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Abstract Achievement emotions have a powerful influence on how students

interact with current and future learning and performance tasks. As such, peda-

gogical practices that support adaptive student emotions are critical for teaching and

learning in computer-based learning environments (CBLEs). This research inves-

tigates the relationship between during-task achievement emotions and participants’

appraisals of task control, value, perceived performance, and actual performance

outcomes on a diagnostic reasoning task with a CBLE, BioWorld. Based on the

emotions participants reported experiencing during the task, we found that partic-

ipants could be organized into three groups using a k-means cluster analysis: a

positive, negative, and low emotion group. Participants assigned to the positive

emotion group had the highest subjective appraisals of task value, task control, and

the highest perceived performance; however, these participants had lower levels of

actual performance when compared to learners assigned to the low emotion cluster

and had actual performance levels comparable to learners in the negative emotion
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cluster. These results provide preliminary evidence for fostering low emotionality

rather than positive emotionality with pedagogical interventions in order to support

better performance outcomes, while learners engage in academic achievement tasks

in CBLEs.

Keywords Emotions � Affect � Performance � Computer-based learning

environments � Problem solving � Medical decision making

Introduction

Achievement emotions profoundly influence how students interact with learning

and performance activities including their goals, strategy use, and persistence

(Linnenbrink-Garcia and Barger 2014; Pekrun 2006; Pekrun and Perry 2014). In

addition, emotions experienced during educational endeavors shape subsequent

behaviors, goals, and emotions (Pekrun and Perry 2014). Given the immediate and

long-term implications that emotions have on learning and achievement, it is

important that instructors and system developers support adaptive achievement

emotions during learning and performance tasks. For this to be possible, a better

understanding of the antecedent factors that lead to specific achievement emotions

and how these emotions interact with learning and performance is needed. The

purpose of this study was to examine the emotions students experienced during

authentic problem solving in a computer-based learning environment (CBLE),

BioWorld (Doleck et al. 2015; Lajoie 2009), in relation to their subjective

appraisals of task control, value, perceived performance, and actual performance.

Our work expands upon previous research on achievement emotions in CBLEs in

two important ways: (1) we analyze achievement emotions using a person-

centered approach to address the paucity of research using such analytic practices

when studying emotions, and (2) we examine how multiple achievement emotions

and their relative intensity relate to learner appraisals and task performance in a

CBLE.

Theoretical framework: the control-value theory of achievement emotions

The control-value theory of achievement emotions (Pekrun 2006; Pekrun and Perry

2014) was used as the guiding theoretical framework for this study. According to

this theory, achievement emotions are goal-directed and appraisal-driven multi-

componential psychological processes that are tied to achievement activities and

mediate effective learning (Pekrun and Perry 2014). Emotions can be organized

according to valence and arousal where valence refers to the intrinsic pleasantness

or unpleasantness of an emotional experience and arousal refers to physiological

activation or deactivation (Pekrun and Perry 2014; Russell et al. 1989). Specific

emotions are initiated from individual appraisal or evaluations of a situation, in

other words emotions have a particular object-focus. In the context of achievement

activities, students will appraise the achievement activity and outcomes according to

subjective appraisals of control and value. Subjective control refers to individual
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evaluations of agency over the achievement activity and its outcomes, and

subjective value is the individual evaluation of the importance of the activity and its

outcomes (Pekrun 2006). A combination of the object-focus and appraisal processes

will elicit different types of achievement emotions, including prospective outcome

emotions, activity emotions, and retrospective outcome emotions. The focus of this

paper is on prospective outcome and activity emotions. These emotions can be

elicited during the achievement task depending on whether the learner is evaluating

the outcome (e.g., hope) or the activity (e.g., enjoyment). The intensity of these

emotions can also vary as a function of appraisal processes and individual

differences such as culture (Frenzel et al. 2007; Pekrun 2006; Pekrun and Perry

2014). Thus, the valence, activation, and intensity of an emotional experience are

caused by the interaction between subjective appraisals of control and value. For

example, a student who positively values a learning task and feels that they are in

control of their learning outcome will experience enjoyment, whereas a student who

does not value the learning task will experience boredom (Pekrun 2006; Pekrun

et al. 2010).

