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Abstract 
Adding technology to the classroom has been an instructional strategy used by many 

higher-education institutions to increase student success, but merely adding computers, 

multimedia devices, and other technology to the classroom with pedagogical arbitrariness 

has proven to have little effect.  The purpose of this study was to determine if using the 

adaptive learning technology (ALT) tool, LearnSmart, in seated introductory business 

courses would result in a statistically significant difference in unit exam scores, to 

analyze changes in exam performance through different time increments used of the 

ALT, and to investigate correlations between the student’s metacognition in the ALT 

module and his or her performance on the unit exam.  The population of this study 

consisted of students in nine sections of introductory business courses at three large 

community colleges in the United States.  From the data collected and analyzed in this 

study, there was a statistically significant positive difference in exam scores of students in 

an introductory business course who completed the 40-minute LearnSmart modules prior 

to the exam compared to students who did not use LearnSmart.  There was also a 

statistically significant correlation between a student’s metacognitive score and his or her 

exam score.   
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Practitioner Notes 

What is already known about this topic: 

 

 Students perform at higher levels when they are in one-on-one learning 

environments 

 Adaptive learning technologies have advanced dramatically throughout the last 

decade, and ALTs have been shown to increase learning in a variety of disciplines 

 Metacognitive skills contribute towards learning advancements.  

 Adding preparatory assignments that involved the use of generation and active 

learning have been shown to increase student engagement and performance. 
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 Little research exists involving ALTs in business courses, and this is the first 

empirical study on the impact of an ALT used in an introductory business course. 

 

What this paper adds: 

 

 There was a statistically significant increase in exam scores when the ALT, 

LearnSmart, was used by students compared to students who did not use the ALT. 

 Students who had higher levels of metacognition when answering questions in the 

ALT performed better on exams. 

 

Implications for practice and/or policy: 

 

 More emphasis on metacognition should be required in instructional strategies. 

 The addition of an ALT can assist in creating a one-on-one learning environment. 

 

Introduction 

Students, on average, perform two standard deviations better under one-on-one tutoring 

compared to standardized group instruction (Bloom, 1984).  Bloom (1984) described this 

effect of personalized instruction as the 2 sigma problem (p. 4).  Until recently, the ability 

for a teacher to provide personalized learning and adaptability to each student has been 

difficult to achieve (Bain & Weston, 2012; Bloom, 1984).  Adding technology to the 

classroom is one way Bloom (1984) suggested to help increase student success, but 

merely adding computers and other technology to the classroom with pedagogical 

arbitrariness has proven to have little effect (Bain & Weston, 2012).  Relatively low-cost, 

personalized, adaptive learning technologies with correlated pedagogies are needed to 

promote a learning environment that begins to capture a one-on-one tutoring experience 

(Tomlinson, 2014). 

 

The invention of adaptive learning, sometimes referred to as personalized learning or 

computer-assisted learning (CAL), stems from advancements in technology and also 

from the need for teachers to better understand the learning habits of students in 

increasingly larger classrooms (Fletcher, 2013).  As more students are added to the 

classrooms of K-12 and higher education, teachers become less aware of how each 

individual student is learning and progressing (Johnson, 2011).    

 

Adaptive learning technology (ALT) is the name given to a “computerized-learning 

interface that constantly assesses a student’s thinking habits and automatically customizes 

material for him or her” (Fletcher, 2013, p. 66), and adaptive learning is underpinned by 

the theories of constructivism, active learning, and metacognition (Gallagher, 

2014).  Additional advancements in software and computer capabilities have made it 

possible to use computers as interactive teaching devices, and journals such as the 

International Journal of Artificial Intelligence in Education and The Journal of Computer 

Assisted Learning contain a plethora of articles that affirm this new approach (Griff & 

Matter, 2013).  It is a relatively new technology and way of learning compared to the 

long-standing traditional system of physical teachers teaching students that dates back 

thousands of years (Brookfield & Preskill, 2012).  Learning achievements by students 
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using CAL programs have been made in the areas of mathematics and accounting 

(Phillips & Johnson, 2011), and CAL has been effective in the teaching of foreign 

languages (Lee et al., 2011).   

