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Abstract: One-hundred and forty-three paired achievement and attitudinal effect sizes from a meta-analysis of 
technology use in postsecondary education were subjected to correlational analyses to explore patterns of association 
between learning satisfaction and performance. The overall correlation (r = 0.299*) suggested predominantly 
positive relationships. However, two distinct patterns emerged. A congruent cluster contained correlations of the 
same direction: positive effect sizes for achievement coupled with corresponding positive attitudinal effect sizes, and 
negative with negative ones (r = 0.674**). An incongruent cluster, composed of subsets of positive attitudinal effects 
in combination with negative achievement effects and vice versa, yielded a significant negative correlation (r = –
0.631**). These findings demonstrate the presence of both communal and competing relationships between “liking” 
and “learning.” Subsequent moderator variable analysis suggested that incongruence is less likely when technology 
supports instruction in STEM vs. Non-STEM subjects. Further in-depth investigation of individual studies that 
comprise incongruent cluster is in order to inform instructional design and educational practice.  
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Study Objectives 

This study employs a powerful methodology of meta-analytical research and draws from the findings of a 
particular large-scale meta-analysis of effectiveness of technology in postsecondary education (Schmid, Bernard, 
Borokhovski, Tamim, Abrami, et al., 2014) to explore the extent to which attitude and achievement effect sizes are 
interconnected. Specifically, we were interested to find out whether or not these two outcome types enjoy some 
degree of reciprocity and under what conditions they do not agree. Understanding what instructional conditions are 
characterized by the match between attitudes (i.e., satisfaction with learning experiences) and actual learning 
performance (i.e., academic achievements) and when these outcomes disagree may have serious implications for 
instructional design and educational practice, when computer-based technology is used to support learning.  

 

Conceptual Framework  

How much does enjoying one’s learning experience relate to actually succeeding in learning performance? 
This question applies universally to any human practice, but in education its importance is especially apparent, 
magnified by the vast array of future daily activities (professional, creative, societal, etc.) for which education is 
expected to prepare current students. It is important to realize that the category of attitudes towards learning as it 
appears in empirical literature may encompass a broad variety of emotional states (from boredom to excitement) and 
motivational and engagement levels (from aversion to enthusiasm), whereas performance (in the case of education – 
acquired knowledge and skills) is measured more or less objectively by some form of testing relatively consistently 
across studies.  

In its most generic form, the answer to the question about the relationships between attitudes and 
performance was first offered as the law of Yerkes-Dodson (1908) that describes empirically observed relationships 
between arousal (i.e., the level of psychophysiological activation) and performance. The law stipulates that increases 
in activation stimulates and promotes performance efficiency/productivity, but only to a point.  
 Addressing questions about the relationship between satisfaction and performance in education has a long 
history. Clifford (1973) observed a positive correlation between what he called “liking” and “learning.” The most 
plausible explanation he offered to these findings followed from even earlier work by Cattell (1961). Both argued 
that interest increases learners’ motivation resulting in more successful performance, though the relationships are not 
always linear (Clifford, 1972), pretty much in line with the Yerkes-Dodson law. Ainley, Hidi, and Bernorff (2002) 
and later Ainley and Ainley (2011) emphasized the key role of feeling, interest and enjoyment in stimulating 
students’ engagement with the learning tasks. Oja (2011) demonstrated that low-achieving students tended to be less 
satisfied with various aspects of learning environments. This latter observation shows that the relationships between 
attitudes and achievements are not necessarily unidirectional or imply some form of causality, as both could be 
determined by other instructional or contextual factors (e.g., failure depresses motivation or both suffer from the 
influence of some external factor).  
 Pekrun (1992) offered several principles regarding the effect of emotions on learning, leading to the 
formulation of the control-value theory (Pekrun, 2006). Among its most general regularities is that positive emotions 
predominantly impact performance positively, whereas the effect of negative emotions may be ambivalent. 
Subsequent studies of the control-value theory and achievement emotions (e.g., Ainley & Ainley, 2011; Daniels et 
al., 2009; Eom, Wen, & Ashill, 2006) relied on large-scale multivariate surveys and employed structural equation 
modeling to explore relationships among various aspects of affect and performance, but did not, with just a few 
exceptions, (e.g., Pekrun, Elliot, & Maier, 2009) address these relationships in the contexts of individual educational 
courses.    
 Use of educational technology presents a special case for considering satisfaction with the learning 
environment. The so-called novelty effect (Clark, 1983) often plays a role as a catalyst for enjoyment and increased 
motivation only temporarily matched by successful performance. Satisfaction and performance, when educational 
technology is involved, have been studied in specific instructional interventions (e.g., Zhu, 2012; Johnson, Aragon, 
Shaik, & Palma-Rivas, 2000) or with the focus on attitudes toward individual subject matter (e.g., Ma & Kishor, 
1997).  
 Recently, Tze, Daniels, and Klassen (2016) summarized data about relationships between boredom and 
academic performance in a meta-analysis of 29 primary studies across academic disciplines and grade levels. 
Defined in terms of “low arousal, increased feelings of unpleasantness, constraint, and repetitiveness” (Geiwitz, 
1966, p. 598), boredom is a perfect example of dissatisfaction with one’s learning experience and its negative 
association with performance may be as telling as any positive association between upbeat emotions and successful 



