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Abstract

The study of multi-type Protein-Protein Interaction
(PPD) is fundamental for understanding biological
processes from a systematic perspective and reveal-
ing disease mechanisms. Existing methods suf-
fer from significant performance degradation when
tested in unseen dataset. In this paper, we investi-
gate the problem and find that it is mainly attributed
to the poor performance for inter-novel-protein in-
teraction prediction. However, current evaluations
overlook the inter-novel-protein interactions, and
thus fail to give an instructive assessment. As a re-
sult, we propose to address the problem from both
the evaluation and the methodology. Firstly, we
design a new evaluation framework that fully re-
spects the inter-novel-protein interactions and gives
consistent assessment across datasets. Secondly,
we argue that correlations between proteins must
provide useful information for analysis of novel
proteins, and based on this, we propose a graph
neural network based method (GNN-PPI) for bet-
ter inter-novel-protein interaction prediction. Ex-
perimental results on real-world datasets of differ-
ent scales demonstrate that GNN-PPI significantly
outperforms state-of-the-art PPI prediction meth-
ods, especially for the inter-novel-protein interac-
tion prediction.'

1 Introduction

Protein-protein Interactions (PPIs) play an important role
in most biological processes. In addition to direct physi-
cal binding, PPI also has many other, indirect ways of co-
operation and mutual regulation, such as exchange reaction
products, participate in signal relay mechanisms, or jointly
contribute toward specific organismal functions [Szklarczyk
et al., 2016]. It can be said that the study of PPIs and their in-
teraction types are essential toward understanding cellular bi-
ological processes in normal and disease states, which in turn
facilitate the therapeutic target identification and novel drug
design [Skrabanek et al., 2008]. There are many experimen-
tal methods to detect PPI, where the most conventional and

!Codes are available at https://github.com/Ivguofeng/GNN_PPL
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Figure 1: Results of PIPR (baseline) and GNN-PPI (ours) when
trained on the smaller dataset SHS148k and tested on the larger
STRING dataset. The metric is micro F1 score for multi-label PPI
type prediction. Avg is the overall result of the testset. For further in-
vestigation, we divide the testset into BS, ES and NS subsets, where
BS denotes Both of the pair proteins in interaction were Seen during
training, ES denotes Either (but not both) of the pair proteins was
Seen, and NS denotes Neither proteins were Seen during training.
We regard ES and NS as inter-novel-protein interactions.

widely used high-throughput methods are yeast two-hybrid
screening [Fields and Song, 1989]. However, the experiment-
based methods are expensive and time-consuming, but more
importantly, even if a single experiment has detected PPI, it
cannot fully interpret its types [De Las Rivas and Fontanillo,
2010]. Evidently, we urgently need reliable computational
methods that are learned from the accumulated PPI data to
predict the unknown PPIs accurately.

Despite long-term research works [Guo er al., 2008;
Hashemifar et al., 2018; Chen et al., 2019] make notice-
able progress, existing methods suffer from significant perfor-
mance degradation when tested on unseen dataset. Take the
state-of-the-art model PIPR [Chen et al., 2019] as an exam-
ple, compared tested on trainset-homologous SHS148k test-
set with on a larger STRING testset, micro F1 score drops
from 92.42 to 53.85. For further investigation, we divide the
STRING testset into BS, ES and NS subsets, where BS de-
notes Both of the pair proteins in interaction were Seen during
training, ES denotes Either (but not both) of the pair proteins
was Seen, and NS denotes Neither proteins were Seen dur-



ing training. As clearly shown in Figure 1, poor performance
in the ES and NS subsets (collectively termed as inter-novel-
protein interactions in this paper) is the main reason for the
performance degradation.

On the other hand, current evaluations on the trainset-
homologous SHS 148k testset apply a protein-irrepective per-
interaction randomized strategy to divide the trainset and test-
set, and consequently, BS comprises over 92% of the whole
testset and dominates the overall performance (see Appendix
A for more discussions). The evaluations overlook the inter-
novel-protein interactions, and are thus not instructive for the
performance when tested on other datasets. As a result, in
this paper we firstly design a new evaluation framework with
two per-protein randomized data partition strategies. Instead
of simple protein-independent randomization, we take also
into consideration the distance between proteins and utilize
Breadth-First and Depth-First Search methods to construct
the testset. Comparison experiments between the trainset-
homologous testset and the unseen STRING testset demon-
strates the proposed evaluation can give consistent assess-
ment across datasets.

Besides the evaluation, for the methodology existing works
take PPIs as independent instances. Correlations between
proteins have long been ignored. Intuitively, for predicting
the type of interaction between protein A and B, the inter-
action between protein A and C, as well as B and C must
provide useful information. The correlations can be naturally
modeled and excavated with a graph, where proteins serve
as the nodes and interactions as the edges. In this paper, the
graph is processed with a graph neural network based model
(GNN-PPI). As demonstrated in Figure 1, the introduction of
correlations and the proposed GNN-PPI model have largely
narrow the performance gap between BS, ES and NS subsets.

In summary, the contribution of this paper is three-fold:

1. We design a new evaluation framework that fully re-
spects the inter-novel-protein interactions and give con-
sistent assessment across datasets.