 

In a learning environment where a teacher is only directly responsible for one student, the 

teacher would be able to devote his or her attention to the student and would be able to 

understand how to tailor the curriculum to meet the needs of the student (Brookfield & 

Preskill, 2012).  As more students are assigned to the teacher, he or she is forced to divide 

his or her attention between multiple students, thus essentially limiting the amount of 

information that can be known about each of the students (Bloom, 1984).  The ideas of 

adaptive learning, and what would eventually include ALTs, have been around for 

centuries as teachers and researchers envisioned ways of trying to craft learning to fit 

each student in the classroom (Brookfield & Preskill, 2012).  Though costs and 

technology limitations halted advancements, doors have been opened to the use of 

technology in the last two decades, and many K-12 and higher education institutions have 

been adding technology-assisted learning tools at a rapid pace (Hopkins, 2014).  The 

addition of technology in education has become commonplace, but there are few 

increases in academic success at which to point to validate the effectiveness of these 

additions (Bain & Weston, 2012).  Indeed, some researchers have argued that most of 

these technologies burden the teacher greatly and have little to offer in the way of active 

learning for the student (Akbulut & Cardak, 2012).   

 

Adaptive learning technologies use algorithms to predict knowledge; therefore, students 

are able to have a personalized learning experience that ultimately guides them through a 

constructivist pedagogy in order to learn the material (New England Journal of Medicine 

[NEJM], 2014).  The ALT assumes the role of the instructor in presenting new constructs 

to students (McGraw-Hill Education, 2015; NEJM, 2014).  The ALT requires practice 

and repetition to learn the information, thus accommodation should occur (NEJM, 2014; 

Piaget, 1972).  The ALT is delivered to the student by computer; therefore, the 

incorporation of different learning styles can be achieved (Akbulut & Cardak, 2012; 

Fletcher, 2013; Haythornthwaite & Andrews, 2011).  Students are presented information 

in a variety of ways, including variations of text styles, visual displays, animation, audio 

recordings of sounds, kinesthetic activities of clicking, dragging, and movement of 

objects, manipulation of various parts of the information, and the manipulation of the 

environment of the student (Akbulut & Cardak, 2012; Fletcher, 2013).  Technologies that 

use personal, adaptive learning could shift the role of the teacher to that of a moderator or 

interpreter of learning, thus engaging the student directly with the material (Freeman et 

al., 2014; Jensen, Kummer, & Godoy, 2015).  Adaptive learning technologies have been 

created to bring back the one-on-one learning environment (Horn, 2012).        

 

A review of current literature has revealed a lack of empirical studies of ALTs being used 

in business courses.  Many of the studies and findings that exist are not empirical in 

nature, and the results of the studies are often either self-reported by the teacher or 

anecdotal with no additional information existing relating to the reliability or validity of 

the study (McGraw-Hill, 2015).  Cooke et al. (2008) systematically reviewed 201 

internet-based instruction studies in the health discipline.  The majority of these studies 
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revealed a positive effect of using CAL platforms (Cooke et al., 2008).  A few studies 

have been conducted in the fields of mathematics and accounting and resulted in 

significantly faster transaction analysis performance when students were required to use 

an ALT (Phillips & Johnson, 2011).  Students also were able to significantly increase 

foreign language speaking skills when using an adaptive learning intelligent tutoring 

system (Lee et al., 2011).  With increasing amounts of money being used to purchase 

ALTs (Hopkins, 2014), and approximately 40% of K-12 institutions that responded to a 

2013 Project Tomorrow educational survey (Jensen et al., 2014) stating the desire to 

implement a non-lecture-based style of instruction in upcoming years, it is worthwhile to 

assess the effects of ALTs on student learning.  

 

The major emphasis of educational institutions should be placed on whether ALT tools 

produce positive outcomes (Griff & Matter, 2013, Riddell, 2013; Waters, 2014; Zimmer, 

2014).  Since these tools are still relatively new, the empirical research is limited, but 

there are several large studies in recent years that should be evaluated (Cooke et al, 2008; 

Griff & Matter, 2013; James, 2012; McGraw-Hill Education, 2015; Zimmer, 2014).  

