
Vol.:(0123456789)

Education Tech Research Dev (2021) 69:1405–1431
https://doi.org/10.1007/s11423-021-09998-z

1 3

RESEARCH ARTICLE

Predict or describe? How learning analytics dashboard 
design influences motivation and statistics anxiety 
in an online statistics course

Natercia Valle1  · Pavlo Antonenko1 · Denis Valle1 · Max Sommer1 · 

Anne Corinne Huggins‑Manley1 · Kara Dawson1 · Dongho Kim2 · Benjamin Baiser1

Accepted: 13 May 2021 / Published online: 26 May 2021 
© Association for Educational Communications and Technology 2021

Abstract

Based on the achievement goal theory, this experimental study explored the influence of 

predictive and descriptive learning analytics dashboards on graduate students’ motivation 

and statistics anxiety in an online graduate-level statistics course. Participants were ran-

domly assigned into one of three groups: (a) predictive dashboard, (b) descriptive dash-

board, or (c) control (i.e., no dashboard). Measures of motivation and statistical anxiety 

were collected in the beginning and the end of the semester via the Motivated Strategies for 

Learning Questionnaire and Statistical Anxiety Rating Scale. Individual semi-structured 

interviews were used to understand learners’ perceptions of the course and whether the use 

of the dashboards influenced the meaning of their learning experiences. Results indicate 

that, compared to the control group, the predictive dashboard significantly reduced learn-

ers’ interpretation anxiety and had an effect on intrinsic goal orientation that depended on 

learners’ lower or higher initial levels of intrinsic goal orientation. In comparison to the 

control group, both predictive and descriptive dashboards reduced worth of anxiety (nega-

tive attitudes towards statistics) for learners who started the course with higher levels of 

worth anxiety. Thematic analysis revealed that learners who adopted a more performance-

avoidance goal orientation approach demonstrated higher levels of anxiety regardless of 

the dashboard used.
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Introduction

A large number of undergraduate and graduate programs include statistics courses as part 

of their core curriculum. Unfortunately, statistics is perceived as a difficult subject by many 

learners (DeVaney, 2016; Hanna et al., 2008) and, as a result, many learners develop nega-

tive feelings towards statistics courses, statistics content, and even statistics instructors. Not 

surprisingly, statistics anxiety has been explored in numerous studies as part of a broader 

conceptualization that involves math anxiety, self-efficacy, motivation, and goal orienta-

tion (Hsu et al., 2009; Onwuegbuzie, 2004; Zeidner, 1991). Importantly, statistics anxiety 

may be compounded in online learning environments due to lack of immediate feedback 

from instructors and the requirements for great levels of metacognitive skills as well as 

proficiency in technology, especially when statistical software is used (Hsu et  al., 2009; 

Zimmerman, 2008). This is a critical issue because online learning continues to grow and 

has dramatically expanded as a function of the public health crisis created by the COVID-

19 virus. If most academic leaders (66%) already considered online learning as an essential 

part of their long-term strategies (Allen & Seaman, 2014), this focus is likely to become 

even more prominent now that many educational institutions have developed their own 

structures to offer online instruction.

This study investigates how to better support learners’ affective and cognitive outcomes 

in online learning environments by using an important affordance of online contexts: learn-

ing analytics. More specifically, we designed and tested two learning analytics dashboards 

– predictive self-referenced vs. descriptive norm-referenced (Biesinger & Crippen, 2010; 

Koenka & Anderman, 2019) – to explore how different design and pedagogical features 

influence learners’ motivation, statistics anxiety, and learning performance in an introduc-

tory online statistics course. In this study, learning analytics dashboards are presented as 

visual displays of customized feedback on learning performance and information about the 

course timeline (Park & Jo, 2015; Tan et al., 2017). Despite the increasing interest in the 

potential of learning analytics to support learners’ reflection, behavioral changes, motiva-

tion, and learning performance (Gašević et  al., 2015; Park & Jo, 2019), empirical stud-

ies investigating the influence of learning analytics dashboards on learners’ cognitive and 

affective outcomes are still limited (Bodily & Verbert, 2017; Jivet et al., 2018), particularly 

in authentic settings such as online statistics courses and that are based on an experimental 

design. This study represents a step to fill this void.

Theoretical background

Statistics anxiety

Statistics anxiety can be described as the anxiety learners experience when dealing with 

statistics “in any form and at any level” (Onwuegbuzie, 2004). Statistics anxiety is reflected 

by the mental disorganization, worry, and tension that learners feel when they have to work 

with statistics content or problems (Zeidner, 1990). Statistics anxiety usually develops from 

situational, dispositional, or environmental antecedents (Onwuegbuzie & Wilson, 2003).

Statistics anxiety is a multidimensional construct that differentiates between test- and 

content-related anxiety (Cruise et  al., 1985; Onwuegbuzie, 1997; Zeidner, 1991). For 
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example, Cruise et al. (1985) described six components of statistics anxiety: (a) worth of 

statistics (perceived usefulness of statistics, negative attitude towards statistics); (b) inter-

pretation anxiety (anxiety when interpreting statistical results); (c) test and class anxiety 

(anxiety experienced when taking a statistics test or attending a statistics class); (d) com-

putational self-concept (anxiety related to mathematical calculations); (e) fear of asking 

for help (anxiety experienced when help seeking is considered); and (f) fear of statistics 

instructors (negative attitudes toward statistics teachers). A similar typology of statistics 

anxiety was also proposed by Onwuegbuzie (1997).

There is overwhelming evidence that motivation influences learners’ statistics anxiety, 

learning experience, and performance in statistics courses (Lavasani et al., 2014; Onwue-

gbuzie & Seaman, 1995; Onwuegbuzie & Wilson, 2003). For example, when learners are 

anxious about underperforming in an exam, this negative emotion can impact their abil-

ity to employ appropriate metacognitive strategies. On the other hand, when learners are 

intrinsically motivated to learn the content, they are more likely to develop positive emo-

tions and employ appropriate learning strategies (Linnenbrink-Garcia et al., 2016). Despite 

the interactions between motivation and anxiety, there is a lack of research on how theories 

of motivation can be used to develop learning analytics tools, such as learning analytics 

dashboards, to support learners’ motivation (Bodily & Verbert, 2017; Lonn et  al., 2015) 

and learning performance in anxiety-inducive courses such as statistics. This practical and 

theoretical gap guided the design and implementation of the present study.

Motivation

Achievement goal theory

Achievement goal theory was used in the conceptualization of this study because it rec-

ognizes the influence of learners’ goal orientations on cognitive and affective outcomes 

(Ames, 1992; Elliott & Dweck, 1988). From a traditional perspective of achievement goal 

theory, learners can adopt two types of goal orientations: performance or mastery goals. A 

mastery goal orientation focuses on individual progress and learning, while a performance 

goal orientation focuses on relative ability and comparison with other learners (Ames, 

1992; Pintrich, 2000b).

Elliot and colleagues expanded the dichotomic conceptualization of mastery versus 

performance goal orientations by including two valences (i.e., approach and avoidance) to 

the traditional mastery and performance goal orientations (Elliot & Harackiewicz, 1996; 

Elliot & McGregor, 1999; Elliott & Dweck, 1988). Based on this newer 2 × 2 model of 

goal orientation, learners with performance-approach goals want to demonstrate ability and 

competency in comparison to others – normative goal theory (Harackiewicz et al., 2002) 

whereas learners with performance-avoidance goals do not want to be perceived as incom-

petent. Similarly, learners with mastery-approach goals focus on the mastery of the content 

while those with mastery-avoidance goals worry about not learning the content (Pintrich, 

2000b). In addition to this 2 × 2 goal orientation model, another model involves self-based 

approach goals (e.g., Personal-Best goals, 3 × 2 model: task goals, self-goals and other 

goals), which focus on learners’ prior performance and experiences (Elliot et  al., 2011). 
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It is worth noting that self-based goals align with mastery goals, in which performance is 

based on the individual’s own learning progress in relation to prior performance.

Finally, more contemporary conceptualizations of goal orientation combine mastery and 

performance goals within learners (Barron & Harackiewicz, 2001; Darnon et al., 2010). For 

example, students may have an intrinsic interest in statistics (i.e., mastery goal orientation) and 

still pay close attention to their grades on quizzes and exams (i.e., performance goal orienta-

tion) as a way of monitoring their learning throughout the course and adjusting their metacog-

nitive strategies as needed. This approach is referred to as the multiple goal perspective in con-

trast to the traditional normative goal theory, which proposes that mastery and performance 

goal orientations are mutually exclusive (Harackiewicz et al., 2002). The learning analytics 

dashboards used in this study subscribe to the multiple goal perspective, which combines per-

formance and mastery goal orientation elements.

Learning analytics dashboards

Advances in technology to record and store unprecedented amounts of learners’ data enable 

enhanced evaluation of pedagogical practices through the use of learning analytics approaches. 

Learning analytics involves the “measurement, collection, analysis and reporting of data about 

learners and their contexts, for purposes of understanding and optimizing learning and the 

environments in which it occurs” (Siemens & Gasevic, 2012, p. 1). As an application of learn-

ing analytics, dashboards are helpful data visualization scaffolds that are being increasingly 

adopted in online and post-secondary education contexts (Schwendimann et  al., 2017; Sie-

mens & Gasevic, 2012).

