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ABSTRACT:

Information literacy is an essential skill for self-
learning and lifelong learning, and it is a
fundamental ability for college students to adjust
to the social demands of today. Using the rich
and varied information literacy learning behavior
features to do the learning impact prediction
analysis is a useful method of exposing the
information literacy teaching mechanism. By
building a predictive model of the learning
impact based on information literacy learning
behavior characteristics, this article examines the
features of college students' learning behaviors
and investigates the predicted learning effect.
Data on information literacy learning from 320
college students from a Chinese university was
used in the trial. The qualities of information
thinking and learning effect are significantly
correlated, according to an analysis of college
students' information literacy learning behavior
using the Pearson algorithm. To categorize and
forecast the learning impact of college students'
information literacy, supervised classification
algorithms such Decision Tree, KNN, Naive
Bayes, Neural Net, and Random Forest are
employed. In terms of learning effect
classification prediction, the Random Forest
prediction model is found to perform the
best.92.50% accuracy, 84.56% precision,
94.81% recall, 89.39% F1-score, and 0.859
Kapaa coefficient are the values obtained. In
order to improve the quality of information
literacy instruction, optimize educational
decision-making, and support the long-term
development of exceptional and creative talent in
the information society, this paper proposes
differentiated intervention suggestions and
management decision-making references for
college  students’ information literacy
instruction.The results of our research on the
direction and way of thinking behind the
sustainable development of information literacy
training were promising.

INDEX TERMS Machine learning,
information literacy, learning behavior

characteristics, learning effect,
innovative talents.

INTRODUCTION:

The 21st century requires mastery of
communication, network technology, and
computer technology due to the rapid
development of information technology [1].
Information literacy is a crucial component of
college students' core literacy in the
information age. A sort of adaption to the
information society is information literacy.
The cultivation of inventive skills and the
sustained development of future talents are
closely linked to college students' information
literacy [2], [3].Cultural literacy and general
quality  include information literacy.
Developing the information literacy of
college students has already emerged as a
significant problem in contemporary higher
education. Along with information awareness
and social ethics, information literacy
encompasses the fundamental understanding
and abilities of information and information
technology, as well as the capacity to use it for
learning, collaboration, communication, and
problem-solving. People from many areas of
life are currently interested in information
literacy education. To varying degrees,
information literacy instruction has been
implemented by education departments and
libraries in the US, UK, Australia, and other
nations.Together with four other Chinese
departments, the Ministry of Education
released the "key points of improving the
digital literacy and skills of the whole people
in 2022" in 2022. In the upcoming years, it is
anticipated that students' digital and
information literacy will continue to advance.
[4].Information literacy has also drawn
increasing amounts of academic interest in
recent years as a result of the growth of
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artificial intelligence technology, the impact
of online and hybrid learning, and other
factors. In order to implement focused
information literacy instruction, numerous
colleges and institutions both domestically
and internationally ~ have launched
information literacy courses in a variety of
ways. Sun Yat-sen University's "Information
Literacy General Course - A Compulsory
Course for Digital Survival,” Tsinghua
University's  "Information  Literacy: A
Compulsory Course for Academic Research,"
Wuhan University's “Information Literacy
and Practice - A Pair of Academic Eyes," and
Sichuan Normal University's "Information
Literacy and Lifelong Learning (Autonomous
Mode)" are all available on the University of
China's MOOC platform. [5] Given how
college students are currently taught
information literacy, a number of issues have
surfaced.

Learning prediction is a highly relevant topic
in the big data sector of education. One of the
fundamental problems in learning analysis is
the prediction of learning effects. Its main idea
is to forecast the learning effect using a variety
of data produced by students during the
learning process and the machine learning
approach. The prediction findings show that
teachers can quickly ascertain the learning
status of their students and make necessary
interventions in the learning process. For
instance, modifying teaching methods,
enhancing students' study habits, etc. Hao and
Wufati.[6] From principle research and
application value to application in learning
behavior analysis, data visualization, and
learning  prediction, learning  analysis
technology has advanced (Hang et al. [7].
According to AlShammari et al., learning
prediction is predicated on learning
achievement, learning objectives, and
learning capacity. It also forecasts learning
experience and learning impact based on the
traits of learning behavior prior to and
following learning. [8]. Theoretical models,
empirical studies of prediction models,
algorithm comparisons, algorithm
development, early warning factor research,
literature reviews, and more are all included in
the prediction of learning outcomes.
Regression analysis, neural networks, Bayes,
and other techniques are used to predict
students' learning outcomes and performance.
Gangshan and Gaihua [9]. Artificial
intelligence technology can assist school
institutions in using data to promote equity
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and quality in education, according to
UNESCO's 2019 report, Artificial
Intelligence in school: Challenges and
Opportunities for Sustainable Development
[10]. Using machine learning and educational
data mining technologies to create learning
impact prediction models in a

TABLE 1. Abbreviation of professional terms.
data-driven manner—that is, by
automatically learning from data to create
prediction models—is the current research
trend and area of attention.

Based on how college students learn in
information literacy classes, this study
combines several distinct behavioral data
points to produce an integrated data link.
College students' learning effects are
categorized and predicted through predictive
analysis and evaluation of several machine
learning classification models. The following
inquiries are the main topic of this
investigation.

