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Unfolding the drivers of students’ success in answering multiple-choice 

questions about Microsoft Excel 

1092 

Many university programs include Microsoft Excel courses given its value as a scientific and technical tool. 

However, evaluating what was effectively been learned by students is a challenging task. 

Considering multiple-choice written exams are a standard evaluation format, this study aims at 

uncovering the features influencing students’ success in answering this type of questions. The 

empirical experiments were based on Excel evaluation exams containing questions answered by 

526 students between 2012 and 2016, in a total of 3,340 answers characterized by 17 features. 

Through data mining, a neural network was trained that accurately models students’ choices. A 

sensitivity analysis was applied to the model to assess the most relevant features. Findings 

identified four highly relevant features for students’ success: number of words of the question, 

topic, difficulty degree, and number of similar choices., This study helps to guide the design of 

future exams by quantifying the individual influence of each feature. 

Keywords: multiple-choice questions; students’ performance; Excel; data mining; feature relevance 

 

Introduction 
Spreadsheet tools are among the most used software applications worldwide 

(Tyszkiewicz, 2010). Particularly, Microsoft Excel© (from here forth, just Excel) is the most 

well-known spreadsheet application. Excel is one of the most powerful Microsoft brands, as 

users commonly refer to Excel as a synonym for spreadsheet or even tabular format (Barreto, 

2015). As such, many bachelor programs worldwide teach how to use it, including in speciality 

areas such as Economics (Barreto, 2015) and medicine (Swallow, Newton & Van Lottum, 2003), 

among others, in focused courses, enabling university students to learn how to make the most of 

this powerful tool that will be used in the remaining courses of their degrees and also in their 

future professional lives. Although Excel is designed as a user-friendly tool, it is still difficult for 

students to learn how to use the more advanced features and for lecturers to effectively evaluate 

the knowledge students have acquired (Sitzmann, Ely, Bell & Bauer, 2010). Therefore, it is 



important to find an adequate evaluation method that ensures the main topics were learned and to 

avoid students’ enrolment in subsequent courses without adequate skills. 

Written exams are the most adopted evaluation format worldwide. The process is simple: 

the student needs to answer questions correctly to show proficiency in the topic, with the exam 

being graded with a numerical or ordinal score. A grade above a predefined threshold (in most 

cases, 50% of the total score) grants students to pass the course. Thus, examiners are faced with 

the challenge of developing questions that accurately assess students’ proficiency. 

There are several types of questions. The two types mostly adopted are: multiple-choice 

questions, where a few choices are presented and students selects the correct one; and open-

ended questions, where students develop a written answer at their will (Dochy, Janssens & 

Struyven, 2005). Literature has identified both advantages and disadvantages of using each type 

(Scouller, 1998; Dochy et al., 2005; Brown, Bull & Pendlebury, 2013). Multiple-choice 

questions pose serious challenges during their design due to their complexity and fast depletion 

which requires a large number of available questions (Pinto, 2001). Unlike multiple choice 

questions, open questions are faster and easier to build, being appropriate for analyzing the 

creativity and the reasoning of the student (Costa & Miranda, 2017; Pinto, 2001). However, this 

type of questions is harder to evaluate due to the subjectivity of human language expressed in 

written answers. Due to the latter fact, massive e-learning courses typically adopt multiple-

choice questions (Zlatović, Balaban & Kermek, 2015). As a result of each type’s strengths and 

weaknesses, several teachers choose to write exams using both types (McCoubrie, 2004). The 

present study focused specifically on multiple-choice questions used to evaluate students from 

Excel courses taught between 2012 and 2016. The main goal is to understand what drives the 

success in students’ scores on multiple-choice questions.  



The empirical research consisted of building a model with a dataset composed of 3,340 

answers to multiple-choice questions covering Excel formulas and functions, from 526 different 

students, including several characterizing features such as question length and number of similar 

distractors to the correct one to assess which of those features played a more significant role in 

students’ success. The model was built through data mining techniques, a procedure that was 

also adopted by Cortez and Silva (2008) to assess High School students’ performance. The 

contributions of this study can guide the design of future multiple-choice questions about Excel. 