Dashboards help to convey complex quantitative information to the user (instructor, stu-

dent, course designer, etc.) in a visual form and with digestible, actionable items. For example, 

instead of providing numeric data on individual assignments, many dashboards summarize 

these data visually to emphasize overall trends for each module. It is important, however, that 

researchers and instructors recognize that they bring their own perspectives, epistemological 

stands, as well as biases as they design, develop, and evaluate dashboards (Knight & Shum, 

2017).

It is worth noting that there is a lack of standardization regarding the definitions and termi-

nologies used to describe learning analytics dashboards, which reflects the interdisciplinary 

and incipient nature of the field (Bodily & Verbert, 2017; Schwendimann et al., 2017). Some 

of the most common terms used for these applications include ‘learning dashboards’, ‘educa-

tional dashboard’, ‘dashboard for learning analytics’, ‘data dashboard’, ‘web dashboard’, and 

‘learning analytics dashboards’(Schwendimann et al., 2017).

Despite the increasing use of learning analytics dashboards, the body of literature around 

these applications is relatively small; the field is seen as an incipient area of research under the 

umbrella of learning analytics (Bodily & Verbert, 2017). The need for more evidence-based 

research is critical as educators design, implement, and test learning analytics dashboards and 

their influence on students’ motivation, interest, self-regulation, awareness, self-efficacy, and 

learning outcomes (Bodily & Verbert, 2017; Jivet et al., 2018; Valle et al., in press). However, 

most dashboard studies are not framed using theories of motivation, self-efficacy, regulation, 

and other relevant concepts and so their contributions to the development of theories of how 

dashboards should be designed and used are limited (Jivet et al., 2018).
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Conceptual framework

To investigate the potential of dashboard applications as technology-enhanced pedagog-

ical tools to support learners’ cognitive and affective outcomes (Zimmerman, 2008), we 

adopted a conceptual framework that highlights a multiple goal orientation perspective, 

where mastery and performance goal orientations elements were used in the design of 

our descriptive and predictive learning analytics dashboards (Harackiewicz et al., 2002).

Mastery goal orientation is reflected in the emphasis on the content to be learned, 

specifically the names of topics shown in the graph’s x-axes, which are used in both 

the predictive and descriptive dashboards. Performance goal orientation is reflected in 

the design of the performance feedback presented to learners, which is either norm-

referenced in the descriptive dashboard or self-referenced in the predictive dashboard. 

Norm-referenced feedback compares an individual student’s performance to the perfor-

mance of the class, whereas self-referenced feedback compares a student performance 

on a task relative to this same student’s prior performance (Biesinger & Crippen, 2010; 

Koenka & Anderman, 2019).

Our study’s conceptual framework (Fig. 1) reflects the current gaps in the literature 

regarding the cognitive and affective influence of descriptive vs. predictive dashboards 

on learners (Corrin & de Barba, 2014; Gašević et al., 2015) and informs our research 

questions:

To what extent does the use of a predictive or descriptive learning analytics dash-

board in an online statistics course influence learners’:

– RQ1 – motivation?

– RQ2 – statistics anxiety?

– RQ3 – performance outcomes?

– RQ4 – How do learners perceive their learning experience, motivation, and statistics 

anxiety while using predictive or descriptive learning analytics dashboards?

Multiple Goal Orientation Perspective

Descriptive 

Learning 

Analytics

Dashboard

Norm-Referenced

Predictive 

Learning 

Analytics

Dashboard

Self-Referenced

Learners’

Motivation

Statistics Anxiety

Learning

Perceptions

??

Mastery 

Goal 

Orientation

Elements

Performance 

Goal 

Orientation

Elements

Fig. 1  Graphical depiction of the conceptual framework employed by this study
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Materials and methods

Research design

This study used quantitative and qualitative data (Creswell et al., 2003; Johnson & Onwueg-

buzie, 2004) to provide a more comprehensive account of the use of predictive and descriptive 

dashboards and their influence on learners’ statistics anxiety, motivation, and learning perfor-

mance outcomes in an online statistics course. The study was implemented in two semesters 

with two different cohorts of participants who were randomly assigned to three groups (con-

trol, descriptive, and predictive) and the outcomes for each group were compared. Following 

the IRB approved protocol, we collected the following quantitative information: number of 

dashboard views, prior content knowledge scores, prior experience with programming lan-

guages, quiz results, final grades, and pre and post results (beginning and end of the semester, 

respectively) from the Motivation Strategies for Learning Questionnaire scale – MSLQ (Pin-

trich et al., 1991, 1993) and from the Statistical Anxiety Rating Scale – STARS (Cruise et al., 

1985). Qualitative data included open-ended surveys questions at the end of the semester and 

10 semi-structured individual interviews (Seidman, 2006). While semi-structured individual 

interviews were used to collect qualitative data only in one semester, open-ended survey items 

were used in both semesters.

Context

The study was implemented in an introductory online statistics graduate course at a large pub-

lic university in the southeastern United States during Fall 2018 and Spring 2019. The course 

uses Canvas™ as the learning management system and is organized into 14 modules covering 

different statistical concepts. The course is offered twice a year and features video lectures, 

tutorials, required and optional readings, discussion forums, weekly data and conceptual quiz-

zes, and a final exam. Two instructors, co-authors in this study, facilitate the course and online 

learning interactions.

Participants

A convenience sample of 179, representing 69% of all the students (179/261) who were 

invited to participate in the study, completed the study (control = 69, descriptive = 56, and pre-

dictive = 54). The majority of participants were female (59.22%,) and Caucasian (55.87%), 

with a mean age of 28.16 (standard deviation = 5.80). The majority of students were pursuing 

a master’s degree (63.13%), and a large set of the participants had no programming experi-

ence (55.87%). When asked about reasons for taking the course, most participants (74.86%) 

selected the option “Will help improve my academic skills”. A 12-question pre-test assessed 

students’ prior knowledge of statistical concepts such as t-tests and p-values. Participant mean 

performance on the pre-test, based on the proportion of correct responses, did not suggest 

any systematic differences between groups: control = 64.73%, descriptive = 65.77%, and 

predictive = 65.74%.
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Design and development

The predictive and descriptive learning analytics dashboards used as the intervention in 

this study were developed using R software (version R 3.5.2 – ©2004–2016) and Shiny™, 

a web development framework that enables the visual display of results from R. The design 

of the dashboards was based on the multiple goal orientation perspective (Harackiewicz 

et al., 2002), where elements from the performance approach (e.g., focus on predicted letter 

grades) and the mastery goal approach (e.g., focus on the content or skills to be learned) 

orientations are combined to support learners’ motivation. Importantly, the use of visual 

feedback based on learners’ performance in the course was included in the design of the 

dashboards because it supports learners’ formative assessment and self-regulated learning 

(Fabiano et al., 2018; Nicol & Macfarlane‐Dick, 2006). Thus, the design of the dashboards 

were based on the premise that monitoring of performance is related to metacognitive pro-

cesses, self-regulated learning, and motivation profiles (Baars & Wijnia, 2018). For exam-

ple, learners may use the information about their performance to regulate how much time 

and effort they should spend studying the course material.

Predictive dashboard design and development

In the predictive dashboard, performance goal orientation elements were represented by 

the predicted probability of learners’ receiving letter grades A, B, C, or D/E at the end 

of course (Fig.  2). The letter grades were color-coded to facilitate their identification in 

the dashboard. Letter grade predictions were updated weekly as the semester progressed 

according to learner performance on weekly quizzes, using a Naïve Bayes model, a popular 

machine learning method presented in Appendix A. The mastery goal elements were rep-

resented by the focus on the content to be covered in each module (e.g., summary statistics, 

ANOVA) and on the “learning progression” of individual learners (Fig. 2). For example, 

the green line in Fig. 2. shows that, based on the quizzes results up to module 5, the proba-

bility of this particular individual receiving a letter grade A at the end of the course is 78% 

whereas the probability a B grade is 21%. This dashboard represented a self-referenced 

Fig. 2  Predictive learning analytics dashboard
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design approach, where the predictions were pertinent to individual learners only, with-

out class comparison elements such as predictions about other students in the class. Based 

on the goal orientation literature, a self-referenced dashboard can reduce competition and 

anxiety among learners as the focus is on the individual learner and his or her own progress 

in the course (Elliot & McGregor, 1999; Lavasani et al., 2014). To inform students about 

the inherent limitations of predictive models, the following disclaimer was included in the 

dashboard display “These probabilities are based on data from previous semesters of stu-

dents with similar performance and, therefore, are not 100% accurate”.

Descriptive dashboard design and development

The descriptive dashboard was conceptualized to represent a more traditional learning 

analytics dashboard design. More specifically, descriptive data were used to display stu-

dents’ learning performance per module relative to the average performance of the class. 

For example, the solid black line in Fig. 3. shows that a student received 67% of points in 

module 5, while the class average was about 90% for the same module. Average grade and 

grades distribution are often used as result-related indicators in learning analytics dash-

boards (Schwendimann et al., 2017). Similar to the predictive dashboard, the descriptive 

dashboard also displays mastery goal orientation elements (e.g., content covered in the 

modules, shown in the x-axis) and the representation of “learning progress” conveyed by 

the solid black line.

Control group

Learners in the control group only had access to the standard Canvas™ dashboard, which 

presented descriptive data (e.g., mean scores) and a boxplot with the student’s score per 

assignment (Fig. 4).

