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Abstract. In software maintenance, it is critical for project managers
to assign software issues to the appropriate developers. However, find-
ing suitable developers is challenging due to the general sparsity and
the long-tail of developer-issue interactions. In this paper, we pro-
pose a novel Heterogeneous Graph Neural Network-based method for
Developer Recommendation (called HGDR), in which text information
embedding and self-supervised learning (SSL) are incorporated. Specif-
ically, to alleviate the sparsity of developer-issue interactions, we unify
developer-issue interactions, developer-source code file interactions and
issue-source code file relations into a heterogeneous graph, and we embed
text descriptions to graph nodes as information supplements. In addition,
to mitigate the long-tail influence, e.g., recommendation bias, the profi-
ciency weight suppression link supplementation is proposed to comple-
ment the tail developers by adjusting proficiency weights. Finally, to fully
utilize rich structural information of heterogeneous graph, we use the
joint learning of metapath-guided heterogeneous graph neural network
and SSL to learn the embedding representation. Extensive comparison
experiments on three real-world datasets show that HGDR outperforms
the state-of-the-art methods by 6.02% to 44.27% on recommended met-
ric. The experimental results also demonstrate the efficacy of HGDR in
the sparse and long-tail scenario. Our code is available at https://github.
com/1lqweasdzxc/HGDR.

Keywords: Developer recommendation - Heterogeneous graph neural
network - Information supplement - Self-supervised learning

1 Introduction

In the process of software maintenance and evolution, issues will continue to
emerge and accumulate [14]. On the open source platform, users can request
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issues, such as new feature requests and bugs encountered. However, due to the
limited familiarity of project managers in assigning issues to developers, or the
way developers go to the platform to solve problems on their own, issues are not
handled timely or even remain unresolved for a long time [4]. Therefore, how to
automatically recommend suitable developers to answer issues in a timely and
accurately manner is an important problem with practical needs [16,28].
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Fig. 1. Distribution of the number of issues solved by developers on the Tensorflow
dataset

In recent years, to recommend suitable developers, a lot of efforts have been
made in both research and practice. The matrix factorization (MF') [12] approach
has been applied to recommend developers to solve issues [20,29,32], which is
based on the hypothesis that developers have similar behavior [19,27]. Most
of the current research methods focus only on developer-issue interactions and
matching, while ignoring some useful information, such as the source code file as
an intermediate bridge between the issue and the developer. This leads to low
performance of recommendations. In addition, these approaches tend to recom-
mend experienced developers. However, experienced developers are a minority,
and it is difficult to solve the large number of issues raised by users timely. We
argue that this is owning to two major limitations:

— Scarcity of developer-issue interaction labels: The solution to an issue
usually involves only 1 to 3 developers, which leads to a sparse label of devel-
oper interactions. There may be other developers who are interested and
capable of solving these problems, but these labels are difficult to collect.

— Highly skewed data distribution: Fig. 1 shows a long-tailed distribution
of the number of issues solved by developers. The small number of experi-
enced developers solve the majority of issues, which leads to a tendency to
recommend experienced developers and a bias towards junior developers.

To solve the above problems, we find that the relationship between devel-
opers, issues, and the source code files can be well modeled by a heterogeneous
graph. Recently, heterogeneous graph neural networks (HGNN) have been suc-
cessful in various fields of processing heterogeneous information network (HIN)
[17] data. The heterogeneous graph has a complex topology and rich relational
information. Inspired by this, it can be applied to developer recommendation
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scenarios with sparse labels. Meanwhile, self-supervised learning (SSL) is used
as a method to improve deep representation learning through unlabeled data
and has been widely used in the fields of computer vision and natural language
processing [1,3,6]. There have been some studies on network schema and meta-
paths of heterogeneous graphs for SSL data augmentation [25]. However, there
is few studies on the heterogeneous graphs of the long-tail distribution of the
data, which do not take into account the feature distribution of recommended
items. This makes it easy to recommend head items.

In this paper, we propose a novel Heterogeneous Graph Neural Network-
based method for Developer Recommendation (called HGDR), in which
text information embedding and SSL are incorporated. Specifically, we unify
developer-issue interaction, developer-source code interaction and issue-source
code relations into a heterogeneous graph. Meanwhile, we embed text descrip-
tions of developer commits and issues to graph nodes, which can well alleviate
the sparsity of developer-issue interaction. To compensate for the recommenda-
tion bias caused by the long-tail, we propose a proficiency weight suppression
label link supplementation to complement the tail developers who may have the
ability to solve issues. In order to fully utilize rich structural information, we
learn structural feature representations of developers and issues with the joint
learning of HGNN and SSL. A novel data augmentation method based on SSL
is proposed to better learn the latent relations of developer features. The main
contributions of this work are as follows:

— To the best of my knowledge, HGDR is the first proposal to use heterogeneous
graph neural networks to model the complex relationship between source code
files, developers, and issues to recommend developers.

