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Abstract: In this paper, we first preprocess the speech signal by methods such as pre-emphasis and windowing, and
then extract the speech features by using the Mel Frequency Cepstrum Coefficients (MFCC) in the spectral features,
and construct a speech emotion recognition model based on the bidirectional LSTM to capture the semantic
correlation between long sequences. In order to synthesize the complementary information in the dataset and reduce
feature redundancy, this paper constructs a speech emotion recognition model incorporating two-way CNN-LSTM
and attention mechanism to analyze the emotional changes of students in the process of Civic Education. The results
show that the method in this paper achieves the highest performance on the CASIA emotion corpus. The classroom
as a whole presents a positive and active state (most of the emotion value P is distributed between [0,2]), the
classroom atmosphere is good, and the teacher-student interaction has a positive effect on the improvement of
ideological and political quality; in addition, the classroom emotion can also affect the classroom effect to a certain
extent, which influences the effect of the students' quality improvement in the process of Civic and political
education. Reasonably guiding the students' emotions such as “conscientiousness and empathy sublimation” in the
classroom of Civic and Political Education can effectively improve the students' ideological and political quality.
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1. Introduction

Civic and political education is a long-term and arduous task, aiming at cultivating students' correct
political theoretical concepts and ideological and moral qualities, so that they can become socialist
builders and successors. In this process, the role of emotion can not be ignored, emotion and Civic and
Political Education has a close connection, it can stimulate the enthusiasm and enthusiasm of students to
help students establish correct political beliefs and attitudes to improve the ideological and political
quality [1-3].

Emotions are the subjective experience of human beings they have an important influence on human
cognition, emotion, will and action and other psychological processes [4]. In the process of Civic and
political education, students' emotions play a vital role throughout [5]. In students' Civic and Political
Education emotion is the internal power to motivate students to actively engage in learning, when
students agree with a political theory, anger or excitement about a social phenomenon they will be more
active to understand, think and accept the relevant knowledge [6-9]. The activation of emotion can make
students have a strong emotional experience in the learning process, which can lead to the formation of
strong political positions and beliefs [10-11].

Emotion as a part of the cognitive subject carries the content of cognition and plays an important role
in the quality of cognition, in the Civic Education students' emotion is a concrete expression of in-depth
understanding and perception of political theory is the inner feelings and experience of the political
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knowledge learned [12-15]. Through the communication and expression of emotions, teachers can better
understand the students' political cognition and identity, which is conducive to adjusting teaching
methods and teaching content, and improve the relevance and effectiveness of Civic and Political
Education [16-18]. At the same time, emotion is also an important factor that affects the effect of civic
education, students in the emotional appeal easily tend to believe in a certain political theory of social
phenomena and historical events to produce a deep sense of understanding of the formation of the
socialist cause of identity and support to establish a correct socialist political outlook, improve the quality
of ideological and political [19-23].

In order to meet the needs of students' emotion analysis in the classroom of ideological and political
education, this study uses six typical emotion types in the CASIA database, and constructs a speech
emotion recognition model based on bidirectional LSTM after preprocessing, MFCC feature extraction,
and long-short-term memory network (LSTM). In order to solve the problems of insufficient feature
extraction and poor model recognition effect in the speech emotion recognition process in ideological
and political classroom, this paper proposes a speech emotion recognition model that integrates
CNN-LSTM and attention mechanism, and applies the model in the recognition of changes in teachers'
and students' speech emotions in the classroom of ideological and political education. Finally, combined
with multiple linear regression analysis, it explores the influence of four kinds of emotional changes on
the improvement of the quality of Civic and Political Education.

2. LSTM based model for student emotion recognition
2.1. Speech emotion feature extraction

2.1.1. Emotional corpus

Affective speech libraries are the source of speech signal input and the basis for affective
identification. In this study, an existing speech database was used. Considering cultural differences,
pronunciation habits, and robustness, this study used the CASIA Chinese Emotion Database, which has a
total of 1,200 speech sounds, including six emotions: fear, surprise, anger, sadness, astonishment,
happiness, and neutrality.

2.1.2. Pre-processing

The preprocessing process consists of four main components: pre-emphasis, window addition, frame
splitting, and endpoint detection.