All dashboards were updated weekly based on weekly quizzes and participants from all 

groups, including the control group, received weekly reminders about these updates. Par-

ticipants in the Descriptive and Predictive groups could access their dashboard whenever 

they wanted through a link to the web application.

Fig. 3  Descriptive learning analytics dashboard
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Data sources and instruments

Quantitative measures

In addition to total quiz scores and final exam scores, we collected pre and post results 

from the Motivation Strategies for Learning Questionnaire motivation scale – MSLQ (Pin-

trich et al., 1991, 1993) and from the Statistical Anxiety Rating Scale – STARS (Cruise 

et al., 1985; Hanna et al., 2008).

The MSLQ instrument was selected because it is based on the social-cognitive model 

of motivation, which is the framework underlying the achievement goal theory (Pintrich, 

2000a, 2000b). Furthermore, MSLQ addresses affective variables that are relevant to the 

present study, including mastery and performance goal orientations as illustrated by the 

following items: “The most satisfying thing for me in this course is trying to understand 

the content as thoroughly as possible” and “Getting a good grade in this class is the most 

satisfying thing for me right now”, respectively. The MSLQ instrument has been used in 

many empirical studies, which offers further evidence of the scales’ construct validity 

(Schutz et al., 1998; Vahedi et al., 2012).

The MSLQ instrument has two scales: a cognitive strategies scale, used to measure 

metacognitive learning strategies; and a motivational scale, used to measure motivational 

orientations (Pintrich et  al., 1993). For this study, we used only the motivational scale, 

which has 31 items representing six factors and 3 areas of the motivation construct: (a) 

value, (b) expectancy, and (c) affective components. The value component subscale meas-

ures learners’ goals and value beliefs and consists of three subconstructs: (a) intrinsic goal 

orientation, (b) extrinsic goal orientation, and (c) task value. The expectancy component 

subscale reflects learners’ expectancy beliefs for completing the task and corresponds to 

two subconstructs: self-efficacy and control beliefs for learning. Finally, the affective com-

ponent subscale addresses test anxiety (Pintrich et al., 1993) and does not have any subcon-

struct. The instrument was presented using a 7-point Likert-style scale, where 1 and 7 rep-

resented “Not at all true of me” and “Very true of me,” respectively. For each participant, 

final scores for each factor were computed by summing the items representing that factor 

and taking an average. Thus, final scores for each factor range from 1 to 7. Cronbach’s 

alpha results for the MSLQ instrument ranged from 0.65 to 0.94 for the pre-surveys and 

from 0.67 to 0.95 for post-surveys. There were only small differences regarding Cronbach’s 

alpha values from pre- to post-surveys within subconstructs. All Cronbach’s alpha values 

were above 0.70, except for the external motivation subconstruct (pre � = 0.65; post � = 

0.67) as shown in Appendix B.

The STARS instrument has been widely used to measure statistics anxiety (Hanna et al., 

2008; Onwuegbuzie & Wilson, 2003). Furthermore, recent confirmatory factor analysis 

studies have discussed the importance of testing STARS accross different contexts (e.g., 

Fig. 4  Default dashboard available through Canvas™
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face–to–face vs. online) and cultures, and have provided further evidence of the instru-

ment’s construct validity and internal consistency reliability supporting the original six-

factor structure of the instrument (DeVaney, 2016; Papousek et  al., 2012). More spe-

cifically, the instrument has 51 items, representing 6 factors: (a) worth of statistics, (b) 

interpretation anxiety, (c) test and class anxiety, (d) computational self-concept, (e) fear 

of asking for help, and (f) fear of statistics teachers. We used the STARS version adapted 

by Hanna et al. (2008) and the instrument was presented using a 5-point Likert-style scale. 

The first 23 items focused on situations that may trigger anxiety on learners and were pre-

sented on a scale from 1 (No anxiety) to 5 (Great deal of anxiety). The remaining 28 items 

focused on learners’ perceptions of statistics and statistics instructors and were also pre-

sented on a scale from 1 (Strongly disagree) to 5 (Strongly agree). Final scores for each 

factor were computed by summing the items within each factor and taking an average. 

Cronbach’s alpha results for the STARS instrument ranged from 0.77 to 0.93 for the pre-

survey and from 0.89 to 0.94 for the post-survey (Appendix B).

Qualitative measures

The qualitative data sources included open-ended survey questions and 10 individual semi-

structured interviews, which were used to understand the meanings participants made from 

their experience related to using the dashboards in the course (Larkin & Thompson, 2012).

The selection of participants for the interviews was based on a convenience sample 

from those students who had already completed the pre-survey on their motivation and 

statistics anxiety. We used a purposeful sampling strategy to ensure representation of all 

groups (control, predictive or descriptive dashboards) and different genders (Palinkas et al., 

2015). Seven females and three males agreed to participate in the interviews. The inter-

views lasted between 12 min and 33 min (mean = 18.5 min) and were conducted by two 

of the authors. Although most of the interviews were face-to-face, there were a few online 

interviews (n = 3). It is worth noting that each interviewer conducted interviews with at 

least one participant from each group. This was a deliberate decision to account for the role 

of the researcher as an instrument (Creswell & Poth, 2018). Following the IRB approved 

protocol, pseudonyms were used in the transcripts to protect the privacy of the participants. 

The interview protocol included questions such as: “How often do you use [x dashboard] 

in this course? What has been your experience using it in this course? Did you find any 

advantage or disadvantage in using this resource?

Data analysis

Quantitative data analysis

The data were organized and analyzed using R programming language (Version R 3.5.2). 

Only participants who completed pre- and post-surveys and used the dashboards at least 

once (descriptive and predictive groups) were included in the analysis. Using a Wilcoxon 

rank sum test, we found no statistically significant differences (W = 1409.50, p = 0.538) 

between the predictive (Mdn = 3.50) and descriptive groups (Mdn = 3.00) in relation to the 

number of times learners checked the dashboards. The number of times the dashboard was 

used by individual learners was not included in our models because that would increase the 

number of parameters being estimated, making the estimation of the individual parameters 

and interpretation of our model results more challenging.
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Model for learning performance. To evaluate if learning performance was influenced 

by the treatment, we relied on a Tobit regression model. We relied on this model because a 

student obtaining the maximum score of 100 only tells us that the true score/performance 

of the student was at least 100 but could have been higher if the measurement instrument 

was not limited to a 0–100 scale. By acknowledging that both total quiz and final exam 

scores are bounded between 0 and 100, this model avoids the bias in parameter estimates 

that can be is introduced due to ceiling effects when using a regular ANOVA/regression 

model (Wang et al., 2008).

Let yi and zi be the observed score and the partially latent score, respectively, of learner 

i. The Tobit regression model assumes that yi = zi if 0 < yi < 100 . However, this model 

assumes that zi > 100 (i.e., true performance is higher than 100) if yi = 100 and that zi < 0 

(i.e., true performance is lower than 0) if yi = 0 , essentially treating the observed scores 

as censored observations whenever they are equal to 0 or 100. The Tobit model further 

assumes that zi arises from the following regression (1):

where Descriptivei and Predictive
i
 are binary variables indicating if learner i was 

assigned to the descriptive or predictive treatment. In this expression, �
0
 and �1, �2 are the 

regression intercept and slope parameters, respectively.

Model for mslq and stars. We adopted a similar Tobit model to analyze the results 

from the MSLQ and STARS constructs, given that these scores are also bounded between 

1 and 5 (MSLQ) and 1 and 7 (STARS) and that some students have obtained the minimum 

and maximum possible scores. This Tobit model acknowledges that a student that scored 

7 for MSLQ might have a true motivation that is actually higher than 7 but that, due to the 

range of the instrument, was constrained to be equal to 7. Similarly, a student that scored 5 

for STARS might have a true anxiety that is actually higher than 5. In statistics, these out-

comes are called censored observations because they provide only partial information on 

the phenomenon of interest. Furthermore, we modified the standard Tobit regression model 

to accommodate for the fact that both the pre-intervention scores and post-intervention 

scores are potentially censored.

Let PR
∗

i
 and PO

∗

i
 denote the partially latent pre and post-scores, respectively, for learner 

i. We assume that the observed post-score PO
i
 is given by (2):

where F and C stand for the minimum (floor) and maximum (ceiling) value that the 

construct can take. Similarly, we assume that the observed pre-score PR
i
 follows the same 

rules (3):

(1)zi ∼ N
(

�0 + �1Descriptivei + �2Predictivei, �
2
)

(2)POi = PO∗

i
ifF < PO∗

i
< C

POi = CifPO∗

i
> C

POi = FifPO∗

i
< F

(3)PR
i
= PR

∗

i
ifF < PR

∗

i
< C

PR
i
= C ifPR

∗

i
> C
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We rely on the following regression to model PO
∗

i
 as seen in (4):

Because PR
∗

i
 and PO

∗

i
 are partially latent, we have to estimate these variables when-

ever the observed scores are at the ceiling (i.e., PR
i
= C or PO

i
= C ) or at the floor (i.e., 

PR
i
= F or PO

i
= F).

Priors and model fitting. We fit these models in a Bayesian framework. For the Tobit 

model applied to learner’s performance, we specified the following conditionally conju-

gate priors (5):

The priors for 
1

�
2
 and �

0
 are relatively standard uninformative priors but we adopt a 

more informative prior for �
1
 and �

2
 . This informative prior tends to shrink �

1
 to zero, 

reducing the chance of finding spurious significant results.

