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Abstract

Many secreted endogenous peptides rely on signalling pathways to exert their
function in the body. While peptides can be discovered through high throughput
technologies, their cognate receptors typically cannot, hindering the understanding
of their mode of action. We investigate the use of AlphaFold-Multimer for iden-
tifying the cognate receptors of secreted endogenous peptides in human receptor
libraries without any prior knowledge about likely candidates. We find that Al-
phaFold’s predicted confidence metrics have strong performance for prioritizing
true peptide-receptor interactions. By applying transmembrane topology prediction
using DeepTMHMM, we further improve performance by detecting and filtering
biologically implausible predicted interactions. In a library of 1112 human re-
ceptors, the method ranks true receptors in the top percentile on average for 11
benchmark peptide-receptor pairs.

1 Introduction

Endogenous bioactive peptides are ubiquitous in higher organisms and involved in many physiological
processes, ranging from controlling metabolism [1] to neural signaling [2]. Many of these peptides
are secreted and exert their function by binding to membrane-expressed receptor proteins, such as
G-protein coupled receptors (GPCRs) and are thus appealing for drug development [3]. While an in-
creasing number of potential peptides are discovered through technologies such as mass spectrometry
peptidomics [4], small open reading frame sequencing [5] and bioinformatics approaches [6], the
number of known peptide-receptor pairs remains stagnant, with currently 488 human peptide-receptor
interactions reported in the GPCRdb [7]. This is due to the fact that experimental validation of
peptide receptors requires tedious experimental screening of cell lines and binding assays, which
still scale poorly in light of the large search space of potential receptors. Estimates reported at least
1200-1300 surface-expressed receptors in human [8, 9] even when excluding many isoforms and
proteins without manual evidence, making exhaustive screening infeasible.

A previous computational approach for peptide-receptor pairing [6] has used prior knowledge,
structural analyses and machine learning to identify potential peptide receptors within the complete
receptome, thereby reducing the number of receptors that need to be screened. Using comprehensive
experiments, 17 endogenous peptides could thereby be paired within a single study. While this result
presents a substantial advancement, it still relies on experiments for pairing at its core.

AlphaFold [10, 11] has shown state-of-the-art performance for predicting protein-peptide interactions
[12, 13]. However, research has so far focused on peptide docking to mostly globular proteins, and
peptide binding prediction accuracy was evaluated using a moderately imbalanced ratio of positives
and negatives (1:5). In this work, we investigate the application of AlphaFold for the prediction of
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Figure 1: Peptide receptor ranking using AlphaFold-Multimer and DeepTMHMM. AlphaFold predicts
a complex for each receptor with the peptide, DeepTMHMM the transmembrane topology of the
receptor. Structure prediction confidence metrics and peptide-receptor contacts on the extracellular
side are extracted and used to rank the candidate receptors.

binding of peptides to membrane-bound receptors. This problem is characterized by a severe class
imbalance, as only a few receptors out of hundreds of candidates are expected to truly bind a peptide
of interest.

Another aspect specific to receptor interactions is the receptor’s transmembrane topology, which can
be predicted directly from its amino acid sequence [14]. While AlphaFold has strong performance for
folding transmembrane proteins [15], it has no explicit knowledge about the interaction constraints
imposed by the membrane topology, which are relevant especially for complex prediction where
the localization of the binding partner is known. As predicted AlphaFold binding might violate
these imposed constraints, we explore the use of DeepTMHMM [16] to detect spurious binding and
improve prediction performance.

2 Method

We approach the question of identifying endogenous peptide receptors as a ranking problem: Given
a list of candidate receptors, an ordered list of all receptors should be produced with true recep-
tors ranked at the top. For a library of candidate receptors and a peptide of interest, we apply
AlphaFold-Multimer [11] to predict a protein-peptide complex for each receptor. Additionally,
we use DeepTMHMM [16] to predict the transmembrane topology of each receptor (Figure 1).
DeepTMHMM is a protein language model [17] based predictor that only takes the amino acid
sequence as input, thereby providing us with information orthogonal to the structure predicted by
AlphaFold. For each residue, it predicts an {Intracellular, Extracellular, Transmembrane, Signal
peptide} label using a Conditional Random Field.