(1) What are the better predictors of
learning effects among college students'
information literacy learning behavioral
characteristics?

(2) Which machine learning models,
according to the study sample, perform
better and are more effective at making
predictions?

(3) In addition to the study findings,
what diagnostic observations were made
for use in instructional interventions and
learning recommendations?

Il. LITERATURE REVIEW:

In order to increase college students'
information literacy, this study reviewed the
literature on the analysis of learning behavior
features and the prediction of learning effects.

The literature data is mostly based on
pertinent research conducted in the last three
years and is primarily sourced from common
databases for international paper retrieval,
such as Web of Science, Scopus, Ei
Compendex, etc. As indicated in Table 1, the
reference texts are uniformly described due to
the abundance of professional terminology
and machine learning algorithm terms. This
study examined the literature on the analysis
of learning behavior aspects and the
prediction of learning effects in order to
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improve the information literacy of college
students.

Acronyms Description

A L

Machine Learning

ITUB Information Technology Usage Behaviour

P E Preferences for Smart Classroom Learning
Crvitonments

11.55 Information Literacy Skills

ISB Information-Secking Behavior

B3l Case-Based Learning,

NN 1Deep Neural Network

CNN Convolutional Neural Network

S5VM Support Vector Machine

GBDT Gradient Boosting Decision Tree

LR

KF

Logistic Regression

Random Forest

KNN K-Nearest Neighbor

BP-NN

Back Propagation Neural Network

The majority of the literature data comes from
common databases used for worldwide paper
retrieval, including Web of Science, Scopus,
Ei Compendex, and others, and is based on
relevant research that has been done in the
recent three years.

The reference texts are universally
characterized because of the prevalence of
machine learning algorithm phrases and
professional vocabulary, as shown in Table

1.

development of certain information literacy
skills; online courses; or the connection
between information literacy and intelligent
environments.  Research  methodology
literature  comparison:  While  some
researchers employ machine learning
technologies, the majority mostly use
quantitative and qualitative research,
questionnaire surveys, data mining, and
manufacturing quality experiences. The
application of machine learning is indicated
by the checkmarks in Table 2. The
literature claims that researchers rarely
employ machine learning techniques to
conduct pertinent research and instead
mostly employ traditional research
methodologies.

Comparing the literature in order to find:
Researchers have produced productive
exploratory findings. To improve the use of
information literacy, for instance, some
researchers develop prediction models, some
investigate novel approaches to teaching
information literacy, and some design an
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appropriate  teaching  modality.  Few
advancements have been made in the analysis
of information literacy learning behavior and
the development of learning effect prediction
models, according to the literature. Table 2
provides a summary of the comprehensive
comparative research.

B. MACHINE LEARNING-BASED
LEARNING BEHAVIOR ANALYSIS AND
LEARNING

EFFECT PREDICTION Researchers have
studied the learning effect and learning
behavior analysis from a variety of
perspectives. The following are specific
literary analyses and comparisons:

Comparing the literature in the field of study:

The study primarily focuses on curriculum
evaluation, learning quality analysis, teaching
model effect, learning performance, and
teaching effect prediction model research.

Literature ~ comparison  on  research
methodology: Neural networks, decision
trees, support vector machines, and other
machine learning algorithms make up the
majority of research methodologies. Table 3's
checkmarks indicate the application of
machine learning. Individual investigations
employed quantitative research and thorough
analysis.

Literature comparison on the following
findings: Numerous study findings are based
on machine learning algorithms. For instance,
models for predicting performance, analyzing
students’ willingness, predicting the impact of
classroom instruction, diagnosing learning
behavior, etc.

Researchers have studied learning behavior
analysis and the learning impact from a variety
of perspectives. The following are specific
comparisons and analyses of the literature:

Comparing the literature in the field of study:

The study primarily focuses on curriculum
evaluation, learning quality analysis, teaching
model effect, learning performance, and
teaching effect prediction model research.

Comparison of research  methodology
literature: The majority of research techniques
rely on machine learning algorithms, such as
support vector machines, neural networks, and
decision trees; Individual investigations
employed quantitative research and thorough
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analysis.

Literature comparison on the following
findings: Numerous study findings are based
on machine learning algorithms. For instance,
models for predicting performance, analyzing
students’ willingness, predicting the impact of
classroom instruction, diagnosing learning
behavior, etc.

TABLE 2. Research on information literacy learning behavior and learning effect.
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In conclusion, theoretical deduction and
experience form the basic basis of modern
information  literacy  research,  which
establishes the hypothesis that certain
elements are associated to academic success.
Data is then gathered through questionnaires
and interviews in order to examine and

