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Abstract

Proteolysis-targeting chimeras (PROTACS) are hetero-bifunctional molecules that
induce the degradation of target proteins by recruiting an E3 ligase. PROTACSs have the
potential to inactivate disease-related genes that are considered undruggable by small
molecules, making them a promising therapy for the treatment of incurable diseases.
However, only a few hundred proteins have been experimentally tested for their amena-
bility to PROTACS, and it remains unclear which other proteins in the entire human
genome can be targeted by PROTACSs. In this study, we have developed PrePROTAC,
an interpretable machine learning model based on a transformer-based protein
sequence descriptor and random forest classification. PrePROTAC predicts genome-
wide targets that can be degraded by CRBN, one of the E3 ligases. In the benchmark
studies, PrePROTAC achieved a ROC-AUC of 0.81, an average precision of 0.84, and
over 40% sensitivity at a false positive rate of 0.05. When evaluated by an external test
set which comprised proteins from different structural folds than those in the training set,
the performance of PrePROTAC did not drop significantly, indicating its generalizability.
Furthermore, we developed an embedding SHapley Additive exPlanations (eSHAP)
method, which extends conventional SHAP analysis for original features to an embed-
ding space through in silico mutagenesis. This method allowed us to identify key resi-
dues in the protein structure that play critical roles in PROTAC activity. The identified
key residues were consistent with existing knowledge. Using PrePROTAC, we identified
over 600 novel understudied proteins that are potentially degradable by CRBN and pro-
posed PROTAC compounds for three novel drug targets associated with Alzheimer’s
disease.
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Author summary

Many human diseases remain incurable because disease-causing genes cannot by selec-
tively and effectively targeted by small molecules. Proteolysis-targeting chimera (PRO-
TAC), an organic compound that binds to both a target and a degradation-mediating E3
ligase, has emerged as a promising approach to selectively target disease-driving genes
that are not druggable by small molecules. However, not all of proteins can be accommo-
dated by E3 ligases, and be effectively degraded. Knowledge about the degradability of a
protein will be crucial for PROTAC design. However, only hundreds of proteins have
been experimentally tested if they are amenable to the PROTAC:s. This leaves us uncertain
about which other proteins in the entire human genome can be targeted by PROTACs. In
this paper, we propose an intepretable machine learning model, PrePROTAC, which
takes advantage of powerful protein language modeling. PrePROTAC achieves high accu-
racy when evaluated with an external dataset which comes from different gene families
from the proteins in the training data, suggesting the generalizability of this model. We
apply PrePROTAC to the human genome, and identify more than 600 understudied pro-
teins that are potentially responsive to PROTACs. Furthermore, we design PROTAC
compounds for three novel drug targets associated with Alzheimer’s disease.

Introduction

Despite rapid progress in the development of small-molecule drugs, traditional drug discovery
is limited by the requirement for efficient inhibitions of functional binding sites in protein tar-
gets. However, many of disease-associated proteins neither have suitable binding pockets for
small molecule drugs nor bind inhibitors with considerable affinity [1]. It is estimated that
only 2-5% of the human genome is druggable by small molecule drugs [1, 2]. For example, in
anti-cancer drug discovery, major cancer drug targets belong to serine/threonine/tyrosine
kinases, growth factor receptors and GPCRs. Other classes of cancer-relevant proteins, such as
phosphatases, transcription factors, and RAS family members, are difficult to be inhibited by
small molecules and are considered to be understudied proteins. Thus, it is necessary to seek
alternative approaches to target these proteins. Several types of biological drugs, including pep-
tides, antibodies, modified nucleic acids, and vaccines, have been developed to target these
proteins. However, the larger size of the biological drugs limits their delivery mode and makes
it more challenging to alter intracellular targets compared to small molecule drugs. [3].
Different from small molecule and biological drugs, PROTAC molecules are hetero-bifunc-
tional molecules that consist of a small molecule binding moiety for a target protein (i.e., war-
head) and an E3 ubiquitin ligase-recruiting moiety coupled by a chemical linker. With the two
binding moieties, PROTACs recruit an E3 ubiquitin ligase to a targeted protein and induce the
degradation of the entire targeted proteins in the ubiquitin-proteasome system [4-6]. There-
fore, even when the binding site of a PROTAC is not located on the functional domain for cer-
tain targeted proteins, such as undruggable proteins, PROTACs can disrupt their functions by
facilitating the degradation of the entire protein [7-10]. This unique feature of PROTACs
allows them to overcome the limitations of small molecule drugs when targeting undruggable
proteins, including transcription factors, scaffolding proteins, and regulatory proteins [11-13].
PROTAC: can enhance both selectivity and efficacy of targeted therapies. In the PROTAC-
induced degradation, a ternary complex structure is formed by a targeted protein, a PROTAC,
and an E3 ligase. The selectivity of PROTAC:s is determined not only by the warhead but also
by the non-native protein-protein interactions (PPIs) between the E3 ligase and the targeted
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protein, as well as the stability of the ternary complex structure [5, 12, 13]. Even with a promis-
cuous warhead, PROTAC: can still exhibit enhanced target selectivity compared to small mol-
ecule inhibitors [14]. Furthermore, low-affinity ligands or ligands that fail to modulate
targeted functions are typically considered as ineffective ligands in the traditional drug discov-
ery. However, they can still be utilized in the design of PROTACs to induce the degradation of
target proteins [15].