2. We propose to incorporate correlation between proteins
into the PPI prediction problem. A graph neural network
based method is presented to model the correlations.

3. The proposed GNN-PPI model achieves state-of-the-art
performance in real datasets of different scales, espe-
cially for the inter-novel-protein interaction prediction.

2 Related Work

The primary amino acid sequences are confirmed to con-
tain all the protein information [Anfinsen, 1972] and are ex-
tremely easy to obtain. Thus, there is a longstanding in-
terest in using sequence-based methods to model protein-
related tasks. The research work of PPI prediction and clas-
sification can be summarized into two stages. The early re-
search is based on Machine Learning (ML) [Guo et al., 2008;
Wong et al., 2015; Silberberg et al., 2014; Shen et al.,
2007]. These methods provide feasible solutions, but their
performance is limited by the PPI feature representation and
model expressiveness. Deep Learning (DL) has recently been
widely used in bioinformatics problems due to its power-

ful expressive ability, including PPI prediction and classifi-
cation. These works [Li et al., 2018; Hashemifar et al., 2018;
Chen et al., 2019; Sun et al., 2017] typically use Convolu-
tion Neural Networks or Recurrent Neural Networks to ex-
tract features from the amino acid sequence of the protein.

More recent work has focused on the feature representation
of proteins. [Saha and others, 2020] proposes a novel deep
multi-modal architecture, which extracts multi-modal infor-
mation from protein structure and existing text information
in biomedical literature. [Nambiar et al., 2020] proposes a
Transformer based neural network to generate proteins pre-
trained embedding. In the latest research, [Yang et al., 2020]
considers the correlation of PPIs and first proposed to use
GCNIKipf and Welling, 2016] to learn protein features in the
PPI network automatically. However, their work cannot be
extended to the multi-label PPI classification.

To the best of our knowledge, the current work of PPI has
not been concerned with the problems of inter-novel-protein
interactions. However, In the field of Drug-drug Interaction
(DDI), [Deng et al., 2020] mentioned that the testset is di-
vided according to whether the drug was seen during training,
and the results show that the performance for the inter-novel-
drug interactions is extremely degraded, but the original pa-
per does not propose a solution.

3 Methodology

3.1 Problem Formulation

Suppose we have protein set P = {pg, p1, .., P, } and PPI set
is the PPI indicator function, if /(z;;) = 1, then it means
that protein p; interacts with protein p;. Note that when
I(z;;) = 0, it may mean that protein p; and p; will not
interact, or they have a potential interaction while it has
not been discovered so far. In order to avoid unnecessary
errors, we will not do any operation on unknown protein
pairs (default Vx;; € X,I(x;;) = 1). We define PPI la-
bel space as L = {lo,l1,...,ln} with n possible interac-
tion types. For each PPI x;;, its labels is represented as
yi; € L. In summary, the multi-type PPI dataset is defined
as D = {(z;;,yi;)|zi; € X'}. Considering the correlation of
PPIs, we use protein as nodes and PPIs as edges to build the
PPI graph G = (P, X).

The task of multi-type PPI learning is to learn a model
F : x — gy from the training set Xy,jn. For any protein pair
Zi; € Xiest, the model F predict §J;; as the set of proper labels
for z;;. The above-mentioned X qin and Xieg are obtained
from X based on the evaluation, where X qin + Xiest = X.
Further, according to whether protein p was seen during train-
ing, the protein set P is divided into known P, = |J Xirain
and unknown P, = P — Piain. Moreover, as mentioned
in section 1, Xiest can be divided into Xgg, Xgs, and Xnsg,
which defined as follows:

Aps = {xij|xij € Xiest, PisDj € Po}

Xes = {xij|wij € Xiest,Di € Puspj € Py
orpj € Pu,pi € Py}

s = {zij|2ij € Xiest, PisPj € Put
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Figure 2: Development and evaluation of the GNN-PPI framework.

Pairwise interaction data are firstly assembled to build the graph, where

proteins serve as the nodes and interactions as the edges. The testset is constructed by firstly selecting the root node and then performing
the proposed BFS or DFS strategy. The model is developed by firstly performing embedding for each protein to obtain predefined features,
then processed by Convolution, Pooling, BiGRU and FC modules to extract protein-independent encoding (PIE) features, which are finally
aggregated by graph convolutions and arrive at protein-graph encoding (PGE) features. Features of the pair proteins in interaction are

multiplied and classified, supervised by the trainset labels.

Since inter-novel-protein interactions are the main bottle-
necks, we require the testset Xiog; of the evaluation frame-
work to meet condition |Xps| < |Xrs| + |Ang|. Our goal is
that under this evaluation, the model F learned from X};ain
can accurately predict the multi-label label of PPI in Xegt.

3.2 Overview

The GNN-PPI framework and evaluation are shown in Fig-
ure 2. We will introduce GNN-PPI from the following three
aspects. First is Evaluation Framework. We propose two
sets of heuristic data partition schemes based on the PPI net-
work, and the generated testset meets the conditions | Xpg| <
|¥ms| + | Xns|. Secondly, Protein feature encoding. We de-
sign Protein-Independent Encoding (PIE) and Protein-Graph
Encoding (PGE) modules to encode protein features. The last
is Multi-label PPI prediction. For unknown PPIs, we com-
bine their protein feature encoded by the previous process,
calculate their scores in different PPI types, and output its
multi-label prediction.