Ref, Domain ML Methodology Finding
Hot Spots and o , . Assessment tools, information security, and personalized
[11] 0 Bibliometric analysis . _ :
Enlightenment : leaming recommendations
[12] Evaluation of Enhancement v MI Constructs a predictive model for enhancing ITUB
; Smart Classroom s A high level of information literacy obtained
[13] 1 A quantitative method |, . : SO
Preferences significantly higher scores on PSCLE
" Tt _ D - Discusses several strategies of information literacy
- raining Strategies ata mining . " )
[14] S o ‘ b education under the background of big data
(15 Online Course Based on Ao s The “MOOCSPOC#Flipped Classroom” teaching
. Analyzes the data
MOQC ' : method
[16] Assessment of ILSs and 15B Quantitative research  Enhancing the ILSs of medical students
" The Frame of Evaluation Means of : , i
[17] iy The methods to improve information literacy
Index (uestionnaires .
_ Statistical free software
[18] Assess the Self-ssessment 2 Explore new teaching methods
Factorial quasi- Improve metacognitive abilities classified based on
(19] Metacognitive Abilities : : horshsdunll
experiment students’ information literacy
. . Sy Quantitative
, Evaluation of Information i s A ; \
[20] i evaluation and data  Establish a reciprocal teaching mode
Aleracy oy
: mining
.. S , Directed qualitative  The CBL unit was effective in increasing their
[21] Critical Thinking Skills , , g 3% : :
content analysis information literacy and critical thinking skills
Analyzes their media selection tendency, media usage
[22 Cross-Media Data Analysis ¥ DNN time, positive influence, and the relationship with new
media literacy
A Multilevel Modeling ‘ . ) .
(23] Multilevel modeling  The models related to teacher and student characteristics

Approach
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Ref.  Domain ML Methodology Finding
o Predicting and Analyzing LR RE O Several prediction models have been created to predict
- R ' ) V , N LN N
Performance performance
Management of Learning | Alightweight CNN
[2] Sl Coners can be used to detect student attention
Quality of Online Courses model
o _ , SVMOptimization  The redundant information is filtered through
(2600 Information Anxiety \ : PR .
: Alogrithm optimization algorithms model
> Prediction Model for the R 2 T :
7] r i i Aprior algorithm  Predicting the effect of Two courses classroom teaching
Teaching Effect : ‘
Prediction Model
8]  Innovation and v GBDTLR A model for analyzing students’ willingness
Entreprencurship
: ; .. Numeracy and Literacy Aptitude Analysis and
9] Enhanced leaming V' Several MLalgorithms " ' '
'rediction
Behavior Analysis and 7 : RN
] : v o v Kemeans Data are selected lo describe the student’s behavior
Management
Effect of College English Comprehensive : . T ey
[31] B 416 : Aimed to investigate the students’ learning effect
Blended Teaching Mode analysis
Perception of Electronic . Indicated e-learning perceptions' in knowledge mastery,
[32] . Quantitative model . e e
Learning social competence, and media literacy abilities
Analysis of Practical Association amalysis N
[3] Ry , Assist the training teachers to strengthen management
Teaching Effect algorithm
Technology Integration in 2 e Technology-incorporated teaching effectively enhances
[M] . - Systematic Review ‘ ‘
Teaching-Learning ractices teaching practice
I | 4 »
35 Course Assessment v Several ML algorithms Assess the effect of engagement on student performance
Hybrid educational data | % Proposed model evaluates the student performances
[36] e Data mining and ML L 2
mining model based on distinctive factors
o Learning Performance | e MLmode A learning behavior diagnosis modef combining
¥ i ‘ive ML models &
Prediction decision tree and DNN
3 Prediction Index of . BP-NN decision o o :
3] , \ : Timely and effective teaching intervention
Learning Results tree,Naive Bayes :
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validate the theory. It is challenging to
ascertain the quantifiable relationship between
certain elements and academic
accomplishment, and this approach can only
demonstrate the correlation between these
factors and academic achievement. There is a
dearth of data intelligence analytic research on
information literacy education, and machine
learning and data mining technologies are
rarely applied. To create models for predicting
academic accomplishment, some researchers
employ decision trees, neural networks, and
other algorithms; nevertheless, there is a dearth
of research on the impact of learning literacy
on prediction.

Learning prediction research has great
technical support thanks to the ongoing
development and maturation of intelligent
technologies like data mining, emotion
analysis, and pattern recognition, particularly
when combined with machine learning
technology and the field of education. The
use of educational data mining and other
technologies is still the current research trend,
despite several studies pointing out the
detrimental effects of artificial intelligence
on educational research.

Building an information literacy learning
behavior characteristic analysis and learning
effect prediction model for college students
that is easy to use, has good prediction
performance, and allows for differential
recommendation and intervention based on

prediction results is therefore an urgent

problem.
I1l. MATERIALS AND METHODS
A. RESEARCH TOOLS

Among the often used learning prediction
technologies are Rapidminer, Python, SPSS,
Weka, and others. Model performance
evaluation, feature set selection and
classification
preprocessing are the primary uses of SPSS
and Rapidminer analysis tools in this work.
Machine learning is the primary application

for Rapidminer. The most popular data

mining and machine learning program in the

world is called Rapidminer. It has robust
machine learning algorithms and offers

features including data preparation and
visualization,  statistical modeling and
predictive  analysis,  assessment, and
deployment[39].

prediction, and data
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B. RESEARCH GOAL AND SOURCE OF
DATA