Background 

Educational data mining 

Information systems have developed over the years by benefiting from an increase 

in processing performance as well as in storage capacity. Currently, databases store data 

about any business and are key for decision support as these conceal historical information 

which can be used for learning from the past to prepare for the future (Sharda et al., 2013). 

Specifically, nowadays educational institutions rely on information systems to manage 

their daily operations. Thus, their databases store information about applicants, students, 

courses and programs, which may be explored to answer important educational questions 

(e.g., what is the student success rate?). In the 1990s, Business Intelligence emerged to 

encompass all techniques and tools aiming to provide managerial intelligence through data 

analysis (Sharda et al., 2013). Within the Business Intelligence umbrella, data mining 

includes techniques and methods to uncover patterns from raw data that translate 

interesting findings which help in decision support (Moro et al., 2014). The main 

advantage of data mining in comparison to traditional statistical techniques is that artificial 

intelligence, which is included in data mining, enhances data modeling through complex 



techniques that are able to apprehend non-linear relations between the features that 

characterize a given problem. In data mining, problems can be divided into supervised 

learning and unsupervised learning. In the former, a target feature translates the problem 

(e.g., the student’s score in a course), while in the latter, there is only a set of input features 

and the goal is to find interesting relations among those features based on input data. For 

supervised learning, if the target feature is numerical, then it is a regression problem; 

otherwise, it is a classification problem (Sathya & Abraham, 2013). 

Grounded on both data mining and educational information systems, educational 

data mining is a sub-field of data mining focused specifically on educational problems that 

can be addressed using data (Romero & Ventura, 2010). Several objectives may guide 

educational data mining projects, including predict students’ results in courses, select weak 

students to propose additional classes, recommend to learners’ activities to improve the 

learning experience, and evaluate the structure of the course content and its effectiveness 

on the learning process (Romero & Ventura, 2007). Regarding the prediction of students’ 

score in a test, it is a supervised learning that can be considered a regression problem, if the 

score is numerical. However, in multiple-choice questions where the student needs to 

choose one among several possibilities, there are only 3 possible outcomes: correct answer, 

incorrect answer (with penalty), non-answered (no penalty). Therefore, it becomes a 

classification problem. 

Evaluation through multiple-choice questions 
The use of multiple-choice questions to evaluate the topics learned by students was 

introduced in the early 1900s in the United States as part of an educational reform to disseminate 

education throughout the entire country (Resnick & Resnick, 1992). The goal was to use an 



objective and evaluator-independent method to evaluate student learning, thus eliminating the 

subjectivity inherent of open questions. Since then, this simple and effective method of assessing 

students’ knowledge acquired during courses has spread worldwide. Several formats of choice 

questions are currently used, with the most popular including multiple-choice questions, where 

the student needs to select the correct choices (Roediger III & Marsh, 2005), and questions with 

independent sentences where the students need to signal if each sentence is true or false (Tsai, 

Tsai, Chai, Sung, Doong & Fung, 2004) or pairing questions (Pinto, 2001). Designing proper 

multiple-choice questions is a challenging task. Boland et al. (2010) identified two fundamental 

properties that exam writers need to be aware of: discrimination, to assure only knowledgeable 

students can find the correct choice; and the difficulty, which measures the probability of 

students knowing the topic but failing to find the correct choice. Both properties are 

complementary, meaning that writing the question requires a balance between these two 

properties. In multiple-choice questions where the student needs to select a single correct item 

among a list of them, the incorrect items are often called distractors (Boland, Lester & Williams, 

2010). The difficulty in answering such questions is also associated to the plausibility of 

distractors, with a larger number of similar items to the correct one increasing the difficulty 

