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Abstract—To enhance the information literacy among college teachers, it is 
necessary to evaluate their existing information awareness, information ethics, 
information techniques and information competence. Existing studies qualita-
tively analysed the effective means of enhancing information literacy among 
college teachers, and the dimensions were too homogeneous. In response, this 
paper studies the machine learning-based evaluation of college teachers’ infor-
mation literacy enhancement. Firstly, the paper presents a framework of predic-
tive model on information literacy enhancement evaluation of college teachers, 
and the influencing factors of college teachers’ information technology usage 
behaviour (ITUB) from the authors’ viewpoint. Then the paper presents a frame-
work diagram for extracting ITUB features, along with a detailed introduction 
to specific influencing factors. After that, the paper extracts the potential infor-
mation in the content of information technology behaviour to be predicted. The 
content features of ITUB are characterised by two aspects: content similarity and 
data form features. Next, the paper shows a method for calculating the affective 
polarity of ITUB. It also constructs a predictive model for enhancing ITUB and 
shows the objective function of the model. The experimental results verify the 
validity of the constructed model.

Keywords—college teachers, information literacy, machine learning, classifier, 
literacy enhancement

1 Introduction

With the rapid development of information technology, the vast amount of fragmented 
knowledge, advanced teaching equipment and methods have brought opportunities and 
challenges to the teaching of college teachers [1–4]. Information literacy refers to the 
retrieval and use of various information sources through skilled use of information 
techniques, so as to obtain necessary knowledge information and make sound decisions 
[5–11]. An information-literate college teacher recognises the benefits of access to cut-
ting-edge web-based information and the use of information technology to improve 
his or her teaching skills [12–17]. Such teachers are able to integrate valuable teaching 
materials, learning resources, assessment information, and teacher-student interaction 
information, which are obtained from computers and other information sources, with 
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the existing knowledge system about teaching in specialized courses. They also flexibly 
use various information during the process of reflective thinking, critical thinking and 
blended teaching practices [18–22]. To enhance the information literacy among college 
teachers, it is necessary to evaluate their existing information awareness, information 
ethics, information techniques and information competence for their educational and 
teaching quality improvement.

Danping [23] discussed the evaluation function of college teacher’s ability of using 
information technology including oriented function, inspiring function and ensuring 
function, and established the evaluation index system including information ideals, 
information circumstances, basic knowledge, using ability and effects. Libbrecht et al. 
[24] presented the concept of an intelligent tutoring system which combines web search 
for learning purposes and state-of-the-art natural language processing techniques. The 
concept is described for the case of teaching information literacy, but has the potential 
to be applied to other courses or for independent acquisition of knowledge through 
web search. The main focus of Pinto et al. [25] was to analyse the relation between 
information literacy and the use of mobile devices in the process of learning-teaching 
in university students, specifically, teachers-in-training. Both results (qualitative and 
quantitative) were compared in order to check the consistency of the information 
offered by the students. Grigas et al. [26] presented the results of a questionnaire study 
in three countries on teachers’ awareness of and attitudes towards information liter-
acy instruction in secondary schools. The authors summarised the results of a survey 
they administered to the top 250 secondary school teachers (9–12 classes) in Hungary, 
Lithuania, and Poland (total 801 teachers) at the start of 2019. The study shows that 
teachers need to be able to locate, assess and use internet resources in the teaching and 
learning process. Ntuli et al. [27] reported the results of a study that sought to examine 
strategies used by teacher candidates when using Internet search engines, their ability 
to integrate the information they find into their own assignments, and use the acquired 
skills for future classroom use.

