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SUMMARY: In this paper, oriented to the needs of comprehensive literacy assessment for
English majors, artificial intelligence technology is used as the main means to propose a
comprehensive literacy assessment system for students based on neurocognitive diagnosis. The
main modules of the system are user information management, import and weighted summation
of grades, certificate statistics, certificate management and query, and students’ comprehensive
literacy assessment and statistics. The literacy assessment function embeds the one-hot coding
of students and exercises on the premise of constructing the prerequisite relationship of
knowledge points in the modified Q-matrix, and uses the hidden layer of neural network to
simulate the interaction between the two. As a result, a neurocognitive diagnostic model based
on the modified Q matrix is formed, which realizes the diagnosis of learners' mastery of
knowledge points from the neurocognitive level. After processing the students' comprehensive
literacy data using principal component analysis, the PLS-SVM algorithm was designed to
extract the features of the input data, and the extracted features were used as the SVM to build
a prediction model of students' comprehensive literacy. Selecting the experimental samples and
setting the comprehensive literacy evaluation dimensions, the comprehensive literacy
prediction model for English majors is built within this framework, and the prediction error
rate of the model is <0.600.

KEYWORDS: neurocognitive diagnosis; principal component analysis; PLS-SVM; students'
comprehensive literacy assessment; modified Q matrix

1 Introduction

Under the background of globalization and cross-cultural communication, English, as a global
lingua franca, English majors must have comprehensive literacy such as professional language
ability, cross-cultural communication ability, quality of thinking, and humanistic consciousness
[1]. English educators urgently need to start from the teaching reality, fully utilize the
advantages of digital technology, vigorously promote the modernization of comprehensive
literacy assessment of English majors, and comprehensively improve the quality of university
English education.

Students' comprehensive literacy is a comprehensive evaluation of students' abilities in all
aspects, which can reflect the overall quality and comprehensive ability of students, and it is of
great significance to assess it scientifically and objectively. On the one hand, comprehensive
literacy assessment can help students understand their own literacy and deficiencies, targeted
to improve their own ability, with a wider range of humanities and social sciences knowledge
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and practical ability, to promote the overall development of students, so as to improve the
competitiveness of employment [2-4]. On the other hand, the results of the assessment can, to
a certain extent, reflect the achievements of the double-high construction and the level and
quality of talent cultivation, guide the educational practice, promote the better development of
professional education, and further promote the educational reform and the improvement of
teaching quality [5-7]. The current method of students' comprehensive literacy assessment is
relatively single, and students' academic performance is assessed through examination scores,
which only singularly reflect students' ability to do problems and language memorization ability,
and it is difficult to examine students' comprehensive literacy. In addition, there is a lack of
other assessment methods to comprehensively reflect students' comprehensive quality and
ability level, such as the evaluation of students' intercultural quality, the evaluation of students'
humanistic literacy, and the evaluation of students' critical thinking, etc. [8-10]. In terms of
impact, the assessment results rely too much on academic performance and ignore other
indicators, which can lead to students focusing only on the development of test-taking ability
and neglecting the cultivation and enhancement of other abilities. At the same time, the lack of
clarity and scientificity of some assessment standards, the neglect of process evaluation, and
the lack of multi-source data lead to assessment results that are not fair and reasonable [11, 12].

In the context of the digital transformation of education, the application of artificial
intelligence (Al) technology is becoming more and more widespread. It has powerful
capabilities of data analysis, pattern recognition, machine learning, etc., and is able to efficiently
process and deeply mine massive educational data to realize accurate, comprehensive, and
dynamic evaluation of students' learning process and results [13-15]. Introducing Al
technology into the field of students' comprehensive literacy assessment brings a new
opportunity to solve the dilemma of traditional assessment.