The requirements for information literacy
vary by location due to regional
characteristics. As a result, general criteria
should not be the only ones used when
creating information literacy standards [40].
In the earlier study, the research team
developed an index system for evaluating the
information literacy of college students [41].
For this paper, the index system offers a
fundamental reference tool. The research
team developed the information literacy
learning behavior characteristics observation
scale for college students based on this
assessment index after observing, measuring,
extracting, and characterizing the information
literacy learning behavior characteristics of
college students. Awareness and attitude,
knowledge and skills, application and
creativity, ethics and accountability are all
included in the scale. The comprehension of
the significance of information technology is
the primary focus of awareness and attitude.
Information technology knowledge and skills
are the primary emphasis of knowledge and
skills. The primary focus of application and
innovation is on creative use of information
technology and cognitive thinking.
Information laws, rules, and moral principles
are the primary emphasis of morality and
responsibility. There are 28 indicators at the
third level, nine indicators at the second level,
and four indicators at the first level. This
study categorizes students' learning scores
into five groups: exceptional (5), good (4),
medium (3), qualified (2), and unqualified (1)
in order to assess the learning impact of the
students. Likert's five-level scale is matched
to each of the three-level indicators of
information literacy learning behavior traits of
college students: "l=never,"” "2=seldom,"
"3=sometimes," "4=often,” and "5=always."
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The observed markers of college students'
information literacy learning behavioral
traits are detailed in Table 4. Together with
the aforementioned, the four domains of
learning behavior are explained as follows:
learning behavior in knowledge and skills,
learning behavior in application and
invention, learning behavior in morality
and responsibility, and learning behavior in
consciousness and attitude.

Information perception consciousness (IPC),
information application consciousness (IAC),
and lifelong learning consciousness (LLC) are
the main components of learning behavior in
consciousness and attitude.

Identifying and categorizing information
(IPC1), finding, filtering, and evaluating
material online (IPC2), and assessing the
accuracy and dependability of information
sources (IPC3) are examples of specific
actions. applying knowledge and techniques
connected to information technology to solve
problems (IAC1); using tools like mind
mapping to support learning (IAC2); Using
Technology to Promote Professional and
Personal Development (LLC2); Leveraging
Technology to Promote Lifelong Learning
(LLCY).

Learning behavior in terms of skills and
knowledge: primarily including information
application skills (IAS) and information
science knowledge (ISK). Understanding
various operating systems, word processing
software, graphics and image processing
software, and video and audio processing
software operation methods are examples of
specific behaviors (ISK1); comprehend the
evolution, current state, and potential trends
of information  technology  (ISK2);
Understand the fundamentals of information
retrieval and assessment, classification, and
storage techniques (ISK3); Learn the
fundamentals of data literacy, visual literacy,
information literacy, and other multiliteracy
(ISK4); To locate the necessary information,
use a variety of search engines and network
platforms (IAS1); Sort the data into
categories and display it in tabular style
(IAS2); information identification and
analysis using a variety of techniques and
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procedures (1AS3); Make useful
informational resources centered on certain
educational subjects or based on particular
teaching material (I1AS4).

Applying and innovating behavior learning:
primarily of information behavior (IB) and
information thinking (IT). Define and
recognize implicit ~ assumptions in
information, as well as infer information
(IT1), are examples of specific actions.
Implement successful instructional activities
and carry out targeted information-based
instructional  design (IT2); leveraging
information technology to assist with
management and services (IT3); Create
answers to problems by utilizing appropriate
algorithms and integrating resources (1T4);
Create and manage material using
collaborative  technologies like shared
documents, project management software,
etc. (IB1);Utilize cutting-edge means for
communication (such as video conferencing,
data sharing, and application sharing) to
interact with others (IB2); create creative
educational apps (IB3); to conduct
cooperation and exchange in information
technology (1B4).

Acquiring moral and responsible behavior:
primarily encompassing information laws
and regulations (ILR) and information ethics
(IE). Among the specific behaviors are:
Using learning resources in a healthy and
appropriate manner to establish a positive
information learning environment (IE1);
controlling one's own information-ethical
behavior and monitoring those of others
(IE2); Respect the network civilization
convention, clean up the network language,
and engage in civilized and courteous
communication and learning (IE3); impart
knowledge of the rules, laws, and ethics
pertaining to the use of technology (ILR1);
Make it clear that everyone has equal access
to information and that the intellectual
property rights of others are respected
(ILR2).
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TABLE 4. Observation scale of infarmation literacy learning behavior characteristics of college students,

First level ~ Second level

e i Observable behavior

indicators  indicators
1) Identify and classify information (IP'C1)

1 IPC2)  Using the Web to find, filter, and judge information (IPC2)

3)  Determine the correctness and reliability of information sources (IPC3)

Consclousness 1) Using information technology related knowledge and methods to solve problems (IACT)
and Attitude £ TAC 5)

Using information technology tools such as mind mapping tools to assist learning (IAC2)

g 6)  Leveraging Information Technology to support Lifelong Learning (LLCI)
LLC

7)  Using Information Technology to Support Professional and Personal Development (L.LC2)
8)  Understand all kinds of operating systems, word processing software, graphics and image
processing software, video and audio processing software operation method (I5KT)
9)  Understand the history, basic status and future trend of information technology (15K2)
1 15K 10) Master the basic knowledge and technology of information retrieval and evaluation,
information classification and storage method (ISK3)

1) Master the basic scientific knowledge of information literacy, data literacy, visual literacy