Emotions during achievement activities

The optimal emotional conditions to increase learning gains and improve

performance outcomes stand to vary partly because of the different cognitive

processes involved in learning and performance activities. Simply put, learning

relies on encoding new information into memory and performance involves

retrieving information from memory (Mayer 2011). Emotions have the potential

to impact these underlying processes and thereby learning and performance. With

regard to learning, the control-value theory of achievement emotions proposes

that emotions differentially impact learning strategies and self-regulation of

learning (Pekrun 2006; Zimmerman and Labuhn 2012). Activating positive

emotions are considered adaptive because they facilitate the use of flexible

learning strategies and meta-cognitive strategies for adapting learning to

individual goals, whereas negative deactivating emotions can lead to learning

strategies that result in surface cognitive processing and a reliance on external

guidance (Pekrun 2006). For example, enjoyment during learning has been

associated with better academic outcomes because these positive emotions have

been found to maintain cognitive resources during an achievement task (Pekrun

et al. 2002), whereas boredom is associated with poorer outcomes because this

negative emotion detracts from the learning task (Pekrun et al. 2002, 2010).

Similarly, emotions influence performance in meaningful ways because positive

emotions can facilitate information retrieval and preserve cognitive resources,

while negative emotions can inhibit information retrieval and direct attention to

task irrelevant thoughts (Pekrun and Perry 2014). The interaction between

emotions and cognition can result in better performance outcomes in the case of

positive activating emotions, such as enjoyment and hope (Pekrun et al. 2002),

and poorer performance outcomes for negative emotions, such as anxiety

(Cassady 2004; Zeidner 1998, 2014).
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Over the course of a single achievement task, such as when solving a difficult

problem (D’Mello and Graesser 2012) or learning complex material (Harley et al.

2015, 2016), a single student will experience many different emotions, often at

different intensity levels. During these activities, a single student might therefore

experience both positive and negative emotions at different points. Thus, asking

questions pertaining to how a single emotion (e.g., anxiety) relates to outcomes

might have little utility when in reality a student will experience multiple emotions

(e.g., anxiety, frustration, boredom, and enjoyment). It is therefore valuable to ask

questions relating to how the profile of a student’s emotional experience compares

to the profile of another student’s emotional experience in order to determine

optimal conditions for learning and achievement.

Emotions and instructional interventions in CBLEs

The functionalities of CBLEs can be leveraged to support individual student’s

emotional needs to optimize learning and performance outcomes. This is because

CBLEs have the potential to foster adaptive emotionality by targeting the

antecedent factors of emotional responses, such as individual appraisals of control

and value. This can be accomplished by, for instance, environmental design,

scaffolding, and adaptive feedback. Appraisals of task value and control can be

bolstered by designing meaningful and authentic tasks with the capability of

providing learners with autonomy. For example, CBLEs can be designed to target a

particular group of students (e.g., medical students) and construct learning tasks that

are both meaningful for their learning (e.g., diagnostic reasoning) and authentic by

reflecting real-world applications (e.g., medical decision making in a hospital

setting). Perceptions of control over achievement outcomes can be reinforced by

providing students the ability to control their navigation through the environment,

access additional information (e.g., a glossary of medical diseases and diagnostic

tests), and receive assistance (e.g., a help option). However, there is a paucity of

empirical work exploring the direct link between emotions, appraisal processes, and

outcomes, and as such empirically grounded instructional recommendations are

tentative.

Research on emotions in CBLEs is not without challenges. In these environ-

ments, emotions are typically reported with low intensities, particularly negative

emotions (D’Mello 2013; Harley and Azevedo 2014; Harley et al. 2015). These low

intensities can restrict statistical variance, especially through floor effects, thus

making it difficult to understand the nuanced relationship between emotions and

their impact on learning and performance. This is a unique challenge because even

moderate levels of negative emotions stand to impact achievement outcomes

detrimentally.

Person-centered analyses of emotions

Current examinations of emotions in achievement contexts have generally relied on

variable-centered approaches, whereas person-centered (i.e., intra-individual)
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investigations have been underrepresented (Pekrun 2006). This is potentially

problematic because the average emotional responses of a group of students might

not represent a single student within that group (Pekrun 2006). Since one of the

goals for studying emotions in achievement contexts is to understand how to support

individual students, an important direction for this area of research is to study the

emotions using person-centered approaches.