(1) Pre-emphasis. Frequency domain analysis of the speech signal, the high-frequency part of the
spectrum than the low-frequency part of the difficult to find, for this reason to be pre-emphasis
processing in the pre-processing.

(2) Window addition. Adding a window means multiplying a certain window function w(n) by

s(n) , thus forming a windowed speech signal sw(n)=s(n)*w(n) . Commonly used window

functions are rectangular windows and Hamming windows:
Rectangular windows:

- I, 0<n<N-1 |
w(n) =
0, Other M)
Hamming windows:
0.54-0.46¢co0s[2zn/(N-1)], 0<n< N-1
w(n) = ()
0, Other

The rectangular window is essentially no windowing relative to the original signal, and the 7 in the
window function, which refers to the window length (number of sample points), corresponds to one
frame of the signal.

(3) Framing. In order to carry out short-time analysis and the analysis of the essential characteristic
parameters of the speech signal, it is necessary to segment the signal first, in which each segment is called
a frame, and each frame is usually taken as 10ms.

(4) Endpoint detection. The main purpose is to accurately find out the start and end points of the
speech signal from a section of the speech signal, and its purpose is to separate the effective speech signal
from the useless signal.



2.1.3. Speech emotion feature extraction

Speech signals carry a large amount of useful information which contains a variety of emotional
feature parameters. The commonly used features for speech emotion recognition are mainly rhythmic
features and spectral features, and spectral correlation based feature extraction is used in this study. The
classification based on spectral correlation feature extraction is shown in Fig. 1.

Linear prediction cepstrum coefficient (LPCC)

Based on spectral Mel Frequency Cepstrum Coefficient (MFCC)

correlation features | 1 ooarithmic Frequency Power Coefficient (LFPC)

Log-Mel inverse spectral coefficient (LOG-Mel)

Figure 1. Extract spectral features.

The process of MFCC extraction is as follows:

Speech signal — pre-emphasis — frame-splitting — windowing — fast Fourier transform — Meier
filter — logarithmic operation — discrete cosine transform. Next, we mainly introduce the fast Fourier
transform, Meier filter, logarithmic energy operation, and discrete cosine transform.

(1) Fast Fourier Transform (FFT)

This experiment is studied in the frequency domain, different energies are distributed in the
frequency domain, which represent different characteristics of speech. After splitting frames and adding
Hamming window, Fourier Fast Transform is performed on each frame of the signal to get the spectrum
of each frame, and then the spectrum of the speech signal is squared by taking the mode of the speech
signal, then the power spectrum of the speech signal can be obtained. Let the DFT of the speech signal
be:

N-1
X, (k)= x(n)e?™ N, 0<k<N 3)
n=0

where x(7) is the input speech signal and N denotes the number of points of Fourier transform.

(2) Mel filter

Pass the energy spectrum through a triangular filter bank. Define a filter bank with M filters, the
triangular filter is used in this experiment:

0, k< f(m-1)

2(k = f(m=1)) f(m=1)<k< f(m)

H, (k)= (f(m+1)— f(m-1)(f(m)— f(m—-1)) .

2(f(m+1)—k) ek
(f(m+])_f(m_1))(f(m)_f(m_l))’ f(m-1)<k< f(m)

0, k> f(m+1)

where Zf:_ol H (k)=1.

After passing through the triangular bandpass filter, the signal spectrum is smoothed, eliminating
harmonic effects and highlighting the resonance peaks of the original speech.
(3) The logarithmic energy of each filter
N-

s(m) =ln(Z|Xa(k)|2Hm(k)j,0 <m<M 5)

k=0

(4) Discrete Cosine Transform (DCT)
N-1 _
C(n):z“s(m)cos(wp:1,2,...,L ©)
m=0



2.2. Speech emotion recognition model fusing two-way CNN-LSTM with attention
mechanism

2.2.1. Long and Short Term Memory Network Model (LSTM)

LSTM is improved on the basis of Recurrent Neural Network (RNN).The core structure of LSTM
consists of four parts: forgetting gate, input gate, cell state update, and output gate.

(1) Oblivion Gate

It is mainly to selectively forget the incoming input from the previous node, and control how much
information can be retained from the previous moment's unit state to the current moment's state by the
output value of the Sigmoid function.