Moreover, for multi-functional proteins, small molecule or biological drugs can only inhibit
the occupied functional sites, whereas PROTACs can target all functions by eliminating the
entire proteins. Thus, PROTACs can enhance pharmaceutical efficiencies. For instance, a
PROTAC designed for receptor tyrosine kinases has been shown to inhibit both cell prolifera-
tion and downstream signaling [16]; and a focal adhesion kinase PROTAC has affected both
tumor invasion and migration [17, 18]. Recently, the PROTAC-induced degradation has been
applied to multi-protein complexes to modulate multiple functions on the entire complex
through the degradation on one component, leading to destabilization and subsequent degra-
dation of other complex components [19]. Such ability significantly expands the current drug
target space and facilitates the addressing of drug resistance problems by targeting multi-com-
ponent complex systems. There have been several successful cases in the degradation of epige-
netic proteins, including epigenetic reader protein BRD4 [20-22], epigenetic eraser proteins
[23] and others [15, 24, 25]. These studies have resulted in inhibitions of both enzymatic and
scaffolding functions for epigenetic protein complexes. Studies on polycomb repressive com-
plex 2 (PRC2) [26-28] have also demonstrated that PROTAC targeting of EED can lead to the
loss of EED, EZH2, and SUZ12 proteins, disrupting histone methylation and suppressing cell
proliferation.

Another advantage of PROTAC induced degradation over traditional inhibition is the abil-
ity to address acquired drug resistances [16, 29-31]. For instance, the PROTAC derived from
the BTK inhibitor ibrutinib can induce degradation of both wild-type and C481S-mutant
BTK, thereby overcoming ibrutinib resistance [30]. This study suggested that PROTACs can
circumvent resistance mechanisms that affect parent inhibitors. Several studies have demon-
strated that PROTACs can overcome drug resistance to the original targets by targeting other
proteins. For example, a receptor tyrosine kinase (RTK) inhibitor lapatinib conjugated with a
VHL ligand produced a PROTAC capable of inducing the degradation of both membrane-
bound wild-type EGFR and disease-relevant EGFR mutants [16].

These intrinsic advantages of PROTACs’ mechanism of action make PROTAC-induced
degradation a highly promising therapeutic modality. It has the potential to reduce drug expo-
sure requirements, enhance drug selectivity, circumvent drug resistance mechanism, and tar-
get the undruggable disease genes. A growing body of research is focused on this field,
encompassing both experimental and computational approaches. However, computer-based
drug design for PROTAC: is still limited to a small number of published ternary complex
structures, and mainly involves the modeling of ternary complex structures with a pre-
designed PROTAC through protein docking [32-34], combining with molecular dynamic
simulations [35-38] and molecular modeling on linkers [5, 39]. Recently, Fischer et al. identi-
fied a group of degradable protein kinases and kinase-like proteins through systematically
designed PROTAC-induced degradation experiments across the human kinome and devel-
oped a large library of protein kinase-targeting degraders [40]. Additionally, Hou et al. devel-
oped a web-based database called PROTAC-DB, which collects PROTAC related data through
literature search and data processing [41]. These databases provide valuable information for
computer-based PROTAC design.

However, no study has been conducted to explore understudied proteins in the entire
human genome that could be amenable to PROTAC-induced degradation. In this work, we
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have developed an interpretable machine learning model called PrePROTAC. It utilizes
embedding features extracted from protein sequences to predict degradable proteins targeted
by PROTACs. PrePROTAC is the first model of this kind, enabling us to identify understudied
proteins whose degradability can be induced by PROTACs on a genome scale. We have identi-
fied approximately 615 new proteins responsible for multiple diseases that can be targeted by
the PROTACsS. Furthermore, we screened the PROTAC: for three novel drug targets related to
Alzheimer’s disease.

Results and discussion
Overview of PrePROTAC

The workflow of our PrePROTAC model was shown in Fig la. Starting from a protein
sequence, a sequence embedding was generated using protein language model ESM [42]. The
sequence embedding was then used as features for a Random Forest (RF) classification model
to predict the degradability of this protein targeted by CRBN. Meanwhile, an eSHAP interpre-
tative model was developed to identify the key residues on the target protein by calculating the
difference between the selected features of the original sequence and its single-residue mutated
sequences. The details of the model training, validation and eSHAP analysis can be found in
the Methods section.

The trained PrePROTAC model was applied to the whole human proteome, using a thresh-
old of 0.9 to select proteins with the potential to be degraded by CRBN when induced by PRO-
TACs. As shown in Fig 1b, Autodock Vina, Zdock and Rosseta docking were used to screen
the PROTACS and build ternary complex structures for selected proteins. eSHAP analysis was
used to identify the residues which might play important roles in the degradation.

Comparison between Random Forest and Gradient Boost Tree
classification methods with Ifeatures, D-script contact features and ESM
features

Since there were only less than 500 proteins with annotated degradability information, but
protein sequences were usually represented by high dimensional vectors, we selected Random
Forest (RF) and Gradient Boost Tree (GBT) to train the prediction model. This choice was
made because these algorithms are less prone to overfitting when working with high-dimen-
sional data and a small number of samples. In order to achieve optimal performances, we
tuned the hyper-parameters of the RF and GBT models with different features using 5-fold
grid search cross-validation. The optimized hyper-parameters for different models and fea-
tures were listed in Table A and B in S1 Text.

With the tuned hyper-parameters, RF and GBT classification models corresponding to 21
Ifeature descriptors [43], D-Script contact feature [44] and ESM feature [42] were trained to fit
the protein kinase degradation data. The Repeated Stratified 5-Fold cross validation method
was applied to validate these models. In this case, the Stratified 5-fold cross validation was
repeated twice to get a more accurate estimate of the performance distribution of the model.
The ROC-AUC scores for a total 42 classification models were shown in Fig A in S1 Text.

For the 21 Ifeature descriptors, the one with the best ROC-AUC score in each group was
selected and compared with the D-script and ESM features. Models based on TPC, GTPC,
Geary, CTDD, CTriad and QSOrder had the best performances compared with the other
descriptors in the same groups. As shown in Fig 2, the RF model with the ESM feature demon-
strated the best performance when evaluated by ROC-AUC scores and average precision (AP)
scores. The GBT model with the ESM feature showed comparable performance to the RF
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Fig 2. ROC-AUC scores and average precision scores for RF and GBT classification models with 8 features. (a)
ROC-AUC score. Green line represents the standard deviation for ROC-AUC score. (b) Average precision score.

https://doi.org/10.1371/journal.pcbi.1010974.9002
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model, with ROC-AUC:s of 0.764 and 0.765, and precision scores of 0.740 and 0.750, respec-
tively. Among TPC, GTPC, Geary, CTDD, CTriad, QSOrder, D-script contact feature and
ESM feature, the ESM feature outperformed all others. Consequently, the ESM feature was
exclusively used in the follow-up studies. The ROC curves, false positive rate curves, and preci-
sion-recall curves for the RF and GBT with TPC, GTPC, Geary, CTDD, CTriad, QSOrder, D-
script contact feature and ESM feature can be found in Figs B-G in S1 Text.