For the modified Tobit model applied to the MSQL and STARS constructs, we 

adopted the following priors (6):

Again, the priors for 
1

�2
, �0, �3 are relatively standard uninformative priors but we 

relied on more informative priors for the parameters associated with the treatments (i.e., 

�1, �2, �4, �5 ) to reduce the chance of obtaining spurious significant results. Finally, for 

this model, we also needed to specify the prior for PR
∗

i
 . We assumed that (7):

These models were fit with a Gibbs sampler algorithm, using customized R 

code. Furthermore, we calculate a measure of evidence, similar to p-values, the 

minimum of the posterior probability that �j is smaller or greater than zero (i.e., 

PR
i
= F ifPR

∗

i
< F

(4)
PO∗

i
∼ N

(

�0 + �1Descriptivei + �2Predictivei + β3PR∗
i
+ �4Descriptivei

×PR∗
i
+ �5Predictivei × PR∗

i
, �2

)

(5)
1

�
2
∼ Gamma(0.1, 0.1)

�0 ∼ N(0, 100)

�1, �2 ∼ N(0, 1)

(6)
1

�
2
∼ Gamma(0.1, 0.1)

�0, �3 ∼ N(0, 100)

�1, �2, �4, �5 ∼ N(0, 1)

(7)PR
∗

i
∼ N

(

�, �
2
)

� ∼ N(0, 100)

1

�
2
∼ Gama(0.1, 0.1)
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pj = min
(

p
(

�j < 0
)

, p
(

�j > 0
))

 . Finally, we performed a sensitivity analysis where the 

informative priors N(0,1) were replaced by uninformative priors N(0,10) and the models 

were re-fit to the data. This analysis revealed that our statistically significant findings 

were robust to the choice of prior.

Qualitative data analysis

The search for “repeated patterns of meaning” (Braun & Clarke, 2006, p. 15) in the the-

matic analysis (Braun & Clarke, 2006) involved transcribing the interviews, coding the 

data, and theme generation. The interviews were transcribed verbatim and initial codes 

were generated. These initial codes were then compared and contrasted with the research-

ers’ reflective notes and refined after discussion with peer debriefers to minimize research 

bias and increase trustworthiness of the analysis. Finally, similar codes were combined into 

themes and discussed for further validation. The process of engaging participants in the 

interviews was facilitated by the common shared experiences we had with taking statistics 

courses in the past. Nevertheless, we attempted to bracket our experiences via personal 

reflection journals and feedback during the peer debriefing process.

Results

We present the results and provide a discussion of these results based on the four research 

questions addressed in this study.

RQ1. To what extent does the use of a predictive or descriptive learning analytics 

dashboard in an online statistics course influence learners’ motivation?

The Bayesian multiple regression model for the final intrinsic goal orientation showed 

a positive statistically significant effect of the interaction of the predictive dashboard and 

the initial level of intrinsic goal orientation ( �pre_intgoal∗predictive = 0.24, p = 0.026) . This 

interaction revealed that the effect of the predictive dashboard changed according to the 

students’ initial intrinsic goal orientation scores (learners’ motivation to learn the content). 

More specifically, learners in the predictive dashboard who started with higher intrinsic 

goal orientation scores (e.g., pre-intrinsic goal score = 6) had, on average, 0.10 higher 

intrinsic goal orientation scores at the end of the semester when compared to learners in 

the control group. On the other hand, learners in the predictive dashboard who started the 

course with lower intrinsic goal orientation scores (e.g., pre-intrinsic goal score = 2) had on 

average 0.86 lower intrinsic goal orientation scores at the end of the semester when com-

pared to learners in the control group (Fig. 5b).

There were no statistically significant differences for the other motivation outcomes, 

namely extrinsic goal orientation, task value, control beliefs, self-efficacy, and test anxiety 

(Table 1).

RQ2. To what extent does the use of a predictive or descriptive learning analytics 

dashboard in an online statistics course influence learners’ statistics anxiety?

The Bayesian multiple regression model revealed a negative statistically sig-

nificant effect of the predictive dashboard on final interpretation anxiety scores 
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( �predictive = −0.52, p = 0.027 ). Interpretation anxiety is a construct that measures learners’ 

anxiety to deal with data or solve statistical problems. This result suggests that, compared 

to learners in the control group, the predictive dashboard decreased learners’ interpreta-

tion anxiety. More specifically, the model indicated that learners in the predictive dash-

board had on average significantly lower interpretation anxiety scores at the end of the 

course than those in the control group. For example, learners with pre-interpretation anxi-

ety scores of 2 are predicted to have, on average, 0.12 lower post-interpretation anxiety 

Fig. 5  Relationship between pre and post “Intrinsic Goal Orientation” scores for students in the control, 

descriptive, and predictive treatments. Panel (a) compares the results for the control (grey) and the descrip-

tive treatment (red) while panel (b) compares the results for the control (grey) and the predictive treatment 

(red). There was no statistically significant effect of the descriptive dashboard on intrinsic goal orientation 

(panel a). However, there was a statistically significant interaction indicating that the effect of the predic-

tive dashboard on intrinsic goal orientation depended on the initial intrinsic goal orientation of students 

(panel b). Lines are posterior mean while envelopes represent 95% pointwise credible intervals (Color fig-

ure online)

Table 1  Results from the 

Bayesian modified Tobit models 

for motivation constructs

* p < .05. ***p < .001. Results related to other motivation constructs that 

were not statistically significant can be found in Appendix C

MSLQ construct Parameter � p

Intrinsic goal orientation Intercept 2.09 <.001***

Descriptive −0.32 .320

Predictive −1.34 .023*

Pre-score 0.58 <.001***

Pre-score x Descriptive 0.09 .247

Pre-score x Predictive 0.24 .026*
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scores in the predictive group compared to the control group. It is worth noting that the 

effect of the interaction of the predictive dashboard group and pre-interpretation anxiety 

scores approached statistical significance ( �pre_interp_anx∗predictive =  −0.20, p = 0.053 ). This 

interaction helps to explain why there was also a noticeable increase in final interpreta-

tion anxiety scores for the predictive group for those who started the course with higher 

levels of interpretation anxiety in comparison to the control group. For example, learners 

with pre-interpretation anxiety scores of 4 are predicted to have, on average, 0.28 higher 

post-interpretation anxiety scores in the predictive group compared to the control group 

(Fig. 6b).

The model with final worth of statistics anxiety, a construct that measures nega-

tive attitudes toward statistics and perceived usefulness of statistics, revealed a statisti-

cally significant interaction effect (dasboard x initial worth of statistics anxiety scores) 

for both, the descriptive ( �pre_worth_anx∗descriptive =  −0.26, p = 0.040 ) and predictive 

( �pre_worth_anx∗predictive = −0.26, p = 0.046 ) dashboards, indicating that final worth of statis-

tics scores depended on learners’ initial levels of this anxiety. This effect is particularly 

evident for those learners who started the course with higher levels of worth of statistics 

anxiety (e.g., pre-worth anxiety = 4). For these learners, being on the predictive or descrip-

tive dashboards was helpful to lower their negative attitudes towards statistics (worth of 

Fig. 6  Relationship between pre and post “Interpretation anxiety” scores for students in the control, 

descriptive, and predictive treatments. Panel (a) compares the results for the control (grey) and the descrip-

tive treatment (red) while panel (b) compares the results for the control (grey) and the predictive treatment 

(red). There were no statistically significant differences between the descriptive and control groups (panel 

a). On the other hand, the predictive dashboard tended to reduce interpretation anxiety in comparison to the 

control group (panel b) but this effect depended on the pre-interpretation anxiety scores. Lines are posterior 

mean while envelopes represent 95% pointwise credible intervals (Color figure online)
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Fig. 7  Relationship between pre and post “Worth of Statistics anxiety” scores for students in the control, 

descriptive, and predictive treatments. Panel (a) compares the results for the control (grey) and the descrip-

tive treatment (red) while panel (b) compares the results for the control (grey) and the predictive treatment 

(red). Both of the descriptive (panel a) and predictive (panel b) dashboards reduced worth of statistics anxi-

ety in comparison to the control group for learners who started the course with higher levels of worth of 

statistics anxiety

Table 2  Results from the 

Bayesian modified Tobit models 

for statistics anxiety constructs

* p < .05. ***p < .001. Results related to other statistics anxiety con-

structs that were not statistically significant can be found in Appendix 

D

STARS construct Parameter � p

Interpretation anxiety Intercept 0.79 <.001 ***

Descriptive −0.06 .408

Predictive −0.52 .041*

Pre-score 0.62 <.001 ***

Pre-score x Descriptive −0.04 .378

Pre-score x Predictive 0.20 .053

Worth of statistics Intercept 0.12 .223

Descriptive 0.29 .085

Predictive 0.29 .096

Pre-score 0.96 <.001 ***

Pre-score x Descriptive −0.26 .040*

Pre-score x Predictive −0.26 .046*
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statistics) by an average of 0.75 at the end of the course compared to learners in the control 

group (Fig. 7).

Although we found statistically significant differences between groups for interpreta-

tion and worth of statistics anxiety, there were no statistically significant differences for the 

other anxiety constructs, namely test and class anxiety, fear of asking for help, computa-

tional self-concept, and teacher anxiety (Table 2).

RQ3. To what extent does the use of a predictive or descriptive learning analytics 

dashboard in an online statistics course influence learners’ performance?

