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Abstract

Cellular signaling is driven by complex, dynamic phosphorylation networks that
control growth and survival, and their dysregulation underlies diseases such as
cancer. Although modern mass spectrometry enables large-scale quantification of
phosphoproteomic responses over time, these measurements remain descriptive and
cannot by themselves predict how signaling will evolve under perturbations. Here,

we extend a biologically informed recurrent neural network framework (LEMBAS), to
learn time-resolved phosphoproteomic trajectories. We introduce two interpretable
modules; a phosphosite mapping that links signaling nodes to measured phosphory-
lation sites and a monotonic time mapping that aligns continuous experimental times
to discrete signaling steps. Using synthetic benchmarks and an EGF-stimulation
dataset with inhibitor treatments, the model accurately interpolates unseen time
points and predicts drug-induced phosphoproteomic responses in a zero-shot setting,
outperforming naive and fully connected baselines. Importantly, the model identifies
both canonical and non-canonical signaling effects, including modulation of the tran-
scription factor FOX03:S7 (from the PISK/AKT pathway) by drugs affecting PTPN11
(from the RAS/ERK pathway). By combining mechanistic priors with deep learning,
our framework provides a scalable approach to interpret and predict dynamic drug
responses from phosphoproteomic data.

Author summary

Cells constantly adjust their behavior in response to signals from their environ-
ment, and many drugs work by altering these communication networks. Measur-
ing these changes directly is expensive and time-consuming, so we set out to
build a computer model that can make accurate predictions without needing new
experiments for each drug. We trained a neural network using large datasets that
track protein modifications over time after cells are stimulated. The model uses
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prior biological knowledge about how proteins interact, allowing it to connect mo-
lecular events to drug effects. Remarkably, it can make “zero-shot” predictions;
that is, it can predict the effect of drugs it has never seen before. We show that
the model can capture both expected and surprising drug responses, and it can
even suggest new links between signaling proteins. Our approach demonstrates
how combining biological knowledge with modern machine learning can improve
the prediction of cellular responses and may ultimately accelerate drug discovery
and personalized medicine.

Introduction

Cancer is a disease of dysregulated cellular signaling. Healthy cells rely on tightly
controlled signaling networks to govern proliferation, apoptosis and differentiation
[1]. Cancer repurposes normal signaling pathways, enabling cells to evade growth
control and resist cell death [2,3]; recurrently implicated modules include PI3K, AKT,
mTOR, and RAS/MAPK, which can form self-sustaining loops that drive progression
[4,5]. Because these pathways operate largely through post translational modifica-
tions such as phosphorylation, the dynamic phosphoproteome offers a direct window
into how cancer cells respond to perturbations and therapy [6,7]. Recent advances
in mass spectrometry now permit quantification of tens of thousands of phosphory-
lation events across multiple times, enabling system level measurement of signaling
dynamics [8].

Yet, even with these advances, phosphoproteomic measurements alone provide
only a snapshot of signaling states. They reveal which pathways are active at a given
time but cannot, on their own, predict how the system would evolve under different
conditions [8,9]. A promising way forward is to use such datasets not in isolation, but
as training sets for dynamic cell models that capture causal interactions and predict
cellular responses under unseen conditions [10,11].

Treating signaling as a dynamical system is conceptually useful but practically
difficult. While Ordinary differential equation models provide detailed causal insight,
their application at large scale is often constrained by parameterization, incomplete
knowledge, and experimental coverage [12,13]. Logic based and Boolean mod-
els reduce parameter needs and produce qualitative insight for large networks but
require extensive curation and by design cannot resolve fine grained quantitative and
temporal dynamics [14,15]. This motivates complementary data-driven approaches
that can integrate prior knowledge while remaining flexible. Hybrid and modular strat-
egies that combine mechanistic structure with learning-based components represent
a promising direction.

At the same time, deep learning architectures have matured to provide powerful
modeling capacity. This includes recurrent neural networks (RNNs) that are a class
of neural models that processes sequential data by maintaining a hidden state that
is updated at each time step, thereby capturing temporal dependencies and making
it suited to model time-resolved phosphorylation dynamics. However conventional
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machine learning methods are often black box and do not incorporate existing knowledge of cellular wiring, which limits
mechanistic interpretability and may require substantial amount of data to relearn [16,17]. Biologically informed neural net-
works address this gap by embedding curated signaling networks directly into model architectures, reducing the number
of free parameters and improving interpretability while retaining much of the flexibility of data driven approaches [11,18].

The Large-scale knowledge-EMBedded Artificial Signaling-networks (LEMBAS) framework exemplifies this approach
[19]. LEMBAS casts signaling as an interpretable RNN constrained by curated prior knowledge of the cellular signaling
network from databases, e.g., OmniPath [20] and demonstrates accurate prediction of transcription factor activity from
ligand stimulation. Nonetheless, LEMBAS and related methods have mostly been applied to steady state end points
rather than rich time series data of phosphorylation, leaving acute drug induced dynamics under exploited. Acute signaling
responses are central to drug action because they determine whether an inhibitor blocks its target or instead activates
compensatory pathways that weaken its effect [21,22].

Here we extend the LEMBAS framework to model time resolved phosphoproteomic trajectories. We preserve the
prior knowledge constrained recurrent core while adding two new modules: a phosphosite mapping that converts node
level activity to measured site intensities, and a monotonic time mapping that aligns continuous experimental times to
the discrete steps of the RNN. Both modules are designed to train end to end with the recurrent backbone and to retain
biological interpretability. Using synthetic benchmarks and a public time series dataset of the phosphoproteomic response
to EGF stimulation and single timepoint drug responses [23] we show the model can infer held out time points and predict
drug specific differential responses in a zero-shot setting, enabling mechanistic interpretation of on target and off target
signaling effects.

Results
Extended LEMBAS for time-resolved phosphoproteomics

We first extended the LEMBAS framework to handle time resolved phosphoproteomics data (see Methods), as con-
ceptually illustrated with a minimal signaling network (Fig 1A). We encoded the network structure (from OminPath) in

a weight matrix for molecular interactions and linked each drug to its protein target via prior knowledge (Fig 1B). The
model could then be trained on time-resolved phosphoproteomic responses to ligand stimulation, where the inputs are
experimental conditions (stimulation and presence of ligands or drugs) and the outputs are changes in phosphosite-level
abundance over time. During training, both the network and experimentally observed phosphosite trajectories were pro-
vided. After training, the model could be queried by specifying a perturbation (e.g., drug target inhibition) without provid-
ing phosphoproteomic measurements to output predicted phosphosite responses consistent with the learned signaling
dynamics. The model was adjusted to return the full sequence of recurrent neural network states rather than only the
steady state representation used in the original LEMBAS. We used a GPU optimized reimplementation that replaces
sparse CPU operations with dense GPU friendly operations and that runs full backpropagation through time. This reimple-
mentation is described in an independent manuscript [24].