(Tarrant & Ware, 2008; Pinto, 2001). On the other hand, an easily rejected distractor will reduce 

the probability of getting the answer by exclusion (Pinto, 2001). One method often employed to 

discourage students’ guessing when they do not know the topic addressed by the question is 

using penalties (Burton, 2001). Thus, students who are unaware of the topic are discouraged to 

answer, since failure is penalized with a negative score. However, “scores may be affected by the 

excessive reluctance of some examinees to risk answers” (Burton, 2001, p. 42). It is also 

important for each question to be based on a unique idea to be assessed and the vocabulary used 



should be accessible to the students. Otherwise, the question evaluates the reading capability and 

not the relevant knowledge (Pinto, 2001). Although apparently multiple-choice questions are 

simpler and therefore preferred by students when they have no penalty for wrong answers (Pinto, 

2001), their complexity can be quite large whether the distractors are very similar to each other 

or the number of choices is large. The questions should also be peer-reviewed to analyze possible 

interpretations and reduce ambiguity (Costa & Miranda, 2017; Miranda, 1985). The correction 

system for this type of questions is quite reliable and correction errors are usually insignificant 

(Pinto, 2001). Given the relevance of multiple-choice questions as an evaluation method, 

education researchers have devoted attention to understanding the main drivers of students’ 

success in answering this type of question. The length of the question has been pointed out as an 

influencing factor of success, since lengthier questions typically require more effort in 

understanding them (Stiller et al., 2016; Yan & Tourangeau, 2008). Another known factor 

influencing difficulty is supporting images, which can help to reduce the difficulty of 

understanding the question (Stiller et al., 2016). Thus, existing literature highlights several 

features influencing success. Nevertheless, no study was found adopting a data mining approach 

to model student’s success in answering multiple-choice questions. It should be noted that data 

mining sets its roots on both statistics and artificial intelligence, benefitting from both sciences to 

enable building non-linear complex models that can reveal patterns of knowledge (Moro, Cortez 

& Rita, 2014). Therefore, this study uses advanced computational modeling to provide guidance 

on creating multiple-choice questions applied to Excel, by using data mining, which has already 

been applied in other educational contexts (e.g., Monk, 2005; Cortez & Silva, 2008). 

 

 



Microsoft Excel 
Spreadsheet tools enable users to structure their information in a tabular format, thus 

organized in indexed rows and columns that provide a means to univocally identify a cell. 

Information is inserted or edited within each cell, with several types of data being allowed (e.g., 

numerical, text, dates). Also, formulas can combine the information from distinct cells, aggregate 

information, or use functions to compute new information based on an existing one. This type of 

tool emerged in the 1980s as a response to managerial and economical needs to take out the most 

of existing computational power to leverage decision making (Barreto, 2015). As a result, 

universities quickly began to include in their programs specific courses teaching how to use 

spreadsheet tools. Microsoft launched its Excel tool in response to this emerging and promising 

market at the time. During the 1990s, it quickly grew to dominate spreadsheet market, 

benefitting from integration with the remaining Microsoft Office tools, particularly, Microsoft 

Word (Barreto, 2015). Currently, it maintains the same status, although online tools such as the 

one provided by Google are gaining market share. 

Excel is taught in a wide variety of programs, reflecting its multi-discipline nature. 

Accordingly, several researchers from different sciences have dedicated time and effort to 

understand and improve the learning process associated with Excel courses. Waldman and 

Ulema (2008) evaluated Excel teaching efficiency of an introductory information systems course 

by comparing the results of tests directly executed on the tool prior and after the course was 

taught. The same study considered tasks that used simple functions (e.g., logic functions such as 

IF), cell referencing, and cell formulas. Waldman and Ulema (2008) found that more than half of 

the students already had basic Excel skills, although the course helped them to improve those 

skills. Al Rawahi, Khan and Huq (2006) used Excel to integrate information technology into the 

mathematics curricula. As a result of their study, they advise teachers to develop integrated 



methods using technology which, in turn, encourages students to have a more proactive attitude 

toward learning. Sitzmann et al. (2010) turned their attention to students’ attrition in Excel online 

courses. The wide dissemination of Excel has earned Excel courses a spotlight place in e-

learning, with online courses proliferating worldwide (Korn & Levitz, 2013). Still, no study was 

found aiming to uncover the influencing factors in Excel multiple-choice questions. Thus, the 

relevance of the present study is justified by both the widespread use of Excel and multiple-

choice question exams, emphasized by the fact that typically most Massive Online Open Courses 

have an evaluation format based on multiple-choice questions (Margaryan, Bianco & Littlejohn, 

2015). 