The Tobit model used to compare the effect of dashboard type (predictive, descrip-

tive, and control) on total quiz scores and final exam scores indicated no evidence for 

an effect of the learning analytics dashboards on learning outcomes for neither final 

exam ( �descriptive = 0.52, p = 0.057;�predictive = 0.14, p = 0.324) nor the total quiz scores 

( �descriptive = 0.11, p = 0.157;�predictive = 0.03, p = 0.415) as shown in Table 3. The descrip-

tive statistics related to learning performance outcomes per group are shown in Table 4. 

Although not statistically significant, learners in the descriptive and predictive groups gen-

erally did better than those in the control group, especially in relation to final exam scores.

RQ4. How do learners perceive their learning experience, motivation, and statistics 

anxiety while using the predictive or descriptive learning analytics dashboards?

The themes that emerged as part of the qualitative data analysis are described below.

Focusing on what I’m learning

Although we did not find robust results regarding differences in learning outcomes 

between groups (control, descriptive, and predictive dashboards), most participants 

reflected on their performance as they described the course and its resources. Mas-

tery approach to learning was also implied by some participants. For example, “Tom”, 

who used the descriptive dashboard, was very enthusiastic about learning statistics and 

Table 3  Results from the 

Bayesian modified Tobit models 

for learning performance

*** p < .001

Learning performance Parameter � p

Final exam Intercept 7.97 <.001***

Descriptive 0.52 .057

Predictive 0.14 .324

Total quiz Intercept 9.19 <.001***

Descriptive 0.11 .157

Predictive 0.03 .415

Table 4  Means (M) and standard deviation (SD) of final exam scores and total quiz scores by group

Learning performance Control M (SD) Descriptive M (SD) Predictive M (SD)

Final exam 78.51 (20.56) 83.82 (17.57) 80.94 (14.21)

Total quiz 91.88 (6.55) 93.01 (5.08) 92.21 (6.10)
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defined statistics as “a very useful tool […] it’s useful not only in science, it’s also use-

ful in business.” After discussing the utility value of statistics, he concludes his ration-

ale for taking the course by saying “Well, you have to learn statistics well.” Tom did not 

seem to be negatively affected by the norm-referenced design of the descriptive dash-

board as he mostly focused on his individual scores, stating “[…] class average doesn’t 

really bother me, right. I’m more concerned about my own score”.

“Patricia”, on the other hand, reflected on her mastery of the content when she talked 

about the possible advantages of using the descriptive dashboard, describing it as a 

more comprehensive way to provide information to students:

For me, like I said, it really helps put in perspective what I’m not understanding. 

It really puts into perspective, like, looking at the numbers on the Canvas grade 

is one thing but looking at it on the [descriptive] graph, this helps me track: Am 

I starting to kind of fall on the modules? Am I understanding them or not? This 

really puts in perspective how well I’m doing, what my areas of weaknesses are, 

and I think it really puts that in perspective.

The perception of the dashboards as helpful metacognitive tools to regulate learn-

ing (e.g., monitoring, motivation) was echoed by learners’ responses to the open-ended 

items on the post survey that was given at the end of the semester. For example, a male 

student who used the predictive dashboard said “It was great. I enjoyed watching the 

week-to-week progress.”

Performance matters to me

All of the participants reflected on their experiences from a performance approach 

perspective. This was true even for those who prioritized the learning of the content 

(mastery approach). It is important to note that the word “grade” was purposefully 

avoided during the interviews to give participants an opportunity to frame “progress in 

the course” based on their own experiences and perceptions. For example, “Jim”, who 

used the predictive dashboard, mentioned that if his scores were not good, he would 

probably check the dashboard more often:

Yeah, I kinda went away after that [I realized] I’m doing pretty good in the course, 

so it wasn’t necessarily changing my studying behavior. I would say perhaps if I 

was doing bad, [it would work] more like an eye-opener and [I would] say oh well, 

yeah, I really need to study, but since I’m doing okay, and I probably don’t see 

myself changing how I study per say, it was more like an interesting [artifact], but 

that was kind of the extent of it.

“Jen”, a learner who used the descriptive dashboard throughout the semester, 

described that she returned to view the graph “because I want to be doing as well as eve-

rybody else, if not better.” The performance-approach goal orientation can be observed 

through Jen striving to do well in comparison to the other learners in the course.

“Carol” was concerned about her performance in the course as well. She men-

tioned that she made some mistakes “because of vocabulary,” as English is not her 

first language. Reflecting on her experience in the course, she said that she had 

some mixed feelings about the predictive dashboard as it contributed to her frus-

tration. Carol’s anxiety was based on her fear of a bad performance (performance-

avoidance goal orientation). This example corroborates the literature regarding 

the relationship between performance orientation and anxiety (Pintrich, 2000b), 

which can be observed in the comment in which Carol, when prompted about her 
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feelings while checking the predictive dashboard, said “I thought I would be much 

worse. It was kind of [a] relief but also it made me anxious”.

Based on the responses to open-ended items from the post-survey, these feelings of 

anxiety and frustration were also experienced by other learners. For example, a male 

student who used the descriptive dashboard said the following:

Let me tell ya, finding out that I was doing below average did a number on my 

morale and didn’t really motivate me to work harder so much as to confirm my 

preexisting belief that I just don’t have the capacity to do math or stats. But hey I 

got to help make everyone above the curve feel better about themselves so that’s a 

silver lining right there at least.

The norm-referenced features of the descriptive dashboard were emphasized by many 

other students. For example, a female student said “I found it useful because I was able 

to know how my grades compared to grades of other students. I wish it could be updated 

more rapidly.”

It “holds a controversial place in my mind”

A female student emphasized her mixed feelings about the predictive dashboard 

by saying “It gave me great anxiety at first, but then I found that it pushed me to try 

harder!” These mixed feelings were echoed by another participant, who said the follow-

ing about her experience with the descriptive dashboard:

Although I enjoyed the “How am I doing” graph, I would get a sense of failure or 

embarrassment if my weeks points dipped below the class average. Conversely, 

I would also feel a sense of pride when I was above the class. It was a bit of a 

double-edged sword.

Another comment by a female student with an apparent combination of performance 

approach and performance avoidance goal orientations emphasized the norm-referenced 

design of the descriptive dashboard as an element that induces anxiety:

The “How am I doing?” graph holds a controversial place in my mind. I am not a 

competitive person, but I am accustomed to performing above average and, thus, 

seeing this brings me a degree of comfort. However, when I do below average it 

is the worst thing to see! The distress that brings me is difficult to describe. I can 

see how it would be a useful motivator to some, but in the harder modules I just 

stopped looking at it because I didn’t want to risk seeing that I was comparatively 

performing poorly.

I didn’t get it at first

Most students who participated in the interviews did not understand the predictive 

and descriptive dashboards when they first explored them. For example, Patricia, who 

used the descriptive dashboard, said the following:

It was a little bit confusing for me at first just because I wasn’t really sure what I 

was looking at first, and then I kind of had to read what these were and, but once I 

actually read everything and I was able to understand it pretty easily because these 

are the modules, right?

“Emma”, who used the predictive dashboard, was also confused at first. Like 

Patricia, she was able to understand the graph after reading the directions “So I 

was kind of confused by it at first, but then obviously like reading the directions 

helped a lot […] It just took me a while to piece out what everything meant”.
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While Patricia and Emma were initially confused about the graphs, other stu-

dents, like Jim, had a different experience. He described his experience with the pre-

dictive dashboard by saying “Yeah. I think it was pretty clear. I didn’t think I needed, 

like, a whole lot of additional explanation to really understand what was trying to be 

conveyed.”

Discussion

In this article, we describe an experimental study conducted over two semesters based on 

the multiple goal orientation theory to illuminate how and whether mastery and perfor-

mance goal orientation approaches embedded in learner-centered learning analytics dash-

boards can influence learners’ motivation, anxiety, and learning performance. The adop-

tion of the multiple goal orientation perspective (Harackiewicz et al., 2002) enabled us to 

use these concepts in the design of the (self-referenced) predictive and (norm-referenced) 

descriptive dashboards. The use a conceptual framework also gave us the necessary theo-

retical frame to interpret the influence of these design elements on learners’ cognitive and 

affective responses (Antonenko, 2015; Jivet et al., 2018). The attention to, and evaluation 

of, learners’ affective outcomes as an integral part of the study represents an important 

practical and theoretical contribution because affective outcomes have been neglected in 

most learning analytics dashboard studies despite their influence on learners’ satisfaction 

and learning outcomes, particularly in computer-based learning environments (Duffy & 

Azevedo, 2015; Jivet et al., 2018; Schunk et al., 2014; Zimmerman, 2008).

Motivation

Results from this study show that the predictive learning analytics dashboard was benefi-

cial to learners who started the course with higher intrinsic motivation; however, it reduced 

motivation for those who started the course with lower motivation. While the positive 

influence of the predictive dashboard to support motivation among highly motivated learn-

ers did not come as a surprise given its self-referenced approach, the fact that the predictive 

dashboard had a detrimental effect for learners with lower motivation was intriguing. This 

is interesting because the self-referenced approach emphasizes learning progress relative 

to the individual’s own progress in the course, which has been described as an optimal 

pedagogical approach to support intrinsic motivation (Elliot & McGregor, 1999; Lavasani 

et al., 2014).