Knowledge and other multi-literacy (ISK4)
and Skills

12) - Use various search engines and network platforms to find the required information (IASI)
13) Classify the information and present the information in a tabular form (IAS2)
14) Identification and analysis of information through various approaches and methods (IAS3)

15) Create valuable information resources based on specific teaching content or topics (IAS4)

16) Define and identify implicit assumptions in information, and deduce information (IT1)

17) Carry out targeted information-based instructional design and implement effective
Lo instructional activities (IT2)

18)  Using information technology to support services and management (IT3)

19) Construct problem solutions by integrating resources and using reasonable algorithms

Application
itz (Im4)
[UN : .
g 20) Use collaborative tools to create and manage content (such as project management

systems, shared documents, etc.) (IB1)
21} Use advanced communication tools to communicate with people (e.g. video conferencing,
data sharing, application sharing) (1B2)
Developing innovative teaching applications (163)
To carry out information technology cooperation and exchange (1B4)

=2
L

3
3
—

o
—
—

Healthy and correct use of learning resources to create information environment (IE1)

ro
1
_—

Restrain one's own information ethical behavior and supervise others’ information
1 IE behavior (112)

26)  Abide by the network civilization convention, purify the network language, civilized and
polite learning and communication (IE3)

Morality and
Responsibility

27) Impart knowledge of laws, regulations and ethics related to technology utilization (ILR1)
2 IR o

Learn the right to access and access information equally and respect the intellectual
property rights of others (ILR2)
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C. METHOD OF RESEARCH

This study primarily consists of data
preprocessing, feature extraction, method
selection, model training, performance
evaluation, and result analysis in accordance
with the general process of learning analysis
and machine learning.

Figure 1 depicts this study's primary technical
path:

(1) Based on data cleaning, the correlation
between learning behavior characteristics
and learning effect is computed; observe
and examine the relationship between
learning effect and predictive factors, and
determine the feature subset involved in
model creation.

(2) The ten-fold cross-validation approach is
used to train and evaluate the five models.

(3) By repeatedly tweaking the algorithm
parameters, the prediction effect of a
single prediction model can be enhanced.

(4) Determine the best prediction
algorithm model by conducting
comparative analysis and evaluation
of prediction effects.

D. Gathering and preprocessing data
1) Information Gathering

In 2022, the study group of the "Research on

Information Literacy of College Students
Supported by Smart Campus,” a teaching
quality initiative in Anhui Province, China,
conducted a "Special Survey on Information
Literacy of College Students,” which
provided the research data. The study, which
includes students from a range of academic
and professional backgrounds, investigates
the effects of dispersed, random, and
representative data on the student population.
In 2020, Huainan Normal University's 320
junior students' information literacy course
performance data and learning behavior
questionnaire data were used to get the data.
A web-based questionnaire was used to
gather data, and students in each class were
given it in batches.

The questionnaire's overall recall quality was
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very high since a pre-survey was carried out
before it was disseminated to determine
whether the subjects properly understood the
questions, whether the expression was
suitable, and how cooperative they were. The
data exhibits a positive distribution, minimal
variation, and strong validity and
dependability.

2) PREPROCESSING DATA

A descriptive statistical overview is
presented in Figure 2. Numerical numbers
are represented by the vertical axis, whereas
variables are represented by the horizontal
axis. It provides some indication of each
variable's data outcomes. A few outliers and
missing values were found via the
descriptive statistics. The figure displays
each feature subset's Min, Max, Average,
and Deviation. For IAC1, IPC3, and IPC2,
Average ranks in the top three, while I1B4,
IB2, and IB3 rank in the bottom three; for
Deviation, IE1, IPC1, and IAC1 rank in the
bottom three, while 1B4, 1ISK2, and 1SK3
rank in the top three.

Data preparation, which included operations
like missing value processing, aberrant data
processing, and data transformation, was done
on the collected learning behavior
characteristics and performance data to
guarantee the caliber of the categorization
learning model design. processing outliers.
The training set's null data and other
anomalous data were eliminated using SPSS.

The box plot is then used to eliminate the
data’s outliers. 315 captured data were
ultimately kept after data cleaning.
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transformation of data.  Operationally
transforming the data in the obtained training
set is necessary to allow the machine learning
model to achieve better recognition. The term
"nominal attribute™ should be used to describe
the learning impact attribute. The qualities at
the transformation level are "5=Excellent,”
"4=Good," "3=Medium," "2=Pass,"” and
"1=Fail."

IV.RESULTS AND DISCUSSION

A. correlation analysis of the characteristics
of learning behavior and the learning effect

Correlation analysis of learning behavior
traits and learning impact can be used to
model feature subset selection. The study of
two or more components of related variables
as a gauge of their level of relationship is
known as correlation analysis. For correlation
analysis to be carried out, related items must
have some sort of association or likelihood.
We can claim that two variables have a high
correlation if they are strongly interdependent.
Both groups are considered to be positively
correlated if their values rise simultaneously;
a negative correlation occurs when one
group's value rises while the other group's
value falls.

The correlation is computed here using
Pearson's technique. With a correlation
between -1 and 1, Pearson's correlation
coefficient is a crucial indicator of how two
variables are related to one another. The
number of correlation coefficients acquired is
as follows if there are P linked variables and
the correlation coefficient between the two
variables needs to be determined:

Rpxp =p(p — 1)/2

The correlation matrix can be found by
arranging the variables in numerical squares
according to their numbering. The correlation
coefficient above the diagonal has a
symmetric relationship with the section
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below, and the two identical variables on the
diagonal from top left to bottom right both
have values of 1.