The D-script contact feature, which is trained to predict native PPIs, may not be suitable for
representing the formation of E3 ligase-PROTAC-target complex structures. Unlike native
PPIs, E3 ligand and target proteins may not form a stable PPI complex without using RPO-
TAC as a molecule glue between them. Simply using native PPI predictions could not identify
the CRBN-target pairs. When D-script was applied to predict interactions of 265 degradable
proteins with CRBN in both training set and test set, none of them could be identified to inter-
act with CRBN. Another PPI prediction method, PrePPI [45] [46], was also used to predict the
interactions between these degradable proteins and CRBN. Only 10 out of the 265 proteins
were identified based on the complex structures between the target proteins and CRBN.

In order to investigate whether the performance could be improved by adding other fea-
tures in combination with the ESM feature, TPC, GTPC, Geary, CTDD, CTriad, QSOrder and
Dscript features were combined with the ESM feature. Hyper-parameters for the RF models
with these combined features were trained and 5-fold cross validations of these models were
performed on the training set. The ROC-AUC scores and AP scores were shown in Fig H in
S1 Text. Even when compared with these combined features, the performances of the ESM fea-
ture alone remained the best. Simply adding these features to the ESM feature could not
improve the performance significantly.

We also investigated whether the performance could be improved when combining the
RF and GBT models. Two different ensemble methods were used: the soft voting method
and the consensus method. In the soft voting method, the average probability scores of the
RF and GBT models were used to predict the degradation of proteins. For the consensus
method, a positive result was only obtained when both models agreed, otherwise the result
was negative. The performances of the soft voting model and consensus model were evalu-
ated using the five-fold cross-validation method on the training set. The ROC-AUC, false
positive rate-threshold, precision-recall curves for them were shown in Fig I in S1 Text. Both
ensemble models showed similar performances to the RF model. When the ensemble models
were evaluated using the external test set, their performances were better than the GBT
model but still worse than the RF model, as shown in Fig J in S1 Text. In general, for all the
tested models based on two different classification methods with 23 different features, the RF
classification model with the ESM feature performed the best and would be used in the sub-
sequent studies.

Performance evaluation using external test data sets

We further rigorously evaluated the performance of models using an external test data set,
where none of the proteins contain structural domains belonging to the SCOP protein kinase-
like fold that was used in the training data (See Methods for details). The Structural Classifica-
tion Of Proteins (SCOP) database [47, 48] manually classifies protein structures based on their
structural similarities and evolutionary relationships into four levels: class, fold, superfamily,
and family. Proteins in different SCOP folds usually do not share common structural features.
In this test set, the positive samples include 50 proteins that could be degraded by CRBN
through PROTAC-induced degradation. As shown in Fig K in S1 Text, none of proteins in the
test set has the e-value of sequence similarity less than 0.01 when compared to the proteins in
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the training set, as determined by BlastP [49]. This indicates that sequence features in the test-
ing data are significantly different from those protein kinase sequences in the training set.

The negative samples were randomly selected proteins whose structures were not in the
same fold as the positive targets, according to SCOP. The RF model achieved an ROC-AUC of
0.754+0.024 and an AP score of 0.760+0.026 for the prediction on this test set, as shown in
Fig 3. These values were not significantly different from the ROC-AUC (0.760) and AP (0.750)
obtained from the cross-validation experiments on the training set, indicating that the RF
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Fig 3. ROC-AUC, false positive rate-threshold, precision-recall curves for RF (left panel) and GBT (right panel) models on the external test set in
which the negative samples are not in the sample folds with the positive samples. (a) ROC-AUC curve for the RF model. (b) ROC-AUC curve for
the GBT model. (c) false positive rate-threshold curve for the RF model. (d) false positive rate-threshold curve for the GBT model. (e) precision-recall
curve for the RF model. (f) precision-recall curve for the GBT model. AUC represents the average ROC-AUC score, AP represents the average precision
score.

https://doi.org/10.1371/journal.pcbi.1010974.g003
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model did not suffer from significant overfitting. In comparison, the GBT model performed
worse on the external test set, with an ROC-AUC of 0.518+0.035 and an AP score of 0.571
+0.033.

We also included randomly sampled negative cases that were not the protein kinase but
shared the same fold as one of structural domains in the positive multi-domain proteins.
Because the structure of negative cases had certain similarity to that of positive cases, there was
a possibility that a case labeled as negative could actually be positive. Consequently, the valida-
tion results might exhibit lower ROC-AUC and AP scores than it should be. As shown in Fig L
in S1 Text, the ROC-AUC and AP score of the RF model slightly decreased to 0.721£0.026 and
0.68120.035, respectively. Overall, the RF model is generalizable to predict the degradability of
unseen proteins that are not protein kinases.

eSHAP analysis identified key residues for the PROTAC activity of protein
kinases

eSHAP analysis was applied to protein kinases in the training set to identify the key positions
responsible for PROTAC activity. To gain further insights into the functional roles of these
key positions, they were mapped to the structures of these protein kinases aligned across the
protein kinase family. Structure-based multiple sequence alignments (MSAs) were obtained
from 497 human protein kinase domains [50]. The identified key positions of the protein
kinases were then mapped on the MSA. A key-position only MSA was generated by excluding
the other residues, creating a focused MSA solely consisting of the key positions. The protein
kinases were subsequently classified into 12 subgroups based on this key-position only MSA.
For a better visualization of such classification, a protein kinase tree related to the key-position
MSA was constructed using the maximum likelihood algorithm in the software MegaX [51].
The resulting tree was then visualized using the webserver iTOL [52]. As shown in Fig 4, differ-
ent from typical protein kinase phylogenetic trees built from the MSA of whole protein kinase
domains [50] [53] [54], the branches in this tree, generated from the key-position only MSA,
contained protein kinases from different protein kinase subfamilies.

