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ABSTRACT
Aim/Purpose This paper presents a data mining approach for analyzing responses to ad-
vanced declarative programming questions. The goal of this research is to
find a model that can explain the results obtained by students when they per-
form exams with Constructed Response questions and with equivalent Multi-
ple-Choice Questions.
Background The assessment of acquired knowledge is a fundamental role in the teaching-

learning process. It helps to identify the factors that can contribute to the
teacher in the developing of pedagogical methods and evaluation tools and it
also contributes to the self-regulation process of learning. However, better
format of questions to assess declarative programming knowledge is still a
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CR or MCQ for Assessing Declarative Programming Knowledge

subject of ongoing debate. While some research advocates the use of con-
structed responses, others emphasize the potential of multiple-choice ques-
tions.

Methodology A sensitivity analysis was applied to extract useful knowledge from the rele-
vance of the characteristics (i.e., the input variables) used for the data mining
process to compute the score.

Contribution Such knowledge helps the teachers to decide which format they must con-
sider with respect to the objectives and expected students results.

Findings The results shown a set of factors that influence the discrepancy between an-
swers in both formats.

Recommendations Teachers can make an informed decision about whether to choose multiple-
for Practitioners choice questions ot constructed-response taking into account the results of
this study.

Recommendations In this study a block of exams with CR questions is verified to complement
for Researchers the area of learning, returning greater performance in the evaluation of stu-
dents and improving the teaching-learning process.

Impact on Society  The results of this research confirm the findings of several other researchers
that the use of ICT and the application of MCQ is an added value in the eval-
uation process. In most cases the student is more likely to succeed with
MCQ), however if the teacher prefers to evaluate with CR other research ap-
proaches are needed.

Future Research Future research must include other question formats.

Keywords constructed response, multiple-choice questions, educational data mining,
support vector machine, neural networks

INTRODUCTION

Assessment is one of the critical components of the educational process. When it is used in an ap-
propriate way, it can be a decisive factor for achieving the objectives of the subject (Camilo & Silva,
2008). Thus, there are several test models, from the most traditional paper-based ones up to elec-
tronic format, composed by questions requiring Constructed Response (CR) where they are directly
asked (Clark, 2004), and for Multiple-Choice Questions (MCQ) with the presence of several alterna-
tives where only one is correct, in true-false format, open space and other formats to express this
type of test (Pinto, 2001). Therefore, the present study intends to verify whether the students answers
to MCQ or CR questions, obtain similar results.

For example, Kuechler and Simkin (2003) consider that, since most teachers have a greater prefer-
ence for CR over MCQ), the fact is that students with a high level of performance in the subject must
assess the questions themselves, a task which is more protracted than MCQ which requires more
subjectivity (Zeidner, 1987, cited by Kuechler & Simkin, 2003). On the other hand, it is necessary to
question how converging is the commitment of the student in MCQ in relation to the commitment
of CR. For these reasons, for many years researchers have tried to respond to these types of ques-
tions, in a way that takes advantage of the teaching-learning process in its entirety, both for students
as well as teachers.

This study aims to explain the possible discrepancy between the two types of questions. The ques-
tions are paired, that is, a topic of the subject is tested by the two assessment methods in the same
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test. A sample of tests from the academic year 2016/2017 on declarative programming courses is
used.

Data Mining (DM) enables the extraction of meaningful patterns from data which can be translated
into actionable knowledge. As such, it has been applied to educational data to provide novel insights
grounded on large sets of data, leading to a new trend named Educational Data Mining and/or
Learning Analytics (Baker, 2010; Baradwaj & Pal, 2011; Slater, Joksimovi¢, Kovanovic, Baker, &
Gasevic, 2017). In this study, DM was adopted to create an explanatory model (with a dataset com-
posed of data collected from a sample of 300 Excel Advanced assessment tests in which 50% are
open and 50% are MCQ) illustrating relevant attributes (i.e., input variables which reflect the charac-
teristics of questions and students) to the study, the implication of each one in the results, and to
confront differences in both assessment methods. The contributions of this study may help the
teacher in choosing the evaluation format, and if the model chosen is adapted to the intended teach-
ing-learning process, whether in CR or in MCQ formats.