The linear correlation between the current
variables was measured by calculating the
Pearson correlation coefficient between each
variable and the learning effect. Figure 4
displays the correlation coefficients between
the variables. The significance plot is the
intersection of the two variables in the rows
and columns, and the correlation coefficient is
indicated by the color knob at the bottom.
Figure 3 illustrates the relationship between
the learning effect and the predictor factors. R
accepts values in the range of -1 and +1. The
two variables are said to be positively
correlated if r>0, meaning that the larger the
value of one, the larger the value of the other;
conversely, if r<0, the two variables are said
to be negatively correlated, meaning that the
larger the value of one, the smaller the value
of the other. Stronger correlations are those
with bigger absolute values of r; weaker
correlations are those with smaller absolute
values of r [42].

By computing  Pearson's  correlation
coefficients between the variables of college
students' information literacy and the learning
effect, the linear correlation between the
variables that were already present was
determined. The great majority of predictor
factors were shown to have some positive link
with learning outcomes. The examination of
learning behavioral traits is supported by the
correlations, which show some variety.

1) Examining the characteristics of high
correlation learning behavior: IT1, T4,
IAS], IT2, and IT3 are the top five factors. It is
evident that the most important relationship
between information thinking (IT) and the
learning effect in application and innovation.

2) 1T1 had the strongest association with the learning effect (0.810), followed by 1T4 (0.768) and IAS1 (0.766).
IT1 is the definition, detection, and inference of implicit assumptions in information. 1T1 focuses on
targeted critical cognition and information mining. 1T4 is employing
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FIGURE 3. Correlation matrix data,
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logical algorithms and resource integration
to build problem solutions. The creation of
information is the focus of 1T4, which also
emphasizes the growth of creativity and
particular solutions to issues. To find the
necessary information, iasl uses a variety of
search engines and online resources. Itisa
skill for applying information. The capacity
of college students to obtain knowledge is
the main emphasis of this learning behavior.
The analysis's findings point to the
improvement of knowledge and abilities
related to information acquisition as well as
the development of application and
innovative skills. Including techniques for
critical thinking in the information literacy
curriculum Zhuozhuo et al. [43] is a crucial
tactic to boost college students' capacity for
creativity and invention and to overcome the
information literacy education bottleneck.
The development and enhancement of
students' information literacy knowledge and
abilities, particularly the enhancement of
information acquisition skills in the
information age, should continue to get
emphasis.

3) EXAMINATION OF
CHARACTERISTICS OF LOW
CORRELATION LEARNING

ILR2 had a correlation of 0.430 with the
learning effect, LLC2 had a correlation of
0.484, and IPC1 had a correlation of 0.486.
LLC2 is employing information technology
to enhance professional and personal
development, whereas ILR2 is learning equal
access to information and respecting others'
intellectual property rights; Information is
identified and categorized by IPC1. These
three learning behaviors are abstract from the
standpoint of learning behavior presentation
space; from the standpoint of learning
behavior presentation time, they are less
integrated with the study, life, and current
learning environment of college students
than other learning behavior characteristics.
This serves as a guide for future pedagogical
development, which calls for college students
to respond to these indicators with more
efficient and successful learning practices.

4) DEFINITION OF A SUBSET OF
CHARACTERISTICS IN LEARNING
BEHAVIOR

March 2025 IJSDR | Volume 10 Issue 3

Three learned behavioral features—IPC1
(0.486), LLC2 (0.484), and ILR2 (0.430)—
with correlations less than 0.500 were
excluded from the prediction model
generation process in order to improve
prediction models and produce better
prediction outcomes with fewer features.
Additionally, the gender variable was
excluded from the prediction model
construction due to its

-0.103 degree of association with the learning
effect.

In conclusion, a subset of 25 elements of
college students' information literacy
learning behavior are still in place, including
IT1, 1T4, 1AS], IT2, IT3, ILR1, IAS4, IB1,
ISK4, IEL, IE3, IACL, ISK3, IPC2, IASS,
IB2, LLC1, IE2, IAS2, IPC3, ISK1, IB3,
ISK2, IB4, and IAC2.

B. LEARNING EFFECT PREDICTION
USING CLASSIFICATION MODEL

The binary classification model's
performance evaluation criteria include F1-
Score (F1), Accuracy, Precision, and Recall.
[44]. The numbers of positive samples with
correctly predicted learning effects are
denoted by TP, the number of negative
samples with correctly predicted learning
effects by TN, the number of samples that
were mistakenly predicted as positive by FP,
and the number of samples that were
mistakenly predicted as negative by FN.

The percentage of correctly predicted
samples in the classification model is known
as classification accuracy, and it indicates
how accurate the classification as a whole is.

Accuracy = (TP + TN)/(TP + TN + FP +
FN)

The precision, or the percentage of true
positive instances among all results
predicted as positive, is calculated by
dividing the number of positive cases
properly predicted by the classification
model by the number of all positive cases
projected by the model.
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Precision = TP/(TP + FP)

The recall, or the percentage of true positive
cases that the classification model detects, is
the ratio of the number of positive samples
that the model correctly predicted to the total
number of positive samples in the test set.