Person-centered analyses place the individual rather than the variable at the focus

of the analysis allowing researchers to investigate how psychological constructs are

manifested within individuals rather than between variables (Linnenbrink-Garcia

and Barger 2014). In other words, rather than examining the distribution across or

between groups of learners for a single emotion (e.g., anxiety), person-centered

analyses allow researchers to identify trends (i.e., profiles) in the constellation of

state emotions and their experience at varying levels of intensity (e.g., low anxiety

and low enjoyment).

Person-centered analyses (e.g., cluster analyses) are gaining interest in emotion

research (Jarrell et al. 2015; Lazarus 2006; Martinent et al. 2013; Pekrun and

Hofmann 1996). These types of analyses are also particularly well suited for

addressing the unique challenges associated with studying emotions in CBLEs (i.e.,

floor effects and low variance). The k-means cluster analysis is one person-centered

approach that might enable researchers to overcome these challenges. This analysis

requires that all variables are standardized prior to analysis, permitting a relative

comparison between participants with similar emotion profiles. The current research

employs this method to uncover the emotional profiles of learners who solved

authentic science problems in BioWorld (Doleck et al. 2015; Lajoie 2009).

Current study

This study sought to answer three research questions. (1) Can learners be grouped

according to the emotions experienced during problem solving? (2) Is there a

relationship between emotion groups and task control and value appraisals? And (3)

Is there a relationship between emotion groups and performance? With regard to our

first research question, we hypothesized, based on previous work (Jarrell et al.

2015), that participants’ self-reported emotions would form three clusters: a

positive, a negative, and a low emotion cluster. For our second research question,

we hypothesized that participants with overall positive emotions would have

significantly higher task control and value appraisals than participants with overall

negative emotions based on the control-value theory of achievement emotions

(Pekrun 2006). For our third research question, we developed two hypotheses based

on participants’ perceived performance and actual performance. First, and with

regard to perceived performance, we hypothesized that participants with overall

positive emotions would perceive their performance to be significantly better than

participants with overall negative emotions based on higher appraisals of goal

attainment (Carver and Scheier 2014; D’Mello et al. 2014). We also hypothesized,

based on prior research (Jarrell et al. 2015) and the net effects of emotions on

achievement (Pekrun 2006; Pekrun and Perry 2014), that learners with overall
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positive emotions would outperform learners with overall negative emotions and

that learners with overall low emotions would have performances that fell between

the two.

Methods

Participants

Participants (N = 26) from one large North American public university were pre-

medical (N = 1) and medical students (N = 25) with a mean age of 24.40

(SD = 3.43).

Learning environment

BioWorld is a CBLE designed to help medical students effectively diagnose a

patient through a diagnostic simulation. Medical students apply what they have

learned in medical school to authentic diagnostic problems. Each problem begins

with a patient history which provides details on the case including relevant

symptoms and relevant patient details (e.g., age; see Fig. 1). Students propose initial

hypotheses based on the evidence gathered in the patient history. Students can

obtain further evidence by ordering laboratory tests that confirm or disconfirm a

particular hypothesis, search for information using the online library, and request

help using the consultation tool. After the final diagnosis is submitted, students

receive individualized feedback on their solution based on an aggregated expert

solution (see Fig. 2). Participants are also provided an efficiency score which

represents numerically how well their solution matched with the expert solution.

Fig. 1 Screenshot of primary interface: case summary tab
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Measures

Academic achievement emotion questionnaire (AEQ)

Due to the performance nature of solving diagnostic problems in BioWorld, the

academic achievement emotions questionnaire (AEQ) concurrent state emotions

subscale for test emotions (AEQ; Pekrun et al. 2002) was used to measure the

emotions learners experienced while solving the diagnostic reasoning task (as

opposed to concurrent studying or class-related emotions). The AEQ concurrent

state test-taking emotions subscale consists of 27 items and measures enjoyment (3

items), pride (2 items), hope (2 items), anxiety (7 items), hopelessness (6 items),

shame (5 items), and anger (2 items). The AEQ was adapted, according to the

instructional manual (Pekrun et al. 2002) and previous studies (Naismith 2013;

Jarrell et al. 2015) to measure learners’ test-related concurrent emotions with

BioWorld. An example item used to measure enjoyment asked medical students to

respond to the statement, ‘‘For me the task was a challenge that was enjoyable.’’