The detrimental effects of the predictive dashboard for learners with lower motivation 

may be due to learners’ focus on performance goal orientation elements and a possible 

demoralizing effect created by the dashboard. Additionally, learners’ lack of familiarity 

with predictive models and how they function may also have impacted learners’ motiva-

tion. In particular, some students may have expected predictions that were more aligned 

with their grades in a given module when, in reality, some modules and assignments are 

more influential than others in the predictive model. For example, earning 100% on a rela-

tively easy module in which everybody usually does very well is unlikely to substantially 

increase the predicted letter grade whereas relatively small performance differences in a 

more challenging module may dramatically influence predicted outcomes. This lack of 

familiarity with how predictive models work was reflected in the feedback by a female 
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student who said “It [predictive dashboard] was nice, but at times made me nervous. Even 

when my grade was overall very high, it still showed a high possibility of me getting a B in 

the class, which was a little nerve wracking.”

A question that remains, however, is why would the predictive dashboard be more det-

rimental for some learners than others? It is possible that the lack of contextual, norm-

referenced information may have contributed to an increase of self-oriented perfectionism 

among less motivated learners. Self-perfectionism refers to the “intrapersonal dimension 

of perfectionism,” where learners may develop unreasonable high standards for their per-

formance, which may lead to self-criticism and decreased intrinsic motivation (Mills & 

Blankstein, 2000; Miquelon et al., 2005). One way to alleviate the focus on the self-crit-

icism would be to provide additional scaffolding to help less motivated learners to better 

contextualize their academic performance (e.g., norm-referenced feedback). The provision 

of scaffolds based on learners motivational profiles has been addressed in previous studies 

involving Computer-Supported Collaborative Learning (Rienties et al., 2012) and could be 

used in studies with learning analytics dashboards to further explore the effects of intraper-

sonal motivational factors (Lavasani et al., 2014; Rosenzweig & Wigfield, 2016).

Statistics anxiety

The predictive dashboard reduced interpretation anxiety among learners in comparison to 

the control group. Interpretation anxiety refers to the anxiety learners feel as they need to 

interpret statistical analysis or make decisions based on statistical data (Cruise et al., 1985). 

This result is particularly interesting because it corroborates other studies that describe 

how self-referenced approaches, such as the one used in the predictive dashboard, are 

more likely to reduce competition and anxiety among learners (Elliot & McGregor, 1999; 

Lavasani et al., 2014). However, it is worth noting that these studies also emphasized that 

norm-referenced approaches, such as the one used in the descriptive dashboard, are more 

likely to induce anxiety among learners (Elliot & McGregor, 1999; Lavasani et al., 2014), 

which was not the case based on the anxiety measures used in this study. In fact, both the 

descriptive and predictive dashboard reduced worth of statistics anxiety in comparison to 

the control group, indicating that dashboard designs that combine mastery goal and per-

formance goal orientation elements can be employed to reduce learners’ negative attitudes 

towards statistics, particularly among learners who start the course with higher levels of 

worth of statistics anxiety.

These findings have important implications for theory and practice. From a theoretical 

perspective, these findings support multiple goal theory by providing evidence that stu-

dents can indeed benefit (through a decrease in interpretation anxiety and worth of statis-

tics anxiety) from the co-existence of performance and mastery goal orientation elements 

(Darnon et al., 2010; Dela Rosa & Bernardo, 2013; Harackiewicz et al., 2002). Similar to 

the findings described by Darnon et al. (2010), our results offer additional evidence that 

social comparison orientation, which refers to the tendency to seek social comparison 

information, can play an important role on how people regulate their learning experiences 

(Schunk & Greene, 2018), including their goals for mastering statistical content. From 

a practical perspective, the descriptive and predictive learning analytics dashboard used 

this study can serve as tested model for future learning analytics dashboard developments 

intended to reduce statistics anxiety.



1426 N. Valle et al.

1 3

Learning outcomes

Despite the combination of mastery and performance goal orientation elements in the 

design of the predictive and descriptive dashboards and the influence they had on learners’ 

intrinsic goal orientation, interpretation anxiety, and worth of statistics anxiety, we did not 

find statistically significant differences between groups in relation to final exam or total 

quiz scores.

The lack of statistical significance for learning performance outcomes in this study 

aligns with the results found by Biesinger and Crippen (2010), who used a similar graph 

design approach based on self-reference and norm-referenced elements as distinct feed-

back protocols in the context of a chemistry course. In their discussion of the results, they 

acknowledged that one possible reason for the non-significant difference could be that stu-

dents did not realize the differences between the graphs (Biesinger & Crippen, 2010). In 

our study, the threat for treatment validity was minimized by the inclusion of bullet points 

explaining the affordances of the dashboards and video tutorials sent to the participants 

in each treatment group at the beginning of the semester explaining the information dis-

played in the dashboards. Further research is needed to provide design guidelines that will 

influence learners’ cognitive outcomes in anxiety-inducive courses such as statistics and 

chemistry.

Conclusions

We caution against premature generalizations due to the inherent exploratory nature (Insti-

tute of Education Sciences & National Science Foundation, 2013) of learning analytics 

dashboard studies, the limitations inherent to the convenience sample used in this study 

(Etikan et al., 2016), and the lack of more nuanced behavioral data (e.g., daily or weekly 

uses of the dashboards) as factors in the models. Despite these limitations, our results are 

supported by the following methodological features: (a) application of an experimental 

research design; (b) authentic learning setting; (c) semester-long implementations, and (d) 

use of quantitative and qualitative data. As in many experimental studies, our sample was 

restricted to students from a single statistics course in a single university. Nevertheless, 

while more studies in different courses, universities, and geographic regions are neces-

sary to investigate whether the results we found can be replicated in other contexts and 

with different groups of learners (e.g., K-12, undergraduate), the methodological aspects 

listed above make our studies’ findings and implications more transferable to other similar 

contexts and offer an important contribution to theories of motivation within the realm of 

learning analytics (Bodily & Verbert, 2017).

Taken together, our results suggest that the combination of performance and mastery 

learning components used in the predictive dashboard had a positive influence on learn-

ers’ interpretation anxiety by reducing it in comparison to the control group. The predic-

tive dashboard also supported intrinsic motivation for those who started the course with 

higher levels of intrinsic motivation; however, it had a detrimental influence on motiva-

tion among less motivated learners, which challenges the assumption that self-referenced 

approaches are necessarily more motivational as suggested by previous studies (Jonathan 

et al., 2017; Martin & Elliot, 2016). Importantly, both the descriptive and predictive dash-

boards reduced negative attitudes towards statistics (worth of statistics anxiety), especially 

among learners who started the course with higher levels of aversion towards statistics. The 
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reduction of negative attitudes towards statistics is a highly desirable outcome because, 

despite its practical applications, statistics is perceived as a difficult subject by many learn-

ers (DeVaney, 2016; Hanna et al., 2008). Furthermore, peoples’ positive perceptions may 

influence their motivation and actions related to a given domain (Valle et al., 2020).

These results support the growing body of literature on multiple goal orientation 

(Harackiewicz et al., 2002) by providing evidence that the combination of performance 

and mastery elements can support learners’ intrinsic motivation among highly moti-

vated learners, can reduce interpretation anxiety, and can also reduce negative attitudes 

towards statistics particularly among more anxious learners (Cruise et al., 1985) in com-

parison to the control group.

Implications and future directions

Findings from this study provide important research-based guidance built on contextu-

ally rich lessons learned (Ritzhaupt et al., 2020; Valle et al., 2018) to support designers 

and instructors of highly anxiety-inducive courses such as statistics. More specifically, 

we found that:

• Predictive dashboards featuring self-referenced elements may help highly moti-

vated learners to sustain their level of motivation in the course. However, they may 

decrease the motivation of less motivated learners. Future investigations could 

explore whether predictive dashboards can be optimized by the inclusion of more 

contextualized performance-oriented information such as class average scores.
• Predictive dashboards are more likely to reduce interpretation anxiety possi-

bly because of the self-referenced elements used, which contextualized learners’ 

individual progression in the course without comparisons with their class. Future 

research could explore whether the inclusion of other theory-based elements such as 

motivation scaffolding prompts would also help reduce learners’ interpretation anxi-

ety.
• Predictive and descriptive dashboards combining performance and mastery goal ori-

entation elements can be used to reduce learners’ negative attitudes towards statistics 

courses. Future studies could investigate whether this phenomenon is replicable in 

other STEM-related disciplines such as physics or chemistry.

To conclude, we hope that the theory-based approach we used in the conceptual-

ization, development, and implementation of learner-centered learning analytics dash-

boards will motivate other researchers to explore the potential of the multiple goal ori-

entation perspective to support learner’s motivation in anxiety-driven courses such as 

statistics (Dela Rosa & Bernardo, 2013; Harackiewicz et  al., 2002; Pintrich, 2000a). 

Only when more theory-based learning analytics studies focusing on learners cognitive 

and affective outcomes are conducted will we be able to contribute to educators’ per-

ceived utility of adopting learning analytics tools to support their pedagogical practices 

and their learners (Ali et al., 2013). Because, if “learning analytics are about learning” 

(Gašević et al., 2015, p. 64), learning analytics dashboards should be about learners!

Supplementary Information The online version contains supplementary material available at https:// doi. 

org/ 10. 1007/ s11423- 021- 09998-z.

https://doi.org/10.1007/s11423-021-09998-z
https://doi.org/10.1007/s11423-021-09998-z


1428 N. Valle et al.

1 3

Declarations 

Conflict of interest The authors declare that they have no conflict of interest.