BACKGROUND

TAXONOMIES FOR CONSTRUCTION OF QUESTIONS

It is important to consider the clear and structured definition of educational objectives, since the ac-
quisition of knowledge and skills appropriate to a professional profile to be acquired should be di-
rected from a teaching process with adequate choices of strategies, delimitation of specific contents,
assessment tools, and consequently lead to effective and lasting learning. This requires a typology of
processes and objectives of learning, to help the identification, declaration and control of educational
objectives linked to a set of processes from the acquisition of knowledge, skills and attitudes, to the
planning of teaching and learning (Ferraz & Belhot, 2010).

There is a set of suitable taxonomies for creating questions about declarative programming
knowledge, like the SOLO Taxonomy (Structure of the Observed Learning Outcome) that assesses
the responses from two dimensions: the level of abstraction and the increased complexity of perfor-
mance across tasks (Biggs, 1996); the Matrix Taxonomy that separates the ability to produce and in-
terpret programming code (Filler et al., 2007); and the Bloom’s Taxonomy, a taxonomy of educa-
tional objectives that categorizes the questions according to the level of cognitive domain complexity
required for their resolution (Bloom, Engelhart, Furst, Hill, & Krathwohl, 1976). Subsequently, the
Bloom’s Taxonomy was revised by Krathwohl (2002). In this version the changes essentially consist
of the organization of knowledge in a matrix rather than a one-dimensional presentation to allow the
distinction between the type of knowledge and the cognitive process, and the replacement of the
names of each category with verbs that approach the names of learning objectives.

Bloom’s Taxonomy is a taxonomy of educational objectives that allows a hierarchically structuration
of the questions by levels, from the simplest and most concrete to the most complex and abstract
(Krathwohl, 2002; Lister, 2003). Its application assumes that students reach a new level only when
they complete the previous level. This taxonomy allows the classification of learning objectives so
that the teacher can accurately verify the level achieved by each student. Course planning is also used
as it allows curricula to be organized according to the objectives to be achieved (Bloom et al., 1976).

Bloom et al. (1976) report that it is expected that more success is achieved at the eatly levels of the
taxonomy and there will be a decrease moving up the hierarchy. The authors also presented a study
in which they found that subjects with lower school outcomes are more likely to achieve lower out-
comes at higher taxonomy levels and higher outcomes at lower levels than the reverse situation. Sim-
kin and Kuechler (2005) found there is difficulty in constructing MCQ that reach a high level of
learning in comparison to CR when referring to the application of Bloom’s Taxonomy. In addition,
the research concludes that, the results tend to be positive in MCQ if they are developed around the
understanding level, and CR respectively for application to higher ones. However, Buchweitz (1975)
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compared the results of MCQ with those of CR, concluding that there is no significant difference be-
tween evaluating by the first type or the other, even for all educational levels of Bloom’s Taxonomy.
In addition, the first four levels of the taxonomy (knowledge, understanding, application and analysis)
can be applied in MCQ format exams, while the last two (synthesis and evaluation) would be better
evaluated in essay questions format, not discarding the possibility of being also indicated for the pre-
vious levels (Costa & Miranda, 2017; Gronlund, 1988).