Responses were measured on a 5-point Likert scale where a rating of 1 indicated

that the participant strongly disagreed with the statement and a rating of 5 the

participant strongly agreed with the statement.

Control and value appraisals

To measure appraisals of control, participants asked to respond to the statement, ‘‘I

felt in control of my performance on the task.’’ To measure value appraisals,

participants responded to the statement, ‘‘I valued the task.’’ For both items,

responses were measured on a 5-point Likert scale where a rating of 1 indicated that

the participant strongly disagreed with the statement and a rating of 5 indicated that

the participant strongly agreed with the statement. Previous research has used

Fig. 2 Screenshot of BioWorld interface: expert feedback interface
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similar single-item measures to assess appraisals of subjective task control and task

value (Goetz et al. 2010; Tong et al. 2007).

Performance

Participants’ perceived performance and actual performance were extracted from

the BioWorld logfiles. In this study, perceived performance was inferred from

participants’ self-reported confidence in their final diagnosis reported as a

percentage (0–100 %) on the Belief Meter (left hand of Fig. 1). Participants’

actual performance was measured using solution efficiency (percent match with the

expert solution, Fig. 2).

Experimental procedure

The data analyzed in this study were collected as part of a larger project that

examined emotions in the context of diagnostic reasoning, which comprised of a

demographics questionnaire, measures of participant traits, and several measures of

emotions, including participants’ emotional experience (i.e., emotion questionnaire

and retrospective interview), expression (i.e., video analysis of facial expression),

and physiological arousal (i.e., electrodermal activation). Only the measures

relevant to the analyses in this study will be discussed in the subsequent sections.

After reading and signing the informed consent form, participants completed a

researcher-guided practice case to receive training on using and navigating

BioWorld. During this training case, participants learned how to interact with

BioWorld to solve authentic diagnostic problems. Participants solved either two

short diagnostic problems or one long problem. In either case, the session took

approximately 2.5 h to complete. After solving the last problem, participants were

asked to report their during-task appraisals of control and value and their during-

task (i.e., concurrent) emotions by completing a post questionnaire, which contained

the above-mentioned control, value, and AEQ items.

Data analysis

Data cleaning

The emotion data for one participant were missing due to a technical error when

reporting concurrent emotions. Consequently, this participant was not included in

the analyses. The performance efficiency data for two participants were missing due

a technical problem during data collection. Consequently, these participants were

not included in the analysis related to performance efficiency (but were for the

others). A box plot analysis was conducted in IMB SPSS to detect univariate

outliers for each of the nine continuous variables included in the analyses (i.e.,

enjoyment, pride, hope, anxiety, hopelessness, shame, anger, control, value,

perceived performance, and performance efficiency). Only one outlier was detected

for the variable anger. This outlying score was replaced with the next most extreme

non-outlying score (Meyers et al. 2013).
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Emotion cluster extraction

A k-means cluster analysis was performed on the five during-task emotions to

identify groups of participants that were highly similar within groups and highly

distinct between groups. Participant’s mean emotion scores measured from the AEQ

were converted to z-scores and analyzed using the k-means clustering algorithm in

IBM SPSS. A total of 125 data points were entered into the cluster model as each

participant had a total of 5 unique emotion scores. The selection of the number of

clusters is determined by the researcher and it is based on previous empirical work

and theory (Daniels et al. 2008). We selected a 3-cluster model as previous work

demonstrated that a 3-cluster model was optimal for categorizing similar self-

reported emotions (Jarrell et al. 2015).

Results

RQ1: Can learners be grouped according to the emotions experienced during

problem solving?

Three iterations were run in order to generate convergence (i.e., automatic

validation). Follow-up univariate ANOVAs indicated that the clustered groups

differed significantly on all seven AEQ variables (see Table 1 for concurrent

emotion descriptive statistics).