From the existing domestic and foreign research, we saw that most of the studies ana-
lyzed the influencing factors of information literacy enhancement of college teachers 
from multiple dimensions, or qualitatively analysed the effective means of enhancing 
information literacy among college teachers. The dimensions were too homogeneous. 
On the basis of building an appropriate model of the influencing factors on information 
literacy enhancement of college teachers, the existing studies manifested too monoto-
nous extraction of behavioural features of information technology usage among college 
teachers to improve their own information literacy. In response, this paper studies the 
machine learning-based evaluation of college teachers’ information literacy enhance-
ment. Its main contents are as follows: 1) presenting a framework of predictive model 
on information literacy enhancement evaluation of college teachers, and the influencing 
factors of college teachers’ information technology usage behaviour (ITUB) from the 
authors’ viewpoint; 2) presenting a framework diagram for extracting ITUB features, 
along with a detailed introduction to specific influencing factors; 3) extracting the poten-
tial information in the content of information technology behaviour to be predicted. The 
content features of ITUB are characterised by two aspects: content similarity and data 
form features; 4) showing a method for calculating the affective polarity of ITUB; 5) 
constructing a predictive model for enhancing ITUB and showing the objective func-
tion of the model. The experimental results verify the validity of the constructed model.
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2 Structure of the predictive model for information literacy 
enhancement among college teachers

Fig. 1. Predictive model framework diagram

Fig. 2. Schematic diagram of the relationship among influencing factors

In response to the existing problem of monotonous dimension when thinking over 
factors influencing the implementation of ITUB by college teachers, this paper con-
structs an optimized system of factors influencing such implementation with reference 
to the existing research results. Accordingly, the paper selects the features of relevant 
ITUB influencing the implementation by college teachers from multiple dimensions, so 
that the predictive model is more accurate for evaluating information literacy enhance-
ment of college teachers.
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Figure 1 illustrates the framework diagram of the predictive model. The factors 
influencing such implementation in this paper contain three dimensions: features of col-
lege teachers’ ITUB, content features of college teachers’ ITUB, and affective features 
of college teachers’ ITUB. The following five different statistical indicators are identi-
fied in this paper: the attention relationship between college teachers and the object of 
implementing ITUB, represented by RE; the quantity of college teachers’ ITUB, repre-
sented by AC; the implementation activeness of college teachers’ ITUB, represented by 
EA; the semantic similarity with historical ITUB, represented by SI; and the affective 
polarity of informatization behaviour to be implemented, represented by SP. A sche-
matic diagram of the relationships among the influencing factors is given in Figure 2.

3 Feature extraction of ITUB

Fig. 3. Framework diagram for feature extraction of information technology usage behavior

Figure 3 gives a framework diagram for feature extraction of ITUB, with the specific 
influencing factors detailed below.

3.1 Attention relationship

Attention relationship reflects to some extent the degree of ITUB objects’ prefer-
ence for college teachers’ ITUB content. When the ITUB objects pay attention to the 
teachers, there will be a greater probability of the ITUB objects cooperating with the 
teachers to implement ITUB, hence the attention relationship between the teachers and 
the ITUB objects is a distinguishing factor. In this paper, the attention relationship 
between college teachers and the ITUB objects is a differentiating factor. In this paper, 
the attention relationship among college teachers in the experimental sample set was 
obtained by correlating the data crawled by the online teaching platform. The attention 
relationship was made to be 1 if the ITUB objects paid attention to college teachers, 
and 0 otherwise.

 RE �
�
�
�

1
0
,
,
 
 
Paying attention
Not paying attention

 (1)
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3.2 ITUB quantity

The quantity of ITUB implemented by college teachers on the online teaching plat-
form reflects to some extent whether college teachers have the habit of implementing 
ITUB on the online teaching platform. In order to obtain accurate parameters of the 
ITUB quantity and to solve the problem that there is a certain gap between the quantity 
of ITUB implemented by different college teachers, this paper takes the logarithmic 
operation of the ITUB quantity implemented by college teachers in a fixed period of 
time. Assuming that M represents the total quantity of ITUB implemented by college 
teachers in a fixed period of time, the calculation formula is

 AC = ln M (2)