We extract multiple prediction quality metrics from the predicted complex structure: median predicted
aligned error at the interface (iPAE), median pLDDT of the peptide residues at the interface (ipLDDT)
and the predicted interface TM score (ipTM). We also evaluate pDockQ [18], which was proposed for
ranking protein-protein complexes, as a prediction quality score. For each metric, the receptors are
ranked according to the score of their predicted complex. Using the topology, we extract the number
of receptor residues labeled as extracellular that are in contact with the peptide. If this number is 0,
we downrank the receptor as the peptide is predicted to bind at an intracellular interface or at sections
that are buried in the cell membrane. These binding modes are biologically implausible, as they are
not accessible to a peptide in vivo, but might still be predicted with high confidence by AlphaFold
which has no explicit access to this prior information. For all interface calculations, we consider
residues in contact if their distance is below 0.35 nm.

AlphaFold predicts five structures for each input, sampled from five different model checkpoints.
For true binders, we expect all five predictions to have a similar predicted confidence. To penalize
receptors that have a high variation, we aggregate the five predictions by taking the median and
subtracting the median absolute deviation (MAD) (Equation 1). In the case of iPAE, where lower
means better, we add the MAD. This corresponds to the 25th percentile of the confidence distribution,
thus favoring receptors with a narrow distribution.
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x′ = median(x)±median(|xi −median(x)|) (1)

For each peptide-receptor pair, we report the percentile rank of the known receptor in the complete
receptor library. Note that we do not necessarily expect the receptor to have the top rank - many
peptides are known to have more than one endogenous binding partner [6]. Moreover, the exact
ordering of receptors by AlphaFold confidence is unlikely to correlate to binding strength [19].
However, with respect to a full receptor library, any true receptor can still be expected to rank high.

3 Data

3.1 Benchmark peptide - receptor pairs

For benchmarking endogenous receptor identification performance, we gather structurally confirmed
human peptide-receptor pairs that were released after the training data cutoff date of AlphaFold-
Multimer using GPCRdb [7], yielding a total of 11 pairs (Table A1). To mimic the actual use case of
only having sequence information available, we ignore any sequence modifications reported in the
PDB and use the canonical UniProt [20] sequence for both the receptors and the peptides.

3.2 Membrane-bound receptors

We establish a human receptor library using UniProt annotations. We extract all proteins that are
annotated with the keyword "Receptor [KW-0675]" and have a membrane subcellular location ("Cell
membrane [SL-0039]", "Cell surface [SL-0310]") or the keyword "Transmembrane [KW-0812]".
From this set, we exclude all proteins that are additionally annotated with an intracellular membrane
location (Mitochondrion, Nucleus, Acidocalcisome, Acrosome, COPI-coated vesicle, Endoplasmic
reticulum-Golgi intermediate compartment membrane, Sarcoplasmic reticulum). We furthermore
exclude single-pass transmembrane receptors, as they typically form multimers in vivo [21] and
are often folded spuriously by AlphaFold if no further processing is applied [22]. Due to limited
computational resources, we limit our study to proteins annotated in Swiss-Prot with a maximum
length of 2000, yielding a total of 1112 receptor proteins.

3.3 Processing

We use the default AlphaFold-Multimer 2.2.0 pipeline with reduced databases to generate multiple
sequence alignments (MSAs) for each peptide and each receptor sequence. Due to the combinatorial
nature of the problem (a complex structure is predicted for each peptide with each receptor), precom-
puting the MSAs and assembling AlphaFold-Multimer inputs by combining the two MSAs before
prediction results in a significant speedup, as MSA generation alone can take multiple hours. We do
not use template information and omit the relaxation step.