In these protein kinases, FAK has a ternary complex structure with CRBN and PROTAC.
The key positions identified for FAK were mapped on the complex structure (PDB ID: 7P14).
As shown in Fig 4, most of these key positions were found in the PROTAC binding pocket or
the interface between FAK and CRBN. These positions include ILE453 and LYS454 on the S-
strand 3, TRP496, MET499 and LEU501 on the strand 5, GLU506, ARG508 and SER509 on
the D helix, ASP546 and ASN551 on the catalytic loop, LEU553, LEU562 and GLY563 on the
N terminal of the activation loop (ALN), GLY566 on the DFG motif (part of ALN), ASP573
and Met589 on the C terminal of the activation loop (ALC), TRP613 and MET617 on the F
helix, and ILE635 and GLU636 on the G helix. All of these segments are of functional impor-
tance for the protein kinase.

LYS454 on the B-strand 3 is the catalytic residue that typically interacts with the a- and -
phosphates of ATP. MET499 is the gatekeeper residue that influences the accessibility to a bur-
ied region at the end of the ATP binding pocket and controls inhibitor sensitivity of protein
kinases. Other residues on the 8-strand 3 and 5 contribute to the formation of the buried
region in the ATP binding pocket. ASP546 and ASN551 are located on the catalytic loop and
are in close proximity to the gamma-phosphate group of ATP, making them directly involved
in the catalytic functions of FAK. LEU553, LEU562 and GLY563 are located on the ALN,
while GLY566 is one of the DFG residues. ALC contains the APE motif, which can stabilize
the activation loop by docking to the F helix. MET589 is adjacent to the APE motif. GLY566
and ASP573 on the activation loop could bind to the substrates and promote catalysis. The F
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helix serves as a stable anchor for several other motifs in the C-lobe, including the catalytic
loop and the activation loop, through hydrophobic contacts. The G helix is a solvent exposed
helix and a part of the GHI-domain, which can interact with various substrate proteins and
regulatory proteins, acting as allosteric sites. The key positions identified for other protein
kinases also correspond to these functionally important segments. Representatives of the posi-
tive and negative samples for each protein kinase subgroup were selected based on the key-
position only MSA. The structural mapping of their key positions and the key-position only
MSA were shown in Figs M-X in S1 Text.

Besides FAK, the BD1 domain of BRD4 (PDB ID: 6BOY) also form a ternary complex
structures with CRBN and its PROTAC. The key positions for this protein were also identified
and mapped on their complex structures to elucidate the functional roles of these key posi-
tions. BRD4 is a member of the BET family, which regulates the expression of numerous
immunity-associated genes and pathways. It is also a well-studied target protein for PROTAC-
induced degradation [20, 34, 55]. The BD1 domain of BRD4 can be degraded by CRBN
through PROTAC-induced degradation. The top five key positions on BD1 were shown on
the ternary complex structures with CRBN and PROTAC. CYS136, TYR139 and ASP144 are
the ligand binding residues, while the other top positions are also located near the ligand-bind-
ing pockets. In summary, the key residues identified by the eSHAP analysis align with existing
biological knowledge, providing further evidence to support the prediction power of
PrePROTAC.

Application on human disease-associated understudied proteome

To apply PrePROTAC to unseen proteins on a genome scale, we further developed a soft vot-
ing classification model based on the ten models with equal weight (See Methods for details).
When the model was evaluated by the available data from all samples, ROC-AUC curves,
false positive rate-threshold curve and precision-recall curve for the ten models were shown
in Fig 5. Based on the correlation between the average false positive rate and the threshold
from ten validation sets, setting the threshold to 0.85 resulted in a false positive rate of 0.004,
indicating that only one of the negative samples was predicted as positive, considering there
were 241 negative samples in the data set. In order to select potential degradable proteins
with high confidence, the threshold of 0.90 would be used to identify positive hits in the
prediction.

We applied PrePROTAC to 20,504 human proteins. The probability of these proteins being
degraded by CRBN were predicted by the soft voting model and the distribution of probability
scores were presented in Fig Y in S1 Text. Among them, there are 12,475 understudied disease
associated human proteins (see Methods for selection procedure). Filtered by a probability
score of 0.90, 615 of them were predicted to be degradable by CRBN with the help of PROTAC
binding. None of them consist of the protein kinase-like domain. Information about these pro-
teins and their predicted probability scores were listed in the supplementary Table C in S1
Text.

In order to design PROTAC: for the proteins predicted positive by our PrePROTAC
model, protein-protein docking and protein-ligand docking were employed to search for
PROTAC:s which are able to bind both CRBN and selected target proteins. Three proteins
related to Alzheimer’s diseases were chosen based on their PrePROTAC prediction scores.
These proteins include Ski-like protein fragment (UniProt ID: P12757), death domain-associ-
ated protein 6 (UniProt ID: QQUER?7) and activating signal cointegrator 1 complex subunit 2
(UniProt ID: Q9H1I8). These proteins are highly expressed in the brain of Alzheimer’s disease
patients and are associated with the risk of AD [56-59].
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Fig 5. ROC-AUC curve, false positive rate-threshold curve and precision-recall curve for ten ESM RF models. a) ROC-AUC curve. b) False positive
rate-threahold curve. c¢) Precision-recall curve.