Recall =TP/(TP + FN)

Precision and Recall are used to provide the
F1-Score, a comprehensive metric. The F1-
Score is a strong complete evaluation metric,
and the higher the value of this metric, the
better, because Precision and Recall are two
measurements that contradict each other, and
various problems focus on different criteria.

F1 — Score = 2 x Precision x
Recall/(Precision + Recall)

One indicator of classification
accuracy is the kappa (KIA)
coefficient. Kia is an index that makes
it possible to compute categorization
and overall consistency. An evaluation
of a multi-classification model's
accuracy is conducted using the KIA.
The model achieves a higher
classification accuracy the larger the
value of this coefficient. The kappa
coefficient can be computed in this
way. Po stands for the percentage of
consistency or accuracy cells in
observations. The percentage of cells
that are contingently consistent or
anticipated to be contingently
consistent is denoted by Pc.

KIA = (Po — Pc)/(1 -
Pc)

Predicting college students' learning impact
levels using their information literacy
behavioral performance indicators is the
primary goal of prediction model selection.
Since this is a common classification
problem, the prediction performance of
various models is compared independently
for this research sample using the traditional
machine learning classification algorithm.
Ten-fold cross validation is used to train and
evaluate the five models in the following. In
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order to maximize the use of samples, the
dataset is first split into ten parts, nine of
which are rotated as training data and the
remaining one is used as test data. The model
Is then trained by averaging the correct rate
each time as the evaluation value of the
algorithm accuracy.

1) THE DECISION TREE

Using recursive binary partitioning on the
feature space, the greedy decision tree
algorithm classifies instances according to
features. The sample data is compared
with the decision tree's feature nodes
starting at the root node. The branches at
the following level are chosen to continue
the comparison depending on the judgment
result, and the classification result is the
last leaf node [45]. Decision trees have the
advantage of being quicker to classify and
easier to read [46]. The "gain ratio" is used
by the C4.5 decision tree technique to
choose the best partitioning attribute.

When the core parameter Maximum depth is
set to 8, the minimum leaf size is set to 2,
and the confidence level is set to 0.1, the
model's best recognition impact is achieved
by training and optimization of the Decision
Tree parameters. Figure 5 illustrates the
experimental procedure for obtaining a
decision tree. Examine the outcomes of
several tests to obtain the ideal accuracy rate
of 84.17%.

2) K-NEAREST NEIGHBOR

0.400

0.200

0.200

FIGURE 4. Correlation between predictor variables and learning effect.
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A statistical classification-based approach is
the K-Nearest Neighbor (KNN) algorithm.
This algorithm's drawback is that it is
insensitive to outliers, but it has the
advantage of not having to divide the vector
space made up of all data records and
improving classification by using the model
data to identify K similar vectors [47].

The model recognition impact is optimal
when the core parameter K is set to 6 after
training and optimizing the KNN parameters.
Figure 6 displays the results of the KNN
experimental technique. The results of
several trials are examined in order to
determine the ideal accuracy rate, which is
90.83%.

3) NAIVE BAYES

The Naive Bayes algorithm uses probability
theory to detect and classify data. In addition
to using sample data with previous
information to calculate the posterior
probability of occurrences, the technique is
able to connect the prior and posterior
probabilities of events. One of its benefits is
that the model is easy to build and has
excellent stability and efficiency [48].

The model recognition impact is optimal
when the core parameter minimum
bandwidth is set to 0.2 after training and fine-
tuning the Naive Bayes parameters. Figure 7
illustrates the experimental process for
getting Naive Bayes. The results of several
trials are examined in order to determine the
ideal accuracy rate of 90.00%.

4) The neural network

A neural network is a mathematical
representation of a biological brain
network used for information processing;
neural networks are successfully used to
solve classification difficulties [49]. The
input layer, hidden layer, and output layer
make up the majority of neural networks.

When the Neural Net parameters are trained
and optimized, the model's best recognition
effect is achieved with momentum set to 0.9,
training cycles set to 200, and learning rate
setto 0.01. Figure 8 illustrates the
experimental procedure used to create
Neural Net. The ideal accuracy rate, based
on the findings of several trials, is 91.67%.
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5) RANDOM FOREST

In order to increase randomness, prevent
overfitting, and integrate the outcomes of a
single decision tree in accordance with the
rules of bagging, Random Forest uses
random sampling of data samples and
features to train multiple tree classifiers. This
approach avoids learning all samples and all
features per tree [50]. In order to create K
classification regression trees, the training
sample data is sampled using put-back.
Assuming that the feature space contains n
features, m features are randomly chosen at
each tree's nodes, requiring m < n. Each tree
is allowed to grow as much as possible
without pruning, forming a forest with
multiple trees, and the classification results
are based on the number of tree classifiers
that vote. The Random Forest model's best
recognition result was achieved by training
and fine-tuning its parameters. The criterion
was set at gain_ratio, and the number of
trees parameter was set to 150. Following
multiple executions, Figure 9 displays the
Random Forest's experimental outcomes.
Examine the outcomes of several tests to
achieve the best accuracy rate of 92.50%.
Following each model's parameter
adjustment, Table 5 displays the prediction
results for each model. Figure 10 provides a
visual representation of the prediction
models. The kappa taking value range
denotes varying degrees. 0.4~0.6: moderate;
0.6~0.8: significant; 0.8~1.0: nearly perfect;
0.1~0.2: minor; 0.2~0.4: fair [51]. Each
model's overall consistency and
categorization consistency are typical and
essentially meet the requirements..