Currently, Al technology is more involved in English education assessment for language
skills such as composition, speaking, listening, and reading comprehension. Literature [16]
introduces an Al-based language assessment tool-Speechace, which is able to provide feedback
on students' reports of words per minute and bad pauses, as well as color-coded assessment of
students' pronunciation accuracy, and assessment of students' overall speaking ability.
Literature [17] showed that the ChatGPT tool's checking results are more likely to help students
understand and improve their grammatical skills compared to the English grammar checking
performed by the Grammarly and ProWritingAid tools. Literature [18] used Al to create a
dynamic assessment model and assessment index system for college English writing ability,
which realized accurate writing process evaluation, and the evaluation model increased
students' interest and enthusiasm in writing. Literature [19] compared the assessment methods
of students' English writing ability based on peer assessment and based on Al review in terms
of content, sentence expression, vocabulary use, grammatical and spelling correctness,
punctuation and other indicators of the article, and the Al technology showed more objective
and specific evaluation results. Literature [20] used large-scale language models in generative
Al for interactive listening test tasks, which can more realistically assess students' listening
ability in complete conversations by focusing on comprehension and interaction behaviors
during listening. Literature [21] utilized an Al platform (Atomic Learning) for listening and
reading comprehension receptive testing of narrative text, and the assessment results showed
that the assessment differences between the two stemmed from the students' need to assess their
comprehension of the material. Literature [22] proposed an interactive Al-based reading
comprehension assessment system consisting of three parts: speech-to-text and text-to-speech
based on natural language processing, reading comprehension assessment based on sentence
and word similarity, and graphical presentation of the assessment results based on a
visualization module. Literature [23] integrates natural language processing and support vector
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machine to propose a comprehensive language proficiency assessment method for students,
which has an assessment accuracy of up to 98% and realizes automated, objective and scalable
assessment results.

In terms of intercultural competence assessment, literature [24] reported formative and
summative assessments of intercultural understanding and its communication skills, and the
assessment data covered students' written assignments, oral tests, group discussions, cultural
projects, self-reflection, peer feedback, and teacher-student exchanges, etc. However, these
methods of assessment suffer from instrumental bias, fairness, and an imbalance between
linguistic competence and cultural understanding. Literature [25] analyzed intercultural
competence dimensions and assessment scales for college students, as well as mathematical
model assessment methods, which are simple and easy to operate, and the assessment covers
indicators of foreign cultural knowledge, attitudes, and intercultural communication skills.
However, this kind of assessment is mostly used in static process and has a long feedback period.
Literature [26] integrates Apriori algorithm, SimRank algorithm, and Mann-Kendall method
for capturing the relationship between teaching and intercultural competence, evaluating the
similarity of students' performance, and segmenting based on the characteristics of intercultural
competence, respectively, so as to construct a fuzzy comprehensive assessment model for
evaluating students' intercultural competence. Literature [27] constructed a Hidden Markov
Model based on Random Forest for extracting linguistic and probabilistic transition patterns of
students' language and behaviors in a time series and classifying these patterns, which is able
to achieve the classification of intercultural competence.

In terms of thinking skills, literature [28] extracts and identifies student critical thinking
indicators from student-created texts with the help of Al and machine learning algorithms in
order to assess students' critical thinking skills in analyzing, interpreting, and evaluating
information in various contexts. Literature [29] reviewed to three critical thinking and creativity
Al assessment tools, i.e., a short-answer scoring tool based on BERT (Bidirectional Encoder
Representations from Transformers), a creativity assessment platform based on deep learning,
and a scoring rubric for mock interviews based on GPT-3.5. Literature [30] compares student
critical thinking skills assessment methods, i.e., ChatGPT-based method and instructor-based
method, where the former possesses a wide range of contextual feedback capabilities while the
latter possesses a higher degree of accuracy and adherence to scoring criteria. It can be seen
that there is room for improvement in the methods of assessing students' critical thinking and
creativity skills based on Al technology, and that spoken language is combined with dual
assessment by teachers to ensure accuracy and inclusiveness in the assessment results.