(2) Input Gate

It is mainly used to control how much information in the input of the network at the current moment
can be preserved into the unit state at the current moment.

(3) Cell state update

Multiply the forgotten gate gate value just obtained with the C(# —1) obtained at the previous time
step, plus the result of multiplying the input gate gate value with the unupdated C(¢) obtained at the

current time step. The updated C(?) is finally obtained as part of the input for the next time step, and the

whole process of cell state updating is the application of the forgetting gate and the input gate.
(4) Output Gate
It is mainly used to control how much information can be saved for output in the current unit state.

The whole process of output gate is to generate the implied state /(%) .

2.2.2. Modeling

The speech emotion recognition model fusing two-way CNN-LSTM [24] with attention mechanism
proposed in the paper is shown in Fig. 2. Its preprocessing and part includes a one-dimensional residual
convolutional neural network and a two-dimensional multi-scale convolution; the feature fusion part
based on the attention mechanism categorizes the original speech signals into emotions.
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Figure 2. CNN-LSTM with attention mechanism for speech emotion recognition.

2.2.3. Two-way multi-dimensional multi-scale feature extraction

In order to make full use of feature diversity and complementarity and enhance the effective
characterization of emotional features, a two-way multi-dimensional multi-scale feature extraction
method is proposed, one way to extract Chroma features and MFCC features, and one way to extract
speech signal spectrogram features.

(1) One-dimensional residual convolutional neural network feature extraction

Considering that the Chroma feature has a better resolution in the low-frequency part, which is in line
with the human ear auditory perception, the Chroma feature is introduced as one of the emotional
features in the paper, which is combined with the MFCC feature as the input to the one-dimensional
residual convolutional neural network.

(2) Two-dimensional multi-scale convolutional feature extraction

The speech spectrogram is used as the input to the two-dimensional multi-scale convolutional neural
network [25], and two different sizes of convolution kernels, 3x3 and 5x5, are used to perform
convolution operations on the input data, and then the different scale features are learned to extract the
local details and the overall contour information of the spectrogram, and the synthesized spectrogram and
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the time-domain waveform characteristics show the change process of the speech spectrogram over time
in a better way.

2.2.4. Attention mechanism based feature fusion

Simple fusion of two-way features will cause problems such as feature overlap, information
redundancy, and computational complexity, weakening the recognition rate of emotion classification. To

address these problems, feature fusion based on the attention mechanism is proposed. X, Chroma-MFCC
refers to the one-dimensional residual convolutional neural network output features, X spe refers to the
two-dimensional multiscale convolutional neural network output features, K refers to the key, Q refers

to the query, V' refers to the value, we , wk , W' refers to the matrix of the weight parameters, W and
1—w are self-attention weights and cross-attention weights, respectively.

The attention mechanism is divided into two parts, the first part calculates the self-attention Z , and

Zy for Xy omaimroe and X, respectively, and assigns attention to X ¢y o masvree and X spe DY the

spc ?

attention weighting parameter, Z , and Z, denoted as follows:

K T
Z , =Softmax M v, (7

Jd

K T
Z, =Softmax M Vg ®)

Jd

O, K.,V is calculated as follows:

0 =xwe ©)
K,=XxXWw* (10)
V.=Xxw" (11)

where I is either X \eoe or X spe - 1he second part computes the cross-attention between

X Chromasmrce and X spe ? fuses the important features of X, Chromarmrce and X, and synthesizes the

spe ?
complementary information of the two to reduce the feature redundancy effects. By assigning different

weight coefficients to X Chromarmrce and X spe with the final attention parameter Z , the final feature

representation X oy oivpceispes £ 18 Obtained as follows:

Z=wZ,+(1-w)Z, (12)

2.2.5. Extracting temporal characteristics of fused features

The fused two-way multidimensional multi-scale features XChroma+MFCC+spe are fed into the
LSTM network for further extraction of temporal features and obtaining contextual semantic
information.The LSTM network is computed by selectively updating and forgetting the information
through the input gates, forgetting gates, and output gates, to remember the important information in a
long data sequence and retain it:

=0 (VVz ' I:ht—l s X chromarmrccispe (7 )] +b, )
fi= G(Wf .|:ht71’XChroma+MFCC+spe(t):|+bf) (13)

0,=0 (Wo : ':ht—l s X chromarmrccispe (£ )] +b, )



where X (¢) denotes the input at the current moment, /,_, denotes the hidden state at

Chroma+MFCC+spe

the previous moment, o is the activation function that maps each element within [0,1] , w.w,, Wf is

the weight parameter matrix, and b is the bias.