Students and faculty at Arizona State University took part in a large developmental math 

study launched in 2010 with ALT-designer, Knewton, in which the program was built 

and aligned to the Common Core Standards (Waters, 2015).  Waters (2015) stated “the 

system was both facilitator-driven and assessment-driven.  It used student data to figure 

out what students know and how they learn best, and then recommended what concept in 

the course each student should study next” (p. 2).  By 2013, the project was credited with 

an “18% increase in pass rates and a 47% drop in student withdrawals” (Waters, 2015, p. 

2).  This positive increase led to a savings of over $12 million for Arizona State 

University (Zimmer, 2014). 

 

Smaller studies included an ALT study using Smart Sparrow in an engineering course at 

the University of New South Wales that “led to a 55% decline in drop-out rates” 

(Zimmer, 2014, p. 1), and a study using LearnSmart in introductory biology classes at 

Appalachian State University that showed an increase in overall test scores in students 

who used LearnSmart modules (James, 2012).  McGraw-Hill Higher Education has 

collective data from 34 different studies that shows an overall increase of 10.8% in 

passing grades when using LearnSmart as a required piece of the course curriculum 

(McGraw-Hill Education, 2015).  An observational study by Griff and Matter (2013) 

using LearnSmart in anatomy and physiology courses at six higher-education institutions 

in the Midwest yielded insignificant results overall, but one segment of the study, 

involving two community colleges, showed increases in exam scores from students who 

used LearnSmart voluntarily.   

 

Seven additional studies at six colleges included over 700 anatomy and physiology 

students who were required to use LearnSmart during the course (McGraw-Hill 

Education, 2015).  The instructors reported their overall increase in pass rates to be 

11.5% higher compared to students who were not required to use LearnSmart (McGraw-

Hill Education, 2015).  Additionally, retention rates increased by 10% in the sections that 

required students to use LearnSmart (McGraw-Hill Education, 2015).  A study of 

psychology students at New Mexico State University in 2009 resulted in an increase of 
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10.2% in overall exam scores from students who completed all of the required 

LearnSmart modules (McGraw-Hill Education, 2015).  

 

Additional non-quantifiable benefits of LearnSmart were also noted in several studies, 

including increases in student engagement and motivation (McGraw-Hill Education, 

2015).  In one study in a management class at Siena College, the instructor reported 

students had higher-levels of engagement in class during the time period that LearnSmart 

was required, and the students also performed better on assessments and class projects 

(McGraw-Hill Education, 2015).  In another study at the University of Cincinnati, the 

instructor reported students had higher-levels of engagement in class, and the instructor 

was able to use the LearnSmart metacognitive data to tailor curriculum to the learning 

objectives that were most commonly missed by students (McGraw-Hill Education, 2015). 

 

Methods 

Design and Procedures 

 

The study adhered to Lindenwood University’s Institutional Review Board protocols 

(IRB #785334-1).  The design of this quantitative study was created to focus on the use 

of the McGraw-Hill Higher Education’s ALT, LearnSmart, in an introductory business 

course to see if it would impact assessment scores on a unit exam.  The study involved 

112 students enrolled in an introductory business course at three separate community 

colleges during the fall semester of 2015.  Three instructors were involved in the study, 

one at each college, and each instructor randomly assigned one of his or her three 

sections of the course to receive a treatment.  One section (G1) at each college served as a 

control group and was not assigned the LearnSmart modules.  The second section (G2) at 

each college was assigned to complete a 20-minute LearnSmart module for each of the 

two chapters covered before the assessment, and the third section (G3) at each college 

was assigned a 40-minute LearnSmart module for each of the two chapters covered 

before the assessment.  The instructors taught his or her sections uniformly.  In order to 

prevent contamination, whole sections of students were used to form the treatment groups 

instead of randomly dividing each section of students into three groups.  Students were 

given the option to have their data analyzed in the study, and there was no coercion by 

the instructor or the researcher to consent to having their data analyzed.   