The final cluster centers, together with the number of cases in each cluster, are

shown in Table 2 and the means of each achievement emotion for each cluster are

shown in Table 3. The cluster membership ranged from 5 to 13 learners. Cases in

Cluster 1 tended to experience relatively high levels of positive emotions

(enjoyment and hope); cases in Cluster 2 tended to experience relatively high

levels of negative emotions (anger, hopelessness, shame, and anger); and cases in

Cluster 3 tended to experience relatively low overall affect. Final cluster

memberships were used to define participant groups for the subsequent analyses.

Table 1 Descriptive statistics

of concurrent emotion responses
Sate emotion M SD Min Max

Enjoyment 3.49 .75 1.67 5.00

Pride 2.30 .72 1.00 4.00

Hope 2.88 .71 2.00 4.50

Anxiety 1.95 .70 1.00 3.57

Hopelessness 2.00 .99 1.00 4.33

Shame 1.82 .94 1.00 4.00

Anger 1.70 .72 1.00 3.00
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RQ 2: Is there a relationship between emotion clusters and task control and value

appraisals?

Appraisal of control

An ANOVA was conducted to determine if there was a significant difference

between emotion clusters (IV; cluster membership) and appraisal of task control

(DV; subjective task control) (see Table 3 for subjective task control descriptive

statistics). Results indicated a trend toward a statistically significant relationship

between emotion clusters and appraisals of task control with a large effect size, F (2,

22) = 2.97, P = .07, g2 = .21. Taking into consideration the alpha and partial eta

squared values of this omnibus test, we conducted follow-up pairwise comparisons.

The results from the pairwise comparisons indicated that the positive emotion group

reported significantly higher levels of task control than the negative emotion group

(M = 3.86, SD = .90 and M = 2.20, SD = 1.09, respectively). No other pairwise

comparisons were significant (see Table 5).

Table 2 Final cluster z-score means on the concurrent state emotion variables

State

emotion

Cluster 1: positive emotion

n = 7

Cluster 2: negative emotion

n = 5

Cluster 3: low emotion

n = 13

Enjoyment 1.00 -.66 -.28

Pride .67 .69 -.63

Hope 1.27 -.39 -.53

Anxiety -.19 1.21 -.36

Hopelessness -.39 1.38 -.32

Shame -.24 1.55 -.47

Anger .22 1.25 -.60

Clusters were interpreted by the z-scores. Z-scores above 1 were interpreted as high (bolded) and scores

approaching zero were interpreted as low (Meyers et al. 2013)

Table 3 Final cluster means on the concurrent state emotion variables

State emotion Cluster 1: positive emotion

n = 7

Cluster 2: negative emotion

n = 5

Cluster 3: low emotion

n = 13

M SD M SD M SD

Enjoyment 4.24 .46 3.00 .33 3.28 .71

Pride 2.79 .76 2.80 .45 1.85 .47

Hope 3.79 .39 2.60 .56 2.50 .41

Anxiety 1.82 .38 2.80 .53 1.70 .66

Hopelessness 1.62 .25 3.67 .83 1.69 .74

Shame 1.60 .58 3.28 .68 1.38 .58

Anger 1.86 .63 2.60 .55 1.27 .44
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Appraisal of value

An ANOVA was conducted to determine if there was a significant difference

between emotion clusters (IV; cluster membership) and appraisal of task value (DV;

subjective task value) (see Table 4 for subjective task control descriptive statistics).

Results suggest a trend toward a statistically significant relationship between

emotion clusters and appraisals of task value with a large effect size, F (2,

22) = 2.65, P = .09, g2 = .19. Consistent with the rational presented above, we

have also chosen to conduct the follow-up pairwise comparisons. The results from

the pairwise comparisons indicate that the positive emotion group reported

significantly higher levels of task value than the negative emotion group

(M = 4.57, SD = .53 and M = 3.80, SD = .45, respectively). No other pairwise

comparisons were significant (see Table 5).

RQ 3: Is there a relationship between emotion clusters and performance?