C

" is the information of the input element after scaling, which takes the value between 0 and 1. C, is

the cell state at the current moment, and the hidden state h[ at the current moment is calculated by Eq.
(16):

ét =tanh (VVL ) |:ht—l s XChroma+MFCC+5Pe (t)} + bc ) (14)
C=f ><CH+i,><(~7, (15)
h :otxtanh(Ct) (16)

2.2.6. Categorization of emotions
The Softmax classifier is chosen for the sentiment four classification output, exponentiate each

element in the LSTM extracted sequence A, = {h1 Jhy, o hy, } containing temporal information, N is

the length of the signal and the exponentiation result is normalized, and finally output the probability of
the The category corresponding to the largest element is used as the prediction result.The Softmax
function is:

h.
ell
B==5— (17)

e
j=1

where hl. is the LSTM output sequence containing N elements, and hﬁ,h[j denote the i, j

elements in ht , respectively.

2.3. Analysis of speech emotion recognition results

In this paper, weighted average recall (WAR) and unweighted average recall (UAR) are calculated as
performance measures of the algorithm using CASIA database.

In this paper, four sentiment categories (ANGRY, SAD, NEUTRAL, HAPPY) plus a NULL category
are set. Three different methods for setting the length of the label sequence are investigated: 1) the
number of words in speech (WN); 2) the number of phonemes in speech (PN); and 3) twice the number of
phonemes (PN*2).

The experimental results of different methods on CASIA library are shown in Table 1. It can be seen
that this paper's model achieves the best recognition results and is better than both |y*¢= WN and |y*¢=
PN*2 when the label length [y*¢}= PN. The model in this paper has improved UAR and WAR values
compared with the results of the DNN model, and significantly outperforms other LSTM models with
sequence-to-label approach (t-test, p<0.05). That is, the number of speech emotion frames is comparable
to the number of phonemes in speech. When the label length is set to the number of phonemes in speech,
the network is just able to cover these emotion labels to most of the speech emotion frames; when the
number of labels is the number of words, the number of labels is too small, and some emotion frames are
not learned by the network; when the number of labels is twice the number of phonemes, the number of
labels is too large, and some non-emotion frames are also learned by the network; therefore, the
recognition effect of these two methods of setting the label length is worse Therefore, the recognition
effect of these two label length setting methods will be poor.

Table 1. Experimental results of different methods on the CASIA library.

Method Control methods UAR(%) WAR(%)
DNN 62.43 61.67
Control methods frame-wise LSTM 63.16 61.21
final-pooling LSTM 53.01 52.64
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mean-pooling LSTM 63.78 62.66

LSTM+CTC-like 59.73 57.64

LSTM+ELM 63.48 62.27

CNN-LSTM, |y*¢=WN 63.75 63.35

This method CNN-LSTM, |y*¢=PN 65.67 64.38
CNN-LSTM, |y*€=PN*2 65.04 63.04

The network output results during the training process are shown in Fig. 3, where (a) the network
output of the target emotion at different training rounds (b) the network output of the four types of
emotions at the 60th training round (c) the original speech signal. If the activation value of the network is
regarded as the probability of a speech frame as an emotion frame, it can be seen that the activation value
of the network at the mute frames is very low and tends to zero, which indicates that they are
non-emotion frames. Moreover, speech frames with high energy do not necessarily have the largest
activation value, which indicates that the model does not just focus on the high energy places in speech, it
is also able to consider the expression of emotional information elsewhere in speech.
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(a) Target emotion network output under different training rounds
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Figure 3. Network output during training.