— We present a novel Heterogeneous Graph Neural Network-based model,
HGDR. To address the sparsity and long tail of the developer-issue inter-
actions, text information embedding and the proficiency weight suppression
link supplementation are proposed, respectively. HGDR can also be used in
many similar recommendation scenarios where label sparsity and long tails.
In addition, we construct three real-world datasets for developer recommen-
dation.

— Extensive experiments on three real-world datasets show that our HGDR
outperforms existing state-of-the-art. The results demonstrate the effective-
ness of HGDR in addressing the long-tail distributions and sparse labels of
developer recommendation.

2 Preliminary

In this section, we define some basic concepts related to developer recommenda-
tion.

Definition 1 Developer Recommendation. In a software development
platform, for an issue i; € I recommends a set of suitable developers
{di1,dz,...,dmn} C D, where I represents the set of all issues, D represents the
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Fig. 2. Heterogeneous information network structure and network model.

set of all developers, k represents the number of recommended developers. We
construct HIN to model our developer recommendation task. A HIN is defined
as G = (V,E), where V and E denote the set of nodes and edges that have
more than one node type or edge link type. For example, Fig. 2 (a) illustrates an
example of a HIN including four node types: developer, source code file, issue,
and tag, and four relationships between these nodes: review, commit, similar,
and label. Here V includes the set of developer nodes D, the set of issue nodes I,
the set of source code files nodes S and the set of issue label nodes T'. Edge F is
composed of relational edges between nodes, e.g., the developer-issue interaction
edge (d,i) is xg; = 1.

Definition 2 Network Schema and Meta-path. A network schema is
defined as Sg¢ = (O, R), which is the schema of a heterogeneous informa-
tion network containing a directed graph of relationships R between all object
types O. For example, Fig.2 (b) shows the network schema, where developers
are able to interact with issues by comments, with source code files through
commits, and issues are related to the associated source code files. The meta-
path P is defined as the path 010;...0(1), describing the complex relation
R = Ry o Rs... o R; between objects O; and O(l+1)7 and o denotes the combina-
torial operator of the relation. For example, Fig. 2 (¢) shows two meta-paths in
a network. SourceCode-Issue-Developer describes an issue that has been solved
by the developer through comment replies, and submits some relevant source
code files. Developer-SourceCode-Issue describes an issue that has been solved
with some source code files. These source code files are also committed by some
developers. Since meta-paths are combinations of multiple relations and contain
complex semantics, they are considered as higher-order structures. The notations
in this paper are shown in Table 1.



Heterogeneous Graph Neural Network-Based Software Developer 437

Table 1. Notations utilized in the paper.

Notations | Descriptions

I I = {i1,42,...,%n } denotes a set of issues

D D = {di,ds, ...,dy,} denotes a set of developers

S S = {s1, 82, ..., sp} denotes a set of source code files

T T = {t1,t2,...,tq} denotes a set of tags

I-D-1 denotes issues solved by the same developer

D-I-D denotes developers who have solved the same issue
I-T-1 denotes the same label issues

S-D-1 denotes developers who have solved this issue have also

submitted some source code files

1I-S-D denotes some of the source code files submitted by the developer
is related to some issue solving

D-S-1 denotes the issue is related to the source code files that
has been modified by some developers’ commits

S-1-D denotes some issues solved by the developers are also
related to some source code files

3 Approach

Figure 3 shows our model HGDR, framework process for developer recommen-
dation. First, we introduce data collection and heterogeneous graph construc-
tion. Second, We use text information embedding and link supplement meth-
ods to the heterogeneous graph. Third, joint learning based on meta-path and
self-supervised is used to learn the embedding representation. Finally, with the
embeddings of issues and developers, we predict the similarity score of developer-
issue pair.

3.1 Data Collection and Heterogeneous Graph Construction

We collect the developer history commit records, issue related information and
source code repository related information of open source projects from the
popular open source platform Github. Then we preprocess the data to remove
noisy data such as robot administrator data (some large projects set up robots
to automatically submit simple actions), noisy source code file data (not in the
set of source code files that have been submitted by developers), empty data,
and duplicate data. To construct heterogeneous graph, we extract information
about each issue’s interaction with developer comments, the developer’s commit
records, the issue’s tagging information, and the source code files associated
with the issue solution. In particular, the source code files related to the issue
solution are edge-linked using the issue description text after natural language
processing preprocessing steps (including removing converting lowercase forms,
removing punctuation, removing stop words, and stemming reduction lexical
reduction word types). We use the NLTK [18] package to process the sentences,
and the preprocessed words are compared with the words in the related source
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Fig. 3. The overall framework of HGDR.