3.3 Implementation activeness

Implementation activeness refers to the percentage of ITUB in all teaching behaviours 
performed by college teachers in a fixed period of time. In this paper, the ratio of the 
ITUB quantity implemented by college teachers to the total quantity of behaviours 
within a fixed period of time represents the implementation activeness of college teach-
ers’ ITUB, and characterizes the degree of willingness of college teachers to implement 
ITUB. Assuming that M represents the total quantity of teaching behaviours of college 
teachers in a fixed period, and m represents the total quantity of ITUB implemented by 
college teachers in a fixed period, the calculation formula is

 EA n
N

=  (3)

4 Content feature extraction of ITUB

The ITUB content is a key factor when determining whether ITUB involving tex-
tual information is accepted by the target objects. The target objects will be willing to 
cooperate if the content is of interest to them, and the willingness of the target objects 
to cooperate will increase if ITUB involving textual information is presented in a topic 
or other more attractive form. Considering the above factors, this paper focuses on 
extracting the potential information contained in the ITUB content to be predicted, 
and characterising the content features of ITUB through both content similarity and 
data form features. Figure 4 shows the framework for extracting the content features 
of ITUB.

The content of ITUB performed by a college teacher during a fixed period of time 
can often be characterised by the focus of that college teacher’s teaching during that 
fixed period. If you want to determine whether or not a teacher has carried out a ITUB 
involving specific textual information, the prediction accuracy can be improved to 
some extent by knowing the teacher’s recent teaching focus.
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Fig. 4. Framework for extracting content features of ITUB

Assume that M represents the entire vocabulary of textual information and N rep-
resents the number of occurrences of a keyword. The keyword’s word frequency can 
be calculated based on the formula TF = N/M. Assume that en (E) represents the total 
number of strings in the corpus, and m(i) represents the number of occurrences of a 
keyword in the strings. To reduce the influence of high-frequency words, the inverse 
document frequency ID is introduced in this paper, and the calculation formula is given 
by the following equation.

 IDF len E
m i

�
�

�
�

�

�
�log ( )

( )
 (4)

Deep learning-based estimation of ITUB similarity involving textual information 
means that the current textual information and the textual information to be predicted 
are first transformed into vectors and then compared for similarity. The twin network 
SBERT has a higher computational accuracy than the traditional semantic similarity 
model BERT.

Assume that v and u respectively represent the sentence vectors of the two sentences 
for the current textual information and the textual information to be predicted, the sen-
tence vector dimension is represented by m, the number of categories is represented 
by a, and the weights are represented by Qp ∈ S 3m*a. The SBERT model can splice the 
difference vectors of the two vectors v and u and multiply them by Qp. The following 
equation gives the final output expression:

 z = softmax(Qp(v, u |v – u|)) (5)

Since the teaching focus of college teachers may change within a short period of 
time, this paper still chooses to calculate the similarity based on all ITUBs implemented 
by college teachers within a fixed period of time. fi denotes the vector of textual infor-
mation sentences involved in the ITUB to be implemented, which is obtained using 
SBERT. f m NUj

m ( )∈  denotes the vector of ITUBs implemented by college teachers 
within a fixed period of time. NU denotes the quantity of ITUBs implemented by col-
lege teachers in a fixed period. cos f fi j

a( ),  denotes the cosine similarity between the 
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two sentences. Then the similarity between each ITUB and the textual information 
involved in the ITUB to be predicted can be calculated using cosine similarity based on 
the following equation:

 SI
f f

NU

i j
a

a NU� �
� cos( , )

 (6)

When the two textual information vectors are k* = (k1, k2, k3, …, km) and 
l* = (l1, l2, l3, …, lm), then the following equations are available:

 cos
*

* * ... *
*
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 (7)

5 Affective feature extraction of ITUB

The affective features of ITUB implemented by teachers in this paper have two 
parts: on the one hand, they are the affective tendencies of college teachers obtained 
through the affective analysis of their ITUB implemented in a short period of time; on 
the other hand, they refer to the prediction of the affective intensity shown by college 
teachers when implementing ITUB, the latter can be quantified through the number of 
affective symbols in the textual information involved in their ITUB.