The confusion matrix of the recognition results of the test set under the third cross-validation
experiment is shown in Fig. 4. The experiment is aimed at optimizing the performance of UAR, so the
“angry” and “sad” categories, which have fewer samples, also have higher recognition rates, both
reaching more than 70%. Listening to the misclassified samples, the following misrecognition patterns
are summarized:

1) The "happy" and "neutral" categories, as well as the "neutral" and "sad" categories, are easily
confused.
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2) In the "happy" category, emotions that are not particularly obvious are easily identified as
"neutral".

3) In the "neutral" category, if the volume is too loud or the speaking speed is too fast, it is easy to be
identified as "happy".

4) In the "neutral" category, when the tone is weak or there are many pauses, it is easy to be
recognized as "sad".
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Figure 4. Confusion matrix of test set recognition results.

3. Impact of Civic Education on Students' Emotional and Ideological and Political
Qualities

3.1. Emotional Analysis of Teacher-Student Interaction Voice in the Process of Civic
and Political Education

3.1.1. Experimental data processing

Based on designing the Civics classroom emotion recognition model, this study applies the emotion
recognition technology to the evaluation of Civics education and teaching scenarios for detecting
classroom learning emotion changes. The flow chart of classroom speech emotion analysis is shown in
Figure 5, and the analysis steps are:

(1) Course speech extraction and recognition;

(2) Segmentation of utterances to obtain natural utterance audio.

(3) Recognize the voice pattern to complete the classification of teacher and student speech.

(4) Recognize the speech emotion and get the speech emotion P-value of each utterance.

(5) Classroom interaction emotion analysis: through the audio emotion P-value obtained from the
classroom voice emotion model, draw the voice emotion change curve for classroom effect evaluation.
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Figure 5. Classroom speech emotion analysis flow chart.

3.1.2. Trend Analysis of Emotional Changes

The classroom video selected for this experiment is a second grade Civic and Political Education
class in a middle school, and this classroom video is a public video recorded in an offline teaching
scenario. Non-voice emotion segments were removed and four effective interaction voice segments were
retained, with durations of 310, 270, 260, and 220 seconds, respectively, totaling 1060 seconds of
effective classroom interaction voice.

The voice emotion change curve of Civics classroom interaction segment I is shown in Figure 6. 108
seconds before the teacher lecture, the emotion value P in the range of [0.11,1.39], indicating that at the
beginning of the Civics course the teacher emotion has not yet been fully activated, and is in a low degree
of positive emotion; 108~226 seconds stage, the teacher based on the content of the previous class, the
classroom questions to the students, so the overall emotion fluctuation is larger, and in the range of
[-0.56,0.92] range, indicating that when carrying out the Civics classroom questions and answers,
because the discussion content are with a questioning tone, and for the students to answer the questions
together, the teacher and the students voice staggering, there is a large fluctuation in the value of the
emotional assessment; 226~310 seconds stage, the teacher in the introduction of the wide application of
political thought in life, the emotional value P is increasing, indicating that in the life of the common
knowledge of knowledge expansion the teacher's emotion is in a positive state, and is conducive to
activating the teacher's emotional state.
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Figure 6. The voice emotion curve of the first classroom interaction segment.

The change curve of speech emotion of Civics classroom interaction fragment II is shown in Figure 7.
It can be seen that the sentiment value P of clip two is mainly distributed between [1.31,2.03], before 75
seconds for the students to speak, the sentiment is positive and positive state, after 75 seconds, the
teacher's sentiment shifts to about [1.31,2.03], which indicates that the active speech of the students in the
process of Civics teaching has a positive effect on the teacher's sentiment, and there is a correlation
between the teacher's emotion and the students' emotion. Compared with clip 1, clip 2 emotion value
increases significantly, indicating that when the classroom proceeds to 580 seconds, the speech emotion
value P reaches a high level, and the Civics classroom has been completely in the activation state.
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Figure 7. Voice emotion curve of Classroom interaction fragment 2.
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The sentiment change curve of Interaction Segment III is shown in Figure 8. Interaction voice
fragment three is after the student exercises and discussions, this fragment is a practice Q&A fragment,
by the students for the blackboard questions to correct errors, the overall sentiment value P distribution
between [1.24,1.78]. It is more similar to the emotional value of clip 2. During the teaching process of
Civics, the teacher is asking questions continuously, the students' answers are always confident and
correct, and the teacher gives encouragement and affirmation, indicating that the Civics classroom is
always in an active state in the question-answer phase, and the students' emotions are positively
mobilized.
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Figure 8. Interactive Segment 3 Emotional Change Curve.