code files (identifiers in the code and words in the comments) calculate the cosine
similarity. The definition is as follows:

|IssueRequest N SourceCode|

Similarity |Sourc€COd€| ’ ( )

where IssueRequest represents all words in the preprocessed issue request
description, SourceCode represents all words of the preprocessed source code
in the source code file. Finally, a list of source code files is ranked by their sim-
ilarity values to the issue, and we extract the relevant source code file which
have the similarity value over a threshold (is set to 0.75 and the manual test
issue correlates better with the source code file) to connect to the issue with
similar edges. Using the data extracted above, we can construct a heterogeneous
graph G. We describe the developer ey € RY, issue ¢; € RV, tag ¢; € RY, and
source code file e, € RV with embedding vectors, where the upper right N of
R denotes the size of the vector dimension, and then construct an embedding
matrix lookup table that can map the id to the embedding vector as follows,

E = [€iyy 0y €ipy €dys vy €y €ty s oo iy €y oony s, ) (2)

3.2 Text Information Enhancement and Link Supplement

In order to address the sparsity of newly arrived issue requests, we introduce
text data to enhance the initial node embedding of heterogeneous graphs. First,
we construct the corpus with the text description information committed by
the developers and the text description information of the issue. It includes the
text information of developer commit activity and issue content, respectively.
Secondly, we extract the text information using Word2Vec [13] pre-training, and
construct the dictionary W = {wy, wa, ..., wp_1,w, } to get the word embedding.
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Finally, we encode the text descriptive segment of the issue, and the text con-
tains the sum of all word embeddings averaged as the initial embedding vector
of the issue node. In particular, since the developer may have more than one his-
tory of submitting text descriptions, we also obtain the embedding of the text
description segment after summing and averaging each word embedding. And
we average these text description segments summations as the initial embed-
ding vector of the developer node. In this way, when a newly arrived issue node
has less information about other edges, we can also make good recommendation
based on the embedding information constructed from the text descriptions. We
apply the method equation as follows,

€; = g({ew17' . "ewnfl’ewn})’

€qd = g<{{ew1a R 6wn71’ewn}’ AR {€w17’ewn—l7ewn}}>7

3)

where e,,, is the embedding of word w;, e; is the embedding of issue, eq4 is the
embedding of developer and the g(-) means the operation function applied to
the words. In our experiments, we adopt the average function.

Since the developers’ labels are in the long-tail distribution, this leads to a
tendency to recommend experienced developers and a bias against developers
with low proficiency. We propose a proficiency weight suppression link supple-
mentation method for the proficiency bias of labels to mitigate the recommenda-
tion high proficiency tendency bias, which enables the recommendation to focus
on finding the appropriate developer to solve the issue. The ranking indicator
function DCG [9] is referenced to introduce an adaptive weighting mechanism
that adaptively assigns weights based on the number of issues solved by the
developer, while ensuring that the supplemented labels have solved similar issues
before. Here the cosine similarity using the embedding information constructed
from the text descriptions obtained above. We apply the method equation as
follows,

Sia = wq - Relg;,

Relg; =Y Sim(i,i), )

’iIEId
wg = 1 4+ weight/(1 + logpy),

where Relg,; denotes the similarity of all issues solved by the developer’s history
with this issue, Sim(,) denotes the cosine score similar to Eq. 1 and S; 4 denotes
the similarity score between the developer and this issue. The wy denotes the
weight assigned adaptively by the developer, where p; denotes the number of
issues solved by the developer. The weight is used as hyperparameters to con-
trol the degree of suppression. In order to weight the similarity between the
developer and the issue in the supplemented link while appropriately reducing
the proficiency bias, we present experiments to manually adjust the weight in
Sect. 4.6.
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3.3 Meta-path and Self-supervised Joint Learning

Supervised learning based on meta-paths as the main task of joint learning.
Meta-path aggregation is the sequential semantics encoded by meta-paths that
reveal different aspects of connected objects. For node information propagation,
the information of all neighbors is step-by-step aggregated, which can save mem-
ory and computation time compared to classical graph neural networks (GNN),
such as graph convolutional networks (GCN) [11] and graph attention networks
(GAT) [21]. Since the goal of learning is developer and issue representation, it is
intuitive to choose to end the meta-path with a developer or issue node, which
ensures that the information aggregation on the meta-path is the end of the node
we care about.

