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Abstract—Embedded system teaching is an indispensable part in the pro-
cess of computer language learning. This paper analyzes the neural feedback of
embedded system learners in learning embedded systems by observing the gen-
eration and fluctuation of EEG signals. The ERP signals of computer learners in
learning embedded system are monitored by ERP technology. The results show
that the embedded system leads to the changes in EEG of computer linguists,
and the changes of EEG amplitudes caused by different embedded systems.
Combined with previous studies, it is shown that the embedded system pro-
cessing has different effects on neural feedback. The analysis of EEG signals
provides some theoretical basis and new ideas for embedded system teaching.
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1 Introduction

Neural feedback in embedded system processing is an important branch of psycho-
linguistics. In the 1980s, Kutas and Hillyard first used ERP method to study the neural
feedback mechanism of computer language processing [1]. At present, there are main-
ly the following kinds of EEG related to computer language processing: 1. Semantic-
related N400 [2] discovered by Kutas and Hillyard in the 1980s. 2. An ERP compo-
nent related to programming program semantics, wherein P600 is associated with
phrase components that do not conform to computer program semantics, and P600
reaches a peak approximately 500 ms after the acquisition of the relevant language
phrase [3]. 3. Left anterior negative (LAN), which peaks about 300-500 ms after ac-
quiring the relevant language phrase [4].

Language is a way of information continuity communication, and people usually
complete the decomposition and integration of language information in instant or
unconscious state. Therefore, language researchers, who want to understand the com-
munication feedback mechanism of languages, need to explore how the language
processing is carried out [5]. Meanwhile, the processing of computer language is
clearly a function of the human brain [6], so the research on language processing is
bound to study the connection between data and the brain. This paper mainly adopts

1JET — Vol. 14, No. 12,2019 109


https://doi.org/10.3991/ijet.v14i12.10715
https://doi.org/10.3991/ijet.v14i12.10715
https://doi.org/10.3991/ijet.v14i12.10715

ERP method to analyze the neural feedback mechanism of EEG signals in computer
language processing. Such a study will not only involve a series of EEG signal fluctu-
ation patterns related to language processing, but also have very important signifi-
cance for the generation and fluctuation process of these EEG signals [7]. ERP meth-
od is the core part of studying neurocognitive linguistics, and under its impetus, now-
adays, there are two different viewpoints about whether there is no influence, how to
influence, and which processing method is used in the neural feedback of program-
ming language processing and program semantic structure processing: sentence-
centered theory and semantic-centered theory [8]. The sentence-centered theory holds
that sentence processing and analysis is the main part of language processing while
the semantic-centered theory holds that language processing is driven by semantics,
and semantic information affects the semantic processing of sentence programs. Alt-
hough sentence information has influence on semantics, it does not play a decisive
role. The reason for the confrontation between the two main theories is that many
researches lack the integration of program semantics and architecture semantics.

The purpose of this study is to explore the neural feedback of computer language
learners on embedded system processing by using embedded system as experimental
materials. It is necessary to determine whether the syntactic structure and semantics of
embedded system have some influence on language processing, which provides more
basis for the study of neural feedback in the process of embedded system. At the same
time, it also provides new ideas for Chinese embedded system language teachers and
computer language learners in the PC teaching research and learning process.

2 Phrase Processing Experiment of Programming Language
Based on EEG Signals

2.1  Experimental subjects

Randomly recruit 20 paid college students as experimental subjects, all of whom
passed CCT 3 and are right-handed, with normal vision or corrected vision, at the age
of 18-20 years old.

2.2 Experimental materials

Embedded system language is used as stimulating material. There are 30 groups of
embedded system programs, among which 15 groups are CCT 3 high-frequency pro-
grams and 15 groups are CCT 3 low-frequency programs. There is no significant
difference in program length.

2.3  Experimental method

When the brain performs language processing, the language is split and integrated
in an instant, so the language research method should quickly and continuously detect
the language processing process [9-10], and also be sensitive to the acquisition of
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language information without a subjective judgment of testers. It is the ERP method
that best meets this requirement at present.

ERP is the accumulation of postsynaptic potentials produced by neurons in the
brain, which reflects the response of EEG signals consistent with the time of stimula-
tion of brain nerves and the recording of EEG signals produced in cognitive and other
behavioral activities. ERP is mainly composed of such record indicators as positive
and negative polarity, fluctuation amplitude and peak value, and EEG latency. Among
them, the peak-peak value of EEG wave reflects the excitability of the brain, and the
latency of EEG wave reflects the neural processing process and time after stimulation.
ERP can record EEG signals in milliseconds, and can accurately record the generation
and change of EEG signals [11-25].