Al technology-driven assessment model for students' comprehensive literacy. Literature [31]
used data mining technology to establish a comprehensive and objective evaluation system and
evaluation model for students' comprehensive literacy, considering multidimensional data such
as students' academics, sports, arts, socialization, etc., but the accuracy of the model was stable
at 68%-72%. Literature [32] constructed a multi-task neural network model through big data
and machine learning algorithms, which was used for students' comprehensive quality
evaluation, and also considered students' health status in the evaluation system, and the model
also predicted the level of students' comprehensive quality. Literature [33] improves the
hierarchical analysis method and introduces the back-propagation neural network to construct
an intelligent assessment model for students' comprehensive quality, and the accuracy rate of
the assessment is more than 90% by calculating the weights of the students' comprehensive
quality indicators and capturing the multidimensional ability and development potential of the
students.

In this paper, we first design the functional modules of the comprehensive literacy
assessment system for English majors. It proposes a neurocognitive diagnostic model based on
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modified Q matrix, analyzes the working methods and mathematical expressions of its
embedding stage, information aggregation and updating stage, and prediction stage, and sets up
a comprehensive literacy assessment system for students based on neurocognitive diagnosis.
Secondly, the calculation steps of principal component analysis method are sorted out as the
feature extraction method of students’ comprehensive literacy data. PLS-SVM method is
proposed to plan the construction scheme of comprehensive literacy prediction model for
English majors. The experimental samples are selected again, and the distribution of interaction
behavior data and comprehensive literacy of the samples are sorted out to demonstrate their
feasibility in the research and analysis. Select the assessment dimensions and indicators of
comprehensive literacy, carry out principal component analysis, and determine the final
structure. Finally, the fitting effect of the diagnostic value and the actual value is compared to
verify the reliability of the neurocognitive diagnostic model. Setting the evaluation level of
comprehensive literacy indicators, conducting principal component analysis and clustering on
the evaluation level, combining with PLS-SVM algorithm to establish a prediction model of
comprehensive literacy for English majors.

2 Neurocognitive  Diagnostic-Based  Measurement  of
Students' General Literacy

2.1 Basic system architecture

When teachers make assessments, according to the various levels corresponding to different
characteristics, it is usually not possible to evaluate quality competence only through theoretical
knowledge, and it is also necessary to make judgments based on each teacher's educational
practice. Then, the assessment of college students' comprehensive literacy is easily affected by
subjective factors, and thus has no objectivity. At this time, it is necessary to make use of
computer technology, using fair and objective assessment system of comprehensive literacy of
college students to make a more objective and authoritative assessment.

The system framework of the student comprehensive literacy assessment system is shown
in Figure 1.

The system is divided into several functional areas, such as user information management,
import and weighted sum of grades, certificate statistics, certificate management and query, and
student comprehensive literacy assessment and statistics. In order to meet the accuracy and
efficiency of comprehensive quality assessment of English majors, the system can import and
weighted sum the students' grades. It can also classify and count the types of awards won in
various competitions, and meticulously classify and count the types of certificates, such as
qualification certificates, competition award certificates and other honorary certificates. It is
also possible to assess the “total content” of all the certificates of students, weighted and
summed according to certain rules, the results of which can be used as one of the indicators for
the evaluation of students' merits and awards, and at the same time, it is also possible to
individually count the “content” of a certain type of certificate of students.
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Figure 1: The system framework for the comprehensive quality assessment of students

2.2 Neurocognitive diagnostic modeling framework based on modified Q-

matrix

The structure of the neurocognitive diagnostic model based on the modified Q matrix

consists of three main parts: the embedding stage, the information aggregation and updating
stage, and the cognitive diagnostic result prediction stage. The structure of the model is shown

in Figure 2.
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Figure 2: Neural network cognitive diagnosis model based on modified Q matrix

Firstly, the one-hot coding of the student and the one-hot coding of the exercise are
embedded together, then each vector is mapped to the formula in combination with IRT for
interpretable representation, and the interpretation result is used as the input of the neural
network, and finally the student's score is predicted after the training of the three fully-

connected layers, which in turn analyzes the state of the student's knowledge.
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2.2.1 Embedding phase

In the embedding stage, for the student factor, the student's one-hot encoding x* is embedded
and multiplied with the trained A matrix to obtain the student's proficiency vector F*°, each
entry in F° is a vector of consecutive and taking values in the interval [0,1] with

F* =[0.7,0.1] denoting that the student has a higher mastery of the the first knowledge
concept to a higher degree and the second knowledge concept to a lower degree®.