Generally, CR have been the preference over MCQ by several educators, based on the belief that the
first method measures a greater number of skills on students’ comprehension and ability, while MCQ
reflects less cognitive aspects regarding the application of knowledge and the art of producing a re-
sponse (Chan & Kennedy, 2002). Although there is a frequent trend on students to preferring MCQ
over CR because of their apparent ease (Pinto, 2001). For Lukhele, Thissen, and Wainer (1994), there
is no clear standard of possible answers in CR format, and there is great difficulty in interpretation
and subjective compilation by the teacher, CR carries limitations to ensure a uniform and quality
evaluation, especially if there are several teachers. In this way, according to Candrli¢, Kati¢, and Dlab
(2014) with online tests, there has been a transition from evaluations on paper - based and using CR,
to electronic MCQ tests as their evaluation tools. In addition, the use of MCQ in evaluations are easy
to apply and analyze because they do not require elaborate student responses as happens in CR,
MCQ offers quick response (depending on the difficulty of the question), and consequently can be
objectively registered and classified by the teachers (Pinto, 2001).

MCQ and CR have been studied in several areas such as Mathematics (e.g., Katz, Bennet, & Berger,
2000; Stankous, 2016) and Economics (e.g. Hickson, Reed, & Sander, 2010; Kennedy & Walstad,
1997), highlighting potentials and disadvantages of both types of questions. However, none of these
studies was peremptory in discouraging the use of MCQ. In Computer Science a set of studies argues
that MCQ should be used in this area. Roberts (2006) used the MCQ in his study to evaluate under-
graduate students for enhancing the process of learning. He concludes from students’ feedback that
the use of MCQ for evaluations seems to be an effective way of learning. However, he highlights that
the conclusions of his work must be researched further with more data. Kuechler and Simkin (2003)
studied the correlation between MCQ and CR questions in a programming course and found small
differences between both, only affected by gender, dummy values and coding. From their results and
the characteristics of MCQ), the authors conclude that this type of questions should be preferential
when compared to CR questions.

EXCEL LEARNING AND MINING EDUCATIONAL DATA

Spreadsheets are the most used declarative programming language application (Burnett et al., 2001).
They are commonly used in accounting, health, marketing; and in areas requiring a little more pro-
gramming, such as engineering, where a set of design activities, documentation, debugging, testing,
maintenance, storage and computation exist (Maresca, 2016). Thus, in an educational area that in-
volves a combination of practical knowledge and abstraction, using the computer and Excel, Silva
(2009) states that there is a contribution to the establishment of an educational process that allows
both the student to understand about the importance of knowledge as a new process of evaluation
that allows the replacement of calculator, paper and pencil. Where the student is faced with situations
and problems, they will learn to develop strategies that acquire the spirit to research, experiment, data
organize, systematize the results, validate the solution, as well as the expansion of new knowledge.

Within the studies by Almeida (2017) and Cortez and Silva (2008), where the aim was the identifica-
tion of the factors that influence the success of a student, in exams of Advanced Excel and Introduc-
tion to Excel, and the prediction of the student’s results with the identification of the factors that in-
fluence educational success/failure in Mathematics and Portuguese classes, by applying DM tech-
niques: MLPE (Multilayer Perceptrons), SVM (Support Vector Machines), DT (Decision Trees), NB
(Naive Baies) and other techniques respectively. Educational Data Mining has been considered a re-
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search area that is concerned with the search for methods that explore educational data, in which ex-
ist an objective of perceiving students and their academic performances, as well as to explore better
ways of learning. Therefore, it was possible to conclude from these studies that the examinations that
had a very long MCQ enunciation are one of the main causes that can influence negatively the results
obtained by these questions, either by the student’s interpretation or even misunderstanding of the
objective of the question, or the degree of difficulty and the topic of the subject. It is also possible to
predict student outcomes, especially when associated with social and educational factors.

We wanted to verify what were the most predominant factors pointed out by the literature in the CR
and MCQ students’ answers about declarative programming knowledge. A sensitivity analysis was
applied to extract useful knowledge from the relevance of the attributes against the score which will
be described in the sections below.