We extracted rich meta-path higher-order features and design eight meta-
paths I-T-I, S-D-I, I-D-I, D-S-I, I-S-D, T-I-D, S-I-D, and D-I-D. The notations
meanings are shown in Table 1. For example, D-S-I indicates that the source code
files related to the issue and the solution has been submitted for modification
by some developers. The impact of different meta-paths on our recommenda-
tion performance is studied in Sect.5. The meta-path information aggregation
is shown as follows,

Xp1=0(GNNy1(E, Ap1)), Xp2 = 0(GNNp2(X, 1, Ap2)), (5)

Xy = 0(GNNy i (Xpse1, Ap), (6)

where E denotes the initial node embedding, o() is the activation function.
Xp 1 is the node representation on meta-path p after the kth propagation. A, j
denotes the adjacency matrix of meta-path p at the step k. The GNN,, ;, denotes
GNN layer of the meta-path p at the step k& and propagation method is GAT,
which aggregates neighboring nodes considering the importance of attention at
the node level. By stacking multiple GNN layers, HGDR can be used not only
to explicitly explore the multi-hop connectivity in a meta-path, but also to effi-
ciently capture collaboration signals. SSL as an auxiliary task of joint learning in
Fig. 4. We consider a developers d;, given the same developer node 7 input, after
augmented by transformation function f/ and f”, i.e., masking nodes or edges
with two perspectives. Finally, we use metapath-guided heterogeneous graph
neural network ¢’ and ¢” encoding to get two perspectives of representation z;
and z;/, that is

5 g (f (), 2 — g"(f"(e)). (7)

Different from existing heterogeneous graphs with random masking mecha-
nisms for edges or nodes. For example, a developer may loses the source code
files submitted about the front-end sub-interface of the configuration software,
but retains the source code file information of the configuration home page,
which is not conducive to comparative learning to learn meaningful representa-
tion information. We could randomly divide the node neighbors into two mutu-
ally exclusive sets of neighbors for data augmentation. We call this method
Random Dropout (RMD), and will use it as one of our baselines. We now intro-
duce Similarity Meta-path Neighbor Masking (SMP) where we further explore
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Fig. 4. Self-supervised learning framework illustration.

the feature correlations when creating masking patterns. Specifically, we can
learn more meaningful comparative features by dividing the meta-path into two
subsets of neighbors with large differences in similarity based on their embedded
Euclidean Distance [2].

Similarity Meta-path Neighbor Masking. We randomly select the seed
meta-paths Mpgeeq for each batch developer, and use the pre-computed simi-
larity. Here we split it into two equal number of mutually exclusive neighbor
sets Ng = {Mpseed, Mp1,...Mpy} by first order neighbor similarity. & is half the
number of available neighbor nodes. We change the seed meta-paths for each
batch so that the SSL task can learn various types of mask patterns.

After different data augmentation f’ and f”, ensure that the model recognizes
the representation of the same input node i. In other words, minimize the learning
loss represented by the same nodes z; and z;” and maximize the learning loss

of different nodes z/» and z;»/ after data enhancement. We treat (z;,z; ) as the

positive pair and ( Zi5 %, ) as the negative pair for i # j. We define the SSL loss
for a batch of developer {d;} as:

ssl{d}—fle exp (z’ z)/T) , (8)

ieD jEDexp( (’2272_7 )/ )

where s(-) measures the similarity of two embeddings, we still using the cosine
similarity function. 7 is a softmax hyperparameter. The above loss function
Lssi{d;} learns a robust embedding space, similar developers are close to each
other after data augmentation, and random developers are pushed farther away.
SSL can be performed for unlabeled scenarios.

3.4 Prediction Layer

After joint learning of the meta-path-aware subgraph, the semantic information
revealed by all meta-paths is fused. Suppose that for a developer node d, its set of
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node representations Xy = {Xl‘f1 , ng, e X;lx} is aggregated from A meta-paths.
The importance of meta-path semantics and node representation varies, and the
contribution of each meta-path should be adjusted accordingly. Therefore, we use
attention mechanism to learn the importance of each meta-path. We measure

each meta-path weight as follows:

W?‘Crllp = aT ' Xda (9)

where W,,,, measures the vector of meta-path importance and « is the matrix
of learnable parameters. We then normalize the meta-path importance scores
using the softmax function and obtain the attention factor for each meta-path
as follows:

mp; A 4
: Zj:l exp(W;prj)

where ﬂfnpi denotes the normalized attention factor of the meta-path mp; on
node d. Using the learned attention factors, we can fuse all meta-path aggregation
node representations into the final meta-path-aware node representation z; as
follows:

A
=Y Bp Koo (11)
=1

z; is obtained in the same way as z4. We use a different pooling strategy which
connects the embedding representation z; of the target issue node with the
embedding representation z,; aggregated representation of the developer node.
ie.,

zg = concat(z;, Zq). (12)

Then, we use the 2-layer Multilayer Perceptron (MLP) to compute the matching
scores of the issue-developer pairs. Let us denote by ¢; 4 the prediction function
for the interaction score of issue i and developer d can be expressed as follows.

i.a = wa o(w] 25 + b1) + ba, (13)

where wy, wg, by and by are trainable parameters of the MLP and o is the
nonlinear activation function.