 

The use of the ALT, LearnSmart, was part of the curriculum in the sections that were 

studied; therefore, recruitment was limited to asking students to participate in the 

study.  Participants were asked to participate in the study by the instructor of the course 

in which they were enrolled.  Participation was voluntary, and participation in the study 

did not change the curriculum of the course or the normal pedagogy of the instructor 

since LearnSmart was already a part of the curriculum in the course and a unit exam was 

also part of the normal assessment process.  Written acceptance of participation was 

secured from each student, and no compensation was paid to the students, instructors, or 

researcher from any party during the course of the study so no conflicts of interest 

existed. 
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Instrument and Data Collection 

The instrument used for the assessment in this study was a 30 question multiple-choice 

and true-false exam covering chapters 17 and 18 in the McGraw-Hill textbook, 

Understanding Business, 11th ed., authored by Nickles, McHugh, and McHugh   

(2015).  Chapters 17 and 18, “Understanding Accounting and Financial Information” and 

“Financial Management,” respectively, are two chapters that commonly make up a unit 

taught in the introductory business course (Nickles et al., 2015).  The assessment 

instrument was initially constructed by the researcher, and then the assessment was 

provided to three subject matter experts to establish content validity.  The exam was 

given in-class to the students, and there were no additional study aids available during the 

exam time.  

 

The collection of metacognitive data was obtained through LearnSmart (McGraw-Hill 

Education, 2015).  LearnSmart reports the percentage of questions answered by students 

at certain confidence levels (NEJM, 2014).  Based on students selecting one of four 

confidence levels before answering LearnSmart questions, the program is able to record 

metacognition.  Before answering a question in LearnSmart, students are asked to select a 

confidence level in answering.  The options available to the student include: “I KNOW 

IT,” “THINK SO,” “UNSURE,” and “NO IDEA” (McGraw-Hill Education, 2015).  If a 

student selects “I KNOW IT” or “THINK SO,” and answers the question correctly, then 

LearnSmart records these metacognitive data into a column titled, “Correct & aware.”  If 

a student selects “UNSURE” or “NO IDEA” and answers the question correctly, then 

LearnSmart records these metacognitive data into a column titled, “Correct & unaware.”  

If a student selects “UNSURE” or “NO IDEA” and answers the question incorrectly, then 

LearnSmart records these metacognitive data into a column titled, “Incorrect & 

aware.”  If a student selects “I KNOW IT” or “THINK SO” and answers the question 

incorrectly, then LearnSmart records these metacognitive data into a column titled, 

“Incorrect & unaware.” 

 

The exams were graded by the instructors, and the data were collected from the exams by 

the instructors at the participating institutions.  The instructors created a corresponding 

code for each student to protect his or her identity.  The data were then entered into a 

Microsoft Excel spreadsheet and electronically sent to the researcher for analysis.   

 

Statistical Analysis 

In order to determine the impact of LearnSmart on exam scores, a one-way ANOVA was 

used to find differences among the exam score means of the three groups.  The means of 

G1, G2, and G3 were compared to each other with alpha (α) set to .05.  An additional 

post-hoc Tukey HSD test (α=.05) was conducted to determine statistical significant 

differences between the groups.    

 

For data pertaining to the student’s metacognition, the LearnSmart metacognition scores 

were compared to the student’s exam score.  The correlation coefficient (r) was 

calculated to determine the strength of the relationship between the student’s 

metacognitive score and his or her exam score.  The student’s metacognitive score and 

his or her exam score were then tested for statistical significance using the Pearson 
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Product Moment Correlation with α set to .05, and degrees of freedom (df) set at N-2.  A t 

distribution was used to determine the t-value, and the r critical (rcrit) value was calculated 

for the t-value.   

 

Results 

The mean for G1 was 20.7, the mean for G2 was 20.5, and the mean for G3 was 

23.4.  The one-way ANOVA resulted in F(2, 109) = 4.28, p = .016, with α set at .05, a 

significance value (p) of .016 was reported between G1, G2, and G3. 

