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Abstract: Information literacy (IL) is becoming fundamental in the modern world. Although several
IL standards and assessments have been developed for secondary and higher education, there is
still no agreement about the possible associations between IL and both academic achievement and
student dropout rates. In this article, we present a dataset including IL competences measurements,
as well as academic achievement and socioeconomic indicators for 153 Chilean first- and second-year
engineering students. The dataset is intended to allow researchers to use machine learning methods
to study to what extent, if any, IL and academic achievement are related.

Dataset: The dataset is available in the Mendeley Data repository. Doi: http://dx.doi.org/10.17632
/7r5fnrhyky.1.

Dataset License: The license under which the dataset is made available is CC-BY 4.0.

Keywords: information competences; academic achievement; machine learning

1. Summary

The last few decades have seen a widespread growth of both the World Wide Web, and
the use of computers and mobile devices with access to it. Consequently, IL has become of
great importance. According to the American Library Association, “information literate
people know how to find, evaluate and use information effectively to solve a particular
problem or make a decision” [1] (para. 19).

The relevance of IL in today’s world can be seen in the development of various stan-
dards [2–6], as well as in its inclusion in standardized international tests such as PISA [7–9]
and ICILS [10]. Several authors have developed instruments to assess IL competences
in secondary or higher education. Some of them correspond to self-assessments [11,12],
whereas others are designed as tests to measure actual competences [12–17]. Some re-
searchers, such as [18], have developed rubrics. From a different perspective, there have
also been efforts to build software tools to assess online inquiry competences [17,19–21].

Despite all the above, there is no agreement regarding how IL impacts academic
achievement in higher education. Some studies, such as [22–25], state that there is an
association between better grades and better information competences. However, there
are also studies that did not find such an association [26,27]. Another study concluded
that high self-efficacy in IL skills contributes to effective research academic skills [28]. It
must be noted that, to the best of our knowledge, most of the research attempting to find
associations between IL and academic achievement has been conducted by librarians who
have assessed the impact of library instruction interventions.

In recent years, there has been a proliferation of works attempting to predict students’
GPAs [29–31] or determine whether they will pass or fail certain courses [32]. These
investigations rely on machine learning techniques applied to data typically stored in
institutional repositories. Another interesting study used classification algorithms to
analyze students’ learning behaviors and predict the learning effect on students’ IL [33]. To
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the best of our knowledge, no research has been conducted using such techniques to study
the relationship between IL and academic achievement.

Given the above, the aim of this work is to describe a novel dataset comprising
information literacy competences and first-semester academic achievement for 153 first- and
second-year students from all 23 engineering programs imparted by a Chilean university.
The intended use for the dataset is to build classification and regression models to predict
the final status (pass or fail) or the final grade for a given course, as well as the first-semester
grade point average (GPA). Nevertheless, it can also be valuable to increase the number
of observations in new datasets of the same nature or to explore the existence of different
student profiles, as well as other applications.

The remaining sections of this article are structured as follows. First, Section 2 provides
a detailed description of the dataset. Afterwards, Section 3 describes both the instruments
and methods used to gather the data. Finally, Section 4 presents conclusions and applica-
tions for further research.

2. Data Description

The study associated with the presented dataset aims to determine to what extent,
if any, information competences can improve (compared to predictors broadly described
in the literature, such as previous academic achievement, as well as socioeconomic and
demographic variables) the prediction of first-semester students’ academic achievements,
which is understood as the final course grades and the first-semester GPA.

The study is being conducted at a Chilean University and considers first- and second-
year students from all its 23 engineering programs, including the following branches: Chem-
ical, Civil, Electrical, Informatics, Mechanical, Thermal, Biomedical, Industrial, Mechatron-
ics, Mining, Environmental, Geotechnical, Metallurgical, Biotechnological and Telematics.
For this purpose, invitations were sent to over 2000 students through the Faculty’s social
networks and their courses’ virtual classrooms.

As part of the study, students were asked to complete an online survey (available
during the first and second semesters of 2022). This survey included questions from
two different questionnaires: one to assess self-perceived IL competences [12,34] and the
other to evaluate students’ observed IL competences [15,35]. The former considers the
information search and evaluation dimensions, whereas the latter assesses the information
search, evaluation, processing and communication dimensions. Both instruments were
designed based on the definitions for each dimension provided in [14]:

• Information search: covers the abilities to locate and access information.
• Information evaluation: “to analyse and assess the quality of the information by

recognizing its usefulness, credibility and relevance” [14].
• Information processing: involves the abilities and skills of handling tools and applica-

tions to organize, store and retrieve information, as well as to manage the bibliography.
• Information communication: “concerns the set of abilities for transferring knowledge,

promoting information dissemination and developing virtual spaces for work and
debate” [14].

