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Abstract : Protein misfolding is a hallmark feature of neurodegenerative disorders (NDs), playing
a central role in their pathogenesis by disrupting cellular proteostasis and leading to neuronal
degeneration. Molecular chaperones, such as heat shock proteins, are crucial in maintaining protein
homeostasis by assisting in proper protein folding, preventing aggregation, and facilitating the
clearance of misfolded proteins. A machine learning framework based on neural networks has been
developed that predicts how much a given compound can enhance the activity of a target protein.
This approach leverages large-scale biological data to connect chemical space with functional
outcomes, providing a systematic way to explore therapeutic potential across diverse compounds.
The model can be applied to screen drug libraries for compounds that increase the activity of ND-
related chaperones, potentially offering therapeutic effects and also aims to aid in the acceleration
of drug repurposing efforts for NDs, contributing to a better understanding of therapeutic options
targeting protein homeostasis.

Keywords: drug repurposing, neurodegenerative disorders, protein folding, biological activity
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1. Introduction

Protein folding (PF) is the process by wich a chain of amino acids folds into a stable
three-dimensional structure, and when it fails to occur properly, the protein can become
dysfunctional or toxic. Protein misfolding is central to neurodegenerative disorders
(NDs). Moreover, misfolded proteins, due to their nature, can accumulate and clump into
aggregates that disrupt cellular function and contribute to neuronal damage [1].
Therefore, targeting the PF process represents a potentially viable therapeutic strategy for
NDs. Among the key components involved in maintaining proper protein folding are heat
shock proteins (HSPs), which play a crucial role in protein folding, assembly, disassembly,
and clearance. Their expression is primarily regulated by heat shock factor 1 (HSF1), a
transcription factor that drives HSP gene expression [2]. Disruptions in HSF1 function
adversely affect protein homeostasis and are strongly associated with diseases, including
NDs. The aim of this study was the development of a machine learning model
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that predicts drug-protein activities, which can be used to identify small molecules that
increase HSF1 activity, ultimately enhancing HSP expression which can help restore
proteostasis in neurodegenerative conditions.

2. Materials and Methods

The model was trained on 60,591 drug-protein pairs labeled with the logio of their
activity value, sourced from the database BindingDB [3], and randomly split into training,
validation and test sets in proportions of 70%, 10% and 20%, respectively. Drugs and
target proteins were represented with their simplified molecular input line entry system
(SMILES) ASCII representation and amino acid sequence respectively, while activity
values were denoted by ECso (the concentration of a drug, expressed in nanomolar units
(nM), required to produce half of the maximal biological response of the target protein).

The architecture of the model was as follows: drugs were encoded with a transformer
and proteins with a convolutional neural network. Then, the concatenation of those
encodings was fed into a multilayered perceptron for 30 epochs with the output being the
predicted logio value of the pair’s ECsoin nM. Finally, its performance was evaluated on
the unseen test set. In order to demonstrate its robustness, the model was also externally
validated on the database ChEMBL [4] which contains 78,805 drug-target activities.

3. Results

The regression metrics of the model were: mean square error (MSE) = 0.73, Pearson
correlation = 0.79 and concordance index = 0.8. Moreover, a compound can be considered
a strong activator of a protein if its ECso value is 1000 nM or less [5,6] since greater potency
corresponds to requiring lower concentrations to achieve the desired effect. Due to this,
the model was also validated as a classification problem, with the positive case being
when ECs0< 1000 nM and the negative otherwise. The classification metrics are presented
in Table 1.

Table 1. Classification metrics.

Unseen test set from External validation on

BindingDB ChEMBL
Accuracy 0.83 0.71
Precision 0.85 0.77
Recall 091 0.82
F1 Score 0.88 0.8

4. Conclusion
The model demonstrated a reasonable level of precision on the unseen BindingDB test
set (0.86), suggesting that predicted active compounds are likely to show measurable
activity, which makes it a potentially useful tool for preliminary drug screening. To
explore its applicability, we applied the model to a set of 2,587 drugs approved by the
U.S. Food and Drug Administration (FDA) and found that several of the top-scoring
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compounds are either already prescribed or under clinical investigation for NDs,
consistent with the potential benefits of increased HSF1 activity. Compounds with the
lowest 8 predicted ECso values are displayed in Table 2. Among its other functions, HSF1’s
primary role is the regulation of HSP synthesis in response to stress.HSPs help stabilize
unfolded proteins, disassemble protein aggregates, and direct misfolded proteins toward
degradation, positioning HSF1 as a key factor that must be regulated in NDs [7].
Indicatively, Sirolimus (i.e. rapamycin), the FDA-approved immune-modulator
(predicted ECso: 32 nM), is a potent neuroprotective agent in several experimental models.
By inhibiting mTOR, it influences autophagy which is beneficial for NDs [8]. In a recent
pilot phase 1 study, rapamycin was not detected in cerebrospinal fluid before or after
treatment while short-term, low-dose treatment was generally well-tolerated by older
adults with mild cognitive impairment or mild dementia, clinically diagnosed as
Alzheimer’s disease [9]. Siponimod (predicted ECso: 45 nM), is an approved drug for
multiple sclerosis, as it modulates the SIP receptor, preventing white blood cells from
attacking the central nervous system [10]. A phase 3 clinical trial indicated that siponimod
significantly reduced (versus placebo) ganglion cell and inner plexiform layers thinning
at month 24 and also suggested that optical coherence tomography measurement of
retinal atrophy could serve as a non-invasive potential biomarker for assessing treatment
effects on neurodegeneration in secondary progressive MS [11].

Table 2. Top 8 drugs with the lowest predicted ECso values.

Drug name Predicted ECso in nM Original drug indication
Micafungin 1.0 Fungal infections
Linzagolix 3.0 Uterine fibroids
Nizatidine 5.4 Stomatch ulcers
Sodium stibogluconate 6.6 Leishmaniasis
Ledipasvir 7.3 Hepatitis C
Bacitracin 7.5 Skin infections

Beyond the previous use case, the model could be integrated into high-throughput
screening (HTS) pipelines which typically involve testing hundreds of thousands of
compounds, making it a costly and resource-intensive process. Because the model has a
promising recall value (0.91), it is less likely to discard true actives, meaning it can serve
as a prescreening step that reduces the chemical space explored by HTS. To demonstrate
this, when it was applied to the Enamine HLL-100 database
(https://enamine.net/compound-libraries/diversity-libraries) of 100,160 compounds [12],
imposing an ECso activity cutoff of 1000 nM reduced the set to 44,556 candidates. This kind
of reduction demonstrates practical value, as it could allow large-scale screening efforts
to focus on a more manageable subset without substantially increasing the risk of missing
potential hits. Finally, it is noted that the model is target agnostic, meaning that it can be
used with any drug-target pair, and is available to the public in the address stated in the
data availability section.
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Data availability: The model created for this study as well as all related data can be found on
https://doi.org/10.6084/m9.figshare.30018616.
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