https://doi.org/10.1371/journal.pchi.1010974.9005

Protein-protein docking methods Zdock and Rosetta were utilized to generate complex
structures between CRBN and these target proteins. The starting structure for CRBN was
obtained from the ternary complex structure of CRBN-PROTAC-BRD4 (PDB id: 6BOY) and
the ligand mimic E3 ligase moiety was sourced from the CRBN-ligand complex structure
(PDB id: 4TZ4, ligand: Lenalidomide (LVY)). Using the selected complex structure, docking
was performed to screen three sets of compound libraries, including 2,074 CRBN related PRO-
TACs in PROTAC-DB, 1,920 fragment-based compounds from high fidelity fragment library
of Enamine [60] and 2,016 drugs provided by MedChem Express, LLC (Monmouth Junction,
NJ, USA) in ZINC database [61]. The PROTACs with the best docking scores and conforma-
tions were selected for these target proteins after the compound screening on PROTAC-DB.
In order to compare the predicted binding poses of the selected PROTACs with the interac-
tions between CRBN and its co-crystallized ligand, 3D and 2D interactions between the pre-
dicted PROTACs and the CRBN-target protein complexes were visualized using Discovery
Studio [62] and were shown in Fig 6.

Compound PROTAC3269 was selected for P12757 and its E3 ligase moiety precisely occu-
pied the binding pocket of Lenalidomide in CRBN. All interactions between Lenalidomide
and CRBN aere retained in the PROTAC3296, including interactions with ASN351, PRO352,
HIS353, HIS378, SER379, TRP380 and TRP386. Similarly, for the other two target proteins,
several such interactions were observed between CRBN and the CRBN ligand moiety on the
predicted PROTAC:s. For instance, interactions between residues ASN351 and HIS353 and
PROTAC3055 were maintained for QOUER7, and the interaction between PRO352 and
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Fig 6. Interactions between predicted PROTACs and the CRBN-target protein complex structures. (a) Ligand-target Interactions
between CRBN and its crystallized ligand LVY in 4TZ4. (b) 2D Ligand-target Interactions between CRBN and its crystallized ligand LVY
in 4TZ4. C represents the PDB chain ID for CRBN. (c) Ligand-target interactions between PROTAC3269 and the complex structure of
P12757 and CRBN. (d) 2D Ligand-target interactions between PROTAC3269 and the complex structure of P12757 and CRBN. A
represents the chain ID for the target protein. B represents the chain ID for CRBN. (e) Ligand-target interactions between PROTAC3055
and the complex structure of QQUER7 and CRBN. (f) 2D Ligand-target interactions between PROTAC3055 and the complex structure of
QIYUER?7 and CRBN. C represents the chain ID for the target protein. B represents the chain ID for CRBN. (g) Ligand-target interactions
between PROTAC2145 and the complex structure of Q9H1I8 and CRBN. (h) 2D Ligand-target interactions between PROTAC2145 and

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010974  August 17, 2023 13/26


https://doi.org/10.1371/journal.pcbi.1010974

PLOS COMPUTATIONAL BIOLOGY Elucidation of understudied proteins targeted by PROTAC using machine learning

the complex structure of Q9H1I8 and CRBN. A represents the chain ID for the target protein. B represents the chain ID for CRBN. Cyan
and green sticks represent interacting residues on CRBN and the target protein, respectively. Yellow balls and sticks represent the ligand
structures. Color representations for the interaction types are shown in figure legend.

https://doi.org/10.1371/journal.pcbi.1010974.9006

PROTAC2145 remained for Q9H1I8, resembling the interactions between CRBN and the co-
crystallized ligand LVY. Other binding site residues on these target protein-CRBN complex
structures were different from those in the original CRBN-ligand complex structure, but they
still formed similar hydrogen bonds with oxygen atoms on the ring of the CRBN ligand moi-
ety. On the warhead side, numerous residues on the target proteins also formed favorable
interactions with the warheads on these PROTACs. These interactions between CRBN and E3
ligase ligand moieties, as well as between the target proteins and warheads, indicate the pre-
dicted PROTAC: could form dual bindings with CRBN and target proteins and have the
potential to recruit the target proteins to CRBN and induce their degradation.

After Autodock screening on the compounds from the Enamine and Medchem Express,
ZINC000725236954, ZINC000103760984 and ZINC000029047404 were selected as the war-
heads for P12757, QQUER7 and Q9H11IS8, respectively, based on their docking scores. CRBN
related moieties and linkers from PROTAC-DB were chosen to connect with the predicted
warheads and formed new PROTACs which can dock into both binding pockets of CRBN and
the target proteins in the complex structures. Interactions between these new PROTACs and
the CRBN-target protein complex structures were shown in Fig 7. For P12757, PRO352 and
TRP386 on CRBN still interacted with the CRBN moiety, while many other residues formed
hydrogen bonding and hydrophobic interactions with the predicted PROTAC.
ZINC000103760984 already occupied both binding pockets on CRBN and Q9UER?7, function-
ing as a PROTAC on its own. HIS353 on CRBN formed hydrogen bonding interactions with
this compound. For Q9H118, PRO352 maintained its interaction with CRBN moiety. These
conserved interactions between the predicted PROTACs and CRBN-target complex structures
suggested the potential of designing new PROTAC:s for these targets.

Key positions were also identified for these three proteins through eSHAP analysis. In
order to compare them with the docking results, the top ranked positions were mapped onto
the modeled complex structures for P12757, QQUER7 and Q9H1I8, as shown in Fig 8. The
majority of these key positions were found around their PROTAC binding pockets on the
modeled structures. Interestingly, the predicted PROTAC binding pockets for QOH1I8 coin-
cide with the interface between the human activating signal co-integrator complex (ASCC2)
and ASCC3 [63]. LEU91, TYR94, PRO99, ILE 201, LEU256 and PHE270 are all around this
PROTAC binding pockets and the ASCC3-ASCC2 interface. The identified key positions on
these predicted model structures demonstrate that our model can provide valuable insights
into the binding residues when designing PROTACs for understudied proteins.