Scores achieved in both instruments were later aggregated to first-semester final grades
and GPA, as well as high school GPA, national university admission test scores, and other
socioeconomic indicators.

2.1. Files

A single comma-separated values (CSV) file, IL_competences_and_grades.csv, is pro-
vided in the repository (http://dx.doi.org/10.17632/7r5fnrhyky.1).

2.2. Features

The features in the dataset, described in Table 1, are organized as follows:

http://dx.doi.org/10.17632/7r5fnrhyky.1
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Table 1. Dataset content, including names, variable types and descriptions. S_ and O_ prefixes
correspond to self-perceived and observed information competences, respectively. G_ prefix indicates
a final course grade.

Feature Type Description Values

ID Identifier Unique identifier for the row.

S_SEARCH Integer Total score for the search dimension of the self-perceived IL
competences instrument. 0–10

S_EVAL Integer Total score for the evaluation dimension of the self-perceived IL
competences instrument. 0–10

S_TOT Integer Total score for the self-perceived IL competences instrument. 0–20

O_SEACH Numeric Total score for the search dimension of the observed IL
competences instrument. 0–10

O_EVAL Numeric Total score for the evaluation dimension of the observed IL
competences instrument. 0–10

O_PROC Numeric Total score for the processing dimension of the observed IL
competences instrument. 0–10

O_COM Numeric Total score for the communication dimension of the observed IL
competences instrument. 0–10

O_TOT Numeric Total score for the observed IL competences instrument. 0–40

SEX Categorical Sex. 0: male, 1: female

SCHOOL_TYPE Categorical Indicates the type of high school a student attended. Lower
values are associated with a lower family income. 0, 1, 2

FEE_EXEMPTION Categorical Indicates if a student has a fee exemption benefit. 0: no, 1: yes

FIRST_CHOICE Categorical Indicates if a student was admitted to the program of
his/her preference. 0: no, 1: yes

SCHOOL_GPA Numeric Final high school GPA. 0–10

SCORE_LAN Numeric Score achieved in the language admission test. 0–100

SCORE_MAT Numeric Score achieved in the math admission test. 0–100

SCORE_SCI Numeric Score achieved in the sciences admission test. 0–100

SCORE_WAV Numeric
Weighted average score achieved in the admission test.
Includes the three above items, student high school ranking and
high school GPA.

0–100

G_ALG Numeric Final grade in Algebra I. 0–10

G_CAL Numeric Final grade in Calculus I. 0–10

G_PHY Numeric Final grade in Physics I. 0–10

S1_GPA Numeric First semester GPA. 0–10

ST_ALG Categorical Final status in Algebra I. 0: fail,
1: pass

ST_CAL Categorical Final status in Calculus I. 0: fail, 1: pass. 0: fail,
1: pass

ST_PHY Categorical Final status in Physics I. 0: fail, 1: pass. 0: fail,
1: pass

• The first feature is a unique participant identifier.
• The next three features correspond to scores achieved in the self-perceived IL compe-

tences instrument.
• The following five features include scores achieved in the observed IL competences

instruments.
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• Next, four features present demographic and socioeconomic indicators.
• The following five features summarize previous academic achievement.
• Following that, four features include the final grades achieved in three common

first-semester courses and the first-semester GPA.
• The remaining three features include the courses’ final statuses (pass or fail).

It must be noted that students are required to achieve 5.0 or more to pass. Also,
S1_GPA considers all first-semester courses, i.e., the three common courses included in the
dataset as well as other courses which are specific for each program.

2.3. Data Distribution

The dataset includes n = 153 observations. Table 2 shows summary statistics for
numeric features; namely, self-perceived (S_ prefix) and observed (O_ prefix) information
competences (per dimension and overall), previous academic achievement, final course
grades (G_ prefix) and first-semester GPA (S1_ prefix).

Table 2. Summary statistics for information competences, final course grades and GPA.