 

Table 1 

 

Summary of One-Way ANOVA Data  

Group Count M Variance    

1 70   20.73 20.64    

2 14 20.5 18.88    

3 28   23.43 12.77    

 

 

ANOVA 

 

      

Source of Variation SS df M F P F crit 

Between Groups    158.05 2 79.03 4.28 .016 3.08 

Within Groups  2014.2 109 18.48    

Total  2172.25 111     
 

Note. N = 112, M = mean score, df = degrees of freedom, p = significance value, F = F statistic, F crit = 

F critical value. 
 

The additional post hoc Tukey HSD test revealed a significance value of .016, a 

statistically significant difference between G1 and G3, indicating a statistically 

significant positive difference in exam scores between those students who did not use 

LearnSmart and those students who completed a 40-minute LearnSmart module before 

the exam.  In addition to statistical significance, practical significance was found when 

analyzing the mean exam scores.  The mean exam score of G1 was 20.7, G2 was 20.5, 

and the mean exam score of G3 was 23.4.  Students who completed a 20-minute 

LearnSmart module scored 1.1% lower on the exam compared to those who did not use 

LearnSmart.  Students who completed a 40-minute LearnSmart module showed an 

increase of 13% in exam scores versus those who did not use LearnSmart. 

 

When the metacognition data was analyzed, a positive trend line (see Figure 1), 

correlation statistic of .407, and a significance value, p, of .042 resulted.  The rcrit value 

was .304, less than r, thus this correlation was moderately strong and was statistically 

significant, indicating metacognition in answering LearnSmart module questions did have 

a significant positive relationship to exam scores. 
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Figure 1.  Scatterplot of metacognitive score by exam score.  Solid dots represent individual student 

data.  The dashed line represents the trend line of the data for the equation y =1.2x + 52.557. 

 

Conclusions 
Students performed better on exams when required to complete longer, 40-minute, 

LearnSmart modules compared to a shorter, 20-minute, LearnSmart modules or not using 

LearnSmart at all.  The mean exam score increase was 13% for the group completing the 

40-minute LearnSmart modules.  It was surprising to find students who completed the 20-

minute LearnSmart modules performed 1.1% lower on the exam compared to students 

who did not use LearnSmart.  This decrease might be caused by the assignment not being 

long enough to fully engage the students in the material or the ALT not being able to 

accurately assess the knowledge the student has of the subject matter given the fewer 

number of questions answered.  

 

After concluding the basic analysis for this study, further analyses were conducted 

comparing the mean exam scores at each of the three colleges to each other.  Two 

colleges had overall mean exam scores from all groups that were very similar, 22.8 and 

23.1, while one college had a mean score of 17.9.  In the study it was assumed the 

students and instructors at each institution would be similar, but the difference in the 

mean exam scores at one institution indicated a possible difference between the students 

or instructors at that institution compared to the other two institutions.  When the data 

were analyzed after removing the scores of the lower-performing college, there were no 

statistically significant differences found between the groups.  With α set at .05, the p 

value was .105. 
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When each college was analyzed independent of the others, the intra-college two-tailed t-

test findings of student performance of the two groups of students who used LearnSmart 

versus the group of students who did not use LearnSmart were noteworthy (see Table 

1).  The first college had a mean exam score of 22.2 for students who did not use 

LearnSmart compared to a mean exam score of 24.6 for students who did use 

LearnSmart.  With α set at .05, and a p value of .0359, this represents a statistically 

significant increase of 10.64% after using LearnSmart.  The second college had a mean 

exam score of 15.8 for students who did not use LearnSmart compared to a mean exam 

score of 19.3 for students who did use LearnSmart.  With α set at .05, and a p value of 

.007, this represented a statistically significant increase of 22.53% after using 

LearnSmart.  The third college had a mean exam score of 22.8 for students who did not 

use LearnSmart compared to a mean exam score of 23.6 for students who did use 

LearnSmart.  With α set at .05, and a p value of .478, this represented an increase of 

3.79% after using LearnSmart.  An increase in exam scores of those that used the ALT 

was noticed in all three colleges.  