learning. Tze and colleagues found a significant negative correlation of r = –0.24 (p < 0.01) between boredom and 
academic outcomes (collapsed data for performance, strategies, and behaviours) and r = –0.16 (k = 21, p < .05) for 
academic achievement, specifically. These findings are in line with the general logic of communal relationships 
between satisfaction and performance (i.e., both going in the same direction).  

However, the issue is complex and deserves further attention from researchers to develop a better 
understanding of these relationships. Achievement and attitudinal data coming in matched pairs from a large-scale 
meta-analysis may shed more light on the specifics of the relationship between these two variables in contexts of 
individual technology-supported instructional interventions.  

 

Method 

 This study uses outcomes from a meta-analysis of the effectiveness of technology-supported postsecondary 
education (Schmid et al., 2014) that compared more technology-saturated and technology-lean instructional 
conditions in terms of both achievement and attitudes. Key methodological elements of that original meta-analysis 
are briefly described below, followed by the details about the current study. 

Literature Search Strategies  

Extensive literature searches were designed to identify primary studies informing the research question. 
Key terms included: “technolog*,” “computer*,” “CBI,” “CAI,” “CMC,” “online,” “internet,” etc. in combinations 
with “college*,” “university students,” “higher education,” “learn*,” “achieve*,” “attitude*,” “satisfaction,” etc., but 
excluding “distance education” or “distance learning” in the subject field.  

The following databases were examined: ERIC (ProQuest), ProQuest Dissertation Abstracts Global, 
PsycINFO (EBSCO), AACE Digital Library, CBCA Education, Communication Abstracts (CSA), Wilson Line 
Education Abstracts, SAGE Full-text Collection, PubMed Medline, Francis (CSA), Australian Policy Online, British 
Education Index, Social Science Information Gateway. 

Additional Google and searches for conference proceedings were performed. Review articles and previous 
meta-analyses were used for branching, as well as major journals in the field of educational technology (e.g., 
Educational Technology Research and Development). 

Inclusion Criteria and Review Procedures 

Review for selecting studies for the meta-analysis was conducted in two stages. First, all studies identified 
through searches were screened at the abstract level. Then, retained documents were reviewed full-text. Decisions 
about study inclusion were based on the following criteria. Eligible studies had to: (1) be published after 1990; (2) 
be publicly available (3) address impact of computer technology (e.g., CBI, CMC, simulations) on achievements 
(i.e., academic performance) and/or attitudes (i.e., learning satisfaction); (4) employ experimental (RCT) quasi-
experimental research design; (5) be conducted in post-secondary settings; (6) contain sufficient for effect size 
extraction statistical information. 

Two researchers independently reviewed each study, discussed and resolved disagreements, documented 
initial agreement rates, extracted effect size and coded study features. Of particular interest for both the original and 
the current study, were: intervention strength (i.e., differential amount of technology use), patterns of interactions 
(i.e., student-student, student-teacher, and student-content), and major purpose of technology use (e.g., cognitive 
support vs. content presentation). 

The amount of technology (operationalized as either more advanced multifunctional technological tools, 
larger number of tools and applications or their longer, more intensive use) differentiated experimental and control 
conditions. Experimental conditions were more technology-saturated in contrast with less technology-saturated 
control conditions. For more details on the rationale behind decisions on the levels of technology use, please, see 
Schmid et al. (2014).  

Achievement Outcomes 

The original study’s main focus was on achievement outcomes, by far the most frequent outcome category. 
It included all types of objective measures of academic performance (learning success), from standardized 
achievement tests to course final exams. When neither of these cumulative measures was available, composites 
reported by the authors (e.g., course grades) or several complementary measures (e.g., a consecutive series of 
complementary projects or assignments) were used. 