For the practice factor, the one-hot encoding x° of the practice is embedded and multiplied
with the trained B matrix, D matrix and the expert labeled Q matrix to obtain the
knowledge point difficulty vector F®" the differentiation vector of the practice F*° and the
knowledge point relevance vector Q°, respectively.

The mathematical expressions are shown in Egs. (1)-(4):

= :sigmoid(xsxA), AecRVK (1)
F" = sigmoid (x° xB), B e R*" 2
F 9 — sigmoid (xe X D), DeR™? 3)

Q° = sigmoid (xe x@) (4)

where A, B,and D are trainable matrices and sigmoid(-) is the activation function.

2.2.2 Information aggregation and updating phase

In the information aggregation and updating phase, based on Item Response Theory (IRT), this
model is inspired by Multidimensional Item Response Theory (MIRT) to obtain the input x
of the neural network. Its mathematical expression is shown in equation (5):

X:QeO(Fs_Fdiﬁ)oFdisc (5)

Three fully connected layers are utilized and the fully connected layer formulas are shown
in equations (6)-(8):

f,=p(W,xx" +b;) (6)
f, :¢(W2X f1+b2) (7)
y=p(W,x f, +b;) (8)

where @(-) denotes the activation function, which is used to compute the output of the hidden

layer neurons in the neural network, and the model in this chapter adopts the sigmoid activation
function as in Eq. (9).
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This function is a logistic function with nonlinear characteristics, which is used to map the
variables in the model to the (0,1) interval, which is better for the task of binary classification

items when the data characteristics are not very different, and the probability model of this
function is also known as the “S-curve” because of its graphical characteristics, which is shown

in Fig. 3. W,, W,, W, denote the weights, and b, b,, b, denote the biases. In order to

make sure that the higher the students' mastery of the knowledge points, the higher the
correctness in answering the questions, the model introduces the assumption of monotonicity,

and the adopted method is to set W, W,, W, each element is restricted to positive values.

Y
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Figure 3: Sigmoid activation function
2.2.3 Forecasting phase
The loss function for the output y and the label r of the real data is shown in equation (10):

loss=—" (r logy, +(1-1)log(l-,)) (10)

After training, the value of F*° is the diagnostic obtained, which indicates the student's
knowledge proficiency.

3 Integrated Literacy Prediction Based on Feature
Extraction

3.1 Principal Component Analysis Algorithm

In practice, given n samples, the sample data matrix for m indicators is shown in equation
(11):
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X1 X Xip
X X .. X

X = 21 22 ; 2P :(xl,xzy_._,xp) (11)
an Xn2 an

where X, = (X, Xy .- X ), i=1,2...p.

Because usually the factors are correlated with each other, and increase the intricate
interrelationships within the sample, and the principal component analysis can exactly solve
this problem, the principal component analysis method can find a few composite indexes

Y1, Y,,...Y, to reflect the relationship between the corresponding X;,X,,...X, , and
Yy, ¥y,--- Y, (r <m) are linearly independent, so that the purpose of simplifying the internal
structure of matrix X can be achieved.