Figure 5. Selection process of decision tree
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.
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According to the examination of the figure.8. selection process of Neural Net
prediction results, Random Forest has the hyperparameters
highest Accuracy (92.50%), followed by
Neural Net and KNN; Naive Bayes has the [ = Acowmcy |
highest Precision (93.06%), followed by oz
Random Forest and KNN; Random has the
highest Recall (94.81%), followed by KNN o~ 1
and Decision Tree; Random Forest has the
greatest F1-Score (89.39%), followed by
KNN and Naive Bayes; Random Forest has -
the highest Kapaa (0.859), followed by !
Neural Net. According to the results of
every indicator, the Random Forest
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DISCUSSION

Exploring the qualities that can be explained
and relied upon for improving the training
process is more significant than only aiming
for the high accuracy of the machine learning
prediction model [52]. The correlation study
clarifies the intervention strategies required to
raise the standard of instruction for college
students' information literacy. The learning
behavior features of college students'
information literacy are analyzed using the
Pearson method, which shows that
information  thinking and information
application skills—in particular, information
thinking—have a stronger link with learning
outcomes. The goal of teaching information
literacy should be to foster students' creativity
and practical skills. From the standpoint of
information transfer, several colleges make an
effort to foster critical thinking [53]. Some
academics suggest integrating critical
thinking into professional courses as part of
an information literacy education model [54],
adopting an information literacy education
model that incorporates innovation and
entrepreneurship training for college students
to foster students' innovative thinking through
the use of the "holistic thinking approach”
[55], and enhancing critical reflection skills
based on the "163" information literacy
education system of “Internet+" [56].
Nevertheless, there isnt a comprehensive
training program for critical and creative
thinking skills.

The classifier produced by the Random Forest
algorithm performs optimally in terms of
prediction performance for all model types
when the four metrics of accuracy, precision,
recall, F1 value, and kappa are combined. In
general, the results of comparable research
like Juan et al. [57] and Faqin et al. [58] are
consistent with the increased prediction
accuracy, which demonstrates the impact of
machine learning algorithms applied to
learning effect prediction modeling. We can
more precisely forecast the learning impact of
college students' information literacy
instruction, direct the modification of
instructional  strategies and  resource
allocation, and effectively ensure the quality
of instruction by employing the Random
Forest algorithm model for this purpose.
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V.CONCLUSION:

The findings demonstrate that the prediction
model put out in this work significantly
influences college students’ development of
information literacy. On the one hand, a
more significant association between
information thinking, information
application skills, and learning effect is
revealed by an algorithmic analysis of the
learning behavior features of college
students’ information literacy. The
development of information thinking skills
should be prioritized, but the development of
information acquiring skills should not be
overlooked. From the earliest stages of
talent development and the cultivation of
exceptional and creative talent, universities
should recognize the significance and
necessity of teaching college students
information literacy. In order to provide
intelligent learning tools and learning
environments that support independent,
cooperative, and research learning, integrate
critical thinking techniques into the
information literacy education system, create
a long-term assessment mechanism focused
on the development of critical thinking, and
actively support college students' critical
thinking cognition and knowledge creation
skills, it is imperative that network and
multimedia technologies be fully utilized.
On the other hand, it is essential to
streamline the learning materials.

Prediction results of the classification model.

TABLE 5,

Model Accuracy Precision  Recall  Fl-Score  Kapaa
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and consistently instill and mentor college
students to develop the idea of lifelong
learning. In conclusion, this study suggests an
effective machine learning approach to
characterize the learning behaviors and
predict the learning effects of information
literacy among college students. It employs
data-driven thinking to encourage teachers
and students to optimize their learning paths
and improve the effectiveness of information
literacy instruction. It also strongly supports
the implementation of differentiated teaching
decision-making [59] and the construction of
a long-term mechanism for differentiated
educational decisions through a data-driven
approach. This study gives educational
administrators a more reliable data base to
analyze the potential connections between
information literacy education phenomena
and outcomes, ultimately increasing the
success rate of educational decisions.

There are still restrictions even though this
study has done some research. Although
machine learning techniques are somewhat
effective, the study contends that
technological instruments must be used in
accordance with the particular teaching and
learning context. At a later time, more
research is suggested in the following areas.
(1) The quality of the learning behavior trait
scale is under more pressure since learning
impact prediction has not been able to
account for other potential aspects in learning
scenarios. More scenarios will be used to
investigate the learning behavior
characteristics, the learning behavior
characteristics scale will be developed, the
universality will be enhanced, and a closed
loop between teaching experiment, teaching
research, and teaching practice will be
established. (2) Only five supervised
classification algorithms— Decision Tree,
KNN, Naive Bayes, Neural Net, and Random
Forest—are employed in this study.

The implemented methods can be combined in
later research to produce better prediction
outcomes.
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