3.3 Evaluation Framework

Generally, existing machine learning algorithms usually ran-
domly divide part of the dataset as a testset to evaluate the per-
formance of the model. However, in the PPI-related tasks, we
have the following Corollary, derived from Erd6s—Rényi(ER)
random graph model. [ERDdS and R&wi, 1959; ErdGs and
Rényi, 1960]:

Corollary 1. Randomly divide the PPI dataset, selectt < 0.2
as the testset, then most of the proteins in the testset were seen
in training.
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Figure 3: Examples of different testset construction strategies. Ran-
dom is the current scheme, while Breath-First Search (BFS) and
Depth-First Search (DFS) are the proposed schemes.

The detailed proof of the corollary is elaborated in the Ap-
pendix A. It can be inferred from this corollary that the per-
formance of the testset obtained by random division only re-
flects the predictive ability of the PPI between known P,. In
the real world, there are still many proteins and their PPIs
that have not been discovered. We perform empirical studies
by comparison of two different time points, 2021/01/25 and
2020/04/11, of the Homo sapiens subset of BioGRID?[Stark
et al., 2006] database. We found that the newly discovered
proteins exhibit some BFS-like or DFS-like local patterns.
Even if the PPIs have been discovered, most of their types re-
main relatively unexplored. Therefore, we need a brand-new
evaluation that can reflect the model’s predictive performance
on the inter-novel-protein interactions. The next content will
introduce the evaluation framework we design.

“https://thebiogrid.org/



Algorithm 1 Data Partition Algorithm
Input: Protein set P; PPI set X'; Testset size N; Root node
selection threshold ¢; Search order S € {BFS, DFS};
OUtPUt Xtralru Xtebt’
1: Build PPI graph G =
> Root node selection

(P, X)

2: repeat
3: Randomly select a protein as root node poot -
4: until [NV (proot)| <t > A returns the neighbors

> Testset construction
5 Kiest = 07 Pcur = Proot
6: repeat
7 Xcur = {{pcurvpk}lpk € N(pcur)}
8: Xtest = Xtest U Xcur
9: Peur = Search_Next (G, peur, S)
0: until |Xtest| Z N
> Trainset construction
11: Xirain = X — Xiest
12: return Xipqin, Xrest

We design two heuristic evaluation schemes based on the
PPI network, namely BFS and DFS. They simulated two sce-
narios of unknown proteins P, in reality:

1. P, interact tightly with each other, and they exist in the
form of clusters in the PPI network (See Figure 3 (b)).

2. P, are sparsely distributed in the PPI network and have
little interaction with each other (See Figure 3 (c)).

We select a root node p,oot, fiX the size of the testset NV, and
then use the Breadth-First Search (BFS) algorithm in the PPI
network to obtain the proteins P,, that meet the scenario 1.
All PPIs related to these proteins are the generated testset.
For scenario 2, we just need to simply randomly select pro-
teins to form P,,. However, in order to maintain the PPI net-
work connectivity of X;;ain and Xiest, We use the Depth-First
Search (DFS) algorithm to simulate. The details of the data
partition algorithm are shown in Algorithm 1, where we will
not show the details of the BFS and DFS algorithms but use
the Search_Next function to return the next protein of the
current protein pc,, in different search algorithms. The A/ (p)
returns all neighbors of protein p. And we controls the degree
of the root node [N (proot)| < t to simulate newly discovered
proteins (Usually few proteins interact with them).

3.4 Protein Feature Encoding

Previous work [Chen et al., 2019] has proved that protein
features based on the amino acid sequence are beneficial to
the performance improvement of PPI-related tasks. There-
fore, we design a Protein-Independent Encoding (PIE) mod-
ule, which contains Conv1ld with pooling, BiGRU, and fully
connected (FC) layer, to generate protein feature representa-
tions as input to the PPI network.

The subsequent Protein-Graph Encoding (PGE) module is
the core of GNN-PPI. Inspired by PPI network being widely
used in bioinformatics computing, we construct PPI network
G = (P,X), and convert the original independent learning
tasks F(z;;|ps, pj, @) — ¥i; into graph-related learning tasks

F(x;71G,0) — 9ij. Recently, GNN is the most effective
graph representation learning method, its main idea is the re-
cursive neighborhood aggregation scheme, where each node
computes a new feature by aggregating the previous features
of its neighbor nodes. After k iterations, a node is represented
by its transformed feature, which captures the structural infor-
mation within the node’s k-hop neighborhood. More specifi-
cally, the GNN of the k-th iteration is

af = Agg ({gf.ffllp’ eN (p)})

where ¢F is the feature of node p at the k-th iteration. The
design of Agg(-) and Update(-) are the keys to different GNN
architectures. In this paper we use Graph Isomorphism Net-
work (GIN) [Xu et al., 2018], where the sum of the neighbor
node features is used as the aggregation function, and multi-
layer perceptrons (MLPs) is used to update the aggregated
features. Then, GIN updates node features as

Y g )

p’eN(p)

Upda‘ce({g’C t ]; )

gh = MLP*((14 ¢

where € can be a learnable parameter or a fixed scalar.