4 Results

Out of all investigated confidence metrics, the predicted ipTM score is best suited for receptor
ranking, followed by the iPAE and ipLDDT (Table 1). Overall, we reach a mean percentile rank of
0.69%, thereby ranking the known receptors higher than 99.31% of the library. In our library of 1112
receptors, this corresponds to the known receptor being contained within the top 8 candidates on
average. We find that pDockQ, which was developed and validated on protein-protein complexes
only, performs poorly for peptide-receptor binding ranking with a mean percentile rank of 11.51%,
indicating that calibration on protein-protein complexes does not generalize to peptide-receptor
interfaces. Using DeepTMHMM for downranking complexes with biologically implausible binding
results in some improvement on average, with the effect varying greatly between different peptides.
If the known pair is already scoring very high, DeepTMHMM has little to no effect. However, we
observe that for some peptides, as exemplified by the case of Gastrin-17, many high-confidence
implausible complexes are predicted. In such cases, DeepTMHMM application results in a strong
improvement of the rank of the known receptor. In total, DeepTMHMM improved the rank of 7/12
peptide-receptor pairs.
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Table 1: Percentile rank of true pairs using different ranking metrics. Lower means better.

With DeepTMHMM [%] Without DeepTMHMM [%]

Peptide Receptor ipTM iPAE ipLDDT pDockQ ipTM iPAE ipLDDT pDockQ

Cholecystokinin-8 CCKAR 0.09 0.74 2.11 6.03 0.09 0.91 2.40 6.03
Galanin GALR1 0.09 0.10 0.10 12.86 0.09 0.10 0.10 29.77
Galanin GALR2 0.27 0.48 0.58 17.00 0.36 0.50 0.60 48.74
Gastrin-17 GASR 1.08 2.82 7.87 9.71 16.73 28.21 49.30 46.40
Ghrelin-27 GHSR 0.72 2.77 4.48 15.92 1.53 10.62 12.72 44.78
Neuropeptide Y NPY1R 0.36 0.49 0.88 2.88 0.36 0.51 1.03 9.89
Oxytocin OXYR 1.62 6.62 11.28 13.40 1.71 8.01 26.94 32.37
Secretin SECR 0.36 1.29 0.50 9.44 0.45 7.24 0.64 43.79
Somatoliberin Q9HB45 0.63 0.39 0.58 9.53 0.63 0.42 0.84 29.59
Somatostatin-14 SSR2 0.09 0.10 0.69 15.29 0.36 0.32 1.28 40.92
Substance P NK1R 2.25 3.12 8.75 14.57 2.43 4.79 16.23 30.58

Mean 0.69 1.72 3.44 11.51 2.25 5.60 10.19 32.99

Figure 2: AlphaFold ipTM scores of all predicted peptide-receptor complexes of the test set. Each
dot represents one complex. Intracellular-extracellular binding is computed using DeepTMHMM
predicted topologies. All known receptors are predicted to bind on the extracellular side.

Overall, although all known complexes were predicted correctly as per their DockQ [23] scores
(Figure A1), we find that the distribution of prediction confidence scores varies greatly between
different peptides (Figure 2). This prevents us from evaluating the presented approach as a classifier,
as this would be done by pooling predictions at a given threshold over all the peptides and reporting a
performance metric, which assumes that the score distributions are comparable. This confirms that
when using just AlphaFold confidences without further downstream modeling, a ranking approach
seems to be best suited for the problem.

5 Discussion

Our results show that AlphaFold-Multimer can be applied successfully for prioritizing endogenous
peptide receptors. Even though the proposed approach still requires a follow-up analysis to investigate
the ranked list until the true receptor is found, it greatly reduces the complexity of such screening
experiments. While conceivable, we refrained from developing a dedicated confidence-derived score
such as pDockQ for peptide-receptor docking due to the very limited size of the dataset. Also,
optimally, given a larger dataset, a classification model to distinguish true receptors could be trained
on top of AlphaFold, as was recently done for peptide-MHC binding [24].

A key limitation of the presented approach is the computational demand of running AlphaFold on
large libraries. Even though the MSA search becomes negligible when applying the combinatorial
assembly strategy, the amount of required GPU hours is still a bottleneck that precludes using larger
receptor libraries, such as including isoforms or multimeric receptors. The presented approach is
easily adaptable to any other complex structure prediction method that outputs prediction confidences,
so it will benefit from future performance improvements in the field [25, 26].
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A Appendix

Table A1: Peptide-Receptor complexes used in the benchmark experiment. To ensure that our
benchmark complexes are not contained in the AlphaFold-Multimer training data as another PDB
ID, we use BlastP to search the PDB for both the receptor and the peptide sequence and report their
closest hits before the training cutoff date. The combined closest hit structure is determined by
combining the ranks of each PDB ID in the peptide and receptor Blast hit lists. Sequence identities
are computed with the length of the query sequence as denominator. For 7P00 there exist three
earlier structures 2KS9, 2KSA, 2KSB representing the same sequences, but in a conformation that is
different from 7P00 (DockQ scores 0.089, 0.083, 0.0103).

