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Abstract: This study examined the effect of prior knowledge on students’ gaze behavior while 

studying in a video-based learning environment. A total of 23 participants took part in a lesson 

about electric circuits. Their learning was accompanied by visual cues that served as written 

explanations in boxes with arrows. The results showed (1) differences in cue utilization and the 

amount of visual attention on cued parts depending on different levels of prior knowledge, and 

(2) varying gaze patterns between experts and novices. Although both prior knowledge groups 

made use of the visual cues, they probably had different functions for them. In light of these 

variations, recommendations as a result are made for complex video-based learning that is 

accompanied by visual cues.  
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Introduction 
Computer-based learning environments have become an important educational element. Digital instruction is on 

the rise, and in some cases is even replacing conventional schooling. This technology offers various multimedia 

learning opportunities that combine text and pictures (Mayer, 2014).  

Combinations of external representations (e.g. graphics combined with textual information) can be 

beneficial for learning (Ainsworth, 2006). When learners work for instance with complex content having high 

element interactivity (e.g. electric circuit diagrams), additional external representations (e.g. instructional cues) 

are often necessary for understanding or solving tasks (e.g. Ertl et al., 2006; Suthers & Hundhausen, 2003). 

Computer-based learning environments such as videos or animations are a useful tool for implementing different 

ways of instructional support. 

Learning with additional external support 
Instructional (e.g. verbal- or text-based) cues help organize learning material content, and can emphasize the 

relationship between content-related aspects (de Koning et al., 2009). According to the signaling or cueing 

principle (van Gog, 2014), cues also help draw learners’ attention to task-relevant information in a presentation. 

Cues furthermore help reduce visual searches within learning material (Chandler & Sweller, 1991) and guide 

learners’ information processing (de Koning et al., 2009). They also assist learners who on their own might have 

difficulty identifying essential information (Alpizar et al., 2020). 

The positive effect of cueing has been extensively examined, and is supported by several meta-analyses 

(Alpizar et al., 2020; Richter et al., 2016; Schneider et al., 2018). In particular, learners with low prior knowledge 

benefit from instructional support (e.g. Alpizar et al., 2020). Some studies (e.g. Richter et al., 2016, 2018) have 

contrastingly reported negative effects for learners with a high level of prior knowledge. This effect is known as 

the expertise reversal effect (Kalyuga, 2014) and suggests that additional aids obstruct the learning process 

because they present redundant content that is already known (Kalyuga, 2009; Kalyuga et al., 2003). In other 

words, the same information presented in multiple modalities is redundant for learners possessing high prior 

knowledge (Kalyuga, 2009), and imposes incremental processing of unnecessary materials (Kalyuga et al., 2003). 

Richter and colleagues (2018) pointed out that learners usually process both sources of information while learning 

with multimedia (i.e. text and pictures). This is supported by an instructional format where information is 

physically integrated (e.g. text is embedded within a picture) where attention does not have to be divided. Learners 

with low prior knowledge will benefit from this kind of instructional format because they do not need additional 

working memory resources for mental integration (Ayres & Sweller, 2014). In contrast, learners with high prior 

knowledge will be forced to process information that is likely to be redundant (Kalyuga et al., 1998). 
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 Prior knowledge and its effect on visual attention  
The effect of prior knowledge on visual attention is frequently discussed in multimedia research. According to 

the redundancy principle of multimedia learning, Richter et al. (2018) noticed that learners with high levels of 

expertise are unable to disregard redundant information. Other studies have however shown that skilled learners 

were in fact able to ignore irrelevant information and focus on the elements at hand (e.g. Jarodzka et al., 2010).  

According to the information-reduction hypothesis by Haider and Frensch (1999, p. 172), learners with a higher 

level of expertise are able “to become selective in their use of information, that is, to distinguish between task-

relevant and task-redundant information.” The authors pointed out that “redundant information is perceptually 

ignored whenever this is possible” (p. 188). This information-reduction process consists of two steps. First, 

learners basically identify task-relevant and task-redundant information. Second, they actively select and process 

task-relevant information, while neglecting unnecessary information thanks to strategic considerations based on 

practice.  

As seen here, prior knowledge affects visual attention. In their meta-analysis, Gegenfurtner and 

colleagues (2011) examined different levels of prior knowledge and its effect on the visual attention of learners 

working with visual representations. For instance, they found that learners with a higher level of expertise 

experienced longer fixation durations on relevant areas, and expressed longer saccades. Similarly, in the domain 

of natural science, when working with external visual representations, novices relied more than experts on 

different visual features of the representations to guide their understanding (e.g. Lowe, 2003). Some of these 

findings were obtained using eye-tracking technology.  