Ethical approval This study was approved by the institutional review board.

References

Ali, L., Asadi, M., Gašević, D., Jovanović, J., & Hatala, M. (2013). Factors influencing beliefs for adoption 

of a learning analytics tool: An empirical study. Computers & Education, 62, 130–148.

Allen, I. E., & Seaman, J. (2014). Grade change: Tracking online education in the United States. Babson 

Survey Research Group and Quahog Research Group.

Ames, C. (1992). Classrooms: Goals, structures, and student motivation. Journal of Educational Psychol-

ogy, 84(3), 261.

Antonenko, P. D. (2015). The instrumental value of conceptual frameworks in educational technology 

research. Educational Technology Research and Development, 63(1), 53–71.

Baars, M., & Wijnia, L. (2018). The relation between task-specific motivational profiles and training of self-

regulated learning skills. Learning and Individual Differences, 64, 125–137.

Barron, K. E., & Harackiewicz, J. M. (2001). Achievement goals and optimal motivation: Testing multiple 

goal models. Journal of Personality and Social Psychology, 80(5), 706.

Biesinger, K., & Crippen, K. (2010). The effects of feedback protocol on self-regulated learning in a web-

based worked example learning environment. Computers & Education, 55(4), 1470–1482.

Bodily, R., & Verbert, K. (2017). Review of research on student-facing learning analytics dashboards and 

educational recommender systems. IEEE Transactions on Learning Technologies, 10(4), 405–418.

Braun, V., & Clarke, V. (2006). Using thematic analysis in psychology. Qualitative Research in Psychology, 

3(2), 77–101.

Corrin, L., & de Barba, P. (2014). Exploring students’ interpretation of feedback delivered through learning 

analytics dashboards. Proceedings of the Ascilite 2014 Conference.

Creswell, J. W., Plano Clark, V. L., Gutmann, M. L., & Hanson, W. E. (2003). Advanced mixed methods 

research designs. In A. Tashakkori & C. Teddlie (Eds.), Handbook of mixed methods in social and 

behavioral research (pp. 209–240). Sage.

Creswell, J. W., & Poth, C. N. (2018). Qualitative inquiry and research design: Choosing among five 

designs (4th ed.). . Sage.

Cruise, R. J., Cash, R. W., & Bolton, D. L. (1985). Development and validation of an instrument to measure 

statistical anxiety. American Statistical Association, 92–97.

Darnon, C., Dompnier, B., Gilliéron, O., & Butera, F. (2010). The interplay of mastery and performance 

goals in social comparison: A multiple-goal perspective. Journal of Educational Psychology, 102(1), 

212.

Dela Rosa, E. D., & Bernardo, A. B. I. (2013). Testing multiple goals theory in an Asian context: Filipino 

university students’ motivation and academic achievement. International Journal of School & Educa-

tional Psychology, 1(1), 47–57.

DeVaney, T. A. (2016). Confirmatory factor analysis of the statistical anxiety rating scale with online gradu-

ate students. Psychological Reports, 118(2), 565–586.

Duffy, M. C., & Azevedo, R. (2015). Motivation matters: Interactions between achievement goals and agent 

scaffolding for self-regulated learning within an intelligent tutoring system. Computers in Human 

Behavior, 52, 338–348.

Elliot, A. J., & Harackiewicz, J. M. (1996). Approach and avoidance achievement goals and intrinsic moti-

vation: A mediational analysis. Journal of Personality and Social Psychology, 70(3), 461.

Elliot, A. J., & McGregor, H. A. (1999). Test anxiety and the hierarchical model of approach and avoidance 

achievement motivation. Journal of Personality and Social Psychology, 76(4), 628.

Elliott, E. S., & Dweck, C. S. (1988). Goals: An approach to motivation and achievement. Journal of Per-

sonality and Social Psychology, 54(1), 5.

Elliot, A., Murayama, K., & Pekrun, R. (2011). A 3 x 2 Achievement Goal Model. Journal of Educational 

Psychology, 103, 632–648. https:// doi. org/ 10. 1037/ a0023 952

Etikan, I., Musa, S. A., & Alkassim, R. S. (2016). Comparison of convenience sampling and purposive sam-

pling. American Journal of Theoretical and Applied Statistics, 5(1), 1–4.

https://doi.org/10.1037/a0023952


1429Predict or describe? How learning analytics dashboard design…

1 3

Fabiano, G. A., Reddy, L. A., & Dudek, C. M. (2018). Teacher coaching supported by formative assessment 

for improving classroom practices. School Psychology Quarterly, 33(2), 293.

Gašević, D., Dawson, S., & Siemens, G. (2015). Let’s not forget: Learning analytics are about learning. 

TechTrends, 59(1), 64–71.

Hanna, D., Shevlin, M., & Dempster, M. (2008). The structure of the statistics anxiety rating scale: A con-

firmatory factor analysis using UK psychology students. Personality and Individual Differences, 45(1), 

68–74. https:// doi. org/ 10. 1016/j. paid. 2008. 02. 021

Harackiewicz, J. M., Barron, K. E., Pintrich, P. R., Elliot, A. J., & Thrash, T. M. (2002). Revision of achieve-

ment goal theory: Necessary and illuminating. Journal of Educational Psychology, 94, 638–645.

Hsu, M. K., Wang, S. W., & Chiu, K. K. (2009). Computer attitude, statistics anxiety and self-efficacy on 

statistical software adoption behavior: An empirical study of online MBA learners. Computers in 

Human Behavior, 25(2), 412–420.

Institute of Education Sciences, & National Science Foundation. (2013). Common guidelines for educa-

tion research and development.

Jivet, I., Scheffel, M., Specht, M., & Drachsler, H. (2018). License to evaluate: Preparing learning ana-

lytics dashboards for educational practice. Proceedings of the 8th International Conference on 

Learning Analytics and Knowledge, 31–40.

Johnson, R. B., & Onwuegbuzie, A. J. (2004). Mixed methods research: A research paradigm whose 

time has come. Educational Researcher, 33(7), 14–26.

Jonathan, C., Tan, J. P.-L., Koh, E., Caleon, I. S., & Tay, S. H. (2017). Enhancing students’ critical read-

ing fluency, engagement and self-efficacy using self-referenced learning analytics dashboard visu-

alizations. In W. Chen, J.-C. Yang, A. F. Mohd Ayub, S. L. Wong, & A. Mitrovic (Eds.), Proceed-

ings of the 25th International Conference on Computers in Education (pp. 457–462). Asia-Pacific 

Society for Computers in Education.

Knight, S., & Shum, S. B. (2017). Theory and learning analytics. In C. Lang, G. Siemens, A. F. Wise, 

& D. Gasevic (Eds.), Handbook of learning analytics (1st ed., pp. 17–22). Society for Learning 

Analytics Research.

Koenka, A. C., & Anderman, E. M. (2019). Personalized feedback as a strategy for improving motiva-

tion and performance among middle school students. Middle School Journal, 50(5), 15–22.

Lavasani, M. G., Weisani, M., & Shariati, F. (2014). The role of achievement goals, academic motiva-

tion in statistics anxiety: Testing a causal model. Procedia-Social and Behavioral Sciences, 114, 

933–938.

Larkin, M., & Thompson, A. (2012). Interpretative phenomenological analysis. In D. Harper & A. R. 

Thompson (Eds.), Qualitative research methods in mental health and psychotherapy: A guide for stu-

dentsand practitioners (pp. 99–116). Wiley-Blackwell.

Linnenbrink-Garcia, L., Patall, E. A., & Pekrun, R. (2016). Adaptive motivation and emotion in edu-

cation: Research and principles for instructional design. Policy Insights from the Behavioral and 

Brain Sciences, 3(2), 228–236.

Lonn, S., Aguilar, S. J., & Teasley, S. D. (2015). Investigating student motivation in the context of a 

learning analytics intervention during a summer bridge program. Computers in Human Behavior, 

47, 90–97.

Martin, A. J., & Elliot, A. J. (2016). The role of personal best (PB) goal setting in students’ academic 

achievement gains. Learning and Individual Differences, 45, 222–227.

Mills, J. S., & Blankstein, K. R. (2000). Perfectionism, intrinsic vs extrinsic motivation, and motivated 

strategies for learning: A multidimensional analysis of university students. Personality and Indi-

vidual Differences, 29(6), 1191–1204.

Miquelon, P., Vallerand, R. J., Grouzet, F. M. E., & Cardinal, G. (2005). Perfectionism, academic moti-

vation, and psychological adjustment: An integrative model. Personality and Social Psychology 

Bulletin, 31(7), 913–924.

Nicol, D. J., & Macfarlane-Dick, D. (2006). Formative assessment and self-regulated learning: A model 

and seven principles of good feedback practice. Studies in Higher Education, 31(2), 199–218.

Onwuegbuzie, A. J. (1997). Writing a research proposal: The role of library anxiety, statistics anxiety, 

and composition anxiety. Library & Information Science Research, 19(1), 5–33.

Onwuegbuzie, A. J. (2004). Academic procrastination and statistics anxiety. Assessment & Evaluation in 

Higher Education, 29(1), 3–19.

Onwuegbuzie, A. J., & Seaman, M. A. (1995). The effect of time constraints and statistics test anxiety 

on test performance in a statistics course. The Journal of Experimental Education, 63(2), 115–124.