Perceived performance

An ANOVA was conducted to determine if there was a significant difference

between emotion clusters (IV; cluster membership) and perceived performance

(DV; confidence; see Table 6 for performance descriptive statistics). Results from

the ANOVA suggest that there was no statistically significant relationship between

emotion clusters and perceived performance although a medium effect size was

found, F (2, 22) = .66, P = .54, g2 = .06. Interpretations of the descriptive

statistics revealed that learners in the positive emotion cluster had the highest

perceived performance followed by the low emotion and negative emotion clusters

(see Table 7).

Actual performance

An ANOVA was conducted to determine if there was a significant difference

between emotion clusters (IV; cluster membership) and actual performance (DV;

percent match with expert; see Table 6 for performance descriptive statistics).

Results from the second ANOVA suggest that there was no statistically significant

relationship between emotion clusters and actual performance, although a medium

effect size was found, F (2, 20) = 1.47, P = .25, g2 = .13. Descriptive statistics

indicate that learners in the low emotion cluster outperformed learners in both the

positive and negative emotion clusters, which had comparable mean levels (see

Table 7).

Table 4 Descriptive statistics for control and value appraisals

Appraisal M SD Min Max

Control 3.28 1.27 1.00 5.00

Value 4.28 .61 3.00 5.00
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Discussion

In summary, we found that (1) based on the emotions learners experienced while

solving diagnostic problems participants could be organized into three meaningful

groups: positive emotions, negative emotions, and low overall emotions; (2)

learners in the positive emotion cluster had the highest subjective control and value

appraisals in comparison to learners in the low and negative emotion clusters; (3)

learners in the positive emotion cluster had the highest perceived performance when

compared to learners in the low and negative emotion clusters; (4) however, learners

in the positive emotion cluster had lower levels of actual performance when

compared to learners assigned to the low emotion cluster, and had actual

performance levels comparable to learners in the negative emotion cluster.

Table 5 Descriptive statistics and pairwise comparisons for emotion clusters and appraisals

Appraisal Emotion cluster Pairwise comparisons

Positive Negative Low p

M SD M SD M SD

Control 3.86 .90 2.20 1.10 3.38 1.33 Positive[ negative .026*

Positive[ low .403

Low[ negative .070

Value 4.57 .53 3.80 .45 4.31 .63 Positive[ negative .032*

Positive[ low .339

Low[ negative .108

The P values on the left correspond to significant and non-significant alphas related to the pairwise

comparison. Values with an * P\ .05

Table 6 Descriptive statistics for performance

Performance M SD Min Max

Perceived performance 73.73 21.69 24 100

Actual performance 44.25 24.35 7 100

Table 7 Descriptive statistics for emotion clusters and performance

Performance type Emotion cluster

Positive Negative Low

M SD M SD M SD

Perceived performance 81.00 10.71 66.40 27.73 73.69 24.45

Actual performance 35.00 20.29 32.75 29.24 50.92 23.35
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Results related to our first research question supported our hypothesis that the

emotions learners experienced while solving diagnostic problems would cluster in

meaningful ways. This finding is in line with prior research on clustering self-

reported emotion data and adds further support to theories and studies of emotion

that group emotions into high-level categories according to the dimensions of

valence and arousal (Harley et al. 2015; Jarrell et al. 2015; Pekrun and Perry 2014).

Participants in the low emotion group experienced relatively low levels of emotions

across all measured emotions irrespective of valence. In other words, this group of

students did not experience intense positive or intense negative emotions when

compared to the positive and negative emotion groups. The profile of low

emotionality supports the perspective that some students will not necessarily

experience intense emotions (Pekrun 2006). According to the control-value theory,

positive emotions are elicited when students experience high positive value and

negative emotions are experienced when students experience high negative or low

positive value1 (Pekrun 2006). The participants in the low emotion group reported

moderate levels of value, which might suggest that their subjective level of value

was insufficient to elicit intense positive emotions but not too insufficient as to cause

intense negative emotions. In addition, this group also reported a moderate level of

task control which might suggest that for this group, the task was perceived to be at

an optimal level of challenge. In other words, the task was not too easy, nor too

difficult. It is possible, when considering the emotional profile and subjective

appraisals of the low emotion group, that these students might represent a profile

similar to the state of relaxation, which has been posited by the control-value theory

to be experienced when students engage in pleasant and familiar activities (Pekrun

2006; Pekrun and Perry 2014). Although relaxation is a theoretically compelling

best fit for the current data, non-activating, positively valenced emotions, such as

relaxation, are grossly underrepresented in studies on achievement emotions;

therefore, less is known about them. Accordingly, further research may reveal other

relevant states worthy of consideration.