Conclusion

Protein degradation is an essential process involved in protein turnover within the cell. It pro-
vides a mechanism of quality control during protein folding, enables rapid response to cellular
signals, and allows modulation of the pool of available amino acids. The majority of proteins
undergo degradation through the ubiquitin—-proteasome system, which involves a diverse
group of proteins. The ubiquitin E3 ligase family is the largest family in ubiquitin signaling,
comprising approximately 700 members with identified or predicted ligase activities, and plays
a crucial role in ubiquitin signaling [64]. This family can be categorized into three subfamilies::
RING [65], HECT [66], and RING-Between-RING (RBR) E3 ligases [67], which include
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Fig 7. Interactions between predicted PROTACs and the CRBN-target protein complex structures. (a) Ligand-target interactions between the
PROTAC and the complex structure for P12757. (b) 2D ligand-target interactions between the PROTAC and the complex structure for P12757. A and
B represent the chain ID for P12757 and CRBN, respectively. (c) Ligand-target interactions between the PROTAC and the complex structure for
QIUER?. (d) 2D ligand-target interactions between the PROTAC and the complex structure for QQUER?7. B and C represent the chain ID for CRBN
and Q9UERY, respectively. (e) Ligand-target interactions between the PROTAC and the complex structure for Q9H1I8. (f) 2D ligand-target
interactions between the PROTAC and the complex structure for Q9H1I8. A and B represent the chain ID for QOH1I8 and CRBN, respectively. Cyan
sticks represent interacting residues on CRBN and green sticks represent interacting residues on the target protein. Yellow balls and sticks represent the
ligand structure. Color representations for interaction types are shown in the figure legend.

https://doi.org/10.1371/journal.pcbi.1010974.g007

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010974  August 17, 2023 15/26


https://doi.org/10.1371/journal.pcbi.1010974.g007
https://doi.org/10.1371/journal.pcbi.1010974

PLOS COMPUTATIONAL BIOLOGY Elucidation of understudied proteins targeted by PROTAC using machine learning

" E189

(b) QOUER7

(c) Q9H1I8

Fig 8. Structural mapping of the key positions for P12757, QQUER7 and Q9H118. Purple colors represent CRBN and the target protein, respectively.
Yellow and green balls and sticks represent predicted PROTACs and the top ranked positions, respectively. H and B represent a helix and 3 sheet,
respectively.

https://doi.org/10.1371/journal.pcbi.1010974.g008

PARKIN and ARIHI. Mechanistically, RBR E3 ligases exhibit characteristics of both RING
and HECT ligases. Currently, the majority of reported PROTACs rely on two E3 ligases,
CRBN and VHL. Our training data also focus on the degradation data for the CRBN E3 ligase.
It remains unknown if the model developed using CRBN can be applied to other E3 ligase.
Studies on the protein kinase degradation showed that there are overlaps between CRBN-
mediated degradation and VHL-mediated degradation, which indicates the targets degradable
for one E3 ligase may also be potential targets for another E3 ligase.

Now, the majority of PROTACs are designed from known potent ligands that bind to well-
studied proteins. However, many understudied proteins that could be potential drug targets
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have not been investigated using PROTACs. One of the most promising advantages of PRO-
TAC: lies in their ability to induce the degradation for these proteins. Our results regarding
understudied human proteins can serve as a starting point for the development of PROTACs
targeting these proteins. Based on our prediction results, further investigations such as
sequence and structure comparisons, complex structure modeling, and linker modeling can be
conducted and help to design PROTAC:s for these proteins.

Our method is the first machine learning method that utilizes protein sequence features to
predict PROTAC-induced degradation for target proteins. In this study, we employed 23 dif-
ferent feature descriptors, three classification methods, and various combinations thereof to
construct our machine learning models. These models were trained and validated by protein
kinase degradation data and tested on other degradable, non-protein kinase proteins from
PROTAC-DB. Extensive benchmark studies have shown that a RF model incorporating the
ESM feature exhibits the best performance, while avoiding significant overfitting. The fully
trained best model can be employed for PROTAC screening and predict possible target pro-
teins which can be degraded by CRBN. Compared to other computational methods, his
approach enables the screening of a large number of proteins in a short period. As more degra-
dation data becomes available in the future, the accuracy of such models is expected to be
greatly improved.

The limited availability of high-quality annotated data on PROTAC-induced degradation
poses a significant challenge in the development of PROTAC machine learning models. In this
study, experimentally determined protein kinase degradation data from Fischer’s group and
additional data for proteins from other gene families in PROTAC-DB were used to train and
evaluate our model. Despite the predominant presence of protein kinase degradation data in
the available dataset, our model exhibits potential generalizability to other proteins due to its
utilization of a pre-trained protein language model. This notion is further supported by exter-
nal benchmark studies, where the testing proteins belonged to gene families distinct from
those present in the training data. Moreover, as more PROTAC degradation data becomes
accessible for various protein types in the future, the performance of our model can be
enhanced even further.

In our current work, we focused on sequence information to construct and train our mod-
els. Incorporating structural features of the binding pockets for both E3 ligases and the target
proteins could provide additional information and enhance the accuracy of PrePROTAC pre-
diction. Current protein structure prediction methods, such as AlphaFold [68], are capable of
generating model structures for proteins without known crystal structures. Nonetheless, care-
tul selection of these model structures is essential, as they may contain randomly generated
loops. It is anticipated that the inclusion of reliable structural features in our models will result
in improved performance for PrePROTAC prediction.

Methods
Overview

The random forest (RF) and gradient boosting tree (GBT) classification methods, imple-
mented in scikit-learn [69], were evaluated in this work and the one demonstrating the best
performance was selected to predict whether a protein could be degraded by PROTAC-
induced protein degradation. These models were trained using degradation data of human
protein kinases from Fischer’s group [40] and tested on additional degradation data from
PROTAC-DB [41]. Pre-trained features from iFeature [43], D-Script [70], and ESM [42] were
selected as inputs for the RF and GBT classification methods. Different combinations of classi-
fication methods and features were tested using the cross-validation method on the training
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set, and the RF classification with the ESM feature exhibited the highest performance. The RF
and GBT classification models, utilizing the ESM feature, were further evaluated on the exter-
nal test set. Finally, the training set and test set were combined to construct the final PrePRO-
TAC model.