If you want to calculate the principal components, you need to do the following:

(1) From the known X sample data matrix, compute X =(X,X,,...,X ) = 1 X'A;
n

p

(2) Calculate the corresponding covariance matrix as in equation (12):

v:—1 (x'_EX’Aj(X'_Ex%j :_1 (Sy) ~ (o) (12)
n-1 n n n-1
where S; =" (X; —X)(X; —X;).
a=1
. . . X. —X. . .
(3) Normalize the original matrix, i.e., X; =—~—", to form the correlation matrix
O..

ij
R=XX which can also be written as X =(X;);

(4) Using Jacobi's method, find the eigenvalues of R with 4, =4,=4,=..4,=0 and
the corresponding eigenvectors 7,,7,,...,7,, then we can derive the r principal components

of X, Y=0I'X,where I'=(,7,,-..7,),and X =(X,%,...X.), Y=Y, Ys---Y,);
(5) Calculate the “composite value Z ” for each sample and arrange them into single-

indicator ordered samples Z, >Z, >..Z , where Z=fy +f,y,+.fy (k<r), where

each term f.y. is given for each sample on the principal component Y, according to the

contribution rate see equation (13) to take the value, for the specific analysis of the problem,
usually take k so that the cumulative contribution rate of the first k principal components
to reach 70% to 80% can be. If the cumulative contribution rate of the current m principal
components is greater than 70%, then the number of principal component eigenvalues is

Kk
determined to be m, of course, when making Z f. >0.90 for the best results.
i=1
Where the contribution of principal component F is equation (13):
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where A represents the eigenvalues of each principal component.

Thus the variance contribution ratio corresponding to the first k principal components is
the weights to calculate the composite statistic as equation (14):

i=1 i A I (14)

where 4 denotes the eigenvalues of each principal component, and F denotes the

eigenvectors of each principal component, i.e., corresponding to the extraction of the factor
variables of each principal component, respectively.
In this way, to obtain p principal components of the original index, only the eigenroots

of the covariance array S of the original index and the corresponding standardized orthogonal
eigenvectors are required. Generally, the eigenvalues and eigenvectors are taken when the
cumulative contribution rate is above 85% as the best.

3.2 Implementation of the PLS-SVM algorithm

3.2.1 Modeling Principles

Both Partial Least Squares and Principal Component Analysis methods can be used for feature
extraction of data.PCA only performs a bilinear decomposition of the input data X and
requires that the variance of the score vector obtained from the decomposition be maximized
without considering the effect of the output data Y . In contrast, with PLS method, it is
necessary to bilinearly decompose the input X and the output Y at the same time and
maximize the correlation between the score vectors obtained from the decomposition of X
and the score vectors obtained from the decomposition of Y . Therefore, the features (scores)
extracted by PLS method have both input X and output Y information, which is more
reflective of the intrinsic connection between inputs and outputs than the PCA decomposition
method.

The score matrix T is formed by the score vectors obtained from feature extraction, which
is used for SVM modeling instead of the original input X . The dimensionality of the input
variables of the SVM model can be greatly reduced, which improves the modeling speed and
eliminates the noise introduced by the covariance of high-dimensional variables. The PLS-

SVM method is based on such an idea, the principle of which is shown in Fig. 4, where X,

and X, represent the input matrices of the training samples and the test samples, respectively,
T..n and T, represent the score matrices of the training samples and the test samples after
feature extraction, respectively, Y., is the known output value of the training samples, and

Yoresie 1S the model prediction value of the test samples.

10
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Figure 4: The working principle of PLS-SVM

The processing of PLS-SVM is divided into the following three parts:
(1) Feature extraction: extract the features (score matrix T,,;, ) of the training samples using

PLS method;
(2) Modeling: train the SVM model with the score matrix T, of the training samples to

establish the nonlinear mapping between the score T and the output Y. The SVM model in
this paper is built by LS-SVM algorithm, and in fact, it is also possible to build the calibration
model by other SVM algorithms;

(3) Prediction: first calculate the score matrix T, of the test sample, and then input T,
into the SVM model to get the prediction result Y

predict *

3.2.2 Algorithmic steps

Taking the single-objective variable problem as an example, the steps of the PLS-SVM
algorithm combining PLS1 and LS-SVM are as follows (the input X and output y should

be normalized by the standard normalization process before calculation):
(1) PLS feature extraction:
1) Calculate the correlation coefficient vector of the training samples as in equation (15):