MATERIALS AND METHODS

DATA COLLECTION AND PREPARATION

The empirical experiments were based in hand-written Excel exams performed at ISCTE-IUL, in the
academic year 2016/2017. They were composed on Excel’s objective formulas (see Appendix A) and
the basic structure of the exam consisted of two blocks: the first with 10 CR questions and the last by
10 paired MCQ. Regarding CR, the student gets one (1) point for each correct answer, zero (0) for
incorrect and a grade on a scale of zero to one depending on what was expected. For MCQ, it was
possible to identify three possible scoring cases, one for correct, 0 for unanswered and 0.25 discount
for each wrong answer. The dataset compiled includes a total of 2787 records corresponding to the
students’ responses in each question from the exam.

Appendix B shows all the attributes included in this study, including one feature that keeps the differ-
ence between CR and MCQ scores. Note that, we chose to use difference in real values (instead of
absolute) for the importance that the variable can bring with more details for the research. The num-
ber of variants indicates that the classes would not repeat the same exam, however the structure still
the same. The degree of difficulty had as a criterion the composition of operations/formulas (see Al-
meida, 2017). The question topic was considered because it would be interesting to verify the stu-
dent’s performance with the content type of the question (see Hudson, 2012). We also classified each
question with their level of Bloom’s Taxonomy, through the required skills and behaviors according
to the objectives, like Scouller (1998). The student gender was also considered to evaluate whether
the scores are equal or not, as happens with Hudson (2012).

DATA MININGMODELS AND KNOWLEDGE EXTRACTION

Data Mining (DM) encompasses the process of data visualization, with the objective of automatically
inferring models and rules that have an implicit knowledge of the data studied (Quintela, 2005). In
this study, CRISP-DM (a Data Mining methodology) was chosen because it is one of the most used
and widely accepted methodologies, as well as having extensive literature available on the methodol-
ogy (e.g., Moro, Esmerado, Ramos, & Alturas, 2019). By applying DM, it is possible to train a model
that reflects the different features (i.e., variables) that characterize the problem. Since the goal is to
model the grade achieved by a student for a given question, it becomes a supervised learning prob-
lem. Specifically, the fact that the grade is a numeric value turns the problem into a regression one
(from the DM perspective). Thus, DM enables the modeling of a problem by developing a computa-
tional model that attempts to predict the outcome feature given a set of values for a list of the input
features (Moro et al., 2019).

There are several DM techniques that can be applied to a regression problem. In this case, we
adopted Decision Trees (DT), Random Forest (RF), the Neural Networks (NN) on their variances
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MLP (Multilayer Perceptron) and MLPE, K-NN (K-Nearest Neighbors) and finally the Support Vec-
tor Machines (SVM), considering the scientific work of Fernandes, Moro, Costa, and Aparicio (2019),
with mechanisms to measure the estimation of the error, MAE (Mean Absolute Error) and NMAE
(Normalized MAE) (more information at Silva, Moro, Rita, and Cortez, 2018). DT consists of a
structure that connects a set of nodes through branches resulting from a recursive partition of the
data, from the root node to the leaves, each branch representing a conjunction of conditions, as well
as the leaves (pure nodes) correspond to classes, internal nodes to attributes, and branches to attrib-
ute values (Quintela, 2005). The RF model is based on building a series of DT and use them in com-
bination, but it cannot be directly interpretable as is possible for an individual DT. Although with the
RF model it is still possible to provide explanatory knowledge in terms of its input variable relevance
(Cortez & Silva, 2008). NN attempts to mimic the complexity of the human brain through a model
constituted by nodes (or neurons) and connections between them (or synapses). The complexity of
the model comes from the number of nodes and their connections (Quintela, 2005). During the
learning process, the NN, through a learning or training algorithm, adjusts the connection weights
until a satisfactory result is achieved. On the other hand, the SVM are techniques considered "black
box" (as NN also), that is, the extraction of knowledge is encoded in equations with difficulty on in-
terpreting. (Quintela, 2005).

The main activities performed in the Modeling phase and Evaluation are graphically illustrated in fig-
ure 1. From division of tests and training, application of prediction metrics, to the extraction of
knowledge which helps decision making and business processes. The data-based sensitivity analysis
(DSA) enables the capture of input features’ influence on the output feature by assessing how much
the output changes as a result of changing simultaneously a set of randomly selected values for the
input features (Cortez & Embrechts, 2013).