Materials and Methods 

Sample 

The sample analyzed consists of hand-written Excel exams executed between 2012 and 

2016 in a public university, located at Portugal, under two courses lectured, offered in several 

programs of the institution, mostly related to social sciences, technologies and information 

systems. The two courses are an introductory course on Excel, where the basic functionalities 

(e.g., spreadsheet formatting, simple arithmetic formulas) are taught, and an advanced course, 

which includes advanced spreadsheet formulas such as “lookup” tables and merging data. A total 

of 526 students were evaluated exclusively through 16 different exams. Each exam is composed 

of two sections, one with multiple-choice questions, and another with open-ended questions. The 

multiple-choice questions’ section, which is the subject of the present study, ranges from 5 to 8 

points score in a 20-grade scale (thus, from 25% to 40% of the overall grade). Considering the 

focus is on the answered questions, the dataset compiled consists in one line per question, in a 

total of 3,340 instances. The dataset encompasses a total of 16 different tests, with six different 



questions per test. Each multiple-choice question accounts for 1-point score in a 20 scale and it 

has four choices, with only one being correct. Some of the remaining choices are implausible 

distractors, while others represent answers near the right answer. Since incorrect answers are 

penalized with a -0.25 score, a student may choose not to answer (0 score in that question). Thus, 

there are three possible categories for each multiple-choice question, correct, incorrect, not 

answered. Table 1 shows the distribution of scores for the analyzed questions.  

 

<Table 1> 

Table 2 shows all the features considered in this study. Since some exams may be overall 

harder than others, the exam identification itself was also included. The discipline topic was 

considered, as some topics may be harder than others (Lingard, Minasian‐Batmanian, Vella, 

Cathers & Gonzalez, 2009). Table 3 displays the topic distribution, with formulas and basic 

functions accounting for more than half of the questions. In a first approach, to determinate the 

content value, as used in other studies (e.g. Costa & Miranda, 2017), all questions were validated 

by a specialist, a lecturer with more than 30 years of experience in teaching and evaluating Excel 

courses. However, since it is a subjective matter, the validation of each question was also 

performed by one of the co-authors and it was assured the agreement in all questions that were 

later answered by the students.. Also, since some of the questions were supported by images, a 

flag accounting for that was included. The degree of difficulty was assessed through the analysis 

of difficulty level following the Classical Test Theory resulting in a value between 0 and 1 for 

each question according to students’ answers (Sartes & Souza-Formigoni, 2013). This value was 

later converted in qualitative measures: ‘hard’ for values below than 0.33, ‘medium’ for values 

between 0.33 and 0.66, and ‘easy’ for values above than 0.66. 

 



<Table 2> 

 

<Table 3> 

Knowledge extraction 

Extracting knowledge from raw data requires building a model that may reveal the 

hidden patterns that might be able to explain the influence of the input features identified in 

Table 2 when modelling the output (the answer grade). Several data mining models are adequate 

to build a classifier with the purpose of modelling the grade, including naïve Bayes (NB), 

decision trees (DT), support vector machines (SVM), and neural networks (NN) (Moro et al., 