Attitudinal Outcomes 

This outcome category included all types of measures of course satisfaction and/or enjoyment, interest in 
opposition to dissatisfaction/displeasure/boredom. There was no restriction on the assessment tools’ psychometric 
quality, so that all types of self-reports (including even single-item feedback on satisfaction) were retained for 
analyses. At the same time, the study focused exclusively on attitudes towards the learning experience. Therefore, 
measures of attitude towards subject mater, specific technology, satisfaction with teachers’ accessibility, evaluation 
of difficulty of homework, in-class assignments, etc., were excluded. Among the most frequently used items 
(administered to students individually or as a part of various multifaceted post-course surveys) were statements like: 

• I learned a great deal from this course; 
• My learning experiences in the course were rewarding/enjoyable; 
• I would recommend a course like this to a friend (a fellow student). 

Statistical Procedures 

Effect size extraction and aggregation for both outcome types were carried out by standards for 
intervention-based experimental studies and included effect size calculation (Cohen’s d), converted to Hedges’ g 
(small sample-size correction), and aggregation of weighted (by inversed variance) effects according to the random 
effects analytical model (Borenstein, Hedges, Higgins, & Rothstein, 2010). All analyses in Authors (2014) were 
performed in Comprehensive Meta-Analysis 2.2.048 (CMA, Borenstein, Hedges, Higgins, & Rothstein, 2008).   

Current Study 

 The main objective of the current study, however, was not the aggregation of effect sizes of either type, but 
instead the exploration of their relationships when based on the same intervention for the same sample of students. 
To that end, we selected studies that reported both achievement and attitude data and ran a series of correlation and 
cross-tab analyses to address the following research questions: 
 

(1) What is the degree of association between learning achievement and satisfaction, expressed in their 
respective effect sizes?  

(2) How consistent or variable is this association?   
(3) What instructional conditions explain variability in correlations between respective achievement and 

attitude effect sizes? 
 

Out of the entire collection of 879 achievement and 181 attitudinal outcomes in the original meta-analysis 
(Schmid et al., 2014), 143 pair-matched effects (i.e., effect sizes of both types derived from the same samples 
exposed to the same instructional intervention) were identified and subjected to further analyses to explore patterns 
(i.e., direction and strength) of relationships among them. Statistical analyses in the current study were carried out 
using both CMA 2.2.048 and SPSS 22.0.0.0. 
  



Results 

Schmid et al. (2014) Results Overview 

The final collection included 879 achievement and 181 attitude effect sizes. The weighted average effect 
sizes (random model) in these categories respectively were: g = 0.27, p < .05 and g = 0.21, p < .05 (both 
significantly heterogeneous). The current study went beyond a typical meta-analytical approach to explore the 
direction and strength of association between satisfaction with learning experiences and actual learning. 

Current Study Results 

Aggregated effect sizes for the matched pairs of achievement and attitude outcomes are presented in Table 
1 (both point estimates are significantly heterogeneous).  

Table 1 
Weighted Average Effect size (random effects model) for the Pair-Matched Collection of Achievement and Attitude 

Population Estimates k  SE Lower 95th CI Upper 95th CI 

Achievement Outcomes 143 0.192* 0.04 0.11 0.28 

Attitudinal Outcomes 143 0.186* 0.04 0.10 0.27 
* p < .01 

 
 The correlation between pair-matched achievement and attitudinal effect sizes was positive and significant: 
unweight Pearson’s r = 0.299 (p < .01) and weighted by the pooled inversed variance r = 0.393 (p < .001). However, 
two very distinct data clusters emerged. The congruent cluster contained effect sizes of the same valence: positive 
effect sizes for achievement data coupled with the corresponding positive attitudinal effect sizes, as well as negative 
with negative ones. The incongruent cluster was composed of positive attitude effects in combination with negative 
achievement effects and vice versa. 

Six matched pairs contained a zero-effect (i.e., no difference between experimental and control conditions) 
for either or both outcome types, making their categorization too arbitrary. These pairs were dropped from further 
analyses leaving the cluster compositions shown in Table 2. It is evident that congruent relationships between 
achievement and attitude effect sizes are more typical (or incongruent are less likely) across studies in this meta-
analysis (χ2 = 5.40, p = .020). 

Table 2 
Frequency Count of Matched Pairs of Effect Sizes by Clusters and Sub-clusters of Correlation 
Cluster Frequency Count 

Congruent PP NN Total per cluster 
71 23 94 

Incongruent PN NP  
24 19 43 

PP: Positive Achievement ES – Positive Attitude ES 
NN: Negative Achievement ES – Negative Attitude ES 
PN: Positive Achievement ES – Negative Attitude ES 
NP: Negative Attitude ES – Positive Achievement ES  

Correlations between achievement and attitude outcomes for congruent and incongruent clusters were: r = 
0.674 (p < .01) and r = –0.631 (p < .01), respectively. Correlations among sub-clusters are summarized in Table 3. 