3.5 Multi-Label PPI Prediction

With the feature of protein learned from the previous stages
for the PPI z;;, we use the dot product operation to combine
the features of p; and p;, and then use a fully connected layer
(FC) as classifier for multi-label PPI prediction, expressed as
Ui = FC(gp, - gp,). The PIE and PGE modules are jointly
training in an end-to-end way. Given a training set X},,i, and
its ground-truth multi-label interaction Y ain, We can use the
multi-task binary cross-entropy as the loss function:

2= (% -uboudt - -k s - ).
k=0 *x;;E€X¢rain
Different from the algorithm that considers PPI indepen-
dently, GNN-PPI learns to combine protein neighbors to gen-
erate feature representations. Therefore, for the X}cs con-
structed by our proposed BFS or DFS, GNN-PPI can also be
based on its neighbors to generate suitable feature represen-
tations for multi-type PPI prediction. On the other hand, even
if the PPI network G’ = (P,, Xirain) used in the training pro-
cess is constructed with only X},.in, it can perform well for
unknown PPI z;; € X (See details in Table 4)

4 Experiment

4.1 Dataset

We use multi-type PPI data from the STRING database®
[Szklarczyk et al., 2019] to evaluate our proposed GNN-PPL
The STRING database collected, scored, and integrated most
publicly available sources of protein-protein interaction infor-
mation and built a comprehensive and objective global PPI
network, including direct (physical) and indirect (functional)
interactions. In this paper, we focus on the multi-type classifi-
cation of PPI by STRING. It divides PPI into 7 types, namely

*https://string-db.org/



Dataset Partition Methods
Scheme SVM RF LR DPPI DNN-PPI PIPR GNN-PPI
Random  75.354+1.05 78.454+0.88 71.554+0.93 73.994+5.04 77.89+4.97 83.31+0.75  87.91+0.39
SHS27k BES 42.98+6.15 37.67£1.57 43.06+£5.05 41.434+0.56 48.90+7.24 44.48+4.44  63.81+1.79
DFS 53.074+5.16 35554222 48.51+1.87 46.12+3.02 54.34+1.30 57.804+3.24  74.7245.26
Random 80.554+0.23 82.10£0.20 67.004+0.07 77.48+1.39 88.49+0.48  90.05+2.59  92.26+0.10
SHS148k BES 49.144+5.30 38.96+1.94 4745+142 52.1248.70 57.40+9.10 61.83+10.23 71.374+5.33
DFS 58.594+0.07 43.26+3.43 51.09+2.09 52.03+1.18 58.42+2.05 63.98+0.76  82.67+0.85
Random - 88.91+£0.08 67.74+0.16 94.854+0.13 83.084+0.11 94.43+0.10  95.43+0.10
STRING BFS - 55.31£1.02  50.5442.00 56.684+1.04 53.054+0.82  55.65+1.60 78.37+5.40
DFS - 70.804+0.45 61.28+0.53 66.82+0.29 64.944+093 67.45+£0.34  91.07+0.58

Table 1: Performance of GNN-PPI against comparative methods over different datasets and data partition schemes. The reported results are
mean=std micro-averaged F1 score over three repeated experiments. Results of SVM on STRING is omitted for unafforable running time.

reaction, binding, post-translational modifications (ptmod),
activation, inhibition, catalysis, and expression. Each pair of
interacting proteins contains at least one of them. [Chen et
al., 2019] randomly select 1,690 and 5,189 proteins from the
Homo sapiens subset of STRING that shares < 40% of se-
quence identity to generate two subsets, namely SHS27k and
SHS 148k, which contain 7,624 and 44,488 multi-label PPIs.
At the same time, we use all PPIs of Homo sapiens as our
third dataset, namely STRING, which contains 15,335 pro-
teins and 593,397 PPIs. We will use these three PPI datasets
of different sizes to evaluate GNN-PPI and other PPI methods
in the following content.

4.2 Experimental Details

Experimental Settings and Metrics
We select 20% of PPIs for testing, using our proposed BFS,
DFS, and original evaluation (Random). The BFS or DFS
partition algorithm has completely different results for differ-
ent root nodes. To simulate the realistic scene mentioned in
Section 3.3, the root node’s degree should not be too large.
We set the root node degree threshold ¢ = 5. To eliminate
the influence of the randomness of data partitioning on the
performance of PPI methods, we repeat experimental results
under 3 different random seeds. We use the protein features
based on amino acid sequence, refer to [Chen et al., 2019]
using embedding method to represent each amino acid (De-
tails in the Appendix C). We adopt Adam algorithm [Kingma
and Ba, 2014] to optimize all trainable parameters. The other
hyper-parameters settings are shown in Appendix Table 10.
We evaluate the multi-label PPI prediction performance us-
ing micro-F1. This is because micro-averaging will empha-
size the common labels in the dataset, which gives each sam-
ple the same importance. Since the different PPI types in the
datasets we used are very imbalanced, micro-F1 may be pre-
ferred. Even so, we still evaluate the F1 performance of each
PPI type, and the results are shown in Table 5.