The experiments were performed using the open source R statistical tool (with the rminer package),
installed in the R environment (RStudio v 1.1.423), like Almeida (2017) and Moro et al. (2019) to
build models for pattern trainings, explaining the influence of each attributes to initial objective and
finally to extract knowledge. Note that, to ensure robustness the dataset was divided into K=10 parts
of 10 runs (k-fold validation scheme). Next, the same error metrics were applied to all models, so no
error was inserted that would impair the comparison of the results. The best results were obtained by
SVM with MAE by 31%, while NMAE, by 18%, was the model with better accuracy. Figure 2 plots
the regression error characteristic (REC) curves for the six tested models. REC is generalization for
regression problems of the receiver operating characteristic (ROC) curves used to assess a classifiet’s
performance. “The ROC curve characterizes the performance of a binary classification model across
all possible trade-offs between the false negative and false positive classification rates” (Bi & Bennett,
2003; p. 43). Likewise, the REC curve enables assessment of the trade-off between error tolerance
versus the accuracy of the models. Thus, the higher the distance from the curve to the imaginary di-
agonal line, the better the model.
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RESULTS AND DISCUSSION

When dealing with black box models, it is often challenging to extract knowledge. Consequently,
DSA (Data-based Sensitivity Analysis) have emerged to deal with this problem (Saltelli et al., 2000
cited by Silva et al., 2018), identifying the relevant features to the model and their influence in de-
scending order of importance, as shown in Figure 3. Because the attributes were relatively close to
one another, they were all considered for knowledge extraction, and to explain the assumption that
students have a better chance of succeeding in MCQ. Although some of them revealed values ap-
proaching the zero point (proposing no difference in the exams format or benefiting CR).

NrCharacierTexiCR |
Topic |
NrwordTextMCQ |
NrWordTexiCR |

| NrCharacterTextiMCQ |

AnsweredCR |

BloomLevelMCQ |

| BloomLevelCR |

| NrDisfractors |

| NrSimilar |

Schedule |

Course |

| Difficulty |
| Gender |
|
|

0.00 0.02 0.04 0.06 0.08 0.10
[
|
|

ExamPerigd

I T T T |
0.00 0.02 0.04 0.06 0.08 0.10

Figure 3. Features Relevance

Next, the input features used to train the model are scrutinized through variable effect characteristic

(VEC) graphics, which are drawn upon the results of the DSA, as detailed by Cortez and Embrechts
(2013). The VEC plots how a given input feature affects the output, in this case, the difference in the
students’ score between both types of questions.