 
Table 3 
Cross-correlation Matrix for Sub-clusters of Pair-Matched Achievement and Attitude Effect Sizes 
 
 

PP 
(k = 71) 

NN 
(k = 23) 

PN 
(k = 24) 

NP 
(k = 19) 

Correlation between 
Achievement & Attitudes 0.360** 0.487* –0.388 0.165 

* p < .05; ** p < .01     

g



 
Apparent differences among clusters and their sub-categories exist in meta-analytical findings as well. 

They are summarized in Tables 4 and 5.  
 

Table 4 
Weighted Average Achievement Effect Size (mixed model) by Sub-clusters  

Sub-clusters K  Lower 95th Upper 95th  

Positive-Positive 71 0.469 0.37 0.57  
Negative-Negative 23 –0.350 –0.47 –0.23  
Positive-Negative 24 0.337 0.19 0.48  
Negative-Positive 19 -0359 –0.52 –0.20  

 
Table 5 
Weighted Average Attitude Effect Size (mixed model) by Sub-clusters  

Sub-clusters K  Lower 95th Upper 95th  

Positive-Positive 71 0.510 0.41 0.61  
Negative-Negative 23 –0.363 –0.47 –0.26  
Positive-Negative 24 –0359 –0.50 –0.22  
Negative-Positive 19 0.348 0.22 0.47  

 
For now, three moderator variables have been tested to determine if their levels are distributed across 

clusters of effect sizes proportionally: (1) treatment strength; (2) major function of technology use; and (3) subject 
matter. Only one cross-tab analysis (Table 6) was significant. The proportion of STEM (Science, Technology, 
Engineering, Math) subjects in comparison with non-STEM subjects in the incongruent cluster is lower (χ2 = 4.11, p 
= .043) than would be expected by chance. In other words, achievement and attitude effect sizes are less likely to 
disagree (i.e., to go in opposite directions) when educational technology supports instruction in this set of 
disciplines. 
 
Table 6 
Distribution of Effects Sizes across Clusters and Chi-Square Analysis 

Cluster  Subject Matter  
Non-STEM STEM Total 

Congruent Cluster 54 39 93 
Incongruent Cluster 32 10 42 
Total 86 49 135* 
*Two studies with unclearly categorized subject matter were removed 

 

Four Examples of Studies in the Incongruent Cluster  

Example 1. In a study by Delialioglu and Yildirim (2008), hybrid web-supported instruction based on a 
MOLTA (Model for Learning and Teaching Activities) was compared to traditional face-to-face instruction in 
Computer Networks and Communications. The treatment for the experimental group was self-paced with the 
emphasis on carefully designed web-based content and activities, largely replacing regular lecture exposure. While 
still featuring some amount of classroom discussions and group work, the experimental condition included web-
based multimedia materials, web browsing, cognitive web tools and quizzes. The effect size for the achievement 
outcomes (ANCOVA adjusted knowledge retention post-test scores) was positive (g = 0.34) reflecting higher 
learning success of the experimental group in comparison with the traditional lecture-based control group. However, 
the attitude (i.e., course overall satisfaction) effect size was negative (g = –0.20). Students in the hybrid condition 
liked their learning experience somewhat less than their control counterparts. 