Baselines
We compare GNN-PPI against a variety of baselines, which
can be categorized as follows:

1. Machine Learning based: We choose three represen-
tative machine learning (ML) algorithms, SVM [Guo ef al.,
2008], RF [Wong et al., 2015], and LR [Silberberg et al.,
2014]. The input feature of the algorithms uniformly selects
common handcrafted protein features, AC [Guo et al., 2008]

and CTD [Du et al., 20171, of which CTD use seven attributes
for the division (See in Appendix B).

2. Deep Learning based: We choose three representative
deep learning (DL) algorithms in PPI prediction, PIPR [Chen
et al., 2019], DNN-PPI [Li et al., 2018] and DPPI [Hashemi-
far et al., 2018]. We construct the same architecture as the
original papers and modify the output of the original imple-
mentation from a binary class to multi-label. The protein in-
put feature based on the amino acid sequence is consistent
with GNN-PPI. The other settings are the same as the origi-
nal papers.

4.3 Results and Analysis

Benchmark

Table 1 compares the performance of different methods un-
der different evaluations and different datasets. Firstly, con-
sider the impact of different evaluations, we can see that
any method in Table 1 perform well under Random partition.
However, under BFS or DFS partition, except for GNN-PPI,
the performance of other methods declines clearly. Moreover,
the performance under the DFS is generally higher than that
of the BFS, which means that the clustered distribution of un-
known proteins in the PPI network is harder to learn than dis-
crete distribution. Next, observe the performance on different
datasets. Regardless of the evaluations, the performance of
any method will improve as the data size increases. However,
the problems mentioned above will not be trivially solved by
increasing the amount of data. Finally, comparing different
methods, we can see that DL-based methods are generally
better than ML-based, and GNN-PPI can achieve state-of-
the-art performance. However, under the Random partition,
the advantage of GNN-PPI over DL-based methods will be
smaller as the dataset size increases. The most prominent ad-
vantage of GNN-PPI is that under the BFS or DFS partition,
and for the inter-novel-protein interactions, it can still learn
useful feature representations from protein neighbors so as
to obtain good performance in PPI prediction. In summary,
the experimental results show that GNN-PPI can effectively
improve the prediction accuracy of inter-novel-protein inter-
actions. However, how to further push the performance to be
comparable as Random partition is still a problem worthy of
further discussion, and it is also our future work.



Partition XBs XEs ANs Xave
Dataset  g.peme  PIPR GNN-PPI | PIPR GNN-PPI | PIPR GNN-PPI | Proportion(BS/ES/NS) PIPR  GNN-PPI
Random 83.12 88.31 64.48 74.28 35.29 33.33 92.2 7.5 0.3 81.58 87.11
SHS27k BFS - - 44.92 68.08 30.34 46.25 0.0 72.6 274 4092 62.10
DFS - - 58.25 72.22 48.77 63.22 0.0 88.6 114 57.17 71.19
Random 92.82 92.24 78.80 73.09 40.72 36.36 97.2 2.7 0.1 9242 91.68
SHS148k BFS - - 62.80 72.51 73.82 77.02 0.0 69.7 30.3  66.13 73.88
DFS - - 64.17 83.37 55.51 73.08 0.0 91.9 8.1 6347 82.54
Random 9432 9542 | 61.65  77.68 3333 57.14 99.7 0.3 0 9423 9537
STRING BFS - - 56.71 83.99 39.87 72.83 0.0 85.8 142 5431 82.41
DFS - - 68.61 9038 | 5522  87.07 00 943 57 6784  90.19
Table 2: In-depth analysis between PIPR and GNN-PPI over BS, ES and NS subsets.
. Partition Scheme Partition Dataset
Methods | Trainset Testset  —Random  BES  DES Scheme O™PP —SHSI7K  SHSI48k  STRING
SHS27k Train SHS27k-Test 81.58 4092 57.17 BFS GCA 63.81+1.79 71.3745.33 78.37+5.40
PIPR STRING 42.79 48.55 57.44 GCT 60.61+532 69.56+6.89 73.23+3.93
SHS 148k Train SHS148K-Test 92.42 66.13  63.47 DFS GCA  74.724£5.26 82.67+0.85 91.0740.58
STRING 53.85 63.74 6246 GCT  73.42+5.50 80.354+2.20 89.04+1.06
SHS27k Train SHS27k-Test 87.11 62.10 71.19 . .
GNN-PPI STRING 66.85 66.39 67.43 Table‘4: Performance of GNN-PPI with different PPI Graph con-
SHS 148K.Train SHS148Kk-Test 91.68 73.88 82.54  struction method.
STRING 73.12 67.43 70.64

Table 3: Performance comparison of tested on trainset-homologous
testset vs. unseen testset, under different evaluations (partition
schemes).