3.5 Multi-task Training

In order to make the SSL representation contribute to improved learning of the
supervised task, we utilize a multi-task training strategy in which the primary
supervised task and the secondary SSL task are jointly optimized. Precisely, let
{(,d)} be a batch of issue-developer pairs sampled from the training set, and let
d be sampled from a batch of developer distribution D. The loss of joint learning
is:

L= Lmain({(i’ d)}) + AlLssl({d}) + >‘2H0||§7 (14)
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where L,,q:n is the loss function of the main task HGNN recommendation. 6 is
the set of model parameters, A; and A are the hyperparameters controlling the
regularization strength of SSL and Lo, respectively.

Our main task uses pairwise Bayesian personalized ranking (BPR) loss [15],
which is common for recommender systems. The BPR loss can be expressed as
follows,

Lyan({(i,)}) = > —log(§(i,dy) — §(i,d)), (15)

(i,d+,d7)€B

where B = {(i,dy,i)|yg,d,.) € Yi,Y@,a_) € Y-} is the training set, Y, is the
observed issue-developer interaction (positive sample), while Y_ is the unob-
served issue-developer interaction (negative sample).

4 Experiment Setup

Table 2. Statistics of three utilized real-world datasets.

Project Commit | Total issue | Open issue | Developer | Source file | Time period

Tensorflow | 123264 33683 2137 3046 24426 2015-11-12- 2021-01-16
Flutter 27032 63251 10649 957 6053 2015-04-30- 2022-01-06
Vscode 91053 |125690 6427 1559 5593 2015-11-20- 2022-01-15

We provide empirical results to demonstrate the effectiveness of our proposed
HGDR in real open source software projects. The experiments aim to answer the
following research questions.

— Q1: Can our construction of a heterogeneous graph neural network model
effectively improve the accuracy of recommendation developers compared to
other baseline methods?

— Q2: Does the SSL, text information embedding module improve the model
performance? Can it effectively address the recommendation bias caused by
the long-tail distribution of developers, while alleviating the sparsity problem
of labels?

— Q3: How does the meta-path relationship of the graph structure affect
HGDR?

— Q4: How do the weight suppression parameters, SSL parameters data aug-
mentation parameters and loss function parameters affect the model effect?

4.1 Datasets and Metrics

In this experiment, we collect 3 popular open source projects from GitHub based
on the GitHub REST API', such as tensorflow, flutter, and vscode. The features

! https://docs.github.com/en /rest.
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of each project are shown in Table 2. For Tensorflow projects, there are a total
of 3046 active developers, 33683 total issues and 2137 open unsolved issues. Our
datasets are targeted at open source projects with more issues, while there are
a large number of issues in the open state not processed in a timely manner.

Metrics: To evaluate the performance of the recommended developers, we use
the popular standard metrics Recall@K and Normalized Discounted Cumulative
Gain (NDCG@K) to evaluate the recommended performance for each config-
uration of the experimental results. Recall@K measures the percentage of test
datasets that have been included in the top-K ranking list, and NDCG QK
complements recall by assigning higher scores to hits higher on the developer
list.

4.2 Baselines and Hyper-parameters

To demonstrate the validity of our HGDR model, we compared it with the
following five state-of-the-art methods in different aspects.

MFBPR [15]: This is a matrix decomposition method in the Bayesian person-
alized ranking pairwise learning framework, which is widely used in developer
recommendations as an important baseline for our comparisons.

NeuMF [8]: Using neural networks to enhance matrix decomposition algorithms
with nonlinearities, this is used to compare the advantages of our approach with
the same addition of nonlinear neural networks.

NGCF [23]: This is a model of bipartite graphs, which uses graph neural net-
works to extract higher-order connectivity of recommendations. Only issues and
developers are used here to construct the interaction bipartite graph, which is
used to compare the advantages of our approach over the bipartite graph.

Light GCN [7]: This is a light bipartite graph state-of-the-art graph convolution
model based on NGCF, that propagates linearly over the user-item interaction
graph to learn user and item embeddings.

KGAT [22]: This is the advanced knowledge-based model for merging higher-
order information by learning entity attention performing attentional embedding
propagation over the knowledge graph, which compares our approach to knowl-
edge graph approaches with the same kinds of relationships and nodes.

We train and test divide using Leave-One-Out Cross Validation [10], and
set the number of negative sampling candidates to {10,20,50,99}. We use Adam
optimizer and mini-batch of size 1024 or 2048 with embedding size 64. Learning
rate is searched at {le—5, le—4, le—3,1e—2}, L2 regularization term weight
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decay A2 at {le—7, le—6, le—5, le—4, le—3, le—2}. For MFBPR, NeuMF,
NGCF, Light GCN and KGAT, we tested and reported the best performance for
them. For other parameters, we follow the settings in their original papers. For
the text embedding parameters, the parameter vector size is 64, the window is
set to 8, and the number of training rounds is 8. For contrast learning, softmax
temperature is set to {0.01,0.05,0.1,0.5,1}, A = {0.1, 0.3, 1.0, 3.0}, dropout rate
= {0.1, 0.2, ..., 0.9}. Finally, the best results are reported.

