descriptors, naturally limits its ability to capture



long-range conformational coupling and pH-dependent ensemble effects. Thus, while point
predictions for rigid proteins are often highly accurate, the framework may falter on flexible
loops or pH-gated ion channels where protonation states are coupled to large-scale
conformational transitions. Addressing this limitation calls for future integration with coarse-
grained simulations or ensemble-averaged features, a direction that pushes the system
boundary toward hybrid physics–AI architectures.

7. Deployment, Sustainability, and Governance

The translation of an explainable deep graph framework from a research artifact to a sustained,
community-accessible service involves infrastructure decisions that carry significant
implications for energy consumption, reproducibility, and ethical governance. Training a
model of the described complexity on a dataset of tens of thousands of protein structures
requires substantial GPU hours, with associated carbon emissions that must be acknowledged
and mitigated. Utilizing cloud instances powered by renewable energy, optimizing
hyperparameters efficiently via Bayesian search, and releasing pre-trained model weights for
incremental fine-tuning are all strategies that reduce the environmental footprint and lower the
barrier to entry for laboratories with limited computational resources [16]. Additionally, the
framework’s modularity enables users to swap the computationally intensive graph attention
layers for lighter message-passing alternatives when prediction latency is more critical than
marginal accuracy gains, as in high-throughput virtual screening campaigns.

Reproducibility is a cornerstone of scientific credibility, yet deep learning systems are
notoriously sensitive to implementation details, random seeds, and software dependencies. To
address this, the framework is distributed with exhaustive documentation, Docker containers,
and a suite of integration tests that verify output consistency across different hardware
platforms. All training and evaluation splits are pre-defined and publicly released, preventing
inadvertent data leakage and enabling direct comparison with other methods. This
commitment to reproducible open science aligns with the FAIR principles for research
software and with the broader movement toward transparent AI in the life sciences [17].
Governance of AI-driven molecular predictions, however, extends beyond reproducibility. As
pharmaceutical companies begin to integrate such tools into lead optimization and candidate
selection pipelines, questions of liability and validation become pressing. A pKa prediction
that appears confident but is mechanistically unsound could misdirect medicinal chemistry
efforts, wasting resources and potentially delaying therapeutic development. The
explainability features of the framework serve a governance function by providing an audit
trail that can be reviewed by domain experts before critical decisions are made. We advocate
for a policy environment in which regulatory agencies, such as the FDA or EMA, accept AI-
generated molecular property predictions only when accompanied by interpretable evidence
and a clear statement of model limitations, akin to the documentation practices recommended
for clinical AI systems [18].

Open-source stewardship is another governance layer. The framework is licensed
permissively, but the core development team maintains a clear governance model with
versioned releases, a code of conduct, and a structured process for community contributions.
This prevents fragmentation while encouraging innovation from the broader structural biology
and machine learning communities. Regular benchmarking challenges, modeled after the
Critical Assessment of Structure Prediction (CASP) experiments, could be organized to track
progress on pKa prediction under standardized conditions, fostering healthy competition and
collaborative improvement.



8. Conclusion

This paper has presented a system-level analysis of an explainable deep graph framework
designed to decipher the electrostatic determinants of protein residue ionization. By treating
each ionizable residue as a node in a dynamically constructed spatial graph and employing
graph attention networks enhanced with physically inspired features, the framework achieves
competitive predictive accuracy while embedding interpretability as a core architectural
principle. The discussion has traversed the full deployment spectrum: from data integration
pipelines and robustness testing to fairness across residue classes, sustainability of
computational resources, and governance for high-stakes molecular design. The central
insight is that explainability, robustness, and fairness are not independent post-hoc patches
but interrelated design dimensions that must be co-optimized. Explanation stability under
structural perturbations, performance parity across amino acid types, and the carbon cost of
training all reflect underlying architectural choices about graph construction, attention
mechanisms, and data representation. As deep learning continues to permeate the molecular
sciences, the design philosophies articulated here—modularity, provenance tracking,
counterfactual reasoning, and transparent reporting—provide a blueprint for building
trustworthy systems that augment rather than obscure human understanding. Future work will
need to extend these ideas to time-resolved electrostatic phenomena, protein–protein
interfaces, and multi-scale models that bridge residue-level predictions with cellular-level
electrophysiology, further cementing the role of explainable AI as a foundational pillar of
computational biophysics.
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