We map signaling node outputs to measured phosphosites via a masked layer with a unique trainable embedding per site
(Fig 1C). Specifically, a binary selection matrix enforces the node-site correspondence and is multiplied with a low dimen-
sional embedding (five dimensions). The resulting vectors are passed through a multilayer perceptron that collapses each
embedding into a scalar phosphosite intensity. This design lets the model learn (potentially) nonlinear relations between the
activity of each signaling node and its corresponding phosphasites, while enforcing that the phosphosite level prediction only
depends on the state of the corresponding signaling node. Importantly, this relies on phosphosite-protein assignments to
be provided in the dataset. We validated the phosphosite mapping in isolation (unit tests reported in S1 Fig). Results show
that the embedding together with at least one hidden layer can recover a wide range of possible relations between signaling
nodes and phosphosites. This embedding framework provides the flexibility to model complex node-to-site relationships,
using the data-driven mask to anchor these connections to the underlying signaling architecture (S2 Fig).
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Fig 1. Extension of the LEMBAS framework to time-resolved phosphoproteomics. A. lllustration of a minimal signaling network including ligand
(L), receptor (R), kinases (K1-K4), non-kinase signaling proteins (P1, P2) and kinase inhibitor (D). B. The model architecture mirrors this structure,
ligand and drug inputs drive an RNN whose signal propagation is constrained by the prior-knowledge network (encoded as an adjacency matrix with
trainable weights); the hidden state is feed into a layer that maps signal states to phosphosites, which in turn is mapped to specific timepoints. C.
The phosphosite mapping layer connects each signaling node only to its own phosphosites that are identity-coded with a trainable a low-dimensional
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embedding (five dimensions), and a multilayer perceptron is used to (non-linearly) transform the signal back to a single phosphosite output. D. The
time-point mapping layer: a set of learnable anchors is constrained to be positive, monotonic and with the first fixed at the first RNN step. Soft indexing
of the two nearest integer RNN steps interpolates the value at each non-integer anchor. E. Generated phosphosite intensities across time points for
EGF-stimulation data, only displaying variable sites (with standard deviation>0.001). F. Ablation results across model configurations. Circles are the five
cross-validation folds; X’s correspond to zero-shot evaluation. Average training times are also displayed.

https://doi.org/10.1371/journal.pcbi.1014100.g001

To align RNN steps with experimental sampling we added a monotonic, differentiable time mapping layer (Fig 1D). We
assign one trainable anchor per time point, constrain anchors to be positive and strictly increasing, and fix the first anchor
to the first RNN step. After scaling, each anchor becomes a non-integer step; for example, an anchor of 0.82 for the
1-minute point is realized by fetching the RNN outputs at steps 0 and 1 and interpolating between them to compute the
value at 0.82. Unit tests of the time mapping module are reported in S3 Fig, and the behavior of the mapping under differ-
ent a (scaling) and u_raw (normalization) values is shown in S4 Fig. In summary the time mapping handles a broad set
of realistic temporal patterns and is robust except when the upstream module produces a flat output time series, in which
case a unique mapping does not exist, and timing information cannot be recovered.

Synthetic benchmark & ablation study

To adapt LEMBAS to time resolved phosphoproteomics we first generated synthetic datasets that mirror the structure

of experimental data (Fig 1E). The synthetic data generation pipeline used to develop and benchmark the model is
summarized schematically in S5 Fig. We then performed a systematic ablation study under a five-fold cross-validation
scheme and in a zero-shot setting to isolate the impact of each new module (Fig 1F). Hyperparameter choices for the
GPU-optimized LEMBAS implementation were guided by our prior systematic analysis reported in Nordenstrom et al. [24].
In particular, we adopted those recommended settings for key structural regularizers, including L2 weight regularization
and spectral radius constraints. For optimization-related parameters, such as learning rate and number of training epochs,
we selected values that consistently produced smooth loss decay and stable convergence without oscillations.

Starting from a baseline model with the same structure as the model in the original LEMBAS publication, we sampled
10 equally spaced time points from the RNN steps and implemented all signaling-protein-to-phosphosite mappings as
fixed identity weights. This core recurrent architecture provided a baseline level of performance. Adding the monotonic
time-mapping layer improved accuracy and robustness, while introducing a site-specific scalar mapping produced further
gains. The masked embedding layer achieved the highest performance, showing that each successive module captures
additional variance in the data compared to simpler alternatives. As a control, we trained the full model on data with ran-
domly shuffled sample labels and observed negligible performance (r.,=0.02+0.07, r__=0.04), confirming that the model
captures genuine signal rather than artefacts.

To assess the temporal sensitivity of the model under controlled conditions, we performed a down-sampling analysis
on synthetic data, focusing on the first 30 RNN steps where the primary signaling dynamics occur. We measured interpo-
lation performance as a function of the percentage of uniformly spaced timepoints provided during training (S6 Fig). Even
with a small number of timepoints (six anchors), the model substantially outperformed the edge case of training on only
the first and last timepoint. With twelve timepoints, performance exceeded r=0.8, and accuracy increased steadily with
additional anchors, approaching r=0.95 when the majority of timepoints were included, corresponding to near-complete
reconstruction of the training trajectories.

To investigate how the number of drug perturbations in the training set influences the model’s predictive power,
we performed a scaling analysis using the synthetic data (S7 Fig). We employed the same leave-one-out cross-
validation strategy where, for a given training size, we iteratively trained the model on a subset of drugs and evalu-
ated its performance on a held-out, “zero-shot” drug. While we found that data from 5 drugs was sufficient to make
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predictions with marked zero-shot performance (r= 0.55), we observed that performance improves as the variety of
drugs in the training set increases to 15 (r=0.75), while after 100 the mean correlation plateaus at approximately
r=0.80. We reason that the strong performance also in the low sample setting is likely due to phosphoproteomic
data being a near direct observation of the signaling state, thereby providing detailed information about the local
input-output relationships, which has to be learned implicitly in the transcription centric setting for which LEMBAS
was originally developed.

Time-point inference from phosphoproteomics data

We then transitioned to train a model in this configuration on real world data. For this we used time-resolved data from
EGF-stimulation experiments on non-transformed MCF10A cells [23]. The training loss decreased smoothly and plateaued
by ~2250 epochs (the full loss curve is provided in S8 Fig). To ensure that this model focused on responsive signaling, we
pruned the OmniPath network to include only nodes that where reachable from the EGF receptor. Without this pruning,
nodes that are unconnected to the stimulation input would, by construction, remain at a constant activity level, and fail to
capture any observed variance. To test if this restriction was well founded, we examined the distribution of experimental
variance and found that phosphosites with links to the EGF receptor (EGFR) in OmniPath indeed exhibited higher vari-
ance than unconnected (0.4710 vs 0.3310; Kolmogorov-Smirnov p-value: 5.1905e-04; S9 Fig). This provided validation
that the model was well set up to capture the bigger effects in the data, however, the variance in non-connected nodes
also suggests the presence of non-modelled effects in the data. It should also be noted that the RNN based architecture
makes the model inherently capable of modelling feedback loops present in the prior knowledge, thereby allowing the
majority of nodes to be retained by the pruning process.

The trained model accurately fits observed trajectories while exhibiting a slightly conservative behavior, meaning that
fitted changes tend to be smaller than their respective measurements (Fig 2A). To quantify this conservative effect, we
inspect the distribution of absolute distances between consecutive timepoints for both data and model fits, showing that
the model’s temporal increments are narrower and more restrained than the experimental measurements (Fig 2B). This
is an established behavior in deep learning models where they frequently track the mean of the replicates when following
a trend [25,26]. In this context, it reflects a tradeoff between robustness and sensitivity: the combination of the monotonic
time mapping, embedding based phosphosite mapping, and regularized training objective promotes smooth, robust esti-
mates and reduces overfitting, but at the cost of suppressing extreme responses.