2014). NB assumes the independence of the input features between each other to build a “naïve” 

model (Rish, 2001), while DT defines a set of rules in a branch format where each branch 

denotes a decision based on one feature until a leaf of the tree is reached where the predicted 

outcome is shown (Loh, 2011). The most advanced machine learning techniques applied in data 

mining model complex relations between features to achieve more accurate models. These 

include both SVM and NN. The former defines separating hyperplanes using support vector 

points to distinguish data (Guerreiro & Moro, 2017), while the latter attempts to mimic human 

brain behavior by defining layers connecting neurons (or nodes), where their state is computed 

through a weight function using previous neurons’ values (Haykin, 2009). The SVM transforms 

the complex input space into a high dimensional feature space through a nonlinear mapping that 

depends on a kernel. There are several types of NN. We adopted the popular multilayer 

perceptron, configured with one hidden layer composed of a set of hidden nodes configured 

through a grid search under the conditions advised by Moro et al. (2014). The NN’s nodes apply 

a logistic function with the input values from the connections to compute an output. Thus, the 



NN complexity derives from the number of nodes and their connections. The four 

aforementioned modelling techniques were tested, with its results evaluated using two metrics: 

the area under the Receiver Operating Characteristic (ROC) curve (AUC); and the area under the 

cumulative Lift curve (ALIFT). The ROC curve plots the false-positive rate versus the true-

positive rate, with a random classifier being represented by a diagonal from 0 to 1. Thus, random 

and optimal classifiers hold an AUC value of 0.5 and 1.0, respectively. The cumulative Lift 

curve is plotted with a set of instances sorted from the most to the least likely target outcome 

(i.e., a correct answer if we are trying to test the accuracy of the model in predicting correct 

answers). Therefore, a better classifier will achieve an ALIFT closer to 1.0. Both classification 

metrics were used and described in detail by Moro, Cortez and Rita (2015).  

All the experiments were conducted using the R statistical tool and the “rminer” package, 

specifically designed to facilitate data mining experiments (Cortez, 2010). To further assure 

modelling robustness, a 10-fold cross-validation scheme was adopted (Moro, Rita & Coelho, 

2017b). The results for the four techniques tested are shown in Table 4. There are several metrics 

to assess a classifier’s performance, i.e., a model in which the target feature is a range of classes 

(in our case, “Incorrect”, “Correct”, and “Non-answered”).  We adopted AUC and ALIFT, which 

were previously described. For both cases, a random classifier is represented by the 0.5 value, 

while an ideal classifier (i.e., one that accurately classifies every cases) holds the value of 1.0. 

Thus, the higher the values shown in Table 4, the better is the classifier. 

 

<Table 4> 

 

Table 4 highlights with no surprise that the most advanced techniques of SVM and NN 

outperform the remaining when classifying the three possible classes for a multiple-choice 



question grade. Furthermore, NN reached the best values of both AUC and ALIFT, a result 

aligned with the study by Moro et al. (2014). Therefore, the NN model was selected for 

knowledge extraction. 

NN provide an accurate model, although directly understanding it is beyond human 

comprehension, since the rules that led to it are not directly obtained (Browne, Hudson, Whitley, 

Ford, Picton & Kazemian, 2003). However, there are a few effective techniques for extracting 

knowledge from NN, namely rules extraction and sensitivity analysis. The former has the 

disadvantage of simplifying the inherent complexity of NN in the attempt to extract rules, thus, 

losing information, while the latter enables one to assess the outcome variation when changing 

the input features, offering an interesting approach to unveil features’ contribution in modelling 

the outcome (Cortez & Embrechts, 2011). The data-based sensitivity analysis (DSA) is a 

sensitivity analysis technique which uses a randomly selected sample of data to test model 

variation by simultaneously changing the input features, thus being able to disentangle the 

relationships between features (Cortez & Embrechts, 2013). DSA has been successfully applied 

to a wide variety of problems, such as tourism (Guerreiro & Moro, 2017), social media (Moro,  

Rita, & Vala, 2016), groundwater (Naghibi, Pourghasemi & Abbaspour, 2017), and banking 

(Moro, Cortez & Rita, 2017a); thus, it was chosen for the present study, in order to understand 

how each of the input features contribute to the most accurate model trained, i.e., the NN. 