Training data set

One of the difficulties on PROTAC-induced protein degradation is few data available for sys-
tematic modeling studies. Comparing with traditional drug discovery, only a small number of
PROTAC: and targeted proteins are reported. Recently, Fischer’s group developed a large
library of kinase-targeting degraders and identified degradable protein-kinases among human
protein kinases and kinase-like proteins. [40]. Based on their results, 445 protein kinases were
selected as the training set, including 201 proteins degraded by CRBN-recruiting degraders, 95
proteins degraded by VHL-recruiting degraders and 234 proteins which cannot be degraded
by any degraders. There are some overlaps between proteins degraded by CRBN and VHL.
For example, among the 95 proteins degraded by VHL, only 10 of them are exclusively
degraded by VHL-recruiting degraders. Distributions of CRBN and VHL induced degrada-
tions in different protein kinase families was shown in Fig Z in S1 Text. Labels for the proteins
in the training set are based on the experimental results. In the training set, if a target is
degraded by CRBN, the target is labeled as positive, otherwise, negative. Since the majority of
PROTAC targets are recruited by CRBN, machine learning models were trained for the CRBN
targeted degradation.

External test data set

In order to evaluate the machine learning classification model trained using the CRBN-protein
kinase pairs, additional PROTAC-induced degradation data was collected from PROTAC-DB
[41] to build an external test data set. PROTAC-DB is an online database which compiles
information of PROTACs by searching PubMed publications with keywords of ‘degrader® or
PROTAC or proteolysis targeting chimera’. 62 proteins were found to be degraded by CRBN
or VHL-recruiting degraders and not included in protein kinase training set. Out of these, 8
proteins are VHL targets and it is unknown whether they can be degraded by CRBN. Four pro-
teins belong to the receptor protein-tyrosine kinase family. The remaining 50 proteins were
used as positive samples in the test data set. Sequence alignments using BlastP [49] were con-
ducted on these proteins to explore their relationships with protein kinases in the training set.

There are few known negative PROTAC data. To incorporate negative controls into the test
set, two groups of negative samples were generated based on the structural classifications from
SCOP [47, 48]. The SCOP database provides various levels of protein structure classifications
that reflect different structural and evolutionary relationships. The SCOP fold, which encom-
passes proteins in different superfamilies and families with the same topology, is the third level
of the structural classification and used as the basis to select negative samples. One group con-
sisted of 50 representative proteins randomly selected from the SCOP folds different with the
degradable proteins in the test set and protein kinases in the training set. The other group
comprised 50 randomly selected representative proteins in different SCOP super-families but
within the same SCOP fold as the degradable proteins in the test set.

Machine learning methods

The goal of this study is to identify the proteins that can be induced by PROTAC molecules
and subsequently degraded by CRBN. Two different classification methods were investigated
for this purpose, including RF and GBT classification methods. RF is a widely used
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classification algorithm that comprises multiple decision trees. Its underlying principle,
known as “the wisdom of crowds,” makes it a simple yet powerful approach. On the other
hand, GBT optimizes a cost function across the function space and combines weak learners
into a single strong learner through iterative processes.

Here, these two different classification methods were trained to learn from the features
describing proteins and distinguish between degradable and undegradable proteins in the
training set. Limited by the size of the training data, four hyper-parameters were selected and
tuned to reduce the over-fitting, including max_depth, min_samples_split, min_samples_leaf
and n_estimators. The others were set to their default values in Scikit-learn. Max_depth
defines the longest path between the root node and the leaf node. As the value increases, the
accuracy may initially increase to a certain limit and then decrease due to overfitting. Setting
this value appropriately is important to avoid overfitting. Min_samples_split decides the mini-
mum number of samples for an internal node required to hold before being split into further
nodes. required for an internal node before it can be split further. Increasing this value could
limit the number of splits and help reduce overfitting, although setting it too large may lead to
underfitting. Min_samples_leaf specifies the minimum number of samples that a node should
have after getting split. It also helps to reduce overfitting. N_estimators determines the number
of trees in the forest of the model. This parameter is closely related to the size of the data.
These four Hyper-parameters were tuned using 5-fold grid-search cross validation method,
and the ones with the best ROC-AUC scores were chosen for the next step of modeling.

Pretrained features

Since there are only a few hundred data points available for PROTAC induced degradation,
conducting large-scale training is not practical. Therefore, in this study, pre-trained features
from other large-scale protein language modeling approaches were employed as initial inputs
for the RF and GBT classification methods. These features include sequence features from
iFeature [43], pre-trained protein-protein interaction (PPI) contact features from D-SCRIPT
[44], and pre-trained protein sequence features from ESM [42]. These features are derived
from a vast number of protein sequences or structures, and incorporating them as inputs for
our classification models enables them to capture valuable information.

Sequence features from iFeature. We first tested the features based on structural and
physio-chemical descriptors extracted from protein sequence data. iFeature [43] is a python-
based toolkit which integrates 18 major sequence encoding schemes and 53 different types of
feature descriptors. The number of features for these descriptors range from hundreds to thou-
sands. In order to avoid over-fitting, 21 descriptors of them which contain less than 1000 fea-
tures were selected as the features for the classification models. As shown in Table A in S1
Text, these descriptors can be separated into six groups, including amino acid composition
related [71-74], grouped amino acid composition related, distribution of amino acid proper-
ties related [75] from AAindex database [76], amino acid distribution patterns related [77],
conjoint triad descriptor related [78] and sequence-order feature related groups [79].