g

g



Example 2. High-magnitude positive achievement effect of elaborative feedback in comparison with the no 
feedback instructional condition (g = 2.02) in cooperative computer-based instructional module in weight training 
was observed in combination with the negative effect for the course attitudes (g = –0.77) for the sub-group with low 
level of prior knowledge (Huang, 1995). A similar pattern existed in the subgroup of high performers, but its 
achievement effect size was identified as an outlier (over 3.5 SD) and this pair of effects was excluded from further 
analyses in both the original and current studies. The declared purpose of the immediate elaborative feedback was to 
help novice university students develop basic cognitive foundation in weight training by offering computer-
generated clarification questions and practice tests. Students working in randomly assigned pairs seemed to benefit 
from this form of a feedback, while their course ratings were substantially lower than ratings produced by their 
counterparts in the no feedback instructional condition.  
 Example 3. Maag (2004) reported the results of a study that compared an interactive multimedia learning 
tool with textbook-based Math instruction for undergraduate nursing students. In the experimental instructional 
treatment condition students watched three multimedia modules (containing text, images, animations, and interactive 
review elements that required example problem solving) presented on interlinked web pages, whereas students in the 
control condition relied solely on a 24-page long text-based tutorial (also divided into three thematic modules). The 
content of these modules in both conditions covered the review of related mathematical structures, apothecary 
metrics and measurements, and medication dosage calculations. The achievement effect size was negative (g = –
0.41), i.e., markedly in favour of independent text-based practice. On the other hand, nursing students exposed to the 
web-based multimedia practice liked their learning experience noticeably more than the control students did (g = 
0.30). 
 Example 4. A computer-based radiology simulator as a major learning tool for students in an experimental 
condition was compared to conventional case study by Towbin, Patterson, and Chang (2007). The tool database 
contained anonymized typical cases from the hospital picture archive and communication system. For each case to 
study the simulator provided students with access to pop-up windows of the patient history and related images and 
collected students’ notes about the case in a special findings box, and then switched to the mode in which students 
could compare their impressions with the professional opinions of the specialists who handled the case. After that 
the students could either finalize their verdict on the case or choose the option of revisiting it. Simulator-generated 
performance report then summarized students’ strong and weak points of their respective case reviews. Control 
group students worked on their cases without the simulator and achieved higher performance scores, as indicated by 
the corresponding negative effect size (g = –0.69). The attitude effect size was, however, in favour of the 
experimental group (g = 0.38). 

These just are four examples of both patterns of results within the incongruent cluster. Reversed 
relationships between achievement and attitude effect sizes are present across studies encompassing different subject 
matters, degrees of technology saturation, publication dates, etc.  

 

Discussion 

This study investigated the relationships between attitudes toward instructional interventions and learning 
achievement from them, using data from a meta-analysis of technology implementation in higher education 
(Authors, 2014). Meta-analytical approach is not completely new in addressing this problem, as previous meta-
analyses have investigated relationships between liking and learning in disciplinary areas (e.g., mathematics, Ma & 
Kishor, 1997; science, Willson, 1983), and for specific range of emotional responses to learning (e.g., boredom, Tze, 
Daniels, & Klassen, 2016). This investigation analyzes pair-matched achievement and attitude effect sizes. As 
previously stated, we did not distinguish among specific categories of attitudes about learning experiences 
(emotional/motivational states), reflecting in that respect the all-encompassing approach most prevalent in the 
reviewed literature. 

While the overall correlation was modest (r = 0.299, p < .05), two distinct clusters, representing congruent 
and incongruent relationships produced considerably higher correlations, (r = 0.674, p < .01 and r = –0.631, p < 
.05), respectively. Though no causal interpretation regarding the relationship between liking and learning can be 
drawn from this study, it does demonstrate that equally strong but opposite relationships between the two variables 
exist and call for investigating reasons behind them. Chi-square analysis of the two clusters split by three pertinent 
study features found disproportionate frequencies across STEM and non-STEM courses. STEM courses were 
significantly more likely to have more congruent than incongruent frequencies. 



Examples of studies in the incongruent cluster offered some inconclusive but interesting observations. One 
of the most important is that the degree of technology saturation is unlikely to explain inconsistencies between 
achievement and attitude effect sizes. Our collection of studies with incongruent pairs of effect sizes contains all 
levels of treatment strength (degree of technology use).  

Another interesting observation is that, somewhat contrary to the hypothesis based on the “novelty” effect, 
more traditional (i.e., more familiar to students) educational environments and means of instruction tend to produce 
positive effects for satisfaction measures when pitched against more sophisticated (but also more challenging and 
demanding) technology-enhanced learning settings, even if the latter promote better achievement outcomes.  Also, 
no specific pattern in relating incongruent pairs of effect sizes to study publication dates is detected. However, with 
further developments in educational technology that becomes increasingly more complex, multifunctional, mobile 
and interactive, different regularities may emerge and should become the subject of the upcoming research. Not all 
substantive study features that are potentially capable of explaining different dynamics of paired achievement and 
attitude effect sized were coded in the original meta-analysis. With this collection becoming dated, we see no reason 
for revisiting studies in it for more detailed coding of moderator variables. Instead, we apply additional coding 
related to training for (experience with) educational technology for both teachers and students in more recent meta-
analysis of learner-centered instructional practices (e.g., Borokhovski, Bernard, Tamim, Abrami, & Schmid, 2015).   

Our findings represent just the first step in exploring under what instructional conditions learning 
satisfaction and achievement do not necessarily agree. More in-depth exploration, including qualitative methods, 
should be carried out to achieve a better understanding of when and why learners’ outcomes of achievement and 
attitude correlate positively or go in opposite directions. 
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