If there is a high degree of similarity between the affective polarity of the current 
informational behaviour and the affective polarity expressed in the predicted ITUB, 
then the higher the probability that the college teachers will implement the current 
informational behaviour again. In this paper, we use the “sentiments” attribute r of 
the SnowNLP class to extract the sentiment polarity. When the value of the attribute is 
greater than or equal to 0.5 and less than 1, it can be judged that the affective polarity of 
the current ITUB is positive. When the value of the attribute is less than 0.5 and greater 
than 0, it can be judged that the affective polarity of the current informational behaviour 
is negative. The following equation gives the calculation formula.

 SP
r r r r r r

other
�

� � � � ��
�
�

��
1 2 1 2 1 20 5 0 5 0 5 0 5

0

, . , . , . , . ,

,
 (8)

6 Predictive model for ITUB enhancement

According to the previous sections, this paper obtained five different statistical indi-
cators: the attention relationship between college teachers and the object of implement-
ing ITUB RE, the ITUB quantity of college teachers AC, the implementation activeness 
of college teachers’ ITUB EA, the semantic similarity with historical ITUB SI, and the 
affective polarity of ITUB to be implemented SP. Due to the data quantitative level of 
AC and SI is not consistent with other indicators, this paper normalizes the two based 
on sigmoid function, and the processing formula is:
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 AC = 2 × Sigmoid (AC ) – 1 (9)

 SI = 2 × Sigmoid (SI ) – 1 (10)

The following equation gives the expression for the sigmoid function used:

 R k
f

f
fk

k

k
( ) �

�
�

��

1
1 1

 (11)

Based on the calculation results of equations 9 and 10 for training the classification 
model, this paper combines several S4VMs to build a high-precision predictive model 
for ITUB enhancement using the AdaBoost algorithm. The following equation gives 
the expression of the AdaBoost algorithm:

 H k sign h kn n
n

N

( ) ( )�
�

�
��

�

�
��

�
��

1

 (12)

Assume that several basic weak classifiers S4VM are denoted by hn(k) and the cor-
responding weights of each basic weak classifier S4VM are denoted by γn (n=1…, N), 
defined as � nn

N
b�

�� 1
, 0 ≤ γn ≤ b, and the total number of basic weak classifiers is 

denoted by N. Assuming that the computation on the training set is represented by fn and 
the error rate is represented by hn, we have f Z H k l I H k ln n i i nii

N

n i i� � � �
��( ( ) ) ( ( ) )�
1

. 
The following equation gives the formula for the weight coefficient γn of hn (k):

 � n
n

n

f
f

�
�1

2
1

log  (13)

Assuming that the low density separator is represented by { }gp p
P
−1 and the corre-

sponding label assignment is represented by { *}lp p
P
=1, the following equation gives the 

objective function o(g, l*) that needs to be optimized for the basic weak classifier S4VM  
as follows:

 o g l
g

D b l g k D b l g l g kF

i
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i i
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According to the above equation, the l* objective is to find multiple large { }gp p
P
−1 and 

{ *}lp p
P
=1 such that the objective function of the following equation satisfies minimization. 

Assuming that the number of separators is denoted by P, the penalty quantity with 
respect to separator diversity is denoted by R2, and a large constant that enhances the 
diversity is denoted by N, we have:

 
1

* *
1ˆ{ , }

1

( , ) ({ } )
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p p

P
P

p p p pg b L
p

min o g l M l
=

=∈
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�({ } )*lp p
P
�1  is the sum of pairs of terms, defined here as �({ } )*lp p

P
� �1  

�1 1� � �
�� � �p p P p pl l v~ ~(( * )* /�  �  where ψ is a constant function and σ ∈ [0,1] is a con-

stant. Without loss of generality constraints, the linear model is assumed to be defined 
as g(a) = θ′ υ(k) + ϕ, with a feature mapping induced by the kernel a denoted by υ(k) 
and the j-th term of lp denoted by bp, j. The following equation gives an expression for 
the optimization problem to be solved by the predictive model for ITUB enhancement:

 

* *2

1 2ˆ{ , , }
1 1 1 1

,

1 ˆ 1
2

. ( ( ) ) 1 , 0

ˆ ˆ ˆ ˆ( ( ) ) 1 , 0,

        1, , 1, , 1, ,

P
p p p

P b v
p p

p i jl l Y
p i j p p P

i p i p i i

p j p i p i i

l l
min D D N I

v

s t l k

l k

i b j v p P

θ
θ ϑ ϑ σ

θ υ ϕ ϑ ϑ

θ υ ϕ ϑ ϑ

∈
= = = ≤ ≠ ≤

 ′ 
 + + + ≥ −      

+ ≥ − ≥

+ ≥ − ≥′

∀ = ∀ = ∀ =

∑ ∑ ∑ ∑ 



  

 (16)

Assume that the weights corresponding to several basic weak classifiers are denoted 
by γn (n=1, ..., N), defined as � nn

N
�

�� 1
1

, 0 ≤ γn ≤ 1, and the total number of basic clas-

sifiers is denoted by N. The following equation gives the objective function of the 
improved ITUB enhancement predictive model obtained by combining several basic 
weak classifiers.
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7 Experimental results and analysis

The prediction performance of four classification models, namely, support vector 
machine, random forest, expectation maximisation and Fuzzy C-means clustering, was 
selected for comparison with the model in this paper, and the comparison results are 
shown in Table 1. According to the table, the prediction accuracy of the model proposed 
in this paper is over 90%, and its performance advantage is higher than the other four 
models.
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Table 1. Comparison of the performance of different predictive models

Accuracy F1 Precision Recall Rate

Support vector machines 0.817 0.869 0.841 0.842

Random Forest 0.835 0.837 0.819 0.839

Expectation maximisation 0.829 0.824 0.855 0.837

Fuzzy C-means clustering 0.83 0.818 0.81 0.759

Model in this paper 0.915 0.803 0.826 0.927

Table 2. Scores in each dimension of the influencing factor

Dimensionality Average Value Standard Deviation

RE 4.385 0.638

AC 3.169 0.827

EA 4.125 0.695

SI 3.297 0.841

SP 3.417 0.829

Comprehensive forecast 3.629 0.605

Table 3. Results of correlation analysis
RE AC EA SI SP

RE Pearson correlation 1.251 0.758** 0.718** 0.558** 0.811**
Significance (bilateral) 0.02 0.06 0.02 0.07 0.04
N 126 159 162 139 184

AC Pearson correlation 0.748** 1.205 0.847** 0.648** 0.936**
Significance (bilateral) 0.26 0.03 0.07 0.04 0.01
N 125 141 169 117 137

EA Pearson correlation 0.749** 0.857** 1.16 0.728** 0.918**
Significance (bilateral) 0.07 0.02 0.05 0.01 0.04
N 126 169 195 161 184

SI Pearson correlation 0.528** 0.615** 0.748** 1.025 0.849**
Significance (bilateral) 0.03 0.05 0.01 0.09 0.01
N 162 137 158 135 127

SP Pearson correlation 0.817** 0.958** 0.911** 0.869** 1.041
Significance (bilateral) 0.06 0.04 0.01 0.03 0.01
N 174 129 136 171 169

Note: **, significantly correlated at the 0.1 level (bilateral).