4.3 Effectiveness of HGDR Compared to Other Baseline Methods
(to Q1)

HGDR is designed to automatically recommend the appropriate developers to
solve issues, which helps to reduce the latency of issues and improve collabora-
tion efficiency. Therefore, we need to know how it performs in terms of developer
recommendation compared to existing developer recommendation methods. To
answer this research question, we used our datasets in existing developer recom-
mendation baselines as well as some classical recommendation baseline methods
for the comparison. We try to use the method parameters as set in their original
paper, and some common parameters are set the same as our method to ensure
the fairness of the comparison. Table 3 shows the performance of HGDR against
the baseline performance of the other five recommended methods.

We can observe that our model HGDR significantly outperforms all base-
lines in terms of Recall and NDCG metrics. Specifically, HGDR outperforms the

Table 3. Performance comparisons on three real-world datasets with six baselines.

Subject Top k of Recall MFBPR | NeuMF | NGCF | Light GCN | KGAT | HGDR | %Impro
and NDCG

Tensorflow | 5 0.5764 0.5731 | 0.5471 | 0.4939 0.6763 | 0.8931 | 32.06%
10 0.6924 0.6844 | 0.6727 | 0.6256 0.8263 | 0.9501 | 14.98%
20 0.7943 0.7805 | 0.781 | 0.7446 0.9105 | 0.9879 | 10.94%
5 0.449 0.450 0.4196 | 0.3705 0.5030 | 0.7257 | 44.27%
10 0.4866 0.4855 | 0.4603 | 0.4134 0.5516 | 0.7504 | 36.04%
20 0.5125 0.5098 | 0.4878 | 0.4433 0.5780 | 0.7581 | 31.16%

Flutter 5 0.8288 0.8276 | 0.7194 | 0.8148 0.8843 | 0.9495 | 7.37%
10 0.8729 0.8608 | 0.8066 | 0.8799 0.9143 | 0.9799 | 7.17%
20 0.8438 0.858 0.8784 | 0.9248 0.9378 | 0.9943 | 6.02%
5 0.7153 0.7225 | 0.5913 | 0.7054 0.7351 | 0.8587 | 16.81%
10 0.7365 0.7434 | 0.6196 | 0.7266 0.7596 | 0.8687 | 14.36%
20 0.7418 0.7503 | 0.6378 | 0.738 0.7631 | 0.8724 | 14.32%

Vscode 5 0.5292 0.5243 | 0.5087 | 0.5048 0.5321 | 0.6058 | 13.85%
10 0.6587 0.645 0.6405 | 0.6327 0.7112 | 0.8211 | 15.45%
20 0.7806 0.766 0.7674 | 0.7608 0.8572 | 0.9591 | 11.89%
5 0.407 0.4068 | 0.3861 | 0.3835 0.4296 | 0.4753 | 10.64%
10 0.4486 0.4459 | 0.4287 | 0.4248 0.5087 | 0.6373 | 25.28%
20 0.4796 0.4765 | 0.4609 | 0.4573 0.5821 | 0.6814 | 17.06%
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best baseline by 10.94%-44.27%, 6.02%-16.81%, and 10.64%-25.28% on Ten-
sorflow, Flutter, and Vscode full datasets, respectively. The better performance
of KGAT compared to the models (MFBPR, NeuMF, NGCF and Light GCN)
using only developer-issue interaction information proves that multiple graph
structure relationships are necessary.

Among all the methods of comparison, HGDR achieves the best performance
in most cases for all these datasets. There are three main reasons for this: 1)
HGDR models the complex relationships between source code, developer, and
issue display encoded for developer and issue representation learning. From the
developer perspective, unlike traditional matrix decomposition models (MFBPR,
NeuMF) and the bipartite graph methods (NGCF and LightGCN), which sim-
ply use sparse developer-issue history interactions as developer representation.
HGDR exploits to more precise information source code file code changes and
the complex graph relationships between them, allowing more useful informa-
tion to be extracted. 2) HGDR uses text information embedding supplement
and encoded into the developer and issue representation learning, which helps
to alleviate the interaction sparsity issue and improve the accuracy of recommen-
dations(as will be demonstrated in Sect.4.4)). 3) SSL of HGDR data augmen-
tation that enables contrast learning to learn more meaningful contrast features
for sparsity scenarios (as will be demonstrated in Sect. 4.4)).

4.4 Ablation Studies (to Q2)

By analyzing the maintenance process of open source projects on Github, we
found that many developers have very few historical developer-issue interac-
tions. In particular, the interaction sparsity problem is a real and common phe-
nomenon for some newcomers developers. It usually degrades the performance
of recommendations because the limited developer interactions make it difficult
for previous methods to generate high-quality representations of developers and
issues. Meanwhile, previous methods tend to recommend head developers with
high proficiency. Here, we aim to evaluate the efficacy of different modules of
HGDR in solving the interaction sparsity problem and improving the accuracy
of tail developers.