Eye-tracking to understand visual attention in learning 
Eye-tracking has in recent years become an important tool for analyzing learning processes in educational science 

(Jarodzka et al., 2017). This technology provides information about learners’ perceptions and interests in visual 

stimuli (Duchowski, 2003). Eye-tracking is furthermore used to optimize multimedia learning environments. 

Numerous studies have analyzed the visual attention determined by eye-tracking technology to understand 

cognitive processes such as selecting, organizing, and integrating while learning with multimedia (see Alemdag 

& Cagiltay, 2018 for an overview).  

Key types of eye-movement measures included fixations and saccades (van Gog & Jarodzka, 2013). 

These are gathered on temporal, spatial, and count scales, and serve as reliable indicators of cognitive learning 

processes (Lai et al., 2013). Fixation duration and fixation counts generally display the amount of attention 

allocated to visual representations (Scheiter & Eitel, 2017). Longer fixation durations can report the depth of 

processing (Rayner, 1998), whereas a higher number of fixations can represent a measure of processing intensity 

(Glaser & Schwan, 2015). Saccades show learners’ perceptual transitions between different external 

representations, and reveal the integration process (Scheiter & Eitel, 2017). Scan paths quantitatively allow 

successive fixation positions to be examined, and demonstrate attention sequences. So, these kinds of gaze 

parameters can provide insight into learning behavior, most notably while learning with visual cues.  

Research questions 
Generally positive effects of cueing on learning outcomes have been determined (e.g. Richter et al., 2016; 

Schneider et al., 2018). Based on these findings, our research interest is not on learning outcomes per se, but 

instead on further investigating the learning behavior of persons with different levels of prior knowledge as they 

learn with visual cues. Alemdag and Cagiltay (2018) in their study incorporated qualitative analyses obtained 

from measurements of scan paths. The present research contributes to understanding individual learning behavior 

while dealing with visual cues, and also aims to optimize computer-based learning environments. This study will 

additionally contribute to qualitative research on scan paths. 
 

RQ1: To what extent do people with high and low prior knowledge differ in their use of visual cues? 

Learners with low prior knowledge are likely to revisit visual cues more often than learners with high 

prior knowledge because they experience the cues as helpful in learning more effectively (cf. the signaling 

or cueing principle). Learners with high prior knowledge in turn might experience some of the cues as 

redundant, and as a result revisit the visual cues less frequently (cf. the redundancy effect). 

RQ2: To what extent do people with high and low prior knowledge differ in their visual attention to the cued 

parts?  

Learners with high prior knowledge are able to devote more attention to cued four electric circuits than 

learners with low prior knowledge (e.g. Jarodzka et al., 2010).  

RQ3: What differences occur in the gaze pattern of learners with high prior knowledge and low cue utilization 

(experts) compared to learners with low prior knowledge and high cue utilization (novices)? 
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 According to the information reduction hypothesis (Haider & Frensch, 1999), learners with high prior knowledge 

and low cue utilization are more selective in their information processing, and differentiate between task-relevant 

and task-redundant information.  

Method  
The data in this study was collected as part of a larger experiment (Ertl et al., 2020). Based on our research interest, 

we only focused on specific variables to investigate the role of prior knowledge during studying with visual cues 

in a complex physics learning environment. Twenty-three students from a German university participated in the 

computer-based experiment. The six female and 17 male participants were between 20 and 30 years old, and had 

a mean age of 22.34 (SD = 2.55). The participation was voluntary and rewarded with a €10.00 voucher or one 

course credit. 

Procedure 
Participants were tested during an individual session by a professional examiner. Before starting, every participant 

generated a personal code and completed a survey including their age and gender. The session lasted about sixty 

minutes and included both a pre- and post-test.  

Prior to the experiment, participants were asked about their task-specific prior knowledge regarding the 

components of electrical circuits. This was followed by two learning phases: First, the participants refreshed their 

knowledge about electrical circuit symbols (e.g. switch or light source) with the help of illustrations. Second, they 

watched eight time-limited videos consisting of a task and four electrical circuits each. Some tasks added an 

additional electrical circuit (i.e. reference circuit) which was also accompanied by cues (i.e. reference cues). In 

this phase, participants applied physical concepts (application tasks) or a given electrical circuit (i.e. reference 

circuit) to identify an equivalent electrical circuit (comparison tasks). They obtained system-paced cues as external 

representational guidance in the learning material. These were presented as on-screen texts in boxes. The text 

boxes had arrows pointing to the corresponding object being explained (see Figure 1). The cues introduced the 

components of each electric circuit presented and their types of connections (serial vs. parallel).  