Results and discussion 
The DSA enabled us to obtain the relative relevance of each feature to modelling the type 

of answer (Correct, Incorrect, and Non-answered) to multiple-choice questions. Figure 1 shows 

how each input feature described in Table 2 contributed to the model. The length of the question 

measured by the number of words was considered the most relevant feature. This result is 



aligned with the findings reported by Stiller et al. (2016), who also discovered a significant effect 

of the word count on a 63 multiple-choice questions test answered by 907 participants to assess 

the pre-service teachers’ scientific reasoning abilities. Furthermore, it is interesting to highlight 

that several studies on distinct evaluation subjects also found similar results, such as Martiniello 

(2009) did on mathematic tests. A similar effect is known from surveys, with longer questions 

resulting in higher response times (Yan & Tourangeau, 2008). Regarding the number of words in 

each question and the difficulty degree of our sample, the results showed that, for each average 

of words (Easy = 17.3; Medium = 19.7; Hard = 16.8), there were no evidence of significant 

correlation (Spearman's ρ = 0.093). Thus, the results presented are consistent with existing 

literature. Freedle and Kostin (1996) studied the association between the length of a sentence and 

its difficulty degree and they found no significant effects for listening words. Nevertheless, none 

of the aforementioned authors analyzed the impact of word count in students’ choice of not 

answering the question, as it requires case-studies of questions where a penalty (negative score) 

is attributed to selecting an incorrect choice (Burton, 2001). 

 

<Figure 1> 

 

The second most relevant feature represents the different Excel topics that were 

evaluated. While there are several studies analyzing students’ success in learning Excel (e.g., 

Bai, 2009; Frydenberg, 2013), none was found categorizing the different topics covered. 

Nevertheless, this is an expected result for any type of question. A third finding appears to be 

related to the difficulty degree, which accounts for more than 12% of relevance in students’ 

success rate.  Lingard et al. (2009) found that student and staff agreement on perception of 

question difficulty is only about 50% for the disciplines analyzed, (biochemistry and physics). 



On the other hand, as the same authors stated, different cognitive skills are required for the 

different sciences; on the opposite sense, Excel is a tool with application purposes, specifically 

designed to be user-friendly. Future research is needed to scrutinize what is a difficult question 

for the case analysed.  The number of similar choices to the correct answer emerges in fourth 

place, with almost 10% of relevance accounted for. This is a known and intuitive effect, also 

reported in the literature (Burton, 2005), as more similar choice items imply fewer implausible 

distractors, thus students are more likely to miss the correct answer in the presence of a larger 

number of similar choices to the correct one. The remaining features hold individual relevance of 

around 8% or less.  

Next, the four most relevant features are scrutinized, all of them with an individual 

relevance of around 10% or above. While there are three possible outcomes (Correct, Incorrect, 

and Non-answered), an incorrect answer is the opposite of a correct answer. Therefore, only the 

probability for the correct and non-answered outcomes are plotted and discussed. 

Figure 2 shows the impact of question length in both correct or non-answered responses. 

The results are as expected: lengthier questions are harder to correctly answer, while 

simultaneously tend to lead students to avoid answering them. The contribution of Figure 2 lies 

in measuring such effect: from 10 to 30 words, the question rapidly increases in terms of 

difficulty measured by correct answers, while the effect is attenuated afterwards. Moreover, 

questions with a length from 20 to 35 words have a pronounced increasing probability of not 

being answered, until it reaches a plateau above that. Other studies lack in quantifying such 

effect (e.g., Stiller et al., 2016). 