2.4  Experimental equipment

The 64-lead ERP workstation manufactured by NeuroScan Company is used in the
experiment. The electrodes are mounted according to international standards, and the
fluctuation of experimental subjects’ EEG signals during the experiment is recorded
in real time by using the Ag/AgCL electrode cap. Alternating current sampling (AC)
is used, the filter bandpass is 0.01 ~ 50Hz, the sampling frequency is
400Hz/conductor, and the scalp resistance is less than 5 kQ [26]. The analysis period
is 1000 ms after the presentation of the stimulus, and the baseline is 200 ms before the
stimulation [27].

2.5 Experimental procedure

30 groups of embedded system program are randomly matched with different pro-
gram semantics, among which 15 groups of embedded system program are consistent
with program semantics and 15 groups of embedded system programs are inconsistent
with program semantics. Subjects are asked to sit 60 cm in front of a computer screen,
not to move their heads and to minimize blinking and other body movements during
the experiment. The whole experiment process is completed by the subjects on com-
puters. The computer screen will display 30 groups of embedded system program and
the corresponding program semantics every 5 seconds in turn. The stimulus signals of
embedded system program and semantics are presented with black characters in white
background. The subjects only need to click on the Wrong key or Right key according
to whether the semantics of embedded system program and program are matched. If it
exceeds 5 seconds, it is regarded as Wrong and continues to present the next pro-
gramming phrase stimulus signal. The experimental window is as shown in Figure 1:
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2.6

According to the general plan and predecessors' experience, the signal segmenta-
tion and baseline correction are considered comprehensively. Three points (FO, F1 and
F2) are selected to collect EEG signals in the anterior part of the brain. C0, C1 and C2
are selected to collect EEG signals in the middle part of the brain. BO, B1, and B2 are
selected to collect EEG signals in the posterior part of the brain. See Figure 2 for
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Fig. 2. EEG signal acquisition schematic

3 Experimental Data Analysis

3.1 ERP analysis of embedded system programs consistent with program
semantics

When the embedded system program is consistent with the program semantics and
the subjects are Right, N400 is found in the forehead and parietal part of the subject's
brain, with a latency of about 500 ms. We chose FO, F1, F2, and CO for analysis, with
the specific results shown in Figure 3.

One-way ANOVA shows that there are significant differences in the distribution of
N400 in different brain regions (forehead, parietal, and posterior) (F (2, 57) = 3.473,
p=0. 037). By comparing the distribution of N400 in different parts of the brain, it is
found that the distribution of N400 in the frontal and parietal parts of the brain is
significantly greater than that in the posterior part of the brain (p=0. 014, p=0. 038,
respectively), and there is no significant difference in the distribution of N400 be-
tween the frontal and parietal parts of the brain.
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Fig. 3. ERP analysis of English language phrase semantics and sentence conformity

ERP analysis of embedded system programs inconsistent with program

semantics

When the embedded system program is inconsistent with program semantics and
the subjects are selected as Wrong, it’s found that the ELAN (Early Negative Wave)
with a latency of about 200 ms appears in the left forehead of the subjects, which
gradually extends to the parietal part of the brain. At the same time, P600 (Late Posi-
tive Wave) with a latency of 500ms-800ms appears in the forehead and parietal parts
of the brain. We chose F0, C0, C1, and C2 to analyze, and the result is shown in Fig-
ure 4.
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Fig. 4. ERP analysis of English language phrase semantics and sentence inconformity

There are significant differences in the distribution of ELAN waves in the brain (F
(2, 57) = 13.796, p=0. 000). Compared with the right forehead and the parietal part of
the brain, the amplitude of ELAN in the left forehead is the largest (p=0. 029, P=0.
000, respectively); the amplitude of ELAN produced with the consistency between
embedded system program and program semantics is higher than that of ELAN pro-
duced with the inconsistency between embedded system program and program se-
mantics (t (19) =-5.482, p=0. 000). There is also significant difference in the distribu-
tion of P600 in the cerebral cortex (F (2, 57) = 4.665, p=0. 012). In addition, compara-
tively, the distribution of P600 in frontal and parietal parts is significantly higher than
that in posterior parts (p=0. 019, p=0. 006, respectively), but there is no significant
difference between frontal and parietal parts of the brain (p=0. 676).