The most relevant feature indicates how long the CR question text is. Thus, Figure 4 indicates the
higher the number of characters in CR questions, the higher the probability of the student to fail on
this format and to succeed on MCQ (like Santos et al., 2011 cited by Almeida, 2017). The Topic fea-
ture, with 9% importance, discriminates the influence they have on the results in the two formats. So,
for Statistics this affects the variable target indicating success in CR. Unlike for example the Logical
whose influence assumes a value further from the zero point and therefore, students are more likely
to succeed in MCQ. According to Almeida (2017), the topic of the question is a very important fac-
tor, since the teacher can obtain a sense of which topics of the subject the students have more diffi-
culties, and therefore where they can be better applied, whether in CR or MCQ exams.
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According to the results shown on Figure 5, the larger the length of the MCQ text, the higher the
probability of being misinterpreted by the student (Almeida 2017), and as expected, the higher the
difference in both formats providing better achievements in CR questions. Nevertheless, Figure 6
demonstrates an opposite scenario in which, the higher the number of words in the CR text, the
higher the probability that both formats are equal or, that students will be more successful in CR as
the number of words in the text grows, in contrast, the higher the number of characters in the CR
text, the more likely the student score in MCQ. Considering an unexpected situation since a word is a
combination of characters, so the interpretation of both should be similar. Unless we consider that in
CR questions where the text has a greater amount of excel functions, the students consider it compli-
cated and fail, whereas, in CR with fewer excel functions, they are more likely to succeed. As stated
by Dubins et al. (2016) cited by Almeida (2017), the misinterpretation factor of the text can be con-
sidered as a factor for the student not answering the question, since it may be associated with an in-
correct reading or difficulty in interpreting a pootly worded question.
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The seventh most relevant feature indicates the student’s level of learning regarding educational ob-
jectives of the Bloom’s Taxonomy. In MCQ), the student is more likely to be successful in Analysis,
Applying, and Remembering levels (despite that they are presented as values very close to zero) and
the Understanding level, as shown on Figure 7. Unlike for CR, the Evaluating level suggests either
there is no difference in both formats or higher results in CR questions (see Figure 8). According to
Gronlund (1988), the last two Bloom’s objectives would be better evaluated in CR questions, and the
first four could be applied in MCQ format. Note that for Remembering it remains the same in both
formats, that is, for both MCQ and CR, this level remains at an average score of -0.11, still promot-
ing MCQ as the format in which students return better results. These results are also supported by,
Gronlund’s (1988), Pinto’s (2001), and Buckles and Siegfried’s (2006) works when they argue that the
first four levels of Bloom’s Taxonomy, can be propetly evaluated with MCQ.
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Figure 7. BloomLevelMCQ and ScoreDifference
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The questions with two distractors benefit the MCQ format, opposite for example when questions
with three distractors (or two similar) tend to approximate the model to the zero point (Figure 8).
According to Dubins et al. (2016) cited by Almeida (2017), the more similar options are to the cot-
rect answer, the higher the probability of success by guessing; and the less options close to the cor-
rect, the higher the probability that student settle the question with less hesitation in "risking". After-
wards, the schedule in which the student learns, where the exams performed by students in Daytime
benefits CR format (although still indicate better results in MCQ) unlike in the Evening period,
where the student succeed more in MCQ.
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-0.20
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Figure 9. Difficulty and ScoreDifference
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The students who attended the Institutional Course (IC) had higher probability of succeed in MCQ,
followed by Computer Science and Business Management (CSBM), Telecommunications and Com-
puter Engineering (TCE) and Anthropology (A). On the other hand, this model suggests that stu-
dents attending Computational Engineering (CE) are more likely to succeed in CR. Considering the
difficulty of the questions, the students of the CE course succeed more in MCQ when the difficulty
of the questions is Medium. In addition, by Figure 9 it is possible to verify that the hard level is the
one in which the student has higher probability to succeed in MCQ), contrary-wise for Easy. Note
that, the difference of the results in both formats tends to approach zero, assuming there is no nota-
ble difference in the student’s results which is similar to the work of Kuechler and Simkin (2003)
when they argue that there are small differences between the answers from both types of question.
Nevertheless, there are more answers in our results that are correct in MCQ.

CONCLUSION

Much has been discussed recently concerning the teaching and learning process, particularly how ed-
ucational objectives are defined to guarantee the acquisition of knowledge and competence for a stu-
dent. The assessment is one of the most used strategies to measure theoretical and practical perfor-
mance. Moreover, it is important to mention that apart from the objectives included, the format of
the test is also part of the assessment method. From all the possible, various exam formats, this pa-
per included only multiple-choice and constructed response formats.

When implementing Data Mining algorithms, the SVM model had better performance, with the cal-
culations using 10-fold, it was possible to verify that both exams are not equal. The students have a
better chance of success in exams with a Multiple-Choice Question (MCQ) format. Stankous (2016)
argues that, despite the great potential of using MCQ in the mathematics subject, the CR questions
assess the students’ real knowledge more accurately. In the economic subject, Hickson, Reed and
Sander (2010) stated that the difference between the scores of both types is not significant.