To answer Q2, we evaluate the impact of SSL, text information embedding
on model quality separately, we focus on using similarity meta-path neighbor
masking (SMP) and random masking and dropout (RMD) as SSL data aug-
mentation techniques and Word2vec text embedding as text data enhancement
techniques.

HGDR without SSL as well as text information embedding module
(NoSSLText-HGDR) can be considered as an ablation study to isolate text
embedding (Text-HGDR) and SSL to observe the improvement effect separately.
Finally, comparing our proposed contrast learning data augmentation method
(SMP-HGDR) with the widely used baselines data augmentation method (RMD-
HGDR).
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Fig. 5. Ablation study of key designs with different datasets.

As shown in Fig. 5, we observe that for the full dataset, SMP consistently
performs best compared to no-SSL regularization techniques. On the Tensorflow
dataset, the performance of SMP and the Text module is 6.62% and 5.36%
higher respectively, relative to the pre-Ablation module. This helps to answer
that RQ2, the proposed SSL framework, and text enhancement do improve the
model performance of the recommender. By comparing SMP with RMD, it can
be seen that SMP has better performance for SSL regularization.

Table 4. Experiment results trained on the sparse (30% down-sampled) datasets.

Model 30% Tensorflow 30% Flutter 30% Vscode
Recall@10 | NDCG@10 | Recall@10 | NDCG@10 | Recall@10 | NDCG@10
MFBPR 0.4102 0.2548 0.7838 0.469 0.281 0.1659
NoTextSSL-HGDR | 0.7810 0.6048 0.9183 0.8270 0.5581 0.2547
Text-HGDR 0.9244 0.7145 0.9656 0.8374 0.6802 0.4577
RMD-HGDR 0.7844 0.5855 0.9288 0.8100 0.6132 0.3179
SMP-HGDR 0.8745 0.6515 0.9488 0.8270 0.6923 0.4894

Table 5. Head and tail developer recommended performance results on the sparse
datasets.

Model 30% Tensorflow 30% Flutter

Head Tail Head Tail

Recall@10 | NDCG@10 | Recall@10 | NDCG@10 | Recall@10 | NDCG@10 | Recall@10 | NDCG@10
MFBPR 0.6924 0.4866 0.479 0.3697 0.7838 0.469 0.5461 0.3659
NoTextSSL-HGDR | 0.8831 0.5531 0.6135 0.3618 0.9234 0.8343 0.7107 0.5260
RMD-HGDR 0.9040 0.7032 0.6844 0.4855 0.9234 0.8343 0.7107 0.5260
HGDR 0.9480 0.7491 0.8840 0.6787 0.9844 0.8999 0.8842 0.6468

Label Sparsity Analysis. We study the effectiveness of HGDR in presence
of sparse data to address Q2. We uniformly down-sampled 30% (too low can
seriously affect the recommended performance) of training data and evaluate
on the same (full) test dataset. The experimental results are shown in Table4.
Increasing data sparsity, HGDR provides a greater improvement. In addition,
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for some new incoming issues with very few labels, the text embedding infor-
mation is better for such issue recommendations. For example, in Tensorflow,
Text-HGDR improves Recall@10 125.35% on 30% sparse dataset compared to
MFBPR method.

Head-Tail Analysis. To understand the gain from each module for mitigating
long-tail developers, we further decompose the overall performance by looking
at different developer slices by developer proficiency. For the Tensorflow test
dataset, the header dataset contains examples where groundtruth developers are
in the top 10% of the most frequent developers and the rest of the test developers
are considered tails. Our hypothesis is that SSL usually helps to improve the
performance of slices (e.g. tail developers) without much supervision. The results
evaluated on the tail and head test sets are reported in Table 5. We observe that
the proposed SSL approach improves the performance recommended by both
head and tail developers, with greater gains for tail developers. For example, in
Tensorflow, SMP improves Recall@10 by more than 51.5% on tail items and by
8.57% on heads.

4.5 Effects of Different Meta-paths (to Q3)

Unlike traditional models [20,30,31], which only focus on a single relationship
between the interaction between developers and issues. HGDR extracts a rich set
of meta-path higher-order feature relationships, which can effectively improve the
recommendation performance. Here, we aim to evaluate the impact of integrating
these meta-paths on recommendation results.

NDCG20

:meszw%w; WN

ecallio NDCG10 ecall20 NDCG20 Recall 10 Recall20
Tensorflow Flutter Vecode

(a) (b) (c)

Fig. 6. Performances of HGDR with different meta-paths.