Descriptive statistics were conducted on the scores in each dimension of the fac-
tors influencing the implementation of ITUB by college teachers, i.e., the following 
five evaluation dimensions: the attention relationship between college teachers and 
the object of implementing ITUB RE, the ITUB quantity of college teachers AC, the 
implementation activeness of college teachers’ ITUB EA, the semantic similarity with 
historical ITUB SI, and the affective polarity of ITUB to be implemented SP. Specific 
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statistical results are given in Table 2. According to the table, the overall mean score 
of the predicted status of ITUB enhancement was above the moderate threshold of 3, 
and the mean scores of all five evaluation dimensions were also above 3. This indicates 
that the overall effectiveness of teachers’ ITUB enhancement was moderate to high. 
Teachers scored the highest mean value on the attention relationship with students RE, 
indicating that teachers pay more attention to students and have a more positive attitude 
towards the implementation of ITUB.

To further explore the correlation between the five evaluation dimensions, this paper 
will conduct a correlation analysis using the five evaluation dimensions as dependent 
variables. The analysis results are given by Table 3.

According to the table above, there are significant differences between all five eval-
uation dimensions, which means that teachers’ scores on any of the five evaluation 
dimensions are influenced by their scores on the other evaluation dimensions and are 
mutually reinforcing.

Fig. 5. Graph of ITUB feature scores for a sample of 25 teachers
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Figure 5 gives a graph of the ITUB feature scores of the 25 sampled teachers. 
According to the figure, scores on the three indicators RE, AC and EA among the 25 
sampled teachers have almost all improved. Some teachers made concrete progress 
from nothing in terms of ITUB feature score characterized by the three indicators.

When it comes to the individual variability of a sample of 400 teachers, this paper 
divides the total rating scale for the effectiveness of teachers’ ITUB enhancement into 
four levels: [0,1], [1,2], [2,3] and [3,5]. Figure 6 gives the overall rating scale for the 
effectiveness of teachers’ ITUB. Figure 7 gives the rating scale for each indicator of the 
effectiveness of teachers’ ITUB enhancement. According to the two figures, the major-
ity of teachers scored below 1 on the overall effectiveness of ITUB enhancement, with 
very few scoring greater than 3. The number of teachers who met and didn’t meet the 
criteria for each of the five evaluation dimensions also varied greatly. The number of 
teachers who met the criterion for RE scores was the biggest one out of the five indica-
tors. The reason for this is the increasing attention of teachers to students.

Fig. 6. Overall rating scale for the effectiveness of teachers’ ITUB enhancement

iJET ‒ Vol. 17, No. 22, 2022 127



Paper—Machine Learning-Based Evaluation of Information Literacy Enhancement among College…

Fig. 7. Rating scale for each indicator of the effectiveness of teachers’ ITUB enhancement

8 Conclusion

This paper studies the machine learning-based evaluation of college teachers’ infor-
mation literacy enhancement. Firstly, the paper presents a framework of predictive 
model on information literacy enhancement evaluation of college teachers, and the 
influencing factors of college teachers’ ITUB from the authors’ viewpoint. Then the 
paper presents a framework diagram for extracting ITUB features, along with a detailed 
introduction to specific influencing factors. After that, the paper extracts the potential 
information in the content of information technology behaviour to be predicted. The 
content features of ITUB are characterised by two aspects: content similarity and data 
form features. Next, the paper shows a method for calculating the affective polarity of 
ITUB. It also constructs a predictive model for enhancing ITUB and shows the objec-
tive function of the model. The prediction performance of four classification models, 
namely, support vector machine, random forest, expectation maximisation and Fuzzy 
C-means clustering, was selected in experiments for comparison with the model in 
this paper. Results show that the performance advantage of the model proposed in this 
paper is higher than the other four models. Descriptive statistics were conducted on the 
scores in each dimension of the factors influencing the implementation of ITUB by col-
lege teachers, using the 5 evaluation dimensions as dependent variables. It was verified  
that teachers’ scores on any of the five evaluation dimensions are influenced by their 
scores on the other evaluation dimensions and are mutually reinforcing. We also 
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presented two figures: overall rating scale for the effectiveness of teachers’ ITUB 
enhancement; rating scale for each indicator of the effectiveness of teachers’ 
ITUB enhancement. Experimental results indicate that the effectiveness of teachers’ 
ITUB can be further improved.
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