Feature Min Q1 Median Mean Q3 Max SD

S_SEARCH 0.000 6.875 8.750 7.921 9.375 10.000 2.151
S_EVAL 1.000 6.500 8.000 7.529 9.000 10.000 2.030
S_TOT 1.500 14.000 16.125 15.450 18.375 20.000 3.866
O_SEARCH 2.357 6.000 6.893 6.763 7.500 9.286 1.205
O_EVAL 0.972 5.556 6.389 6.432 7.778 10.000 1.779
O_PROC 2.267 5.600 6.933 6.945 8.267 10.000 1.793
O_COM 1.625 6.167 7.833 7.455 8.667 10.000 1.712
O_TOT 10.499 25.032 27.871 27.595 30.412 36.589 4.401
SCHOOL_GPA 7.500 8.750 9.000 8.989 9.300 9.967 0.450
SCORE_LAN 39.000 55.714 62.714 63.006 70.000 93.714 10.008
SCORE_MAT 51.286 64.857 70.286 69.078 73.429 83.429 6.868
SCORE_SCI 22.714 59.714 64.286 63.464 70.143 85.286 9.889
SCORE_WAV 57.814 71.221 75.900 75.052 78.721 99.751 6.059
G_ALG 0.333 4.167 5.000 5.014 5.833 8.500 1.388
G_CAL 0.000 2.000 5.000 4.062 5.500 8.333 2.084
G_PHY 0.000 4.000 5.333 4.881 5.833 9.667 1.734
S1_GPA 1.118 4.886 5.946 5.667 6.543 8.220 1.191

Figure 1 shows that, for self-perceived information competences, most observations are
concentrated near the top of the scale for both dimensions and that few participants perceive
their information competences as less proficient. For observed information competences,
most participants achieve scores above the center of the scale (Figure 2).

As can be seen in Figure 3, most students finished high school with a final GPA of
9.0 or above (where 10.0 is the maximum), which means that they are among the best in
their schools.

Similarly, Figure 4 shows how national university admission test scores are distributed.
It is interesting to notice that most students achieve scores of 60% or more in all tests,
although there are some atypically low scores in the sciences tests. Weighted average scores
are higher than the test scores, which can be explained by the fact that high school grades
and school rankings have the highest weights.
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Figure 4. Distribution of higher education admission test scores.

As shown in Figure 5, final grades for all three courses and the first-semester GPA
gather around 5.0 (the minimum grade required to pass). The highest variability can be
found in Algebra I and, to a lower extent, Physics I. This variability mainly involves failing
grades. It is worth noting that, in general, GPA is higher than the final grades in the
reported courses, meaning that students had better grades in those courses that are specific
to their programs.
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Figure 5. Distribution of final course grades and first-semester GPA.

Shapiro–Wilk normality tests found that only language and math admission test scores
followed a normal distribution for a significance level of 0.05 (Table 3).

Table 3. Shapiro–Wilk normality tests for information competences, final course grades and GPA
(p < 0.05 marked with *).

Feature W p

S_SEARCH 0.839 0.000 *
S_EVAL 0.904 0.000 *
S_TOT 0.875 0.000 *
O_SEARCH 0.980 0.027 *
O_EVAL 0.976 0.010 *
O_PROC 0.964 0.000 *
O_COM 0.952 0.000 *
O_TOT 0.978 0.015 *
SCHOOL_GPA 0.980 0.023 *
SCORE_LAN 0.993 0.716
SCORE_MAT 0.985 0.099
SCORE_SCI 0.933 0.000 *
SCORE_WAV 0.975 0.008 *
G_ALG 0.955 0.000 *
G_CAL 0.917 0.000 *
G_PHY 0.950 0.000 *
S1_GPA 0.965 0.001 *
S_SEARCH 0.839 0.000 *

Table 4 summarizes demographic and socioeconomic indicators both by sex and
overall. It is interesting to note that 86.93% of the participants have achieved a fee exemption
grant as is established in the Chilean law for higher education student funding [36]. Also,
most students (57.52%) come from a school type frequently associated with a mid-low
family income. Nearly half (54.25%) of the participants were admitted to the program of
their preference, and this rate increases for female students (65.95%).
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Table 4. Summary of demographic and socioeconomic indicators by sex and overall.