In-depth Analysis

We make a more in-depth analysis of performance between
PIPR and GNN-PPI on X, as shown in Table 2. Observ-
ing the proportions of different subsets of the testset, we can
find that under Random partition, more than 92% test sam-
ples belong to Aps, which is consistent with our corollary 1.
PIPR performs well on the randomly divided testset (81.58 in
SHS27k, 92.42 in SHS148k, and 94.23 in STRING), but if we
further investigate the testset, we will find that PIPR performs
very poorly for inter-novel-protein interactions (xr;; € Xgs or
Xns), but it is dominated by ABg, which has accurate per-
formance and a high proportion. According to the results
of Table 1 and Table 2, with sufficient Xgg and Xng data,
we can assert that the methods which treats PPI as an in-
dependent sample (represented by PIPR), cannot accurately
predict inter-novel-protein interactions. On the contrary, our
proposed GNN-PPI can still perform well under BFS and
DFS. Moreover, as the data size increases, the performance
of GNN-PPI is better (e.g., 82.41 vs. 54.31 in STRING-BFS
and 90.19 vs. 67.84 in STRING-DFS).

Model Generalization

We study the ability of different evaluations to assess the
model’s generalization. We take the trained model’s test
performance on the larger dataset STRING as the model’s
true generalization ability. If the gap between the trainset-
homologous test performance and the generalization is
smaller, then the evaluation can better reflect the model’s gen-
eralization. The experimental results are shown in Table 3. It
can be seen that the previous evaluation (Random), whether it
is for PIPR or GNN-PPI, the test performance on the STRING

dataset has severely dropped. Like our speculation, it cannot
reflect the generalization of the model. On the contrary, under
the evaluation of BFS or DFS, its test performance can truly
reflect the performance of the model, no matter it is good or
bad (e.g. 66.13 vs. 63.74 in PIPR-SHS148k-BFS and 71.19
vs. 67.43 in GNN-PPI-SHS27k-DFS). In fact, the testset ob-
tained by BFS or DFS is theoretically the same as the sam-
ple tested on STRING. The only difference is the proportion
of different types of PPI (BS, ES and NS). Testing On the
STRING, the proportion of NS is higher.

PPI Network Graph Construction

We study the impact of the PPI network graph construc-
tion method (mentioned in 3.5) in the GNN-PPI. There are
two graph construction methods, graph construct by all data
(GCA, G = (P, X)) and graph construct by trainset (GCT,
G = (Py, Xirain)). The experimental results are shown in Ta-
ble 4. It can be seen that the performance of GCA all exceeds
that of GCT, which is reasonable because the graph construc-
tion of GCA accesses more complete information than GCT.
Compared with BFS, in the case of DFS, the performance of
GCT is closer to GCA, which seems to indicate that the pro-
tein neighbors are more complete, the performance will be
better. What is more noteworthy is that GCT is still much
higher than non-graph algorithms, which shows the superi-
ority of GNN in processing the few-shot learning for multi-
label PPI prediction task. Moreover, for unknown proteins,
we often cannot know their neighbors in advance. The ef-
fectiveness of GCT shows that the trained model is robust to
newly discovered proteins and their interactions.

Performance of Different PPI Types

Table 5 shows the proportions of different PPI types and their
performance. It can be seen that although there are many
types of PPI, the types are relatively unbalanced, and the pro-
portions of Ptmod, Inhibition, and Expression are less than



Random Partition

BFS Partition

DEFES Partition

Multi Labels  Type Ratio (%)
PIPR GNN-PPI PIPR GNN-PPI PIPR GNN-PPI
Reaction 51.08 96.394+0.12  97.62+0.07 55.96£7.59 83.19+4.01 68.09+1.19 93.28+£1.44
Binding 67.87 95.63+0.23  96.43+0.07 71.34+0.36 83.80+3.70 81.79£1.90 94.06+0.51
Ptmod 6.92 86.94+£0.26 87.2840.27 2591+13.8 70.48£7.44 17.094£5.31 82.12+1.40
Activation 17.53 86.31+0.31 87.96+0.37 39.17£13.3 66.20+15.5 27.28410.0 81.584+0.94
Inhibition 6.58 90.36+0.34 91.49+0.14 12.08+7.55 65.58+12.4 19.16+0.94 82.62+2.80
Catalysis 48.59 96.284+0.19 97.584+0.08 58.84+6.39 83.944+4.53 66.24+4.32 92.79£0.51
Expression 2.07 39.06+1.42 32.55+1.53 0.81£1.27 15.67+£10.8 1.04+1.80 23.22+9.21
Micro-Avg - 94.434+0.10 95.43+0.10 55.65£1.60 78.37£5.40 67.45+0.34 91.07+£0.58

Table 5: Separate results in STRING dataset for the multi labels between PIPR and GNN-PPI over Random, BFS and DFS partition schemes.

PIE PGE Partition Schemes

Random BEFS DFS
v 69.88+0.04 50.03+£2.08 61.86+1.04
v 94.30+£0.52 73.81+6.82 88.03£0.59
v v 95.38+0.12  78.37+£5.40 91.07%0.58

Table 6: Results of ablation studies on the PIE and PGE components.