We choose to add meta-paths accordingly, and comparing the results as
shown in Fig. 6. We have the following observations. First, the meta-paths I-D-I,
D-I-D that only exploit the issue-developer synergy relationship have poor per-
formance. For example, on the Tensorflow dataset, the Recall@10 and NDCG@10
for +1I-D-1, D-I-D are 36.44%, 44.55%, respectively. Second, the improvement was
not significant after adding the issue tagging relationship meta-path I-T-1. Until
adding source code, developers, issue higher-order meta-path S-D-I relations, the
recommendation performance has a large improvement. Here we consider only
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the collaborative relationship of developer-issue interaction, because the issue
can only be solved by a small number of developers and then in a closed state,
resulting in this collaborative relationship to disseminate limited information.
We add source code information as a bridge between developers and the issue
higher-order connection, so that the information disseminated between develop-
ers and the issue is richer and more accurate. Finally, adding I-S-D, D-S-I, and
S-I-D meta-paths, the recommendation performance was also improved, proving
that the higher-order graph structure relationship is helpful for recommendation
effect improvement.

060
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Fig. 7. Effect of different parameters on the model in the Tensorflow dataset.

4.6 Effects of Parameters (to Q4)

In order to analyze the impact of different weight suppression parameters on
the model, we observe the change in the coverage of recommended developers
to all developers. Coverage measures the ratio of distinct developers in all lists
to all developers in an experiment instance. C'ov value is calculated for each
experiment instance as follows:

o distinct(pl(d))

Cov = ,
L]

(16)

where distinct(L) is the number of distinct developers in list L, pl(d) is devel-
opers prediction list for each issue. We can see that the experimental results in
Fig.7 (a) show that when the weight is smaller, the coverage of recommended
developers is higher, the more we suppress the developers with more interactions,
and the recommended results are more diverse.

Figure7 (b) summarizes the regularization strength evaluated on the Ten-
sorflow dataset. We observe that as the regularization parameter increases, the
model performance increases first and gets worse after a certain threshold. This is
expected since the large SSL weights lead to a multitasking loss L dominating the
loss function in Eq. (13). Figure7 (c) shows the increase in model performance
for different dropout rates as parameters, peaking at 0.2. It then deteriorates
when we further increase the dropout rate. This observation is consistent with
our expectation that when the dropout rate is too large, the input information
becomes too small to learn a meaningful representation via SSL.
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5 Related Work

5.1 Developer Recommendation

To find the appropriate developer, [20,31] focus on developers-issues interactions
and recommend developers based on matrix factorization (MF) [12,30] or collab-
orative filtering (CF) [20,31]. CF-based approaches typically suffer from severe
sparsity and cold-start problems when the explicit interactions between develop-
ers and issues are sparse. For example, by analyzing the GitHub dataset, the data
sparsity of the developer-issue explicit interaction matrix is as low as 0.1%, which
greatly limits the effectiveness of recommendations. To address these limitations,
previous work incorporates various side information into MF or CF. Recently,
Sun et al. [20] proposed EDR_SI to recommend developers by exploring commit
repositories using collaborative topic modeling (CTM) techniques. Xie et al. [30]
proposed a SoftRec approach that incorporates developer collaboration relations
and inter-task collaboration relations multi-relations into matrix decomposition
to recommend developers. These methods alleviate sparsity and improve the per-
formance of recommendation to some extent. Most of these methods are based on
MF or CF traditional machine learning methods, while ignoring the fact that the
relational information that may help improve recommendation performance, and
cannot learn developer and issue representation due to sparsity and long-tail well.

5.2 Heterogeneous Graph Neural Networks

In recent years, graph neural networks (GNNs) have attracted considerable
attention. Most of them have been proposed for homogeneous graphs [7,23] and
a detailed survey can be found in [26]. Recently, some researchers have focused
on heterogeneous graphs. For example, HAN [24] uses hierarchical attention to
describe node-level and semantic-level structures. PEAGNN [5] specifies meta-
path node embeddings by means of features in a contrastive manner. The above
methods greatly enrich the graph structure to represent the learning information,
but there is no way to directly apply the methods for developer recommendation.

6 Conclusion

In this paper, we propose HGDR, a heterogeneous graph neural network-based
method for developer recommendation. The text information embedding and the
proficiency weight suppression link supplement are proposed to address the spar-
sity and long-tail of the developer-issue interactions. To the best of my knowl-
edge, this is the first work to propose the use of HGNN to model source codes
files, developers, and issues complexity relationships to recommend developers.
Meanwhile, a generality SMP is used for SSL joint learning. Moreover, Extensive
comparison experiments are conducted on three real-world datasets, which show
that the performance outperforms state-of-the-art by a maximum of 44.27% in
terms of NDCG. The experimental results also prove the efficacy of HGDR in
sparse and long-tail scenario.
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In the future, we plan to further explore the usefulness of HGDR for practical

production. We hope to provide usable tools for some open source communities
or commercial software companies, and further investigate some features related
to developer recommendation.
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