Onwuegbuzie, A. J., & Wilson, V. A. (2003). Statistics Anxiety: Nature, etiology, antecedents, effects, and 

treatments—A comprehensive review of the literature. Teaching in Higher Education, 8(2), 195–209.

https://doi.org/10.1016/j.paid.2008.02.021


1430 N. Valle et al.

1 3

Palinkas, L. A., Horwitz, S. M., Green, C. A., Wisdom, J. P., Duan, N., & Hoagwood, K. (2015). Purpose-

ful sampling for qualitative data collection and analysis in mixed method implementation research. 

Administration and Policy in Mental Health and Mental Health Services Research, 42(5), 533–544.

Papousek, I., Ruggeri, K., Macher, D., Paechter, M., Heene, M., Weiss, E. M., Schulter, G., & 

Freudenthaler, H. H. (2012). Psychometric evaluation and experimental validation of the Statistics 

Anxiety Rating Scale. Journal of Personality Assessment, 94(1), 82–91.

Park, Y., & Jo, I.-H. (2015). Development of the learning analytics dashboard to support students’ learn-

ing performance. Journal of Universal Computer Science, 21(1), 110–133.

Park, Y., & Jo, I.-H. (2019). Factors that affect the success of learning analytics dashboards. Educational 

Technology Research and Development, 67(6), 1547–1571.

Pintrich, P. R. (2000a). Multiple goals, multiple pathways: The role of goal orientation in learning and 

achievement. Journal of Educational Psychology, 92(3), 544.

Pintrich, P. R. (2000b). The role of goal orientation in self-regulated learning. In M. Boekaerts, P. R. 

Pintrich, & M. Zeidner (Eds.), Handbook of self-regulation (pp. 451–502). Academic Press.

Pintrich, P. R., Smith, D. A. F., Garcia, T., & McKeachie, W. J. (1991). A manual for the use of the Moti-

vated Strategies for Learning Questionnaire (MSLQ). Regents of the University of Michigan.

Pintrich, P. R., Smith, D. A. F., Garcia, T., & McKeachie, W. J. (1993). Reliability and predictive valid-

ity of the Motivated Strategies for Learning Questionnaire (MSLQ). Educational and Psychologi-

cal Measurement, 53(3), 801–813.

Rienties, B., Giesbers, B., Tempelaar, D., Lygo-Baker, S., Segers, M., & Gijselaers, W. (2012). The role 

of scaffolding and motivation in CSCL. Computers & Education, 59(3), 893–906.

Ritzhaupt, A. D., Valle, N., & Sommer, M. (2020). Design, development, and evaluation of an online sta-

tistics course for educational technology doctoral students: A design and development case. Jour-

nal of Formative Design in Learning, 4(2), 119–135. https:// doi. org/ 10. 1007/ s41686- 020- 00051-5

Rosenzweig, E. Q., & Wigfield, A. (2016). STEM motivation interventions for adolescents: A promising 

start, but further to go. Educational Psychologist, 51(2), 146–163.

Schunk, D. H., & Greene, J. A. (Eds.). (2018). Handbook of self-regulation of learning and performance 

(2nd ed.). Routledge.

Schunk, D. H., Meece, J. L., & Pintrich, P. R. (2014). Motivation in education: Theory, research, and 

applications (4th ed.). Pearson.

Schutz, P. A., Drogosz, L. M., White, V. E., & Distefano, C. (1998). Prior knowledge, attitude, and 

strategy use in an introduction to statistics course. Learning and Individual Differences, 10(4), 

291–308.

Schwendimann, B. A., Rodriguez-Triana, M. J., Vozniuk, A., Prieto, L. P., Boroujeni, M. S., Holzer, A., 

Gillet, D., & Dillenbourg, P. (2017). Perceiving learning at a glance: A systematic literature review of 

learning dashboard research. IEEE Transactions on Learning Technologies, 10(1), 30–41.

Seidman, I. (2006). Interviewing as qualitative research: A guide for researchers in education and the social 

sciences. Teachers college press.

Siemens, G., & Gasevic, D. (2012). Guest editorial—Learning and knowledge analytics. Journal of Educa-

tional Technology & Society, 15(3), 1–2.

Tan, J.P.-L., Koh, E., Jonathan, C., & Yang, S. (2017). Learner dashboards a double-edged sword? Students’ 

sense-making of a collaborative critical reading and learning analytics environment for fostering 21st-

century literacies. Journal of Learning Analytics, 4(1), 117–140.

Vahedi, S., Farrokhi, F., Gahramani, F., & Issazadegan, A. (2012). The relationship between procrastination, 

learning strategies and statistics anxiety among Iranian college students: A canonical correlation analy-

sis. Iranian Journal of Psychiatry and Behavioral Sciences, 6(1), 40.

Valle, N., Antonenko, P., Dawson, K., & Huggins-Manley, A. C. (n.d.). Staying on target: A systematic 

literature review on learner-facing learning analytics dashboards. British Journal of Educational Tech-

nology, n/a(n/a). https://doi.org/10.1111/bjet.13089

Valle, N., Antonenko, P., Soltis, P. S., Soltis, D. E., Folk, R. A., Guralnick, R. P., Oliverio, J. C., Difato, T. 

T., Xu, Z., & Cheng, L. (2020). Informal multimedia biodiversity awareness event as a digital ecology 

for promoting culture of science. Education and Information Technologies, 25(4), 3275–3297. https:// 

doi. org/ 10. 1007/ s10639- 020- 10121-7

Valle, N., Brishke, J., Ritzhaupt, A. D., Evans, C., Nelson, D. R., & Shenkman, E. (2018). Using instruc-

tional design to support community engagement in clinical and translational research: A design and 

development case. Journal of Formative Design in Learning, 2(1), 20–35. https:// doi. org/ 10. 1007/ 

s41686- 018- 0018-4

Wang, L., Zhang, Z., McArdle, J. J., & Salthouse, T. A. (2008). Investigating ceiling effects in longitudinal 

data analysis. Multivariate Behavioral Research, 43(3), 476–496.

https://doi.org/10.1007/s41686-020-00051-5
https://doi.org/10.1007/s10639-020-10121-7
https://doi.org/10.1007/s10639-020-10121-7
https://doi.org/10.1007/s41686-018-0018-4
https://doi.org/10.1007/s41686-018-0018-4


1431Predict or describe? How learning analytics dashboard design…

1 3

Zeidner, M. (1990). Does test anxiety bias scholastic aptitude test performance by gender and sociocultural 

group? Journal of Personality Assessment, 55(1–2), 145–160.

Zeidner, M. (1991). Statistics and mathematics anxiety in social science students: Some interesting paral-

lels. British Journal of Educational Psychology, 61(3), 319–328.

Zimmerman, B. J. (2008). Investigating self-regulation and motivation: Historical background, methodo-

logical developments, and future prospects. American Educational Research Journal, 45(1), 166–183.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 

institutional affiliations.

Dr. Natercia Valle was a Research Assistant at the University of Florida when participating in this research 

and is now a Postdoctoral Research Associate at Cornell University. Her research focuses on technology-

enhanced applications (e.g., learning analytics dashboards) to support learners’ motivation and learning per-

formance in blended and online learning environments.

Dr. Pavlo Antonenko is an Associate Professor of Educational Technology and Director of the Neuroscience 

Applications for Learning (NeurAL) Laboratory at the University of Florida. His research focuses on psy-

chophysiological assessment of cognitive processing to optimize the design of technology-enhanced learn-

ing environments.

Dr. Denis Valle is an Assistant Professor in the School of Forest Resources & Conservation at the University 

of Florida. His research covers environmental health, plant demography, tropical forest management, simu-

lation models, and Bayesian statistical models.

Max Sommer is a doctoral student in the Educational Technology Program in the School of Teaching and 

Learning at the University of Florida. His research focuses on the design of technology-enhanced learning 

environments and information literacy education.

Dr. Anne Corinne Huggins-Manley is an Associate Professor of Research and Evaluation Methodology in the 

School of Human Development and Organizational Studies in Education at the University of Florida. Her 

research is focused on educational measurement, particularly with respect to issues of validity and fairness.

Dr. Kara Dawson is a Professor of Educational Technology in the School of Teaching and Learning at the 

University of Florida. Her research focuses on the ways educational technologies influence teaching and 

learning within the contexts of K-12 education and online post-secondary environments.

Dr. Dongho Kim is an Assistant Professor at Sungkyunkwan University. His research focuses on learning 

analytics and machine learning in education.

Dr. Benjamin Baiser is an Associate Professor in the Department of Wildlife Ecology and Conservation at 

the University of Florida. His research interests include community ecology of pine rockland plants and 

pitcher plant food webs.


	Predict or describe? How learning analytics dashboard design influences motivation and statistics anxiety in an online statistics course
	Abstract
	Introduction
	Theoretical background
	Statistics anxiety

	Motivation
	Achievement goal theory
	Learning analytics dashboards

	Conceptual framework
	Materials and methods
	Research design
	Context
	Participants
	Design and development
	Predictive dashboard design and development
	Descriptive dashboard design and development
	Control group

	Data sources and instruments
	Quantitative measures
	Qualitative measures

	Data analysis
	Quantitative data analysis
	Qualitative data analysis


	Results
	Discussion
	Motivation
	Statistics anxiety
	Learning outcomes

	Conclusions
	Implications and future directions
	References