T

Wi = Xgain Yieain / (Viein Yiain) (15)
2) Normalize the vector of correlation coefficients as in equation (16):
W =w, /w (16)
3) Calculate the score vector as in equation (17):
t. = XiainWi (17)
4) The regression (t on y)is as in equation (18):

Vi = (tIT ytrain) / (t|Tt|) (18)

5) Calculate the X load vector as in equation (19):

11
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b= XTut /(E11) (19)

train i

6) Calculate the residuals as in equation (20):
Xtrain = Xtrain _ti pIT + Yirain = Yirain _Viti (20)

7) Return to 1) to start the next principal component computation until all the required
principal components are obtained, save the vectors t;, p; and W, obtained in each iteration,
i=12,..,n, n isthe principal component;

8) The vectors t,, p, and W, obtained from the above computation form the score matrix
of the training samples T, =[t......t,], and the loading matrix P=[p,,..., p,] and a matrix
of correlation coefficients W =[w,,...,w,];

(2) SVM modeling:

9) Train the SVM model with T, Yyain . here the LS-SVM method is used for modeling
to solve the system of linear equations in Eq. (21):

0o I b] [ 0
| Q+y7 {a}{ymj (21)

where Q={Q, |k,1=1..,N} , Q, =ot) ot)=K({t.t); kl=1.,N . The kernel
function K(tk,t|)=exp(—||tk—t|||2/c72), t. and t are vectors of training sample scores

T,ain » @nd the model coefficients «, b are solved.

(3) Model prediction:
10) Calculate the score of the test sample from W, P asin equation (22):

T

e = XeW (P'W) ™ (22)

test

11) Calculate the predicted value of the test sample as in equation (23):
N
ypredict (t) = Z a, K (tk ’ t) + b (23)
k=1

t, is a vector of scores for the training samples and t is a vector of scores T, for the
test samples.

4 Construction of a Predictive Model of Comprehensive
Literacy for English Majors

Combined with the existing research, this paper divides the comprehensive literacy of English
majors into a total of four dimensions, namely, (H1) language proficiency, (H2) intercultural
cognition, (H3) critical thinking ability and (H4) independent learning ability, and makes an
attempt to establish a prediction model of comprehensive literacy. A questionnaire was formed
based on the four dimensions of (H1) language proficiency, (H2) intercultural cognition, (H3)

12
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critical thinking ability and (H4) independent learning ability, in which seven questions (out of
10) were set up under each dimension, and the questions were numbered according to 1-7
according to the dimensions in which they were set up, e.g., the questions under the dimension
of (H1) language proficiency were numbered as H11-H17.

A total of 412 second-year English majors in college | were selected as the experimental
sample, 412 questionnaires were distributed, 404 valid questionnaires were collected, and the
validity rate of the questionnaires was 98.06%. Based on the questionnaire data, the
experimental sample data set was formed and the study was analyzed.

4.1  Description of basic information about the sample

4.1.1 Interaction Behavior Data Distribution

Figure 5 shows the distribution of response time and the number of mouse clicks of the
experimental samples in the final exam, it can be seen that the distribution of the two types of
data are more stable, the response time is mainly distributed within 0~1000s, and the number
of mouse clicks is mainly distributed in 0~1000 times. The distribution of the two types of data
are more stable, the reaction time is concentrated in the (0,1200) interval, and the number of
mouse clicks is distributed in the (0,900) interval, which is in line with the normal situation,
and is able to do further research and analysis.