Feature Level
Male Female Total

n = 106 n = 47 n = 153

School type
Type 0 21.70% 23.40% 22.22%
Type 1 57.55% 57.45% 57.52%
Type 2 20.75% 19.15% 20.26%

Has fee exemption Yes 87.74% 85.11% 86.93%
No 12.26% 14.89% 13.07%

Program is first choice Yes 49.06% 65.96% 54.25%
No 50.94% 34.04% 45.75%

Similarly, Table 5 summarizes the final status (pass/fail) of participants in the three
first-semester courses common to all undergraduate engineering programs, both by sex
and overall. Although Physics I has a slightly lower pass rate than Algebra I and Calculus
I, the pass rate is above 50% for all three courses. It is interesting to note that males have
higher pass rates for both math courses, but females have higher pass rates in Physics I.

Table 5. Summary of course final status by sex and overall.

Course Final Status
Male Female Total

n = 106 n = 47 n = 153

Algebra I Pass 65.09% 80.85% 69.93%
Fail 34.91% 19.15% 30.07%

Calculus I
Pass 50.94% 72.34% 57.52%
Fail 49.06% 27.66% 42.48%

Physics I Pass 66.98% 59.57% 64.71%
Fail 33.02% 40.43% 35.29%

3. Methods

The study for which the presented dataset has been gathered attempts to determine
to what extent information competences can predict academic success. We first selected
suitable instruments to measure such competences in students. Since we need to de-
termine at-entrance IL, we selected instruments designed for secondary education. As
mentioned earlier, two instruments were selected: one to assess self-perceived information
competences [12,34] and the other to evaluate observed information competences [15,35].
Both instruments were designed in Spain. Hence, it was then necessary to make some
adaptations for the Chilean context, which were validated by a panel of experts.

The adapted version of the instrument to measure self-perceived information compe-
tences comprised 9 statements for which participants had to indicate how much they agreed
by using a 5-point Likert scale (1: totally disagree, 5: totally agree). The first 4 statements
address information search competences, whereas the last 5 statements address those com-
petences required to evaluate information. The final scores for each of these dimensions
are calculated as the sum of the scores for all questions for each dimension. Similarly, the
overall score is the sum of the scores for all 9 questions. It must be noted that the original
instrument includes 18 questions and two more dimensions. However, two dimensions
were excluded because they correspond to more general digital competences.

The instrument to assess observed information competences includes 18 close-ended
questions. These questions are associated with various learning results in four dimensions:
information search, information evaluation, information processing and information com-
munication. Total scores for each dimension are normalized to range from 0 to 10. The
overall score is the sum of the scores in all 4 dimensions.
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Once the validation process was completed, both instruments were implemented as
online surveys. Next, the study design and research protocol were approved on 19 January
2022, by the Institutional Ethics Committee No. 020/2022).

The overall questionnaire, implemented on LimeSurvey, consisted of 31 items includ-
ing 2 agreement questions, 2 open-ended identification questions (national unique ID and
university e-mail) and 27 close-ended questions.

Data collection was carried out in the following stages:

1. All students taking first- and second-year common courses for all 23 Engineering
programs were invited to answer the survey. We obtained 195 complete answers.

2. Data were filtered to discard duplicates, students enrolled in non-engineering pro-
grams, students not in the cohorts of interest (2021 and 2022) and students who did not
agree to participate in the study or did not authorize the use of their academic records.

3. Scores for both IL competences assessments were calculated.
4. Final grades for three common first-semester courses (Calculus I, Algebra I and

Physics I), as well as the first-semester GPA were collected. After this stage, the
resulting dataset contained 153 complete observations.

5. To ensure that individual students cannot be identified, we took several measures:
(1) We pseudonymized the dataset by discarding personal information (national
unique ID and e-mail), shuffling dataset rows and then adding a unique numeric row
ID. (2) Data were then generalized by deleting answers for individual questions on the
survey, keeping only the total scores per dimension and the overall totals. (3) Finally,
course final grades, GPAs and higher education admission test scores were re-scaled.

4. User Notes

This article introduced a new dataset of first-semester course grades and both self-
perceived and observed information competences for 153 first- and second-year Chilean
engineering students.

Although IL has grown in importance during the past few decades, there is still no con-
sensus about its importance for academic success and on how it relates to student dropout
rates. As mentioned earlier in this article, to the best of our knowledge, most research in
this field has been conducted by librarians who have attempted to assess the impact of
an intervention, frequently for minority groups (e.g., [27,37–41]). The described dataset
intends to let researchers further explore how IL and academic achievement are related,
now incorporating machine learning methods into previously used quantitative tools.
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