To test whether the model captures reasonable trends between measured timepoints rather than fitting only to
observed anchors, we evaluated its ability to interpolate intermediate timepoints. To assess this, we held out different
combinations of time points during training and then inferred them post hoc (Fig 1C). We compared three approaches:
linear interpolation; a data-driven method that estimates the time points for the anchors from time series data from a
single phosphosite (GAB1:S266) to infer the remainder; and a one-to-one mapping of RNN steps to time points. Linear
interpolation failed in almost all cases, while the model-based methods agree closely, with the data-driven approach typi-
cally outperforming one-to-one mapping. The best single-point prediction occurred at 8 min (r=0.81), while the one-to-one
method at 2 min was fairly poor (r=0.23). Full interpolation (training only on 0 min and 12min) achieved r=0.70 across all
datapoints, the results for all individual combinations are provided in S10 Fig. It has been noted that the comparably low
performance at the 2 min time point, can be explained by a delayed activation of downstream ERK and RSK signaling fol-
lowing EGF stimulation, for which many substrates are not yet robustly regulated at 2min [23], thereby limiting the amount
of coherent signal available for learning. We find that the variance at 2min was less than half of that observed at 8 min
(0.2307 vs 0.5111; S11 Fig), indicating substantially weaker signal amplitude at the earlier timepoint. Because benchmark-
ing is performed on baseline-subtracted trajectories, this low dynamic range amplifies the impact of measurement noise,
leading to weak correlations even when predictions are qualitatively reasonable. In contrast, later timepoints exhibit stron-
ger regulation, resulting in more stable and informative correlation estimates.
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Fig 2. Model performance on interpolation tasks for time-resolved phosphoproteomics data. A. EGF-stimulation phosphoproteomics data and
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distributions is statistically significant (permutation test, 10,000 resamples, p=0.0001). C. Comparison of interpolation performance on held-out time-
points between linear interpolation, anchor estimation using data from a single phosphosite (GAB1:5266s), and one-to-one mapping. Black boxes on the
X-axis indicates the time points held out during training. D. Selected examples of time series data compared to model fits and predictions at the 4 min
time point. Lines indicate means; ribbons standard deviations.

https://doi.org/10.1371/journal.pcbi.1014100.g002

We finally inspect the time series data for the two experimental replicates and model output when interpolating the
4 min time point. In three cases, the model closely follows the mean of the two replicates. As a control feature, we selected
PTPN11:S142 that seemingly exhibited no true signal. For this feature the model correctly returns an almost flat profile,
consistent with the measurements across five timepoints, which showed no temporal trend between replicates (linear
mixed-effects model, p=0.939), indicating that the variation reflects baseline noise rather than meaningful dynamics.

Zero-shot prediction of drug-specific phosphoproteomics responses

We next evaluated the best configuration for predicting the effects of drugs in a zero-shot setting. The model was trained
on EGF time-series data and DMSO static data at 12min, along with static 12 min data for three out of four inhibitors.
Each inhibitor was linked to its protein target via prior knowledge; SHP099 — PTPN11 (SHP2), LY294002 —» PIK3CA,
PIK3CB, PIK3 CD, U0126 - MAP2K1, MAP2K2, and SL0101->RPS6KA1. The model was then used to predict the left-out
inhibitor, relying solely on the trained signaling representation and prior-knowledge connectivity.

To avoid including the basal effect of EGF stimulation in the evaluation, the EGF control data and corresponding model
fits at 12min were subtracted from the measurements and predictions respectively before calculating the Pearson correla-
tion, i.e., measuring the correlation in differential phosphorylation (Fig 3A). In general, the performance was in line with the
performance on synthetic data for a similar sample size. We also provide the raw uncorrected predictions in S12 Fig; how-
ever, these predictions don’t account for differences in basal phosphorylation state and were thus strongly inflated (r>0.85
for all drugs). It should be noted that by restricting the model the signaling cone downstream of EGF, we have ensured
that the model is evaluated only on the components that it is mechanistically capable of affecting. We tested the influence
of this and find that the experimental data for these sites still fluctuate, presumably due to processes not captured by the
model, thereby appearing in as a line of points at a predicted value of zero in unpruned simulations (S13 Fig).

To assess robustness and quantify model uncertainty, we repeated the zero-shot evaluation using ten independently
trained models with different random initializations. Predictions were highly stable across runs as the distribution of coeffi-
cients of variation followed a decreasing exponential profile, with approximately 80% of phosphosite-sample combinations
exhibiting less than 13% variation (S14 Fig). Importantly, the resulting Pearson correlations varied by less than +0.01
across runs, indicating that the reported performance is not sensitive to random initialization (S15 Fig).

We established two basic baselines to account for unspecific effects of the drugs. A naive baseline calculated as the
mean of the other three inhibitors. For three of the four drugs, our model significantly outperformed the baseline (boot-
strap p<10~°), demonstrating the benefit of the prior-knowledge network. To further benchmark the contribution of the
prior-knowledge network, we repeated the zero-shot evaluation using an otherwise identical model in which the signaling
network was fully connected and thus no prior-knowledge adjacency matrix was applied (a model without PKN). While this
model captured some global trends and performed better than the naive baseline, performance was consistently lower
than the biologically informed model across the same 3 drugs (Fig 3A).

The highest accuracy was obtained for the PTPN11 inhibitor (R=0.79), this is likely due to its strong mechanistic
overlap with the MEK inhibitor (pairwise correlation=0.90) and their close proximity in the OmniPath-derived network,
enabling efficient transfer of information. In contrast, the MEK inhibitor predictions were less accurate despite this simi-
larity, suggesting that the network architecture and data distribution may favor certain propagation patterns. In this case,
the PTPN11 position within the RAS—ERK pathway (upstream of RAS) may allow more effective indirect inference from
the MEK inhibitor than vice versa. Another contributing factor may be the nature of their targets: the MEK inhibitor targets
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Fig 3. Zero-shot prediction of drug-specific phosphoproteomics responses. A. Model predictions versus experimental differential phosphorylation
in a zero-shot setting after EGF control subtraction. Top row: biologically informed model using the OmniPath prior-knowledge network; middle row:
model without prior-knowledge network (fully connected signaling layer); bottom row: naive baseline estimated as the mean response of the remaining
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drugs. B. ROC curves for identifying up- and downregulated phosphosites using the biologically informed model (dark lines) and the model without prior
knowledge (light lines). AUC values are reported for each drug.

https://doi.org/10.1371/journal.pcbi.1014100.g003

both MEK1 and MEK2, which are broad signaling hubs, whereas PTPN11 inhibitor specifically targets PTPN11, potentially
making the signal propagation more distinct and easier for the model to capture.

The RSK1 inhibitor, showed no improvement over the baseline nor the model without PKN. This inhibitor has very low
or negative correlations with all other drugs (pairwise correlations: -0.05, -0.05, and 0.01) and we also speculate that it
lies in a sparsely connected region of the network, thereby limiting the ability of the prior-knowledge constraints to bridge
from available training examples. Notably, the naive baseline performed relatively well for this inhibitor despite the lower
pairwise correlations with the other samples. This likely arises because the RSK1 inhibitor sample signal is less correlated
with the EGF control than other drugs (R=0.49 vs R=0.57 £0.02), so control subtraction removes less shared variance.
As a result, more of the true variation is preserved in the benchmarking procedure, giving the naive baseline a higher
post-subtraction correlation without reflecting mechanistic similarity.