Eye-tracking data was collected during the second phase of learning by using the SMI RED eye-tracker. 

Learners sat in front of a notebook with a 15” screen at a distance of about 60 cm. Their eye movements were 

recorded contact-free with a calibrated infrared sensor placed on the notebook. The participants then completed a 

test consisting of recall and transfer tasks.  

Measures  
Prior knowledge (pre-test) was scored on six self-constructed items (Cronbach’s α = .87). Elements of the electric 

circuits presented later were shown, and participants were asked to identify them. All six prior knowledge items 

were added to obtain a score between 0 to 6 points, indicating their overall prior knowledge of electric circuits. 

We then divided the participants into groups: low prior knowledge (between 0 and 3 points; 10 participants) and 

high prior knowledge (between 4 and 6 points; 13 participants).  

Cue utilization (Eye movement measure) was operationalized as revisits to visual cues in the second 

learning phase. Revisits indicated how many times participants re-fixated on visual cues when they needed 

additional information. A revisit was counted when a fixation landed on the area of interest (AOI). To measure 

cue utilization, we first pre-defined an AOI for each cue of the eight learning tasks. Afterwards, we summed up 

all revisits to the overall 51 cues (Cronbach’s α = .92).  

Visual attention (Eye movement measure) was measured during the second learning phase. We used a 

mixed-method approach to examine the attention allocation to the cued parts. Quantitatively, the distribution of 

visual attention over all cued electric circuits was expressed by the average fixation duration (Cronbach’s α = 
.87). First, eight AOIs were pre-defined, which consisted of the four circuits per task. The total number of fixations 

and the fixation time on each AOI were then calculated. The sum of total fixation times was divided by the number 

of all fixations, which resulted in the average fixation duration (in milliseconds). Scan paths were quantitatively 

used to show visual attention.  

Results  
SPSS Statistics version 26 was used for all analyses, with a pre-defined α-level of .05 for inference testing. All 

preconditions for statistical analyses were additionally tested and confirmed.  

Treatment check. Figure 1 provides a scan path of a sequence of four images to show how the intervention 

was implemented. Furthermore, a qualitative analysis of all gaze behavior during the presentation of visual cues 

was conducted to examine whether the desired effect of attentional guidance was achieved. The sequence 

exemplarily shows the effect of cueing. Overall, the visual cues were utilized, guiding the learners’ core attention 

to the elements in the electrical circuits referenced in the cue. 
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(a) 

   (b)    (c) 

Figure 1. An exemplary sequence (a-c) during a presentation of a visual cue to show utilization and its effect on 

directing attention. Each panel demonstrates three seconds that confronted learners with cues. 

RQ1: Differences in visual cue utilization  
An ANOVA with high and low prior knowledge as the between-subjects factor, and number of revisits as 

dependent variable was conducted to examine the differences in cue utilization. No significant effect was found 

for the different levels of prior knowledge on cue utilization. The results merely indicated a statistical tendency 

towards lower cue utilization by high prior knowledge learners, F(1, 21) = 2.99, p = .099, ηp² = .13.  

A MANOVA was additionally conducted with high and low prior knowledge as the between-subjects 

factor and revisits of visual cues in each task as dependent variables. The results revealed consistent differences 

between learners with high and low prior knowledge on cue utilization, as shown in Figure 2. A significant effect 

of prior knowledge on cue utilization was only found in Task 5. 
 

 
Figure 2. Mean values of the revisits on visual cues for high and low prior knowledge. The second number in 

parentheses indicates the standard deviation (SD). 

RQ2: Differences in attention allocation on cued parts  
An ANOVA was conducted with high and low prior knowledge as the between-subjects factor, and average 

fixation duration as dependent variable to investigate the differences in attention allocation on the cued parts 

across the eight tasks. A significant effect of prior knowledge was found for average fixation duration on different 

tasks, which indicates higher visual attention of learners with high prior knowledge, F(1, 21)= 4.56, p = .045, ηp² 

= .18. 

In addition, a MANOVA was conducted with high and low prior knowledge as the between-subjects 

factor and the average fixation duration for each task as dependent variables. The results revealed consistent 

differences between learners with high and low prior knowledge of the cued parts, as shown in Figure 3. 

Significant effects of prior knowledge on average fixation duration were however only found for the first three 

tasks. 
 

 
Figure 3. Mean values of visual attention in milliseconds on cued parts for high and low prior knowledge. The 

second number in parentheses indicates the standard deviation (SD). 