In classroom interaction segment four, students developed explanations of why in response to the
question, which was an open-ended question. The emotion change curve of interaction segment IV is
shown in Figure 9. The first 60 seconds were spoken by two students on their own initiative, and later the
teacher guided and communicated with the students according to the knowledge difficulties of the Civics
teaching process, and the overall Civics classroom affective value P was distributed within the range of
[0.83,1.37]. At 102 seconds, the teacher gives rewards to the students who perform well, and the voice
affective value rises, while at 176 seconds and 198 seconds, the teacher asks the students in a questioning
tone, and the voice pleasantness decreases to near 1.18, indicating a certain validity of the model.
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Figure 9. Interactive Segment 4: Emotional Change Curve.

Through the above experiments, it can be found that the overall emotional value P of the Civics
classroom is mostly distributed between [0,2], indicating that the overall Civics teaching process presents
a positive and active state, positive emotions have a positive impact on the effect of teacher-student

interactions, the Civics classroom has a good atmosphere, and the overall effect of classroom
teacher-student interactions forms a benign cycle.

3.1.3. Analysis of changes in classroom sentiment across ratings

In order to evaluate the correlation between classroom emotions in ideological and political education
and the improvement of ideological and political quality, in the ideological and political education
classrooms of the second year of junior high school, this paper selects the same course with more page
views and comments from the provincial and municipal excellent teaching classrooms respectively, and
conducts a visual analysis of classroom emotions in classrooms with different ratings. By comparing the
teaching methods and teaching atmospheres of classrooms with different evaluation grades, Confirm the
significance of emotional analysis in ideological and political classes for enhancing ideological and
political qualities.

The curve of emotional change in the classroom of provincial excellence is shown in Figure 10. In the
process of Civic Education, the overall classroom emotion fluctuates within the range of [0.2,1], first of
all, the overall analysis, there are many points of emotional decline in the Civic Education classroom,
based on the time of the decline point linked to the classroom activities, it is learned that these
plummeting points for the students to read aloud in unison or speak in unison segments, which indicates

that the explanation for the chaotic sound signal model is poor; through the combination of the Civic
Education process of the interactive behavior of the classroom, there are About half of the time was spent
on lectures, and half of the time was spent on teacher-student interactions and student-initiated problem
solving for classroom problems, and it was observed that students had a high level of pleasurable

emotions when they were performing exercises, which was conducive to the enhancement of classroom
emotions in the process of Civic Education.
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Figure 10. Emotional change curve of provincial excellent classroom.

The emotional change curve of the classroom of the city's best is shown in Figure 11. In the process of
Civics education, the overall classroom emotion fluctuates within the range of [-0.5,0.8], and the overall
classroom emotional state is lower, combined with the analysis of classroom voice behavior, the
teacher-student interactions and students' active speeches in the process of Civics teaching are fewer and
the P-value is in the higher state only when the students are speaking, which indicates that the students'

voice emotion in the process of Civics teaching is slightly higher than that of the teachers.

Emotion P-value

Figure 11.
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3.2. Analysis of the Relationship between Students' Emotional Changes and Ideological
and Political Quality Enhancement

3.2.1. Regression Analysis of Students' Emotional Changes and Ideological and
Political Qualities

In this paper, 156 students from three classes in the first year of X Middle School were used as a pilot
class to investigate the relationship between the emotional changes in students' voice and the
improvement of their ideological and political literacy in the process of Civic and Political Education.
Here, four types of emotional changes are mainly selected, namely, “conscientiousness in taking up
responsibilities, sublimation of empathy, internalization of identity, and firmness in refining”.

Considering that multiple regression analysis can study the interdependence between various
variables, this paper sets the improvement of students' ideological and political quality as Y as the
dependent variable, and sets the four emotional changes as X as the independent variable, and carries out
multiple linear regression analysis.

A total of 156 questionnaires were distributed in this research, and 100% of the questionnaires were
effectively recovered. The reliability and validity of the questionnaire were 0.8872 and 0.8619
respectively, indicating that this questionnaire is more reliable and its results can be used as the basis for
analyzing and arguing.