We further assessed the model’s ability to predict up- and downregulated phosphosites for each drug. To avoid quan-
tifying generic signaling effects that where shared by all drugs, both experimental measurements and model predictions
were centered by subtracting the mean value of each phosphosite across the training samples prior to classification, and
a fold-change threshold of 1 in both directions was applied to label phosphosites as either clearly up- or down-regulated.
The predictions were treated as continuous scores to generate ROC curves and compute AUC values. For this test, we
found that the biologically informed model outperformed the model without prior knowledge for three of the four drugs,
consistent with the correlation-based benchmarking results (Fig 3B).

Model-driven identification of non-canonical signaling

To investigate the practical utility of a model trained on phosphoproteomic data, we analyzed non-obvious predicted
effects of the PTP11 inhibitor drug (SHP099), which was the one for which the model showed best performance. Spe-
cifically, we focus on its downstream effects on the phosphosite FOX03:S7 (Fig 4A). Phosphorylation of FOXO3 at
Serine 7 (FOX03:S7) has been implicated in various cellular processes. For instance, p38-mediated phosphorylation
of FOX03:S7 is essential for its nuclear relocalization in response to doxorubicin, indicating a role in the DNA dam-
age response [27]. Additionally, FOX03:S7 phosphorylation is associated with mitochondrial localization, suggesting

a role in mitochondrial dynamics and function [28]. In our model the site is phosphorylated upon EGF-stimulation but
returns to the levels of (or slightly-below) DMSO control when the drug is applied (Fig 4B), a negative fold change of
approximately 1.4 relative to EGF-stimulation sample. This reversal suggests that SHP099 not only blocks its intended
target in the signaling pathway (RAS/MAPK), but also indirectly modulates signaling at FOX03:S7, which is associ-
ated with the PI3K-AKT pathway. These are traditionally considered distinct signaling routes, but our results indicate
that the drug has more wide-reaching effects. Importantly, this phosphosite is not downregulated by other drugs, and

in the remaining samples its levels are comparable to those seen with EGF stimulation (S16 Fig), underscoring the
specificity of this effect and the model’s ability to predict novel drug responses that are absent from the training data.
To explore the underlying mechanism, we made use of the trained network structure and node connections from the
OmniPath prior knowledge network. We pruned the signaling network by excluding edges with weights below £0.1 and
ran a sensitivity analysis confirming that model performance was hardly affected by this (S17 Fig). Using this threshold,
we calculated the shortest signaling distances from the drug target to the node of interest (FOXO3) to map potential
signal propagation paths. While the drug target, PTPN11, is located within the RAS-ERK pathway, and FOXO3 in PI3K/
AKT, the network analysis suggests that FOXO3'’s signaling node may be connected downstream of PTPN11 via the
p38 MAPK pathway, providing a plausible route for signal crosstalk, and MAPK14:T180 from this path indeed showed a
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similar regulation pattern (Fig 4A). The observed modulation of FOX03:S7 by SHP099 exposes the complex regulatory
networks governing FOXO3 activity.

Kinase-substrate relation inference

We next assessed whether the model could be used to infer kinase—substrate relations. Using the pretrained network, we
performed in silico inhibition of 31 human kinases that were also present in the training data. To ensure a fair comparison,
we restricted the analysis to phosphosites that were both represented in our phosphoproteomic dataset and present in the
OmniPath kinase-substrate database [20], which was not used in the modeling. For each kinase perturbation, phospho-
sites were classified as validated (both downregulated in the in-silico perturbation and present in the reference database),
predicted only (predicted by the model but not listed in the reference and therefore treated as candidate interactions
requiring experimental validation), or database only (listed in OmniPath but not predicted by the model).

The majority of the predictions were validated phosphosites that matched known kinase-substrate pairs, indicating a
low false-positive rate under this conservative definition, while the model-only predictions represent putative novel tar-
gets (Fig 5A). There were also a comparable number of interactions that were not predicted in this study, reflecting false
negatives that could be expected given the limited phosphosite coverage, cell-line specificity, and the requirement for an
observable downregulation under the simulated perturbation. Important for this analysis was, the self-imposed constraint
to only inspect direct connections, which prevents spurious assignments, ensuring that signaling nodes themselves were
not misclassified as substrates but this necessarily trades sensitivity for specificity.

To highlight the advantage of a model driven analysis approach, we implemented a naive inference strategy using only
the experimental data. Differential expression analysis of two inhibitors versus EGF stimulation identified perturbed phos-
phosites, which were then compared against the kinase—substrate reference. In this case, overlap with validated pairs was
severely limited (Fig 5B), highlighting the value of our integrative approach. For the remaining two inhibitors the overlap
was essentially absent with only 1 database-listed kinase-substrate pair in total (S18 Fig). This is consistent with the fact
that the targets of these drugs lack directly phosphorylated substrates in the OmniPath reference database and instead
act through other types of interactions. For example, the target proteins of LY294002 (PI3K family) phosphorylate small
molecules that activate downstream proteins, such as the AKT kinase [29]. Nevertheless, the model is still able to capture
drug effects because the OmniPath network encodes diverse interaction types at the protein level, which are subsequently
translated into phosphosite-level predictions by the phosphosite mapping layer.

Discussion

We have extended the LEMBAS framework to model time resolved phosphoproteomic trajectories. This involved account-
ing for the full sequence of recurrent states by adding two interpretable modules: a phosphosite mapping that projects
node activities to measured sites, and a monotonic time mapping that aligns continuous experimental times to discrete
RNN steps. On synthetic benchmark tests the addition of each module improved the framework’s ability to explain vari-
ance in the data. Training the model using a time-series dataset of EGF stimulated mammary epithelial cells (MCF10A)
from literature, it recovered held out time points including full interpolation using only data from 0 and 12 minutes and
produced zero shot predictions of drug responses that outperformed a simple baseline model for three of four inhibitors.
Importantly, achieving zero-shot generalization in this context is practically impossible for traditional statistical models
lacking prior biological knowledge, as the limited set of perturbations available in the current context provides insufficient
signal for purely data-driven models to infer the behavior of unseen inhibitors. The model furthermore identified plausible
effects of drugs on both canonical and non-canonical downstream signaling states and produced kinase substrate candi-
date lists that substantially overlapped with curated OmniPath pairs.

The observation that the model can reliably interpolate intermediate time points, suggests a practical experimental
strategy where data at these time points can be substituted with model predictions. For this we found it helpful to use
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https://doi.org/10.1371/journal.pcbi.1014100.g005

single dimensional control measurements with higher time resolution, to act as anchor for the high-dimensional samples.
This design allows a mapping between RNN steps and real time, and the model can then make use of more sparsely
placed observations, to infer the remaining dynamics, ideally reducing the cost while retaining temporal resolution. How-
ever, this may be contingent on the quality of the high-resolution data, for example in our interpolation experiment we
found that the 2-minute point was particularly difficult to predict accurately. This type of challenges are common for early
time points, which exhibit comparably small net changes, higher technical noise, and greater replicate variability, and
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disturbing effects from sampling has a larger relative effect close to the stimulation timepoint [30]. In practice this may
suggest that an increased number of replicates or denser sampling around early times when feasible or designing controls
that better capture rapid transient kinetics.