In this study, we identified the main factors that influenced this discrepancy between the formats in a
computer science subject, specifically on declarative programming knowledge. Firstly, the longer the
text of the question, the higher the probability of the student to fail with MCQ questions and to suc-
ceed in the equivalent question in the CR format. Haladyna et al. (2012) cited by Almeida (2017)
stated that the elaboration of questions requires efforts, and the teachers must elaborate questions as
clearly as possible, avoiding long texts. On the other hand, the question topic, and difficulty level
were tested, returning results that helps the teacher in identifying which to subjects the student is
most likely to respond easily, as well as the complexity of the question. The difficulty of the question
cannot only be measured by the number of formulas but also considering distractors or similar an-
swers to the correct one.

Using Bloom’s Taxonomy, Simkin and Kuechler (2005) found that, results tend to be more positive
in MCQ if these are developed at the Understanding level, and CR are better in the Application level,
confirming the results of this research. Thus, the teacher will know which procedures can help in
constructing these types of questions, as the requirements of each level differ; and how the student
can succeed, resulting in reaching high levels of performance for both teacher and student.

Since several researchers determined that the use of ICT is an added value in the evaluation process
with the application of MCQ (e.g. Azevedo, 2017; Scouller, 1998), then it is clear that the results of
this research confirm this premise, since in most cases the student is more likely to succeed in MCQ.
However if the teacher prefers to evaluate in CR, which was also verified in studies in economics and
mathematics subjects (e.g. Stankous, 2016; Hickson, Reed & Sander, 2010), it requires more research
on the implementation of exams with both question formats, which is the method that students con-
sider fairer (Hickson, Reed & Sander, 2010).

This study presented research in which the block of exams with CR questions can be verified (since
one of the examples of the MCQ block was studied by Almeida, 2017) to complement the area of
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research returning greater performance in the elaboration of more suitable evaluation to the students
and increasing the teaching-learning process. For future work, it is desirable to understand how
short- and long-term memory and reasoning are related to the answers in MCQ and to verify if the
results will be the same in other scientific areas (e.g. Katz, Bennett & Berger, 2000; Stankous, 2016).
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APPENDICES

APPENDIX A: EXCEL FUNCTIONS AND FORMULAS

TOPIC

FUNCTIONS EXAMPLES

Basic Functions

Date and Time Function

Formula
Logical Function

Search Function

Statistics Functions

Text Functions

SUMIF; EXP; PRODUCT; SUMPRODUCT
DATE; DATEDIF; DAY; HOUR; TODAY
[Mix of Formulas and Functions]

1IF; AND; FALSE; IFS; NOT; OR; TRUE

VLOOKUP; ADDRESS; AREA; SELECT;
COL; PROCH; INDEX; MATCH

COUNTIF; AVG; COUNTVAL; VAR;
MAX/MIN

RIGHT; CONCATENATE,; CODIGO; CON-
CAT; EXACT; SEG.TEXT

APPENDIX B: FEATURES DESCRIPTION

NAME TYPE DESCRIPTION

AnsweredCR Logical If the student answered the CR question or not

Topic Factor (7)  Discipline Topic based in Excel Formulas

Difficulty Factor (3)  {Easy, Medium, Hard}

BloomLevelMCQ/CR  Factor (4)  Bloom’s Taxonomy Levels

Gender Factor (2)  {M/F}

Course Factor (5) |{CE, CSBM, IC, ...}

ExamPeriod Factor (2)  |Period when the student made the exam

Schedule Factor (2)  {Daytime/ Evening}

NrSimilar Factor (4) | Number of choices similar to the correct answer

NrDistractors Factor (4) | Number of choices considered distractors to the correct an-
swer

NrWordTextMCQ/CR  Numeric Number of words of the question

NrCharacter- Numeric Number of characters of the question

TextMCQ/CR

ScoreDifference Numeric Difference between CR and MCQ marks
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