7500
4000 o, b
£ 6000 2
3000 2 2
5 4500 2
B £
2000 2 5
5 3000 ©
z 2
1000 2 1500 §
e, *
ot 0(*10%)
(a) Answer response time (b) Number of mouse clicks

Figure 5: Distribution of interaction behavior data

4.1.2 Integrated literacy performance

Figure 6 visualizes the existing distribution of (H1) language proficiency, (H2) intercultural
awareness, (H3) critical thinking ability and (H4) independent learning ability of the
experimental sample. It can be seen that the distribution patterns of the four dimensions of the
samples are relatively similar, with an overall score range of (3.5,7.5], and most of the
distributions are in the range of (5,6), which indicates that the performance of the sample
students in the four dimensions has a certain degree of homogeneity and no significant
differences.

13
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Figure 6: The comprehensive English professional quality performance of the sample

4.2 Indicators for assessing comprehensive student literacy

Each question in the questionnaire was used as an assessment indicator, and the common factors
were extracted using principal component analysis with the criterion of eigenroot > 1. The final
rotation converged after 13 iterations. The factor loading coefficients and the common values
of each assessment indicator after rotation are shown in Table 1.The selection criterion of factor
loading is 0.400, among which there are three indicators, H27, H37, and H46, with factor
loading <0.4, which indicates that there is no strong correlation between these three indicators
and the four factors, and therefore they are deleted. The factor loadings of the other 25 indicators
are all above 0.4, indicating that they can cover the required amount of information and express
it effectively, so there is no need to correct them. Among them, the loadings of Factor 1 are
distributed on indicators H11-H17, which represent the dimension (H1) linguistic competence.
The loadings of Factor 2 are distributed on the indicators H21-H26 and represent the dimension
(H2) intercultural awareness. Factor 3 loadings were distributed on indicators H31-H36,
representing dimension (H3) Critical Thinking Skills. The loadings of Factor 4 are distributed
on indicators H41-H45 and H47, representing dimension (H4) independent learning ability.

14
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Table 1: The component matrix after rotation

Ingredient
Factor 1 Factor 2 Factor 3 Factor 4
H11 0.749
H12 0.515
H13 0.731
H14 0.602
H15 0.561
H16 0.526
H17 0.682
H21 0.532
H22 0.538
H23 0.747
H24 0.707
H25 0.751
H26 0.723
H27 0.332
H31 0.579
H32 0.598
H33 0.726
H34 0.678
H35 0.699
H36 0.763
H37 0.304
H41 0.505
H42 0.774
H43 0.532
H44 0.684
H45 0.519
H46 0.325
H47 0.755

Serial number

The principal component analysis is still used to extract the common factors with the
criterion of eigenroot>1. The final rotation converges after 10 iterations, and the total variance
interpretation of the rotated evaluation indexes is shown in Table 2, and the modified rotated
component matrices are shown in Table 3.Comprehensively, Table 2 and Table 3 show that the
modified index data are still able to extract the 4 common factors, and their total variance
interpretation rate reaches 61.711%, and H1, H2, H3, H4 subordinate question items can
correspond to the four factors respectively, indicating that the overall extraction effect of the
modified factor analysis is better, and can conform to the original evaluation index system.
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Table 2: Explanation of the total variance of the rotated evaluation indicators

Ingredient 1 2 3 4 5
Aggregate 6.575 | 1473 | 1.146 | 1.053 | 0.722
Initial eigenvalue Variance percentage | 35.676 | 10.973 | 8.521 | 6.541 | 1.023
Cumulative (%) 35.676 | 46.649 | 55.17 | 61.711 | 62.734
Aggregate 6.575 | 1.473 | 1.146 | 1.053
Variance percentage | 35.676 | 10.973 | 8.521 | 6.541
Cumulative (%) 35.676 | 46.649 | 55.17 | 61.711

Extract the sum of
squares of the loads

The sum of the Aggregate 3.328 | 2.850 | 2.697 | 1.530
squares of the Variance percentage | 18.594 | 15.203 | 14.439 | 13.475
rotational load Cumulative (%) 18.594 | 33.797 | 48.236 | 61.711