To evaluate the model performance, a key challenge was to disentangle the baseline state from perturbation induced
responses. For example, to isolate drug specific effects, we benchmarked on differential responses by subtracting appro-
priate baselines (EGF control at 12 minutes for zero-shot drug prediction). This focused the evaluation on inhibitor induced
changes rather than shared stimulation signals, which would inflate the validation metrics. However, subtraction changes
covariance and variance structure and can bias correlations [31]. As we observed, when the held-out drug’s raw signal was
less correlated with the control, subtraction removes less shared variance and a naive mean baseline may retain more of the
remaining signal, superficially inflating its post-subtraction correlation. Thus, benchmarking by subtraction emphasizes differ-
ential effects but can change relative rankings in ways that reflect baseline covariance rather than model quality. We mitigate
this by always comparing to a naive estimation and using bootstrap tests for significance. Nevertheless, careful interpretation
is required, and alternative baselines or complementary metrics should be considered in future studies.

A limitation of the current implementation is the ability to generalize to phosphosites not present in the training data.

In the present setup the model can only predict phosphosites that explicitly appear in the training data, which prevents
straightforward integration of public datasets where identifier conventions and detected site lists differ. A practical path for-
ward may be to replace the current per-site learned embedding vectors with sequence informed embeddings that incorpo-
rate the peptide or protein sequence and the residue position of the phosphorylation [32,33]. By projecting each measured
peptide into a learned sequence space, the model could potentially map novel or differently annotated phosphopeptides
onto the same functional manifold, allowing prediction for sites unseen during training and removing the requirement for
identical site lists across datasets.

A related limitation arises from the fact that phosphoproteomic measurements can, in some cases, be associated with
multiple potential protein sites or functional contexts. [34]. In the dataset used in this works, such ambiguities had already
carefully been addressed through prior-knowledge guided phosphosite remapping, providing a well-curated site-level
representation for model training [23]. Building on this foundation, future extensions could benefit from introducing addi-
tional flexibility at the modeling stage, allowing phosphosite representations to softly integrate information from multiple
signaling nodes when warranted by the data. This could be achieved by enabling site embeddings to attend to more than
one node activity or by learning soft site-node assignments, allowing the model to reconcile residual uncertainty and
context-dependent signaling while remaining consistent with curated phosphosite annotations.

Although we no longer restrict evaluation to a single steady state, but rather return all RNN states, the model retains
a steady-state constraint to ensure convergence. This constraint reduces the ability to represent sustained oscillatory or
non-contracting dynamics. Moreover, our zero-shot benchmarking depends on the available perturbations and network
coverage. Predictions are expected to be more reliable for targets placed in well-connected regions of the prior network
and for perturbations that resemble those seen in the training set.

Here we were able to accurately predict phosphorylation patterns over time and in response to drugs using a carefully
curated and uniquely valuable phosphoproteomic time-series dataset. While this dataset enables systematic bench-
marking of dynamic and drug-conditioned predictions, a major bottleneck for biologically informed learning more broadly
remains the limited availability of similarly structured, tabulated, and machine-ready phosphoproteomic time series that
span diverse perturbations and time scales [35—-37]. The dataset used in this study is notable for providing both dense,
early temporal sampling and a variety of inhibitor perturbations, a combination that remains rare in the field [23]. Our anal-
ysis using synthetic data suggests that predictive performance scales significantly with the variety of drug perturbations
and by increasing the number of unique drugs in the training set leads to improved performance in the zero-shot setting.
To build models that generalize across contexts the field needs coordinated datasets with dense time sampling, multiple
perturbations and doses, and measurements across diverse cell lines and conditions, all provided in standardized tables
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with clear site identifiers and metadata. Generating such resources will accelerate the development of transferable models
and more robust inference of drug responses. We therefore encourage efforts to produce and share high quality, stan-
dardized phosphoproteomic time series with broad perturbation coverage.

Materials and methods
LEMBAS framework

The core model follows Nilsson et al. [19], which frames signaling as an interpretable recurrent network constrained by
a curated prior knowledge network (PKN). The PKN is derived from OmniPath [20], each node represents protein and
directed interactions are encoded in an adjacency matrix A. At each discrete step the state vector h is updated and
outputs are obtained by a trainable projection from node states. All of the constraints from the original work are retained,
including penalties for learning the wrong sign of the weight relative to the known mode of action (Activation/Inhibition)
and a spectral radius regularizer to promote convergent dynamics.

Model training was performed using a GPU-optimized implementation of LEMBAS. Hyperparameter choices were
guided by a comprehensive analysis reported previously [24]. Based on these recommendations, L2 regularization was
set to 107%, the spectral radius constraint was enforced using five power iterations per update, and the learning rate was
set to 2x 1073, Models were trained for 5000 epochs, which was sufficient to ensure smooth convergence of the loss with-
out evidence of instability or overfitting across all experiments. The model hyperparameters are summarized in S1 Table.

Two modules were added to map signal node level dynamics to measured phosphosites and to align discrete RNN
steps with experimental times. These modules were designed to be differentiable, so they train end to end with the recur-
rent core, and to preserve interpretability by enforcing valid site to node associations.

Drug to target projection. Drug perturbations are formulated as a sample by drug matrix x. The projected inputs are scaled
by trainable drug—target weights. When a drug is applied, a large negative input (—5) is supplied; this pushes the targeted node
activity toward zero in a smooth, differentiable manner, as the model uses a leaky linear activation for negative inputs.

Phosphosite mapping layer. Node activities h (samples x recurrent steps x nodes) are first projected to site space via
a site to node matrix P that maps each signaling node to its corresponding phosphosite (1). Each raw phosphosite input
i is used to scale a trainable embedding vector E; (2). These are used as input for a multilayer perceptron MLP (shared
between all phosphosites) that collapses the embedding to a scalar intensity for each site (3).

hsite = h - P (1), S =hsite'E (2), ysite=MLP (S) (3)

All embeddings and MLP parameters are learned with L2-norm regularization [38].

Time point mapping layer. Observed experimental times do not necessarily align with the discrete updates of the
RNN states. We therefore learn a monotonic differentiable mapping from RNN steps to experimental time points via one
learnable anchor per observed time. To ensure a monotone relation between RNN steps and timepoints, anchors are
parameterized from raw offsets &, With an upper bound parameter u,,,, to constrain the anchors to the predefined total
number of RNN steps (L). The upper bound is computed as

u =L sigmoid (Uraw) (4)

Anchors are formed by transforming d,aw to strictly increasing positive values using softplus and cumulative sum, normal-
izing to [0,1], applying an exponential reweighting controlled by trainable «, and scaling by u:

e - cumsum (Softplus (8raw)) .- + 1

anchors = u -
ev +1 (5)
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These mapped indices are continuous. For each mapped index m we obtain predictions by soft indexing between the two
nearest integer RNN steps:

y:(']—Am)-hLmJ"'Am-hLmJ (6), Am:m—LmJ (7)
This interpolation preserves end to end differentiability through A.