RQ3: Differences in gaze pattern  
A qualitative analysis of scan paths was conducted to investigate the gaze pattern of learners who differ in levels 

of prior knowledge and cue utilization. First, we split students based on their cue utilization into three groups 
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 using terciles. To analyze gaze patterns, we exemplarily selected one typical gaze pattern from learners of the 

lower and upper third (see Figures 4-5) as representatives of high and low cue utilization. We then analyzed ten-

second sequences of their gaze patterns during two types of tasks: application tasks applying physical concepts, 

and comparison tasks using an additionally provided electrical circuit. 

Application task. The focus on the learner with high cue utilization and low prior knowledge (Panels 1a-

1c) was more directed to the cues and electrical circuits being described. Here the learner repeatedly jumped back 

to the cue presented, as indicated by vertical saccades between the visual cue and cued elements (Panels 1a-1c, 

A). In addition, the learner also jumped back to a cue which had already been presented (Panel 1c, B).  

In comparison, the gaze behavior of the learner with low cue utilization and high prior knowledge (Panels 

2a-2c) was initially scattered. First, the learner scanned all presented circuits and compared them with each other 

(Panels 2a-2b, C), as indicated by horizontal saccades between the four electric circuits. Later on, the learner 

fixated on the visual cue and did not frequently or repeatedly jump back to the cue presented (Panel 2c, D). 
 

 
  (1a)    (1b)    (1c) 

 
  (2a)    (2b)    (2c) 

Figure 4. Ten-second sequences of gaze behavior during an application task. Panels 1a-1c show a common gaze 

pattern of a learner with high cue utilization and low prior knowledge. Panels 2a-2c show a common gaze 

pattern of a learner with low cue utilization and high prior knowledge. 

 

Comparison task. Two cues were sequentially provided in Panels 3a and 4a over a span of ten seconds, i.e. the 

second part of the reference cue on the left (3a, E) and the first part of the cue to circuit (3a, F). In general, the 

focus of the learner with high cue utilization and low prior knowledge (Panels 3a-3c) was directed more to the 

cues as well as the electrical circuits being described. The learner also jumped back to the reference cue on the 

right, which had already been presented (Panel 3a, G). Furthermore, the learner repeatedly jumped back to the 

cue presented (e.g. Panels 3b-3c, H), as indicated by vertical saccades between the visual cue and the physics 

elements. 

In comparison, the gaze behavior of the learner with low cue utilization and high prior knowledge (Panels 

4a-4c) was initially scattered. Here the learner scanned all four presented circuits and compared them with each 

other (note the forward and backward jumps between the electric circuits, regardless of the cue being discussed 

(4a, I)). Later on, the learner also fixated on the visual cue, but did not often jump back to the cue presented (4b-

4c, J). 
 

 
  (3a)    (3b)    (3c) 

 
  (4a)    (4b)    (4c) 
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 Figure 5. Ten-second sequences of gaze behavior during a comparison task. Panels 3a-3c show a common gaze 

pattern of a learner with a high cue utilization and low prior knowledge. Panels 4a-4c show a common gaze 

pattern of a learner with a low cue utilization and high prior knowledge. 

General discussion 
This study aimed to identify effects of prior knowledge on learning behavior while dealing with visual cues in a 

video-based learning environment of electric circuits. Although we found consistent differences between prior 

knowledge groups across the eight tasks, there was no significant difference between high and low prior 

knowledge learners with regard to their use of visual cues, even though there was a significant difference of 

average fixation duration on the cued parts. In addition, a distinct influence of prior knowledge on gaze behavior 

in perceiving two different types of tasks was qualitatively found.  

According to the cueing or signaling principle (van Gog, 2014) and the redundancy effect (Kalyuga, 

2009), we assumed that learners with low prior knowledge would be more likely to revisit visual cues than high 

prior knowledge learners. The consistent differences over all eight tasks between the groups may suggest that 

learners with low prior knowledge need more instructional guidance when dealing with schematic diagrams such 

as electrical circuits, whereas visual cues could be redundant for some high prior knowledge learners. Hegarty 

and colleagues (1991) stated that learners generally have difficulties interpreting schematic diagrams. This 

phenomenon might explain why it was difficult to find a significant difference in cue utilization between the two 

groups. 