Peptide Receptor PDB ID Peptide
best hit Identity Receptor

best hit Identity Combined
best hit

Identity
Peptide

Identity
Receptor

Secretin SECR_HUMAN 6WI9 5NIQ_A 63% 6B3J_R 61% 5OTV 56% 9%
Galanin GALR1_HUMAN 7WQ3 1SMZ_A 40% 2LNL_A 46% None
Galanin GALR2_HUMAN 7WQ4 1SMZ_A 40% 4MBS_A 43% None
Oxytocin OXYR_HUMAN 7RYC 7OFG_A 90% 5TUD_A 43% None
Cholecystokinin-8 CCKAR_HUMAN 7EZH 1D6G_B 88% 5XPR_A 41% 1D6G 88% 11%
Somatostatin-14 SSR2_HUMAN 7T10 2MI1_A 100% 6B73_B 47% None
Neuropeptide Y NPY1R_HUMAN 7VGX 1RON_A 100% 5ZBQ_A 89% None
Ghrelin-27 GHSR_HUMAN 7NA7 None 4XEE_A 46% None
Substance P NK1R_HUMAN 7P00 2KSA_B* 92%* 2KSA_A* 88%* 2KSA* 92%* 88%*
Somatoliberin Q9HB45_HUMAN 7V9M 5BQM_B 77% 6B3J_R 33% None
Gastrin-17 GASR_HUMAN 7F8V 5WRJ_L 71% 5TUD_A 41% None

Table A2: Comparison of using the median and the MAD corrected median for pooling Alphafold
prediction confidence metrics. All values are computed with DeepTMHMM filtering applied.

Median Median ± MAD

Peptide Receptor ipTM iPAE ipLDDT pDockQ ipTM iPAE ipLDDT pDockQ

Cholecystokinin-8 CCKAR 0.09 0.29 3.24 6.47 0.09 0.74 2.11 6.03
Galanin GALR1 0.09 0.09 0.18 14.03 0.09 0.10 0.10 12.86
Galanin GALR2 0.27 0.46 0.74 18.17 0.27 0.48 0.58 17.00
Gastrin-17 GASR 1.26 4.02 9.35 10.88 1.08 2.82 7.87 9.71
Ghrelin-27 GHSR 1.17 2.80 5.41 17.00 0.72 2.77 4.48 15.92
Neuropeptide Y NPYR 0.45 0.47 1.12 2.70 0.36 0.49 0.88 2.88
Oxytocin OXYR 2.79 7.47 12.49 14.21 1.62 6.62 11.28 13.40
Secretin SECR 0.36 0.66 0.66 9.44 0.36 1.29 0.50 9.44
Somatoliberin Q9HB45 0.63 0.19 1.03 14.3 0.63 0.39 0.58 9.53
Somatostatin-14 SSR2 0.09 0.09 0.95 16.10 0.09 0.10 0.69 15.29
Substance P NK1R 2.97 4.49 10.32 15.38 2.25 3.12 8.75 14.57

Mean 0.92 1.91 4.13 12.61 0.69 1.71 3.44 11.51
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Table A3: Overview of known peptide receptors that rank higher than the receptor included in the
benchmark set. Receptors were not considered for the benchmark set if no experimental structure is
available or the experimental structure was part of the AlphaFold-Multimer training data.

Peptide Receptor Rank Rank of benchmark set receptor

Somatoliberin GHRHR_HUMAN 1 7
Neuropeptide Y NPY2R_HUMAN 1 4
Neuropeptide Y NPY5R_HUMAN 2 4
Galanin GALR3_HUMAN 2 1,3

Figure A1: DockQ scores of the predicted AlphaFold-Multimer complexes compared to their experi-
mental structures listed in Table A1.
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