Synthetic data generation

Synthetic datasets were produced from a pretrained LEMBAS instance on a medium scale network (409 nodes) to allow
controlled evaluation of model performance. Each synthetic drug is configured to inhibits a single node with a large neg-
ative constant (-5). All samples are modeled to received constant EGF-stimulation. Node to phosphosite relations were
simulated by sampling per node site counts from an exponential distribution, assigning per site scaling factors, rescaling,
and log2 transforming the node state. RNN trajectories were simulated for 150 steps and subsampled to emulate experi-
mental sampling att=0,1,2,3,5,8,10,15,20,50.

Optimization and loss profile

Models were trained with Adam with warm restarts and a cosine annealing learning rate schedule. The primary training
objective was mean squared error (MSE) between predicted and observed site intensities. We applied smooth gradient
clipping, L2 regularization on parameters, and additive Gaussian gradient noise whose amplitude decays with the learning
rate. Mini batches contain all time points for a single sample to preserve temporal coherence. Missing site measurements
and invalid site node pairs were masked and excluded from the MSE loss.

Baselines and performance metrics

Performance is calculated as Pearson correlation between predicted and observed difference trajectories. For time series
evaluations we subtract each trajectory’s timepoint zero to baseline-normalize dynamics and remove baseline offsets. For
zero-shot drug prediction benchmarking we subtract the EGF control data and fit at the 12-minute time point from data
and model outputs respectively prior to computing correlations. This focuses evaluation on drug induced differential effects
relative to the stimulated control and removes shared activation that would otherwise dominate correlations. For zero shot
drug baselining we compare against a naive estimator that predicts the held-out drug as the mean of the remaining drugs.
Statistical significance is assessed by bootstraping.

EGF-stimulation dataset and preprocessing

An EGF-stimulation dataset was retrieved from literature [23,39]. From this study we used two subsets: a time series
spanning 0—12 minutes after 1 ng/ml EGF-stimulation in MCF10A cells and phosphoproteome measurements at 12 min-
utes under four inhibitory drug conditions with and without EGF plus a DMSO control. All samples were available in two
biological replicates. We used preprocessed data directly from the original publication [23]. One hot matrix for signaling
node to phosphosite mapping and for sample to drug mapping were constructed from metadata and curated drug target
annotations.

OmniPath filtering

To reduce model complexity and focus inference on EGF-relevant signaling, the OmniPath network was pruned using
networkX. We retained all nodes reachable from the EGF receptor node by any directed path, ensuring the subnetwork
captured only signaling downstream of the stimulation input. This reduced the network from 2603 nodes to 2029, and the
resulting subnetwork served as the adjacency matrix A during training.
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Supporting information

S1 Table. Selected model hyperparameters.
(XLSX)

S$1 Fig. Unit tests for phosphosite mapping. A. Test data illustrating four distinct relationships between signaling nodes
and phosphosites: cosine, polynomial, sigmoid, and square root. B. Comparison of fitted values versus actual data points,
along with correlation metrics, across various phosphosite layer configurations, including different embedding sizes and
MLP architectures.

(TIF)

S2 Fig. Example node-to-site relationships.
(TIF)

S3 Fig. Unit tests for time mapping. A. Test data showing four relationships between time index and phosphosite values
(cosine, polynomial, sigmoid, square root) under three sampling schemes (exponential, random, uniform). B. Time index training
across epochs; dashed lines indicate the true time indices. C. Assessment of whether combining sample types resolves issues
with the cosine relationship under random or exponential sampling; training trajectories for different ratios of polynomial and
cosine samples. D. Limitations with flat-line inputs; training trajectories for time index mapping using flat input signals.

(TIF)

S4 Fig. Impact of normalization and scaling parameters on the relationship between anchor and final mapped
values.
(TIF)

S5 Fig. Schematic overview of synthetic data generation pipeline. Synthetic datasets were generated using a pre-
trained LEMBAS model on a medium-scale (KEGG) network of 409 nodes. Each synthetic drug was configured to inhibit
a single node with a strong negative effect (-5), while all samples received constant EGF stimulation. Node-to-phosphosite
relationships were simulated by sampling site counts per node from an exponential distribution, assigning per-site scaling
factors, rescaling, and logz-transforming node states. RNN trajectories were then simulated for 150 steps and subsampled
to mimic experimental measurements att=0, 1, 2, 3, 5, 8, 10, 15, 20, and 50 minutes.

(TIF)

S6 Fig. Temporal down-sampling analysis of interpolation performance on synthetic data. Pearson correlation as
a function of the percentage of uniformly spaced timepoints provided during training, evaluated on the first 30 RNN steps
where primary signaling dynamics occur. Annotated with the amount of points available during training.

(TIF)

S7 Fig. Scaling of zero-shot predictive performance. Mean Pearson correlation (r) for held-out drug predictions as a
function of the number of unique drugs included in the training set. Each data point represents the average performance
across a leave-one-drug-out cross-validation procedure.

(TIF)

S8 Fig. Training loss curve for the model used to infer intermediate timepoints shown in Fig 2.
(TIF)

S9 Fig. Standard deviation of phosphosites across conditions based on network reachability. The distributions of
the phosphosites standard deviation across conditions categorized by their connection to the EGF receptor in the prior
knowledge network.

(TIF)
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S$10 Fig. Pearson correlations for each individual timepoint across the different interpolation tasks presented in
Fig 2.
(TIF)

S11 Fig. Differential signal variance across timepoints. The distributions of the experimental absolute differential
phosphorylation fold-change relative to t=0 for all measured phosphosites at 2 minutes and 8 minutes following EGF
stimulation.

(TIF)

S$12 Fig. Zero-shot prediction of drug-specific phosphoproteomics responses. Model predictions versus experimen-
tal data (uncorrected).
(TIF)

S$13 Fig. Effect of lack of network pruning on zero-shot predictions. Model predictions versus experimental data for
the unpruned network.
(TIF)

S$14 Fig. Stability of zero-shot predictions across model initializations. Distribution of the coefficient of variation (CV;
standard deviation divided by mean) of predicted phosphosite intensities across ten independently trained models with dif-
ferent random initializations. CVs were computed for each phosphosite—sample combination using raw model predictions
prior to baseline subtraction.

(TIF)

$15 Fig. Zero-shot average prediction of drug-specific phosphoproteomics responses. A. Average model predic-
tions versus experimental data. B. Distributions of phosphosites model predictions per model run (different seed) per drug.
(TIF)

$16 Fig. Phosphorylation levels of FOX03:S7 across two replicates. Full time series shown for EGF-stimulation;
static data at 12min for DMSO, SHP099 inhibition and other inhibitor samples. Line indicates means; ribbon shows stan-
dard deviations; dashed lines indicate DMSO-baseline and other inhibitor samples mean.

(TIF)

S$17 Fig. Sensitivity analysis for determining the threshold to zero out weights while preserving model
performance.
(TIF)

S$18 Fig. Overlap between differentially expressed phosphosites in the experimental data and validated kinase—
substrate pairs for two drugs.
(TIF)

Acknowledgments

We thank Henrik Johansson and Martin Garrido-Rodriguez for their valuable contributions regarding the phosphoproteom-
ics dataset selection and processing. We also thank Xuechun Xu for her contribution in model development.