10%. As mentioned in Section 4.2, it is unreasonable to use
micro-F1 for evaluation, but in supplementary experiments,
we still show its performance truthfully. Under the random
partition scheme, whether it is PIPR or GNN-PPI, the perfor-
mance of different PPI types is good, except for the Expres-
sion type, only 39.06 and 32.55. However, under the BES or
DFS partition schemes, PIPR cannot predict the Inter-novel-
protein Interaction, and there will be a relatively large per-
formance degradation, and if the proportion of PPI type ratio
is lower, the performance degradation will be more serious.
Among them, the Inhibition type drops from 90.36 to 12.08
in BFS schemes, and the expression type completely unpre-
dictable, the performance is only 0.81. Our model GNN-PPI
demonstrates consistent advantage over PIPR among all the
7 labels. But it is undeniable that the performance of the PPI
type with a low proportion is still poor, which is also one of
our future works.

Ablation Study of PIE and PGE

Table 6 shows ablation studies on the PIE and PGE compo-
nents. It is worth mentioning that when the model has only
the PGE module, it is limited by memory, and the input fea-
tures of the model select common handcrafted protein fea-
tures, AC and CTD (as mentioned in Section 4.2). When the
model has only the PIE module, the model degenerates to
Deep Learning based methods, and its performance changes
in Random, BFS and DFS are the same as PIPR, DNN-PPI
and DPPI. When there is only the PGE module, the perfor-
mance advantages of the graph model algorithm are revealed,
and the Inter-novel-protein Interaction still has strong perfor-
mance. In general, as proved by previous work [Chen et al.,
20191, it is better to use amino acid sequence based protein
features than common handcrafted protein features, PIE and
PGE modules are beneficial to the overall performance.

5 Conclusion

In this paper, we study the significant performance degrada-
tion of existing PPI methods when tested in unseen dataset.
Experimental results show that this problem is due to the poor
performance of the model for inter-novel-protein interactions.
However, current evaluation overlook the inter-novel-protein
interactions, and are thus not instructive for the performance
when tested on unseen datasets. Therefore, we design a new
evaluation framework with two per-protein randomized data
partition startegies, namely BFS and DFS, and propose a
GNN based method GNN-PPI to model the correlations be-
tween PPIs. Our experimental results show that GNN-PPI
outperforms state-of-the-art PPI prediction methods regard-
less of the evaluation is original or our proposed, especially
for the inter-novel-protein interactions prediction.
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A Corollary on Random Partition Strategy

A.1 ER Random Graph Model

Before the proof of corollary, we first introduce the
Erdés—Rényi(ER) random graph model[ERDdS and R&wi,
1959] in graph theory. There are two closely related variants
of the model, introduced as follows:

1. In the G(n, M) model, a graph is chosen uniformly at
random from the collection of all graphs which have n
nodes and M edges.

2. Inthe G(n,p) model, a graph is constructed by connect-
ing nodes randomly. Each edge is included in the graph
with probability p independent from every other edge.

The behavior of random graphs is often studied in the case
where n, the number of nodes, tends to infinity. Although p
and M can be fixed in this case, they can also be functions
depending on n.

[Erd6s and Rényi, 1960] described the behavior of G(n, p)
very precisely for various values of p when n tends to infinity.
Their results include the following lemma:

Lemma 1. Ifp > an’ then a graph in G(n, p) will almost
surely be connected.

The expected number of edges in G(n, p) is C2p, and by
the law of large numbers any graph in G(n,p) will almost
surely have approximately this many edges (provided the ex-
pected number of edges tends to infinity). Therefore, a rough
heuristic is that if pn? — oo then G(n, p) should behave sim-
ilarly to G(n, M) with M = C2p as n increases[Erd6s and
Rényi, 1960]. Therefore, we can get the following lemma
based on Lemma 1:

Lemma 2. If M > =D thop ¢ graph in G(n, M) will
almost surely be connected.

A.2 Random Partition Strategy in the PPI
Network

As mentioned in section 3.3 of the original paper, we propose
a corollary as follows:

Corollary 2. Randomly divide the PPI dataset, selectt < 0.2
as the test set, then most of the proteins in the test set were
seen in training.

The above corollary is equivalent to whether the training
set protein includes most of the protein in the dataset. Review
our problem formulation in the original paper: Given the Pro-
tein set P and PPI set X, where |P| = N, |X| = M. The PPI
network is denoted as G = (P, X) = (N, M), and assume
G is connected (The G used in the original paper are all con-
nected). After using the random data partition strategy, if the
connectivity of the training PPI network Giain = (P, Xirain)
is large, then the corollary 2 will be proved. In the real-world
PPI dataset, the number of proteins is not infinity. There-
fore, we can roughly judge whether our Corollary 2 is correct
based on Lemma 2. The experimental results are shown in
Table 7. No matter theoretical deductions(| Xiyain| > M) or
real test results(Proportion of A’gg), it shows our Corollary 2
is right.

It is worth mentioning that regarding dataset SHS 148k and
STRING, why | X;ain| > M’ but the proportion of Xpg still

does not reach the proportion of connected graphs, which is
equal to 1. This is because there are many proteins in the PPI
network, and they only interact with one protein.(Shown in
the column deg(p) = 1 of Table 7)

B Composition(C), Transition(T) and
Distribution(D)

[Dubchak ez al., 1995] proposes to use these attributes to de-
scribe amino acids. The amino acids are divided into three
classes according to attribute, and each amino acid is encoded
by one of the indices 1,2, 3 according to which class it be-
longs. Table 8 shows that amino acid attributes and corre-
sponding division.