 

<Figure 2> 

 



The second most relevant feature is the topic addressed by the question. Figure 3 displays 

the probability of choosing the correct answer or choosing not to answer a question depending on 

the six topics described in Table 3. There are some apparently surprising results, namely students 

are likely to correctly answer any text function question (93.1%), while basic functions hold a 

rather low probability for students choosing the correct choice (42.2%). Such finding calls for an 

analysis of two randomly chosen examples of questions from these two topics (Table 5). Both 

the chosen questions are “easy” (difficulty degree), with the text function question being longer 

in words. Such result raises the hypothesis that the lectures devoted more attention to text 

functions, assuming that basic functions such as ROUND were already known from university 

students. This discovery may help shape future lessons. However, the hardest topic is 

“referencing”: not only students are having a hard time in correctly answering this type of 

question, but also it is the topic where students show less confidence, reflecting it in the highest 

number of non-answered questions, 5.7%. As Maresca (2016) pointed out, referencing can be 

used not only to interconnect information within the same spreadsheet, but also from different 

spreadsheets as well as external sources. Thus, it requires deep understanding about where the 

information resides, which may be difficult for bachelor students who are more used to the 

remaining mathematical concepts associated with functions and formulas offered by Excel. 

 

<Table 5> 

 

<Figure 3> 

 

The results shown on Figure 4 for the difficulty degree, the third most relevant feature, 

are as expected: the probability of answering correctly is directly dependent degree of difficulty, 

with harder questions having a lower probability of being corrected answered. Also as expected, 



harder questions are more likely to be left unanswered. Nevertheless, the effect of the difficulty 

degree is more pronounced for the case of correctly answering the question, implying that harder 

questions are not in some cases discouraging students to take their chance. While the findings are 

as expected, the match between the perceived difficulty by the attributed the difficulty degree 

and by the students (who answered or avoided answering the questions) is an accomplishment 

difficult to achieve (Linn, Baker & Dunbar, 1991; Lingard et al., 2009). As Dochy et al. (2005) 

pointed out, it is important to understand students’ perceptions during the learning process that 

will help them succeed in the evaluation. Nevertheless, while some disciplines such as physics 

require a complex rational to answer each question (Lingard et al., 2009), Excel’s practical 

perspective may help to explain why there is an alignment between the perceived difficulty 

degree of the lecturer and students’ performance. 

 

<Figure 4> 

 

Lastly, the number of similar choices to the correct answer is scrutinized through Figure 

5. As a higher number of similar choices represents a lower number of implausible distractors 

(since the two are complementary), the more similar choices, the more likely the student fails in 

correctly answering the question. The opposite happens for the case of not answering the 

question, since a larger number of similar questions can raise doubts in students who may prefer 

not to answer. This is a known effect from the literature, as writing multiple-choice questions 

requires to balance the number of possible choices between plausible (similar) and implausible 

items (Boland et al., 2010). This study helps by quantifying such effect for the case of Excel, 

including multiple-choice questions with penalty for an incorrect answer. 

 

<Figure 5> 



 

Conclusions 
Microsoft Excel is a valuable tool recognized and used in a myriad of roles in the labor 

market worldwide. Therefore, it is taught in many undergraduate programs in most universities. 

As with any subject taught in a university course, it requires an evaluation process that is 

adequate for assessing if students learned the different topics taught. The present study analyzed 

the case of a curricular unit lectured between 2012 and 2016 at a European university where tests 

included both choice and development questions. Particularly, a model aiming to accurately 

model students’ answers categorized in three types (correct, incorrect, and non-answered) was 

built from where knowledge was extracted to assess features contribution to modelling each of 

the types. 

Results enabled to us to identify four features holding around half of the relevance to 

students’ score, from the total of 17: (1) number of words of the question, (2) topic, (3) difficulty 

degree, and (4) the number of similar choices. The effect of each of these four features was 

assessed. Lengthier questions are harder to answer, and the students are more likely to choose 

not answer those. The topic of "referencing" was found to be difficult and particularly 

discouraging for students who, in some cases, chose not to answer the corresponding questions.  

The major contributions include quantifying the causal effect of known features on the 

possible outcomes of choice questions where an incorrect choice receives a penalty, discouraging 

students’ uninformed guesses, and unveiling how each feature is affecting students’ performance 

for the case of Excel. The findings may help to guide future lectures in designing tests and 

revising the subjects taught aiming at improving the process of learning to work with Excel. 