Author contributions
Conceptualization: Konstantinos Antonopoulos, Avlant Nilsson.
Formal analysis: Konstantinos Antonopoulos.

Funding acquisition: Avlant Nilsson.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014100 March 18, 2026 18720



http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s011
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s012
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s013
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s014
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s015
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s016
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s017
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s018
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014100.s019

Methodology: Konstantinos Antonopoulos, Olof Nordenstorm.

Supervision: Avlant Nilsson.

Visualization: Konstantinos Antonopoulos.

Writing — original draft: Konstantinos Antonopoulos.

Writing — review & editing: Olof Nordenstorm, Avlant Nilsson.

References

1.

10.

1.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. 2011;144(5):646—74. https://doi.org/10.1016/j.cell.2011.02.013 PMID:
21376230

Guri Y, Hall MN. mTOR Signaling Confers Resistance to Targeted Cancer Drugs. Trends Cancer. 2016;2(11):688-97. https://doi.org/10.1016/].
trecan.2016.10.006 PMID: 28741507

Kholodenko BN, Rauch N, Kolch W, Rukhlenko OS. A systematic analysis of signaling reactivation and drug resistance. Cell Rep.
2021;35(8):109157. https://doi.org/10.1016/j.celrep.2021.109157 PMID: 34038718

Yu L, Wei J, Liu P. Attacking the PI3K/Akt/mTOR signaling pathway for targeted therapeutic treatment in human cancer. Semin Cancer Biol.
2022;85:69-94. https://doi.org/10.1016/j.semcancer.2021.06.019 PMID: 34175443

Tape CJ, Ling S, Dimitriadi M, McMahon KM, Worboys JD, Leong HS. Oncogenic KRAS Regulates Tumor Cell Signaling via Stromal Reciproca-
tion. Cell. 2016;165(4):910-20.

Boulos JC, Yousof Idres MR, Efferth T. Investigation of cancer drug resistance mechanisms by phosphoproteomics. Pharmacol Res.
2020;160:105091. https://doi.org/10.1016/j.phrs.2020.105091 PMID: 32712320

Murray HC, Dun MD, Verrills NM. Harnessing the power of proteomics for identification of oncogenic, druggable signalling pathways in cancer.
Expert Opin Drug Discov. 2017;12(5):431-47. https://doi.org/10.1080/17460441.2017.1304377 PMID: 28286965

Guo T, Steen JA, Mann M. Mass-spectrometry-based proteomics: from single cells to clinical applications. Nature. 2025;638(8052):901-11. https:/
doi.org/10.1038/s41586-025-08584-0 PMID: 40011722

Gerritsen JS, White FM. Phosphoproteomics: a valuable tool for uncovering molecular signaling in cancer cells. Expert Rev Proteomics.
2021;18(8):661—-74. https://doi.org/10.1080/14789450.2021.1976152 PMID: 34468274

Zhu F, Guan Y. Predicting dynamic signaling network response under unseen perturbations. Bioinformatics. 2014;30(19):2772-8. https://doi.
org/10.1093/bioinformatics/btu382 PMID: 24919880

Selby DA, Sprang M, Ewald J, Vollmer SJ. Beyond the black box with biologically informed neural networks. Nat Rev Genet. 2025.

Babtie AC, Stumpf MPH. How to deal with parameters for whole-cell modelling. J R Soc Interface. 2017;14(133):20170237. https://doi.org/10.1098/
rsif.2017.0237 PMID: 28768879

Hass H, Loos C, Raimundez-Alvarez E, Timmer J, Hasenauer J, Kreutz C. Benchmark problems for dynamic modeling of intracellular processes.
Bioinformatics. 2019;35(17):3073-82.

Morris MK, Saez-Rodriguez J, Sorger PK, Lauffenburger DA. Logic-based models for the analysis of cell signaling networks. Biochemistry.
2010;49(15):3216-24. https://doi.org/10.1021/bi902202q PMID: 20225868

Samaga R, Klamt S. Modeling approaches for qualitative and semi-quantitative analysis of cellular signaling networks. Cell Commun Signal.
2013;11(1):43. https://doi.org/10.1186/1478-811X-11-43 PMID: 23803171

Ching T, Himmelstein DS, Beaulieu-Jones BK, Kalinin AA, Do BT, Way GP, et al. Opportunities and obstacles for deep learning in biology and med-
icine. J R Soc Interface. 2018;15(141):20170387. https://doi.org/10.1098/rsif.2017.0387 PMID: 29618526

Yeo HC, Selvarajoo K. Machine learning alternative to systems biology should not solely depend on data. Brief Bioinform. 2022;23(6):bbac436.
https://doi.org/10.1093/bib/bbac436 PMID: 36184188

Nilsson A, Meimetis N, Lauffenburger DA. Towards an interpretable deep learning model of cancer. NPJ Precis Oncol. 2025;9(1):46. https://doi.
org/10.1038/s41698-025-00822-y PMID: 39948231

Nilsson A, Peters JM, Meimetis N, Bryson B, Lauffenburger DA. Artificial neural networks enable genome-scale simulations of intracellular signal-
ing. Nat Commun. 2022;13(1):3069. https://doi.org/10.1038/s41467-022-30684-y PMID: 35654811

Turei D, Korcsmaros T, Saez-Rodriguez J. OmniPath: guidelines and gateway for literature-curated signaling pathway resources. Nat Methods.
2016;13(12):966—7. https://doi.org/10.1038/nmeth.4077 PMID: 27898060

Cremers CG, Nguyen LK. Network rewiring, adaptive resistance and combating strategies in breast cancer. CDR [Internet]. 2019 [cited 2025 May
5]. Available from: https://www.oaepublish.com/articles/cdr.2019.60

Pazarentzos E, Bivona TG. Adaptive stress signaling in targeted cancer therapy resistance. Oncogene. 2015;34(45):5599-606. https://doi.
org/10.1038/onc.2015.26 PMID: 25703329

Feng S, Sanford JA, Weber T, Hutchinson-Bunch CM, Dakup PP, Paurus VL. A phosphoproteomics data resource for systems-level modeling of
kinase signaling networks. 2023.