The descriptive statistics of the survey data showed that among the four independent variables, the
mean value of take-charge self-awareness was the highest, followed by empathy sublimation and identity
internalization, and lastly, quenching and firming emotional change. There are no outliers or missing
values in the mean and standard deviation data of each variable. For the emotional change of quenching
firmness, its mean value reaches 3.8501, indicating that most of the students very much recognize that
quenching firmness and all the other three emotional changes can enhance the ideological and political
education literacy.

The results of regression analysis between each variable and the improvement of ideological and
political literacy are shown in Table 2. Through the significance test of regression contrast, it is found
that its F value is 20.2058, P < 0.05, and there is a significant linear relationship between the dependent
and independent variables, and the regression analysis is valid and statistically significant. The
correlation coefficients of the four independent variables of “taking charge of self-consciousness,
resonance sublimation, identity internalization and quenching firmness” for the dependent variable of the
improvement of the quality of civic education are 0.0169, 0.0262, 0.044 and 0.0119, respectively, which
are all P < 0.05 and statistically significant, indicating that the influence of these four independent
variables on the dependent variable is significant. In addition, the four influencing factors of this model
have a fit of 31.78% for the improvement of the quality of Civic Education, and the correlation between
the respective variables and the dependent variable is good.

Table 2. Regression analysis results between variables and dependent variables.

Non-standardized coefficient | Standard coefficient t Sig. | Linear correlation statistic
Constant 1.629 0.2401 6.398
Take responsibility 0.2003 0.0908 | 0.0169 3.2008
Resonance and Sublimation 0.8983 0.05 | 0.0262 1.8022
Identify and internalize 0.1508 0.0427 | 0.044 4.1014
Temper your resolve 0.0732 0.0502 | 0.0119 1.7016

3.2.2. Regression Test of Emotional Change and Ideological and Political Quality
Improvement

(1) Covariance diagnosis of the regression equation

The results of covariance statistics show that the eigenvalue is 0.1023 and the conditional index is
6.1577, which shows that there is no multicollinearity between the respective variables, and the
regression coefficients are reliable, which proves that there is no covariance problem in this model.

(2) Residual analysis of regression equation

The histogram of the distribution of residuals with the normal distribution curve is shown in Figure
12; the normal P-P plot of the standardized residuals is shown in Figure 13. According to the distribution
of residuals reflected in the calculation results of the questionnaire data, the histogram of residual
distribution and the normal distribution curve attached to it can intuitively reflect that the residuals of the
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regression equation are normally distributed. From the observation of the normal P-P plot of the
standardized residuals, it can be seen that the diagonal line corresponds to a normal distribution with a
mean of 0. The scatter points in the plot are closely scattered near the diagonal line and almost cover it,
which again verifies that the residuals obey a normal distribution.
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Figure 12. Residual distribution histogram and normal distribution curve.
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Figure 13. Standardized residual normal P-P plot.
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4. Conclusion

This paper proposes a speech emotion recognition model that integrates two-way CNN-LSTM and
attention mechanism to recognize the speech emotion changes of teacher-student interactions in the
classroom of Civic and Political Education, and then combines with the multiple regression model to
explore the correlation between the emotion changes of the students and the improvement of ideological
and political quality in the process of Civic and Political Education.

The results show that: the accuracy of this paper's model for speech emotion recognition is better than
the existing comparison model; the overall teaching interaction between teachers and students in the
classroom presents a positive and active state, the students' emotional changes are rich, and the classroom
as a whole forms a benign cycle with teacher-student interaction. Different ratings of classroom
emotional changes corresponding to the overall classroom emotional atmosphere makes a difference,
presenting the degree of emotional pleasure for the provincial excellent > city excellent, to a certain
extent, affects the students' emotions, which in turn affects the enhancement of students' ideological and
political quality. In addition, the emotional changes of taking responsibility consciously, resonance
sublimation, identity internalization and quenching firmness will affect the students' ideological and
political quality enhancement in the process of Civic Education to different degrees. For example, the
effect of the emotional change of taking responsibility consciously on the enhancement of ideological
and political quality is more obvious, while the effect of quenching firmness is smaller.
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