While all emotional states in the low emotion cluster were low in mean intensity,

enjoyment remained moderate (M = 3.28), possibly implying that students found

the task pleasant, which is compatible with a state of relaxation. It is worth noting

that medical students in the negative emotion cluster reported similar mean levels of

enjoyment (M = 3.00), although stronger negatively valenced emotions were also

reported for hopelessness (M = 3.67) and shame (M = 3.28). One possible

interpretation for these somewhat competing levels of oppositely valenced emotions

stems from the fact that students were asking to report all the emotions they

experienced during the task. Accordingly, they may have accurately reported

experiencing both positive and negative emotional states, likely elicited from

different stimuli, a finding that is in line with the control-value theory of

achievement emotions (Pekrun 2006). For example, a student might have initially

enjoyed solving the problem, but later felt that providing a correct solution was

hopeless.

1 With the exception of boredom which can be experienced when there is no perceived value and high or

low levels of control.
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One unexpected finding, however, was that only moderate levels of pride were

found in the positive emotion cluster (in comparison to relatively high levels of

enjoyment and hopefulness). One possible explanation for this finding is that

participants were asked to reflect back on how they were feeling while they were

interacting with BioWorld at which point they would not yet have received

feedback on their performance and therefore had less to feel proud about.

Results also support our second hypothesis that participants assigned to the

positive emotion cluster would have higher task control and value appraisals than

participants in the negative emotion cluster. These results are in line with several of

the emotion–appraisal relationships outlined by the control-value theory of

achievement emotions (Pekrun 2006). Particularly, participants with positive value

appraisals and high levels of subjective control are associated with enjoyment and

hope as found in the intense positive emotion cluster. On the other hand, negative

value appraisals along with low levels of perceived control are consistently related

to negative emotions such as hopelessness or anxiety, as found in the intense

negative emotion cluster (Pekrun and Perry 2014). Although no specific hypotheses

were made regarding the appraisals of participants in the low emotion cluster, the

results showed that this group did not differ significantly in their appraisals from

participants in either the positive or negative emotion clusters. However, the

descriptive statistics suggest that the low emotion group experienced moderate

levels of control and value. As discussed in more detail above, these findings might

suggest that moderate levels of control and value appraisals can lead participants to

experience achievement emotions at low intensities and possibly other non-

measured and typically overlooked states, such as relaxation.

The results did not, however, support the fourth hypothesis that participants in the

positive emotion cluster would outperform participants in the negative and low

emotion clusters. In fact, participants in the low emotion cluster outperformed

participants in the positive and negative emotion clusters, which performed similarly.

These unexpected findings can be explained by previouswork. For example, one study

found that both positive and negative emotions can lead to decreased task-related

cognitive resources (Meinhardt and Pekrun 2003). Similarly, other work has found

that positive emotions can lead to task irrelevant thinking (Seibert and Ellis 1991), and

strong positive emotions such as enjoyment can be negatively associated with explicit

learning (Rieber and Noah 2008). For example, high levels of enjoyment might have

been elicited through exploratory learning (reading unrelated content) or from

engaging in off-task behaviors such as experimenting with BioWorld’s software

features (e.g., seeing howmany lab tests can be run at once; gaming the system; Baker

et al. 2010). Thus, this study supports findings that enjoyment and high positive

emotionality are not always conducive for learning and performance.

Related research has shown that positive emotions have also been associated with

academic overconfidence (Hall et al. 2006). The results from the current study

suggest that learners higher in positive emotionality might have been overconfident

in their task performance given their greater confidence in their solution and lower

performance on diagnostic accuracy. The gap between perceived and actual

performance was, on the other hand, much lower for low emotionality learners. It is

therefore possible that the ideal emotional state for individuals completing a
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performance-based achievement task might be overall low intensity irrespective of

emotional valence.

