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Prediction Model of Software Fault using Deep Learning
Methods
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Abstract Many studies have been conducted on software fault prediction models for decades, and the
models using machine learning techniques showed the best performance. Deep learning techniques have
become the most popular in the field of machine learning, but few studies have used them as classifiers
for fault prediction models. Some studies have used deep learning to obtain semantic information from
the model input source code or syntactic data. In this paper, we produced several models by changing
the model structure and hyperparameters using MLP with three or more hidden layers. As a result of the
model evaluation experiment, the MLP-based deep learning models showed similar performance to the

existing models in terms of Accuracy, but significantly better in AUC. It also outperformed another deep
learning model, the CNN model.
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Table 3. Experimental results of models without deep

learning
g HES ACC AUC FPR FNR
10,885 0.8096 0.690 0.010 0.943
MLPs
10,880 0.8112 0.696 0.016 0.910
18 10,885 | 0.7950 0.653 0.070 0.768
10,880 0.7954 0.653 0.071 0.762
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Table 4. Experimental results of DNN - FS

24 | A
2o | oiz =4 Loss ACC AUC FPR FNR

16 [0.4585| 0.8099 | 0.7175 |0.0087 | 0.9458

5 32 |0.4447| 0.8101 | 0.7186 |0.0034 | 0.9667

64 |0.8531| 0.8097 | 0.7220 |0.0413 |0.8110

16 |0.4503| 0.8097 | 0.7204 |0.0025 | 0.9729

3 10 32 |0.4504| 0.8122 | 0.7205 |0.0038 | 0.9543
64 |0.4487| 0.8135 | 0.7202 |0.0074 | 0.9330

16 |0.4442| 0.8102 | 0.7209 |0.0055 | 0.9577

32 32 |0.4430| 0.8134 | 0.7234 |0.0052 | 0.9420

64 |0.4399| 0.8121 | 0.7272 |0.0061 | 0.9453

16 |0.4589| 0.8092 | 0.7176 |0.0079 | 0.9525

5 32 |0.4726| 0.8119 | 0.7013 |0.0025 | 0.8996

64 |0.4876| 0.8091 | 0.7031 |0.0112 | 0.9774

16 |0.4522| 0.8092 | 0.7194 |0.0036 | 0.9705

5 10 32 |0.4467| 0.8108 | 0.7210 |0.0061 | 0.9520
64 |0.4456| 0.8126 | 0.7235 |0.0102 | 0.9259

16 |0.4356| 0.8211 | 0.7123 | 0.0061 | 0.9623

32 32 |0.4434| 0.8114 | 0.7224 |0.0061 | 0.9491

64 |0.4419| 0.8135 | 0.7247 |0.0046 | 0.9439

B 5. Held DY MHHAN - DESHME
Table 5. Experimental results of DNN - NFS

eg [ R [
=2 | Aoz == Loss ACC AUC FPR FNR

32 |0.4847| 0.8132 | 0.7221 |0.0190 | 0.8868

5 48 10.5578| 0.8109 | 0.7215 |0.0303 | 0.8516

64 |0.5816| 0.8124 | 0.7218 | 0.0260 | 0.8615

32 |0.4457| 0.8124 | 0.7211 |0.0042 | 0.9529

3 10 48 |0.4493| 0.8125 | 0.7208 | 0.0066 | 0.9419

64 |0.4534| 0.8130 | 0.7136 | 0.0068 | 0.9386

32 |0.4421| 0.8128 | 0.7221 | 0.0063| 0.9415

32 48 |0.4400| 0.8124 | 0.7261 |0.0072 | 0.9396

64 |0.4388| 0.8130 | 0.7256 |0.0100 | 0.9253

32 |0.4549| 0.8118 | 0.7210 | 0.0045 | 0.9543

5 48 |0.4572| 0.8122 | 0.7240 |0.0145 | 0.9101

64 |0.5655| 0.8096 | 0.7192 | 0.0294 | 0.8621

32 |0.4530| 0.8104 | 0.7230 | 0.0036 | 0.9652

5 10 48 |0.4448| 0.8121 | 0.7244 |0.0091 | 0.9339

64 |0.4548| 0.8124 | 0.7174 | 0.0071 | 0.9405

32 |0.4421| 0.8116 | 0.7251 | 0.0046 | 0.9548

32 48 |0.4411| 0.8134 | 0.7259 | 0.0066 | 0.9377

64 |0.4410| 0.8136 | 0.7260 | 0.0066 | 0.9367
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Table 6. Experimental result when the number of nodes
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(519] A% CNNo] MLPET a8 £2 Zits

PForugE CNNS T shAlRt 159 Adat &
ARt dpebrlel & ZIgget M1 gt A A= # 79
A WA 23E DNNET £1] ke 753’4% Hairt o

2] sulEE HAsE ﬁJ—P

F4 32 #5He=

HiR| A 2E 500, £EF EEOMS

279 F g 29et 22 9 U 2498 42 5 A

At shx|et o] Aut: DNNETH X %% Aot

o|l:= CNNO] A5t d= Ex_t-ﬂ_,] ra7

B2 Aolgte AT AT nd APES 25 10

EZc 7 Zj~(10—fold cross validation)& ARSI

i, CNN9| B9= 5 E59 4= At

-115-



Prediction Model of Software Fault using Deep Learning Methods
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Table 7. Experimental results of CNN
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4,000/100 5 0.8006 0.632
10 0.8068 0.584
2.000/500 5 0.8051 0.747
10 0.7632 0.720
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