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014100 March 18, 2026 19/20



https://doi.org/10.1016/j.cell.2011.02.013
http://www.ncbi.nlm.nih.gov/pubmed/21376230
https://doi.org/10.1016/j.trecan.2016.10.006
https://doi.org/10.1016/j.trecan.2016.10.006
http://www.ncbi.nlm.nih.gov/pubmed/28741507
https://doi.org/10.1016/j.celrep.2021.109157
http://www.ncbi.nlm.nih.gov/pubmed/34038718
https://doi.org/10.1016/j.semcancer.2021.06.019
http://www.ncbi.nlm.nih.gov/pubmed/34175443
https://doi.org/10.1016/j.phrs.2020.105091
http://www.ncbi.nlm.nih.gov/pubmed/32712320
https://doi.org/10.1080/17460441.2017.1304377
http://www.ncbi.nlm.nih.gov/pubmed/28286965
https://doi.org/10.1038/s41586-025-08584-0
https://doi.org/10.1038/s41586-025-08584-0
http://www.ncbi.nlm.nih.gov/pubmed/40011722
https://doi.org/10.1080/14789450.2021.1976152
http://www.ncbi.nlm.nih.gov/pubmed/34468274
https://doi.org/10.1093/bioinformatics/btu382
https://doi.org/10.1093/bioinformatics/btu382
http://www.ncbi.nlm.nih.gov/pubmed/24919880
https://doi.org/10.1098/rsif.2017.0237
https://doi.org/10.1098/rsif.2017.0237
http://www.ncbi.nlm.nih.gov/pubmed/28768879
https://doi.org/10.1021/bi902202q
http://www.ncbi.nlm.nih.gov/pubmed/20225868
https://doi.org/10.1186/1478-811X-11-43
http://www.ncbi.nlm.nih.gov/pubmed/23803171
https://doi.org/10.1098/rsif.2017.0387
http://www.ncbi.nlm.nih.gov/pubmed/29618526
https://doi.org/10.1093/bib/bbac436
http://www.ncbi.nlm.nih.gov/pubmed/36184188
https://doi.org/10.1038/s41698-025-00822-y
https://doi.org/10.1038/s41698-025-00822-y
http://www.ncbi.nlm.nih.gov/pubmed/39948231
https://doi.org/10.1038/s41467-022-30684-y
http://www.ncbi.nlm.nih.gov/pubmed/35654811
https://doi.org/10.1038/nmeth.4077
http://www.ncbi.nlm.nih.gov/pubmed/27898060
https://www.oaepublish.com/articles/cdr.2019.60
https://doi.org/10.1038/onc.2015.26
https://doi.org/10.1038/onc.2015.26
http://www.ncbi.nlm.nih.gov/pubmed/25703329

24,

25.
26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Nordenstorm O, Baghdassarian H, Lauffenburger DA, Nilsson A. Biologically informed neural network models are robust to spurious interactions
via self-pruning [Internet]. 2025. Available from: https://www.biorxiv.org/content/10.1101/2025.10.24.684155v2.full

Jin H. Implicit bias of gradient descent for mean squared error regression with two-layer wide neural networks. 2023;25:1-10.

Ting YS. Why Machine Learning Models Systematically Underestimate Extreme Values. The Open Journal of Astrophysics [Internet]. 2025 Jul 16
[cited 2025 Sep 3];8. Available from: http://arxiv.org/abs/2412.05806

Ho K-K, McGuire VA, Koo C-Y, Muir KW, de Olano N, Maifoshie E, et al. Phosphorylation of FOXO3a on Ser-7 by p38 promotes its nuclear local-
ization in response to doxorubicin. J Biol Chem. 2012;287(2):1545-55. https://doi.org/10.1074/jbc.M111.284224 PMID: 22128155

Ferber EC, Peck B, Delpuech O, Bell GP, East P, Schulze A. FOXO3a regulates reactive oxygen metabolism by inhibiting mitochondrial gene
expression. Cell Death Differ. 2012;19(6):968—79. https://doi.org/10.1038/cdd.2011.179 PMID: 22139133

Liu P, Cheng H, Roberts TM, Zhao JJ. Targeting the phosphoinositide 3-kinase pathway in cancer. Nat Rev Drug Discov. 2009;8(8):627—44. https://
doi.org/10.1038/nrd2926 PMID: 19644473

Sriraja LO, Werhli A, Petsalaki E. Phosphoproteomics data-driven signalling network inference: does it work? Comput Struct Biotech J.
2023;21:432-43.

Garrido L, Vaziri-Pashkam M, Nakayama K, Wilmer J. The consequences of subtracting the mean pattern in fMRI multivariate correlation analyses.
Front Neurosci. 2013;7:174. https://doi.org/10.3389/fnins.2013.00174 PMID: 24137107

Blaabjerg LM, Jonsson N, Boomsma W, Stein A, Lindorff-Larsen K. SSEmb: A joint embedding of protein sequence and structure enables robust
variant effect predictions. Nat Commun. 2024;15(1):9646.

Rosen Y, Roohani Y, Agrawal A, Samotorcan L, Consortium TS, Quake SR, et al. Universal Cell Embeddings: A Foundation Model for Cell Biology
[Internet]. Cell Biology; 2023 [cited 2025 Sep 3]. Available from: http://biorxiv.org/lookup/doi/10.1101/2023.11.28.568918

Zong Y, Wang Y, Yang Y, Zhao D, Wang X, Shen C, et al. DeepFLR facilitates false localization rate control in phosphoproteomics. Nat Commun.
2023;14(1):2269. https://doi.org/10.1038/s41467-023-38035-1 PMID: 37080984

Ouhmouk M, Baichoo S, Abik M. Challenges in Al-driven multi-omics data analysis for Oncology: Addressing dimensionality, sparsity, transparency
and ethical considerations. Inform Med Unlocked. 2025;57:101679. https://doi.org/10.1016/j.imu.2025.101679

Wu Y, Xie L. Al-driven multi-omics integration for multi-scale predictive modeling of genotype-environment-phenotype relationships. Comput Struct
Biotechnol J. 2025;27:265-77. https://doi.org/10.1016/j.csbj.2024.12.030 PMID: 39886532

Bunne C, Roohani Y, Rosen Y, Gupta A, Zhang X, Roed M, et al. How to build the virtual cell with artificial intelligence: Priorities and opportunities.
Cell. 2024;187(25):7045-63. https://doi.org/10.1016/j.cell.2024.11.015 PMID: 39672099

Zhang Y, Lu J, Shai O. Improve Network Embeddings with Regularization. In: Proceedings of the 27th ACM International Conference on Infor-
mation and Knowledge Management [Internet]. Torino Italy: ACM; 2018 [cited 2025 Sep 15]. p. 1643—6. Available from: https://dl.acm.org/
doi/10.1145/3269206.3269320

Feng S, Sanford JA, Weber T, Hutchinson-Bunch CM, Dakup PP, Paurus VL, et al. A Phosphoproteomics Data Resource for Systems-level Model-
ing of Kinase Signaling Networks [Internet]. Synapse; 2023. Available from: https://doi.org/10.7303/syn52257174.1

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014100 March 18, 2026 20/20



https://www.biorxiv.org/content/10.1101/2025.10.24.684155v2.full
http://arxiv.org/abs/2412.05806
https://doi.org/10.1074/jbc.M111.284224
http://www.ncbi.nlm.nih.gov/pubmed/22128155
https://doi.org/10.1038/cdd.2011.179
http://www.ncbi.nlm.nih.gov/pubmed/22139133
https://doi.org/10.1038/nrd2926
https://doi.org/10.1038/nrd2926
http://www.ncbi.nlm.nih.gov/pubmed/19644473
https://doi.org/10.3389/fnins.2013.00174
http://www.ncbi.nlm.nih.gov/pubmed/24137107
http://biorxiv.org/lookup/doi/10.1101/2023.11.28.568918
https://doi.org/10.1038/s41467-023-38035-1
http://www.ncbi.nlm.nih.gov/pubmed/37080984
https://doi.org/10.1016/j.imu.2025.101679
https://doi.org/10.1016/j.csbj.2024.12.030
http://www.ncbi.nlm.nih.gov/pubmed/39886532
https://doi.org/10.1016/j.cell.2024.11.015
http://www.ncbi.nlm.nih.gov/pubmed/39672099
https://dl.acm.org/doi/10.1145/3269206.3269320
https://dl.acm.org/doi/10.1145/3269206.3269320
https://doi.org/10.7303/syn52257174.1

