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Abstract A software system is required to change during its life cycle due to various requirements such
as adding functionalities, fixing bugs, and adjusting to new computing environments. Such program
code modification should be considered as carefully as a new system development becase unexpected
software errors could be introduced. In addition, when reusing open source programs, we can expect
higher quality software if code changes of the open source program are predicted in advance. This
paper proposes a Convolutional Neural Network (CNN)-based deep learning model to predict source
code changes. In this paper, the prediction of code changes is considered as a kind of a binary
classification problem in deep learning and labeled datasets are used for supervised learning. Java
projects and code change logs are collected from GitHub for training and testing datasets. Software
metrics are computed from the collected Java source code and they are used as input data for the
proposed model to detect code changes. The performance of the proposed model has been measured
by using evaluation metrics such as precision, recall, F1-score, and accuracy. The experimental results
show the proposed CNN model has achieved 95% in terms of F1-Score and outperformed the multilayer
percept-based DNN model whose F1-Score is 92%.
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Fig. 1. The Overall Workflow of Predicting Code
Changes Using Deep Learning.
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Table 1. Summary of the dataset. TC: Total of Classes,
CC: Changed Classes, and NCC: Non—Changed

Classes.

No. Project TC cC NCC CCRatio(%)
1 ant 932 591 341 63.4
2 assertj 424 363 61 85.6
3 d14j 489 139 350 284
4 httpCore 369 143 226 38.8
5 mockito 324 207 17 63.9
6 springCore 375 240 135 64.0
7 springWeb 436 290 146 66.5
8 springContext 633 361 272 57.0
9 telephony 542 245 297 452
10 hibernate 3,032 505 2,627 16.7

Total 7,556 3,084 4,472 40.8
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Fig. 2. Frequency Distribution of Code Chages of the Java Projects.
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Table 2. Confusion Matrix.

Prediction Values

1 0
Actual 1 True Positive False Negative
Values (TP) (FN)
0 False Positive True Negative
(FP) (TN)
SE w7 % Bde] FUAr: mdo] It WHo]
AR AOR 53 S FolH AR T WA
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Table 3. Model Evaluation Metrics.

Eval. Metrics Formula

Precision(P) TP/(TP+FP)

Recall(R) TP/(TP+FN)

F1-Score 2*(P*R)/(P+R)

Accuracy (TP+TN)/(TP+FN+FP+TN)
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Table 4. Computing Environment for the Experiments.

Types Items Detail Info.
CPU Intel(R) Xeon(R) W-2123@3.6GHz
Hardware GPU NVIDIA GeForce RTX 2080
RAM 32 GB
oS Microsoft Windows 10, 64 bits
Software Python Python 3.7.10
Keras 231

Table 5= Ago] ALEH CNN 249 g3y A=
< Uitk 718 E50R HEFH, Eore, Y
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— = OH Slngld %1’—).\—
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Table 5. CNN Architecture Layers

Layer Type Act. Function #Filters
convolution
dropout RelLU 32
max_pooling
convolution
dropout RelLU 64
max_pooling
convolution
dropout RelLU 128
max_pooling
dense RelLU -
dense sigmoid -
Fig. 4= CNN 7]¥ke] Z= #7 oS HdojA #d
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Kernel Size

Fig. 4. Accuracy Distribution in terms of Kernel Sizes.
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Fig. 5. Training Loss and Accuracy of the Code Change
Prediciton Model
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F1d4 W7F A 25 £ o, DNN 7[¢t & nd2
0.920]3L CNN 7|9t o1& Hd2 0.959& & 5= Ut
CNN 7]5t of% welo] Urb4el DNN 7J5t of& =l

e} 4501 ol 1 Ak A 2 4 A0

= S A3 £ A4S Ss8) o= 100, B#iA
=271 4, Ad27): 62 AASH F 109 HhE ARt
T B AZARES 741*&@:}. A Ade] w=d,
DNN Ed2 o2 T 3 2Q3hH Pk AYPARE
2 346.67 Z°|tf. CNN E‘Ei_“’ﬂ/ﬂ% oz g 6x &

a3, B AYATR 607.46 Zelch. CNN LZgo]
DNN Zdlo] s} o2 260.79 2 A2, 1
AJol7} A4 Foug PR 7L AR CNN S
AHg3HE Zlo] ehgstcta wagt,

Table 6. Performance Measures of the fully-connected

DNN and CNN. NCC: Non—-Changed Code and
CC: Changed Code.

Precision Recall F1Score Accuracy

DNN | CNN | DNN | CNN | DNN | CNN | DNN | CNN

NCC 0.92 | 093 | 0.90 | 0.96 | 0.91 | 0.94

cC 0.92 | 097 | 0.94 | 0.94 | 0.93 | 0.95

0.92 | 0.95
Macro Avg.| 0.92 | 0.95 | 0.92 | 0.95 | 0.92 | 0.95

Weighted

A 092 | 095 | 0.92 | 0.95 | 0.92 | 0.95
vg.
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