Furthermore, we could support our hypothesis that high prior knowledge learners were better able to 

devote their attention to the cued parts than low prior knowledge learners (Jarodzka et al., 2010). Our assumption 

was that learners with high prior knowledge would not lack information given in the visual cues, and could 

therefore spend more cognitive resources on active problem solving; they focused longer on the cued parts, which 

were the relevant areas for understanding the tasks. The result of longer fixation durations on the cued parts of 

learners with high prior knowledge is in line with the findings by Gegenfurtner and colleagues (2011). Our result 

is in turn closely related to our first finding of a smaller number of revisits to visual cues. A deeper focus on visual 

cues could potentially achieve a lower average fixation duration on the cued parts. When learners frequently 

revisit cues, especially in a system-paced format, study time might be lost for the cued parts, i.e. for areas relevant 

for understanding and solving the task. Thus, low prior knowledge learners in our study had less time to focus 

more deeply on the cued parts.  

According to the information-reduction hypothesis by Haider and Frensch (1999), we assumed that high 

prior knowledge learners would be more selective in their information processing, differentiating between task-

relevant and task-redundant information. Via qualitative scan paths analysis, we were able to support these 

assumptions for both types of tasks. In line with Gegenfurtner and colleagues (2011), higher expertise learners 

displayed longer saccades on the visualizations of the electrical circuits. This gaze pattern was often found at the 

beginning. They initially scanned the four electric circuits before focusing more deeply on information perhaps 

identified as task-relevant. This finding is consistent with the first step of the information-reduction process 

suggested by Haider and Frensch (1999). In the further course, learners with high prior knowledge fixed onto 

visual cues. With regard to the second step of the information-reduction process, high prior knowledge learners 

might aim to identify the visualizations of electrical circuits as redundant. This assumption appears consistent 

with previous studies (e.g. Jarodzka et al., 2010) where high prior knowledge learners were better able to ignore 

redundant elements. Their gaze pattern showed that they did not permanently try to focus on both information 

sources (i.e. cues and electrical circuits). In addition, it seems that they preferred learning with visual cues. One 

explanation for this might lie in the construction of coherent mental representations of the different electrical 

circuits. Due to their higher level of expertise, these learners are able to create the mental models they require for 

the task at hand while reading the written explanations in the cues. This assumption is supported by text processing 

research (e.g. Kintsch & van Dijk, 1978) which empirically shows that readers construct coherent mental models 

of texts (e.g. Myers et al., 1994). In addition, it might be that these learners expected new information to be 

provided they did not previously know. Perhaps they reviewed their body of knowledge and tried probably filling 

knowledge gaps while learning mostly with visual cues.  

In sum, the qualitative results showed that high prior knowledge learners as well as low prior knowledge 

learners used the visual cues. Along with the quantitative results, we can also derive from the qualitative results 

that learners with low prior knowledge needed more visual cues when learning with different electrical circuits, 

as indicated by numerous vertical saccades between the visual cues and the corresponding elements. Low prior 

knowledge learners mostly fixated on the visual cues at the beginning of the presentation, suggesting their need 

for instructional guidance.  
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 Limitations  
This study is not without limitations. Its sample size of 23 participants is rather small, providing only low statistical 

power. And small, albeit remarkable effects identified within it were not significant. Eye tracking studies are in 

fact typically conducted with a low number of participants (Gegenfurtner et al., 2011) due to the time-consuming 

generation of each participant’s eye-tracking data. They moreover require special hardware equipment and 

software, which limits the number of possible participants.  

A further limitation is the restricted analysis of eye tracking parameters to investigate cue utilization. 

Visual cues generate additional gaze behavior, a natural result of having to read written explanations. Therefore, 

we only focused on the parameter of eye movement revisits on AOI, which were not directly influenced by reading 

skills.  

Conclusion and implications  
Although both high prior knowledge learners and low prior knowledge learners alike used the visual cues in this 

study, each group applied them differently. On the basis of the mixed-method approach, and with regard to the 

different levels of prior knowledge, our findings identified two different functions of visual cues. For learners 

with low prior knowledge, visual cues offer additional support, providing lacking information and guiding learners 

through complex tasks. For learners with high prior knowledge, the information in the visual cues offers the 

opportunity to control or check their knowledge. Cues also appeared helpful for both expertise groups. We suggest 

that future research should use mixed-method approaches to gain deeper and various insights into learning 

behavior that extend beyond statistical findings.  

In terms of the different levels of expertise, practical implications for using visual cues in a computer-

based learning environment can be drawn from this study. Complex computer-based learning environments 

should be individualized to the different levels of expertise. A learning environment offering a self-paced format 

to sufficiently study the instructional support and relevant areas for understanding and solving the tasks might 

benefit low prior knowledge learners. Learners with high prior knowledge seem to prefer working with visual 

cues. Learning environments should basically offer the opportunity to display cues for high prior knowledge 

learners. More research is however needed to understand the use of visual cues for learners of high expertise. 
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