C Pre-train Amino Acid Embeddings

We use the embedding method to represent each amino acid
a € A as a vector. Each embedding vector is a concatenation
of two sub-embedding, i.e. E(a) = [E1(a), E2(a)]. The first
part E; measures the co-occurrence similarity of the amino
acids, obtained by pre-training the Skip-Gram[Mikolov et
al., 2013] model protein sequences. The skip-gram model is
trained using negative sampling, where the vocabulary sam-
ples are overlapping 3-mer amino acids, and the word vector
size is 5. The second part > is a one-hot encoding based
on the classification defined by the similarity of electrostatic-
ity and hydrophobicity among amino acids, where 20 natural
amino acids can be clustered into 7 classes[Shen et al., 2007],
shown in Table 9. For the 21°% amino acid U(Selenocysteine),
the 22"¢ amino acid O(Pyrrolysine) and the unknown amino
acids X are included in the eighth category. In summary, each
amino acid is expressed as E(a) € R>+H(7+1)=13,

D Proportions of Protein

Table 2 in main text shows some quantitative analysis of the
BFS and DFS partitions in terms of the proportions of BS, ES
and NS edges. We also calculate the proportions of nodes in
testset-only, both-sets and trainset-only as shown in Table 11.
Compared with conventional random partition, BFS and DFS
partitions lead to more ES and NS edges, and less nodes in
Both-sets, and thus better evaluate the performance of models
for unseen proteins.



Proportion (%)

!
Dataset Py P Xirain Ntest M Xos Xos X deg(p) =1
SHS27k 1587.6 102.3 6099 1525 6276.7 9266 6.95 0.39 409
SHS 148k 4971 218 35590 8898 22189.8 97.25 272 0.03 1016
STRING 15082.3 252.6 474717 118680 73893.7 99.75 0.25 0 1044

deg(p) = 1 means there is noly one interaction

related to protein p.

D)

No. Property
1 Hydrophobicity
2 Normalized van der
Waals volume
3 Polarity
4 Charge
5 Secondary Structure

6 Solvent Accessibility

7 Polarizability

Class1

Polar
R, K,E,D,Q.N
0-2.78
G,AS, T.PD
4.9-6.2
LILEW,CM,VY
Positive
K,R
Helix
E,A,LM,Q,K,R,H
Buried
A LFC,GLVW

0-1.08
G,A,S.D,T

Class2

Neutral
G,A,S,TPH)Y
2.95-4.0
N,V.E,Q,I,.L
8.0-9.2
PA,T,G,S
Neutral
AN,C,Q,GHILLMEPSTW,Y,V
Strand
V,LY,C,W,E T
Exposed
PK,Q.EN.D

0.128-0.186
C,PN,VE,Q,LL

Class3
Hydrophobicity
CL,VIMEW

4.03-8.08
MH K, ER,Y,W
10.4-13.0
H,QR.K.N.E,D
Negative
D.E
Coil
G,N,PS,.D
Intermediate
M,PS,TH,Y

0.219-0.409
KM,HEFER,Y,W

Table 8: Seven attributes and the division of the amino acids.

No. Dipole scale  Volume scale
1 - -
2 - +
3 + +
4 ++ +
5 +++ +
6 ++'+ +
7 +” +

@)

lass
A GV
LLEP
Y,M, T, S
H,N,E, W
R, K

D,E
C

Table 9: Classification of amino acids. Dipole scale: -, Dipole<1.0;

+, 1.0<Dipole<2.0; ++, 2.0<Dipole<3.0;

+++, Dipole>3.0;

+’+’+’, Dipole>3.0 with opposite orientation; +”, Cys is separated
from class 3 because of its ability to form disulfide bonds. Volume

scale: -, Volume<50; +, Volume>50.

Hyper-Parameters Values

Fixed amino acid length 2000

Model Protein-I Feature 256
Architecture | Protein-G Feature 50
Graph layers 1

learning rate(lr) 0.001

Ir reduce rate 0.5

Model Ir reduce patience 20
Training 12 weight decay Se-4
batch size 1024

epochs 300

Table 10: The hyper-parameter settings for GNN-PPI.

Table 7: The details of the real-world PPI dataset we used under random partition strategy; M’ is equal to ("7%, where n = |Py| + |Pul;

Datasets Partition Protein Proportions (%)
Schemes Trainset-only Testset-only Both-sets
Random 41.64 6.06 52.31
SHS27k BFS 60.16 9.63 30.22
DFS 63.69 5.60 30.71
Random 34.779 4.20 61.01
SHS 148k BFS 52.54 9.62 37.84
DFS 51.51 5.72 42.77
Random 13.96 1.65 84.39
STRING BFS 31.72 5.03 63.25
DFS 26.94 4.75 68.31

Table 11: Proportion of proteins in trainset and testset over different
datasets and data partition schemes.
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