 

Limitations and Future Work 



Our study has some limitations that can be explored in future research. Firstly, we have 

analyzed 17 features (Table 3) that can influence the results of multiple-choice questions but 

mostly are related to the characteristics of the questions. In future work, we propose to 

understand whether the students’ characteristics and academic background influence the success 

on multiple-choice questions since our research did not cover these factors. Our focus was also 

essentially related to the question. We intend to analyze the distractors more in depth since the 

work of Freedle and Kostin (1996) obtained similar results for listening words but they 

mentioned that the length of sentences in the distractors has a significance effect in the difficulty 

degree of the question. We propose to research this issue further. 

The design was centered on Excel for its popularity among universities but there are a set 

of other spreadsheets that could also be researched. Our data suggests that the results will be 

similar in other spreadsheets, but it lacks on a confirmation due to the differences in the type of 

programming languages and formats between spreadsheets, which can influence the difficulty 

degree of the questions. We suggest confirming it in future research. 
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Table 1 - Answers in the dataset. 

Answer Number 

Incorrect 1,121 

Non answered 219 

Correct 2,000 

Total 3,340 

 

Table 2 - Features considered. 

# Name Description 

 1 exam Exam identification 

2 scientific.area {Sociology, Technology, Management} 

3 course {Advanced Excel, Introduction to Excel} 

4 year 
Year and month when the exam was made 

5 month 

6 total.exams Total number of exams made by every student in that year 

7 topic Discipline topic within 7 (see Table 3 for details) 

8 difficulty.degree {Easy, Medium, Hard} 

9 nr.sim.choices Number of choices similar to the correct answer 

10 image If the question was supported by an image 

11 choice.quest.grade Grade and weight of the multiple-choice questions' section, measured in 

a value where 20 represents the maximum possible grade in the exam 12 choice.quest.weight 

13 open.quest.grade Grade in the essay questions' section 

14 exam.grade Total grade in the exam (in a 20 grade scale) 

15 quest.type {Theory, Application} 

16 quest.nr.words Number of words of the question 

17 quest.nr.chars Number of characters of the question 

18 answer.grade Grade achieved by the student with his/her answer (Table 1) 

 

Table 3 - Question topics. 

Topic Example Total questions 

Logic functions IF function 585 

Referencing write function to fill in a specific cell 75 

Text functions MID function 78 

Basic functions ROUND function 878 

Formulas find the formula to match the sheet shown 1,123 

About Excel shortcut keys 601 
 Total 3,340 



 

Table 4 - Modelling results. 

Model 
Correct Incorrect Non-answered 

AUC ALIFT AUC ALIFT AUC ALIFT 

NB 0.785 0.615 0.749 0.666 0.773 0.754 

DT 0.751 0.601 0.715 0.643 0.706 0.692 

SVM 0.828 0.633 0.794 0.695 0.803 0.783 

NN 0.830 0.633 0.795 0.696 0.816 0.795 

 

 

Figure 1 - Relative relevance of each feature to the model. 

 



 
Figure 2 - Probability for the type of answer depending on the number of words. 

 

 

 

 

 

 

 

 

 

Table 5 - Examples of text and basic functions. 

Topic Question Choices (in bold the correct one) 

Text function 

question 

Consider it is written in cell A1 “Excel 

function”. If, in A2, you insert MID(A1,3,2), 

the result is: 
1 “ce” 2 “ex” 3 “cti” 4 “xce” 

Basic 

function 

What is the result of the following function:  

round(128.45,-1) 1 120 2 128 3 130 4 131 

 

 

 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

5 10 15 20 25 30 35 40 45 50

P
ro

b
a
b

il
it

y

Number of words

Correct

Non-answered



 

Figure 3 - Probability for the type of answer depending on the topic. 

 

 

Figure 4 - Probability for the type of answer depending on the difficulty degree. 

 



 

Figure 5 - Probability for the type of answer depending on the number of similar questions. 

 

 