3.3 ERP analysis of the failure of subjects to recognize the consistency of
programming language phrases and sentences with semantics

The experimental subjects’ failure to identify the consistency between embedded
system program and program semantics refers to when the presented embedded sys-
tem program and program semantics are consistent and the experiment subjects are
selected as Wrong or when the presented embedded system program and program
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semantics are inconsistent and the experiment subject are selected as Right, it’s found
with the average ERP waveform that P600 appears in the forehead and parietal parts
of the brain with a latency of about 600 ms; N400 is found in the forehead and parietal
parts of the brain, with a latency of about 500 ms. We chose FO, F1, C0, and C1 for
analysis, and the specific results are as shown in Figure 5.
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— Statement — Statement

——Semantic 3 — Semantic

Fig. 5. ERP analysis of whether or not English phrasal phrases are consistent with semantics

34 Comparison between the inconsistency between programming language
phrases with semantics and the failure to recognize the consistency

When the main effect of inconsistency between embedded system program and
program semantics (F (1, 76) = 4.243, p=0. 043), and the main effect of brain region
(F (1, 76) = 1.051, p=0. 821) are not significant, the interaction between inconsistency
of sentence with semantics and brain (F (1, 76) = 0.039, p=0. 845) is not significant.
From the average of the two cases, the amplitude of N400 caused by inconsistency of
sentence and semantics is significantly larger than that caused by the failure to recog-
nize the inconsistency (2.54323 > 0.90641). When the main effect of embedded sys-
tem program is inconsistent with program semantics (F (1,114) = 4.547, p=0. 035)
and the main effect of brain region are significant (F (2, 144) = 3.235, p=0. 043), the
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interaction between inconsistency of sentence with semantics and brain is not signifi-
cant (F (2, 114) = 3.235, p=0. 043). The two-factor ANOVA of this case and the brain
region shows that the amplitude of P600 produced with the inconsistency of sentence
with semantics is significantly greater than that produced by the failure to recognize
the inconsistency. The amplitudes of P600 in the forehead and parietal parts of the
brain are significantly greater than those in the posterior part. The effect analysis on
its interaction shows that the middle and parietal parts of the brain are significantly
larger than the posterior part of the brain in the inconsistency of sentence with seman-
tics (F (2, 115) = 7.58, p=0. 001); there is no significant difference in the forehead,
parietal and posterior parts of the brain in the failure to recognize the inconsistency
between the embedded system program and program semantics (F(2,115)=0.07,
p=0.936). There is a significant difference in P600 between the two stimuli in frontal
and parietal parts of the brain (F (1, 116) = 4.72, p=0. 032); (F (1, 116) = 7.14, p=0.
009), but no significant difference in posterior part of the brain (F (1, 116) = 1.19,
p=0. 225). The comparison shows that the distribution of P600 in the parietal part of
the brain is significantly greater than that in the posterior part of the brain (p=0. 019),
but no significant difference is found between the anterior and posterior parts of the
brain (p=0. 683) and between the anterior and posterior parts of the brain (p=0. 051),
and there is no significant difference in the distribution of P600 in the brain without
recognizing the consistency of programming language and semantics.

4 Discussion

The analysis of the above experimental data shows different waveform patterns of
EEG signals triggered by the consistency and inconsistency of embedded system
program and program semantics and failure to recognize the consistency. The nega-
tive wave of about 400ms appears under the consistency between sentence and se-
mantics, which is consistent with the previous discovery on N400. The early negative
wave (ELAN) appears about 150 ms under the inconsistency between sentence and
semantics and then the P600 (late positive wave) appears about 600 ms. P600 is main-
ly distributed in the frontal and parietal parts of the brain, while ELAN is mainly
distributed in the left frontal part of the brain, which is consistent with previous stud-
ies. The comparative analysis of the differences between N400 and P600 caused by
the failure to recognize the consistency between sentences and semantics and the
inconsistency between sentences and semantics shows that the amplitude change of
P600 is larger than that of N400.

5 Conclusion

EEG signals ELAN and P600 are generated under the stimulation of the incon-
sistency between embedded system program and program semantics. EEG signals
N400 are generated under the stimulation of the consistency between embedded sys-
tem program and program semantics. EEG signals N400 and P600 are generated un-
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der the stimulation of the failure to recognize the consistency between embedded
system program and program semantics. The conclusions are as follows:

1. Embedded system program and program processing have an important impact on
the processing of program semantics. The difference between program processing
and program semantics will result in different b neural signal feedback;

2. Embedded system program interacts with program semantics and plays a signifi-
cant role in the process of program semantic processing.

3. In the embedded system program teaching and learning, the consideration of pro-
gram processing and program semantics will be beneficial to the embedded system
program teaching and learning, and the research of neural feedback signal provides
a scientific basis for guiding the research on embedded system program processing.
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