Table 3: The corrected and rotated component matrix

Ingredient
Factor 1 Factor 2 Factor 3 Factor 4
H11 0.559
H12 0.603
H13 0.522
H14 0.515
H15 0.568
H16 0.531
H17 0.695
H21 0.709
H22 0.625
H23 0.757
H24 0.796
H25 0.698
H26 0.594
H31 0.606
H32 0.677
H33 0.749
H34 0.783
H35 0.59
H36 0.673
H41 0.797
H42 0.667
H43 0.607
H44 0.584
H45 0.623
H47 0.769

Serial number

4.3 Integrated Literacy Prediction Model

4.3.1 Diagnosis of the degree of mastery of knowledge points

The neurocognitive diagnostic model based on modified Q matrix was used for the diagnosis
of English knowledge point mastery of the experimental samples, and the true values of the
knowledge point mastery of 25 students were randomly intercepted and fitted to the diagnostic
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values. The fitting effect is shown in Figure 7, and the color-filled area in the figure shows the
difference between the real value and the fitted value. It can be seen that the trend of the fitted
value and the real value is basically the same, the difference is small, the fitting effect is good,
and the neurocognitive diagnostic model is more accurate in the diagnosis of students'
knowledge point mastery.

1.5
1.0 |
o 0.5 F
&
S
g 0.0
>
2
-0.5
-1.0 | u ) o
—— Fitted value
1 Actual value
ol ; 0 Difference value|
0 5 10 15 20 25
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Figure 7: Sample fitting effect based on non-negative least squares regression

4.3.2 Construction of the prediction model

The general literacy of English majors was categorized into the following five grades: (J1)
Excellent, (J2) Good, (J3) Moderate, (J4) Pass, and (J5) Fail. Organizing the dataset and
performing the principal component analysis on the excellent and good grades produced the
same cumulative contribution of 61.711% when four components were obtained. Taking the
first principal component as an example, the relationship between (J1) excellent and (J2) good
grades in the first principal component is shown in Fig. 8. It can be seen that overall the different
grades are differentiated in their performance, but there is still intermingling. That is, in the
actual measurement and prediction of comprehensive literacy, students' multidimensional
performance should be evaluated comprehensively.

Figure 8: The relationship between J1 and J2
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Based on the experimental sample dataset and PLS-SVM algorithm for cross-validation of
parameters, after adjusting the range of values of gamma and cost for many times, the range of
the final gamma is determined to be [0,0.1], and it grows in steps of 0.01, while the range of
values of the penalization parameter cost is determined to be [1,10], to establish the prediction
model of the comprehensive literacy for English majors. The cross-validation of the prediction
model is plotted in Fig. 9, which can be intuitively obtained that the dark purple region contains
the optimal parameters, and the prediction error rate under the optimal combination of
parameters in this region is <0.600.

Prediction error rate

Figure 9: The prediction error rate under different parameter combinations

5 Conclusion

This paper proposes a comprehensive literacy assessment system for students based on
neurocognitive diagnosis with the framework of user information management, import and
weighted summation of grades, certificate statistics, certificate management and query, and the
neurocognitive diagnostic model based on modified Q matrix as the technique for acquiring
student performance data. In the diagnosis of the experimental sample knowledge points, the
fitted value and the actual value trend are nearly the same, the difference is small, and the fitting
effect is good.

Taking (H1) language proficiency, (H2) intercultural cognition, (H3) critical thinking ability
and (H4) independent learning ability as the evaluation dimensions of students' comprehensive
professional literacy, the prediction model of English majors' comprehensive literacy was
established by combining the PLS-SVM algorithm, and the prediction error rate of the model
was under 0.600, which had a high prediction accuracy. The comprehensive literacy assessment
and prediction method of English majors supported by neural network, PLS-SVM and other
artificial intelligence technologies can output assessment and prediction matching with the
students' own data, and the validity of assessment and prediction is high, which is expected to
be put into the assessment and cultivation of English majors' literacy.
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