 

Table 1 

 

Summary of Data Analysis for Each Individual College 

 

College No LS Group Mean LS Group Mean t-test p Increase with LS 

1 22.2 22.56 .036 10.64% 

2   15.78 19.33 .007 22.53% 

3   22.77 23.64 .478   3.79% 
 

Note. a=.05, No LS Mean = mean score of students who did not use LearnSmart, LS Mean = 

mean score of students who did use LearnSmart, t-test p = significance value, Increase with LS = 

percent increase between LS Mean and No LS Mean. 
 

Another interesting finding is how student metacognition plays a positive role in 

learning.  The metacognitive score from the LearnSmart metacognitive categories 

“Correct and aware,” and “Incorrect and aware” were analyzed.  Statistical significance 

was analyzed at α of .05.  A positive trend line correlation statistic of .407, and a 

significance value, p, of .042 resulted when analyzed.  The rcrit value was .304, less than r, 

thus this correlation was moderately strong, and the correlation was statistically 

significant.  Data from earlier research support the argument students perform better 

when students understand what they know and do not know about the subject matter 

(Chew, 2014).  The research from this study adds to the support of the argument.  There 

was a moderately-strong correlation between metacognitive scores in answering 

LearnSmart questions and exam performance of students who had an awareness they 

knew the answer or an awareness they did not know the answer.   

 

Students who had higher levels of confidence in their correct answers were able to 

perform better on the exam than students who did not have increased confidence.  This 

confidence, perhaps, may stem from students who have studied more or have more prior 
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knowledge of the subject matter, thus giving them more confidence when taking the 

exam.  It could also arise from students who were more serious than others in answering 

the metacognitive confidence questions found under the subject matter questions on the 

LearnSmart screens.   

 

Implications for Practice 
Based on the findings in this study, the use of the ALT, LearnSmart, produced 

statistically significant improvements in exam scores when used as a mandatory 

assignment prior to the exam.  This finding is consistent with several other ALT studies 

that have taken place in other disciples at higher-education institutions (Cooke et al., 

2008; Fletcher, 2013; Griff & Matter, 2012; James, 2012; Lee et al., 2011; McGraw-Hill 

Education, 2015; Phillips & Johnson, 2011; Waters, 2014).  Adding preparatory 

assignments that involved the use of generation and active learning have been shown to 

increase student engagement and performance (Bertsch & Pesta, 2014; Engestrom, 2014; 

Freeman et al., 2014; Jensen et al., 2015; Van Blerkom, Van Blerkom, & Bertsch, 2006).   

 

Generation, even in small amounts, fosters a learning environment that forces students to 

have ownership over the material (Bertsch & Pesta, 2014; Engestrom, 2014; Freeman et 

al., 2014; Jensen et al., 2015; Van Blerkom et al., 2006).  Since generation exercises 

involve active learning, students show higher levels of engagement, thus yielding higher 

performance (Bertsch & Pesta, 2014; Engestrom, 2014; Freeman et al., 2014; Jensen et 

al., 2015; Van Blerkom et al., 2006).  Adaptive learning technology is active and contains 

various forms of generation (Bertsch & Pesta, 2014; Engestrom, 2014; Freeman et al., 

2014; Jensen et al., 2015; Van Blerkom et al., 2006), and ALT has the ability to elevate 

student engagement and adapt the material to each student.  It would be the 

recommendation of the researcher to apply the use of an ALT as a mandatory assignment 

prior to an assessment in introductory business courses. 

 

Additionally, more emphasis on metacognition should be required in instructional 

strategies.  Students who had a better understanding of what they actually knew and what 

they did not know were able to perform better on the assessment.  The addition of 

LearnSmart should be made with concentrated efforts by the instructor to make students 

keenly aware that honesty in answering the metacognitive confidence indicators can help 

the ALT determine the appropriate personalized learning pathway, thus resulting in the 

possibility of better exam performance.  Perhaps this same philosophy of honesty in 

answering the confidence indicators could also have another benefit to students by 

creating self-awareness of their own level of readiness.   

 

Statements on Open Data, Ethics and Conflict of Interest 

Data from the study is available upon request from the researcher.  All research protocols 
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