Contact features from D-SCRIPT. In PROTAC induced degradation, targeted proteins
and E3 ligase will form complex structures. But such complex structures are different with the
naturally formed protein-protein complex since PROTAC binds to the interface between them
and hold them to stay together. That is why current PPI prediction methods cannot directly
predict such pairs. However, the information hidden in the PPI is still useful for the prediction
of PROTAC induced degradation because the formation of E3 ligase-target protein complex
structures still follows basic physical-chemical principles. Thus, the pre-trained features used
in the PPI prediction method can be a start point for PROTAC induced degradation.
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In this work, the contact feature in D-SCRIPT [44], a deep learning method for predicting a
physical interaction between two proteins given just their sequences, was applied. Starting
from the pre-trained embedding models E1 and E2 which capture both local and global struc-
tural information from both sequences in one CRBN-target pair, a projection module was
used to reduce the dimensions of E1 and E2 by using a fully-connected linear layer. A residue
contact module was then used to model the interactions between the residues of each protein.
This step generated a n-by-m contact prediction matrix which indicates the predicted proba-
bility that two residues (one in CRBN and the other one in target protein) are in contact. Here,
n represents the sequence length of the CRBN and m represents the length of the target pro-
tein. This matrix was used as the initial features in our model. In order to get a fix-length array
for each pair, a max pooling operation was used to change the matrix to n-dimensional array.
This array represents n-dimensional contact features for each sample in the RF and GBT clas-
sification models.

Features from ESM-1b transformer. Recently, Facebook Al research group developed a
deep contextual language model with unsupervised learning to train on 86 billion amino acids
across 250 million protein sequences [42]. The resulting model contains information about
biological properties in its representations. The representations are learned from sequence
data alone, and ESM-1b model outperforms all tested single-sequence protein language mod-
els across a range of structure prediction tasks. Here, we used the output embedding features
from ESM-1b model as the input features to train the RF and GBT classification models to
identify PROTAC-induced degradable proteins.

Performance evaluation

Performance of RF and GBT models with different features were evaluated by the repeated
Stratified 5-Fold cross validation method. Area under the curve of Receiver operating char-
acteristic curve (ROC-AUC) and precision score were calculated and compared between
these models. The average precision (AP) score was calculated as the following AP score
function (1):

AP = Zn:(Rn —R, )P, (1)

where Rn and Pn are the precision and recall at the nth threshold. The AP score estimates
the area under the Precision-Recall curve. The model with the highest ROC-AUC and AP
score was selected for further prediction.

eSHAP analysis of PrePROTAC model identifies key residues contributing
to PROTAC activities

SHAP (SHapley Additive exPlanations) [80] [81] [82] values are widely used to explain
machine learning models. TreeExplainer in the shap python package was applied to get the
SHAP values for the features used in the PrePROTAC model. The 20 embedding features with
the highest SHAP values were selected and these features should play important roles in the
prediction of our model. Since these features are embedding attributes, their specific meaning
is unknown. In order to investigate which residues on the protein make key contributions to
PROTAC activity, an in silico mutagenesis was performed on the proteins in the training set.
Each residue was mutated sequentially once a time to the amino acid with the opposite prop-
erty. For example positive charged amino acids mutated to negative charged amino acids and
polar amino acids mutated to hydrophobic amino acids. For each position on the protein
sequence, the differences of the 20 selected embedding features between the mutated
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sequences and the original sequence was calculated according to the following formula:
20
Difference.score(x) = sqrt(z (fre (x) — frmaeed (x))?) (2)
n=1

The importance of all the amino acid positions were measured by the difference scores.
This embedding SHAP (eSHAP) analysis could help identify the residues which contribute
most on the selected features. The bigger the difference score is, the higher impact of this posi-
tion has on these features. The positions with the top-ranked difference scores were selected as
the key positions for this protein.

PrePROTAC prediction on understudied disease associated human
proteins

It is well known that only a subset of the human genome that is considered druggable in terms
of drug-like small molecules. There is only limited information for the understudied disease
proteins [83]. Hence, we built an understudied human protein database by removing the drug-
gable proteins (Tclinic and Tchem) in Pharos [84] and Casas’s druggable proteins [85] from
DisGeNet, a human disease associated genome database [86]. DisGeNet includes 12,475
human proteins which are related with certain diseases but have few ligand binding informa-
tion. The PrePROTAC model was applied to these proteins to obtain the probability score of
being degraded by CRBN.

Protein-protein docking and protein-ligand docking

In order to design potential PROTAC: for the target proteins, protein-protein docking and
protein-ligand docking methods were applied on target proteins to build complex structures
between E3-ligases and target proteins, and to predict PROTACs which were able to interact
with these target proteins. Zdock [87] was firstly performed to bring CRBN and target proteins
together. The interface residues of CRBN were used to guide the protein-protein docking in
Zdock. A local protein-protein docking protocol in Rosetta [88] was used to refine the complex
structure obtained from Zdock. Then, the CRBN-target protein complex structure was decided
by choosing the complex structure with the lowest energy. Autodock [89] was then applied to
2,074 CRBN related PROTACs in PROTAC-DB to select the PROTAC with the best docking
score and docking conformation for each target. Furthermore, in order to identify additional
PROTAC: for these target proteins beyond the existing PROTACs in PROTAC-DB, two other
compound databases were considered for warhead screening, including 1,920 fragment-based
compounds from high fidelity fragment library of Enamine [60] and 2,016 drugs provided by
MedChem Express, LLC (Monmouth Junction, NJ, USA) in ZINC database [61]. Compounds
were docked on the target protein via Autodock. The compounds with the best docking scores
were used as the warheads for the targets protein and connected with the CRBN related E3
ligase moieties through the linkers provided in PROTAC-DB. The binding pocket of the co-
crystallized ligand in CRBN (Lenalidomide in 4TZ4) and the predicted binding pockets on the
target proteins were used as the reference binding pockets. These compounds which can bind
to both binding pockets were selected as the predicted PROTAC: for the target proteins.

Supporting information

S1 Text. Supporting information for methods and results. Supplemental materials for Pre-
PROTAC model training, testing and prediction. Additional results for eSSHAP analysis on the
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