This research emphasizes the influence of student emotions in performance tasks

and highlights important pedagogical decisions for supporting achievement in these

contexts. Current instructional recommendations concerning emotion focus on

linking an emotional state, either discrete or dimensional, to a particular context.

This study provides evidence that we also need to consider the intensity of during-

task emotional experiences. This finding is consistent with conceptualizations of

achievement emotions when considering the intensity of emotions experienced by

an individual student. For example, a student experiencing minor levels of

hopelessness during a task might still be able to maintain task-focus and do well,

whereas a student experiencing acute levels of hopelessness might become occupied

by task irrelevant thoughts and disengage from the aversive task. This is also

supported by empirical work. One study found that agreement between physiolog-

ical data and self-reported emotion increased when only higher intensity states were

considered (Harley et al. 2015). Another study found that high levels of negative

emotions were uniformly detrimental to performance outcomes; however, partic-

ipants performed better when they had low levels of negative emotions and high

levels of perceived control (Ruthig et al. 2008). Therefore, it is possible that

different levels of an emotion, such as intermediate and high intensity, should be

associated with greater and lesser degrees of learning behaviors, cognitions, and

other outcomes. In other words, instead of asking ‘‘what emotions do we need to

worry about?’’ we need to also consider ‘‘at what level of emotional intensity should

an intervention be triggered?’’ In the context of CBLEs, systems might be designed

to disregard low levels of frustration experienced while problem solving; however,

try to intervene after a participant has spent a certain amount of time in a moderate

state of frustration as to avoid transitioning into a more intense and distracting state.

Detecting and responding to student emotions is at the forefront of cutting-edge

affect-aware learning technologies (Bosch et al. 2015; Calvo and D’Mello 2012).

A clear limitation of the current work is the sample size. Although our sample size

was small, results were supported by large and medium effect sizes, suggesting that

with a larger sample, significant relationships could be detected. A larger sample size

will also make it possible to calculate the reliability of the AEQ measure used in this

study. With that said, the reliability of this scale has been well established over a

number of empirical studies (Pekrun et al. 2002, 2009; Ranellucci et al. 2015).

Moreover, the participants recruited for this study came from a highly limited,

expert population, unlike other studies that sample from larger populations (e.g.,

undergraduate students or undergraduate students in a specific faculty of depart-

ment). As such, the sample is representative among studies with similar expert

participants (Doleck et al. 2015; Duffy et al. 2015; Lajoie et al. 2015; Naismith

2013). A second limitation of the current work was with regard to how emotions

were measured. Students were asked to report how they remembered feeling during

the task after they had received feedback on their performance. It is possible that

this might have biased participant responses such that participants who performed

favorably recalled experiencing more positive emotions, valuing the task more and

being more in control. The authors recognize the need to use multi-modal
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measurement tools during cognitively demanding tasks (Duffy et al. 2015; Harley

et al. 2015). To overcome this limitation, future research should integrate multiple

assessments of emotions, particularly non-invasive measurements, such as physi-

ological and behavioral measures (Calvo and D’Mello 2010; Harley et al. 2015).

Future research will also aim to replicate the findings of this study with larger

sample sizes, while also investigating other activity emotions such as relaxation and

in other CBLEs in order to examine the robustness and generalizability of the

results, in particular, between improved learning outcomes and lower levels of

emotionality. In addition, future research should determine the specific causes of an

emotion during learning with a CBLE at a finer level of granularity for the purposes

of system development and during-task interventions.

The significant relationships and the trends supported by medium effect sizes

identified in this study provide critical support for the notion that during-task emotions

have important implications for learning and performance in CBLEs. In particular, the

results suggest that CBLEs could support learners by promoting low emotionality

rather than intense positive emotionality while learners engage in a performance-

oriented achievement task. As such, it identifies an important area of future research:

examining instructional intervention in CBLEs that can assist learners to control their

emotional experiences, irrespective of valence. Finally, this study highlights the

importance of person-centered analyses of emotions, in particular, for furthering an

understanding of the nuanced relationship between achievement emotions and

learning that are fundamental for instructional design of CBLEs.
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